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Abstract

Vascular pathology such as atherosclerosis or arterial stiffening involves significant disruption in the
blood flow dynamics found in the vasculature, with complex behavior such as jets and swirling
typically seen in diseased vessels. Detecting and mapping complex blood flow dynamics in the
human vasculature is therefore important for monitoring disease progression and understanding the
pathology. Existing solutions for flow imaging in the clinic cannot reliably capture complex blood
flow dynamics. These solutions also suffer from limited frame rates, high operational costs and

inaccessibility for point-of-care and routine use.

To meet this need, this dissertation has devised a novel ultrasound-based imaging framework suited
for visualizing and quantifying complex blood flow in human vasculature at the bedside. This was
achieved using next-generation ultrasound technology and a novel vector flow imaging framework.
The framework utilized deep learning and parallel computing principles to achieve real-time vector
flow imaging with an expanded range of measurable velocities. The proposed framework was
realized on a programmable and mobile ultrasound scanner to support point-of-care use. Performance
of the proposed framework was validated in phantom and human experiments, including healthy and
diseased arteries. Reliable vector flow imaging was achieved at the bedside in human trials where

complex and high flow speed blood flow was imaged at the bedside.

This dissertation presents important progress towards the visualization of complex blood flow
dynamics in human vasculature at the bedside and the translation of advanced ultrasound imaging
technologies to the clinic. By providing a reliable implementation of vector flow imaging at the
bedside, the presented framework should facilitate more comprehensive and large-scale human
studies into the hemodynamics of healthy and pathological vasculature. This work also showcases the
novel applications of deep learning and parallel computing principles to ultrasound flow imaging,

thereby contributing new strategies to the field.
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Chapter 1

Introduction

1.1 Motivation

Mapping the complex blood dynamics found in human arteries is crucial for assessing cardiovascular
health (Steinman & Taylor, 2005) and understanding the physiology of the circulatory system
(Younis et al., 2004). For example, blood flow dynamics are significantly altered in conditions of
vascular stenosis (Thiriet, Delfour, & Garon, 2015): where the lumen of the vessel is narrowed
leading to high flow speeds (1-3 m/s or more) and turbulence. Detecting and quantifying disturbed
flow dynamics and high velocities is important for assessing the severity of disease and predicting the

risk for morbid events such as stroke (Grant et al., 2003; von Reutern et al., 2012).

In the clinic, the modality of choice for assessing flow in vivo is ultrasound imaging (Oglat et al.,
2018) due to the accessibility and safety of the modality but the existing commercial tools fail to
capture complex and transient blood flow dynamics (Gill, 1985). That is because the tools found in
the clinic today cannot simultaneously capture flow speed and direction for the entire imaging view
and suffer from low temporal resolution. Moreover, measurements made using conventional scanners
are subject to significant inter-operator variability (Lui, Steinman, Cobbold, & Johnston, 2005), with
errors in flow speed estimation reaching 30% in some scenarios (Hoskins, 2011). There is a number
of recent innovations in ultrasound flow imaging that aim to address some of these shortcomings
individually (Jensen, J. A., Nikolov, Yu, & Garcia, 2016a; Jensen, J. A., Nikolov, Yu, & Garcia,
2016b), but a reliable implementation tailored for complex blood mapping has yet to be realized at the
bedside. One recurring downside of implementations found in the literature is a limited velocity range
that can be imaged (Goddi et al., 2017; Hansen et al., 2019), which makes these techniques unsuited
for pathological scenarios such as vascular stenosis. It is also important that ultrasound flow imaging

can be achieved at the bedside for point-of-care and routine applications (Moore & Copel, 2011).

1.2 Objectives

The objective of this thesis is to devise an ultrasound-based framework for the in vivo vector flow
mapping of complex and transient blood flow dynamics in human arteries at the bedside. This

framework needs to meet the following criteria:
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Wide range of measurable velocities suited for physiological flow. Velocities in
pathological situations can range from <5 cm/s to 1 m/s or even more in high stenosis
conditions (Thiriet et al., 2015). Capturing a wide range of velocities is important to ensure the

utility of the framework across a range of applications.

Mapped at high frame rates to capture transient dynamics (> 1000 fps). Flow phenomena
that are interesting for cardiovascular health, such as jets and vortices, may only exist for a
fraction of the cardiac cycle (Ha, Choi, Park, & Lee, 2015; Hansen, Udesen, Gran, Jensen, &
Nielsen, 2009; Steinman & Taylor, 2005; Younis et al., 2004), therefore high frame rates are

necessary.

Real-time playback of the vector flow information (>20 fps playback) for point-of-care
application. It is important that hemodynamic assessment can be done at the bedside and
provide feedback immediately for practical and efficient screening applications (Moore &

Copel, 2011).

1.3 Hypothesized Solution

An ultrasound framework for high frame rate (>1000 fps) vector flow mapping, capable of measuring

a suitable range of velocities for physiological flow and a playback frame rate of at least 20 fps, can

be realized on a programmable ultrasound scanner for use at the bedside with the following strategy:

1.

Train a deep learning model to detect flow estimation errors stemming from high velocities

(Figure 1.1a).

Utilize parallel computing for high throughput correction of high-velocity errors detected by
the deep learning model (Figure 1.1Db).

Devise a robust velocity estimator by integrating the deep learning model and the correction
algorithm to achieve a high throughput velocity estimator with an expanded velocity range

(Figure 1.1c).
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4. Realize a real-time ultrasound flow imaging framework utilizing the robust velocity estimator

on the programmable scanner for bedside use (Figure 1.1d).
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Figure 1.1. a) A neural network is trained to detect flow errors due to high velocities in ultrasound flow imaging. b) A
robust velocity estimator that corrects flow errors is realized in a GPU-accelerated pipeline. ¢) An integrated estimator is
devised to achieve robust velocity estimation with high processing throughput. d) A programmable scanner is configured
for reliable error-free vector flow imaging. An output sample of the framework is shown on the carotid bifurcation
showcasing B-mode for structure and vector flow map + speckle for flow dynamic visualization.

.4 Thesis Outline

Chapter 2 details the underlying principles of this thesis for ultrasound flow imaging, current

state-of-the-art techniques and their limitations.

e Chapter 3 describes the experimental work done towards training and evaluating a deep
learning model for flow error detection in the existing and popular ultrasound modality, color

flow imaging.
o Chapter 4 presents a GPU-accelerated pipeline for robust velocity estimation.

o Chapter 5 describes the integration of the deep learning principles for error detection with the

GPU accelerated pipeline to achieve a robust high throughput velocity estimator.

e Chapter 6 describes how the flow estimator is realized in a vector flow imaging framework on

a programmable ultrasound scanner at the bedside.

e Chapter 7 integrates the contributions of this thesis and discusses future directions.
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Chapter 2
Ultrasound Flow Imaging, State-of-the-Art and Limitations

This chapter provides a brief overview of ultrasound flow imaging, the operating principles behind
basic and relevant state-of-the-art techniques, and the limitations of those techniques. The chapter

finally identifies a potential application for the proposed framework.

2.1 Ultrasound Imaging as a Tool for In Vivo Blood Flow Estimation

Ultrasound is currently the go-to tool for blood flow imaging (Bierig & Jones, 2009). Alternative
techniques for flow imaging exist but are often inferior in a number of aspects. Magnetic resonance
imaging (MRI) can be used to estimate flow speed with high spatial resolution, but the modality is
expensive, inaccessible and has a low temporal resolution (Krishnamurthy, Cheong, & Muthupillai,
2014). Computed tomography angiography may be used to detect flow and map vessel geometry but
cannot map flow velocities throughout the vasculature (Kumamaru, Hoppel, Mather, & Rybicki,
2010) and also suffers requires ionizing radiation. Optical methods have seen some successes
(Chavez-Cartaya, Ramirez-Romero, Calne, & Jamieson, 1994), but light cannot penetrate the human
body very well and this limits the modality to very superficial applications. In all, ultrasound has a

clear advantage for non-invasive, accessible imaging of blood flow at the bedside.

A) B) C)

Transmitted Received
Transducer Pulse Signal

Tissue ___%i _____ T>_ -

B-mode Image

Figure 2.1. a) Ultrasound imaging is done by placing the ultrasound transducer on the vessel being examined underneath
the skin. b) Ultrasound pulses are sent periodically. After each pulse, the transducer receives the ultrasound reflections
from any scatterers or boundaries. ¢) The received signal can be processed to form the B-mode image to indicate structure.

Ultrasound imaging is done using a pulsed-echo sensing mechanism (Cobbold, 2007) where a
series of ultrasound pulses are emitted using an ultrasound transducer into the medium (Figure 2.1a).

These are subsequentially reflected by tissue boundaries or scatterers (ex: blood cells) and then
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received by the transducer at the surface (Figure 2.1b). They arrive delayed according to the depth of
the scatterer from which they originate. An ultrasound scanner typically insonifies a region of interest
and receives the reflected pulses from that whole region. The received data is filtered and
beamformed to form an image that depicts the received reflections at each location in the region after
interference. Following envelope detection and log compression, an image of the tissue structure
known as Brightness-mode Image (B-mode) can be formed (Lu, J., Zou, & Greenleaf, 1994). An
example B-mode image is shown in Figure 2.1c. Blood has lower echogenicity than tissue and thus
the lumens of vessels typically appear as dark regions relative to the brighter tissue. B-mode is used
to examine the structures of the body noninvasively, including blood vessels (von Reutern et al.,

2012) and organs (Sorensen et al., 2013).

2.1.1 Motion Estimation in Current Ultrasound Scanners.

Current ultrasound scanners in the clinic can only indicate motion in the direction of the ultrasound
beam. This is done by tracking ultrasound reflections that originate from scatterers in the region of
interest across different pulses. To estimate axial motion from the received signals, two approaches
are available: time-domain methods (Hein & O'Brien, 1993) or phase-domain methods (Merritt,
1987). In time-domain methods, the received signals in a neighborhood around the location of interest
are cross-correlated across two consecutive pulses. Using the pulse repetition frequency (PRF), fprr,
the speed of the scatterers at that location can be calculated. To illustrate this principle in its simplest
form, consider a moving scatterer, for example a blood cell, originally at depth z,, moving with speed

v relative to the transducer, depicted in Figure 2.2. The beamformed signals on the transducer along

. . . 1 . .
the line of interest at time instances ¢, and 7, + At where At = — are shown along with their cross-
JPRF

correlation function R(x) where x is the sample number in each received signal. It is evident that the
cross-correlation will peak at the displacement of the scatterer, which can then be used to calculate
the speed at that region relative to the transducer (axial). Correlation-based methods ideally have no
limit on maximum measurable speed. In practice, however, high-speed scatterers tend to move out of
the imaging plane and the formed speckle patterns decorrelate (Jensen, J. A., 1993). As such, there is

a limit on the maximum measurable axial speed using time-domain methods (Cobbold, 2007):

y prE 2.1)

max = 2
where W is the beamwidth.
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Figure 2.2. As the scatterer moves away from the transducer, subsequent ultrasound pulses arrive more delayed. Cross-
correlation of the received signals from two consecutive pulses can be used to estimate motion.

Axial motion can be alternatively estimated by calculating the change in phase between
consecutive pulses at the location of interest, and this is the basis of phase-domain methods.
Specifically, the change in phase between consecutive pulses at depth of interest z is linearly
proportional to the velocity v of the scatterer at an angle of 4 relative to the transducer. The phase
change per unit time is essentially a change in the frequency of the slow-time waveform, an effect
sometimes referred to as the Doppler effect (Cobbold, 2007). The frequency of the slow-time
waveform f; is therefore related to the velocity of the scatters at zo:

B 2f0vcos€

Co

’ 2.2)

where f, is the central frequency of the transmitted pulses and ¢, speed of sound. Hereinafter, I refer

to f, as the Doppler frequency.

In practice, there is typically a collection of scatterers at the location of interest whose reflections
will superimpose. Consequentially, the received signals will contain a distribution of phase changes
per frame, or in other words, a spectrum of frequencies. This spectrum at a location of interest (Figure
2.3a) is typically obtained by sampling the ensemble of G received signals at a particular depth
(Figure 2.3b) to construct a slow-time signal where the sampling rate is equal to the PRF and then
applying a short-time Fourier transform. The resulting spectrogram (Figure 2.3¢) depicts the

distribution of scatterer velocities in the location of interest and is the source of all current
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quantitative measurements of blood flow in clinical practice. This spectrographic modality is typically

referred to as pulsed Doppler.
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Figure 2.3. a) B-mode of a carotid bifurcation model with a red cross denoting a region for motion estimation. b) The
region of interest is insonified with multiple consecutive pulses Af apart. The region of interest lies on a depth zo in this
line. Following a series of transmissions, one can construct a ‘slow-time’ signal with a sampling rate of Az. ¢) The short-
time Fourier transform of the slow-time signal demonstrates the distribution of velocities across time. This spectrum, here
windowed to a single cardiac cycle, clearly demonstrates the systolic and diastolic phases and two biomarkers of interest
are highlighted: The peak systolic velocity and the spectral bandwidth. Another quantity of interest is the Nyquist limit
of the system, which denotes the maximum speed that can be imaged.

While routinely used, the pulsed Doppler modality has significant sources of error. Firstly, it is
evident from Equation (2.2) that actual flow speed can only be measured if the angle between the
beam and the flow is known. Measuring the actual maximal velocity therefore requires the
sonographer to manually estimate that angle of flow, leading to operator-dependency in the
measurements (Lui et al., 2005). Secondly, the Doppler spectrum is often contaminated by spectral
broadening that is intrinsic to the scanner and the imaging setup. As such, even a single scatterer
moving at a fixed speed may show up on the spectrum as a band with some thickness. This spectral
broadening stems from the transient time (Newhouse, Bendick, & Varner, 1976) that the scatterer is
in the beam as well as nonuniformity in the received wave at the point of interest. As the transient
time depends on the speed of the scatterer perpendicular to the transducer, spectral broadening is most
pronounced when flow is at 90° relative to the beam. Since vessels usually run parallel to the skin,
and by extension the transducer surface, spectral broadening is a significant source of error when
calculating any Doppler related indices. As a result of these issues, measurements of the indices from
pulsed Doppler can have errors reaching 30% (Hoskins, 2011), and some studies have shown
significant variance in these indices when used in assessing stenosis severity (Evans, Barrie, Asher,

Bentley, & Bell, 1980).
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While pulsed Doppler is popular in the clinic, it is limited in revealing the spatial characteristics of
flow as the sonographer can only view one region at a time. To reveal this information spatially and
to aid in the identification of the flow regions of interest, a second ultrasound mode may be used:
color flow imaging (CFI). CFI reveals the spatial flow profile every frame by presenting the central
velocity from the spectrum at each pixel encoded in blue and red colors to denote direction relative to

the transducer. The mean Doppler frequencyj’d at the region of interest can be estimated using the

Kasai estimator (Kasai, Namekawa, Koyano, & Omoto, 1985):

fPRF arg{
2n

N G-1
fa= gow [gvig +1]} (2.3)

g

where w[g] is the beamformed signal the location of interest after analytic conversion, g is the slow-
time sample index and w*[g] denotes the complex conjugate of w[g]. This estimator has been shown
to be unbiased (Sirmans & Bumgarner, 1975) and can be computed rapidly. This has made it a
cornerstone of CFI and a key factor in the real-time performance of the modality. A sample frame of
CFI superimposed on a B-mode image of the carotid is shown in Figure 2.4 on a carotid bifurcation
model. Blood mimicking fluid is moving towards the transducer in the upper branch, hence the color
red, and away from the transducer in the lower branch, hence the color blue. The faster the flow speed

relative to the transducer, the brighter the colors.

-

-25em/s

Figure 2.4. CFI of a carotid bifurcation model, showing the speed of flow relative to the transducer which in this image
would be vertically above the carotid. As such, fluid in the upper branch would be moving towards the transducer, hence
the color red. In the lower branch, blood would be moving away from the transducer, hence the color blue.
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CFl is typically not used for quantitative analysis. The measurements shown per pixel are simply
projections of the flow vectors in the direction of the ultrasound beam and thus operator-dependency
is a significant problem. This is why clinicians often return to the Doppler spectrogram for

quantification after they identify the location of interest via CFI.

2.2 Recent Motion Estimation Techniques

It is evident that current ultrasound scanners have serious limitations when imaging blood flow,
particularly in pathological conditions such as stenosis or in tortuous vasculature where flow direction
throughout the lumen can be ambiguous. The following sections will talk about state-of-the-art
techniques in ultrasound imaging that have been developed to address some of the limitations in the
current scanners and will, consequentially, will form the backbone of this thesis. As will be presented,
however, there are still serious obstacles to these techniques when adopting them for robust vector

flow imaging on the bedside.

2.2.1 Vector Flow Estimation

As described previously, current scanners only measure flow speed relative to the transducer, with
actual flow speed only attainable by assuming a certain beam-to-flow angle: a significant source of
error. To overcome this issue, the aforementioned motion estimation techniques have been extended
to derive flow in both lateral and axial directions (Jensen, J. A. et al., 2016a) in what is referred to as
vector flow imaging (VFI). Following the same classification in the single-dimensional case, vector

flow estimation techniques can also be classified as phase-based or time-based.

1) Time-based Techniques

Vector flow estimation can be derived by time-domain methods (Hein & O'Brien, 1993) that exploit
the inter-frame correlation of the reflected ultrasound signals between consecutive frames to estimate
motion, borrowing from the field of optical flow estimation in image processing. Due to the
interference of waves reflected from multiple scatterers, speckle patterns emerge. As the scatterers
move along the lumen, the speckle pattern is conserved provided imaging is done at a sufficient frame
rate and with a broad beam. Extending the time-domain techniques used in the axial case, motion
estimation can therefore be done by correlating the received speckle signals between frames in
multiple directions (Jensen, J. A. et al., 2016a; Villagdbmez Hoyos, Stuart, Hansen, Nielsen, & Jensen,
2016; Yeung, Levinson, & Parker, 1998), often by applying optical flow algorithms from the particle

image velocimetry domain (Poelma, 2016). In its simplest form, speckle tracking can be done using
34



block matching (Loizou, Pattichis, & D'hooge, 2017). After filtering the beamformed signal to
exclude tissue, the flow speckle patterns resulting from blood flow scatterers can be imaged (Yiu &
Yu, 2013). Figure 2.5 shows two consecutive frames of the speckle images obtained on the carotid
bifurcation model. For a particular region, velocity v can be derived by finding the displacement

vector d = [Ax, Ay]" of a BxB window between frame ¢ and ¢ + Az. The velocity is then given by v=
d

At

Figure 2.5. Block matching can used to track speckle motion. For each pixel of interest in the speckle image, a
neighborhood of size BxB at frame ¢ is matched in the next frame ¢ + Az. The new location of this neighborhood then
corresponds to the displacement of the speckle patterns, and consequentially the velocity.

Similar to the time-domain methods in Section 2.1.1, VFI using techniques such as speckle
tracking is not ideally limited in the maximum velocity that can be measured. In practice, however,
the quality of speckle patterns in vivo makes speckle tracking unreliable without contrast agents.
Block matching for speckle tracking has indeed been extensively studied and a variety of
implementations exist. Innovations exist in the form of adaptive kernel size and shape selection,
regularization (Jiang & Hall, 2011) and sub-pixel estimation (Céspedes, Huang, Ophir, & Spratt,
1995).

2) Phase-based Techniques
There are several phased-based techniques (Jensen, J. A., 2017; Jiang & Hall, 2011; Udesen, Nikolov,

& Jensen, 2005), but the most relevant to this thesis is the multi-angle vector Doppler estimation.
The main principle behind this is the estimation of the phase difference between consecutive

ultrasound pulses sampled at the region of interest using two or more different steering angles

(Dunmire, Beach, Labs, Plett, & Strandness, 2000; Ricci, Bassi, & Tortoli, 2014) (Figure 2.6a).
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Transducer Vector Flow Map
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Figure 2.6. a) Transmit-receive steering is used to insonify the location of interest from multiple directions. Doppler
estimation can be applied for each steering angle to yield a Doppler frequency measurement per steering angle. These can
then be combined to derive the full vector. b) If this is applied on the entire flow region, a vector flow map can be produced
to indicate both flow speed and direction throughout the lumen.

Multi-angle Doppler estimation is achieved through a repeating and alternating transmission of
ultrasound pulses with N, different unique steering angles. The data is beamformed on receive to
form the transmit-receive steering angle combinations {(61, ¢1), (62, ¢2),... (On, ¢n)}, with N denoting
the number of transmit-receive steering angle combinations. For each angle combination #, a Doppler
equation as in Equation (2.2) can be constructed with the measured normalized Doppler frequency

i, =jA(n [fppp related to the flow velocity v by:

CafPRF
7,

where v, is the axial flow speed, v, is the lateral flow speed, ¢, is the speed of sound in the medium

vy(cos 6, +cos ¢n)+ Vy (sin g, +sin ¢n) = i, (2.4)

and f, is the central frequency of the emitted pulse. At least two steering angle combinations are
necessary, but more are typically used to increase the robustness of the estimator through the use of
least squares optimization (Yiu & Yu, 2016). With all N equations, one can construct the following

system:

Av = uf,

cos @ +cosg, sinf +sing, (2.5)
A= : :
cos Oy +cosg, sinOy+sing,
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When N>2, Equation (2.5) is overdetermined and the optimal velocity candidate ¥ can be derived

using least-squared error optimization with the pseudo-inverse of A:

v=uA', AT =(ATA) AT (2.6)
This can be repeated for the entire imaging view to generate a vector flow map, shown in Figure
2.6b. Relative to speckle tracking, phase-based techniques such as multi-angle Doppler are less
sensitive to noise and can be applied without contrast. Cross-beam (2 angles) vector Doppler has been
shown to estimate the axial component of flow speed more robustly than speckle tracking via block
matching (Swillens, A., Segers, Torp, & Lovstakken, 2010). A multi-angle vector Doppler estimator
with four transmit-receive steering angle combinations was shown to achieve superior performance

relative to speckle tracking, both in accuracy and standard deviations (Ekroll, Wigen, Fadnes, &

Avdal, 2018).

2.2.2 High Frame Rate Ultrasound Imaging

Imaging frame rates of conventional ultrasound systems are insufficient to capture the complex
transient flow dynamics and how they evolve throughout the cardiac cycle (Cikes, Tong, Sutherland,
& D’hooge, 2014). The frame rate is primarily limited by the transmission strategies employed in
these scanners, usually consisting of a beamline that raster scans the imaging view to construct the
image line by line (see Figure 2.7a) (Cobbold, 2007). This is typically done to maximize the signal-
to-noise ratio, and when combined with duplex imaging modes, can yield frame rates as low as 10 per
second (Merritt, 1987). To overcome this limitation, new transmission strategies were devised that
moved away from focused emissions, where the insonified region is limited, to unfocused waves,
where the entire imaging view is insonified with one pulse. These transmission schemes support high

frame rate imaging ultrasound imaging (HiFRUS) on the order of 1000 fps (Tanter & Fink, 2014).
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Figure 2.7. Traditional ultrasound imaging is typically done using a) beamline emissions, where ultrasound is focused
along a narrow beam, which raster scans the imaging view to produce high-quality images but at a low frame rate.
Alternatively, broad waves can be used such as b) Diverging waves which spread out the further they propagate and c)
Planewaves which maintain a constant field of view throughout the depth. Using these transmission types, a much larger
section of the imaging view can be insonified at the same time, achieving high frame rates.

Specifically, two types of unfocused emissions are used: diverging (Jensen, J. A., Nikolov,
Gammelmark, & Pedersen, 2006; Nikolov & Jensen, 2002) and planar (Montaldo, Tanter, Bercoff,
Benech, & Fink, 2009). In diverging waves (Figure 2.7b), the focal point of the emission is placed
behind the transducer, such that the wave spreads around as it progresses through the tissue,
insonifying a large width with depth. Alternatively, plane waves (Figure 2.7¢) place the focal point at
an infinite distance away and thus the width of the wavefront remains consistent. Compared to
diverging waves, plane waves might insonify a smaller region but have a more consistent phase
profile that makes processing easier, which in turn makes vector flow estimation easier. In all these
techniques, SNR and resolution can be significantly improved by averaging the images from multiple
emissions, which in turn reduces the effective frame rate (Denarie et al., 2013). Ultimately, it is a

tradeoff that the sonographer or the engineer has to tune for their specific application.

HiFRUS has been crucial in making vector flow imaging practical (Jensen, J. A. et al., 2016b). For
example, speckle tracking greatly benefited of HIFRUS as insonifying the entire imaging view creates
a coherent speckle pattern that can be more reliably tracked (Joos et al., 2018). Furthermore, the
increased frame rate allows motion to be captured before significant out-of-plane motion takes place.

HiFRUS has also been integrated with vector Doppler imaging and used to visualize complex blood
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flow in bifurcations (Au et al., 2020). In all, HIFRUS is necessary to image the transient flow

dynamics present in the cardiovascular system (Hansen et al., 2009).
2.3 Aliasing in Doppler Ultrasound Flow Imaging

2.3.1 The Principles of Doppler Aliasing

The phase-domain techniques used in Doppler flow imaging are limited in the maximum velocity that
can be measured. This limitation stems from the slow-time sampling principles inherent in phase-
domain techniques and which are discussed in 2.1.1. Flow that is too fast induces a phase shift in
slow-time that exceeds the Nyquist limit determined by the PRF, resulting in aliasing errors that cause
the incorrect flow speed to be reported (Pellett, Tolar, Merwin, & Kerut, 2005). Quantitatively, the
maximum measurable flow speed can be derived by applying the maximum Nyquist limit to Equation

(2.2) to yield the following relation:

:fPRF " Co

vmax 4];) (27)

There are three scenarios where Doppler aliasing is more likely to occur in three scenarios:

1) Limited PRF due to System Constraints and Requirements

The available data transfer bandwidth and power consumption in the system dictate the maximum
frequency of pulses that can be received and transferred for processing, leading to hard limits on the
available PRF in the system (Boni, Yu, Freear, Jensen, & Tortoli, 2018; Hu, Wu, Chang, & Li, 2021;
Yiu, Walczak, Lewandowski, & Yu, 2019). Next-generation flow imaging techniques such as vector
Doppler may also require the PRF to be shared among different sequences to achieve reliable

performance (Yiu & Yu, 2016), further limiting the available PRF.

2) Reduced PRF to Capture Slow Flow Dynamics or Achieve Deeper Imaging

The PRF may be artificially lowered by the sonographer when examining slow-flow or looking for
deeper vasculature (Buklioska-Ilievska et al., 2019). As the PRF increases, the minimum detectable
velocity increases and therefore slow flow near the vessel walls or peripheral arteries may be lost in
high PRF settings. Additionally, a high PRF reduces the maximum depth that can be imaged, and
therefore deeper vasculature (ex: aorta) would require the PRF to be reduced during operation (Cikes

etal., 2014).
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3) Flow that is Fast or has a Low Beam-to-flow Angle

Blood flow speed in pathological conditions (ex: vascular stenosis in the carotid) can reach or even
exceed 1m/s in pathological conditions and would typically exceed the available v, (Nishimura et
al., 2011). Alternatively, flow in tortuous vasculature or in the ventricles may have a low beam-to-
flow angle and this leads to phase shifts in the slow-time signal exceeding the Nyquist limit (Au, Yiu,

& Yu, 2019).

2.3.2 Aliasing in Color Flow Imaging

Aliasing is a serious problem in color flow imaging when applied to tortuous geometry or
pathological vasculature. Under conditions of aliasing, the mean normalized Doppler frequency

measured 2, for CFI is phase wrapped an integer number:
Ugj=uy;+e, e==1,+£2... (2.8)

where € denotes the discrete aliasing error and uyis the true normalized mean Doppler frequency. The
impact of aliasing is that regions of fast flow are rendered with an integer error in the color
brightness, with the polarity likely flipped. An example of aliasing in CFI is shown in Figure 2.8 for
the carotid bifurcation model. Here, the systolic phase is corrupted by aliasing near the stenosed
region due to the formation of a jet with velocities that exceed viux. In tortuous geometry, aliasing can
make it difficult to interpret the flow dynamics using CFI as the combination of aliasing and changing

flow direction manifests a mosaic of colors (Goddi et al., 2017).

One of the earliest methods for removing aliasing artifacts was the extended Kasai estimator (Lai,
Torp, & Kristoffersen, 1997), where time-domain cross-correlation was used to determine the aliasing
free estimate of uy. Alternatively, staggered pulse emissions (Posada et al., 2016) have been
successfully used for aliasing-free cardiac CFI. This expanded the measurable flow speed 6 times
beyond the conventional limit but required significant modification to the transmission scheme. More
recently, a dual-wavelength strategy has been used to expand the maximum imageable velocity four
times (Porée et al., 2021). Image processing techniques were also introduced, including a supervised
fuzzy logic approach (Shahin, Ménard, & Eboueya, 2000) and an unsupervised segmentation + phase
unwrapping approach (Muth, Dort, Sebag, Blais, & Garcia, 2011). Image processing techniques have
the advantage of avoiding any system modification and can thus be applied more easily relative to
systemic techniques, but a reliable two-cycle dealiasing has yet to be demonstrated in vivo using these
techniques.
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Figure 2.8. In conditions of vascular stenosis, a jet forms with high velocities that exceed the maximum measurable
velocity of the system. This manifests as aliasing artifacts in the CFI where the fast flow regions appear to be flowing in
the opposite direction.

2.3.3 Aliasing in Vector Doppler Imaging

In multi-angle vector Doppler imaging, aliasing can occur in each of the transmit-receive steering
angles combinations. Specifically, the measured normalized Doppler frequency vector f used in
Equation (2.5) is related to the true f by the following relation:

€]

~ €
f=f+e €=]. (2.9)

N

where € is an aliasing vector where each component denotes the discrete aliasing error ¢, for the n™
Doppler equation in Equation (2.5). When least squares velocity estimation is applied such as in
Equation (2.6), the resulting velocity estimate is erroneous. Unlike in CF]I, aliasing artifacts in vector
doppler are multidimensional and are harder to interpret (Goddi et al., 2018). An example of this is
shown in Figure 2.9a which demonstrates the vector flow output on the carotid bifurcation model
with stenosis. Flow in the upper branch is aliased and depicts a number of different aliasing patterns

(Figure 2.9b).

It is evident that aliasing is exceptionally problematic for vector Doppler and this is a major
obstacle in the face of adopting these techniques for imaging flow in clinical applications.
Specifically, any quantitative biomarkers that are derived from VFI are corrupted by these aliasing
artifacts (Hansen et al., 2016; Hansen et al., 2017; Pedersen et al., 2014). Furthermore, the

41



requirement for multiple emissions from different angles effectively reduces the PRF and exacerbates

the aliasing problem further.

Figure 2.9. a) In vector Doppler, aliasing is more complex as different pixels may contain aliasing in different
combinations of the transmit-receive steering angles, leading to more unique erroneous vectors. b) A color-coded labeling
of the aliasing artifact in the carotid phantom, with different colors encoding different aliasing patterns. 3 sample aliasing
patterns are exposed while the frame contained 15 unique aliasing patterns.

The majority of efforts for addressing Doppler aliasing have focused on color flow imaging (Lai et
al., 1997; Posada et al., 2016; Udesen et al., 2005). While dealiasing each individual Doppler
frequency measurement used in vector Doppler measurement is theoretically a possible strategy to
remove aliasing in multi-angle vector-flow, such an approach is unoptimized as it does not make use
of all the information available from multiple transmissions. Speckle tracking has been used to correct
aliasing artifacts in Doppler measurements in the axial direction by corroborating measurements from
both vector flow modalities (Swillens, Abigail, Segers, & Lovstakken, 2010). Alternative solutions
for expanding the PRF is to use packet transmissions (Jensen, J. A., 2019a; Jensen, J. A., 2019b)
instead of alternating each transmit steering angle. For each transmit steering angle, a packet of
consecutive plane waves steered with that angle is transmitted before proceeding to the subsequent
angles. This transmission scheme overcomes the penalty that comes with more transmit steering
angles but disrupts the continuity of data. Packet transmissions also limit the ensemble size available
for Doppler processing and the imaging frame rate that can be achieved. Real-time aliasing-resistant
vector Doppler (Ricci, Bassi, Dallai, Matera, & Tortoli, 2017) has been demonstrated in an ultrasound
scanner using staggered transmissions (Madiena, Faurie, Porée, & Garcia, 2018) where velocity
estimation exceeding 2 times the Nyquist limit was reported on a grid of 8x512. Real-time

functionality was achieved using programmable hardware and parallel beamforming circuits.
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However, the requirement for additional transmissions at different PRFs comes with a significant load
on the data transfer bandwidth and power consumption (Hu et al., 2021) that may not be supported by
all scanners or prevent interleaving other sequences for B-mode imaging. The reported methodology
used a cross-beam (N=2) approach for vector Doppler, which may be susceptible to significant
variance (Yiu & Yu, 2016). The dual-wavelength approach (Porée et al., 2021) has also been used for
aliasing resistant vector Doppler where velocity estimation exceeding 4 times the Nyquist limit was
reported, without requiring interleaved transmissions at different PRFs. The needed broad-band

signals however may impact imaging resolution.

Alternatively, aliasing in the multi-angle vector Doppler setting can be formulated as a least
squares error optimization problem (Flynn, Daigle, Pflugrath, Linkhart, & Kaczkowski, 2011), with
the goal of estimating the correct aliasing correction vector p = -€ that, when used to phase unwrap
the frequency vector f, allows the estimation of the aliasing free velocity vp.

Vo, = argmin|AY - u® +ppl, vp=uATE+p) (2.10)
Pl
where py is the £ aliasing correction candidate in a set of candidates being investigated. Assumptions
about flow and the maximum number of cycles of aliasing in any component can be used to construct
a reasonable set of candidates for investigation (Flynn et al., 2011). This approach was later
developed further in the extended least squares vector doppler (ELS-VD) estimator (Ekroll, Avdal,
Swillens, Torp, & Lovstakken, 2016). ELS-VD will form the basis of aliasing resistant velocity

estimation in the proposed framework and thus will be described in the next section.

2.3.4 Extended Least Squares Vector Doppler

The objective of the ELS-VD estimator is to yield an aliasing resistant vector Doppler estimate vp

through a two-step process:

1) Discrete Squared Error Optimization of the Doppler System

A pen-optimal aliasing correction vector p is found through discrete squared error optimization:

_ i t ;

p = argmin |(AAT — D)(f +pk)|2 @.11)
Py

where p, is an aliasing correction vector candidate in a discrete space of possible aliasing vectors. The

space of aliasing correction vectors is constructed by considering that each component of p can take
one value in the integer range of [-L, L] where L is the maximum number of cycles of aliasing expected
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in the signal. For a particular L, the space of aliasing vectors consists of (2Z+ 1)V candidates. Ideally,
this optimization leads to a p = -€ but in practice, it cannot be used to differentiate between aliasing

correction vectors q;and q; that are related by:

q=q+[,/..]" (2.12)

where /€ Z. Therefore, a subsequent step is used to distinguish between q; and ;.

2) Speckle Tracking to Derive Aliasing-free Velocity Estimate

The ambiguous candidates defined by Equation (2.12) are turned to velocity candidates by inverting
the Doppler system:

v =uAT(F+q) (2.13)

The dealiased velocity candidate vp is then the member of this set that correlates with speckle motion
at the pixel of interest. Speckle tracking can be done via ensemble block matching on the speckle
imaging (Section 2.2.1.1). The aliasing resistance of ELS-VD was demonstrated in simulated data and
an in vivo scan of the carotid bifurcation (Ekroll et al., 2016). The framework was able to expand the
measurable velocity rate by 5 times the Nyquist limit but was computationally demanding and
introduced an overhead of 5 seconds per frame for L=2. This computational demand is problematic

for point-of-care ultrasound applications (Moore & Copel, 2011).

2.4 Computing and Hardware Innovations in Ultrasound Imaging

One of the downsides in the aforementioned techniques for VFI and HiFRUS is the excessive
processing times necessary to derive the flow maps. Various parts of the processing pipeline for
ultrasound vector flow imaging, including beamforming, Doppler processing and aliasing resistant
vector Doppler can be computationally demanding, and current scanners cannot realize these

techniques for HIFRUS at the bedside.

To address these computing bottlenecks, one emerging trend in ultrasound imaging is parallel
computing using graphical processing units (GPU)s. Specifically, components of the ultrasound
processing pipeline have been reformulated to run on single or multi-GPU systems with orders of
magnitude gains in processing throughput. For example, this has been applied to ultrasound image
formation (Yiu, Tsang, & Yu, 2011; Yiu & Yu, 2015) where throughput of 3000 frames per second
was achieved. This has also been applied to signal filtering (Bae et al., 2012; Chee, Yiu, & Yu, 2017),

tissue tracking (Idzenga, Gaburov, Vermin, Menssen, & De Korte, 2014) and color flow imaging
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(Chang, Hsu, & Li, 2009). One popular platform for parallel computing using GPUs is the compute
unified device architecture (CUDA) (Garland et al., 2008), developed by Nvidia, which provides

high-level GPU programming for ultrasound researchers.

In addition to computing innovations, new programmable ultrasound hardware is emerging to
accommodate next-generation ultrasound imaging such HiFRUS. Open ultrasound platforms (Boni et
al., 2018) are programmable ultrasound imaging systems that can be configured for novel
transmission and reception sequences while allowing access to the raw ultrasound data for complex
offline processing. Two such ultrasound open platforms were used throughout this thesis: (1) a
Sonixtouch scanner modified with a custom Data acquisition board (Cheung et al., 2012), and (2) the
US4US scanner (Yiu et al., 2019). With the custom acquisition board, the Sonixtouch can be
configured for high frame rate imaging and provides access to the raw RF data for offline processing.
This makes it suitable for algorithmic development when processing times are not important and was

used in the development stages of this thesis.

The US4US (USPlatform; us4us Ltd., Warsaw, Poland) is a software-oriented platform that
consists of 1) an Ultrasound module responsible for configuring and retrieving data from the
ultrasound transducer, 2) a PC backend that gives the user control over the transmission and reception
protocols of the ultrasound module and the ability to construct their own imaging pipeline and 3) a
Processing module consisting of a GPU processor (GTX 1080Ti; NVidia Corporation, Santa Clara,
CA, USA) connected by a Peripheral Component Interconnect Express (PCle) backplane (BPG8032;
Trenton Systems). With these modules, the US4US is therefore a highly configurable ultrasound
imaging platform with strong computational capability. This makes it suitable for clinical translation
as the novel algorithms can be integrated into the imaging pipeline with ease and may be realized in

real-time for potential point-of-care solutions.

2.5 Deep Learning Applications in Ultrasound Imaging

Recently, neural networks have emerged as powerful tools in improving various aspects of ultrasound
processing. Deep learning has been successfully used in improving the image quality of B-mode
ultrasound (Gasse et al., 2017) and used for more advanced beamforming (Luchies & Byram, 2018).
It has also been used for super-resolution imaging where the goal is mapping the micro-vasculature
(Brown, Ghosh, & Hoyt, 2020) and some success has been seen in motion estimation for tissue

(Ostvik, Smistad, Espeland, Berg, & Lovstakken, 2018).

45



In this work, deep learning models were used for the purpose of semantic segmentation. A certain
class of neural networks, fully convolutional encoder-decoder neural networks, have shown strong
performance in segmentation for a variety of tasks (Badrinarayanan, Kendall, & Cipolla, 2017). The
success of these networks in image segmentations can be attributed to 3 factors. 1) Being fully
convolutional, this class of neural networks can exploit translation-invariant local patterns in the
imaging view by breaking up the training set into small subsets. 2) The encoder-decoder architecture
facilitates hierarchical pattern analysis by extracting and collating features at multiple scales
(Badrinarayanan et al., 2017). 3) Later architectures are typically accompanied by skip connections
(He, Zhang, Ren, & Sun, 2015) that transfer features from early stages in the network, pre-encoding,
to the deeper parts. This has been shown to improve segmentation resolution, reduce overfitting and
accelerate the training of large neural networks (Drozdzal, Vorontsov, Chartrand, Kadoury, & Pal,
2016). For the purpose of biomedical image segmentation, one such encoder-decoder, the U-net
(Ronneberger, Fischer, & Brox, 2015), has become very popular and found success across multiple
modalities. In ultrasound imaging, U-net has been used to segment tumors (Dong, Yang, Liu, Mo, &
Guo, 2017; Yap et al., 2018), the ventricles of the heart (Smistad, Ostvik, Haugen, & Lovstakken,
2017), lymph nodes (Zhang, Ying, Yang, Ahuja, & Chen, 2016) and more.

2.6 Potential Application for the Framework: Vascular Stenosis

One potential area of application for a robust bedside vector flow estimator is in imaging flow in
conditions of vascular stenosis. Vascular stenosis is the narrowing of the lumen of a vessel and is
symptomatic of vascular diseases, most notable of which is atherosclerosis but may otherwise be due
to extrinsic factors such as tumors or a nearby vessel aneurysm (Thiriet et al., 2015). The reduction in
the cross-sectional area in the lumen increases vascular resistance to flow and ultimately impairs
blood supply to the organs at the end of the vessel. Common sites for vascular stenosis include the
carotid artery (Goldstein, 2003) and the coronary artery (Ross, 1975) as well as peripheral arteries
such as the femoral artery (Hansen et al., 2019). Regardless of the site, it is important that stenoses
are detected and their severity defined as clinicians use this information to determine if and what
intervention is needed to reduce morbidity and/or mortality. Stenosis severity and its risk are a
function of its features, which can be classified into two: morphological and hemodynamical.
Morphological features refer to the geometry and structure of the stenosis, such as the length of the
lumen affected. Hemodynamical features refer to the differential blood flow dynamics resulting from

stenosis. Both kinds of features are examined in practice, depending on the artery, the available
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modality and the condition. Furthermore, including multiple features in the assessments often yields

more diagnostic power.

2.6.1 Morphological Features

Vascular stenoses morphologically vary in their extent, length and shape (Thiriet et al., 2015), but the
most common morphological feature used to assess the severity of stenosis is its degree, DoS, which
is defined using the cross-sectional area at the throat (narrowest point) of the stenosis 4., and the

cross-sectional area in the open vessel (outside of the stenosed region) 4,,,,,. Specifically:

sten

DoS=(1- ) % 100% (2.14)

open
Vascular stenoses greater than 70% DoS are considered critical as blood supply is severely reduced
in these cases. Stenoses less than 50% DoS are typically considered low-grade with a low risk of
clinical events. In practice, the degree of stenoses often informs the clinicians’ decision-making
process by determining if surgical intervention is necessary to recover blood supply and/or minimize
the mitigate an otherwise significant risk of a clinical event such as ischemic stroke or myocardial
infarction. For example, the ECST (European Carotid Surgery Trialists' Collaborative Group, 1998)
and NASCET (Ferguson et al., 1999) studies found that patients with a DoS in the carotid artery
greater than 69% had significantly reduced stroke risk with a carotid endarterectomy compared to
medical management, and this has been incorporated into clinical standards today. DoS may be
estimated using B-mode ultrasound which can also reveal the location and extent of the plaque (Grant

et al., 2003).

2.6.2 Hemodynamic Features

Vascular stenosis introduces complex geometries in the path of blood flow, ultimately impacting its
dynamics, depending on how severe the stenosis is. In high-grade stenosis (>70%), blood is forced
through a narrow opening (the constricted lumen) from a wider segment, akin to a flow nozzle, and
this leads to the formation of a jet of high-speed flow, with velocities much higher than normal
(Franz, Jump, Spalding, & Jenkins, 2013; Hood et al., 1996). Moreover, the stenosis typically
introduces complex flow phenomena including vortices and turbulence in the vicinity of the stenosis
and downstream from it. Currently, pulsed Doppler is used for detecting some of these hemodynamic
changes. Studies have shown a positive correlation between the peak systolic velocity (PSV) obtained

in pulsed Doppler and the degree of stenosis (Grant et al., 2003; von Reutern et al., 2012). Other
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biomarkers can also be derived from Pulsed Doppler such as end-diastolic velocity (EDV) (von
Reutern et al., 2012), pulsatility index (PI) (Granata et al., 2009) and spectral bandwidth (Johnston et
al., 1986; Sheldon, Murie, & Quin, 1983).

Nonetheless, current ultrasound scanners cannot reveal the full picture of flow as they suffer from
low spatial or temporal resolution and cannot capture multidirectional flow, which may occur in
vascular stenosis (Hansen et al., 2017). Mapping flow speed and angle throughout the lumen of the
vessel is important for understanding in detail the impact of flow dynamics on plaque formation and
progression. One emerging biomarker derived using vector flow information is the vector
concentration as a quantifier of flow complexity (Batschelet, 1981). Early studies show a correlation
between vector concentration and DoS, suggesting a clinical role for vector flow imaging (Hansen et

al., 2019).

2.7 Concluding Remarks

Ultrasound has a long history as the modality of choice for the non-invasive imaging of blood flow.
Recent advances in high frame rate imaging and vector flow estimation have pushed the capabilities of
this modality in tracking complex and transient flow dynamics. Nonetheless, there are currently
limitations on the accessibility and utility of these next-generation techniques for clinical use, especially
in pathological conditions such as vascular stenosis. System constraints and vector flow mapping
considerations limit the maximum velocity that can be measured, and excessive processing time
prevents point-of-care applications. Strategies involving GPU acceleration and deep learning are strong

candidates for addressing these issues.
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Chapter 3
A Deep Learning Approach to Resolve Aliasing Artifacts in

Ultrasound Color Flow Imaging

Reprinted under Creative Commons Attribution License (CC BY), from Nahas, H.; Au, J. S.; Ishii,
T.; Yiu, B. Y. S.; Chee, A. J. Y.; Yu, A. C. H. A Deep Learning Approach to Resolve Aliasing
Artifacts in Ultrasound Color Flow Imaging, IEEE Transactions on Ultrasonics, Ferroelectrics, and

Frequency Control, June 2020.

3.1 Introduction

Color flow imaging (CFI) (Merritt, 1987) has long been a popular modality for non-invasive mapping
of blood flow in vivo (Oglat et al., 2018). It is particularly relevant to cardiovascular healthcare where
CFI can be used to detect stenosis (Thiriet et al., 2015) and to monitor plaque formation through
identifying abnormal flow phenomena such as jets, turbulence and flow reversal (Foley & Erickson,
1991; Merritt, 1987). However, CFI is known to be prone to aliasing artifacts that arise when the
mean axial flow velocity at certain pixel positions exceeds the detectable limit (Terslev,
Diamantopoulos, Dohn, Schmidt, & Torp-Pedersen, 2017). Such aliasing artifacts are fundamentally
attributed to systemic limitations in its data acquisition paradigm, in which slow-time pulse-echo
sampling is performed at each pixel position. Aliasing occurs whenever the pulse repetition frequency
(PRF) used for slow-time sampling at each pixel position falls below the minimum rate (i.e. the
Nyquist limit) needed to acquire an adequately sampled slow-time signal, whose mean Doppler
frequency supposedly should correspond to the local average axial flow velocity according to the
Doppler equation (Terslev et al., 2017). If aliasing is present at a pixel position, its resulting CFI pixel
value would become misleading in different ways for the typical color encoding scheme that uses a
red-blue bicolor hue to indicate the estimated mean velocity. First, the mapped color at a pixel
position may be flipped to its complementary hue (i.e. from red to blue, or vice versa), thereby falsely
indicating a change in the flow direction. Second, the mapped color may fall within a less saturated
part of the same hue, such that a fast flow speed is deceptively rendered as slower flow in the same

direction.
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From a visualization standpoint, the presence of aliased color pixels in a CFI frame is known to
jeopardize the proper interpretation of flow patterns in the image view. Indeed, in the presence of a
curvy vessel geometry, the rendered CFI flow pattern often looks like a color mosaic even without
aliasing (Goddi et al., 2018). Thus, if some aliased color pixels are present, gaining an intuitive
understanding of the rendered flow profile becomes an extremely challenging task. Note that, from a
flow quantification perspective, aliasing is an issue that affects the fidelity of not only CFI, but also
vector Doppler that seeks to compute both axial and lateral velocity components (Jensen, J. A. et al.,
2016a; Jensen, J. A. et al., 2016b). For the latter method, if flow vectors cannot be estimated
accurately, they would not yield vector flow images with consistent visualization of the true flow
profile (Cikes et al., 2014). Such an issue, in turn, would make it difficult to properly use the vector
Doppler approach to effectively interpret complex flow dynamics that frequently appear in diseased

vessels (Goddi et al., 2017; Hansen et al., 2016; Hansen et al., 2017).

To resolve aliasing artifacts in CFI data processing, several methods and algorithms have been
proposed in the literature (Swillens, Abigail et al., 2010; Yiu, Lai, & Yu, 2014). For instance, an
extended autocorrelation method has been proposed to double the maximum measurable velocity
limit (Lai et al., 1997). Also, a staggered data acquisition sequence may be used to perform aliasing-
free CFI below the Nyquist limit (Posada et al., 2016). These methods fundamentally involve changes
to the system’s front-end operations. Alternatively, aliasing artifacts may be tackled through image
processing principles. For this type of dealiasing algorithms, a two-step process is commonly
adopted: (i) identification and segmentation of aliased pixels and regions in the CFI frame, and (ii)
correction of aliasing errors at the identified pixel positions based on flow profile properties.
Accordingly, solutions based on fuzzy logic (Shahin et al., 2000) and unsupervised segmentation
(Muth et al., 2011) have been proposed. These image-based dealiasing methods have succeeded in
mitigating single aliasing errors, which correspond to cases when the actual Doppler frequency fu
exceeds the maximum unaliased frequency fu. by up to onefold of the unaliased frequency range (i.e.
fnax <fa < 3fmar, given that the unaliased frequency range equals to fuax — fumin = 2fmax). However, they
are not effective in handling the more challenging double aliasing cases, which occur when f; exceeds
Jfmax by an amount between onefold and twofold of the unaliased frequency range; i.e.
3fmar <fa < Sfma) (Muth et al., 2011). A more robust dealiasing technique is yet needed for CFI

applications.
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In this paper, we present a new dealiasing framework that is based on deep learning principles to
suppress aliasing artifacts in CFI frames. We posit that aliased pixel positions and regions in a CFI
frame can be effectively segmented by devising a convolutional neural network (CNN) that is trained
to identify both single and double aliasing cases. We also posit that these aliased pixels may be
subsequently removed via phase unwrapping. In approaching the CNN design, we have investigated
the applicability of different ultrasound signal features as learning input for the CNN to segment
aliased pixels in CFI frames. These features included data types derived from both Doppler spectral

contents and flow speckle patterns.

Our dealiasing framework is built upon the recent success of CNNs in the domain of semantic
segmentation (Garcia-Garcia, Orts-Escolano, Oprea, Villena-Martinez, & Garcia-Rodriguez, 2017),
in which fully convolutional neural networks have been successfully applied on a variety of datasets
(Long, Shelhamer, & Darrell, 2015). More specifically, our framework makes use of a class of CNN
architectures known as encoder-decoder (Badrinarayanan et al., 2017), which has demonstrated
superior performance in the segmentation of biomedical images (Dong et al., 2017; Yap et al., 2018).
An encoder-decoder CNN is known to be potent in extracting and combining translation-invariant
patterns at multiple scales (Ye & Sung, 2019), and these identified patterns can be refined to achieve
high-resolution segmentation through skip connections (Drozdzal et al., 2016). This type of CNN is
seemingly suitable for aliased pixel segmentation that may require information from a large
neighborhood to disambiguate. Indeed, in a recent preliminary study (Nahas, Ishii, Chee, Yiu, & Yu,
2019), we have demonstrated the initial feasibility of devising an encoder-decoder CNN for single
aliasing detection in vitro. Here, we shall expand the framework to address practical CFI scenarios in

vivo that may include single and double aliasing.
3.2 Theoretical Principles

3.2.1 Overall Framework for Aliasing Segmentation

Our strategy for the identification of aliased pixels in ultrasound CFI was based on the use of two
CNNs. As shown in Figure 3.1, CNN #1 was trained to detect aliased pixels (both single and double
aliasing) in CFI frames, while CNN #2 was trained to specifically segment double aliasing cases. The
second CNN was needed in this work in order to facilitate adaptive correction of double aliasing
artifacts (to be discussed in Section 3.2.5). Training was done according to supervised learning

principles, for which labelled datasets were generated.
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Figure 3.1. Use of two CNNs for aliasing detection in ultrasound CFI. CNN #1 is for general segmentation of aliased
pixels, which may include single and double aliasing. CNN #2 is specifically for the segmentation of double aliasing.

3.2.2 Training Features for Aliasing Identification

To successfully apply supervised learning to aliased CFI pixel identification, it is important to
identify the relevant ultrasound information (or features) that can be used as training input. In this
work, five different types of image-based datasets, as obtained from different steps in the CFI data
processing pipeline as illustrated in Figure 3.2, were used to train CNNs for aliasing detection. These
data features include: 1) Doppler frequency; 2) Doppler power; 3) Doppler bandwidth; 4) flow
speckle speed; 5) flow speckle motion angle. For each image-based dataset, every pixel denoted the
value of that data feature at the corresponding location in the image view. Further details on each

training data type are given as follows.

1) Doppler Frequency

Aliasing typically emerges in CFI as abrupt disruptions and irregularities in the rendered color map in
the image view. Since CFI maps are after all color-encoded maps of mean Doppler frequencies, the

spatial distribution of mean Doppler frequency values is an obvious data type to include for the
training of an aliasing detection CNN. In this study, the measured mean Doppler frequency]’d at each
pixel position was calculated using the Kasai estimator (Kasai et al., 1985) (the phase of the lag-one
autocorrelation function), as it is the standard algorithm used in clinical scanner development.j‘d can

be calculated as follows:
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where w[g] is the g™ sample in the slow-time ensemble (which is an analytic signal), G is the

ensemble size, R,(/) is the autocorrelation function at lag /, frr+ denotes the PRF and £ denotes the

phase of a complex data value.
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Figure 3.2. Data features used for CNN training: 1) Doppler frequency; 2) Doppler power; 3) Doppler bandwidth; 4)
speckle flow angle; 5) speckle flow speed. These features are derived from different parts of the CFI signal processing
pipeline. Optical flow analysis was performed to derive flow speckle patterns.

2) Doppler Power

The clutter-filtered power Doppler map is often used to identify the presence of flow in the image
view, and thus it could be useful for differentiating between tissue, flow and noise. As such, the
spatial distribution of Doppler power values may serve as complementary input for aliasing
prediction. Each Doppler power value p, is simply the mean power of the slow-time ensemble after
clutter filtering:

5 &)
17 G

(3.2)

3) Doppler Bandwidth

Aliasing, especially at higher orders, can impact the Doppler bandwidth through smearing the
Doppler spectrum, thereby resulting in high bandwidth values. Accordingly, Doppler bandwidth may
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be another useful predictor of aliasing artifact. Based on the Kasai algorithm (Kasai et al., 1985), this

quantity can be calculated as follows using the lag-one and lag-zero autocorrelation values:
A R (1
by=|1- M (3.3)
|R;(0)

Another potentially useful information for the detection of aliasing at a given CFI pixel position is the

4) Flow Speckle Speed

motion of speckle patterns at that pixel. From a signal processing perspective, flow speckle maps can
be extracted from the log-compressed magnitudes of individual clutter-filtered slow-time ensembles.
An optical flow algorithm can then be applied to these flow speckle maps to determine the motion
vectors at different pixels. Subsequently, the flow speckle speed at each pixel can be determined as
the magnitude of the corresponding motion vector. In this work, the Lucas-Kanade method (Baker &

Matthews, 2004) was used as the optical flow algorithm.

5) Flow Speckle Angle

Based on the motion vectors derived from optical flow analysis, directional information about inter-
frame flow speckle motion can be obtained by computing the angle of each motion vector. This

information served as a complementary data feature for aliasing detection.

3.2.3 Candidate Combinations for Training Features

Four combinations of training features were investigated for aliasing identification in CFI. In all
training combinations, Doppler frequency and Doppler power were included because they were
respectively the source of CFI aliasing and a direct indication of the presence of flow at a CFI pixel
position (which may be aliased). Doppler bandwidth and flow speckle motion characteristics were
included in some training combinations to test their supplementary value to the training of CNNs for
aliasing detection. Based on this arrangement, the tested training combinations are listed as follows.

In each case, one frame of training sample consisted of multiple data feature channels.
1) Doppler Frequency + Doppler Power: This combination was the basic case for CNN training.

2) Doppler Frequency + Doppler Power + Doppler Bandwidth: This combination was used to
test if the inclusion of Doppler bandwidth information in the CNN training process could

improve the performance of aliased pixel identification.
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3) Doppler Frequency + Doppler Power + Flow Speckle Motion: In this combination, the
benefit of flow speckle motion information in aliasing segmentation was investigated. Flow
speckle motion was rendered as two additional feature data channels (speed and angle). Thus,
in total, including Doppler frequency and Doppler power, each training sample consisted of

four data feature channels.

4) Doppler Frequency + Doppler Power + Doppler Bandwidth + Flow Speckle Motion: This
combination integrated all data features. In principle, it is expected to give the best CNN

training performance for aliasing detection.

3.2.4 CNN Architecture
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Figure 3.3. Design and implementation of CNN for CFI aliasing detection. a) Its architecture is based on a U-net with
minor modifications, including leaky rectified linear units (ReLU), two dropout layers (denoted in black), and top-layer
convolutional kernels whose number equaled to the number of training features. b) CNN training was done using
augmented datasets that comprised M original feature frames (e.g. Doppler frequency maps) and their derived versions
based on axial flipping, sign negation, and axial flipping with sign negation.
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The neural network architecture used in this work was based on the U-net, which is a specific
implementation of an encoder-decoder CNN (Ronneberger et al., 2015). This architecture was used
because of its known effectiveness in performing image segmentation at fine resolution (Drozdzal et
al., 2016). It expands beyond the CNN architecture devised preliminarily by our group to address single
aliasing cases in CFI of flow phantoms (Nahas et al., 2019). As shown in Figure 3.3a, the CNN consists
of an encoder part and a decoder part, each with 13 layers that are divided into 5 scales. Connecting the
different scales are skip connections, where the output of an encoding layer is connected to a decoding
layer of the same scale. The effective reception field of the encoder was 162x162 (pixels). The use of
these network architecture parameters was empirically based on in-house pilot trials, and they were
deemed to provide sufficient neighborhood information to discern aliased CFI pixels. Note that the use
of multi-scale information is important in this CNN design because CFI aliasing can occur at varying
regional sizes, from local to global discontinuities. Also, the use of skip connections is critical to
improve both the training of deep networks and the segmentation resolution (Drozdzal et al., 2016).
These connections can facilitate the training of CNNs that can track the often irregular and sharp
boundaries of aliased regions in the CFI image view.

Since the CNNs used in this work were expected to process multiple channels of data features for
each input frame, the first layer in the U-net architecture was modified from the original formulation
(Ronneberger et al., 2015) to include more convolutional kernels that equaled to the number of data
feature channels in each input frame. In addition, leaky rectified linear units (ReLU) were used, and the
leak parameter was set to 0.3. This CNN design choice was made to improve learning and to reduce
the occurrence of “dying ReLU” cases (Lu, L., Shin, Su, & Karniadakis, 2020). Moreover, two 50%
dropout layers were added (denoted in black in Figure 3.3a) to improve the generalizability of the
model. The size and number of filters were left as they were in the original U-net design (Ronneberger

et al., 2015).

3.2.5 Dealiasing and Image Regularization

Correction of aliasing errors was performed using an in-house adaptive phase unwrapping algorithm
that is inspired by the literature (Muth et al., 2011). In brief, it works by assuming that the segmented
pixels were clustered in connected islands. As illustrated in Figure 3.4a, for each connected island, the
internal and external boundary’s normalized CFI pixel values were extracted, and their median was
evaluated. The difference between the internal and external boundary medians was then rounded to

yield potential outcomes of —1, 0, or +1. In turn, this rounded difference outcome served to determine
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whether a negative or positive full-cycle phase should be subtracted from the CFI pixels of that
aliased island to achieve phase unwrapping (or to not perform phase unwrapping if the rounded

difference was 0).

In our dealiasing procedure, phase unwrapping was applied twice as shown in Figure 3.4b. First,
based on the segmentation results from CNN #1, phase unwrapping was applied once to the CFI pixel
values of identified aliasing regions (i.e. either adding or subtracting full-cycle phase based on the
algorithm in Figure 3.4a). The output of this step was then fed through the same algorithm for a
second time, wherein the segmentation results from CNN #2 was used to perform another round of
phase unwrapping on double aliasing cases. After these two rounds of phase unwrapping, the

normalized Doppler frequency range effectively extended from [-0.5, +0.5] to [-2.5, +2.5].
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Figure 3.4. Dealiasing based on CNN inference output. (a) The original normalized CFI is first phase unwrapped once
using the segmentation from CNN #1. External and internal boundaries of aliased CFI islands were extracted to determine
the signage of full-cycle phase subtraction during phase unwrapping. 2vaiias denotes the original CFI dynamic range. (b)
Stepwise illustration of the entire dealiasing algorithm. Phase unwrapping is performed for a second time using CNN #2
to resolve double aliasing cases. Denoising, inpainting, and median filtering were then applied to regularize the dealiased
CFI values.

At some pixel positions, aliasing may corrupt the pixels beyond utility. Indeed, our in-house
spectral analysis showed significant folding due to aliasing and the normalized bandwidth approached
unity in those pixels. To circumvent this issue, all pixels with a normalized Doppler bandwidth
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exceeding 0.9 were sifted from the resulting CFIs. In replacement, those sifted pixels were filled with
a post-hoc inpainting algorithm that consisted of averaging the nearest 8 pixels (fourth and fifth stages
of Figure 3.4b). Finally, a 2D median filter with a 5x5 kernel was applied to eliminate spurious values
in the resulting CFI (last stage in Figure 3.4b). Note that the size of this median filter kernel was
chosen empirically based on in-house testing to adequately remove spurious CFI values without

distorting the flow profile.
3.3 Experimental Methods

3.3.1 Data Collection

Table 3.1

Imaging Parameters Used in Data Collection.

Parameter Value

Imaging Platform

Number of Tx/Rx channels 192

Array pitch 0.245 mm
Pre-beamformed data sampling rate 25 MHz
Pre-beamformed data resolution 12 bits

Data Acquisition

Imaging frequency 5 MHz

Tx pulse duration (number of pulses) 3

Transmit steering angle -10°

Pulse repetition frequency 1500 Hz

Data acquisition duration 3s

Beamforming

Pre-beamformed data filter passband  3-7 MHz

Filter design method Equiripple (30 Order)
Receive F-number 1.0

Receive steering angle -10°

Pixel spacing (axial and lateral) 0.1 mm

Image dimension (number of pixels) 400 (axial) x 368 (lateral)
Image dimension (mm) 40.0 x 36.8

To facilitate performance investigation on the CNN-based dealiasing framework, in vivo datasets
were acquired from ultrasound long-axis acquisitions of the femoral bifurcation, which was chosen

for its non-trivial geometry and triphasic flow characteristics with large variations in flow velocity
58



over a cardiac cycle (Hwang, 2017). Femoral CFI is generally susceptible to aliasing in the deep
femoral artery branch, whose sloped vessel geometry naturally gives rise to smaller beam-to-flow
angles that favor the generation of higher Doppler frequencies according to the Doppler equation. The
femoral bifurcations from five healthy volunteers were imaged (with their written consent). To
increase the variability of the data, the femoral bifurcation from each participant was also subjected to
varying degrees of downstream pressure using a cuff set between 0 mmHg to 100 mmHg at
increments of 20 mmHg. The data was collected as part of a femoral bifurcation hemodynamics study
protocol as approved by the human research ethics committee at the University of Waterloo. Each
data acquisition trial was performed over an entire cardiac cycle, so it included systolic and diastolic

flow as well as flow reversal and recirculation.

Data acquisition was performed using an open-platform ultrasound research scanner (US4US;
Warsaw, Poland) that was equipped with a linear array transducer (SL1543; Esaote, Genoa, Italy).
The scanner was configured to perform plane wave data acquisition, similar to what was described
elsewhere (Yiu et al., 2019). Note that, instead of conducting conventional scanline-based imaging,
plane wave data acquisition was performed in this work because of two reasons related to its high-
frame-rate imaging capability. First, it allows for time-resolved tracking of femoral flow dynamics
with significant spatiotemporal variations over different phases of a cardiac cycle. Second, it benefits
the efficacy of our deep learning framework by providing a diverse range of training data input that
spans time instants at both flow systole and diastole as well as ones with anterograde and retrograde
flow. Accordingly, raw channel-domain ultrasound datasets of plane wave data acquisition were
collected for offline processing. Table 3.1 summarized the imaging parameters used in this
investigation. Note that a —10° steering angle was applied during each plane wave pulsing event.
Also, the pulse repetition frequency (PRF) was set to 1500 Hz, in line with what is used in clinical
femoral CFI (Hwang, 2017). The use of such a low PRF was necessary to consistently track slow
flow emerging during the flow transition phases of the cardiac cycle, thereby reducing color dropouts
in the CFI cineloops. Both single and double aliasing artifacts were observed in the resulting CFI

frames.

3.3.2 Signal Processing

The raw datasets collected from the scanner were processed in Matlab (ver. 2016a; MathWorks,
Natick, MA, USA) to generate the five training features described in Section 3.2.2. The processing
platform was a computer server (SYS-4028-TRT; Super Micro, San Jose, CA, USA) that was

59



equipped with a Xeon E5-2620 central processing unit (Intel, Santa Clara, CA, USA) and an RTX-
2080 graphical processing unit (GPU) (NVidia, Santa Clara, CA, USA). Using Matlab, beamforming
was performed on this platform via a GPU-based delay-and-sum algorithm (Yiu et al., 2011), with
Gaussian apodization window and dynamic receive focusing. The key processing parameters are
listed in Table 3.1. Note that the receive aperture size (i.e. number of channels used to form each
pixel) was automatically adjusted within GPU beamformer to consistently achieve an F-number of
1.0 for all pixel positions, thus yielding a lateral beam width of 0.68 mm (full-width at half-maximum
value; derived from in-house field simulations). The receive aperture’s lateral position was
automatically centered about the corresponding pixel in all instances. Also, a steering angle of —10°
was applied during this beamforming process to avoid instances of 90° beam-to-flow angle at

different pixel positions.

From the beamformed data frames generated, slow-time clutter filtering was performed at each
pixel position using an equiripple infinite impulse response filter with a cutoff of 0.1 normalized
frequency (i.e. 150 Hz). Subsequently, the Doppler frequency, Doppler power, and Doppler
bandwidth were computed at each pixel position using an ensemble size of 48 and the formulas in
Section 3.2.2. Also, optical flow analysis (using the Lucas-Kanade algorithm) was performed on the
log-compressed, clutter-filtered data frames to determine the flow speckle speed and angle at each
pixel position. For this analysis, data for flow speckle speed and angle were averaged over 32 frames
to reduce noise. For CNN training, the computed values for all these features were normalized with

respect to the largest magnitude value of each map frame.

3.3.3 Data Organization for CNN Training

In total, 8 acquisitions were performed. Among all data frames, 284 CFI frame samples were
generated for CNN training. The data feature frames used for the training of CNN #1 (for general
identification of aliasing, including both single and double cases) were augmented to improve
generalizability. Specifically, as illustrated in Figure 3.3b, the data feature frames were flipped about
their axial axis to introduce flow conditions going in the opposite lateral direction; moreover, for
Doppler frequency frames and optical flow angle frames, their additive inverse forms were derived to
change the assumed flow direction. In total, the augmentations resulted in a final training set of 1136
frames (i.e. fourfold of the 284 original CFI frame samples). It is worth noting that the number of

pixels affected by double aliasing constituted only a small portion of the entire dataset. As such, for
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CNN #2 (intended to solely identify double aliasing), another training set was produced by excluding

all frames without double aliasing. In turn, 476 frame samples were used to train CNN #2.
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Figure 3.5. Illustration of the manual segmentation procedure, as applied to CFI frames with (a) single aliasing only, and
(b) single and double aliasing. For the latter, the procedure was separately performed to obtain the aliasing reference map
(covering both single and double aliasing) and the double aliasing reference map.

For each frame of training data, aliased regions were manually segmented to provide the CNN with
information on where aliasing appeared in the image view. This manual segmentation task was
performed using built-in Matlab functions. As shown in Figure 3.5a, it first involved, by inspection,
manual demarcation of the aliased zone as a polygon based on the criterion that aliased CFI pixels
were manifested as an anomalous color hue change (i.e. sudden change from red to blue, or vice
versa). After that, an aliasing reference map was formed by finding, within the demarcated polygon,
the CFI pixels with Doppler frequency signage that was opposite of that for the expected flow

direction. For aliased frames with both single and double aliasing, manual segmentation was based on
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a multi-step process. As illustrated in Figure 3.5D, it first identified a primary zone and searched for
aliased CFI pixels in the same way as the simpler case shown in Figure 3.5a. Subsequently, the
aliasing reference map was refined by performing another round of manual demarcation that
delineated the boundaries of single aliasing regions with CFI pixels whose color was the same as that
for flow. This supplementary demarcation was achieved based on manual identification of CFI map
islands that were surrounded by single-aliased pixels with anomalous color hue change. All pixels
within this supplementary zone were then labeled as aliased in the final aliasing reference map. Note
that, following a similar manual segmentation procedure, double aliasing zones were separately
identified on each CFI frame based on the principle that each of these zones would be engulfed within

a single-aliased region that shared the same CFI color with flow.

3.3.4 Training Implementation

To facilitate CNN training and inference, Python (ver. 3.6.7) scripts were written for data fetching
and for the execution of CNN-related operations on the computing server’s RTX-2080 GPU. These
scripts included calls to the Keras application programming interface (API) (ver. 2.1.6) that served to:
1) define the U-net CNN architecture parameters, and 2) invoke CNN computation operations on the
RTX-2080 GPU via implicit calls to the TensorFlow-GPU (ver. 1.12) software back-end. Each CNN
was trained by optimizing the binary cross-entropy loss between prediction and the reference outcome
derived from manual segmentation. Such optimization was achieved using the Adam optimizer
(Kingma & Ba, 2014) with a learning rate of 10*. To prevent overfitting, an early stopping
mechanism was implemented such that training was terminated when loss on the validation set did
not improve for 5 epochs. Moreover, only the model with the lowest validation loss was saved from
each training procedure. Memory constraints in the GPU hardware (with only 8 GB of random-access
memory) necessitated a batch size of 1. To account for the variability of initialization and data
sampling, 7 models (i.e. 7 CNN training trials) with different random starting conditions were trained

for each training feature combination, and their performance distribution was analyzed.

3.3.5 Testing and Segmentation Evaluation

With the trained CNNs, inferences on aliasing detection were made on 100 test frames that were
acquired on a different subject. Phase unwrapping was performed using the algorithm described in
Section 3.2.5 to recover the expected flow profile. The prediction results were compared against

references derived from manual segmentation of aliased regions (realized using the same procedure
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presented in Section 3.3.3). The efficacy of a CNN in identifying aliased pixel positions was
evaluated using precision, recall, and intersection over union (IoU) metrics, which are respectively

defined as follows:

Precision = |y|r;|y| (3.4)

Recall = |y a y| 35

5 G

IoU =M (3.6)
lyoy

where |. | denotes the size of the set, y is the reference segmentation map, as obtained from manual

segmentation, and y is the predicted segmentation for aliasing.

An adjunct CNN training and inference experiment was performed to gain cursory insight into the
effects of reduced training data size on the CNN’s aliasing detection performance. This adjunct
experiment was conducted in a subset of 159 CFI frames formed from 5 of the 8 human volunteer
acquisitions. It made use of the same training data augmentation strategy and CNN implementation
specifics as that described in Sections 3.3.3 and 3.3.4. The corresponding precision, recall, and loU

were derived for result analysis.

3.3.6 Dealiasing Performance Evaluation

The dealiased CFI frames obtained from the CNN-based framework were compared with the ones
obtained from manual dealiasing, which involved manual segmentation of aliased pixel positions (as
explained in Section 3.3.3) and the use of the same dealiasing algorithm presented in Section 3.2.5.
Their difference between was quantified using the root-mean-squared difference (RMSD) metric,

which is defined as:

C
1 2
RMSD = \/E Z[xi(CNN) _xi(manual)] (3.7)
i=1

where C is the number of pixels being evaluated, while xicvy and Xigmanuay are respective the i™ pixel
value in the CNN-based dealiased CFI and in the manually dealiased CFI. The results were

normalized with respect to the post-correction, extended Doppler frequency limit (i.e. 5fuax).
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3.4 Results

3.4.1 CNNs Trained with Frequency, Power, and Bandwidth Features Yielded the Best
Aliasing Detection Performance

For aliasing-detection CNNss, all candidate combinations of training features being tested (as
presented in Section 3.2.3) had converged in training, and they yielded CNNs with varying degrees of
success in identifying aliasing (whether it is single or double aliasing) at different pixel positions.
Figure 3.6 summarizes the aliasing segmentation performance for the CNN of each training feature
combination by plotting the median and range (i.e. maximum minus minimum) of its precision, recall,
and IoU derived from 7 CNN training trials. Results are shown for different test cases: over the entire
test set (left column), for CFI frames taken during systole (middle column), and for CFI frames

acquired in the presence of flow recirculation (right column).
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Figure 3.6. Radar plots of recall, precision, and intersection over union (IoU) for four feature combinations in training
aliasing-detection CNNs. Over 7 CNN training and inference trials, the median values are shown in different test cases:
(a) entire dataset for femoral CFI, (b) CFI frames taken during systole, (c) CFI frames taken during post-systolic
recirculation. (d), (e), and (f) respectively show each metric’s range (i.e. maximum minus minimum) in the 7 trials.

As shown in Figure 3.6, the CNN exhibited the best aliasing detection performance when it was
trained using the features of Doppler frequency, Doppler power, and Doppler bandwidth (red line in

the plots). This training feature combination yielded the highest median recall, precision, and IoU for
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the 7 CNN training trials in all test cases. Indeed, for the global test case, the recall, precision, and
IoU were respectively 98.5%, 90.5%, and 89.7%. In comparison, for an adjunct inference experiment
conducted with a CNN trained using frequency, power, and bandwidth features derived from a
reduced dataset of 159 CFI training frame samples (versus 284 in the main experiment), the global
test case had achieved a recall, precision, and loU of 88.5%, 85.9%, and 88.2% respectively (data not

shown).

Another observation from Figure 3.6 is that the CNN of the frequency-power-bandwidth training
combination generally yielded the smallest range for the three metrics in the global test case and the
systolic frameset test case. While this CNN yielded a mediocre median precision and IoU of just
above 50% in the test case involving CFI frames with flow recirculation, it was still significantly
higher than those for the CNN of other training combinations by at least 15%. It is worth noting that,
for the CNN of the frequency-power-bandwidth training combination, the inference time required to
generate one frame of aliasing segmentation result was found to be 44 ms when the inference

procedure was executed on the RTX-2080 GPU.

3.4.2 Aliasing-Detection CNN Can Accurately Identify Most of the Aliased Pixels

Using the three-feature training combination involving frequency, power, and bandwidth, the trained
CNN was found to be potent in correctly identifying the majority of aliased pixels in the image view
over different phases of a cardiac cycle. Figure 3.7 shows the corresponding results for four
representative timepoints (systole, post-diastolic recirculation, flow reversal, diastole). For the CFI
frames shown on the first row of Figure 3.7, the bottom two rows show maps of the detection
performance for CNN #1 (for general aliasing identification, including both single and double
aliasing cases) and CNN #2 (for double aliasing detection only). Four color-coded detection outcome
regions are rendered in each map: true positive (green), true negative (black), false positive (red), and

false negative (purple).

As can be observed from Figure 3.7, CNN #1 exhibited a strong performance in correctly
identifying aliased pixels throughout the cardiac cycle. Specifically, it was able to identify most of the
aliased pixels in the systole frame and in the CFI frame with post-systolic circulation. There were a
limited number of false positive and false negative pixels near the tissue-flow boundary. In the flow
reversal and diastole CFI frames, this CNN yielded true negative detection results with no detection
error. On the other hand, for CNN #2, whose role was to solely detect double aliasing cases, it was

able to correctly identify the double aliasing zone in the systole CFI frame (green zone in Figure
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3.7h). Nevertheless, it also yielded some false positive instances in the form of scattered islands in

certain CFI frames (red zones in Figure 3.7h and Figure 3.71).

Systole Recirculation Flow Reversal Diastole

Double Aliasing

Single
Aliasing

b W

. True Negative True Positive

Figure 3.7. Segmentation performance of the aliasing-detection CNNss. (a-d) Original CFI at different phases of the cardiac
cycle. (e-g) Aliased regions (including both single and double aliasing) identified by CNN #1, with errors color-coded.
(h-k) Double-aliased regions identified by CNN #2, with error colors coded. All images are overlaid on top of the original
B-mode images.

3.4.3 Visualization of Dealiased CFl Frames After Adaptive Phase Unwrapping

Based on the CNN-identified aliasing regions, adaptive phase unwrapping was found to be capable of
resolving single and double aliasing artifacts in the CFI frames taken during systole and in the
presence of recirculation. As an illustration, Movie 3.1 shows a cineloop (playback rate: 30 fps) of
dealiased CFI over the systolic phase of the cardiac cycle in the femoral bifurcation. Shown in this
movie is a side-by-side comparison between the original CFI (left column), the dealiased CFI (middle
column), and the CNN-derived aliasing segmentation map (right column). Representative temporal
snapshots of dealiased CFI are shown in Figure 3.8, specifically for frames taken during systole (red
box), post-systolic recirculation (green box), flow reversal (blue box), and diastole (yellow box). Note
that the velocity scale bars in and Figure 3.8, as derived from the Doppler equation assuming 0°

beam-to-flow angle, are not the same for the original and the dealiased CFI because of their
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difference in Doppler frequency range (see Section 3.2.5). Also, for reference, a time plot of post-
correction mean Doppler frequency (spatial-averaged over the red box within the dealiased CFI) is

shown in the top row of Movie 3.1 and Figure 3.8.
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Figure 3.8. CFI visualization of femoral bifurcation before and after dealiasing. In (a), a time plot of spatially-averaged
Doppler frequency is shown for the red box shown in (c); two time points of interest are indicated: systole (red line) and
post-systolic recirculation (green line). For systole, three CFI frames are shown: (b) original without dealiasing, (c) after
dealiasing using the proposed framework, (d) after manual dealiasing. Corresponding results for post-systolic
recirculation are shown in (e), (f) and (g) respectively.

Three major observations should be noted in the dealiased CFI results. First, after resolving the
aliasing artifacts, anterograde flow during systole can be consistently visualized in the dealiased CFI
(red box; Figure 3.8). Second, during post-systolic recirculation, the dealiased CFI yielded a more
consistent depiction of the flow recirculation zone as compared to the unaliased CFI (green box;

Figure 3.8). Third, when comparing with the segmentation results in Figure 3.7, the extraneous pixels
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that were misidentified as double aliasing did not significantly affect the visualization performance of
the dealiased CFI, because connected bodies of misidentified pixels were not phase unwrapped as

they did not exhibit a significant difference with respect to their neighborhood.

For the dealiased CFI frames, their RMSD relative to the reference based on manual segmentation
and dealiasing are shown in Table 3.2. In all test cases (global, systole, and recirculation), NRMSD
values were under 2.51%, indicating that the CNN-based dealiasing approach yielded similar CFI

quality as the manual approach.

Table 3.2
RMSD Between the CNN-based Dealiased CFI and the Manually Dealiased CFI.

Test case type RMSD (%)
Global 1.61
Systole 2.51
Recirculation 1.16

3.5 Discussion

3.5.1 Summary of Contributions

In recent years, the application potential of deep learning in medical imaging is serendipitously
becoming established thanks to concurrent advances in high-throughput computing hardware such as
the PU. Harnessing such emerging potency, this work represents the first attempt to address the
aliasing problem in ultrasound CFI scenarios in vivo using a deep learning approach. In particular, we
have devised and trained CNNss to identify and segment aliasing artifacts in CFI using multiple data
features derived from different steps of the CFI data processing pipeline (Figure 3.2). The CNNs were
trained based on a U-net architecture (Figure 3.3), and inferences drawn from the trained CNNs were
used to correct for aliasing errors (both single and double aliasing cases) through an adaptive phase
unwrapping strategy (Figure 3.4). Our in vivo femoral bifurcation experiments showed that the new
dealiasing framework was able to detect aliased CFI pixels (Figure 3.7) and, in turn, resolve them to
generate unaliased CFIs with Doppler frequency dynamic range that was five times wider than the

conventional range (Movie 3.1 and Figure 3.8).

Compared to existing CFI dealiasing methods (Muth et al., 2011; Shahin et al., 2000), our CNN-

based segmentation approach made no assumptions on the size of aliasing region(s) in the image view
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and incorporated multiple CFI data features to achieve more consistent aliasing detection
performance. In doing so, our framework was able to identify single and double aliasing zones even
in CFI frames taken where the majority of flow region was aliased (Figure 3.7; top row). In addition,
our framework did not falsely identify CFI regions with arbitrary discontinuities as aliased pixels
(such as those emerging from recirculation zones). As well, it was able to extrapolate aliasing

segmentation to regions where its boundaries were ill-defined.

It is worth reiterating that aliasing occurs in CFI whenever the PRF is lower than the Nyquist limit,
such that the actual Doppler frequency is greater than the maximum unaliased frequency. On this
issue, our CNN-based dealiasing framework has served well to relax the Nyquist constraint in CFI by
identifying and correcting CFI pixels with aliased Doppler frequency estimates such that they would
not disrupt CFI’s flow map appearance. In achieving so, CFI can ascertain itself as a flow mapping
modality that is resilient against aliasing artifacts even when a relatively low PRF is used. This notion
has been demonstrated in our femoral imaging experiments. Bolstering CFI’s resilience against
aliasing would also be of practical significance to other flow mapping scenarios in vivo (to be

elaborated in Section 3.5.3).

3.5.2 Insights on CNN Training for Aliasing Detection

As part of this investigation, different combinations of data features were used to train CNNs for
aliasing detection. It was found that the combined use of Doppler frequency, Doppler power, and
Doppler bandwidth led to the best aliasing detection performance as quantified from the metrics of
recall, precision, and IoU (Figure 3.6). Note that, as substantiated by the strong performance metrics
for this training feature combination, the size of training datasets used for CNN development can
generally be regarded as adequate in our experiments. Even if the CNN was trained with 56% of the
original dataset size, the resulting aliasing segmentation performance was only reduced slightly as

mentioned in Section 3.4.1.

Doppler frequency and power were obvious to include as training features given their respective
roles as the origin of CFI aliasing and the primary flow indicator. In contrast, Doppler bandwidth’s
utility in aliasing segmentation can be rationalized by noting that Doppler spectral contents exceeding
the Nyquist limit were unpredictably rendered as aliased spectral contents in the sampled spectrum,
thus adding variability to the estimated Doppler bandwidth. In turn, these spurious bandwidth
estimates manifested themselves as spatial outliers over a 2D frame of bandwidth estimates, so they

served well as complementary training input for the CNNG.
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Flow speckle motion, as derived from optical flow analysis, was considered as a candidate data
feature for CNN training. Nonetheless, it did not seem to improve aliasing detection. The reason is
likely because speckle tracking is prone to be inconsistent in scenarios with low signal-to-noise ratios
as was the case in flow estimation (Bohs, Geiman, Anderson, Gebhart, & Trahey, 2000). If flow
speckle motion is to become a practically useful training feature for CNN-based aliasing detection,
more advanced speckle tracking algorithms probably need to be implemented (Fadnes, Ekroll,

Nyrnes, Torp, & Lovstakken, 2014).

3.5.3 Applications of Interest

In practice, there are at least three scenarios in vivo where aliasing is inevitably prone to occur. The
first scenario is when a relatively low PRF is used to track slow flow in a pulsatile flow cycle with
fast systolic flow. For instance, we used a PRF of 1,500 Hz for femoral bifurcation flow imaging. The
use of this relatively low PRF value, which was in accordance with that used clinically in femoral CFI
(Hwang, 2017), was necessary to capture slow but dynamic flow patterns that occurred during the
flow phase transitions of the artery’s triphasic pulsatile flow cycle. However, as a result of using this
low PRF value, aliasing unavoidably emerged during systole with fast flow velocities. After
performing dealiasing with our algorithm, the resulting CFI flow visualization became more visually

intuitive, as rendered in Movie 3.1 and Figure 3.8.

The second applicable scenario arises when a relatively low PRF is needed to monitor fast flow
dynamics away from the surface. As known in pulse-echo imaging, the maximum PRF that can be
used is inversely proportional to the maximum intended imaging depth (since frrr < Co/2Zmax).
Because the choice of PRF is limited by the depth resolvability constraint, aliasing would be
inevitable when flow is relatively fast. Accordingly, an effective dealiasing algorithm is needed to
resolve aliasing artifacts originating from pixels with fast flow. Practical examples of this imaging
scenario include: (i) intraventricular flow imaging (Mehregan et al., 2014), and (ii) trans-perineum
urinary flow imaging (Ishii, Yiu, & Yu, 2017). In these cases, flow speeds can be well above 2 m/s
and the beam-to-flow angles may be small; in turn, the actual Doppler frequency may be relatively
high. Nevertheless, the imaging depth can be up to 20 cm (for cardiac imaging) and 8 cm (for
peritoneal urinary flow imaging), thus precluding the use of a high PRF like 10,000 Hz.

The third application scenario of interest is when relatively fast flow speeds emerge in the CFI
image view. A prime example of this application scenario is the high-speed flow jet that arises at a

carotid artery stenosis site. These flow jets can readily yield a peak systolic velocity of over 3 m/s for
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stenotic sites whose narrowing level is 70% or higher (von Reutern et al., 2012). In such a peripheral
flow mapping scenario, CFI may be performed with a relatively high PRF of 10,000 Hz. However,
aliasing is still prone to occur since, according to the Doppler equation, the actual Doppler frequency

tends to be high (and greater than the maximum unaliased frequency) due to the fast flow speed.

Aside from CFI applications, the CNN-based dealiasing algorithm may be applied to vector
Doppler estimation. Aliasing is an inherent concern in vector Doppler estimation because the use of
multiple transmit angles necessitates the use of lower PRF values for Doppler estimation at each
angle (Yiu & Yu, 2016). To tackle the aliasing problem in vector Doppler, different CNNs can be
trained for each angle to remove aliasing from that angle. Note that the segmentation maps obtained
here may be used with more advanced aliasing resistant algorithms (Ekroll et al., 2016) suited for

vector flow imaging to minimize their errors.

3.5.4 Limitations of Investigation

A few caveats should be acknowledged about the current body of work. First, when assessing the
aliasing detection performance of our CNN-based framework, we have primarily made reference to
manually identified aliased CFI regions. It would be beneficial in the future to more comprehensively
validate the efficacy of our proposed algorithm by comparing its dealiased CFI maps with flow
profiles obtained from another intraluminal flow measurement technique, such as magnetic resonance
angiography.

Another limitation to be noted is that, since the application focus of this work was exclusively on
femoral CFI, we have yet to evaluate the efficacy of CNN-based dealiasing in other CFI scenarios,
such as the ones mentioned in Section 3.5.3. To generalize our dealiasing algorithm in other CFI
scenarios, the CNNs should be retrained to include sample input from these imaging scenarios. Along
this line of investigation, it would also be worthwhile to verify the robustness of the new dealiasing
framework for different training dataset sizes and when applying it to CFI data acquired using

different imaging parameters.

3.6 Conclusion

Aliasing has been a long-standing nuisance in CFI. With the use of our CNN-based dealiasing
algorithm, CFI pixels suffering from single or double aliasing were identified, and they were resolved
through adaptive phase unwrapping to effectively extend the Doppler dynamic range by fivefold. In

doing so, CFI flow visualization quality was significantly improved. Through creating properly
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trained CNNs for aliasing detection, the proposed framework is expected to help disentangle aliased-
induced color mosaics in CFI frames. In turn, it can potentially improve CFI’s utility in clinical
vascular diagnostics, especially in cases with tortuous vessels with significant temporal variations in

flow profile.
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Chapter 4
A GPU-Based, Real-Time Dealiasing Framework for Vector Doppler

Imaging

4.1 Introduction

High frame-rate vector flow imaging is an emerging ultrasound technique for visualizing complex
and transient in vivo flow dynamics in real-time (Goddi et al., 2017). One recognized way of realizing
this technique is to perform multi-angle Doppler estimation where a set of plane wave pulses is
transmitted sequentially from multiple steering angles (Jensen, J. A. et al., 2016b). For such an
approach, which is often referred to as vector Doppler, the flow vector at each pixel position in the
imaging view is derived via a two-step process. First, for each steering angle, pulsed Doppler
estimation is carried out on every pixel position by individually processing the corresponding slow-
time ensemble. Second, at each pixel position, the Doppler frequency values derived from different
steering angles are used as input to a least squares fitting operation that computes the resulting flow
vector from triangulation arguments and multiple instances of the Doppler equation (Jensen, J. A. et

al., 2016a).

Although performing vector flow imaging via Doppler principles has demonstrated robust
estimation performance (Jensen, J. A. et al., 2016a), it is known to be prone to Doppler aliasing errors
where, for any steering angle at a given pixel position, the Doppler frequency estimate may not
correspond to the actual value induced by blood flow. The root cause for the emergence of Doppler
aliasing is insufficient slow-time sampling, in which the pulse repetition frequency (PRF) used to
acquire slow-time ensembles was lower than the Nyquist limit (i.e. two times of the maximum
Doppler frequency induced by blood flow) (Pellett et al., 2005). If left unaddressed, aliased Doppler
frequency estimates at certain steering angles would ultimately lead to the derivation of spurious flow
vectors due to erroneous least squares fitting. In turn, they would significantly distort the appearance
of the flow profile rendered in the imaging view (Goddi et al., 2017). Aliasing is particularly
problematic in live implementations of high-frame rate vector Doppler. In such situations, the
maximum PRF that can be used is constrained by the available data transfer rates on the scanner
(Boni et al., 2018) or the use of multiple steering angles for robust flow vector estimation (Yiu & Yu,
2016). Consequently, aliasing is more prone to occur since it is well possible for the maximum

detectable flow speed to be lower than the actual flow speeds found in major arteries, especially in
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stenosed arteries where flow speeds can exceed 2 m/s (Au et al., 2020; Goddi et al., 2018). Note that
the choice of PRF may also be limited by imaging depth constraints inherent in the pulse-echo
sensing process. As such, aliasing artifacts tend to emerge more easily when performing vector

Doppler mapping of fast blood flow in deep vessels (Au et al., 2019).

Resolving aliasing errors in vector Doppler is after all a challenging task, particularly if it needs to
be done in real-time. On this topic, one proposed solution is to apply, for each steering angle, a
dealiasing algorithm on the Doppler frequency estimates at every pixel position in the image frame
(Lai et al., 1997; Muth et al., 2011; Posada et al., 2016). For vector Doppler, staggered (Madiena et
al., 2018; Ricci et al., 2017) and dual-wavelength transmissions (Porée et al., 2021) have been
successfully used to achieve aliasing-resistant vector Doppler. Another aliasing correction technique
for vector Doppler is to holistically take into account all Doppler frequency estimates from all
steering angles (Flynn et al., 2011). Transcending beyond these initial solutions for dealiasing, an
extended least squares vector Doppler (ELS-VD) algorithm (Ekroll et al., 2016) was recently
introduced as a more robust dealiasing framework for vector Doppler. It works by synergizing least
squares fitting (Yiu & Yu, 2016) and speckle tracking (Bohs et al., 2000) principles to effectively
identify and resolve aliased Doppler frequency estimates. This solution has demonstrated efficacy in
suppressing aliasing artifacts from in vivo vector Doppler maps acquired from the carotid bifurcation.
However, the algorithm’s reported processing throughput of 5 s per frame (Ekroll et al., 2016) is
seemingly inadequate for real-time realization. As ultrasound is typically regarded as a real-time
imaging modality that may be used in point-of-care settings (Moore & Copel, 2011), excessive offline
processing would hinder clinical translation of vector Doppler as a potent vector flow imaging

technique that is resilient against aliasing artifacts.

In this article, we present a new real-time dealiasing framework for vector Doppler estimation
performed on high-frame-rate imaging datasets acquired from multiple plane wave steering angles. In
devising our framework, we have worked with the guiding proposition that an effective dealiasing
algorithm with real-time feasibility can be developed by harnessing the theoretical merit of the ELS-
VD method and reformulating its execution using parallel computing principles and graphical
processing unit (GPU) processing. We have particularly sought to exploit the multidimensional data
independency inherent in the ELS-VD method to devise a single-instruction, multiple threads (SIMT)
parallel computing pipeline that can be readily executed with high processing throughput on the GPU

that has many compute cores in its hardware. We shall demonstrate our framework’s real-time
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performance while reaping the theoretical benefits of ELS-VD to achieve robust vector flow imaging

via Doppler principles.

4.2 Technical Principles

The objective of our algorithmic framework is to derive aliasing-resistant vector flow maps with real-
time processing throughput. It achieves so by making use of SIMT-based parallel computing
principles, which form the essence of GPU programming, to execute ELS-VD’s signal processing
chain. In brief, the ELS-VD algorithm (Ekroll et al., 2016) works by deriving, for each pixel, a

dealiased velocity vector estimate through two computational stages:

1) Identify the pen-optimal aliasing correction vector p that yields the least squares fitting error

(Yiu & Yu, 2016) among a system of multi-angle Doppler equations;

2) Find the aliasing-free velocity vector v, by generating dealiased velocity vector candidates with
the pen-optimal aliasing correction vector and then using speckle tracking (Bohs et al., 2000) to find

the one with the highest flow speckle similarity.

This algorithm can in principle resolve aliasing artifacts with higher aliasing orders (i.e. multiple
wraparound cycles), in which for a given aliasing order L (a natural number), the actual Doppler
frequency may exceed the maximum unaliased frequency by up to L-fold of the unaliased frequency
range. The following subsections shall explain how our algorithmic framework can significantly
accelerate the computation of the above algorithm to achieve real-time ELS-VD. Note that our
methodological description is not intended to restate all the theory behind the ELS-VD algorithm
(Ekroll et al., 2016). Instead, our focus is on explaining the parallelization solution that we have

newly devised to realize the notion of real-time ELS-VD.

4.2.1 Key Parameters of Interest

From a computational standpoint, real-time execution of the ELS-VD technique is bottlenecked by a
few major parameters. One major influencing parameter is the number of pixels C that requires ELS-
VD to be performed in each image frame. Another key parameter is the number of transmit-receive
(Tx-Rx) angle pairs N, since a larger N yields more Doppler frequency measurands, each of which
may be prone to aliasing that needs to be rectified. A third governing parameter is the aliasing order
L, because a larger L naturally creates more instances of aliasing correction vector candidates that

need to be analyzed in the ELS-VD algorithm. Fourthly, the parameters used in speckle tracking
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analysis would influence the required processing time, particularly when using a larger spatial
window dimension B and a larger slow-time window size M for block matching. In our framework,
various steps in ELS-VD’s processing pipeline have been parallelized to reduce the computational

burden imposed by these major influencing parameters.

4.2.2 Overall Parallelization Strategy

Pixel-Level Operation-Level

| ) Calcu!ateAfl:} 1) CalculateResidues E> Ill) FindBestPattern

Squared Error Matrix Operations

| 1 [:ﬁ;]

|

‘ 1V) CalculatePotential\Velocities D}V) B!ockMarchfng[} Vi) FindBestVelocity |

Correlation

Figure 4.1. Multi-level parallelization of our real-time ELS-VD framework. At the frame level, each pixel can be
processed independently. Within each pixel, execution of the ELS-VD algorithm involves sequential execution of 6
compute kernels (see Table 4.1 for each kernel’s function). Within each kernel, various matrix arithmetic and
computational operations can also be parallelized.

We have organized our real-time computing framework in a three-level (frame, pixel, operation)
hierarchy as illustrated in Figure 4.1 to parallelize various ELS-VD computing stages. On an image
frame level, ELS-VD is concurrently applied to estimate individual pixel position’s dealiased flow
vector estimate. Such a pixel-by-pixel parallel processing approach is inherently executed without
interpixel dependence. Note that frame-based pixelwise parallelization itself is inadequate to achieve
real-time processing, as we have discovered in our in-house preliminary tests. It is necessary to
further parallelize the computational tasks when processing the set of slow-time ensembles for each

pixel.

In our framework, pixel-level parallelization was achieved by exploiting the concurrency of various
steps within ELS-VD when processing each pixel. Specifically, it is known that ELS-VD involves
two algorithmic stages (Ekroll et al., 2016), in which different instances of the same computational

operation are required and some precalculated constants are repeatedly accessed. As such, our
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framework has sought to achieve parallelization by allocating multiple threads to handle different
instances of calculations and by making frequently accessed data values conveniently accessible to all

threads that need them.

The third level of parallelization in our framework pertains to specific computational operations in
the algorithm. For instance, the execution of least squares fitting calculations (Yiu & Yu, 2016)
involves matrix operations that can be accelerated via parallel computing. Accordingly, these

operations have been parallelized through element-wise operations that can run concurrently via a
SIMT approach.

With three levels of parallelization, our framework for SIMT has been structured into 6 compute
kernels, each of which leverages a hierarchical organization of threads to achieve different parallel
computation tasks. The function of each kernel is summarized in Table 4.1. Note that Kernels 1-3
focus on handling the first algorithmic stage of ELS-VD, while Kernels 4-6 address the second stage.

Specific parallelization strategies are discussed in the following two subsections.

Table 4.1

Kernels Used in the Framework.

Kernel Purpose
1. CalculateAf Performs the matrix multiplication operation A” f
2. CalculateResidues Calculates all X instances of the residue rx

) Finds the pen-optimal aliasing correction vector p according to minimum
3. FindBestP

squared residue

4. CalculatePotential Velocities Generates the potential velocity candidates from the best pattern
5. BlockMatching Performs block matching comparisons
6. FindBestVelocity Determines the final velocity estimation

4.2.3 Stage One: Parallelized Derivation of Pen-Optimal Aliasing Correction Vector

At each pixel, with the set of slow-time ensembles acquired from all N Tx-Rx angle pairs, the first
stage of ELS-VD seeks to identify the pen-optimal aliasing correction vector p with N entries, where
each entry indicates the number of frequency unwrapping cycles (within the integer range —L to +L)
to be applied to the Doppler frequency estimate (normalized to PRF) of a given Tx-Rx angle pair
(Ekroll et al., 2016). To perform this task, a set of normalized Doppler frequency measurands f (with

N elements) is first computed. Subsequently, aliasing correction vector candidates pi are formed, each
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of which is one combination of the set of frequency unwrapping cycle values to be applied to all but
one Tx-Rx angle pairs (Ekroll et al., 2016). Note that, by deduction, the total number of aliasing
correction vector candidates K is equal to (2L+1)""". For each instance of py, its fitting residue (i.e.
squared error) ry in least squares velocity vector estimation is computed as follows for a given speed

of sound c¢,, ultrasound frequency f,, and PRF value fpr#:

n c f
ne =|Av—ud+p,)|,, forﬂ="‘TPRF @.1)

o

where A is the Nx2 angle matrix in the system of Doppler equations from the Tx-Rx angle pairs (Yiu

& Yu, 2016), v is the 2x1 velocity vector estimate at the pixel, f is the Nx1 ensemble of normalized

mean Doppler frequencies obtained from all angle pairs, and | x |,=v/x” x is the /> norm (x” denotes the

transpose of x). The instance of p; with the minimum fitting residue is then set as the pen-optimal
aliasing correction vector p. In other words:

p =argmin(7;, )

- (4.2)

In pursuit of a parallel implementation of Equations (4.1) and (4.2), we note from linear algebra
(Moon & Stirling, 2000) that 7 is essentially equal to the /> norm of the product between the
orthogonal projection of A and the dealiased measurand vector (f +py). This operation can be

mathematically expressed as:
n =|Af+ A p, 5 (4.3)

where A”is the NxN projection matrix that is equal to (AA™-I), with A" and I respectively being the
pseudoinverse of A (2xN) and an identity matrix (NxN). Note that, in Equation (4.3), A” and A”p; are
algebraic quantities that remain constant for all pixels and can thus be precalculated. In contrast, A’f
is the only part of the equation that needs to be calculated differently for each pixel. Based on this
notion, we have devised three SIMT compute kernels in our framework to handle specific

computational tasks, as elaborated in the following.

1) CalculateAf Kernel: We have devised a compute kernel to perform the A’ operation for each
pixel. This kernel uses N? threads per pixel to parallelize the prescribed computation process on an

element-wise basis. Specifically, each thread with a unique identification (i,j) is responsible for
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calculating the product between one matrix element and the corresponding element in the vector f as

follows:

,oa
Wii=aif; (4.4)

where (.);;denotes the element in the i row and the j™ column in that matrix and (.);; denotes the j®
element in the vector. Subsequently, N threads are used to form the vector AT, whose i element is

the result of the following summation that is handled by the i thread:

N N
(APD), =Dy, =>al}f; (.5)
j=1 Jj=1

2) CalculateResidues Kernel: The output from the first kernel is fed as input into a second kernel
that aims to compute the fitting residue for all aliasing correction vector candidates. The latter process
involves a parallelized solution to Equation (4.3), whereby parallel addition of A*f+A*p; and
computation of the resulting /> norm are performed for each aliasing correction vector candidate. For
this computation, K threads per pixel are used to perform the element-wise vector addition tasks
needed to compute the residue for all aliasing correction vector candidates. The k™ thread is

specifically responsible for calculating the following squared sum:

N
n’ =Y (ATf+A ) (4.6)
i=1

Note that, since finding the minimum 7y is equivalent to finding the minimum 74’, the square root

operation is omitted in Equation (4.6) to reduce the computational burden.

3) FindBestP Kernel: Given the calculated residues, the third kernel then proceeds to search for the
pen-optimal aliasing correction vector p that has the minimum residue (among a set of K candidates).
It achieves so by performing tree-based parallel reduction with multiple threads. Specifically, the set
of K residue values are first partitioned into equally sized subsets, and each thread is used to search
for the minimum of one subset. These local minima are then repartitioned into another cluster of
subsets, and parallelized search for subset minima is again performed. This reduction process is

repeated until the global minimum is obtained as per Equation (4.2).
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4.2.4 Stage Two: Parallelized Computation of Optimal Dealiased Velocity Vector

After obtaining the pen-optimal aliasing correction vector p, the ELS-VD algorithm proceeds to
determine the dealiased velocity vector vp. This task is achieved via multiple steps. First, since p
covers the frequency unwrapping cycle values for all but one Tx-Rx angle pair (Ekroll et al., 2016), a
set of 2L+1 dealiased velocity vector candidates is derived to cover possible aliasing cases (spanning
from —L to +L) that may arise for the measured Doppler frequency of the remaining Tx-Rx angle pair
not covered in the previous ELS-VD algorithmic stage. Each dealiased velocity vector candidate v,
can be found from the least squares solution to the system of Doppler equations (Yiu & Yu, 2016), as

given by:
v =uA(f +q)) (4.7)

where q; is a candidate for the optimal aliasing correction vector, and it is one instance of the pen-
optimal vector p with a specific frequency unwrapping cycle value (i.e. an integer from —L to L) for
the unaccounted Tx-Rx angle pair. In the second step, for each dealiased velocity vector candidate,
inter-frame block matching performed to determine the corresponding sum of absolute difference
(SAD) value. At last, the velocity vector candidate with the minimum SAD is defined as the aliasing
free velocity vector vp for that pixel. In our framework, one compute kernel is devised for each of the

three steps. Their specific operations are presented as follows.

1) CalculatePotentialVelocities Kernel: To derive the set of dealiased velocity vector candidates v,
this kernel first allocates a block of threads to execute all 2L+1 instances of Equation (4.7) on an
elementwise basis. Given the dimensions of the matrix and vectors in Equation (4.7), 2N groups of
threads are assigned per pixel, each group of which is responsible for handling the matrix
multiplication between one element of the 2xN matrix A" and the corresponding element in the Nx 1
vector (f+q;). Each thread group is allocated with 2L+1 threads to parallelize the calculations for all
instances of (f+q;). Accordingly, the two elements of the i dealiased velocity vector candidate (i.e.
its axial and lateral velocity components) are found to equal to the following sum of elementwise

products corresponding to the same matrix row of A':

N
v =24l Lf;+(ap);] (4.8)
=
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N ~
(V)2 =D a} [Lf;+(ap);] (4.9)
Jj=1

2) BlockMatching Kernel: This kernel takes the 2L+1 instances of dealiased velocity vector
candidates v; as input to perform speckle tracking to determine which instance of v; yields the highest
interframe flow speckle similarity (Ekroll et al., 2016). For each velocity vector candidate, the kernel
first calculates its corresponding interframe displacement (equals to v; multiplied by inter-frame
interval) across a sequence of M consecutive flow speckle frames in a given time window of interest
(with M typically smaller than or equal to the slow-time ensemble size used to calculate Doppler
frequencies). For each pair of adjacent frames, a block of BxB pixels centered about the pixel of
interest is formed in the former frame, and the corresponding displaced block location is identified in
the latter frame. After that, the flow speckle similarity is evaluated between the former frame’s BxB
block and the displaced B*B block in the latter frame. This measure is calculated as SAD of the two
blocks, and the cumulative SAD over all M—1 adjacent frame pairs is evaluated. Such a sequence of
calculations for the entire set of velocity vector candidates is handled in parallel by the kernel via the
use of B? threads. The (i,/)™ thread is responsible for finding the cumulative SAD of one pixel in the
block [denoted as Ai,j)] over all M—1 adjacent frame pairs:

M-1
NG ED N TN BNy (4.10)
m=1

where s,(i,j) denotes the (i,/)™ block pixel in the former flow speckle frame in the m™ adjacent frame
pair, while s'p »+1(i,/) denotes the same block pixel in the latter frame’s displaced block for the Ith
velocity vector candidate v;. It follows that the SAD for the /™ dealiased velocity vector candidate

(denoted as A)) is given by:

B B
A= NG ) .11
i=1 j=1
When calculating Equations (4.10) and (4.11), non-flow pixels in the block, as determined via
power thresholding akin to power Doppler imaging, are excluded from the SAD computation. Also,
tree-based parallel reduction, similar to what has been described in Section 4.2.3.3, is implemented in
the kernel to accelerate the addition process in Equation (4.11). Note that, in lieu of SAD, cross-

correlation (i.e. sum of squares) may also be used to evaluate inter-frame flow speckle similarity. Yet,
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it has not been used in this kernel because it is more computationally intensive due to the involvement
of multiplications, and it has been suggested that SAD outperforms sum of squares in block matching

(Idzenga et al., 2014).

3) FindBestVelocity Kernel: This last kernel in our real-time ELS-VD framework works to identify
the optimal velocity vector vp that is ideally not subject to aliasing. It achieves so by analyzing the
2L+1 values of SAD calculated for all dealiased velocity vector candidates. vpis then defined as the
dealiased velocity vector with the minimum SAD, which corresponds to the highest interframe flow
speckle similarity. Computationally, this task is similar to the one in the FindBestP kernel (see
Section 4.2.3.3). The only difference is that the minimum SAD search process can be executed

trivially without the need to implement parallel reduction strategies since L is typically not large.

4.3 Implementation of Real-Time ELS-VD

In this work, the compute unified device architecture (CUDA) platform (NVidia, Santa Clara, CA,
USA) was used to implement our parallelized ELS-VD framework. CUDA is an application
programming interface (API) developed for general-purpose computing on GPUs, and it relies on a
SIMT architecture. The ELS-VD framework was realized as a standalone processing pipeline on a
computing platform that was equipped with a Xeon E5-2620 central processing unit (Intel, Santa
Clara, CA, USA) and an RTX-2080 GPU (NVidia). Our framework was coded in C++ using the
CUDA API (ver. 8.0.60), and it was compiled for use with MATLAB (ver. 2020a; Mathworks Inc.,
Natick, MA, USA) through the use of the MEX functionality. Its implementation has also adopted

different optimization strategies to enhance the framework’s efficiency, as described in the following.

4.3.1 General Considerations for Fast Execution

In implementing our real-time ELS-VD framework on the GPU, we have optimized its computational
operations for single-floating point precision. Specifically, all variables have been stored and
processed as £1oats data type. Also, we have leveraged CUDA’s fast maths compilation

setting whenever possible to execute arithmetic operations such as division and power.

Besides optimizing the arithmetic operations, we have taken into consideration various key features

of the GPU when implementing real-time ELS-VD. These features include:

1) Each GPU is equipped with thousands of compute cores (4,352 on the RTX-2080 model) to

facilitate concurrent execution of multiple threads;
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2) CUDA-based computing kernels are executed with thread blocks (indexed in 2-D entities) that
have access to the GPU’s on-chip memory, whose access latency is much shorter than the

GPU’s off-chip global memory;

3) There is a maximum thread block size that is supported by the GPU (1,024 for the RTX-2080
model), beyond which run-time overhead arises and it negatively impacts the computing

throughput.

4) GPU’s on-chip memory is limited in capacity; on the RTX-2080 GPU, between a group of 64
threads, only 96 kB of on-chip memory (64 kB shared memory and 32 kB L1 cache) is

available for sharing;

5) Texture memory is available on the GPU to cache frequently accessed data in the GPU’s global

memory.

The following subsections shall describe how we have carefully organized the kernel’s thread

blocks and operations to make appropriate use of the GPU’s available compute resources.

4.3.2 Fast Memory Access Based on the Use of One Thread Block Per Pixel

Various kernels in our real-time ELS-VD framework have suitably leveraged the GPU’s fast on-chip
memory by executing their SIMT computations on a one thread block per pixel basis. For example,
the CalculateAf kernel (Section 4.2.3.1) requires N* threads for each pixel with N (number of Tx-Rx
angle pairs) typically less than 32, so accordingly an NxN thread block is allocated to execute this
kernel for each pixel. In doing so, the matrix elements of A” and f, which are repeatedly accessed
according to Equation (4.4), are copied to the GPU’s shared memory during run-time to significantly
shorten the resulting data access latency. A similar strategy for thread block organization is used in
the CalculatePotentialVelocities kernel (Section 4.2.4.1) and the FindBestVelocity kernel (Section
4.2.4.3).

4.3.3 Optimization of the CalculateResidues Kernel

For compute kernels that require more processing threads than the maximum block size of 1,024
threads, we have adopted alternative implementation strategies to ensure that only one thread block is
allocated to process each pixel. Specifically, for the CalculateResidues kernel (Section 4.2.3.2) that in
principle uses K threads (where X is typically much larger than 1,024 as per Section 4.2.3), it has
adopted a min(1024,K) thread block structure so that the number of threads per block would not
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exceed 1,024. If K was greater than 1,024, the threads were instructed to compute Equation (4.6) for
multiple instances of p; (with an even distribution of computing load between threads). This
implementation strategy was chosen in lieu of initiating more thread blocks so that thread
organization can be simplified to reduce the number of read-write operations between the GPU’s

global memory and on-chip memory.

4.3.4 Optimization of the FindBestP Kernel

For the FindBestP kernel (Section 4.2.3.3), depending on the actual values of N and L, it is also prone
to use more threads than the maximum block size supported by the GPU. To alleviate this issue, we
have frontloaded parts of the minimum search operation to the CalculateResidues kernel. In
particular, since each thread within CalculateResidues is already tasked to calculate 74 for multiple
instances of px, we have revised its operation further so that it would also directly identify the
instance with the minimum 74 value within its subgroup. This strategy is computationally effective,
because the values for multiple instances of 74* already exist within the thread block’s allocated on-
chip memory. In turn, the number of memory access operations is reduced to improve the processing
throughput, and the FindBestP kernel’s parallel reduction task is naturally simplified. Note that, for
the FindBestP kernel’s minimum search among the remaining candidates, we have divided them into
subsets of 32, so that at most 32 subsets can be processed by a single block of 1,024 threads. The key
benefit of doing so is that the same thread block’s on-chip memory can be leveraged to effectively
reduce memory access latency of repeated ri* value access requests during the minimum search. Only
the final global minimum result would be copied back to the GPU’s global memory for further

processing.

4.3.5 Optimization of the BlockMatching Kernel

For the BlockMatching kernel (Section 4.2.4.2), there is repeated access of flow speckle image values
in the current frame when executing Equation (4.10), and some flow speckle pixels are common
between the spatial block matching window of adjacent pixels. Accordingly, the kernel has been
devised to copy these frequently accessed flow speckle image values to the GPU’s texture memory to
reduce the data access overhead involved in retrieving data from the GPU’s global memory. Note that
the number of threads required to compute Equations (4.10) and (4.11) depends on the size of the

BxB spatial window used for block matching. As such, give a maximum thread block size of 1,024,
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the window dimension B was limited to 32 or smaller so that a single thread block can be allocated to

handle the block matching calculations for one dealiased velocity vector candidate.
4.4 Experimental Methods

4.4.1 Experimental Hardware

Our real-time ELS-VD framework’s efficacy, including both its aliasing resistance and processing
throughput, was investigated through a series of phantom data processing trials. The experimental
hardware consists of an anthropomorphic phantom and a high frame rate imaging platform. The
phantom was a wall-less carotid bifurcation model with 50% stenosis, which was chosen because of
the prevalence of aliasing in stenosed conditions. It was fabricated using an investment casting
protocol reported elsewhere (Ho et al., 2017). Its tissue-mimicking material was composed of a
mixture of 10% polyvinyl alcohol (341584; SigmaAldrich, St. Louis, MO, USA), 3% graphite
scatterers of particle diameter less than 20 pm (282863; Sigma-Aldrich), and 0.3% potassium sorbate
preservatives (85520; Sigma-Aldrich). The phantom was connected to a pulsatile flow pump that
generated carotid pulses with a peak flow rate of 5 ml/s and a pulse rate of 72 beats/min. The blood
mimicking fluid was matched to the acoustic and viscous properties of human blood. Details on the
fabrication of the flow pump and the blood mimicking fluid have been reported elsewhere (Ho et al.,

2017).

The imaging platform was a research-purpose ultrasound scanner (SonixTouch; Analogic
Corporation, Peabody, MA, USA) with a linear probe L14-5 linear that was configured for plane
wave transmission, and a pre-beamformed data acquisition system (Cheung et al., 2012) was used to
acquire the channel-domain radiofrequency (RF) data needed for processing. Imaging and system
parameters used in this experiment are shown in Table 4.2. In brief, transmission was performed with
two steering angles (—10°, +10°) and the raw data was then beamformed on receive to form 7 Tx-Rx
steering angle combinations. These combinations were chosen for their effectiveness in resolving
aliasing artifacts as reported earlier (Ekroll et al., 2016). Offline processing was then performed on
the acquired data via a custom MATLAB and CUDA-based pipeline for beamforming (Yiu et al.,
2011) and Doppler processing (Yiu & Yu, 2013). Accordingly, Doppler frequency measurands, flow
detection maps, and flow speckle maps are derived for each image frame, and they were used as input

to analyze the efficacy of our real-time ELS-VD framework.
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Table 4.2

Imaging Parameters Used in the Experiments.

Parameter Value
Imaging Platform

Number of Tx/Rx channels 128

Array pitch (mm) 0.3048

Data sampling rate (MHz) 40

Data sample resolution (bits) 12

Data Acquisition

Imaging frequency (MHz) 5

Tx pulse duration (number of pulses) 3

Tx steering angles (°) —10 and +10
Pulse repetition frequency (Hz) 3333 (for each Tx angle)
Data acquisition duration (s) 2
Beamforming

RF filter passband (MHz) 2.5-7.5

RF filter order 31

Filter design method Equiripple

(Tx, Rx) angle pair combinations
Image dimension (cm)

Image dimension (number of pixels)

(-10°,-10°), (-10°,-3°), (-10°,6°), (-10°,10°), (10°,-6°), (10°,3°), (10°,10°)
Lateral: —1.9 to 1.9, Axial: 0.0 to 4.0
256 (lateral) x 256 (axial)

Slow-Time Data Processing
Clutter filter cut-off (normalized)
Clutter filter order

Filter design method

Slow-time ensemble size (samples)

Sliding window step size (samples)

0.05
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Equiripple

30 (sliding window processing)

1

4.4.2 Dealiasing Performance Analysis

Using our real-time ELS-VD framework, aliasing-resistant flow vector estimation was performed on

a frame-by-frame basis on the GPU. The results were then copied back to the CPU for visualization.

Flow vector estimation was also performed using the conventional least squares vector Doppler

estimator (Yiu & Yu, 2016) to determine the impact of aliasing on the resulting vector flow images if

these artifacts were not resolved. To facilitate quantification of our framework’s efficacy in achieving

dealiasing, we have generated a set of reference flow vector maps by performing inspection-based

manual dealiasing on the flow vector maps obtained via least squares vector Doppler estimation. The
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procedure for manual dealiasing has been presented elsewhere (Nahas et al., 2020). The root-mean-
squared difference (RMSD) between the ELS-VD-derived flow vectors and the manually dealiased
flow vectors were then calculated as a metric for our framework’s aliasing resistance efficacy,
especially for the image frames corresponding to flow systole when the fastest flow velocities

emerged.

4.4.3 Throughput Analysis

The throughput of our real-time ELS-VD framework was evaluated in terms of the processing time
per frame under different imaging resolutions and different parameters. Each kernel’s execution time
was tracked individually using CUDA timers to identify the framework’s computational bottlenecks.
The measured time only considered the GPU processing time, while the time for auxiliary operations
(e.g. data transfer between CPU and GPU, and CPU functions) was excluded because the practical

use of our framework would involve an end-to-end GPU processing pipeline.

We specifically investigated the impact of the following factors on processing time: 1) number of
flow pixels being processed C, 2) maximum aliasing order L, 3) block matching spatial dimension B,
and 4) slow-time window size M used for block matching. In a practical application, the number of
flow pixels processed depends on the imaging resolution and the flow dynamics of the scene, making
it an important parameter to investigate. The maximum aliasing order is a function of the imaging
scenario, with faster flow conditions requiring higher aliasing order. Moreover, this parameter has a
significant impact on the number of aliasing patterns to investigate. The block matching parameters
(spatial window size and slow-time window size), which influence the fidelity of the speckle tracking

analysis, may well impact the processing time and thus their effects should be analyzed.

4.5 Results

4.5.1 Real-Time Aliasing-Resistant Flow Vector Mapping Achieved in a Stenosed
Carotid Bifurcation

Aliasing-resistant flow vector estimation was demonstrated successfully in the stenosed carotid
bifurcation phantom. Figure 4.2a, b and c respectively show the peak-systolic flow vector maps
derived using the least squares vector Doppler estimator, our real-time ELS-VD framework, and

manual dealiasing. The ELS-VD estimation results were obtained for L=1, B=20, and M=30. Note

87



that, in Figure 4.2a, the white-colored flow vectors indicate ones with aliasing artifacts as determined

from the manually dealiased reference. The key observation to be noted from Figure 4.2a is that,

60 cm/s
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e

Figure 4.2. Peak-systolic flow vector profiles obtained from a carotid bifurcation phantom with 50% stenosis. Results are
derived using: (a) least squares vector Doppler estimation, with aliasing artifacts highlighted in white; (b) the real-time
ELS-VD framework; (c) manually dealiasing (shown for reference).

during peak systole, aliasing expectedly emerged in the carotid stenosis region because the narrowed
lumen had induced faster flow velocities. These artifacts have been largely resolved by our real-time

ELS-VD framework, as shown in Figure 4.2b. Indeed, over the 371 systolic frames where aliasing
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artifacts emerged, real-time ELS-VD merely yielded an RMSD of 5 cm/s in the stenotic jet region
with respect to the manually dealiased flow vector reference maps that have a systolic jet speed of 60
cm/s (as shown in Figure 4.3b). In contrast, the least squares vector Doppler estimator was found to

yield a significantly higher RMSD of 44 cm/s in the stenosis zone.

As a substantiation of the notion of real-time processing, Figure 4.3a plots the frame processing
time over one full cardiac cycle. For reference, the mean flow speed profile is also plotted in Figure
4.3b for the white square zone indicated in Figure 4.2c. It can be observed that, regardless of the
cardiac cycle phase, the frame processing time was under 16 ms, which corresponds to a minimum
processing throughput of 62.5 frames per second (fps). The frame processing time was found to vary
slightly over different cardiac cycle phases. During systole, more flow pixels emerged because of
flow-mediated dilation of the vessel lumen, and thus ELS-VD needed to be applied to more pixels to
detect (and possibly correct for) aliasing artifacts. Nonetheless, real-time processing throughput was

still achieved in this scenario.
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Figure 4.3. Real-time feasibility of the proposed framework. (a) Frame processing time and the number of flow pixels,
shown over all 2,775 frames in a single cardiac cycle. (b) Reference flow speed profile in the white square denoted in
Figure 4.2c.
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4.5.2 ELS-VD Processing Throughput Influenced by Multiple Parameters

For practical combinations of processing parameters, our ELS-VD framework was generally found to
be capable of achieving real-time processing throughput (with at least a video-range frame rate of 25
fps). Figure 4.4 shows a series of corresponding results. Specifically, Figure 4.4 shows the frame
processing time as a function of the number of flow pixels C being processed and the maximum
aliasing order L (for B=20 and M=30). This plot confirms that the frame processing time expectedly
increased when there were more flow pixels or with the use of a larger aliasing order. For an aliasing
order of 1, our ELS-VD framework can achieve real-time performance for frames with just over
40,000 pixels, or an image grid of 200%200. In contrast, for an aliasing order of 3, our framework can

yield real-time throughput for frames with 8,100 pixels.

As additional insight into the real-time performance of our ELS-VD framework, Figure 4.4b shows
the number of pixels that can be processed at a 25 fps throughput under different block matching
spatial window sizes and aliasing orders (for A#=30). This plot shows that the use of a smaller spatial
window for block matching tends to allow more pixels to be processed at real-time throughput. Figure
4.4c shows the pixel processing throughput (with 25 fps rate) as a function of the slow-time block
matching window size M that sets the number of frames to be included in each block matching
operation (for 20x20 spatial windows). As expected, the number of pixels that can be accommodated

with real-time throughput was decreased at larger slow-time block matching window sizes.

4.5.3 Block Matching is the Primary Computational Bottleneck.

As shown in Figure 4.5, the BlockMatching kernel was found to be the bottleneck in every tested
configuration of our real-time ELS-VD framework. In particular, Figure 4.5a shows the percentage of
processing time occupied by each GPU kernel as a function of slow-time block matching window size
M for L=1 and B=20. As the slow-time block matching window size increased to 30, the
Blockmatching kernel apparently dominated nearly 90% of the frame processing time. When a
smaller spatial window dimension B was used for block matching, the Blockmatching kernel was
found to occupy a shorter fraction of the frame processing time, as shown in Figure 4.5b for L=1 and
M=20. The only instance where another kernel, CalculateResidues, was identified as a major
computational bottleneck was when using a high aliasing order of L=3. As shown in Figure 4.5c¢ (for
B=20 and M=20), in the case of L=3, 98% of the frame processing time was attributed to two kernels:
CalculateResidues (51%) and BlockMatching (47%).
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Figure 4.4. Computing performance of the real-time ELS-VD framework as a function of different parameters, including:
numbers of flow pixels C, maximum aliasing order L, block matching window dimension B, and slow-time block
matching window size M. (a) Frame processing time as a function of C for L =1, 2, 3 (with B =20, M = 30); (b) Number
of flow pixels that can be processed in real-time (25 fps) for different BxB block matching windows (L =1, 2, 3; M = 30).
(c) Number of pixels that can be processed in real-time (25 fps) as a function of M (L =1, 2, 3; B =20).
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Figure 4.5. Processing time for each kernel in the real-time ELS-VD framework. Results are shown (in percentages) as a
function of: (a) slow-time block matching window size M (L = 1; B = 20); (b) block matching spatial window size BxB
(L =1; M = 20); (c) Maximum aliasing order L (B =20; M = 20). Number of flow pixels C was kept constant at 65,536
(256%256) in all cases.

4.6 Discussion

4.6.1 Summary of Contributions

There is significant interest in translating high frame rate vector flow imaging toward use in the clinic
to facilitate the imaging of complex and transient phenomena (Goddi et al., 2017; Hansen et al., 2017;
Hansen et al., 2019). Success in such a clinical translation drive can have ramifications on
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cardiovascular health monitoring, especially in the diagnosis of diseased conditions such as
atherosclerosis where complex hemodynamics are prone to emerge and are known to contribute to
disease progression (Ku, Giddens, Phillips, & Strandness, 1985; Steinman & Taylor, 2005; Younis et
al., 2004). For vector flow imaging to be favorably considered as a useful clinical diagnostic tool, it is
important for this modality to be realized in real-time without aliasing artifacts. In response to such a
technical need, we have sought to devise a GPU-based ELS-VD framework (Figure 4.1) with a set of
SIMT computing kernels (Table 4.1) to derive aliasing-free velocity vector maps at real-time
processing throughput. This framework has transcended beyond the original ELS-VD algorithm
(Ekroll et al., 2016) by introducing parallel computing principles that favor real-time realization, and
it has been implemented with the CUDA API and has been executed on commercial NVidia GPUs
(RTX-2080).

Experimental results have shown that our GPU-based ELS-VD framework is effective in resolving
aliasing artifacts in an anthropomorphic carotid bifurcation phantom with 50% stenosis (Figure 4.2)
with short frame processing time that corresponds to real-time video display rates (Figure 4.3). Our
framework has also succeeded in achieving real-time de-aliasing functionality for higher aliasing
orders and for practical frame sizes with a reasonable number of flow pixels (Figure 4.4). Among all
the computational operations of our ELS-VD framework, we found that block matching is generally
the most time consuming (except in the case with an aliasing order of 3) and occupies the majority of

processing time needed to derive each frame of dealiased vector flow map (Figure 4.5).

From an engineering standpoint, our GPU-based ELS-VD framework is of practical significance in
that it represents the utility of GPU processing in achieving real-time aliasing-resistant vector Doppler
estimation. Compared to the staggered PRF method (Madiena et al., 2018; Ricci et al., 2017), the
proposed framework does not require additional transmissions at different PRFs which can strain data
transfer bandwidth and limit the available ensemble length. This framework also does not require a
priori knowledge of aliasing characteristics (i.e. no data training is needed), so it is fundamentally
different from inference-based dealiasing solutions that rely on deep learning principles to correct for
aliasing artifacts (Nahas et al., 2020). Note that the approach of accelerating various aspects of the
ultrasound processing pipeline using GPU processing has been gaining momentum in the field (So,
Chen, Yiu, & Yu, 2011). This processing strategy has been successfully applied to beamforming (Yiu
etal, 2011; Yiu & Yu, 2015), Doppler processing (Chang et al., 2009; Chee et al., 2017) and strain

imaging (Idzenga et al., 2014). It can be anticipated that our current work can directly contribute to
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ongoing endeavors in realizing a full end-to-end GPU processing pipeline that can be implemented on

the new generation of software-oriented research scanners (Yiu & Yu, 2016).

4.6.2 Insights on GPU Acceleration of ELS-VD

In this work, GPU acceleration of the ELS-VD framework was realized via SIMT parallelization with
a three-level hierarchy of threads: frame level, pixel level, and operational level (Figure 4.1). This
parallelization strategy naturally emerged from the data independencies of the ELS-VD framework,
and it complemented the organization of threads used in GPU architecture. This thread organization,
however, is dependent on specific ELS-VD computational steps being accelerated, and thus dedicated
GPU kernels need to be devised for each part of the algorithm. In addition to thread organization,
memory management is deemed to be another important consideration. Achieving real-time
performance requires optimized use of the GPU’s on-chip memory, texture memory, and global
memory when executing each kernel. While global memory is the largest in size, it is also the slowest
to access. Variables that need to be accessed multiple times, such as the projection matrix A” in
Equations (4.4) and (4.5), should be transferred to the shared memory first before the matrix-vector

operations are performed.

It is interesting to note that, although our ELS-VD framework has achieved real-time performance
(Figure 4.3), we were not able to achieve full parallelization in some compute kernels because of
practical constraints in the GPU’s hardware resources. Compromises need to be made during
implementation (Secs. 4.3.3 to 4.3.5). Nonetheless, with the continuing development of more
powerful GPUs, the impact of making these implementation compromises will likely be mitigated,
and it is reasonable to expect that our framework can achieve an even higher processing throughput in

the future.

As shown in our computing time analysis (Figure 4.5), the BlockMatching kernel was the primary
computational bottleneck in our ELS-VD framework under almost all parameter combinations. This
bottleneck stems from the repeated and random access of flow speckle image values from the GPU’s
off-chip memory, and the number of these off-chip data accesses increased for larger block matching
windows and slow-time window sizes. After all, a relatively large block matching window size
(20%20) and a relatively large ensemble size (30 samples) were both needed to achieve robust
dealiasing performance in the stenosed carotid phantom imaging scenario (or else significant spurious
errors would arise, as we have discovered in our in-house preliminary tests). These findings are in

accordance with the conclusions made in the original ELS-VD algorithm paper (Ekroll et al., 2016),
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and they are the typical limitations of block matching in speckle tracking applications. Note that
research has been done on the performance of speckle tracking in different settings and the impact of
flow dynamics on its accuracy (Gao et al., 2015; Yeung et al., 1998). In the future, it would be
worthwhile to incorporate these results to refine the performance of our real-time ELS-VD

framework.

4.7 Conclusion

Aliasing is a known problem that affects the performance of vector Doppler estimation, and it in turn
results in spurious rendering of velocity fields in vector flow imaging, especially when performed at
high frame rates. To address such a problem, this paper has presented a real-time, GPU-based ELS-
VD framework that can facilitate the derivation of aliasing-resistant flow vector maps. From a
diagnostic efficacy standpoint, deriving aliasing-free vector flow images is critical to clinical
cardiovascular diagnostics because complex flow patterns are typically marked by the existence of a
wide range of flow speeds, for which slow speeds would emerge in recirculation zones while fast
speeds would emerge during systole especially in a stenosed artery. Obtaining aliasing-free vector
flow images in real-time, as demonstrated in this paper, can effectively facilitate on-site diagnostics at

the bedside. In turn, the clinical value of vector flow imaging can be better substantiated.
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Chapter 5
Fast Aliasing Resistant Vector Doppler Imaging Using Deep
Learning and GPU Computing

5.1 Introduction

Visualization of blood flow dynamics in vivo is crucial for assessing cardiovascular health (Steinman
& Taylor, 2005) and understanding the physiology of the circulatory system (Younis et al., 2004). For
example, blood flow dynamics are significantly altered in conditions of vascular stenosis and flow
speed is commonly used to grade the severity of the condition (Thiriet et al., 2015). A number of
modalities have been used for blood flow imaging, including 4-D magnetic resonance imaging
(Garcia, Barker, & Markl, 2019), optical tomography (Spaide, Fujimoto, Waheed, Sadda, &
Staurenghi, 2018) and computed tomography with the aid of flow simulations (Lantz et al., 2018).
More recently, multi-angle vector Doppler, an emerging ultrasound-based technique, has emerged as
a powerful technique for the noninvasive visualization of complex flow dynamics in vivo at high
frame rates (Du, Shen, Yiu, Yu, & Zhu, 2018; Goddi et al., 2017). Compared to the aforementioned
modalities, the ultrasound-based vector Doppler is more accessible, has superior temporal resolution
and uses fewer clinical resources with a smaller risk profile. Fundamentally, vector Doppler can be
realized using a sequence of ultrasound plane wave transmissions with multiple steering angles
(Jensen, J. A. et al., 2016b). For a given pixel in the imaging view, a flow vector is derived in a two-
step process. First, pulsed Doppler estimation is applied on the data received from each steering
angle. Second, the Doppler frequency estimates from each steering angle are fed to a least squares
fitting operation to yield a flow vector (Yiu & Yu, 2016). With plane wave transmission, this process

is applied on every flow pixel in a high frame rate vector flow cineloop (~3000 frame per second).

One pitfall in vector Doppler imaging is that vector estimation is jeopardized by Doppler
aliasing (Pellett et al., 2005) in any of the slow-time signals from the different steering angles.
Doppler aliasing occurs when the mean slow-time sampling rate, determined by the pulse repetition
frequency (PRF) of the plane wave sequence, is lower than the maximum Doppler frequency induced
by flow. This leads to erroneous measurements being used in the least square’s estimator, and
consequentially erroneous flow vectors in the flow profile. Doppler aliasing in vector Doppler
jeopardizes the modality’s ability to quantify and visualize flow in vivo (Yiu & Yu, 2016). Live

vector Doppler applications at the bedside are particularly prone to aliasing because the available PRF
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in bedside vector Doppler is limited by the number of transmitted steering angles needed to yield
reliable results (Yiu & Yu, 2016) and the data transfer bandwidth available in the scanner (Boni et al.,
2018; Yiu et al., 2019). Indeed, aliasing artifacts have been reported in Doppler based vector flow
estimation in the carotid artery (Au et al., 2020; Goddi et al., 2018; Goddi et al., 2017), the femoral
artery (Au et al., 2019) and in urinary flow phantom studies (Ishii et al., 2017). The situation is more
severe in pathologies such as vascular stenosis where flow speeds can exceed 2 m/s (Thiriet et al.,

2015), resulting in multi-cycle aliasing artifacts.

Correcting aliasing for vector Doppler is a challenging problem. Several solutions to Doppler
aliasing exist in the literature, including postprocessing techniques such as image segmentation
followed by adaptive phase unwrapping of the measured Doppler frequencies (Muth et al., 2011;
Nahas et al., 2020). A staggered PRF has also been used to yield a six-fold increase in the maximum
measurable Doppler frequency and used in real-time vector Doppler (Posada et al., 2016; Ricci et al.,
2017). More recently, aliasing removal in vector Doppler has been achieved through a least squares
estimator that incorporates all Doppler frequencies simultaneously (Flynn et al., 2011). This was then
expanded to the extended least squares vector Doppler (ELS-VD) framework (Ekroll et al., 2016),
where least squares estimation was developed further and speckle tracking (ST) (Jensen, J. A. et al.,
2016b) was introduced to improve the generalizability of the framework. ELS-VD is successful in
providing aliasing resistant vector flow estimation in the carotid artery, but excessive processing
times prevent real-time bedside application. To address the processing throughput limitation, we
previously presented a GPU accelerated pipeline for aliasing resistant velocity estimation using ELS-
VD principles to achieve real-time performance (>25 fps) on a graphical processing unit (GPU) (see

Chapter 4) but identified a bottleneck due to the number of flow pixels being processed.

In this study, we present an aliasing resistant estimator for vector Doppler imaging with high
processing throughput and is suited for in vivo flow conditions. It achieves so by addressing a
significant computational bottleneck in GPU accelerated ELS-VD (see Chapter 4), where the
processing throughout is proportional to the number of pixels being processed. Here, we address this
bottleneck through a high-speed inference neural network component that identifies in the imaging
view the pixels affected by aliasing. We posit that a convolutional neural network (CNN) can be
trained to identify aliased vectors in the flow map. The aliased vectors can then be removed rapidly
by the accelerated ELS-VD framework applied exclusively on the affected pixels. This strategy

minimizes the occurrence of false correction and accelerates the overall processing throughput of the
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framework by reducing the number of pixels processing by the aliasing resistant estimator. The
proposed framework builds on our previous work where we showed that CNNs can be trained to
detect aliasing artifacts in color Doppler data and used to enhance the performance of aliasing
removal techniques in that modality (Nahas et al., 2020). Processing throughput was validated using

in vivo acquisitions from the femoral and carotid artery bifurcations.

5.2 Theoretical Principles

Flow Speckle
1

C) Regularized Final Vector Flow
ELS-VD

A) Least Squares B) Aliasing
Vector Doppler Segmentation using
Estimator CNN

Mean Doppler

Frequency

Figure 5.1. The proposed aliasing resistant framework: a) Mean Doppler frequencies are processed through a least squares
vector Doppler estimator to provide an initial estimate of the flow map. b) A CNN is then used to identify aliased pixels
which are operated by the c) regularized ELS-VD estimator to achieve an aliasing-free vector flow map.

The objective of the framework is to achieve aliasing resistant vector Doppler estimation with high
processing throughout. It achieves so by identifying aliasing-prone pixels in the flow map using a
convolutional neural network, then applying the computationally demanding aliasing resistant
velocity Doppler estimator on those aliased pixels only, thereby reducing the overall computational
overhead per frame. To achieve this, the proposed framework consists of three main modules (see

Figure 5.1):

1. A conventional least squares vector Doppler estimator (Yiu & Yu, 2016) that provides an initial

estimate of the flow map with aliasing artifacts present (Figure 5.1a);

2. Anin vivo trained CNN to segment aliased pixels in the vector Doppler map derived using

module 1 (Figure 5.1b);

3. A regularized extended least squares vector Doppler estimator (Ekroll et al., 2016) (Chapter 4)
that is exclusively applied on the aliased pixels (Figure 5.1c) as determined by module 1. The

output of the final module is the aliasing free vector flow map.

The following sections define the imaging system and the aliasing problem in vector Doppler, then

detail the principles of each module.
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5.2.1 System and Problem Definition.

We define a high frame rate plane wave transmission and beamforming scheme consisting of the
sequence of N transmit-receive steering angle pairs [(6;, ¢,), (92,¢ 2), .-» (Oy,4,)] at a PRF per
transmit angle of fprr and transmit frequency f,. We further define the corresponding sequence of
measured normalized mean Doppler frequency maps #,(x, y, f) that can be obtained via beamforming
and Doppler processing (Yiu et al., 2014), where x, y, ¢ denote the lateral position, the axial position
and the slow-time frame number respectively and #n=1...N denotes the particular transmit-receive
steering angle combination. This sequence of Doppler frequency maps is then used in deriving the
vector flow map in vector Doppler theory (Yiu & Yu, 2016). The problem is that Doppler aliasing

may occur in any i, (x, y, £). This can be modeled as a discrete error:

i1y, (x, y, 1) =y (x, y, 1) + €,(x, y, 1) (.
where u, is the true Doppler frequency and €, € Z is the discrete aliasing error and number of cycles
of aliasing for the n” transmit-receive steering angle. It is important to note that the PRF used in the
transmission of the plane waves is reduced by a factor equal to the number of transmit angles. The
more transmissions angles used, the greater the performance of the estimator (Yiu & Yu, 2016), but
the reduced PRF results in increased likelihood of aliasing. The problem of aliasing removal in vector
Doppler is then to determine ¢, for all » and remove it from the mean Doppler frequency

measurements before use in vector Doppler estimation.

5.2.2 Module 1: Least Squares Vector Doppler Estimator

The objective of this module is to provide an initial estimate of the vector flow map using
conventional least squares vector Doppler estimation (LS-VD) (Yiu & Yu, 2016) so that the
subsequent CNN module can identify the aliased pixels. Doppler aliasing in any pixel in any i, will
manifest as disrupted flow regions in the output of the least squares estimator (Figure 5.1a). The

velocity estimate at a given pixel (X, y, t) is the solution, v, to the system of equations:

Av=uf (5.2)

where:

cos(6;) + COS(¢1) sin(6,) + sin(¢1)
A= : : (5.3)
cos(fy) +cos(¢,) sin(fy)+ sin(g,)
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, T=[T11(x,p,0),.... in(x,p,0)]" is vector of the measured normalized mean Doppler frequency and
U=cofrrrlf, 1s the factor relating normalized Doppler frequency to flow speed. ¢, is the speed of sound

in the system. A preliminary estimate at (x,),f) can be obtained using the pseudo-inverse
-1
AT=(ATA) AT:
Vpre = /uATf 54
Using these principles, a vector flow map for the entire imaging view can be constructed for each

time point. There is no aliasing resistance at this stage so v, might be aliased if f is corrupted by

aliasing errors in any of its components.

5.2.3 Module 2: Aliasing Segmentation Using Convolutional Neural Networks

The purpose of this module is to identify regions in the vector flow map affected by aliasing artifacts
so that they may be corrected in the final module. Initial vector maps produced by the first module
will be fed to a CNN that is trained for aliasing segmentation. The output will be a probability map
that denotes the likelihood that any given pixel is aliased.

1) Data Preprocessing

The vector flow maps obtained from the first module were processed to generate 2 channels images:
flow speed |v| and flow angle 2v). This was done because high flow speeds and abrupt flow direction
changes are strong indicators of aliasing. The channels were normalized to [0,1] through linear

mapping. Specifically:

_ vl
IV]porm = +0.5 (5.5)
Vimax
VAY
LVporm = ﬂ +0.5 (5.6)

Division by u factors out the PRF related terms and keeps the trained network independent of that

system parameter. v,,,, was turned so that |v|,,,, was in [0,1] in the training set.

2) Convolutional Neural Network Architecture

The neural network architecture (see Figure 5.2) used in this study was devised for the purpose of
segmenting aliasing artifacts in the vector Doppler data. We devised the architecture using U-net
features to benefit from its strengths in semantic segmentation (Ronneberger et al., 2015), but with

simplifications to reduce inference time. Specifically, the network architecture is that of a fully
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convolutional encoder-decoder, with skip connections connecting 4 resolution levels. Encoder-
decoders are effective architectures for semantic segmentation (Badrinarayanan et al., 2017) and skip
connections have been shown to improve segmentation resolutions (Drozdzal et al., 2016).
Convolutions were done with a kernel of 3 x 3 and upsampling was performed using transpose
convolutions with kernel of 2 x 2. Activation in all but the last layer was done using a leaky rectified
linear unit (RELU) with & = 0.3. This CNN design choice was made to improve learning and to
reduce the occurrence of “dying ReLU” cases (Lu, L. et al., 2020). The last layer was activated using
a sigmoid function for segmentation. Figure 5.2 illustrates the architecture and exposes tensor sizes
throughout the network. The use of these network architecture parameters was determined empirically
based on prior trials, and the receptive field was deemed sufficient to discern aliased pixels. Note that
the use of multiscale information is important in this case because aliasing can occur at varying

regional sizes, from local to global discontinuities.

: 32 32 21
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Normalized > Probability
Flow Angle 256x256 Map
Input
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e 64x64 B
256 35432 1128
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- Skip Connection Dropout(0.5)
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t+ TransConv(2x2)+ Leaky RelLU

Figure 5.2. Architecture of the CNN used in this study. The CNN is an encoder-decoder with 4 resolution levels connected
via skip connection. The input is the normalized flow speed and angle components derived using LS-VD estimation and
the output is the aliasing probability map for the imaging view.

3) Reference Aliasing Segmentation Generation

The reference aliasing segmentation was automatically generated via the original ELS-VD framework
tuned for high fidelity. This approach was utilized to label a large number of frames from many

acquisitions to achieve a diverse training set. Specifically, the target aliasing-free vector flow map
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was generated using the accelerated ELS-VD (Chapter 4) with a block matching size of 30 x 30 and

an ensemble length of 30. We chose this strategy for two reasons: 1) This strategy allowed us to train
on a large dataset of high frame rate acquisitions from multiple subjects as labeled data generation is
automated. 2) There should be sufficient regularization in the neural network and its training process

so that random dealiasing errors produced by this method are filtered out.

5.2.4 Module 3: Aliasing Resistant Vector Doppler

The purpose of this module (Figure 5.1c¢) is to derive a robust aliasing-free vector flow estimation in
the affected pixels that are identified in the second module. This was done by applying a regularized
version of the GPU accelerated aliasing resistant estimator previously reported (Chapter 4). In brief,
this framework is based on the extended least squares vector doppler estimator (Ekroll et al., 2016)

and its objective is to find the aliasing-free velocity estimate vp:

1) Discrete Squared Error Optimization of the Doppler System

A pen-optimal aliasing correction vector p is found by discrete optimization of equation:

p = argmin |(AAT -N)( +p, )|2

D, (5.7)

where p, is an aliasing correction vector candidate in a discrete space of the aliasing vectors being
considered. The space of aliasing correction vectors is bound by assuming that each component of p
can take one value in the integer range of [-L, L] where L is the maximum number of cycles of
aliasing expected in the signal. Ideally, the addition of p to f would negate all aliasing errors ¢, for all

n. In practice, this optimization cannot differentiate between aliasing correction vectors q; and q; that

are related by:

qG=q+[,1..]" (5.8)

where / € N.

2) Speckle Tracking to Find the Aliasing Free Velocity Estimate

p is used to construct the set of candidates defined by Equation (5.8), which can be turned to velocity
candidates using Equation (5.4) to form velocity candidates vi,...v2z+1. The aliasing-free velocity
vector vp is then the member of this set that correlates with speckle motion at the pixel of interest.
Speckle tracking is done in this study via ensemble block matching on a sequence of M consecutive

flow speckle frames with a block matching window size of size BxB (Chapter 4). To reduce the
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likelihood of spurious errors due to speckle decorrelation (Ekroll et al., 2016), we leverage the
aliasing segmentation through a regularization mechanism that benefits of the flow continuity criteria.
As flow is typically smooth and continuous in time and space within some finite spatiotemporal
window, the correlation values for each velocity candidate are penalized by a penalization term:

AM V(1) - Vin (2 - 1)

(5.9)
fori=1...2L+1)

where / is a forgetting factor that controls the level of regularization, v,(?) is the i™ velocity candidate
from the set being investigated at the current frame ¢ and v, (¢ - 1) is the median velocity in a
neighborhood of the location being investigated in the previous frame. The median filter kernel is
chosen to be 3 x 3. This technique biases towards non-aliased pixels as the regularized ELS-VD
module is only applied on pixels that were flagged as aliased by the second module. Consequentially,
spurious velocity candidates that are too spatiotemporally deviant from non-aliased pixels are more

likely to be excluded.
5.3 Neural Network Development and Training

5.3.1 Dataset Collection

Data acquisition for the purpose of training, validation and evaluation was done using a research-
purpose ultrasound scanner (US4US; Warsaw, Poland) that was equipped with a linear array
transducer (SL1543; Esaote, Genoa, Italy). The scanner was configured for a sequence of two plane
wave transmission angles (-10°, 10°). The scanner’s live B-mode + color flow mode was used to
guide the imaging of the arteries of interest. After an acquisition period of 2 seconds, the raw RF data
is accessible and was copied to another system for offline processing. Details about the imaging

platform and the scanning procedure are found in Table 5.1.
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Table 5.1

Imaging Parameters Used in the Experiments.

Parameter Value

Imaging Platform

Number of Tx/Rx Channels 192

Array pitch 0.3048 mm
Pre-beamformed data sampling rate 25 MHz
Pre-beamformed data resolution 2 bytes per sample

Data acquisition

Imaging frequency 5 MHz

Tx pulse duration (number of pulses 3

Pulse repetition frequency 3000 Hz/angle
Data acquisition duration 2s
Beamforming

F-Number 2.0
Prefiltering 4-8 MHz bandpass, 64-tap finite impulse response.
Receive Apodization hanning
Depth Range 0—4cm
Lateral Range -1.9-1.9cm
Resolution 256 x 256

(Transmit, receive) steering angle combinations  (-10°,-10°),(-10°,-3°),(-10°,6°), (-10°,10°),(10°,-6°),(10°,3°), (10°,10°)

In vivo data sets were collected from long-axis acquisitions of the femoral bifurcation and carotid
artery, which were chosen for their non-trivial geometry and triphasic flow characteristics with large
variations in flow velocity over a cardiac cycle (Au et al., 2019; Au et al., 2020; Goddi et al., 2018).
Flow in bifurcations is generally susceptible to aliasing in the deeper branches, whose sloped vessel
geometry naturally gives rise to smaller beam-to-flow angles. The femoral bifurcation data were
collected from 8 healthy adults, and the carotid artery data were collected from 11 older adults. 6 of
the 11 older adults had clinically documented heart failure and plaques were seen in two carotid
arteries from two different subjects, which were divided between the training and test sets. Another
carotid dataset was obtained from an additional healthy volunteer where the probe was tilted and a
lower PRF of 2000 Hz/angle was used to induce two-cycle aliasing artifacts. In total, the collected
data was sought to train and evaluate the framework in healthy and pathological conditions to
represent a range of physiological blood flow conditions. Each data acquisition trial was performed
over an entire cardiac cycle, so it included systolic and diastolic flow as well as flow reversal and
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recirculation. Acquisitions were collected as a part of an in vivo hemodynamics study protocol

approved by the human research ethics committee at the University of Waterloo (ORE 22794).

5.3.2 Dataset Organization

To increase generalizability and prevalence of high order aliasing, the datasets were downsampled in
PRF before use. Specifically, datasets at 3000 Hz/angle were downsampled to 1500 Hz/angle and
1000 Hz/angle and added back to the training set. Only datasets with aliasing in some of the frames
were included. From the collected data, a training set of 15000 frames was assembled from 5 femoral
and 7 carotid arteries whereas the validation set consisted of 3750 frames from 1 femoral and 2
carotid arteries. The test set of 700 frames was constructed from 2 femoral arteries and 3 carotid
arteries, including a carotid with plaque and a tilted carotid from the healthy adult. The aliasing
segmentation of the test set was obtained using the ELS-VD estimator followed by the manual
inspection of each frame to correct any segmentation error. All sub-datasets included both one and
two-cycle aliasing artifacts in the Doppler measurements from at least one of the transmit-receive

steering angle combinations.

5.3.3 Training Hardware and Implementation

The network architecture was set up and trained in Python (version 3.6.7) using the Keras application
programming interface (API) (version 2.1.6) with a TensorFlow-GPU (version 1.12) software back
end on a computing platform that was equipped with a Xeon E5-2620 central processing unit (Intel,
Santa Clara, CA, USA) and a GTX-1080 GPU (NVidia). The neural network was trained by
optimizing the binary cross-entropy loss between prediction and the reference segmentation realized
using high fidelity ELS-VD (see Section 5.2.3.3). The optimization was done via the Adam optimizer
(Kingma & Ba, 2014) with a learning rate starting at 10 and decreasing by a factor of 0.2 every time
the validation loss function plateaued for 5 consecutive epochs until a minimum of 1077 is reached. An
early stopping mechanism was also included to terminate training after 15 consecutive epochs with no
improvement in validation loss. Memory constraints in the GPU hardware (with 8 GB of random-
access memory) necessitated a batch size of 1. During the training process, the sampled training
frames were randomly flipped horizontally and/or rotated at a random angle [0, 360°], both with a

probability of 50% per frame to improve training diversity.
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5.4 Processing Pipeline for Aliasing Resistant Vector Doppler Imaging

5.4.1 Processing Hardware and Environment

To achieve high processing throughput, the framework was realized in a C++-CUDA environment on
a computing platform that was equipped with a Core i17-6850K CPU @ 3.60 GHz central processing
unit (Intel, Santa Clara, CA, USA) and an RTX-2080 graphical processing unit (GPU) (NVidia, Santa
Clara). CUDA is an API for interfacing with Nvidia GeForce GPUs for general-purpose computing.
The input of the framework, the mean flow maps, power and speckle patterns were transferred from
the 64 GB RAM to the GPU global memory. The main thread in the framework then interfaced with
dedicated GPU kernels and other CPU sub-routines to ultimately realize the theoretical framework

proposed in Section 5.2.

5.4.2 Image Formation and Doppler Processing

The RF data was prefiltered to remove out-of-band noise, Hilbert transformed to form the analytic
signal then beamformed using delay-and-sum principles to form seven analytic signals wy(x,y,f) with
seven transmit-receive steering angle combinations. Details on the processing of the steering angle
combinations are listed in Table 5.1. The 7 steering angle combinations were chosen for their
favorable aliasing-resistance as recommended in the original ELS-VD contribution (Ekroll et al.,
2016) while accounting for the transducer pitch. At each pixel in the imaging view per transmit-
receive steering angle combination, the analytic signal was clutter filtered using a 169-tap FIR filter at
0.09 normalized frequency. The measured mean normalized Doppler frequency map, #.(x, y, ) was
estimated from the clutter filtered and beamformed analytic signal w,(x, y, ) (Yiu & Yu, 2016) using

lag one autocorrelation with ensemble length G = M = 30. For pixel location (x, y):

z-1
iy (0= -arg{ Y wililw,[i+1] (5.10)

i=t-G
For flow detection and speckle images, the analytic signals w, from all transmit-receive steering
angle combinations were coherently compounded to form we.. Flow detection was derived using
Doppler variance, & (x, v, ), computed using the lag-one auto correlation, followed by log

compression. For a pixel location (x, y):

. R ST
6(1)=20log, |a S Wi (4D |, (5.11)
i=t-G

106



Doppler variance, as opposed to Doppler power, was used for better flow detection (Tremblay-
Darveau et al., 2017). Any spurious detection artifacts, such as due to reverberation, were manually
removed. The flow speckle image 5(x, y, ) was formed from the power of the last frame in the

Doppler ensemble. At pixel location (x, y):

§() =20logq | wee (D |2 (5.12)

5.4.3 Aliasing Resistant Vector Flow Estimation

The processing pipeline used in each module of the aliasing resistant estimator (Section 5.2) are

described in the following subsections:

1) Least Squares Vector Doppler Estimation

The aliasing resistant vector flow imaging framework was realized using a dedicated GPU kernel
with frame-independent variables computed on the CPU during initialization. Specifically, the AT is
computed for Equation (5.4) in a CPU subroutine built using the Armadillo library (Sanderson &
Curtin, 2016; Sanderson & Curtin, 2018), then copied to global GPU memory. In the GPU kernel,
one thread is launched per pixel in the image. Using these threads, At is copied from global memory
to shared memory. Each thread then forms the frequency vector f pertaining to the pixel being
processed, then computes the matrix-vector multiplication of AJrfusing iteration. The resulting vy is
also converted to the two channels (normalized flow speed + angle, Figure 5.2) for CNN inference

then stored in global memory for subsequent processes in the framework.

2) Aliasing Segmentation using CNN

Aliasing segmentation is realized by inference of the pretrained CNN described in Section 5.2.3.2
using the TensorRT library (version 10.1; Nvidia Corporation, Santa Clara, CA, USA). TensorRT is a
high-performance neural network inference optimizer and runtime engine using GPU processing that
is suited for the deployment of deep learning solutions in a C++ application. In the initialization stage,
TensorRT codec was used to configure the neural network model trained in Tensorflow to a back-end
inference engine that can be used using high-level functions. The resulting aliasing segmentation map

was combined with the flow detection map using a CPU subroutine to form a table of the pixel
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coordinates that are aliased. This table is transferred to GPU memory for subsequent access by

module 3.

3) Robust Extended Least Squares Vector Doppler

The implementation of this module utilizes the previously reported GPU accelerated pipeline for

aliasing resistant velocity estimation using the CUDA API (Chapter 4). In the initialization stage, the
matrices, A and AAT- I as well as the vectors (AAT- Ip, for every kin the aliasing space being

considered are computed and stored in a table in GPU memory. The computations for aliasing
resistant vector doppler estimation are then realized using 6 dedicated GPU kernels exclusively
applied on aliased pixels identified in aliased pixels’ coordinates table. The kernels are optimized to
perform the necessary matrix-vector operations and speckle tracking. A detailed description of the
implementation of these GPU kernels can be found in the previous study (Chapter 4) and is omitted
here for brevity. The only modification made in this study was the inclusion of the regularization

factor described in Equation (5.9).
5.5 Experimental Validation

5.5.1 Evaluation of Aliasing Segmentation by the CNN

We evaluated the aliasing segmentation performance of the CNN model on the unseen dataset
consisting of in vivo femoral and carotid acquisitions. The prediction results were compared against
references derived from high fidelity ELS-VD with manual correction to remove spurious errors
(Section 5.2.3.3). The efficacy of a CNN in identifying aliased pixel positions in the flow region was
evaluated using average-precision. It is important that the segmentation does not miss out on aliased
vectors, while extra segmentation may be tolerated by the aliasing resistant estimator. To this end, the

segmentation threshold was tuned to maintain a high recall (>95%).

5.5.2 Aliasing Resistance and Processing Throughput Evaluation

The framework was evaluated for processing throughput and aliasing resistance, the ability to detect
aliasing as well as choose the correct velocity estimate. This was compared to the performance of the
accelerated ELS-VD framework applied on all flow pixels, with the same block matching window
size and correlation ensemble length but without the regularization described in Section 5.4.3.3. The
processing time per frame of the proposed framework and the accelerated ELS-VD framework was

measured for all datasets described in this section.
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Quantitative aliasing resistance evaluation was done on an anthropomorphic carotid bifurcation
phantom with 50% stenosis (Chee, Ho, Yiu, & Yu, 2016) with a pulsatile flow of blood-mimicking
fluid achieved using a programmable pump. The phantom includes a model of the common carotid
artery as it splits into the superficial and deep arteries. The vessels were designed to generally have a
diameter of 6 mm, apart from a lesion in the superficial artery where 50% stenosis is induced. This
mimics the pathological condition of atherosclerosis in the carotid and creates a clinically relevant
testing scenario. The phantom was imaged using our scanner at a PRF of 3000 Hz/angle. To create a
test set with ground truth, the pump was configured to produce a carotid flow profile with a period of
3 seconds and a peak flow rate of 2.8 ml/s. At this flow rate and PRF, the peak flow speed is around
30 cm/s and no aliasing is found in the vector flow map derived using the conventional LS-VD

estimator and thus vector can serve as a ground truth.

To generate the test set, we downsample this data to a PRF of 750 Hz/angle, creating two-cycle
aliasing artifacts in the stenosed region. At this downsampled PRF, the period of the flow profile is
equivalent to the number of frames that a flow profile with a 0.75 second period would occupy at a
PRF of 3000 Hz/angle, leading to a reasonable heartrate of 80 bps. This allowed us to preserve the
speckle correlation properties at the lower PRF to resemble those that would be seen at the higher
more realistic PRF. Moreover, the two-cycle aliasing seen at the low PRF would translate to a flow
speed of 30x4=120cm/s at the higher PRF. Such flow speeds are indeed encountered in stenosed
conditions (Thiriet et al., 2015). Aliasing resistance of the proposed framework will be quantified as
the root mean squared error of the predicted flow map using the proposed algorithm at low PRF
relative to the flow profile obtained LS-VD at high PRF. This will be performed on flow pixels only

and on 1000 frames centered around the systolic phase.

The framework was also applied on three in vivo datasets for processing throughput analysis and
performance demonstration. The datasets were selected from the test set and included: a healthy
femoral bifurcation carotid artery at 3000 Hz/angle with 1 cycle aliasing only; a carotid artery with
stenosis leading to jet formation that manifested as aliasing artifacts at PRF = 3000 Hz/angle; and the
tilted carotid artery sample at PRF = 2000 Hz/angle with two-cycle aliasing. This provided a variety

of flow conditions and PRFs for evaluation.

The parameters of the regularized ELS-VD module were tuned for lower speckle quality in the in
vivo case and to accommodate the sharp flow gradients in the carotid phantom case. For the in vivo

case, a block matching kernel size of B=30 and regularization factor A=0.5 was used. For the carotid
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bifurcation phantom dataset, block matching kernel size of B=15 and regularization factor of 1=0.1
were used. It is important to note that in scenarios with excessive aliasing and at low PRFs, some pixels
may be corrupted by bandwidth aliasing which leads to erroneous mean Doppler frequency
measurements as the signal is effectively ‘whitened’. These corrupted pixels cannot be processed by
LS-VD estimation and were removed from the flow map in this study in vector flow visualization and

quantitative analysis.
5.6 Results

5.6.1 Evaluation of Aliasing Segmentation by the CNN

The CNN for aliasing segmentation converged in training and demonstrated successful aliasing
segmentation on all test scenarios. Specifically, segmentation scored an average-precision of 90.8%
on the test set. Since recall was a higher priority as mentioned previously, a threshold of 0.1 was used
for the rest of the paper. At that threshold, we report the recall, precision, specificity, and F-1 score in
Table 5.2.

Table 5.2

Segmentation Performance with Threshold = 0.1.

Score %

Recall 99.1
Precision 52.0
Specificity 87.4
F-1 score 68.2

Aliasing segmentation was achieved on vector Doppler output with 1 and 2 cycle aliasing. Figure
5.3 shows the corresponding segmentation maps on the different scenarios in the test set with 1-cycle
and 2-cycle aliasing artifacts. The first column is a visualization of the vector flow maps computed
using the conventional LS-VD, with the aliasing artifacts highlighted. The second column shows the
aliasing segmentation performance on the different scenarios with the errors relative to manual
segmentation color-coded by classification. The column on the right visualizes the mean Doppler
frequency maps from one of the transmit-receive steering angle combinations using the color scheme
typically used in color flow Imaging. This last column was included to emphasize aliasing
artifact/cycle and contours more clearly, with the specific transmit-receive steering angle combination

is denoted on each Doppler image. For 1 cycle aliasing, systolic frames from the femoral bifurcation
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Figure 5.3. Aliasing segmentation performance on the test set: (a-c): Femoral bifurcation with 1 cycle aliasing; (d-f):
Carotid artery with 1 cycle aliasing due to plaque; (g-i): Carotid artery with 1 cycle aliasing due to low PRF; (j-1): Femoral
bifurcation with 2 cycle aliasing due to low PRF. (m-o0): Carotid artery with two cycle aliasing due to low PRF and Probe
tilt. The first column is a visualization of the vector flow map calculated using conventional LS-VD estimator. The second
column showcases segmentation performance relative to the reference with errors color-coded. The right column is a
visualization of the mean Doppler frequency maps from the one the transmit-receive steering angle combinations to
emphasize aliasing cycle order and contours.
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are shown in the top row. The second row showcases a pathological carotid artery with plaque build-
up leading to the formation of a jet. This jet is captured as aliased pixels in the flow map that are
successfully segmented by the CNN. The third row in Figure 5.3 showcases performance on a plaque-
free carotid at a lower PRF of 1500 Hz/angle. For two-cycle aliasing, an acquisition from a femoral
bifurcation at low PRFs of 1000 Hz/angle and a tilted Carotid artery at 2000 Hz/angle are shown in
the last two rows. The maps rendered in Figure 5.3 are all overlayed over the corresponding B-mode
image of that scenario using the flow detection map to convey the vasculature geometry to the reader.
The key observation here is that aliasing segmentation was successful in a variety of vessel geometry
and even when the entire lumen was aliased (Figure 5.3m-0). False-positive errors were encountered
near the flow-tissue boundary, the edges of the frame or in pixels with low signal quality (Figure

5.3i).

5.6.2 Aliasing-Free Vector Flow Maps Realized Using the Proposed Framework.

The overall framework succeeded in removing aliasing artifacts in the femoral and the carotid arteries
containing 1 and 2-cycle aliasing. We showcase aliasing removal in Movies 5.1-4 for the carotid
bifurcation phantom, femoral artery (Figure 5.3a-c), carotid artery with plaque (Figure 5.3d-f) and
tilted carotid artery at PRF=2000 Hz/angle (Figure 5.3m-0) respectively. In the movies, we render
the vector flow cineloop derived using conventional LS-VD, ELS-VD and the proposed framework.
Vector flow visualization is done using vector projectile imaging principles (Yiu et al., 2014). In
Movie 5.1, we also show the vector flow cineloop for the carotid phantom derived using LS-VD at
high PRF= 3000 Hz/angle. The movies also include a cineloop of the aliasing segmentation by the
CNN and a cineloop of the mean Doppler frequency map from one of the transmit-receive steering
angle combinations to emphasize aliasing contours and order. The phase of the cardiac cycle can be
tracked using a plot of the flow speed in the white square included with the movies. Snapshots at
systole of the movies are shown in Figure 5.4 for the carotid phantom and in Figure 5.5 for the in vivo

datasets.

On the carotid phantom, the proposed framework demonstrated successful aliasing-resistant vector
flow estimation in the presence of 2 cycle aliasing in the jet (Figure 5.4f). Whereas the LS-VD
estimator (Figure 5.4a) produced a highly corrupted flow profile, the output of the proposed
framework matched the reference frame obtained at high PRF (3000 Hz/angle). Compared to the high
PRF reference at systole, the output of the proposed framework achieved an RMSE of 5.07 cm/s,
whereas the accelerated ELS-VD framework achieved an RMSE of 5.23 cm/s. For comparison, the
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output of the LS-VD estimator at low PRF achieved an RMSE of 14.68 cm/s. In the body of the jet of
peak systole (Movie 5.1), we did observe some signal dropout due to extreme spectral bandwidth

aliasing at the low PRF.
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Figure 5.4. Vector flow maps obtained on the carotid bifurcation phantom with 50% stenosis at systole using (a) LS-VD
estimation, (b) ELS-VD, (c) proposed framework and (d) LS-VD estimation at high PRF = 3000 Hz/angle. e) shows the
aliasing segmentation produced by the second network. f) shows a visualization of the mean Doppler frequency map
obtained from the (-10°, 10°) transmit-receive steering angle combination. g) The mean flow speed in the white square in
(d) is shown to identify the phase of the frame in the cardiac cycle.

The key observation is that the output of the proposed framework matched the output of the
accelerated ELS-VD framework applied on the entire flow region in the in vivo data sets from the
femoral and carotid arteries (Figure 5.5, Movies 5.2-4). Aliasing resistant vector flow estimation was
observed in the presence of 1 (Figure 5.5a-f, Movie 5.2, 3) and 2 cycle aliasing artifacts (Figure 5.5g-
1, Movie 5.4). Successful aliasing removal was also seen in the pathological case with plaque (Figure
5.5d-f, Movie 5.2). Without aliasing resistance, the vector flow maps derived using LS-VD (Figure
5.5a, d and g, Movie 5.2-4) showcase significant aliasing, especially in the tilted carotid example at

PRF = 2000 Hz/angle where the whole flow profile is corrupted (Figure 5.5g-1, Movie 5.4).
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LS-VD ELS-VD Proposed

Figure 5.5. Aliasing resistant vector flow estimation at systole in in vivo acquisitions of the femoral artery (a-c), carotid
artery with plaque (d-f) and tilted carotid artery at PRF = 2000 Hz/angle. Vector flow maps derived using LS-VD,
accelerated ELS-VD and the proposed framework are shown in columns 1, 2 and 3 respectively.

5.6.3 Processing Throughput Increased in the Proposed Framework

The proposed framework achieved higher processing throughput when compared to the GPU
accelerated ELS-VD. In Figure 5.6, we plot the processing throughput analysis results for the carotid
bifurcation phantom (Figure 5.6a, ), femoral artery (Figure 5.6b, f) from Figure 5.3a-c, carotid artery
with plaque (Figure 5.6c, g) from Figure 5.3d-f and the carotid artery at 2000 Hz/angle (Figure 5.6d,
h) from Figure 5.3m-o0. The top row in Figure 5.6 shows the number of flow pixels detected in the
image and the number of aliased pixels detected by the CNN per frame. These plots are overlayed on
a plot of the flow speed from vector flow profiles derived using the proposed estimator to track the
cardiac cycle. In the bottom row, we plot the processing time per frame for the GPU-accelerated ELS-

VD and the proposed framework.
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The major observation in this analysis is that the overall processing throughput of the proposed
framework is significantly less than that of the accelerated ELS-VD GPU framework. While the
accelerated ELS-VD had a processing time of around 20-50 ms per frame, the proposed framework
had processing times under 20 ms for most cases. Time gains were clearest in the scenarios with
lower aliasing pixel count relative to the number of flow pixels. (Figure 5.6a, ). In one instance, the
tilted carotid artery at PRF= 2000 Hz/angle, almost all flow pixels were aliased and thus the proposed
framework processing time approached that of ELS-VD at systole (Figure 5.6d, h). On the entire
cardiac cycle, however, the processing time however was considerably lower in the proposed
framework. With the proposed framework, the third module was typically the bottleneck in conditions
of aliasing. While the processing throughput of the third module varied with the number of aliased

pixels detected in the scene, the processing times for the first and second modules remained constant

throughout the cardiac cycle at 0.1 ms and 2.7 ms per frame respectively.

. . ) . —— Flow Pixels
Carotid Femoral Arter Carotid Artery Tilted Carotid Aliased Pixels
A) Phantom B) y C) with Plaque D) Artery — — —Flow Speed
) ool . 0000
£ 10000 Rt 8000
o 8000 8000
© 6000 8000 6000;
5 6000 e o
4000 4000 4000;
£ 4000 4000
Zz 2000 2000 2000k wn,
N 500, 10001500 3 “ 500 15002500 N 500 1000 1500
E) rame F) rame G) rame H) rame
% 30 60 80 ——ELS-VD
E Proposed
£ 20 40 go
[y
o 40 !
g 10 20 20 li
[ I
o
. 0 il
e 500 10001500 500_10001500 500 1500 2500 500 1000 1500
Frame Frame Frame Frame

Figure 5.6. Processing throughput analysis performed on the Carotid phantom (a, ¢), Femoral artery (b, ), Carotid artery
with plaque (c, g) and tilted carotid artery at PRF = 2000 Hz/angle). In the top row, the number of flow pixels and aliased
pixels are plotted over the flow speed profile throughout the cardiac cycle. In the bottom row, the processing time per
frame of the accelerated ELS-VD framework is compared with the proposed framework.
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5.7 Discussion

5.7.1 Summary of Contributions

Realizing vector Doppler imaging at the bedside reliably is important for the clinical adoption of the
modality. One of the fundamental challenges preventing clinical uptake for vector Doppler imaging is
Doppler aliasing which leads to erroneous estimation in applications with limited PRF or high
velocities. By leveraging deep learning and GPU processing principles (Figure 5.1), we present an
aliasing resistant vector flow estimator with high processing throughput (25-100 fps). This is
achieved by addressing the computational bottleneck due to the number of flow pixels being
processed by aliasing resistant estimation (Chapter 4). Specifically, we devised a two-step strategy
where a CNN (Figure 5.2) segments aliased vectors in vector flow maps derived using conventional
LS-VD estimation (Figure 5.1), so that the computationally demanding aliasing resistant estimator is
only applied where necessary. The entire processing pipeline is implemented using a GPU codec with

dedicated GPU kernels.

Experimental results have shown reliable aliasing segmentation (Figure 5.3) and aliasing resistant
vector flow estimation in a stenosis phantom (Figure 5.4) and in vivo acquisitions from the carotid
and femoral arteries (Figure 5.5). Successful aliasing resistance was reported in healthy (Figure 5.5a-
¢, g-1) and pathological conditions (Figure 5.5d-f) in the presence of 1 and 2 cycle Doppler aliasing
(Figure 5.5g-1) and throughout the entire cardiac cycle (Movies 5.1-4). This was achieved with a low

compute time that was under 20 ms in almost all cases (Figure 5.6).

Our work showcases the first application of deep learning to aliasing in vector Doppler imaging.
Deep learning is an emerging strategy for signal processing in medical ultrasound, with applications
reported in beamforming (Luchies & Byram, 2018) and flow estimation (Evain et al., 2020).
Compared to previous work done in flow estimation, the presented framework employs deep learning
in an integrated framework that includes other modules such as LS-VD estimation and speckle
tracking with the ultimate purpose of improving processing throughput. This strategy allows us to
simplify the deep learning problem and thereby reduce network and training complexity, while
simultaneously reaping the benefits of machine learning for complex problems. Moreover, the chosen
class of networks, the CNNss, is widely supported with high-level APIs that enable rapid on-site

inference using GPU processing.

116



5.7.2 A Framework Suited for Clinical Translation

The proposed framework is suited to highly dynamic and fast flow that may be found in arteries. The
proposed strategy leverages the fact that high velocities are typically bound to the systolic phase to a
specific spatiotemporal window, by specifically directing the application of aliasing resistant vector
flow estimation to those pixels and using the faster and adequate LS-VD estimation elsewhere,
thereby reducing the overall processing time per frame (Figure 5.6). Moreover, the network used for
aliasing segmentation is trained on real acquisitions from superficial arteries with varying vasculature

and should therefore be suited to a wide range of pulsatile arterial flow.

For bedside application, vector flow estimation is one among several processing steps between raw
RF data and on-screen vector flow visualization, which include beamforming, clutter filtering and
vector rendering (Du et al., 2018). This means that the aliasing-resistant vector flow estimation
process itself must be realized with high processing throughput using limited computing resources to
maintain scanner accessibility. With the low processing time achieved per frame using a single
commercial GPU, the proposed framework should readily fit in a GPU-powered and software
programmable ultrasound scanner (Yiu et al., 2019). Compared to existing real-time aliasing-resistant
vector Doppler that make use of staggered transmission (Ricci et al., 2017), the proposed framework
uses fewer transmissions per frame, minimizing the necessary data transfer bandwidth, and has

demonstrated velocity estimation exceeding 3 times the Nyquist limit.

The network in this work was trained and evaluated on in vivo acquisitions from the femoral and
carotid arteries from a range of apparently healthy adults and older adults with document
cardiovascular disease, with a focus on stenosis as a target application. In practice, there are other
scenarios where aliasing in vector Doppler is of practical concern, such as in cardiac (Hansen et al.,
2013) and deep vasculature imaging (Ishii et al., 2017). This generalizability limitation is typical of

deep learning applications in ultrasound and requires expanded training and evaluation datasets.

5.8 Conclusion

Doppler aliasing jeopardizes vector Doppler estimation and is an obstacle to clinical adoption of the
modality. Using deep-learning and GPU processing, an aliasing resistant vector flow estimator is
realized for in vivo arterial flow with high processing throughput. By removing aliasing, the proposed

framework significantly improves vector flow visualization in healthy and pathological conditions.
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With its processing throughput and in vivo focus, the framework is suitable for integration with a

programmable ultrasound scanner for bedside imaging.
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Chapter 6
Aliasing Resistant Vector Doppler at the Bedside Using GPU

Processing and Deep Learning

6.1 Introduction

Imaging blood flow in the human vasculature is a common procedure in the clinic for cardiovascular
health monitoring in conditions such as vascular stenosis and stroke (Steinman & Taylor, 2005).
However, these conditions are typically characterized by disturbed and complex blood flow dynamics
which can be difficult to capture using existing flow imaging modalities in the clinic. High frame rate
vector flow imaging (HiVFI) is a next-generation ultrasound-based modality that enables the
visualization and quantification of complex and transient flow dynamics in vivo (Jensen, J. A. et al.,
2016a; Jensen, J. A. et al., 2016b). A number of implementations of HiVFI exist in the literature,
often through a mixture of unfocused transmissions and vector flow estimation techniques such as
transverse oscillations (Jensen, J. et al., 2017; Lenge, Ramalli, Tortoli, Cachard, & Liebgott, 2015),
speckle tracking (Nyrnes, Fadnes, Wigen, Mertens, & Lovstakken, 2020) and vector Doppler (Ricci
et al., 2014; Yiu et al., 2014). High frame rate vector Doppler can be realized using plane wave
transmissions with the velocity vector at each pixel in the imaging view then derived using a two-step
process. First, pulsed Doppler estimation is performed on the slow-time signal at the pixel of interest
for each steered plane wave. Second, the Doppler frequencies from each steering angle are used in
least squares fitting based on the Doppler equation to estimate the velocity vector. This strategy has
been employed in one commercial scanner with a reported framerate on the order of 100 fps (Du et

al., 2018) but there is an overall limited adoption in the clinic.

One cause for the slow clinical adoption of high frame rate vector Doppler is the prevalence of
Doppler aliasing-related flow estimation errors that render the modality unreliable for general use and
practically ineffective in diseased conditions (Pellett et al., 2005). Vector Doppler estimation is
corrupted with aliasing artifacts when the frequency content of any of the slow-time signals from any
of the steering angles exceeds half the pulse repetition frequency (PRF) used for transmission (Flynn
et al., 2011). This occurs in fast-flow conditions and leads to erroneous Doppler frequencies being
measured (Goddi et al., 2017). These incorrect measurements then corrupt the least squares estimator
in vector Doppler, producing invalid flow vectors. In on-site applications, PRF is limited by the

available data transfer bandwidth (Boni et al., 2018; Yiu et al., 2019) and the number of steering
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angles needed to yield reliable results (Yiu & Yu, 2016). The available maximum velocity under
these PRF conditions is typically lower than flow speeds encountered in both healthy and diseased
arteries (Goddi et al., 2018; Thiriet et al., 2015). Indeed, aliasing artifacts are routinely reported
Doppler-based HiVFI from bifurcations (Au et al., 2019; Goddi et al., 2018) and in the presence of
stenosis (Goddi et al., 2017; Hansen et al., 2019).

Several innovations have been made in addressing aliasing artifacts in Doppler-based HiVFI.
Packet transmissions and time-domain correlation techniques have been used with TO based HiVFI to
increase the PRF of the system (Jensen, J. A., 2019a; Jensen, J. A., 2019b) and staggered transmission
has seen success in vector Doppler (Madiena et al., 2018; Ricci et al., 2017). Aliasing removal in
vector Doppler has also been achieved through extending the conventional least squares error
estimator to consider aliasing in the Doppler measurements (Flynn et al., 2011). This approach was
later expanded in the extended least squares vector Doppler estimator (ELS-VD) (Ekroll et al., 2016),
which improved the least squares estimator further and used speckle tracking to resolve ambiguities.
While ELS-VD was successful against two cycles of aliasing, excessive processing times prevented
real-time application. We previously presented a GPU-accelerated pipeline for aliasing resistant
velocity estimation that utilizes convolutional neural network segmentation to reduce the number of

pixels processed by computationally demanding aliasing resistant estimation (Chapter 5).

In this paper, we present a high frame rate vector Doppler imaging system for bedside use, with
real-time aliasing resistant vector flow playback on demand. This is realized using the US4US
platform, a GPU-equipped open platform that exposes RF data for a custom ultrasound processing
pipeline (Yiu et al., 2019). We posit that raw RF data can be processed to aliasing resistant vector
flow maps + B-mode in a frame rate over 20 fps for on-demand playback at the bedside. This is
achieved in a vector Doppler imaging system that showcases an end-to-end GPU pipeline for
beamforming (Yiu et al., 2011), filtering, Doppler estimation and visualization and makes use of an
on-site deep learning module to achieve high processing throughput. The framework is demonstrated

in pilot trials to image superficial arteries in the body of a human subject.

6.2 Framework for Real-time Aliasing Resistant HiVFI

The high frame rate vector Doppler imaging system is realized as a software program on a
programmable ultrasound scanner configured for plane wave transmission (Figure 6.1). The program

configures the scanner for multi-angle plane wave transmission, receives the raw pre-beamformed RF

120



data in real-time and processes it to a B-mode + flow speckle + vector flow map frame that is

rendered in real-time. Two modes of operation are available:

1) Live mode: raw RF data is processed in packets through conventional least squares vector

Doppler estimation principles to realize live vector flow imaging.

2) Replay mode: the raw RF data is continuously processed using aliasing resistant vector flow

maps estimation, with the output played back in slow-motion.

The need for aliasing resistance emerges from the limited PRF available. The PRF is limited by the
available data transfer bandwidth of the scanner and the need for multiple steering angles in plane
wave transmission for good quality B-mode generation and robust velocity estimation (Yiu & Yu,

2016).
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Figure 6.1. The proposed system was realized on a programmable scanner with an ultrasound module for transmission and reception
control, a processing module with a GPI and a PC-backed with a console application that controls the imaging processes. The rendered
frames consist of a B-mode + flow speckle + vector flow map. The scanner was configured using the ultrasound module for plane wave
transmission using two interleaved sequences: one for B-mode consisting of 30 steering angles; and one for vector Doppler consisting
of two steering angles repeated 30 times each. The PC backend was responsible for data and operational management. Data was copied
to the GPU in the processing module where GPU kernels were used to derive the B-mode image, the speckle image and the vector flow
map. In live mode, each batch of RF data was processed to a framework output using least squares vector Doppler estimation. In replay
mode, one batch of RF data was processed to 30 vector flow maps using aliasing resistant velocity estimation.
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6.2.1 Hardware

The framework was developed on a software-oriented open platform (USPlatform; us4us Ltd.,
Warsaw, Poland). A detailed description of the hardware in the scanner can be found in a previous
publication (Yiu et al., 2019). The key features (Figure 6.1) include a 192-channel programmable
ultrasound module, a GPU processor (GTX 1080Ti; NVidia Corporation, Santa Clara, CA, USA), and
a personal computer back end that are all connected with a Peripheral Component Interconnect
Express (PCle) backplane (BPG8032; Trenton Systems). The scanner was equipped with a linear
array (SL1543; Esaote, Genoa, Italy) and can be configured for custom plane wave imaging
sequences. The raw RF data is transferred using the PCle with a maximum bandwidth of 4.8 GB/s to
the PC’s 24 GB Random-Access Memory (RAM) in batches of frames. Data on the RAM is then
processed using the C++ programmed software that interfaces with the GPU using the compute
unified device architecture (CUDA) API (version 10.1; Nvidia Corporation, Santa Clara, CA, USA).

Details on the imaging system are shown in Table 6.1.

Table 6.1

Array and Transmission Parameters.

Parameter Value

Number of Tx/Rx channels 192

Number of samples/channel 1536

Pre-beamformed data sampling rate 25 MHz
Pre-beamformed data resolution 2 bytes per data sample
Transmit frequency 5 MHz

Tx pulse duration (number of pulses) 3

Pulse repetition frequency 6000 Hz

6.2.2 Transmission Protocol

The transmission protocol of the ultrasound module in the programmable scanner was configured to a
repeating sequence of P =90 steered planewaves (Figure 6.1) consisting of two interleaved sub-
sequences: 1) A B-mode sub-sequence of 30 transmission events; and 2) A vector Doppler sub-
sequence of 60 transmissions events. The B-mode sequence consisted of planewaves steered at 6,, €
[-15°, 15°]\{0°} with a spacing of 1° for forming high-resolution B-mode images using coherent
compounding. The vector Doppler sub-sequence consists of two alternating steering angles

0, € {-10°, 10°} that were used for vector flow estimation. In the overall sequence (see Figure 6.1),
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one B-mode related transmission event was performed, followed by two vector Doppler events that
were steered at the two aforementioned angles. The sequence was transmitted using the full available
aperture (192 channels) at the maximum available PRF= 6000 Hz, leading to an effective PRF of
2000 Hz per vector Doppler angle. Transmission configuration on the programmable scanner is done
using a JavaScript Object Notation (JSON) file that specifies multiple additional parameters including
transmission frequency, pulse length, transmission power and more. Table 6.1 shows the transmission
parameters used in this study. During live-imaging mode, the received RF data was transferred to the

PC backend in batches of P =90 frames.
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Figure 6.2. a) In live mode, one batch every 4 are processed to form one framework output using a series of GPU kernels
that perform image formation, Doppler processing, least squares vector Doppler estimation. b) In replay mode, all batches
are processed with a sliding window strategy to form 30 framework output frames per batch. Two CPU threads are
developed to operate on a two-buffer system. The first thread utilizes GPU kernels for image formation and Doppler
processing of a single batch of frames, the results of which are stored in the buffer. The second thread operates on a frame-
by-frame basis to perform aliasing resistant vector flow estimation and image preprocessing.
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6.2.3 Software Implementation Overview

The vector flow imaging framework was implemented in C++ with the bulk of signal processing
performed on the GPU using CUDA kernels that were launched by the main program. All batches of
data were copied to the RAM as they were received, with a maximum of 150 batches being stored. At
the PRF of transmission, this translates to 2.25 seconds of acquisition time. An output frame was
derived from GPU processing of the raw RF data using a series of operations: image formation,
Doppler processing, velocity estimation, image preprocessing. The frame was then displayed using
C++ OpenGL API (version 4.6; Khronos Group, Beaverton, OR, USA). The processing pipelines for

both operational modes are detailed in the following two subsections:

6.2.4 Live Mode Implementation

In live mode, only one out of the O=4 batches (Figure 6.2a) were processed to a vector Doppler + B-
mode frame to match the frame rate of the imaging framework and the refresh rate of the screen
which was naturally lower than the PRF. At the PRF of transmission, this translated to a live frame
rate of 16.7 fps. To use GPU processing on a batch of frames, data from that batch was first copied
from the RAM to the GPU’s global memory using a callback function that is triggered after a batch of
acquisitions. The batch was then processed synchronously after its acquisition using the following

stages to yield an output frame.

1) Image Formation

The raw RF data were first filtered to remove out-of-band noise then Hilbert transformed to form the
analytic signal using two dedicated GPU kernels (Figure 6.2a). Prefiltering was done using a 64-tap
finite impulse response (FIR) (4-8 MHz) bandpass filter applied on each channel. The analytic signal
was performed using another 51-tap FIR filter whose output was the imaginary part of the analytic
signal. Each sequence of 90 analytic frames was delay-and-sum (DAS) beamformed to low-resolution
images (LRI) in GPU global memory with different receive steering for subsequent B-mode and
vector Doppler estimation. The beamforming grid was set to a resolution of 256 x 256, an imaging
depth of [0, 4] cm, and a lateral axis of [-1.9, 1.9] cm. The B-mode subsequence was all beamformed
with 0° receive steering to form 30 LRI frames for B-mode computation. The vector Doppler
sequence was beamformed to 90 LRI frames consisting of an ensemble of 30 frames for three
transmit-receive steering angles denoted in Table 6.2a. Receive steering was done using a hanning

apodization and a constant F-number = 1.0 and 2.0 for B-mode and vector Doppler frames
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respectively. After beamforming, the B-mode related LRI frames were extracted from the buffer and
coherently compounded to form the high-resolution image (HRI) for the B-mode image, which was

then stored in the GPU global memory for subsequent visualization.

Table 6.2

Transmit-Receive Steering Angles Used.

A) Live Mode
Tx-Rx angle 1 2 3
Transmit Angle (°) -10 -10 10
Receive Angle (°) -7 8 8
B) Replay Mode
Tx-Rx angle 1 2 3 4 5 6 7

Transmit Angle (°) -10 -10 -10 -10 10 10 10
Receive Angle (°) -10 -3 6 10 -6 3 10

2) Doppler Processing

The LRI analytic frames pertaining to the vector Doppler sequence were divided into ensembles of 30
frames pertaining to each transmit-receive steering angle, then processed to find the mean Doppler
frequency, variance and speckle pattern per transmit-receive steering for the whole image. These
processes (Table 6.2a) were done using a single GPU kernel that was iteratively called three times,
one for each transmit-receive steering angle to ultimately produce the mean Doppler frequency maps
necessary for the vector flow estimation of one frame from one batch. A 10% order projection-
initialized infinite impulse response filter was for clutter removal at ©. normalized frequency that can
be controlled by the user. Lag-one autocorrelation was then performed to derive the mean Doppler
frequency, variance and instantaneous speckle image for each transmit-receive steering angle. The
programming of all kernels described in this section is reported in our previous work (Yiu et al.,

2019; Yiu et al., 2011).

For the n™ transmit-receive steering angle, the measured mean normalized Doppler frequency map,
ia(x, v, t) with x, y, t being the lateral position, the axial position and the slow-time frame number
respectively, was estimated from the clutter filtered and beamformed analytic signal wa(x, y, ) (Yiu &

Yu, 2016) using lag one autocorrelation with ensemble length G = M = 30. For pixel location (x, y):
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. 1 t-1 .
i, (6) = —argl 3, wylilw,[i +1]} 6.1)

i=t-G
For flow detection and speckle images, the analytic signals w, from all transmit-receive steering
angle combinations were coherently compounded to form we.. Flow detection was derived using
Doppler variance, &(x, y, f), computed using the lag-one autocorrelation, followed by log

compression. For a pixel location (x, y):

. R ST
o(t)=20log;, |a Z Wee (DWee T +1) |5 (6.2)
i=t-G

Doppler variance, as opposed to Doppler power, was used for better flow detection (Tremblay-

Darveau et al., 2017).

The flow speckle image 5(x, y, t) was formed from the power of the last frame in the Doppler

ensemble. At pixel location (X, y):

8() =20log; | Wee (O |2 (6.3)

3) Vector Flow Estimation
Vector flow estimation in live mode was achieved using the conventional least squares vector
Doppler estimator (Yiu & Yu, 2016) on the mean Doppler frequency maps derived from each batch.
The velocity estimate at a given pixel (x, y, ?) is the solution, v, to the system of equations:

Av = uf (6.4)
where:

cos(0;) +cos(¢,) sin(6;)+sin(g,)
A= : : (6.5)
cos(Oy) + COS(¢N) sin(fy) + sin(¢N)

6; and ¢j are the i transmit and receive steering angles respectively, f= [#:(x,y,0)..., in(x,p,0)]" is a
vector of mean Doppler frequencies, u=c,frrr/fo, o is the speed of sound and f; is the transmit
. . . . -1
frequency. An estimate at (x, y, ) can be obtained using the pseudo-inverse At = (ATA) AT
v= ATt (6.6)

Using these principles, a dedicated GPU kernel was devised to estimate the vector flow map for the

entire imaging view for each time point. In the GPU kernel, one thread is launched per pixel in the
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image, utilizing the maximum threads per block in CUDA (1024). Using these threads, AT is copied
from global memory to shared memory Each thread then forms the frequency vector f pertaining the

pixel being processed, then computes the matrix-vector multiplication of AT using iteration. The

result is a vector flow map for the imaging view that can then be visualized.

4) Image Preprocessing

The final frame to be rendered is composed of three layers: the B-Mode image, the flow speckle map,
and the vector flow map. In the preprocessing stage, GPU kernels were used to log compress the
coherently compounded B-mode HRI and threshold the Doppler frequency variance map to form the
flow detection map. Persistence, median and gauss filters were applied on the flow detection map to

remove spurious flow detection and feather its edges.

5) Image Display and Vector Flow Visualization

OpenGL was used to composite the B-mode and speckle images on the screen with dynamic range
management into a window of a resolution of 800 X 760. Vector flow visualization was developed
using C++ and OpenGL where each vector on the frame was rendered using two OpenGL polygons
that were stacked in the shape of an arrow. In live imaging, a static grid of vectors is employed where
the color and length of the vector are computed from the flow speed and color bar. The static grid is
chosen in live mode over a projectile-based visualization due to the speed of the dynamics in real-
time which would make it challenging to interpret the fast-moving. A screen update is performed
once a new output frame has been produced. Since every fourth batch is processed, the frame update

in live imaging is 16.7 fps given the transmission scheme described in Section 6.2.2.

6.2.5 Replay Mode Implementation

In replay mode (Figure 6.2b), all 150 batches stored in the RAM were continuously processed to
vector flow + B-mode frames and played back in real-time, with a yield of 30 frames per batch. In
contrast to the live mode, an asynchronous approach was used in the replay mode with two CPU
threads running in parallel on a two-buffer system. One thread operated on a batch of RF data at a
time for image formation and Doppler processing after copying it to GPU memory from the RAM,
with the results stored in one buffer. In parallel, a secondary thread performed velocity estimation and
image preprocessing on the stored results from the other buffer on a frame-by-frame basis. Once a

complete buffer of frames has been processed and its contents displayed, the buffers swap to allow for
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subsequent batches to be processed. The frame rate of this second thread can be controlled by the user
to adjust the speed of the cineloop. In this paper, the frame rate of this thread was set to an average of
60 fps. Frame skipping and delays may be used by this thread to preserve a constant time evolution
regardless of the processing time required to derive each aliasing-free vector map. The velocity
estimation and preprocessing thread was given priority to the GPU resources so that the image
formation and Doppler processing are carried out concurrently with minimal disruption to the velocity

estimation and display.

1) Image Formation

Beamforming in replay mode (Figure 6.2b) differed to live mode in that the vector Doppler sequence
was beamformed to 210 LRI frames consisting of an ensemble of 30 frames for 7 transmit-receive
steering angles denoted in Table 6.2b. The 7 steering angle combination was chosen to reduce vector
Doppler variance (Yiu & Yu, 2016) and because of their inherent aliasing resistance (Ekroll et al.,

2016).

2) Doppler Processing

Replay mode Doppler (Figure 6.2b) processing was done using sliding window strategy where the
new 30 frames were appended to older frames before processing. This strategy yields 30 sets of mean
Doppler frequency maps to ultimately produce 30 vector flow frames from each batch of RF data. A
GPU kernel was designed to extract the 30 LRI frames corresponding to a specific transmit-receive
steering angle. These were then clutter filtered by a 169-tap FIR filter to remove clutter at u.
normalized frequency in a dedicated GPU kernel. A subsequent kernel performed lag-one
autocorrelation to derive the mean and variance of the Doppler frequency for each transmit-receive
steering angle as in live mode. This kernel was called iteratively for each of the 7 transmit-receive
steering angles. A final call of the kernel was performed on the coherently compounded ensemble
formed from the summation of the 7 transmit-receive steering angles to form a higher resolution

speckle pattern and Doppler frequency variance map for flow detection.

3) Vector Flow Estimation

In replay mode, aliasing resistant vector flow estimation was realized using a previously reported

framework (Chapter 5). In brief, the framework (Figure 6.2b) consists of three modules:
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1) Least squares vector Doppler estimation to provide an initial estimate of the vector flow map

with possible aliasing,

2) Aliasing segmentation of the artifacts in the initial vector flow map estimate by a convolutional

neural network (CNN),

3) Aliasing correction using a regularized extended last squares vector Doppler estimator applied

exclusively on the aliased pixels.

This strategy ensures that the computationally demanding aliasing resistant estimator is only
applied where needed, reducing overall computational overhead. In this section, we summarize the

key aspects of this framework and the GPU kernels used to realize it.

A) Module 1: Least Squares Vector Doppler

In the first module, the mean Doppler frequencies from all transmit-receive steering angles are used
to derive an initial estimate of the flow vector using the same least squares vector Doppler estimator
used in the live mode. There is no aliasing resistance at this stage so some estimates might be aliased.

Processing here is identical to that reported in Section 6.2.4.3.

B) Module 2: Aliasing Segmentation

In the second module, the vector flow map from the first module is passed through a pretrained CNN
to segment aliased pixels. The CNN is an encoder-decoder that was previously trained offline on in
vivo vector flow maps from femoral and carotid arteries with varying extents of single and double-
cycle aliasing artifacts (Chapter 5). Rapid inference was realized using the TensorRT library, a high-
performance inference optimizer and runtime engine that is suitable for deploying pretrained deep
learning models in GPU systems. Details about the CNN architecture, training and evaluation are
reported in the previous study and omitted here for brevity (Chapter 5). In this work, we complement
the segmentation with the morphological operation of binary closing is applied using two GPU
kernels on the segmentation results (dilation followed by erosion with a 9x9 binary disk stencil) to

prevent the occurrence of gaps.

C) Module 3: Aliasing Removal

After aliasing segmentation, an aliasing resistant vector flow estimator is applied on the affected
pixels. This estimator is based on ELS-VD (Ekroll et al., 2016) and achieves real-time performance

through GPU processing. The aliasing-free velocity estimate vp is derived using a two-step process:
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1. Discrete squared error optimization of the Doppler system to find a set of velocity

candidates, one of which is vp.

2. Speckle tracking to find the aliasing free velocity estimate in the set of velocity estimates

produced by the first step.

Speckle tracking was done in the form of block matching using the sum of absolute differences
(SAD) on the instantaneous flow speckle images, with a window size BxB on an ensemble of M
consecutive frames. This operation was computed in a dedicated GPU kernel. We eliminate spurious
errors to speckle decorrelation in the second step by penalizing velocities v; that disrupt the continuity

of flow.

AMv () - vp(¢- 1) fori=1...Q2L+1) 6.7)
where A is a forgetting factor that controls the level of regularization, v() is the i velocity candidate
being investigated at the current frame ¢ and viy(#-1) is the median velocity in a neighborhood of the

location being investigated in the previous frame.

This regularized aliasing resistant velocity estimator is realized using 6 dedicated GPU kernels
exclusively applied on aliased pixels identified in aliased pixels’ coordinates table. The kernels are
optimized to perform the necessary matrix-vector operations and speckle tracking. A detailed
description of the velocity estimator and its implementation can be found in the previous Chapter 5
and is omitted here. In this work, we devised an additional kernel to remove vectors with poor speckle
correlation as in (Ekroll et al., 2016) and replace them with an interpolated value. The vectors were
removed if the mean SAD per pixel and frame exceeded 5.333 dB and the interpolated vector was

derived as the mean of the velocity vectors in a 7x7 neighborhood around the affected pixel.

4) Image Preprocessing, Display and Vector Flow Visualization

Image preprocessing in replay mode was identical to that in live mode. For image display in replay
mode, projectile visualization is used to present the vector flow output in accordance with the vector
projectile imaging framework that was previously reported (Yiu et al., 2014). To accommodate the
variability of the processing time of the vector flow estimator in replay mode and prevent variable
time evolution in the cineloop, the visualization module was decoupled and run in a separate thread
with a fixed update rate of 30 fps. Each update, the last available B-mode + speckle image is rendered
on screen and the vector positions are updated according to the last available vector map and
processing time for that vector map. A C++ class was devised with tables to keep track of all vector
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positions and lifetimes in number of frames. At the start of the cineloop, the positions of the arrows
are randomly sampled in the imaging view. In subsequent frames, the positions of the vectors are
updated using the vector flow map and the temporal resolution of the cineloop. Vectors that do not
reside in the flow map or exceed their adjustable lifetime are reset and spawned in a random new
location. A consistent vector concentration is maintained by measuring the existing concentration of
vectors before a vector is spawned in a particular pixel, then preventing the spawning if the vector

concentration is too high.
6.3 Experimental Demonstration

6.3.1 Demonstration Protocol

The framework for real-time aliasing resistant vector flow was demonstrated using self-guided
imaging by a healthy volunteer in compliance with COVID-19 regulations. The scanner has been
approved for human use by the human research ethics committee at the University of Waterloo. The
volunteer used the live mode of the framework to locate target arteries and achieve a desirable
imaging window. Once this was found, the play-back mode was enabled and the aliasing resistant

vector flow cineloop was computed and displayed frame by frame in real-time.

6.3.2 Imaging Scenarios

Four imaging scenarios were chosen for the demonstration of the efficacy of the framework for
imaging flow in bifurcations, excessive aliasing and stenosis conditions. In the first two imaging
scenarios, the volunteer scanned their carotid and femoral bifurcations using the scanner while in a
seated upright position. The target bifurcations are known to contain non-trivial and transient flow
dynamics with aliasing emerging typically due to a low beam-to-flow angle in the deeper branches.
To simulate excessive aliasing (two-cycle aliasing in the Doppler frequency measurements from at
least one of the transmit-receive steering angles), the volunteer scanned their common carotid artery

while tilting the probe to minimize the beam-to-flow angle.

We also demonstrated the performance of the framework in a carotid stenosis phantom to evaluate
the framework in pathological conditions. Quantitative aliasing resistance evaluation was done on an
anthropomorphic carotid phantom with 50% stenosis (Chee et al., 2016) with a pulsatile flow of blood
mimicking fluid achieved using a programmable pump. The phantom resembles the common carotid

artery as it splits into the superficial and deep arteries. The vessels were designed to generally have a
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diameter of 6 mm, apart from a lesion in the superficial artery where 50% stenosis is induced. This
mimics the pathological condition of atherosclerosis in the carotid and creates a clinically relevant
testing scenario. The pump was configured to produce a carotid flow profile with a peak flow rate of
10 ml/s at a heartrate of 72 bps. At these conditions and PRF, two-cycle aliasing is seen in the
superficial branch near stenosis. Imaging parameters were tuned for each imaging scenario and are
tabulated in Table 6.3. The clutter filter was tuned to minimize tissue motion in the rendered profile.
In the carotid stenosis phantom, the sharp flow gradients required a smaller block matching kernel

size and regularization factor.

Table 6.3

Imaging Parameters for the Four Scenarios.

Clutter filtering, uc Block matching window size, B Regularization factor, 4
Carotid bifurcation 0.16 20 0.5
Femoral bifurcation 0.06 20 0.5
Tilted common carotid 0.06 20 0.5
Carotid stenosis phantom 0.05 10 0.1

6.3.3 Framework Output and Analysis

In this paper, we focus on the demonstration of imaging performance and processing throughput
analysis. Quantitative analysis on segmentation performance was reported in the previous Chapter 5.
For this study, the imaging sessions by the volunteer were recorded using a camera and screen capture
software (OBStudio) installed on the scanner to record the screen at 30 fps. The processing
throughput of the framework and key stages in the GPU pipeline were analyzed using the Nvidia
Visual Profiler application and CPU timers. This provides information on all GPU kernel calls and
memory operations. These operations were divided among the key stages described in 6.2.3, in
addition to the overall memory copy operations used throughout the pipeline. After each acquisition,
the pre-beamformed RF data was stored and used to generate reference vector flow maps using
conventional least squares vector Doppler to showcase the original aliasing that was removed in the
framework. The segmentation maps from the aliasing segmentation module and mean Doppler

frequency were also extracted and rendered for comparison.
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6.4 Results

6.4.1 Real-time Performance Achieved at the Bedside

A) Imaging Demo

B) Framework Output in Live Mode C) Framework Output in Replay Mode

Figure 6.3. a) The proposed system being used by the healthy volunteer to scan their carotid bifurcation. The output of
the framework is displayed in a window on the screen. A screen capture of the framework output on the carotid bifurcation
is shown in (b) live mode and (c) replay mode at systole. f) A rendering of the same frame shown in ¢) but without aliasing
resistance.

The proposed framework succeeded in providing guided imaging for vector flow phenomena and
real-time aliasing resistant visualization. A demonstration of the framework in action on the carotid
bifurcation by the healthy volunteer is shown in Movie 6.1a, where a recording of the imaging setup
is presented along with a synchronized capture of the console window in Movie 6.1b. Live vector
flow visualization + B-mode was used to align the transducer and identify multi-directional flow.
Once the appropriate imaging view was identified, aliasing-resistant playback was triggered to
provide a more comprehensive visualization of the flow dynamics in slow-motion. In the movie, we

present a synchronized frame-by-frame comparison with vector flow visualization obtained from the
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conventional least squares vector Doppler estimator (Yiu & Yu, 2016) without aliasing resistance
(Movie 6.1c). A snapshot of this movie is shown in Figure 6.3 with the imaging setup shown in
Figure 6.3a and screen captures of the framework output in live mode, replay mode with aliasing
resistance, replay mode without aliasing resistance shown in Figure 6.3b-d respectively for the
systolic phase. This demonstration showcases the utility of the framework in visualization complex
flow dynamics in the carotid bifurcation, which would be degraded without aliasing resistance.
Specifically, aliasing can be seen in the systolic phase in Movie 6.1c, Figure 6.3d in both branches of
the carotid, while the aliasing free playback (Movie 6.1b, Figure 6.3¢) more clearly indicates the
change of flow direction throughout the bifurcation. By removing aliasing, the framework allows a

clearer identification of flow layer separation and the recirculation zone at the bulb.
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Figure 6.4. A distribution of the framework output frame period is shown for (a) live mode and (b) replay mode. ¢) A plot
of the flow speed in the red square in Figure 6.3¢ throughout the whole cineloop, along with the processing time of the
velocity estimator per velocity frame estimated.

The processing throughput of the framework was sufficient to support live vector flow imaging and
real-time playback aliasing resistant vector flow imaging. The computational times of key stages in
the GPU pipeline described in Sections 6.2.4 and 6.2.5 are shown in Table 6.4. In live mode,
throughput analysis was performed on 1972 batches of frames that yielded 1972 output frames of
vector flow + B-mode + speckle image. In replay mode, throughput analysis was performed on the
processing of 150 batches, 4300 vector flow maps and 2446 visualization frame updates. Figure 6.4a
and Figure 6.4b plot the distribution of output frame periods in live and replay mode respectively.
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The visualization frame period was measured at 58.9 + 8.68 ms in live mode (Figure 6.4a) and 33.3 £+
10 ms in replay mode (Figure 6.4b). In Figure 6.4c, we plot the estimated flow speed profile in the red
box rendered in Figure 6.3¢ for the entire stored cineloop consisting of three cardiac cycles, along
with the processing time of the velocity estimation phase per frame. While most stages were
consistent in processing time between the frames, the vector flow estimator in replay mode was more
variable, which is consistent with the strategy described in Section 6.2.5.3. As the systolic phase
approaches, the number of aliased pixels in the scene detected by the CNN increases, leading to more
application of the aliasing resistant velocity estimator (Figure 6.4c). Some sporadic spikes in the

processing time of the velocity estimator were observed due to GPU kernel overlap.

Table 6.4

Processing Times of Key Stages in the Framework for Live and Replay Modes.

Live Replay

Data transfer batch to GPU 10.77+0.35 ms 8.45+0.35 ms
Image formation of batch 13.71+0.40 ms 21.96+0.69 ms
Doppler processing of batch 4.01+0.22 ms 35.33+0.91 ms
Vector flow estimation of frame Le?St Squares vector Doppler 11£0.8 us 27+2 ps

estimator

Aliasing segmentation N/A 4.54+2.48 ms

Aliasing resistant estimator N/A 6.05+3.34 ms

Sub-total 11£0.8 ps 10.62+4.45 ms
Image preprocessing of frame 455448 ps 22446 ps

6.4.2 Aliasing Resistant Vector Flow Improves Visualization of Multidirectional Flow

With its aliasing resistant playback, the framework was effective in visualizing multidirectional flow
dynamics in the femoral bifurcation. Movie 6.2a shows a screen capture of the scanner during the
imaging of the femoral bifurcation of the healthy volunteer, including both operational modes. During
replay mode, a synchronized side-by-side comparison is made with the framework output without
aliasing resistance (Movie 6.2b) and the aliasing segmentation achieved (Movie 6.2c). The imaging
view comprises the common femoral artery as it branches into the deep and superficial femoral
arteries. A plot of the processing time of the vector flow estimator and mean flow speed in the red
square (Movie 6.1a) throughout the cardiac cycle is also included to capture the dynamic processing

time of the aliasing resistant vector flow estimator in Movie 6.2d. A snapshot of Movie 6.2 is shown
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Figure 6.5. Two snapshots of the femoral bifurcation imaging demo are taken: peak systole (a-c) and recirculation (d-f).
a, d) Framework output with aliasing resistance showing B-mode, speckle pattern and vector projectile visualization. b,
e) Vector projectile visualization with least squares vector Doppler without aliasing resistance. c, f) Aliasing segmentation
produced by the neural network. g) Plot of the flow speed in the entry to the femoral bifurcation (see red square) and
processing time of the velocity estimator per frame.

in Figure 6.5, where peak systole and recirculation phases are depicted in the top (a-c) and bottom
rows respectively (d-f). The plot shown in Movie 6.2d is presented in Figure 6.5g with the two phases
marked. As evident in Movie 6.2 and Figure 6.5, aliasing resistant vector flow estimation is necessary
to visualize the flow dynamics as they change direction and flow into the deeper branch. Significant
aliasing is observed as the systolic phase approaches due to the lower beam-to-flow angle in the
deeper branch, leading to an incorrect flow speed and direction rendering (Figure 6.5b). The
framework output (Movie 6.2a) illustrates clearly the complex dynamics of flow as blood splits in the
branches with some recirculation occurring in the deeper branch. This is followed by flow backing up
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from both branches and swirling at the junction (Figure 6.5d), then a further smaller forward phase
into the deeper branch. The aliasing segmentation (Movie 6.2c) was able to identify the aliased pixels
in systole and was not triggered in non-aliased but complex flow (Figure 6.5f). Throughout the
cardiac cycle, the processing time of the estimator was generally under 10 ms, reaching a peak of just

under 30 ms at systole when more aliased pixels were identified.

6.4.3 Aliasing Resistant Vector Flow is Possible in Excessive Aliasing Scenarios

The framework was successful in scenarios where two-cycle Doppler aliasing was seen. This was
demonstrated in a tilted scan of the carotid bifurcation and in the carotid bifurcation phantom with
50% stenosis. The output cineloops are shown in Movies 6.3 and 6.4 and for the in vivo and phantom
carotids respectively. The screen recordings of the scanner in replay mode are shown in Movies 6.3a
and 6.4a where aliasing resistant visualization is realized. As before, the movies include a side-by-
side comparison with the vector flow visualization achieved using conventional least squares vector
Doppler estimation (Movies 6.3b and 6.4b) and a rendering of the aliasing segmentation (Movies 6.3d
and 6.4d). To emphasize the presence of two-cycle aliasing, we also included the color Doppler map

obtained from one of the 7 Tx-Rx combinations (see Table 6.2b) where two-cycle aliasing can be
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Figure 6.6. a) Snapshot of framework output at systole in the carotid artery imaged at an angle. b) Vector flow visualization using
conventional least squares vector Doppler without aliasing resistance. c¢) Doppler frequency at Tx-Rx steering angle (-10°,10°)
showcasing two-cycle aliasing that is labeled. d) Aliasing segmentation produced by the first component of the aliasing resistant vector
flow estimator. e) Plot of the flow speed in the stenosed region (see green square) and processing time of the velocity estimator per
velocity frame estimated.

137



observed in color flow rendering (Movies 6.3¢ and 6.4c). Finally, a plot of the processing time per
frame for the velocity estimator and flow speed throughout the cardiac cycle is included (Movie 6.3¢

and 6.4¢). Snapshots of the cineloops are shown in Figure 6.6 and Figure 6.7.

In the tilted in vivo carotid, framework output succeeded in visualizing flow dynamics in peak
systole even when the entire lumen was aliased (Figure 6.6b, c). Moreover, aliasing artifacts persisted
beyond the peak of the systolic phase where flow was distinctly non-parabolic (Movie 6.3a, b).
Despite this significant aliasing, the framework was still able to achieve a smooth aliasing-free flow
profile throughout the cardiac cycle (Movie 6.3a). Meanwhile, the processing time of the aliasing
resistant velocity estimator was under 10 ms per frame until systole where it jumped to 25 ms (Figure
6.6¢e). This represents a worst-case scenario for the framework where the entire flow region is aliased,
and no benefit is conferred by the segmentation. Nonetheless, the segmentation allows the overall
processing time for the cardiac cycle to be lower by preventing unnecessary applications in other

phases of the cardiac cycle where no aliasing is observed.
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Figure 6.7. a) Snapshot of framework output at systole in the carotid bifurcation phantom with 50% stenosis. b) Vector
flow visualization using conventional least squares vector Doppler without aliasing resistance. c) Doppler frequency at
Tx-Rx steering angle (-10°,10°) showcasing two-cycle aliasing in the body of the jet. d) Aliasing segmentation produced
by the first component of the aliasing resistant vector flow estimator. ¢) Plot of the flow speed in the stenosed region (see
red square) and processing time of the velocity estimator per frame.

The framework was able to successfully address aliasing artifacts in the flow jet induced by
stenosis in the carotid phantom. As can be seen from Movie 6.4c¢ and Figure 6.7c, the systolic phase

features two-cycle aliasing in the superficial branch of the phantom in at least one of the transmit-
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receive steering angle combinations, and this was successfully segmented by the CNN (Movie 6.4d
and Figure 6.7d) and corrected by the framework (Movie 6.4a and Figure 6.7a). Without this aliasing
correction, the vector flow profile in the jet cannot be visualized as can be seen in Movie 6.4b and
Figure 6.7b. Some aliasing was also seen in the deeper branch, emerging from aliasing in a different
transmit-receive steering angle than shown in Figure 6.7c. The framework was able to visualize flow
dynamics throughout the cardiac cycle, tracking the formation of the jet due to stenosis and
identifying the adjacent vortices formed. Single-cycle aliasing was seen in the following two forward
phases (Figure 6.7¢) and these were also addressed by the framework. Throughout the cardiac cycle,
the processing time of the velocity estimator fluctuated but was generally lower than 10 ms, with its

peaks coinciding with the flow speed profile.

6.5 Discussion

6.5.1 Summary of Contributions

The on-site realization of aliasing-free high frame rate vector Doppler imaging is important for the
clinical adoption of this modality. This is because ultrasound imaging is widely expected to be a
point-of-care modality (Moore & Copel, 2011), and it is important that vector flow visualization can
be performed in real-time. Such a realization cannot afford the prevalence of aliasing artifacts in
vector Doppler, and these errors must be removed without compromising the processing throughput
of the framework so that point-of-care applications are possible. A number of solutions for Doppler
aliasing exist in the literature (Ekroll et al., 2016; Lai et al., 1997; Posada et al., 2016), but a reliable

on-site demonstration of two-cycle aliasing resistant HiVFI using vector Doppler has yet to be made.

In this work, we presented an on-site vector Doppler implementation with live imaging and
aliasing-resistant slow-motion playback in real-time (Figure 6.1). The pillars of the proposed
framework are 1) GPU processing to leverage data-independency inherent throughout the imaging
pipeline; 2) Deep learning to realize rapid performance using custom trained networks; 3) A software
programmable ultrasound scanner with a fast data-transfer connection and GPU devices. Using these
principles, we were able to realize aliasing-resistant vector flow imaging at the bedside at a framerate
of 60 fps (Figure 6.4). We showcased this framework on acquisitions from a number of arteries,
including the carotid and femoral arteries (Figure 6.3,5-6, Movies 6.1-3). We also highlighted the
utility of this framework in conditions of stenosis using an anthropomorphic model (Figure 6.7.

Movie 6.4).
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A number of vector flow imaging solutions have emerged in the past, utilizing a range of strategies
including transverse oscillations, color-doppler based vector flow mapping and vector Doppler
(Jensen, J. A. et al., 2016a; Jensen, J. A. et al., 2016b). Additionally, real-time aliasing resistant
vector Doppler was demonstrated using staggered transmissions and programmable hardware where
velocity estimation exceeding two times the Nyquist limit was reported on a grid of 8x512 pixels
(Ricci et al., 2017). Compared to these efforts, the work presented offers the unique advantage of
providing aliasing resistant vector Doppler imaging at the bedside on a 256256 grid with high
framerate of 2000 frames per second. By expanding velocity estimation to more than 3 times the
Nyquist limit (two-cycle aliasing), the framework can image a wide range of velocities while
simultaneously transmitting 30 angles for B-mode imaging, thereby maintaining a useful display of
tissue. The presented framework does not utilize beamforming hardware and instead uses GPU
processing to achieve real-time performance. This framework also showcases the realization of deep
learning at the bedside for the purpose of signal processing towards ultrasound flow imaging. The
work demonstrates how such a deep learning-based framework can be developed, including the
software and hardware considerations made, and is relevant considering the recent proliferation of

deep learning-based solutions in ultrasound imaging (Luchies & Byram, 2018).

6.5.2 Insights on Real-time Performance at the Bedside

The presented work highlights the importance of parallel computing and optimized GPU utilization in
realizing high frame rate vector flow imaging at the point-of-care. Each component of the processing
pipeline was achieved using dedicated GPU kernels, each optimized for the specific task through
minimizing thread divergence and local memory requirements. On the other hand, the availability of
dedicated deep learning APIs such as TensorRT allowed the realization of on-site inference with high
processing throughput. In addition to GPU parallelization, CPU multi-threading was another
instrumental tool in achieving consistent performance on the scanner. Some aspects of the framework
could also only be performed using CPU commands, such as the vector projectile visualization
management. Decoupling the visualization and velocity estimation threads allowed a more consistent

visualization and accommodated the variable processing time of the velocity estimator.

One important consideration in GPU systems is the appropriate scheduling of GPU kernels and
utilization of the PCle link. In this work, kernel overlap was the primary source of most variability in
the processing throughput and can be seen in Figure 6.4c, 5g, 6e, 7e. Data transfer is another source
of variability as the PCle stream can only support one stream for data transfer from GPU to CPU and

140



one other for CPU to GPU. When CPU operations are required in the pipeline, such in the vector flow
visualization rendering, there is likely to be stalling hence the variability in the reported visualization

frame rates in Section 6.4.

6.5.3 In Vivo Applicability of the Proposed Framework

Live vector flow imaging and real-time aliasing resistant playback at the bedside should expand the
application of these techniques in vivo by overcoming the prohibitive offsite processing. Live vector
flow imaging is crucial for identifying and navigating towards complex flow dynamics that may be
present in the vasculature (Goddi et al., 2017; Hansen et al., 2016; Hansen et al., 2017), as
demonstrated in the bifurcation (Figure 6.3). Once a flow feature is identified by the sonographer, the
aliasing-resistant slow-motion playback can then provide a detailed visualization of the flow
dynamics and their evolution. This visualization in turn can identify transient phenomena more
clearly such as recirculation zones and jets (Movie 6.1,2, 4 and Figure 6.7a) as these features are
multidirectional and only a ~100 milliseconds long (Au et al., 2020; Goddi et al., 2018). Moreover,
aliasing resistance is necessary to capture all velocities in the imaging view at the supported PRF in
the scanner. Aliasing in vector Doppler is typically encountered in three kinds of scenarios: 1) Multi-
directional flow where some regions have a low beam-to-flow angle with respect to one or more of
the steering angles leading to high Doppler frequencies in those angles. 2) High-velocity regions due
to alterations in the vasculature geometry, such as in the presence of stenosis (Au et al., 2019; von
Reutern et al., 2012). 3) Imaging deeper vasculature where the maximum PRF is limited by the
required imaging depth (Hansen et al., 2013; Ishii et al., 2017). We demonstrated the aliasing
resistance of this framework in multi-directional flow in the bifurcations (Movies 6.1 and 6.2, Figure
6.3,5) and in stenosis-like conditions (Movie 6.4). Fast-flow conditions are particularly problematic
as these may lead to two-cycle aliasing in the Doppler frequency from one or more steering angles.
We demonstrated successful aliasing resistance in the presence of two-cycle aliasing in Figure 6.6-7.
and Movies 6.3-4. We previously also demonstrated the efficacy of the proposed velocity estimator

(Section 6.2.5.3) in an in vivo carotid stenosis dataset (Chapter 5).

The proposed framework should pave the way for large-scale human studies by facilitating live
guidance for interesting complex flow phenomena and providing complex flow visualization directly
for immediate observations at the bedside. High frame rate vector flow cineloops from the scanner
can be readily extracted for subsequent analysis, including the vector flow data or the raw pre-
beamformed RF data. Indeed, the raw RF data can be reprocessed by the scanner after the imaging

141



session with different parameters. With these features, the developed system may be used to conduct
comprehensive studies on the hemodynamics of flow in healthy and diseased arteries. Flow in the
presence of stenosis is dramatically altered (Ha et al., 2015; Hansen et al., 2019; Thiriet et al., 2015),
and non-invasively mapping flow in these conditions should provide statistically significant insights
on this interaction. Even in a healthy population, flow dynamics can vary widely from person-to-
person depending on vasculature geometry (Goddi et al., 2018). An aliasing-resistant vector flow
imaging tool at the bedside can more rigorously investigate this relationship in a larger study without

suffering from aliasing errors.

6.5.4 Perspectives for Further Validation and Development

With its reliance on deep learning, it will be important to validate the framework on scenarios it was
not directly trained on. Examples of important scenarios to investigate would be flow in stenoses with
different morphology (Brinjikji et al., 2016), ventricles and in deeper vasculature such as the aorta.
The network was already trained on a variety of healthy and diseased arteries, with demonstrated
generalizability both in this and previous work (Chapter 5). Moreover, the modularity of the
presented algorithm supports alternative networks with different weights or architecture. Indeed, it is
possible to implement an on-site training mode for the network model as it encounters new imaging

scenarios.

Currently, the scanner can only employ a linear probe for imaging superficial arteries. Meanwhile,
there are interesting flow dynamics that can be found in deeper vasculature, such as the aorta (Bogren
et al., 1997; Hansen et al., 2017) and the ventricles (Hansen et al., 2013). It should be possible to
expand the functionality of the scanner to these imaging scenarios through interfacing the ultrasound
module with other probes (convex/phased) and employing alternative transmission schemes, such as
diverging waves. It is important to note, however, that the underlying aliasing resistant estimation
principles (Ekroll et al., 2016) have been devised for plane wave imaging and further algorithmic

work will be necessary for different transmission types.

6.6 Conclusion

Aliasing poses a significant limitation in vector Doppler imaging and has prevented a reliable
realization of the modality in the clinic. We demonstrated how high frame rate aliasing resistant
vector flow imaging can be realized at the bedside on a programmable ultrasound scanner using GPU

processing and Deep learning principles. By resolving aliasing errors, the framework was able to
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improve the visualization of hemodynamics in the arteries without compromising the modality’s role

as a point-of-care tool. This work is important for the clinical adoption of vector Doppler techniques.
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Chapter 7

Discussion and Future Directions

7.1 Summary of Contributions

Complex flow dynamics are important biomarkers for cardiovascular health and their mapping is
instrumental in clinical monitoring (Grant et al., 2003; Steinman & Taylor, 2005). Clinicians look for
disturbed flow in diagnosing conditions including vascular stenosis, aneurysms, and ventricular
defects, and use this information in their clinical decision-making (Grant et al., 2003; Warboys,
Amini, de Luca, & Evans, 2011). Existing solutions in the clinic for flow imaging are limited in their
ability to capture and quantify complex flow conditions. Meanwhile, high frame rate vector Doppler
imaging is a next-generation ultrasound-based modality that excels in non-invasively visualizing
complex blood flow dynamics in vivo in terms of flow speed and direction at superior framerates
(Goddi et al., 2018). Despite these favorable characteristics, this modality has faced limited adoption
in the clinic, with only one known commercial solution existing for high frame rate (Du et al., 2018).
To this end, Doppler aliasing is a fundamental shortcoming that must be addressed reliably without

compromising the point-of-care application of ultrasound.

In this dissertation, I have presented a framework for high frame rate vector Doppler imaging
suited for bedside applications. The framework succeeded in visualizing blood flow with velocities
exceeding 3 times the Nyquist limit (Section 6.4.3) and capture flow dynamics at 2000 fps. The
vector flow information was successfully processed and visualized in aliasing resistant playback at an
average of 60 fps. This achievement was made on a programmable ultrasound scanner and using
GPU-accelerated processing to achieve live and real-time imaging. The framework also showcases
the bedside application of deep learning in ultrasound flow imaging, where a high-speed neural
network was used to detect flow estimation errors and expand the range of velocities that can be
imaged using the framework. With these contributions, this thesis presents an important milestone
towards the clinical adoption of vector Doppler imaging. This framework can then drive larger-scale

human studies on blood flow dynamics and the role they play in cardiovascular health.

In Chapters 3 and 5, | showcased how aliasing removal in Doppler ultrasound significantly
improves flow visualization in vivo in both color flow imaging and vector Doppler imaging. This is
because aliasing creates regions of flow measurements that are nonsensical and difficult to interpret,
especially in scenarios with excessive aliasing (2 cycle aliasing). Despite this difficulty, Chapters 3
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and 5 showcase how convolutional neural networks may be leveraged to identify aliased pixels in
complex scenarios (see Sections 3.4.2 and 5.6.1). The results also demonstrate how aliasing
identification can improve the efficacy of aliasing removal techniques for color flow imaging (Section
3.4.3) and processing throughput for aliasing resistant vector Doppler imaging (Section 5.6.3). The
networks were specifically trained on femoral and carotid bifurcations with arterial flow as these
vasculatures often contain complex flow dynamics even in healthy conditions (Pedersen et al., 2014)

and are prone to plaque-build up due to these flow dynamics (Warboys et al., 2011).

This dissertation presents important contributions in system development and the utilization of
GPU computing for ultrasound flow imaging, which is of interest to ultrasound developers. Chapter 5
demonstrates how a real-time aliasing resistance can be achieved using GPU computing principles,
and Chapter 6 presents a vector Doppler imaging system on a GPU-powered scanner where aliasing
resistant velocity estimation is achieved at 30 fps (Section 6.4.1), including on-site convolutional
neural network inference. This work complements other efforts in the ultrasound community that
utilize GPU processing to accelerate the innovative but computationally demanding imaging
techniques that are emerging in the literature to achieve real-time performance (Goddi et al., 2018;
Idzenga et al., 2014; So et al., 2011). This is important for ultrasound imaging as the modality is
widely expected to be a point-of-care solution and this accessibility is a key strength that should be

preserved (Moore & Copel, 2011).

The contributions of this dissertation are also relevant to ultrasound users who are interested in
imaging complex blood flow comprehensively. The devised system may be potentially applied to
visualize blood flow in conditions of vascular stenosis and in tortuous vasculature such as
bifurcations. Indeed, the carotid bifurcation phantom with stenosis was the testbed of choice in
Chapters 4-6 included evaluation on carotid arteries with plaque. The results in Sections 5.6.2 and
6.4.2 reveal how aliasing resistant vector Doppler imaging significantly improves flow visualization
in these conditions and more clearly reveals complex dynamics such as jets and recirculation zones.
From the perspective of Doppler imaging, vascular stenosis is a challenging scenario to image
reliably and past attempts have reported Doppler aliasing as a recurring challenge (Hansen et al.,
2017; Hansen et al., 2019; Kronick et al., 2020). Increasing the PRF is usually not feasible due to
hardware limitations (Yiu et al., 2019) or undesirable as these flow scenarios may include slow flow

in recirculation zones that may be lost at high PRFs (Hwang, 2017).
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7.1.1 Aliasing Removal in Color Flow Visualization Using Deep Learning

In Chapter 3, I presented a deep learning-based framework for aliasing removal framework in CFIL.
This was achieved by: 1) aliasing segmentation by CNN, 2) adaptive phase unwrapping to achieve a
continuous flow profile. The CNN was trained on in vivo data from the femoral bifurcation with the
labels generated using a manual protocol (Section 3.3.3). The results in Chapter 3 showcase the
removal of one and two-cycle aliasing in CFI in the femoral bifurcation by using an adaptive phase

unwrapping method.

By removing aliasing, the work of Chapter 3 improves the visualization of flow in CFI. CFI is the
go-to-modality for point-of-care visualization of flow in the clinic today and has many applications
including for stroke, peripheral artery disease and cardiac disease (Oglat et al., 2018). Doppler
aliasing is a serious limitation that degrades the quality of visualization, particularly in tortuous
vasculature such as bifurcations and in diseased conditions (Goddi et al., 2018). In such scenarios, the
combination of flow complexity and aliasing often leads to a ‘mosaic’ of colors that is very
challenging to discern (Nishimura et al., 2011). By addressing such conditions in the femoral
bifurcation, the work presented in Chapter 3 improves the quality of flow visualization in this
commonplace modality and expands the range of velocities that can be imaged simultaneously. This
work is relevant for applications where the PRF is limited by depth or the need for visualizing slower

flow dynamics or in scenarios with high velocities such as in vascular stenosis (Thiriet et al., 2015).

Compared to existing dealiasing techniques for CFI (Muth et al., 2011), the work done in Chapter 3
makes no assumptions with regards to the shape of the aliasing artifacts. Even when aliasing corrupts
most of the flow region, the trained network is able to segment the one and two-cycle aliasing errors
(Sections 3.4.2). Additionally, the presented framework does not require multiple different PRFs
which can strain the data transfer bandwidth and limit the ensemble length of the system (Posada et
al., 2016). This reduces the barrier for clinical adoption in existing scanners in the clinic. Finally, the
framework integrates well with high frame rate imaging and is thus suitable for next generation

applications (Yiu & Yu, 2013).

7.1.2 Real-time Aliasing Resistant Vector Doppler Using GPU Computing

This dissertation presents the real-time realization of aliasing resistant vector Doppler imaging using
GPU processing, the details of which are reported in Chapter 4. This is achieved using single-
instruction-multiple-threads (SIMT) principles to accelerate ELS-VD (Ekroll et al., 2016) and bring
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down compute times from a reported 5 seconds per frame for two-cycle dealiasing case down to real-
time range (25 fps). The results also demonstrated processing throughput under different
configurations of the framework and identified the bottlenecks in the pipeline. Aliasing resistance
velocity estimation is also successfully demonstrated in a carotid bifurcation phantom with stenosis

where a processing time under 16 ms per frame was achieved.

The framework in Chapter 4 was realized in the CUDA platform, a popular choice for general-
purpose GPU applications, and on a modest GPU (RTX-2080) that is commercially available. The
presented work is therefore accessible to a significant body of researchers who should be able to
utilize this methodology and achieve real-time aliasing resistant velocity estimation in their own
work. There is growing interest in ultrasound systems supporting GPU processing (So et al., 2011)
and thus the presented work can potentially fit in an end-to-end GPU-based pipeline to realize real-
time imaging. This work may be potentially integrated with other ultrasound modalities such as wall
shear rate imaging and pulse wave imaging to provide more comprehensive analysis of the

vasculature without prohibitive processing times (Perrot et al., 2021).

7.1.3 Robust Velocity Estimation with High Processing Throughput

In Chapter 5, a robust vector Doppler estimator is realized with high processing throughput by
utilizing the findings of Chapters 3-4. Specifically, a compact neural network is trained to identify
pixels in the imaging view that are affected by Doppler aliasing with minimal compute time on a
GPU (~7 ms per frame). The GPU-accelerated aliasing resistant estimator from Chapter 4 is then
applied exclusively on the aliased pixels, thereby reducing the number of pixels that need to be
processed by that estimator and overall compute time per frame. This strategy achieved compute
times under 20 ms for most cases and was significantly faster than the GPU accelerated framework
alone. This achievement is important as excessive processing times prohibit clinical adoption, prevent

point-of-care application and hinder large-scale human studies.

This module showcases the potential of deep learning techniques in accelerating the flow imaging
pipeline by approximating complex processes and realizing them at a high inference rate. This
approach benefits from the natural relationship between neural networks and GPU computing with
many available toolkits for deep learning supporting GPU inference (Shi, Wang, Xu, & Chu, 2016).
As GPU efficacy continues to improve and considering efforts to natively support deep learning at the
hardware level (Sze, Chen, Yang, & Emer, 2017), it is likely that deep learning strategies to

approximate and accelerate processing, as presented in Chapter 4, will become more effective. One
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potential extension of this work in the vector Doppler pipeline is using deep learning for clutter

filtering (Tabassian, Hu, Chakraborty, & D’hooge, 2019) and flow detection.

7.1.4 Aliasing Resistant Vector Doppler Imaging at the Bedside

Chapter 6 presents a reliable vector Doppler imaging system on a programmable ultrasound scanner,
housing the estimator described in Chapter 5. The system has two operational modes: live and replay.
In live mode, the scanner renders a live visualization of the vector flow data and can be used for
guiding the imaging session. Once a satisfactory imaging window is located, slow-motion replay
mode can be triggered where the vector flow cineloop is rendered at 60 fps with aliasing errors
removed. This achievement is an important contribution in the translation of vector Doppler

techniques to the clinic, where aliasing and excessive processing times would hinder clinical use.

A number of bedside vector flow imaging solutions exist using transverse oscillations, color-
doppler based vector flow mapping and vector Doppler (Jensen, J. A. et al., 2016a; Jensen, J. A. et al.,
2016b). Real-time aliasing resistant vector Doppler was also demonstrated using staggered
transmissions and programmable hardware where velocity estimation exceeding two times the
Nyquist limit was reported (Ricci et al., 2017). Compared to these efforts, the work presented offers
the unique advantage of providing aliasing resistant vector Doppler imaging at the bedside on a
higher resolution grid with a higher framerate and more transmit-receive steering angle combinations,
allowing more robust velocity estimation (Yiu & Yu, 2016). The proposed framework was also able
to image velocities more than 3 times the Nyquist limit (two-cycle aliasing), while simultaneously
transmitting 30 angles for B-mode imaging. The presented framework also achieves its goal using a
software-based strategy that leverages GPU processing as opposed to dedicated circuitry for parallel

beamforming and Doppler processing.

Another key contribution in this work is demonstrating the feasibility of deep learning directly at
the bedside for the purpose of signal processing and flow imaging. The significance of this
contribution is amplified by the advent of multiple deep learning techniques in ultrasound imaging,
from beamforming (Luchies & Byram, 2018) to super-resolution imaging (Brown et al., 2020),
indicating the growing need for deep learning modules in the ultrasound scanner. The programmable
system used in this work is commercially available to ultrasound researchers and the system reported

here may be readily replicated for a growing body of ultrasound researchers.
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7.2 Limitations and Future Directions

7.2.1 Deep Learning Generalizability

The data used in training the deep learning models used in this thesis were acquired from femoral and
carotid bifurcations, including healthy and diseased conditions, but it will be important to consider
other scenarios not included in training for the practical use of this framework. This includes other
vessels such as the brachial artery or the aorta and other vasculature such as the ventricles, where
aliasing is encountered (Hansen et al., 2016; Mehregan et al., 2014). Vascular stenosis is also highly
variable in cause and morphology (Brinjikji et al., 2016; Thiriet et al., 2015), so it is important to

evaluate the generalizability of the trained models on a more extensive set of vascular stenosis data.

These considerations were taken into account in the development of the system reported in this
dissertation by ensuring modularity in the processing pipeline. The neural network component may be
readily updated with new weights or architectures as improved models are realized. Indeed, there is
also room for implementing an on-site training mode for the network model as it encounters new
imaging scenarios. This is because the system may be configured to generate its own labeled data

using the automatic protocol reported in Section 5.2.3.3.

7.2.2 Conditions of Extreme Aliasing

Two-cycle Doppler aliasing is a considerably more challenging problem to tackle, compared to one
cycle aliasing. In vector Doppler, two-cycle aliasing exponentially expands the space of aliasing
patterns to be considered in ELS-VD which significantly increases the processing time per frame
(Section 4.5.2). On the other hand, two-cycle aliasing may also be accompanied by bandwidth
aliasing, where the spectrum of the Doppler signal at least partially overlaps with itself (Brands &
Hoeks, 1992). This has the effect of artificially increasing the bandwidth of the signal, effectively
‘whitening’ it so that it resembles noise. The spectrum of the Doppler signal may also intercept the
stopband of the clutter filter more than once, altering the mean frequency of the signal (Bjaerum,
Torp, & Kristoffersen, 2002). This is especially problematic in stenosis scenarios (Sections 5.6.2 and
6.4.3) where the increased flow complexity leads to significant extrinsic spectral broadening (von
Reutern et al., 2012). In such conditions, mean Doppler frequency estimation has high variance and
considerable bias (Brands & Hoeks, 1992) which leads to failure in the ELS-VD framework (Ekroll et
al., 2016). In the discrete least squares error optimization process of ELS-VD, erroneous Doppler

estimates that cannot be related to the true estimates by an integer of the PRF lead to the incorrect
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selection of the aliasing pattern set. It is best to filter those estimates out for vector flow visualization
(Sections 5.5.2 and 6.2.5.3). Despite these challenges, the presented framework in Chapters 3 and 5
successfully segmented pixels affected by two-cycle aliasing (Sections 3.4.2, 5.6.1 and 6.4.3) and
aliasing-resistant vector estimation was achieved for two-cycle aliased in vivo flow (Section 5.6.2 and
6.4.3).

To address issues pertaining to bandwidth aliasing, strategies that limit spectral bandwidth may be
employed (Yu, Steinman, & Cobbold, 2006). For example, a high F-number and long pulse cycle can
reduce intrinsic broadening (Cobbold, 2007). Alternatively, spectral broadening can be reduced by
minimizing the minimum beam-to-flow angle among all transmit-receive steering angle combinations
(Park, Jung, Byun, Kim, & Joo, 2012). Larger transmit steering angles can do this for lateral flow but
consideration has to be given to grating lobes. Finally, alternative transmission schemes may be
explored to maintain a higher effective PRF/angle so that the bandwidth of the signal may be

sufficiently captured.

7.2.3 Expanding the Range of Application

The system reported in this dissertation was tailored for linear probe imaging which is typically suited
for superficial arteries such as the carotid and femoral, but there are also interesting flow dynamics in
deeper vasculature, such as the aorta (Whitlock & Hundley, 2015) and the ventricles (Rijnberg et al.,
2018) that may also experience significant aliasing. Flow in the urinary tract may also be a fruitful
application of vector flow imaging that requires deeper imaging (Ishii et al., 2017). An important
further direction is therefore to translate the framework to other imaging probes and expand the range
of applications. This may be done by interfacing the ultrasound module (Section 6.2.1) with other
probes (convex/phased) and employing alternative transmission schemes, such as diverging waves
(Jensen, J. A. et al., 2016b). The underlying aliasing resistant velocity estimation (Chapter 5) will also

have to be extended to different transmission schemes and validated accordingly.
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Appendix

This appendix lists the video files referenced in this dissertation.

Movie3.1.mp4: A cineloop (playback rate: 30 fps) of dealiased CFI over the systolic phase of the
cardiac cycle in the femoral bifurcation. Shown in this movie is a side-by-side comparison between
the original CFI (left column), the dealiased CFI (middle column), and the CNN-derived aliasing
segmentation map (right column). Flow moves from the common artery in the left and splits into the
superficial (top right) and deep (bottom right) femoral arteries, exhibiting some recirculation and
aliasing in the deeper artery. The video shows how the proposed segmentation framework can
successfully track one and two-cycle aliasing, and how the overall dealiasing framework can resolve

excessive aliasing scenarios in the bifurcation. See Section 3.4.3 for more details.

MovieS5.1.mp4: Demonstration of aliasing removal in the 50% stenosis carotid bifurcation phantom
with two-cycle aliasing, including a render of the vector flow cineloop derived using (a) conventional
LS-VD at PRF = 750 Hz/angle, (b) ELS-VD at PRF = 750 Hz/angle, (c) the proposed framework at
PRF =750 Hz/angle and (d) LS-VD at high PRF= 3000 Hz/angle. The movie also shows (e) the
aliasing segmentation by the CNN and (f) the mean Doppler frequency map from one of the transmit-
receive steering angle combinations to emphasize aliasing contours and order. The phase of the
cardiac cycle can be tracked using a (g) plot of the flow speed in the white square included with the
movies. Blood flow is shown moving from the common carotid artery in the left to the superficial
(top) and deep arteries in the right, with two-cycle aliasing seen at systole due to jet formation near
the stenosis. This video demonstrates how the proposed velocity estimator captured vector Doppler
aliasing in the diseased carotid bifurcation phantom and produced an aliasing-free profile with

reduced compute time per frame. See Section 5.6.2 for more details.

Movie5.2.mp4: Demonstration of aliasing removal in the femoral bifurcation, including a render of
the vector flow cineloop at PRF = 3000 Hz/angle derived using (a) conventional LS-VD, (b) ELS-
VD, and (c) the proposed framework. The movie also shows (d) the aliasing segmentation by the
CNN and (e) the mean Doppler frequency map from one of the transmit-receive steering angle
combinations to emphasize aliasing contours and order. The phase of the cardiac cycle can be tracked
using a (f) plot of the flow speed in the white square included with the movies. Blood flow is shown
moving from the common femoral artery in the left to the superficial (top) and deep arteries in the

right, with aliasing seen at systole. This video demonstrates how the proposed velocity estimator
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captured vector Doppler aliasing in the femoral bifurcation and produced an aliasing-free profile with

reduced compute time per frame. See Section 5.6.2 for more details.

Movie5.3.mp4: Demonstration of aliasing removal in a carotid artery with plaque, including a render
of the vector flow cineloop at PRF = 3000 Hz/angle derived using (a) conventional LS-VD, (b) ELS-
VD, and (c) the proposed framework. The movie also shows (d) the aliasing segmentation by the
CNN and (e) the mean Doppler frequency map from one of the transmit-receive steering angle
combinations to emphasize aliasing contours and order. The phase of the cardiac cycle can be tracked
using a (f) plot of the flow speed in the white square included with the movies. Blood flow is shown
moving in the carotid artery from the left to right, with aliasing seen at systole due to jet formation
near the plaque. This video demonstrates how the proposed velocity estimator captured vector
Doppler aliasing in the plaque-affected carotid artery and produced an aliasing-free profile with

reduced compute time per frame. See Section 5.6.2 for more details.

MovieS.4.mp4: Demonstration of aliasing removal in a tilted carotid artery at a PRF of 2000
Hz/angle with two-cycle aliasing, including a render of the vector flow cineloop derived using (a)
conventional LS-VD, (b) ELS-VD, and (c) the proposed framework. The movie also shows (d) the
aliasing segmentation by the CNN and (e) the mean Doppler frequency map from one of the transmit-
receive steering angle combinations to emphasize aliasing contours and order. The phase of the
cardiac cycle can be tracked using a (f) plot of the flow speed in the white square included with the
movies. Blood flow is shown moving in the carotid artery from the bottom left to top right, with two-
cycle aliasing seen at systole due to jet formation near the plaque. This video demonstrates how the
proposed velocity estimator captured vector Doppler aliasing in the titled carotid artery and produced

an aliasing-free profile with reduced compute time per frame. See Section 5.6.2 for more details.

Movie6.1.mp4: A demonstration of the framework in action on the carotid bifurcation by the healthy
volunteer is shown in (a), where a recording of the imaging setup is presented along with a
synchronized capture of the console window in (b). Live vector flow visualization + B-mode was
used to align the transducer and identify multi-directional flow. Once the appropriate imaging view
was identified, aliasing-resistant playback was triggered to provide a more comprehensive
visualization of the flow dynamics in slow-motion. (c) shows a synchronized frame-by-frame
comparison with vector flow visualization obtained from the conventional least squares vector
Doppler estimator without aliasing resistance. Blood flow is shown moving from the common carotid

artery in the left to superficial and deep branches, with aliasing seen at systole in both branches. This
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video demonstrates the proposed framework in a live imaging session with live mode for guidance

and replay mode for aliasing-free imaging. See Section 6.4.1 for more details.

Movie6.2.mp4: A screen capture of the scanner during the imaging of the femoral bifurcation of the
healthy volunteer, including both operational modes, is shown in (a). During replay mode, a
synchronized side-by-side comparison is made with (b) the framework output without aliasing
resistance and (c) the aliasing segmentation achieved. The imaging view comprises the common
femoral artery as it branches into the deep and superficial femoral arteries. A plot of the processing
time of the vector flow estimator and mean flow speed in the red square in (a) throughout the cardiac
cycle is also included in (d) to capture the dynamic processing time of the aliasing resistant vector
flow estimator. Blood flow is shown moving from the femoral carotid artery in the left to superficial
and deep branches, with aliasing seen at systole. This video demonstrates the utility of the proposed

framework in providing complex flow visualization at the bedside. See Section 6.4.2 for more details.

Movie6.3.mp4: The output of the framework on the tilted carotid with two-cycle aliasing. The screen
recordings of the scanner in replay mode are shown in (a) where aliasing resistant visualization is
realized. (b) shows a side-by-side comparison with the vector flow visualization achieved using
conventional least squares vector Doppler estimation; (c) the color Doppler map obtained from one of
the 7 Tx-Rx combinations where two-cycle aliasing can be; (d) shows a rendering of the aliasing
segmentation produced by aliasing detection module. A plot of the processing time per frame for the
velocity estimator and flow speed throughout the cardiac cycle is included in (e). Blood flow is shown
moving in the carotid artery from the top right to the bottom left, with two-cycle aliasing seen at
systole. This video demonstrates the utility of the proposed framework in a scenario with excessive

aliasing at the bedside. See Section 6.4.3 for more details.

Movie6.4.mp4: The output of the framework on the carotid bifurcation phantom with 50% stenosis.
The screen recordings of the scanner in replay mode are shown in (a) where aliasing resistant
visualization is realized. (b) shows a side-by-side comparison with the vector flow visualization
achieved using conventional least squares vector Doppler estimation; (c) the color Doppler map
obtained from one of the 7 Tx-Rx combinations where two-cycle aliasing can be; (d) shows a
rendering of the aliasing segmentation produced by aliasing detection module. A plot of the
processing time per frame for the velocity estimator and flow speed throughout the cardiac cycle is
included in (e). Blood flow is shown moving from the common carotid artery in the left to the

superficial and deep branches, with two-cycle aliasing seen at systole near the stenosed region. This
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video demonstrates the utility of the proposed framework in a scenario resembling pathological flow.

See Section 6.4.3 for more details.

If you accessed this thesis from a source other than the University of Waterloo, you may not have

access to this file. You may access it by searching for this thesis on https://uwspace.uwaterloo.ca/
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