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CHAPTER 1

Background and Introduction

1.1 Clinical Background

Hepatocellular Carcinoma (HCC) is the most prevalent form of liver cancer world-wide, and is ranked as the

third leading cause of cancer death across the globe [1, 2]. Incidence of HCC is on the rise, tripling since

the 1990s in the United States, with a 43% increase in death rate from 2000 to 2016 [2, 3]. In developed

countries, Hepatitis C, alcoholic cirrhosis, and fatty liver disease are primary risk factors for developing HCC

[1, 2, 3, 4, 5].

Staging systems help clinicians determine what therapeutic options are available for a patient based on

disease progression and overall patient health. The Barcelona Clinic Liver Cancer staging system works

in conjunction with the Child-Pugh liver disease classi�cation system to assess disease based on patient

performance, number of nodules, size of nodules, symptoms, and liver function [1, 3]. This system classi�es

disease as stage 0, A, B, C, or D, from least severe to most severe [6]. Treatment options vary based on

liver function and tumor characteristics within these stages [1, 3, 6]. Of these various treatment options,

Transarterial Chemoembolization (TACE) is the most common �rst-pass treatment for stage B tumors, and is

a common retreatment option for stage 0 or A tumors that fail initial treatment [6].

Transarterial Chemoembolization (TACE) is appropriate for those intermediate stage B tumors that present

as localized HCC tumors fed by vasculature branching from the hepatic artery. TACE embolizes tumor feeder

vessels from the hepatic artery, causing the tumor to become hypoxic and eventually necrotic without severely

damaging healthy liver tissue [1, 7]. TACE is also used to downstage tumors to bridge to resection or trans-

plant or reduce tumor size prior to ablation therapy [3, 7].

To administer TACE, an interventional radiologist feeds a catheter through the femoral artery to the hep-

atic artery guided by angiography [7, 8]. A contrast agent is injected to highlight vessels on an angiogram,

as shown in Fig. 1.1 [9]. This visualization provides a 2-D roadmap to guide catheter navigation to tumor

feeder vessels. The tumor itself is identi�ed by “tumor blush”, or the hazy dispersal of contrast into small

vessels formed during the rapid angiogenesis of the tumor (Fig. 1.1a) [10]. Intraoperative TACE endpoints

are determined to be met when all feeder vessels visible on angiography are embolized and the tumor blush

is no longer present, indicating that contrast is no longer reaching the tumor (Fig. 1.1b) [11, 6, 1].
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Figure 1.1:Angiogram before and after TACE Administration: a) Injected contrast reveals healthy blood
vessels and tumor blood vessels appear as a hazy tumor blush. b) Contrast is injected again to con�rm all
feeder vessels have been embolized and tumor blush has disappeared.

Final post-operative assessment of TACE outcomes occurs four to six weeks after the TACE procedure.

Follow-up imaging with CT or MRI is performed to assess tumor viability. The tumor may still be viable if not

all feeder vessels are embolized during the TACE procedure. Viable tumor is indicated by blood enhancement

on CT or MRI, while successful tumor response is evidenced by Lipiodol enhancement on imaging, as shown

in Fig. 1.2 [10, 12]. If follow-up imaging determines that the tumor is still viable, patient and clinician can

opt to re-treat the tumor with TACE or pursue other treatment options [6, 13, 14].

Figure 1.2:Tumor enhancement on postoperative TACE assessment:a) Lipiodol enhancement in part of
the tumor indicates partial tumor response, however b) blood enhancement in part of the tumor ultimately
indicates incomplete tumor response and unsuccessful treatment.
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1.2 Obstacles for TACE

Intraoperative tumor visualization is vital for navigating TACE catheters to access tumor feeder vessels.

Current standards utilize 2-D angiography to guide catheter navigation [9, 10]. While angiography provides

clear visualization of blood vessels in general, the 3-D geometry of the blood vessels can be obscured due

to the superposition of 3-D space onto the 2-D angiogram, making it dif�cult to determine if all feeder

vessels have been embolized. Additionally, angiography only identi�es feeder vessels downstream from

point of contrast injection; feeder vessels recruited from vasculature upstream from contrast injection cannot

be identi�ed on the angiogram. These uncertainties ultimately make intraoperative endpoints dif�cult to

determine [10].

Additionally, angiography requires the use of radiopaque contrast agents (e.g., Lipiodol) and x-ray to

produce an image which exposes the patient to ionizing radiation [15]. If tumor blush remains present, and

feeder vessels remain elusive on angiogram, clinicians have two options. Clinicians must balance pursuing

additional imaging to �nd the feeder vessel - thereby exposing the patient to additional radiation - and ending

the procedure with the hope that feeder vessels that were embolized are suf�cient to induce necrosis [10, 6,

13, 14].

Post-operative evaluation of TACE endpoints occurs four to six weeks after treatment. This latency period

between procedure and assessment can be caused by two factors; residual Lipiodol creates a bright artifact on

CT and the in�ammatory response of the tissue around the tumor confounds the utility of MRI, obscuring the

tumor region and inhibiting immediate post-operative assessment [16, 17]. If tumor response is complete, this

latency period is not necessarily prohibitive. However, should tumor response be incomplete due to missed

feeder vessels or other factors, the patient may decline in health during this period and potentially no longer

be viable for retreatment [11, 18].

1.3 Overcoming TACE Obstacles with Ultrasound

As discussed, there are three main obstacles to TACE treatment: intraoperative tumor visualization is limited,

catheter navigation is restricted to a single �eld-of-view reliant on contrast-enhanced imaging and ionizing

radiation, and endpoint determination occurs a month or more post-procedure. Solutions to overcome these

obstacles must �rst enable tumor visualization from multiple �elds-of-view to provide interventional radi-

ologists with better visualization of potential feeder vessels and therefore catheter guidance to those feeder

vessels. This visualization must be non-invasive, not utilizing contrast agents or radiation. Finally, this

solution must enable tumor viability assessment immediately post-procedure so that retreatment can be per-

formed while the patient is still in the operating suite. Ultimately, patient outcomes can be improved with

better intraoperative guidance and endpoint determination for TACE [19, 20, 21].
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Ultrasound is one of the most widely utilized medical imaging modalities [22, 23]. Ultrasound is known

to be a real-time imaging modality that is safe, employing acoustic impedance as a contrast mechanism rather

than ionizing radiation. Ultrasound is also inexpensive when compared to other imaging modalities. Finally,

ultrasound is maneuverable and accessible, making it easy to integrate at the bedside of the operating suite

[23].

Ultrasound boasts a range of modalities that can potentially overcome the obstacles that TACE treatment

currently faces [23]. Brightness mode, or B-mode, ultrasound provides robust structural visualization of

soft tissues such as the liver. Ultrasound Doppler modalities can provide visualization of blood �ow at high

velocities in larger vessels. Blood �ow visualization with ultrasound could theoretically serve as a contrast-

and radiation- free alternative to angiography for catheter navigation and feeder vessel determination, as well

as assess tumor viability via blood �ow signals throughout the TACE procedure.

However, current clinical systems are not capable of resolving slow blood �ow signals necessary for

robust tumor visualization in real-time. Signal attenuation, tissue clutter, and noise, combined with high

computational costs of long imaging sequences and limitations of conventional �ltering techniques make

slow blood �ow and perfusion imaging (velocities< 5 cm/s) untenable on current clinical systems [24]. This

dissertation aims to address many of these constraints by developing a non-contrast slow blood �ow ultra-

sound imaging paradigm to facilitate intra-operative and post-operative blood �ow visualization to improve

feeder vessel detection and endpoint determination for TACE.

1.4 Fundamentals of Ultrasound Imaging

1.4.1 Linear Pulse-Echo Imaging

A description of pulse-echo imaging can be developed – ignoring the effects of multiple scattering – using

a linear systems approach [25, 26]. The ultrasound transducer controls transmit and receive events. This

transducer is composed of piezoelectric elements arranged in an array to form the aperture. During transmis-

sion, the wave propagates from the aperture to the focal point in the imaged medium. At this focal depth, the

transmit function is proportional to the Fourier Transform of the aperture function:

Utx(x;y) �= F f Otx(x;y)g (1.1)

whereUtx is the transmit function andOtx is the aperture function. The aperture geometry of a linear

array transducer easily lends itself to be modeled as a rectangular function, andUtx is subsequently modeled

as asinc function [27]. At the focal depth,Utx interacts with the medium to produce a re�ected �eld. This

re�ection can be considered a source function such that:
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U re f l
tx (x;y) = X (x;y)Utx(x;y): (1.2)

X (x;y) is the acoustic re�ectivity function of the medium. The re�ected �eld propagates back to the

transducer, creating a received echo:

Urx(x;y) = X (x;y)Utx(x;y)F f Otx(x;y)g (1.3)

This results in a receive echo with a lateral spatial distribution proportional to asinc2 function [27].

1.4.2 Image Formation and Characteristics

1.4.2.1 Sampling and Resolution

Ultrasound images are traditionally formed by acquiringN sequential focused scan lines across the image.

This sequential paradigm inherently imposes frame rate limitations that inhibit clinical visualization of mov-

ing tissue structures and blood �ow [28]. Frame rate, orf ps, is de�ned as

f ps=
c

2dmaxN
(1.4)

wherec is the speed of sound (1540 m/s in water and tissue),dmax, is the maximum imaging depth, and

N is the number of sequential scan lines or transmits. The frame rate is limited byc anddmax.

Ultrasound image resolution is governed by different constraints in the axial and lateral dimensions. Axial

resolution is de�ned as

Resax =
SPL

2
(1.5)

whereSPLrefers to the spatial pulse length of the ultrasound transmit pulse [29]. Lateral resolution can

be de�ned as

Reslat =
l z
D

(1.6)

wherel is the wavelength of the pulse,zis the focal depth, andD is the aperture width [29]. The Rayleigh

Criterion dictates that the lateral resolution relates to the wavelength of the pulse (l ), the focal depth (z), and

the aperture width (D). For traditional focused ultrasound, this Rayleigh Criterion requires that the lateral

resolution is proportional to the main lobe beam width (FWHM) in the focal plane [30].
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1.4.2.2 Plane Wave Synthetic Focusing

Synthetic aperture methods have been developed to enhance image quality by synthesizing continuous trans-

mit focusing at all depths; a secondary bene�t of synthetic aperture methods are a reduction of the limitations

imposed on frame rate [28, 31]. These methods use un-focused transmits with transmit and receive beam-

forming to create a series of lower-resolution images that are then coherently summed to synthesize transmit

focusing and create higher-resolution images (see Fig. 1.3). Plane Wave Synthetic Focusing (PWSF) has

proven especially useful for blood �ow imaging, as it requires fewer transmit events (i.e,< N), thereby min-

imizing the frame rate limitations and providing more robust blood �ow velocity measurements [32, 31, 33].

Figure 1.3:Plane Wave Insoni�cation: The total delay time for each point in the image is based on the time
it takes for the plane wave to reach the point(x;z) and return to a speci�c element in the transducer aperture.

1.4.3 Doppler Theory

When a transmitted wave encounters a moving scatterer, the resulting re�ected echo undergoes a frequency

shift. This phenomenon is termed the Doppler Effect. The Doppler frequency shift is proportional to the

angle of insonation and velocity of the scatterer. The Doppler frequency can be calculated as

fd = fr � f0 =
2f0vcos(q)

c
(1.7)

wherefd is the Doppler shift frequency,fr is the received frequency,f0 is the transmitted center frequency,

c is the sound speed andvcos(q) is the velocity of the scatterer relative to the angle of insonation [34]. A

model of a transmitted wave intersecting a blood vessel is shown Fig. 1.4.
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Figure 1.4:A single-vessel blood �ow model of the Doppler Shift estimation:The Doppler Shift frequency
is dependent on the velocity of the blood �ow,v, and the angle between the velocity vector and the axial axis
of the transducer,z.(a) A wave at frequencyf0 transmitted from the ultrasound transducer intersects a blood
scatterer traveling at velocityvscattererand an angleq relative to the direction of wave propagation. (b) Once
insoni�ed, the scatterer acts as a source and emits a signal at frequencyfr .

1.4.4 Blood Flow Visualization Techniques

There are several techniques that employ Doppler Theory for velocity estimation and blood �ow imaging:

continuous (CW) and pulsed (PW) wave Doppler, color �ow, and power Doppler. These techniques and their

ef�cacy for slow blood �ow imaging will be discussed below.

Continuous and pulsed wave Doppler provide velocity estimates along a single line or a single position

within the �eld of view, respectively. These techniques most directly use the Doppler theory for velocity

estimation: CW techniques measure the phase shift between continuously transmitted and received signals

along a single line, while PW techniques measure the phase shift between received signals from consecutive

pulses at a single depth or subset of depths [35]. Both techniques are effective for imaging higher-velocity

blood �ow and have proven useful for cardiac imaging but are inherently one-dimensional [35, 36, 37].

Color Flow Doppler techniques work similarly to PW, but rather than a single location or line, color �ow

methods provide two- or three- dimensional velocity and directional information. These methods utilize time

shifts or phase shifts between consecutively received slow-time signals to determine axial displacements and

velocities [35, 38, 39, 40]. Color �ow systems are most adept at measuring high velocity blood �ow moving

directly towards or away from the transducer, or at small angles relative to the beam, and provide real-time,

color-coded visualization of blood �ow velocity and direction. However, these velocity measurements are

not robust to large beam-to-�ow angles, visualization is limited to a small �eld-of-view, and measurements

are prone to aliasing [41, 42, 43, 44].

Power Doppler techniques largely overcome the beam-to-�ow angle, �eld-of-view limitations, and alias-

ing issues encountered with color �ow techniques. Rather than measuring a Doppler phase shift, power

Doppler techniques measure the power of the signal through slow time by computing the integrated Doppler

power spectrum for each pixel. This measurement is related to the number of blood scatterers present induc-

ing the Doppler frequency shift [42, 43] Power Doppler signal is calculated as
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s(t)2: (1.8)

Subsequently, power Doppler systems do not display velocity measurements or color-coded directional

visualization, but rather color-code the magnitude of the power of the blood signal, termed the “fractional

moving blood volume” [42, 43, 45]. The fractional moving blood volume is linearly proportional to the

magnitude of the power Doppler image. Since power Doppler is based on the number of moving scatterers

present, it is more robust to insonation angles than color Doppler. The area under the power spectral density

curve is unaffected by signal wrapping at the Nyquist frequency, and is thus not subject to aliasing (signal

quality is still subject to aliasing, however, and poor signal quality does ultimately affect power Doppler

processing). We note that modern ultrasound vector �ow techniques are independent of insonation angle and

more robust to aliasing while providing pixel-wise information on �ow direction [46, 47]. However, these

methods have thus far been limited to shallow imaging depths and/or high velocity blood �ows, i.e. cardiac

�ow imaging [46, 47].

Finally, power Doppler techniques are more robust to noise than color �ow techniques, since noise

presents at a uniformly low power in power Doppler data, as shown in Fig. 1.5 [22]. Because of these

improvements over color �ow Doppler techniques, power Doppler techniques have recently been explored

to better facilitate measuring slow blood �ow and perfusion in arterioles, venules, and capillaries in the liver

[48, 49, 50, 51, 52].

1.5 Factors Contributing to Blood Flow Image Degradation

There are several factors that degrade power Doppler blood �ow images native to the imaging target, imaging

system, and the power Doppler signal itself. This section will explain the nature of these factors and their

contribution to image degradation.

1.5.1 Tissue Clutter

Tissue clutter refers to signals originating from stationary or slowly moving tissue structure that corrupt

blood signals [53]. Signal echoes from tissue can be up to 100 dB higher than slow blood �ow echoes

due to the differing acoustic scattering coef�cients between tissue scatterers and red blood cell scatterers

[36, 53]. Traditional FIR and IIR high-pass �lters are often suf�cient to remove tissue clutter and reveal

blood �ow. However, while most stationary tissue signals are centered around DC, tissue motion induced

from sonographer hand motion or patient physiological motion can create spectral broadening of the tissue

signal in the slow-time dimension. The broadened tissue spectrum overlaps with that of slow blood �ow, as

demonstrated in Fig. 1.5, greatly limiting the effectiveness of traditional high-pass �lters in separating tissue
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Figure 1.5:Slow-time spectra for tissue, blood, and noise:Tissue spectra are centered around DC in the
frequency domain and exhibit power characteristics that are 40-100 dB higher than blood signals. Blood
signals (absent of complex �ow) reside on either the positive or negative Doppler spectra depending on �ow
direction; slow �ow signals occur at lower Doppler frequencies and are overlapped in the spectral domain
with tissue signals. This spectral overlap is broadened due to slow moving tissue signals introduced by
physiological motion and/or sonographer hand motion. Noise signals exist as random phase in the Doppler
frequency domain, but are relatively low power compared to tissue and blood signals, which lends itself to
power Doppler processing.

and blood signal [54, 55, 48].

1.5.2 Noise

Thermal noise arises from the electronic components of the imaging system and is modeled as a random

Gaussian process. Noise reduces image quality throughout the image but increases with imaging depth due

to depth-dependent ultrasound attenuation [56, 22]. It also contributes to jitter in image measurements [57].

Ultimately, noise presents fundamental performance limitations on motion and �ow estimators [58].

1.6 Factors limiting Image Quality

1.6.1 Imaging Limitations

Power Doppler imaging has been improved with the development of plane wave imaging, allowing for ac-

quisition of longer ensembles (more frames) without sacri�cing frame rate. Synthetic focusing with plane

waves and synthetic aperture beamforming have allowed plane wave images to approach the quality of fo-

cused images as well. The main remaining limitation lies in the number of angled plane waves used and

the angle spacing of those plane waves. More angled plane waves with smaller angle spacing ideally creates

better images. However, frame-rate limitations and diminishing image quality returns do become an issue
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with exceedingly large numbers of angled plane waves. Thus the task remains to optimize the number of

plane waves utilized as well as the angle spacing of those plane waves [32, 59, 60].

1.6.2 Filtering Limitations

Traditional blood �ow �ltering algorithms employ high pass �lters to remove the tissue clutter signal. Con-

ventional application of these high pass �lters assumes that tissue and blood occupy different spectral band-

widths. This is largely untrue forin vivo imaging scenarios with slow blood �ow and accelerative tissue

motion, but available technologies have not been able to effectively overcome the known spectral overlap

issue. Spectral broadening of tissue signal leads to spectral overlap of non-stationary tissue and slow velocity

blood �ow signals. Traditional FIR and IIR �lters cannot delineate between signals overlapped in this manner

[36]. High-pass �lters also pose some design limitations. FIR �lters have wide transition bands and IIR �lters

rely on appropriate initialization to control the transient response. Polynomial regression �lters are effective

only if the clutter space has been appropriately modeled, which can be dif�cult to do forin vivo scenarios

[61].

1.7 Solutions for Clutter and Noise Mitigation in Ultrasound

There are several points along the data acquisition, beamforming, and �ltering pipeline where clutter and

noise can be addressed and mitigated. The following sub-sections discuss these potential solutions.

1.7.1 Optimizing Signal Decomposition and Component Selection

Eigen-based �lters have been proposed as an alternative to high pass FIR and IIR �lters for blood �ow

imaging. These �lters operate under the assumption that clutter and blood signals are more separable if

projected onto orthogonal bases constructed on the directions of maximum variance in the dataset rather than

the traditional Fourier bases [62]. Singular value decomposition (SVD) is an eigen-based decomposition

technique that projects data onto orthogonal basis vectors based on direction of maximal variance within

the data [63]. Generally speaking, singular value components with larger associated variances correspond to

interesting signal (in terms of ultrasound blood �ow �ltering, those interesting signals correspond to tissue

clutter and blood), while those with lower associated variances correspond to noise [63].

To apply SVD as a �ltering technique for ultrasound slow-time �ltering, we consider the beamformed RF

data as the matrixs. We assumes is composed of tissue (c), blood (b), and noise (n), and is arranged beams

(x) by fast-time samples (z) by slow-time samples (t):

s(x;z;t) = c(x;z;t) + b(x;z;t) + n(x;z;t) (1.9)
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wheres(x;z;t) is sizenx � nz � nt . nx is the number of beams,nz is the number of fast-time samples, and

nt is the number of slow-time samples [64].

To perform SVD, the 3-D matrixs is reshaped into a 2-D Casorati MatrixSwith dimensions(nz � nx;nt )

[65, 66]. SVD decomposesSinto three matrices

S= UDV0 (1.10)

whereU, the left singular vectors, correspond to the spatial information of the ultrasound signal matrix.

D, corresponds to the singular values.V, the right singular vectors, corresponds to the temporal information

of the ultrasound signal matrix.

This construction thus allows for �ltering on either the temporal or the spatial data characteristics. The

tissue and blood sub-spaces are most commonly identi�ed based on the power of the singular values,D. A

singular value curve is created by organizing the singular values in descending order based on power, and

then tissue, blood, and potentially noise sub-spaces can be delineated using polynomial regression �tting and

parametric thresholding on the singular value curve [55, 67, 56]. This method is particularly computationally

ef�cient. Other methods operate on theU andV vectors of the SVD construct. The spatial similarity matrix

of vectorsU can be segmented to identify tissue, blood, and noise subspaces [64]. The power spectral density

of vectorsV can be calculated and tissue, blood, and noise subspaces determined based on �uctuations in the

mean frequency of either half-band [64]. Once identi�ed, the blood sub-space is then reconstructed while

rejecting the tissue and noise sub-spaces, emulating a rank-reduction operation [62, 53, 63]. Singular value

component selection is further explored in Chapter 3.

Independent Component Analysis (ICA) is a blind source separation method for recovering independent

source signals from a linearly mixed dataset by analyzing the covariance of the data and maximizing statistical

independence. Unlike the singular vectors described above, independent components need not be orthogonal,

nor correspond to the direction of maximal variance [63], [68]. These properties theoretically make ICA more

robust to separating overlapping signals such as those encountered with slow �ow power Doppler ultrasound

imaging [69].

Similarly to SVD, ICA seeks to project the data onto more appropriate bases by �nding a transformation

A betweenX, the observed signals, andS, the independent source signals.

S= AX (1.11)
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A is termed the “un-mixing” matrix and corresponds toW, the “mixing” matrix such that:

X = WS (1.12)

and,

A = W� 1 (1.13)

To perform the independent component analysis decomposition, the icaML algorithm is used [70]. This

algorithm �rst employs a whitening step using SVD to reduce the dimensionality of the data. Then, icaML

utilizes a maximum likelihood approach to identify independent components with BFGS optimization [70],

[71], [72].

There has been much discussion on how to properly sort and select independent components for ultra-

sound imaging applications [73, 74, 75, 76, 77, 78]. Like SVD, independent components corresponding to

tissue and blood subspaces can be identi�ed, and the blood sub-space reconstructed without the tissue sub-

space. In contrast with the well-established applications of SVD for ultrasound blood �ow �ltering, the varied

ICA optimization methods and parameters have not been fully explored and optimized for ultrasound slow

blood �ow �ltering. Independent components can be optimized based on several parameters, resulting in

different components from different methods operating on the same data; this requires different approaches

for selecting and sorting components for different optimization methods. Independent components have been

selected using both normalized cross correlation and power-based approaches with some success in global

applications, and Kurtosis in block-wise applications [73, 68, 76]. We explore parameters for selecting inde-

pendent components in Chapter 2.

1.7.2 Block-wise Filtering Architecture

Full �eld-of-view �ltering methods – global �ltering methods – must contend with non-stationary, depth-

dependent noise throughout the data. Song, et al proposed a block-wise �ltering method to improve noise

stationarity in a local �eld-of-view and ultimately improve noise and clutter removal, leading to increased

SNR [56]. First, the beamformed data is divided into overlapping blocks in the lateral (beams) and axial

(depths) dimensions. Each block is �ltered independently, and then the data is reconstructed. Each pixel is

normalized by the number of blocks in which that pixel appears [56]. The spatial block-wise premise can also

be applied temporally to take advantage of the different temporal correlation of tissue, blood, and noise for

better clutter and noise suppression. Spatial and temporal block-wise methods will be explored in Chapter 2.
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1.7.3 Improving Data Acquisition

The presence of noise and the relatively low signal power of blood impose inherent signal-to-noise ratio

(SNR) limitations on ultrasound blood �ow imaging. Theoretically, simply increasing the energy of the

transmitted ultrasound pulse would improve SNR, but increasing pulse energy requires lengthening the pulse,

which severely reduces axial resolution (Equation 1.5) and approaches the safety limits set forth by the FDA

for ultrasound systems [79].

Coded excitation for ultrasound pulses has been proposed by several groups [79, 80, 81, 82, 83, 84, 85,

86, 87, 88, 89, 90, 91] as a method for safely increasing the pulse length without sacri�cing axial resolution

to achieve signi�cant SNR gain. Coded excitation increases the time-bandwidth product of the transmit pulse

through phase or frequency modulation, resulting in a higher-energy pulse. Pulse compression in the form of

inverse �ltering is performed on the received signal to recover the axial resolution expected of the original,

unmodulated transmit pulse [79, 80, 82, 81, 89, 90, 91].

Barker codes are a unique subset of binary codes that offer additional bene�ts, particularly full spectral

support, enabling better suppression of range lobes than other binary codes. To form the coded waveform, the

Barker code is convolved with a chip pulse that �ts within the bandwidth of the transducer. This new phase

encoded pulse serves as the excitation for the ultrasound transmit. Upon receive, the data are convolved with a

decoding �lter in the time domain to compress the pulse and recover the axial resolution. The decoding �lter

is created by convolving the inverse spectrum of the Barker code with the chip pulse. After the decoding �lter

is applied, beamforming and additional signal processing can be applied as with traditional uncoded data, with

a resulting higher SNR [91]. We explore the affects of coded excitation and higher SNR on singular value

decomposition and blood �ow �ltering in Chapter 4.

1.7.4 Overview

In this work, I explore avenues for improving slow blood �ow power Doppler ultrasound techniques. In

Chapter 2, I investigate block-wise �ltering techniques and show that block size optimization is vital for suc-

cessful block-wise �ltering. Additionally, I compare the ef�cacy of singular value decomposition (SVD) and

independent component analysis (ICA) �ltering techniques, both in the context of full �eld-of-view �ltering

and block-wise �ltering. In Chapter 3, I introduce a new adaptive singular value selection technique to ro-

bustly select singular value components for SVD �ltering. I also analyze image quality metric performance

in the context of SVD �ltering, and show how image quality relates to fractional moving blood volume mea-

surements taken from power Doppler images. In Chapter 4, I extend my analysis of SVD �ltering to explore

the impact of signal-to-noise ratio on SVD itself and singular value component selection techniques. Finally,

in Chapter 5, I present conclusions drawn from this work and offer avenues for further exploration.
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CHAPTER 2

Improving Block-wise Filtering Architecture

Portions of this chapter are adapted, with permission, from the following:

[76] A. Weeks, J. Tierney, and B. Byram, “Block-wise Independent Component Analysis for Slow Flow

Non-Contrast Ultrasound Imaging,” in 2019 IEEE International Ultrasonics Symposium (IUS). IEEE, 10

2019, pp. 2256–2258. [Online]. Available: https://ieeexplore.ieee.org/document/8926293/

[92] A. Weeks, J. T. Stanton, and B. Byram, “Sensitivity and speci�city analysis for singular value decom-

position and independent component analysis clutter �lters,” IEEE International Ultrasonics Sympo- sium,

IUS, vol. 2020-Septe, 9 2020.

[77] A. Weeks, J. Tierney Stanton, and B. C. Byram, “A novel, adaptive hierarchical clustering approach

for independent component sorting for block-wise ICA �ltering.” SPIE-Intl Soc Optical Eng, 2 2021, p. 25

[93] A. Weeks and B. Byram, “Exploring the bene�ts of spatial and temporal block-wise �ltering archi-

tectures,” The Journal of the Acoustical Society of America, vol. 152, no. 4, pp. A280–A280, 2022. [Online].

Available: https://doi.org/10.1121/10.0016270

2.1 Introduction

Robust slow blood �ow imaging with ultrasound remains elusive due to signal-to-noise ratio (SNR) limita-

tions, depth-dependent noise, and spectral overlap between slow-moving tissue and blood �ow [53, 56, 24].

To mitigate these issues, improved transmit sequences [86, 59], advanced beamforming techniques [94, 95],

and novel signal �ltering methods have been introduced [96, 54, 73, 64, 62, 97, 51, 20].

A block-wise �ltering architecture is another technique for mitigating poor SNR and depth-dependent

noise [56]. Block-wise �ltering architectures divide the full �eld-of-view into spatially overlapping blocks,

and each block is �ltered independently with adaptive �ltering methods. Song, et al, evaluated several square

pixel block sizes with rectangular physical dimensions, focusing on the trade-off between achieved image

quality and computational expense with studies performed onin vivodata.

In this work, we extend the spatial block-wise premise introduced by Song, et al to evaluate different

block-sizes, particularly rectangular pixel block sizes with square physical dimensions, and perform simu-

lation studies to evaluate performance of these different block sizes across different noise levels and noise

gradients. We also demonstrate the ef�cacy of block-wise techniques over full �eld-of-view (also termed

“global”) �ltering architectures.

Alongside our analysis of the in�uence of block-size and noise, we analyze the performance of three
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signal decomposition and �ltering techniques: singular value decomposition (SVD) [56], independent com-

ponent analysis (ICA) [69, 75], and a combination SVD+ICA technique we developed to exploit the strengths

of both decomposition methods. Each of these techniques strive to identify tissue, blood, and noise data sub-

spaces from the respective signal decomposition.

SVD and ICA have been proposed in several forms for ultrasound blood �ow �ltering. SVD methods

are computationally ef�cient and known to improve clutter rejection over IIR or FIR �ltering [62, 56, 96].

SVD operates by decomposing data based on direction of maximal variance [63, 96]. ICA decomposes data

by maximizing statistical independence in an iterative manner by minimizing mutual information, maximiz-

ing non-Gaussianity, or other markers of statistical independence, depending the particular ICA algorithm

employed [68, 73, 75, 98, 69, 74]. ICA can potentially improve separation between tissue, blood, and noise

subspaces by removing higher-order correlations between estimated source signals compared to SVD, which

removes second-order correlations, i.e. variance [68, 99, 98].

In this work, we compare the ef�cacy of SVD and ICA techniques for both global and block-wise �ltering

architectures. We evaluate the strengths and weaknesses of both methods and then propose a third �ltering

method, termed SVD+ICA, that exploits the individual strengths of both SVD and ICA to acheive better

ultrasound blood �ow �ltering outcomes.

2.2 Theory

2.2.1 Spatial Block-wise Architecture

Full �eld-of-view �ltering methods – global �ltering methods – must contend with non-stationary, depth-

dependent noise throughout the data. Song, et al proposed a block-wise �ltering method to improve noise

stationarity in a local �eld-of-view and ultimately improve noise and clutter removal, leading to increased

SNR [56]. Fig. 2.1 details the architecture of the block-wise method. First, the beamformed data is divided

into overlapping blocks in the lateral (beams) and axial (depths) dimensions. Each block is �ltered indepen-

dently, and then the data is reconstructed. Each pixel is normalized by the number of blocks in which that

pixel appears [56].
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Figure 2.1:Block-wise Architecture The beamformed dataset is divided into overlapping blocks in the axial
and lateral dimensions. Each block is processed independently and then the full dataset is reconstructed, with
overlapping pixels averaged to obtain the �nal value.

Song, et al explored different square pixel block sizes with the goal of optimizing SNR bene�t and compu-

tational cost. They ultimately employed square blocks of 80� 80 pixels in the axial and lateral dimensions,

respectively [56]. However, merely choosing a square pixel block does not necessarily represent a symmetric

window of physical space in the image; inherent differences in ultrasound axial and lateral resolution cause

the lateral dimension to be physically larger than that of the axial dimension of the pixel window, as shown in

Fig. 2.2. Choosing a window that maintains more physically symmetric axial and lateral dimensions better

captures the spatial arrangement of blood vessels in the window, which can lead to better performance of

�ltering methods, especially those like SVD and ICA that account for spatial characteristics of the data.
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