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Conventional beamforming example from transmit to nal beamformed image. (A) shows

a transmit pulse being converted to a set of delayed pulses for each element in the trans-
ducer aperture. These delays are used to create a transmitted wavefront with a specic
shape, in this case a spherical wavefront that will converge at the focus in the imaging
space. (B) shows a scatterer in the imaging space creating a re ected echo that travels
back to the aperture, which creates the channel data. The transducer will then apply de-
lays (if desired) to create the delayed channel data. (C) in this example, each subset of
elements in the aperture create an individual wave and return their own delayed channel
data. This delayed channel data is then summed across the channels to create a single
vertical line (A-line) in the nal image. These individual A-lines then come together to
form the nal beamformed image. This process is referred to as delay-and-sum (DAS) and
represents the most conventional beamformer all other methods are compared against. . .
(Left) A b-mode image of a simulated point target, where the dashed line is where the
lateral pro le is measured. (Right) The point spread functions (PSFs) of several different
ultrasound beamformers measured on a intense, 100dB bright target simulation. The in-
tensity of the lateral pro le is plotted against the lateral axis through the bright target, and
the width of the pro le can be measured at various amplitudes. Measuring at -6dB approx-
imates the full width at half maximum (FWHM), though measuring at other amplitudes is
also common. . ... L 7
(Top left) a transducer aperture can be modeled in 2-D as a collection of rectangular func-
tions with widthd and aperture sizB. (Top right) the Fourier transform in the far- eld is a

sinc function, with main lobes, sidelobes, and grating lobes. Image adapted from Anderson
and Trahey (Anderson and Trahey, 2006). (Bottom) delay-and-sum beamformed images
of single point targets at intensities of 40, 60, and 80 dB compared to the background. The
sidelobe artifacts become increasingly visible as the scatterer's intensity increases. . . . .
5mm cysts of varying intensities displayed with delay-and-sum. (A) hypoechoic and hy-
perechoic cysts that have the same measured contrast ratio and are visibly identical. Note
that the sidelobe clutter makes the hypoechoic cysts appear slightly smaller and the hyper-
echoic cysts appear slightly larger than reality. (B) Three hyperechoic cysts that have the
same measured contrast ratio due to the increasingly strong sidelobes being produced. . .
Delay-and-sum (DAS) and an adaptive beamformer (ADMIRE) images of a blood vessel
(left) and a single 100 dB point target (right). In both cases, the adaptive beamformer
removes the sidelobe clutter present, but in doing so removes the important underlying
signalaswell. . . . . .. 10
Echoes returning from a single re ection (left) and multiple re ections (right) at the same

time, causing distortions in the received channeldata. . . ... ... ... ........ 11

Visual reference for delay-and-sum (DAS) beamforming. A nal b-mode image is com-
posed of many separate acquisitions focused at different lateral locations (x axis). In this
example, we are focused s}, the location of the point target. The returning echo is de-
layed to create the delayed channel data shown. This data corresponds to that single lateral
location, and as such is composed of the same axial dimension and a different channel or
aperture dimension. DAS sums along the channel dimension, which results in the single
a-line, a small part of the overall beamformed image. Because of this, for a single picture
our data is often in the forr{g;i;x) referring to the (axial, channel, lateral) dimensions. . 13
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3.5

An example ADMIRE model X, which consists of signals from clutter locations (sparsely
sampled, e.g a and b), and signals from region of interest locations (highly sampled, e.g.

c). By solving the matrix equation, we can estimate which physical sources in the modeled
imaging space make up the received echo. Signals a and b represent reverberation clutter
signals and off-axis signals, respectively, while c is an example of a signal from the ROI.
Figure adapted from Schlunk et al. (Schlunk et al., 2021) ©2021 IEEE . . . ... .. .. 19
Qualitative example of the L1, L2, and elastic-net estimates for some speci ¢ model coef -
cient,b;. Inthe L1 case, coef cients that are suf ciently small are zeroed in favor of larger

ones. No coef cients are zeroed in L2, but instead there is signi cant coef cient shrink-

age (loss of amplitude) for stronger components. ADMIRE uses the elastic-net, which
balances the two extremes but includes features of both. Figure adapted from Schlunk et

al. (Schlunk etal., 2021) ©2021 IEEE . . . . . . . . . . . 21
Delay-and-sum (DAS), delay-mulitply-and-sum (DMAS), generalized coherence factor
(GCF), minimum variance (MV), short-lag spatial coherence (SLSC), and ADMIRE (high

DoF) applied to bright target phantoms of varying intensities. At the strongest intensity,

all beamformers except DAS and DMAS exhibit the dark region artifact. Figure adapted
from Schlunk et al. (Schlunk et al., 2021). Figure ©2021 IEEE. . . . . . . ... ... .. 24
Measured contrast versus actual (true) contrast for various beamformers in cases with no
added clutter. Figure adapted from Schlunk et al. (Schlunk et al., 2018). Figure ©2018
IEEE. . . . . e 26

Qualitative example of the L1, L2, and elastic-net estimates for some speci ¢ model co-

ef cient, b;. In the L1 case, coef cients that are suf ciently small are zeroed in favor of
larger ones. No coef cients are zeroed in L2, but instead there is signi cant coef cient
shrinkage (loss of amplitude) for stronger components. ADMIRE uses the elastic-net,
which balances the two extremes but includes features of both. Figure ©2021 IEEE. . . . 30
Example of the effect of IADMIRE on the dark region artifact. (A) DAS showing the
uncluttered, True speckle background. (B) DAS of the same background with a simu-
lated 100 dB bright scatterer introducing strong sidelobe clutter. (C) ADMIRE and (D)
IADMIRE processing of the scatterer. ADMIRE demonstrates sidelobe reduction with a
visible dark region artifact, and iADMIRE shows the same reduction without the artifact.

(E) shows the aperture domain signals for the uncluttered region denoted by the diamond,
and (F) shows the signals for the cluttered region denoted by the square. When no clut-
ter is present, ADMIRE and iADMIRE match the True and DAS signals since there is

no clutter to be removed (note that the slight difference in signal is due to the sparse t-
ting of coef cients and has marginal impact on the nal image). With sidelobe clutter
present, ADMIRE removes all signal in the region, while iADMIRE is able to restore the
underlying signal. Figure ©2021 IEEE. . . . . . . . . . . . . oo 30
Example of IADMIRE after 0, 1, 2, and 3 iterations for a 60 dB cyst. The change in power
between iterations of the indicated region is included. At 0 iterations (normal ADMIRE)

the dark region artifact is clearly visible, but is almost entirely mitigated after the rst
iteration. In this example, IADMIRE has mostly converged by the third iteration. Figure
©2021 IEEE. . . . . . . . e 32
DAS images for hypoechoic contrast target phantoms (left) and bright scatterer phantoms
(right) simulated in Field II. (A) and (B) indicate the target (solid) and background (dotted)
regions used to calculate contrast ratio, CNR, and gCNR measurements. (C) and (D) show
the regions used for computing the background speckle correlation of each beamformer.
Figure ©2021 IEEE. . . . . . . . . . . e 36
Dynamic range displayed as measured contrast versus actual contrast for (A) hyperechoic
and (B) hypoechoic cysts. The dotted black line indicates the true contrast, and adherence
to that line indicates more accurate reporting of measured contrast. (C) The computed con-
trast ratio dynamic range (CRDR) for a range of signal-to-clutter ratios (SCR). Included
error bars indicate the standard deviation. Figure ©2021 IEEE. . . . ... ... ... .. 38
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(A) Sample realization of each beamformer for a 60 dB hyperechoic cyst. All beam-
formers are displayed on a 120 dB log scale in order to highlight the strong sidelobes
(where present), except SLSC, which is displayed linearly, as is the convention. (B) CNR,
(C) gCNR, and (D) 2-D speckle correlation calculated for the full range of cysts without
added reverberation clutter. Included error bars indicate the standard deviation. Images
are normalized so that background speckle is at the same level across methods. Figure
©2021 IEEE. . . . . . . . 39
Sample realization of bright scatterer phantoms at 40, 60, 80, 100, and 120 dB. All beam-
formers are displayed on a 100 dB log scale to highlight sidelobes and background speckle,
except SLSC, which is displayed linearly, as is the convention. Images are normalized so
that background speckle is at the same level across methods. Figure ©2021 IEEE. . . .. 40
(A) Contrast of the dark region artifact versus the strength of the simulated bright scatterer.
Negative contrast indicates the presence of a dark region artifact, while positive contrast
indicates strong sidelobe clutter. Values close to 0 dB indicate low artifact interference.

(B) 2-D speckle correlation in the area of the dark region artifact as compared to clean
background speckle. Values close to 1 indicate better speckle accuracy. (C) Point spread
functions (PSF) for the 60, 80, and 100 dB bright scatterers, displayed from the center of
the target. Figure ©2021 IEEE. . . . . . . . . . . . . L 45
DAS, ADMIRE (HDF), iADMIRE, and the difference between iIADMIRE and DAS im-

ages from arin vivo carotid artery from a healthy individual. The top row shows the
standard B-mode images on a 70 dB log scale, and the middle and bottom rows show the
dashed white line section from the B-mode enlarged. The middle rows show the same
B-mode on a narrower 30 dB log scale using rectangular (Rect) and Hamming (Hamm)
apodization, respectively, while the bottom row shows the power Doppler (PD) images

on a 25 dB log scale. The lower dynamic range helps to highlight the improved speckle
texture in the IADMIRE B-mode image. Figure ©2021 IEEE. . . . . . .. ... ... .. 46

Field Il simulations of an individual point target (A,C,E) without interference and (B,D,F)

with reverberant signal interference. The reverberant signal is simulated at a much shal-
lower depth than the point target and then time-delayed to appear at the same time index.
(A,B) channel data at the depth of the point target. The arrows indicate the directions of

the vector wavenumbers of the echoes, showing a subset of the possible wavenumbers in
the reverberant spherical wave case. (C,D) DAS and (E,F) MV images of the point tar-

get. B-mode images are displayed on a 60 dB scale. (G) a high-resolution beamplot from
MV of a separate simulation where the reverberant signal is replaced with an off-axis tar-

get, highlighting the null that is created in the off-axis case and the lack thereof in the
reverberation case. Figure ©2022 IEEE. . . . . . . . . ... ... oL 51
Example of MVNB and AD+MVNB radial intensity curves from which the cyst edge

width is estimated as the distance it takes to rise from 0.25 to 0.75 (indicated with the
dashed lines). Figure ©2022 IEEE. . . . . . . . . . . . . . . e 56
Parameter testing for the subarray length (L) versus the full aperture length (M) for both
narrowband (MVNB) and broadband (MVBB) implementations. Point spread functions

for (A,B) a bright target with no reverberation interference and (C,D) a bright target with

an interfering reverberant signal. (E,F,G) showranivo example of MVNB with varying

subarray lengths, demonstrating how increasing the subarray length can lead to general
image quality degradation. Figure ©2022 IEEE. . . . . . . ... .. ... ... ..... 58
Sample cases of an anechoic cyst with no added noise, added reverberation clutter (0dB
SCR), and added thermal noise (0dB SNR) displayed on a 50 dB dynamic range. The
black solid circles indicate the true region of the cyst as well as a background speckle
region surrounding it for use with our imaging metrics. The white solid lines show the
radial region for which the cyst boundary width was estimated. Figure ©2022 IEEE. . . . 59
Comparisons of the b-mode images for Case 1 on a 60dB dynamic range for the minimum
variance methods both individually (C,E) and after pre-processing with ADMIRE (D,F).

The kidney stone is indicated by the red arrow in the DAS image. Figure ©2022 IEEE. . 62
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B-mode images on a 30dB dynamic range of a selection éhthigo kidney stones. The

individual stones are manually highlighted in red with the help of a contour map, and the
background used for image quality metrics is shown in yellow based on the stone region
selected. The blue line shows the lateral length of the stone region. Figure ©2022 IEEE. . 63

(A) Composition of an ADMIRE model X, composed of a set of estimated signals from
locations considered to be clutter (sparsely sampled, e.g a and b), and a set from locations
considered to be region of interest (highly sampled, e.g. ¢). By solving the matrix equa-
tion, we can estimate which physical sources in the modeled imaging space make up the
received echo. Signals a and b represent reverberation clutter signals and off-axis signals,
respectively, while c is an example of a sighal from the ROI. (B) A modi ed model called
here the AD-Ex model. It includes an extension, an intermediate clutter regi@hatd
composed of signals represented by d. The proposed intermediate clutter region is sam-
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CHAPTER 1

Background and Signi cance

Ultrasound Imaging is a common medical imaging modality due to its low cost, non-invasive, and non-
destructive nature (Szabo, 2014; Cobbold, 2007). By emitting sound waves at safe intensities, it can reveal
useful medical information and is often used in conjunction with other modalities and treatments since it
can be used in real-time. Due to ultrasound's long, excellent safety record and low cost, it is often used for
preliminary screening, even in cases where the expected image quality is poor. In particular, ultrasound can
struggle in high dynamic range scenarios, where a target and the surrounding reference material may have

wildly different intensities, causing artifacts and general image quality concerns.

1.1 Clinical Signi cance

Judging the quality of an ultrasound beamformer can be subjective, which is why qualitative analysis is often
left to experts (clinicians, sonographers, etc.). However, image metrics that quantify image quality have
become the standard for evaluation, as they are much easier and convenient to apply. For example, contrast
ratio and contrast-to-noise ratio have become the default metrics for evaluating modern beamformers, as they
provide estimated measures of the visibility and clarity of the imaging target. As a result, many beamformers
are designed explicitly with these metrics in mind, which can have unintended consequences.

Consider the case of imaging a hypoechoic, renal cyst. Renal cysts can be diagnosed with ultrasound,
and are split into two categories: simple and complex. Simple cysts are benign, uid- lled and tend to have a
homogeneous appearance to them. On the other hand, complex cysts indicate disease and are heterogeneous
in nature (Eknoyan, 2009). Classifying a complex cyst is already considered a dif cult task (Warren and Mc-
Farlane, 2005; Siegel et al., 1997), but now consider a beamformer that is designed explicitly to enhance the
visibility of hypoechoic cysts. In these cases, cysts with intensities lower than -40 dB often look identically,
both visually and in terms of image quality metrics, and in cases where there is signi cant noise or clutter
in the image lowering general image quality, this threshold could be as high as -20 dB (Dei et al., 2017;
Schlunk et al., 2021). In this case of the renal cyst, this could result in simple and complex cysts looking
indistinguishable, further complicating diagnosis.

Alternatively, consider an example of the opposite high dynamic range scenario, the diagnosis of kidney
stone disease, where kidney stones are hyperechoic and much brighter than the surrounding tissue. Not only
is the detection of kidney stones already a dif cult task for ultrasound, but ultrasound is well-known for over-

estimating the size of stones, which is necessary for determining intervention. Many clinicians consider 5mm



to be the threshold for when a kidney stone is large enough to require surgical intervention, but ultrasound is
generally known to overestimate kidney stone sizes by 2-3 mm (Ulusan et al., 2007; Unal et al., 2003; Ray
et al., 2010; Ganesan et al., 2017; Fowler et al., 2002; Dunmire et al., 2015; Sternberg et al., 2016), which
would result in more “intervention” diagnoses than are actually necessary. In clinical practice, this results
in follow-up computed tomography (CT) imaging, which is the gold standard of sizing stones (Smith and
Varanelli, 2000; Smith et al., 1996), but this nonetheless places additional burden on medical and human
resources. One study noted that in the absence of CT imaging, 22% of patients diagnosed with ultrasound
would have been diagnosed incorrectly (Ganesan et al., 2017).

These situations suggest that there is an additional concern with ultrasound imaging more so than just im-
proving image quality metrics. Speci cally, there are imaging cases where imagagacyis perhaps more
important than simply improving contrast or contrast-to-noise ratio. Accurately reporting the contrast ratio

and sizing of a target are both critical to certain medical examinations in high dynamic range applications.

1.2 Fundamentals of Ultrasound Imaging
In this section we will introduce relevant fundamental concepts for ultrasound image acquisition and process-

ing.

1.2.1 Linear Acoustic Wave Propagation
Mathematically, acoustic wave propagation can be described in one dimension by the following wave equa-
tion,

2 2
T 1Tp_, (1.1)
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wherep is pressurex is the positiong is the speed of sound, ahds time. A classic solution is then

p= posin(wt + kx); (1.2)

wherepy is the amplitude of the wavey is the angular frequency, atds the wave number. Richard Feyn-

man provides a derivation of the wave equation using the one-dimensional continuity equation (conservation
of mass), force equation (conservation of momentum), and equation of state (ideal gas law) (Feynman, 2011).
He additionally shows that equation 1.1 can be expanded into three dimensions as
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whereN? is the Laplace operator, which simply expands the partial derivatives. There are many alternative
forms of the wave equation depending on the situation, such as substituting the soundfepeednpress-
ibility k with ¢ = 1=(rk ) (wherer is the density of the medium) (Anderson and Trahey, 2006).

As the acoustic wave propagates through a medium, it will interact with the inhomogeneities it encoun-
ters. These inhomogeneities are caused by the differences in the density or compressibility, which result in
acoustic impedance differences between the two mediums. We call scattering the interaction with singular
particle inhomogeneities that are smaller than the wavelength, and re ecting as the interaction with larger par-
ticles or objects such as organs. In both cases, upon interacting with the boundary, some of the acoustic wave
is re ected, which is the key to ultrasound image formation. We generally assume that acoustic wave propa-
gation is a linear process (as we have so far), which enables us to approximate larger surfaces as a collection
of scatterers, and calculate the re ections individually and then sum the collection. This provides the foun-
dation for ultrasound simulation programs such as Field Il (Jensen and Svendsen, 1992; Jensen, 1996), and
additionally allows us to create complex, model-based beamformers (Byram and Jakovljevic, 2014; Byram
et al., 2015a; Dei and Byram, 2017), which we discuss in detail in a later section.

Modeling ultrasound acoustic waves as linear plane waves allows us to calculate waves independently and
then combine them via the superposition principle. This comes to the foreground with the Huygens-Fresnel
principle, alluded to in the prior paragraph. It states that a given wavefront can be decomposed as a collection
of point sources, each behaving as the origin of a spherical wave (Anderson and Trahey, 2006). This then
leads to the Fraunhofer approximation. Originating in optics, it states that the far- eld pressure amplitude
pattern of an acoustic wave generated from an aperture is estimated by the 2-D Fourier transform of that
transducer aperture amplitude (Anderson and Trahey, 2006). In most cases, the aperture can be modeled as
a simple rectangular function, which results in a far- eld approximation that is a sinc function. In the case
of transmitting a plane wave from the aperture, the Fraunhofer approximation applies for distances greater
thanz>> k(& + eﬁ), for (ey;ey) the position of the aperture element farthest from the center. However,
conventional ultrasound often makes use of focused waves (further explained in the next section), in which

case the approximation only applies at the focus depth.

1.2.2 Conventional Beamforming and Image Formation

Fig. 1.1 shows a simple example of conventional beamforming using a linear transducer array. The trans-

ducer both creates the mechanical vibrations (acoustic wave) from a set of input electrical stimuli and also

reconverts the received acoustic echoes back into electrical signals for analog or digital processing. In the ex-
ample depicted, the linear transducer will excite speci ¢ subsets of the aperture elements to create a focused

wavefront that converges on the focus in the imaging space. By adjusting the delays produced, this focus can



Figure 1.1: Conventional beamforming example from transmit to nal beamformed image. (A) shows a
transmit pulse being converted to a set of delayed pulses for each element in the transducer aperture. These
delays are used to create a transmitted wavefront with a speci c shape, in this case a spherical wavefront
that will converge at the focus in the imaging space. (B) shows a scatterer in the imaging space creating
a re ected echo that travels back to the aperture, which creates the channel data. The transducer will then
apply delays (if desired) to create the delayed channel data. (C) in this example, each subset of elements in
the aperture create an individual wave and return their own delayed channel data. This delayed channel data is
then summed across the channels to create a single vertical line (A-line) in the nal image. These individual
A-lines then come together to form the nal beamformed image. This process is referred to as delay-and-sum
(DAS) and represents the most conventional beamformer all other methods are compared against.



be shifted axially closer or farther away from the transducer as needed. Additionally, by changing which set
of elements are activated or adjusting the delays, the focus can be shifted or steered laterally. In this linear
transducer example, by changing the activated elements, the focus can be moved from left to right across the
imaging space, and the resulting data acquired will correspond to the axial band at the focus's lateral location.
For conventional beamforming we generally do not consider the elevational dimension.

When the transmitted acoustic wave encounters a scatterer or boundary in the imaging space, a re ected
echo will be created that travels back to the transducer and is converted back into electrical signals, which
is the raw channel data. This raw channel data is then delayed, either by the transducer or an external
beamforming process, and these delayed signals are then summed together to create the beamformed echo
corresponding to the lateral location of the focus for that transmit. These beamformed echoes will then be
stitched together to create the full beamformed image, which is then enveloped and compressed to produce
the nal image, referred to as a brightness mode, or B-mode, image. This general beamforming process is
referred to as delay-and-sum (DAS) beamforming and is the standard against which all other beamformers
are compared.

The acoustic waves (generally) follow linear behavior which allows us to calculate these delays (both
transmit and receive) using simple geometry. Consider a speci ¢ transducer eepusiioned agy; e;; 6.

To simplify, we assume that the transducer elements are positioreed @tandy = 0 and the center of
the aperture is at= 0. Then consider a focus located faf f, (for most cases we ignore the elevational
dimension). Then we can calculate the time delay for that element as the difference between the time it takes

for the wave to reach the focus from that element versus an element positiofyed at

q__
te=(fz (& F)2+()A)=; (1.4)

sincef; is the shortest distance from the transducer to the focus. We can use the same technigue to calculate
the delays on receive based on the depth at which we want to focus the received data. From this foundation,

we can expand to more complicated and robust image formation techniques such as dynamic receive, where
the data is delayed to achieve focusing at all depths simultaneously, and synthetic aperture, where we can use

the acquired channel data to estimate the beamformed echoes at additional lateral locations.

1.2.3 Image Quality Metrics
When comparing beamforming methods or other processes, we often compare the resulting image quality.
After beamforming the channel data, the data (often called radio frequency, or RF, data) is enveloped using a

Hilbert transform and then log-compressed to create the B-mode image. However, most image quality metrics



are computed on the enveloped, but not log-compressed data (though some groups do calculate metrics using
the log-compressed data). Some common metrics include contrast ratio and contrast-to-noise ratio (CNR),
de ned as

contrast ratic= 20 loglQ( ::O'

) (1.5)

ack

CNR= §TROL_Mhack . (1.6)

SRoi* Shack
wheremis the mean value of the enveloped region de ned as the region of interest (ROI) or background
(back) ands ? is the variance for the same region. Contrast ratio represents a simple ratio of the target region
to some background reference, and as de ned here will be negative for hypoechoic targets and positive for
hyperechoic targets. Contrast-to-noise ratio is a metric of the visibility of the target and accounts for the
variance of both the background and the target, so for objects with the same intensity a lower variance leads
to an increased CNR.

Additionally, the resolution of a beamformer is often compared in the form of the point spread function
(PSF). This is done by imaging a single scatterer and plotting the lateral or axial line from the beamformed
image through that point, an example of which is shown in Fig. 1.2. From this plot, we can compute the full
width at half maximum (FWHM), or the width of the point target at half of the peak value compared to the
background. This represents a measure of resolution for the beamformer, and can be compared against the

theoretical axial and lateral resolutions of the hardware, given by

resy= OF (L.7)
2
| z

r€Sat = o (1.8)

Axial resolution depends oh, the temporal length of the transmitted pulse, and the sound spgedbbold,

2007). Lateral resolution depends on the wavelengththe speci ¢ depthz, and the size of the active
aperture D. These estimates are the theoretical limitations of the hardware, and in practice the resolution
observed by the beamformer will depend on the contrast ratio and contrast-to-noise ratio of the target (for
example, higher intensity targets often appear physically larger, which may reduce the apparent resolution).
In terms of the plot included in Fig. 1.2, the FWHM is located approximately at -6dB, but many groups will
additionally report the widths of the PSF at -10 and -20 dB, for added context.



Figure 1.2: (Left) A b-mode image of a simulated point target, where the dashed line is where the lateral
pro le is measured. (Right) The point spread functions (PSFs) of several different ultrasound beamformers
measured on a intense, 100dB bright target simulation. The intensity of the lateral pro le is plotted against
the lateral axis through the bright target, and the width of the pro le can be measured at various amplitudes.
Measuring at -6dB approximates the full width at half maximum (FWHM), though measuring at other am-
plitudes is also common.

1.2.4 Robust Image Quality Metrics

Recent work by several groups indicates that traditional image quality metrics are often insuf cient to prop-
erly characterize modern adaptive beamformers. Historically, it has been believed that metrics like CNR are
correlated with lesion detectability and subjective image quality. However, adaptive beamformers are often
able to arbitrarily increase the value of CNR without otherwise improving detectability or “true” image qual-
ity. This concept is more speci cally covered in Chapter 6, but as an overview this idea has led to the desire
for more robust image quality metrics. These are especially important for this work, where image accuracy
is our primary goal, since poor quality metrics may misrepresent the quality of our beamformers.

Contrast ratio dynamic range (CRDR) was presented by Dei et al. (Dei et al., 2017), a metric designed
to assess the contrast accuracy of a beamformer. By measuring the contrast for a set of lesions with known
contrast, we can calculate the range over which a beamformer reports contrast accurately. This metric is in-
tended to combat adaptive beamformers that excessively increase contrast ratio without regard for the content
in the image. As suggested in Section 1.1, this could result in complex hypoechoic cysts appearing more
homogeneous than intended, which would result in a mis-diagnosis. This metric is the primary focus of our
work in Chapter 3.

Generalized contrast-to-noise ratio (JCNR) is designed to be a more robust lesion detectability metric
that is transformation resistant compared to traditional CNR (Rodriguez-Molares et al., 2018, 2020). It has
quickly gained popularity in recent years due to this robust nature and the ease of implementation. In our
work, gCNR is frequently used either to complement or replace CNR, though we do consider some of the
challenges and concerns with the method in Chapter 6.

Finally, histogram matching is a newer method introduced by Bottenus et al. (Bottenus et al., 2020a). Ar-



guably, histogram matching is the most powerful of the three methods, as it works by calculating a transfor-
mation between two target images. This allows us to apply traditional image quality metrics to the “matched”
images. This is valuable, since if a beamformer is merely a transform of another method (i.e. is not making
any content-based improvements), the matched images and traditional metrics applied to these images will
be similar. In theory, using histogram matching and CNR would be similar to just applying gCNR, as both
methods would detect transformations. However, histogram matching is more complex to apply compared
to gCNR, and there remain challenges and concerns with its use, which we detail in Chapter 7. As a result,
while we have used histogram matching at various times in this work, the results are generally not included,
as interpretation is ambiguous, as we will demonstrate.

Overall, the ethos of these metrics and this work is the same. We desire methods that produce real, clinical

improvements to ultrasound images, and we desire metrics that can measure those improvements accurately.

1.3 Image Degradation in High Dynamic Range Applications

A high dynamic range scenario refers to a imaging scenario where the target is at a much higher or lower
intensity compared to other features in the image. For example, blood or a cyst may be much lower intensity
whereas a kidney stone may be much higher. These situations can be prone to certain artifacts or concerns

due to these signi cant intensity differences, as we will explain here.

1.3.1 Sidelobe or Off-axis Clutter Artifacts

The Fraunhofer approximation earlier stated that the far- eld approximation of an transducer pattern will
be the 2-D Fourier transform (in the lateral and elevational dimensions). Since a transducer element can be
modeled as a rectangular function, this means that the far- eld pattern will be a sinc function. The primary
function has a main lobe with smaller sidelobes, and for large element sizes, grating lobes will appear farther
off-axis, as seen in Fig. 1.3. These grating lobes can be mostly eliminated by using an element spacing,
or pitch, ofl =2 (Anderson and Trahey, 2006). The sidelobes, however, can create sidelobe artifacts in the
presence of relatively strong acoustic scatterers.

When focusing at a location that is adjacent to a stronger acoustic target, the sidelobes will re ect off of
that target and will falsely appear to originate from the focused location instead. In an image, this can appear
as high intensity regions to the sides of the bright objects, such as in the bottom of Fig. 1.3. As the point target
increases in intensity the sidelobe artifacts become increasingly visible, causing signi cant distortion in the
nal image. In hyperehcoic cases, where a target is much brighter than the surrounding area, this will cause
distortions in the areas around the target, and may also result in the target appearing larger than it actually is.

Hypoechoic cases suffer similarly, where the surrounding area is much brighter than the target, causing the



Figure 1.3: (Top left) a transducer aperture can be modeled in 2-D as a collection of rectangular functions
with width d and aperture sizB. (Top right) the Fourier transform in the far- eld is a sinc function, with

main lobes, sidelobes, and grating lobes. Image adapted from Anderson and Trahey (Anderson and Trahey,
2006). (Bottom) delay-and-sum beamformed images of single point targets at intensities of 40, 60, and 80 dB
compared to the background. The sidelobe artifacts become increasingly visible as the scatterer's intensity
increases.

target to appear smaller and sometimes brighter than it actually is. This is demonstrated in Fig. 1.4, where

the two hypoechoic and hyperechoic cysts are indistinguishable and also appear incorrectly sized.

1.3.2 Dark Region Artifacts

Adaptive beamformers are a popular area of research in ultrasound, as they will adapt weights or other
features of the beamforming process based on the content of the image. However, the dark region artifact
described by Rindal et al. (Rindal et al., 2017) can occur as a result of an adaptive beamformer encountering
sidelobe clutter. In this situation, some beamformers will remove the sidelobe clutter, but in doing so also
remove the underlying signal, resulting in a dark region. Similar to sidelobe clutter, this will occur in the
presence of strong acoustic targets. Fig. 1.5 shows examples of both a hypoechoic (left) and hyperechoic
(right) case producing a dark region artifact when the adaptive beamformer removes the sidelobe clutter
present in the delay-and-sum (DAS) image. In the hypoechoic blood vessel case this results in the complete

loss of the blood signal in that region.

1.3.3 Noise due to Reverberation Clutter or Multipath Scattering

Reverberation clutter, or noise caused by multipath scattering, occurs when an acoustic wave encounters mul-
tiple scattering sources before returning to the transducer. This will result in echoes from different locations
returning to the transducer at the same time, such as shown in Fig. 1.6. Normally, we assume that these near-

eld scatterers are low amplitude, and thus the echoes from additional re ections are weak so that we need
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