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Abstract
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Departmental Member

The application of adaptive beamforming to biomabigdtrasound imaging has been
an active research area in recent years. Adapteamforming techniques have the
capability of achieving excellent resolution andesbbe suppression, thus improving the
quality of the ultrasound images. This quality imy@Ement, however, comes at a high
computational cost. The work presented in thisithesns to answer the following basic
guestion: Can we reduce the computational compl@tindaptive beamforming without
a significant degradation of the image quality?r Ghjective is to explore a combination
of low-complexity non-adaptive beamforming, suchttzes conventional Delay-and-Sum
(DAS) method, with high-complexity adaptive beamfarg, such as the standard
Minimum-Variance Distortionless Response (MVDR) huet implemented using the
Generalized Sidelobe Canceller (GSC). Such a caatibm should have the lower
computational complexity than adaptive beamforming, it should also offer the image
quality comparable to that obtained using adapbeamforming. In addition to the
adaptive GSC-based MVDR beamforming method, we ialgestigate the performance



v
of the so-called Adaptive Single Snapshot Beamfor(#&SSB), which is relatively
unexplored in the ultrasound imaging literature.

The main idea behind our approach to combining m-adaptive beamformer
with an adaptive one is based on the use of the-digptendent variable known as the
coherence factor. The resulting hybrid beamformingthod can be summarized as
follows: For each input snapshot to be beamformemiculate the corresponding
coherence factor; if the coherence factor is bedowertain threshold, use non-adaptive
DAS beamforming, otherwise use adaptive (GSC-baseiSSB-based) beamforming.
We have applied this simple switching scheme to gimulated B-mode ultrasound
images of the 12-point and point-scatterer-cysipiras that are commonly used in the
ultrasound imaging literature to evaluate the imagality. Our simulation results show
that, in comparison to optimal high-complexity ajwaadaptive beamforming, our hybrid
beamformer can yield significant computational egsi that range from 59% to 99%,
while maintaining the image quality (measured mmie of resolution and contrast) within

a 5% degradation margin.
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Chapter 1

Introduction

Medical ultrasound is widely used as a diagndsol in medical clinics due to its
safety, portability, relative low cost and non-iseeness nature compared to other
imaging modalities. A typical medical ultrasoundaiging system employs an array of
piezoelectric sensors. In order to obtain an imé&m®ysed short sound pulses are sent to
the desired region, and then the received echoes different tissues in that region are
processed using array signal processing algoritasishown in Figure 1.1 and discussed
in Chapter 2 (see Section 2.1). The focus of tiesis is on theeceive beamforming
block of Figure 1.1 [1, 44].

In its simplest form, the receive beamformirigck delays and sums the received
signals as shown in Figure 1.2. The set of the ti®layst,, 7, ..., T)y IS used to focus
the received data: these delays are determinedd basethe distance travelled by a
reflected ultrasound wave from the region of indero a particular sensor of the
transducer array, relative to a certain refereration (usually, the center of the array).
Each focused signal from theput vectorx,[n], x,[n], ..., xy[n] is multiplied by the
corresponding beamforming weight; [n], w,[n], ..., wy[n] and these products are then
summed to produce the output sigppt]. The set of weights, or theeight vector can
be either fixed (data-independent), or adaptiveatd@pendent). The fixed weights are
commonly realized by means of standard window fonst e.g., the rectangular,
Hamming, or Kaiser window. The choice of a pareculindow depends on a desired

balance between the mainlobe width and the sidelebel, which translates into a



balance between the image resolution and conBadf[ There is a fundamental tradeoff
between the image contrast and resolution: reduttiegsidelobe level gives rise to a

wider mainlobe width and vice versa.
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Figure 1.1: Typical ultrasound system [1,44].
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Figure 1.2: Delay-and-sum beamformer.

Adaptive beamforming can achieve a narrow fohm width and at the same time
suppress the sidelobe level, thus improving both ithage resolution and contrast in
comparison to fixed beamforming. However, suchraprovement comes at a significant
computational cost, as the data-dependent adap®ught vector must be continuously
recalculated based on the characteristics of eachived input vector. The adaptive
beamforming weights are also dependent on the ehafi@ criterion that preserves the
desired signal while rejecting the unwanted interiee and noise. In this thesis we
employ the well-knowminimum variance distortionless respor{8V/DR) criterion. It
is based on the second-order statistics (the eith@variance matrix) of the input data,
and it requires the output power be minimized wh#ssing a signal in the desired look-
direction with unity gain. In other words, the MVOdeamformer passes the desired on-
axis signal undistorted, while suppressing the sindd off-axis signals. The application
of the MVDR beamformer to ultrasound imaging hasrbextensively reported in the
literature, demonstrating significant improvemeintshe image resolution and contrast.
However, calculating adaptive MVDR weights involvasmatrix inversion operation

performed for each received input vector, whicbasputationally expensive.



The main motivation behind our work is to askir the problem of a high
computational load imposed by adaptive beamfornunghe ultrasound system. Our
objective is to reduce the computational cost an®rming toward that of a non-
adaptive beamformer, while retaining the qualitypemforming comparable to that of
an adaptive beamformer. Our approach is basecerfallowing simple idea. We
switch between a non-adaptive beamformer and gptisdaone based on the value of the
data-dependent variable known asc¢bbierence factorThe resulting hybrid beamformer
works as follows. For each input vector, we caluthe corresponding coherence factor.
If the coherence factor is below a certain threshale use non-adaptivadelay-and-sum
(DAS) beamforming; otherwise, we use adaptive beamihg. To implement adaptive
MVDR beamforming, we use the well-knowBeneralized Sidelobe Cancell@@SC). In
addition to the adaptive GSC-based beamforming oggthwe also investigate the
performance of the so-calledidaptive Single Snapshot Beamforn@6SB), which is
relatively unexplored in the ultrasound imagingerigture. The ASSB is related to the
maximum signal-to-noise and interferer ra{®NIR) beamforming criterion, but without
the knowledge of the noise and signal correlatiatrices [42].

We have applied our simple switching scheméh& simulated B-mode ultrasound
images of the 12-point and the point-scatterer-pystintoms, generated by tR&LD-I
simulation tool and commonly used in the ultrasoundging literature to evaluate the
image quality. Our simulation results show that, domparison to (optimal but
expensive) always-adaptive beamforming, our hybdy@mformer vyields significant
computational savings between 59% and 99%, yetinh@ge quality degradation
(measured in terms of the image resolution andrastjtis below 5%.

To summarize, this thesis makes the followdgagtributions to the ultrasound imaging
literature:

. We apply thehybrid GSC-based beamformingethod to ultrasound imaging

and evaluate its performance using several swigctimesholds associated

with the coherence factor of the received inputmesc



. We apply thehybrid ASSB-based beamformimgthod to ultrasound imaging
and evaluate its performance using several swictimesholds associated
with the coherence factor of the received inputmec

. We estimate and quantitatively compare the comjaumal costs of the hybrid
GSC-based and ASSB-based beamformers to thoseeiofallways-adaptive
counterparts, thus exposing tlggality-cost tradeoffghat are enabled by
hybrid beamforming.

The rest of the thesis is organized as folld@sapter 2 provides a brief overview of a
typical biomedical ultrasound imaging system, idtrces the MVDR beamforming and
coherence factor concepts, and also discussesréveoyps work related to this thesis.
Chapter 3 presents the hybrid GSC-based beamfantkits computational complexity
analysis, while Chapter 4 presents the hybrid A®&8ed beamformer and its
computational complexity analysis. Chapter 5 presidur FELD-II simulation results,
compares the quality of the simulated images obthiby our beamformers under
investigation, and discusses the computationalngavdue to the hybrid beamforming
approach. Finally, in Chapter 6 we state our caichs and outline several ideas for
future work.



Chapter 2

Background

This chapter provides a brief overview of gi¢gl biomedical ultrasound imaging
system, introduces the MVDR beamforming and colmxeactor concepts, and also

discusses the previous work related to this thesis.

2.1 Ultrasound System

The focus of this thesis is on the two-dimenal brightness-mode (B-mode) imaging,
in which the displayed pixel brightness is a fumetof the amplitude of the returning
echoes. Figure 1.1 shows a typical B-mode ultras@aystem, whose basic components
are described in the sequel.

Acoustic waves of frequencies beyond 20 kHz raferred to as ultrasound waves.
Typically, ultrasound system works on frequenciest range from 2 MHz to 20 MHz
[2]. During transmission, piezoelectric transduelerments are excited by electric pulses
to produce sound waves whose echoes are usednodorimage. As the number of
elements increases, the sensitivity and spatialugsn are improved. The inter-element
spacing should be less than or equal to half ofvtheelength in order to suppress the
grating lobes. The grating lobes occur in symmdt@ations around the mainlobe and
with the same amplitude. The grating lobes causgiing artifacts and reduce the image
contrast [2, 3]. The B-mode ultrasound imaging exystuses one-dimensional array of



transducers to produce two-dimensional images. €llage several ways of acquiring
ultrasound images, the most popular ones utiliazninear array or a phased array of
transducer elements [1]. Focusing and steeringulinasound beam play an important
role in the beamforming process. During the trassion, only fixed focusing is allowed
[3], whereby for every scan line certain time dslare applied to the transmitting
transducers. These time delays depend on the pmial and the steering angle. Every
signal from every transducer takes a different ttmarrive at the focal point. The time
needed depends on the location of the transduoar the center of the array and the
speed of sound at the medium in which the focahtplaés. Therefore, appropriate time
delays are needed to compensate for the time eliféers, in order to equalize the phases
of the transmitted signals at the time of theiivairto the focal point. Usually, the speed
of sound is assumed to be 1540 m/s through sefids however, the speed of sound can
deviate by approximately + 5% which may increase tiainlobe width by as much as
300% [3]. After this focusing step, the output sitgnof the transmitting beamforming are
converted to analog signals by the digital to agaonverter (DAC) and passed through
high voltage (HV) amplifiers that drive the transdts [2].

At the receiving side the reflected echoes pasough the transmit and receive (T/R)
switches that isolate the HV amplifiers from dammagihe received echoes. The T/R
switches are followed by low noise amplifiers (LN#)improve the signal-to-noise ratio
(SNR) of the returning echoes [1]. Then, the echi@ss through time gain compensation
(TGC) amplifiers needed due to the fact that softhe returning echoes are attenuated
differently depending on their propagation deptthe Tresulting analog signals are
converted to digital signals using analog-to-digtanverter (ADC) and then supplied to
a receive beamformer, where dynamic focusing st [3].

After beamforming the received echoes, we needextract the envelope of the
beamformer output. This is accomplished by applhang taking the absolute values of
the Hilbert transform of the beamformer output [Klext, the estimated envelope is
appropriately decimated to match the time and ibtalce scales. Then, a logarithmic
compression takes place to reduce the dynamic rafhgbe received data [3]. The
resulting data is not yet suitable for screen digpit has to be interpolated, that is,

spatially remapped. This process is accomplishedtlve scan converter [1]. Before



displaying the output image, a step known as apastessing stage occurs. In this stage
several non-linear curves can be selected by tbeatqr are chosen to highlight high- or
low-amplitude echoes pertaining to the scan unaaw.v This affects the final gray-scale
image mapping, and hence the perceived dynamierahtpe output image [1].

The quality of ultrasound images is greatlfieeted by the presence of noise. There
are two types of noise in ultrasound systems. Tisé dne is the Gaussian white noise
which is resulted from the electronic componentstha system. The second type is
speckle noise. Speckle noise is the grainy appearari a homogenous tissue in
ultrasound image [3]. It is an undesirable phenamneras it decreases the contrast
resolution thus obscuring boundaries between tsgwside the human body. The speckle
noise is caused by the constructive and destructivihe interferences of the echoes
scattered and reflected by the microscopic strestwhose sizes are comparable to the
wavelength of the incident ultrasound waves [1f&te noise is not strictly random, but

rather an intrinsic property of the tissues torhaged [8].

2.2 Ultrasound Image Quality

This section summarizes some of the importaiainttative factors used to assess the

guality of ultrasound images.

Spatial Resolution

The spatial resolution measures the abilitythef beamformer to distinguish closely
spaced objects. The spatial resolution can be elividto two types the lateral and axial
resolutions.

Theaxial resolutionmeasures the ability of the beamformer to dististgwbjects that
lie on the direction of ultrasound wave propagatitbtrdepends on the duration of the

transmitted pulse and the speed of sound [6]:



2.1)

where M is the number of periods of the transmitted sindeloivave, whereas, f,and

A are the speed, frequency and the wavelength oftifaesmitted sound wave,
respectively. The factor 2 accounts for the routmdelay of the pulse. As can be seen
from equation (2.1), the higher the frequency (@ shorter the pulse) leads to greater
axial resolution. Increasing the frequency, howgelesds to increased attenuation [1].
Hence, the axial resolution is typically limited the pulse length.

Thelateral resolutionmeasures the ability of the beamformer to distisigwbjects
that are perpendicular to the direction of ultragbpropagation. It depends on the width

of the active transducers [6]:

Az

Rug = = AF# (2.2)
where
z is the distance to the imaged region,
D is the width of the active transducers,
F#:% is theF-number of the imaging system.
Contrast
The contrast is defined as follows [3]:
- 2.3
Contrasle (3)
out
where S, is the average signal measured outside the regfiamterest, andS,, is the

average signal measured at inside the region efdst. The major cause of the contrast
degradation of the contrast factor is the sidel@rebgrating lobes.



10

Frame Rate

In B-mode ultrasound system, high frame rataélly, 20-100 frames per second) is
required in order to capture the fast moving penggde the body [6]. Since the image is
produced by combining the echoes from a large numbgcan lines, increasing the scan
line density (thus increasing the frame rate) impsothe lateral resolutions. However, if
we want to increase the depth of field, we needitiver decrease the frame rate, or to

decrease the number of scan lines. These thraenptars are related as follows:

F

rate

X ZX NI = E
2 (2.4)

whereF

rate

is the frame rate in frames/second, adis the number of scan lines.

2.3 MVDR Beamformer

At each time instanag let an array oM transducer elements supply a focused input
vectorx[n] that needs to be beamformed to produce an oyjplit The simplest non-
adaptive beamforming method is calkelay-and-sumor DAS, where

27 4 sin(8)) -2 adsin(8,) -1 \dsin(g,)

yinl = Gafn] & 47" ] e v exln) e M,
and parametersl and 6; are illustrated in Figure 4.1. Alternatively, wancuse an
adaptive beamformer, whose weights are determimseédoon the certain properties of
the input vector. In this thesis we focus onithi@eimum variance distortionless response

(MVDR) adaptive beamformer, whose outpyin] and output powed? n] are given by

ynl =w"[rixn] (2.5)
Pl = E{yn]2} = w™ EX nix" [rjw = w* Rnjw (2.6)
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where w is the optimum weight vector of lengthl x1 x[n] is the input vector of
length M x1 andR[n] is the covariance matrix of size! xM | The objective and

constraints of the MVDR beamformer can be expreasddllows:

minw" R[n]w, subject tow"a=1 (2.7)

whereais the M x1 steering vector of the desired signal. In otherdspthe MVDR
beamformer minimizes the output power, while allogvithe desired signal to pass

undistorted (with a unity gain). The solution k@ tabove optimization problem is given
by [5]:

Wwin] = R™[nla

"R A 29

In practice, however, the covariance matRjn] is not known and must be estimated as

RIn] :ﬁ_i_x[ilx*‘[il (2.9)

where R[n] is sample covariance matrix}i] is thei-th snapshot, and is the number

of the snapshots taken. As ultrasound signalmanestationary,li[ n] changes rapidly

over time; hence, the number of taken snapshtss typically very small. More
importantly, the received ultrasound echoes areetaied, leading to an ill-conditioned
Ii[n], which compromises MVDR beamforming quality. Innaultipath ultrasound
environment, the interferers are likely to be claerd, or coherent, with the desired
signal (i.e., the interferers are scaled and shittepies of the desired signal). As the
MVDR beamformer passes the desired signal with ity ugain, it will also pass the
coherent interferers that may cancel the desirgdasialtogether [11]. To resolve this

problem, one can use spatial smoothing [9, 10judised next.
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2.3.1 Spatial Smoothing

Shan and Kailath in [9] proposed a pre-prdocgsstep, known as spatial smoothing,

whose purpose is to restores the ranlé{]h] in a coherent environment. We divide the

array of M sensors intoP overlapping subarrays of Iengm:% (L may not exceed

M .
7)- Letting Xp[N] = [X[N], Xpsa[N], ..., Xp+1-1 [N]]" denote thep-th subarray, we obtain

the following form of the estimated covariance nxatr

1 n M-L+1

R[n]:mi;N ;xp[i]xp [i] (2.10)

Note that the size of the spatially smoothé{jn] becomesL xL and length of the
weight vectorw[n] becomes x1. Consequently, the output of the spatially smodthe

MVDR beamformer is now computed as:

M-L+1

_ 1 =4 H
B{n]_(M—L+1) ;W [n]x,"[n] (2.11)

2.3.2 Coherence Factor

Thecoherence factgror CF, was first proposed by Hollmah al. [12] and used to
correct the phase distortion due to focusing eritors defined as the ratio of a coherent
sum and an incoherent sum of the input vector aisne

2 x[n]

M |xIn]

2

CF[n] = 12)
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Parket al.[34] applied the CF to the MVDR beamformer asdaf:

__ CFIn "R
){n]—m kz:;W [n]x,"[n] (2.13)

which was shown to improve contrast, sidelobe seggon, and resilience against phase
distortion. In this thesis, we always multiply ooeamformed output by a coherence

factor calculated according to Eq. (2.13).

2.3.3 Baseline Simulated Images

Evaluation results in this thesis are basethersimulated 4-MHz ultrasound images
of two distinct types: a 12-point phantom acquibgda 98-element phased array and a
point-scatterer-cyst phantom acquired by a 192-eteéniinear array with 66 active
elements. Our simulations were performed IRTMAB v7.8 using the IELD-II simulation
tool v3.20 [13-15]. In all simulations, we add ¥eniGaussian noise with 60-dB SNR to
each sensor signal, and after the beamforming, omgpress the signal envelope to the
60-dB dynamic range.

The 12-point phantonconsists of twelve single point targets placedhat 10-mm
intervals starting at 30 mm from the transducefas@. Each element of the 98-element
phased array has the height of 7 mm, with the Halment spacing of/2 corresponding
to the speed of sound of 1540 m/s. The emitted waaeGaussian pulse with the carrier
frequency of 4 MHz and the fractional bandwidtle.(ithe ratio of the bandwidth to the
carrier frequency) of 70%. During transmission,réhes a single fixed focus at 60 mm
from the transducer surface, and during receptgnamic receive focusing is performed
at 10-mm intervals. The sampling frequency is geit0 MHz, and the image consists of
64 scan lines separated by 0.47 degrees. The n@iuation of simulating the 12-point
phantom is to access the image quality in termgpatfial resolution. Thpoint-scatterer-

cyst phantontonsists of a point target, a highly scatteringjoe with the radius of 1.5
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mm, and a water-filled cyst region with the radai2 mm. The lateral distances are -14
mm, -5 mm, and 10 mm, respectively. The phantoplased at 60 mm, which is the
transmit focus point. The speckle pattern is sitealavith 10 randomly placed scatterers
within a resolution cell oA® to ensure fully developed speckle [38]. Duringefgon,
dynamic receive focusing is performed at 10-mmruatks. Each element of the 192-
element linear array (with 66 active elements) thesheight of 5 mm. As with the 12-
point phantom, the same sampling frequency andeiuitation pulse are used. The
resulting 40-mm image consisted of 64 scan linég. Main motivation of simulating the
point-scatterer-cyst phantom is to access the imjagéty in terms of contrast.

Figure 2.1 clearly demonstrates the advantdgdVDR beamforming (with spatial
smoothing and without CF scaling of the beamfornmdput) over rectangular-
windowed and Kaiser-windowed DAS beamforming (withoCF scaling of the
beamformed output) in the case of 12-point phantdhe rectangular-windowed DAS
beamformer suffers from high sidelobe levels, whielm be improved using the Kaiser
window instead. However, the MVDR beamformer yiellds highest spatial resolution
even beyond the transmit focus point of 60 mm. Fagt2 shows that multiplying the
output by the CF yields a noticeable improvementh& images produced by DAS and
MVDR beamforming (e.g., see points at 110, 120, h34d).

Figure 2.3 shows the simulated image of thiatgsratterer-cyst phantom. The first
two images (corresponding to the rectangular-wiretbvand Kaiser-windowed DAS
beamformers without CF scaling) demonstrate thatvhter-filled cyst loses its circular
shape, and the point is not easily distinguish&iole the speckled background. On the
other hand, the third image (corresponding to theDRR beamformer without CF
scaling) demonstrates that the water-filled cystpghis preserved better, and the point is
more noticeable due to a reduction in the speckisen Applying the coherence factor
yields the fourth, fifth and sixth images (corresgimg to the rectangular-windowed
DAS, Kaiser-windowed DAS, and MVDR beamformerspexgively), demonstrating the
more visible point and sharper boundaries of tlagteer and the cyst.

In this thesis, we always multiply the beammfed output by the coherence factor.
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Figure 2.1: Performance of rectangular-windowedSD@eft), Kaiser-windowed DAS
(center), and MVDR (right) beamforming without C&abng: 12-point phantom, point
placement in 10-mm intervals, 64 scan lines, 4-Mi8zlement phased array transducer
(transmit focus at 60 mm, dynamic receive focus(atnm intervals), spatial smoothing
with L =49 anoN = 1.
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192-element linear array transducer (66 active efgs) transmit focus at 60 mm,

dynamic receive focus at 10 mm intervals), spatiabothing withL = 33, usingN = 2.
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2.4 Related Work

Beamforming has been used in many applicatisnsh as radar, sonar, seismology,
wireless communications, and medical imaging. Beaming techniques generally can
be classified into two categories: data-independeah-adaptive) and data-dependent
(adaptive) [5, 16, 17]. The weights of the formex fixed and do not depend on the input
data; whereas, the weights of the latter vary déipgnon the statistics of the input data.
One of the earliest statistically optimal beamfargii methods was the MVDR
beamformer due to Capon [18], which is special adse so-calledinearly constrained
minimum variancgLCMV) beamformer, initially used for narrowbangpdications. It
has been extended to broadband applications intimé&domain and frequency-domain.
In the time-domain, the output of each sensor dstéean FIR filter with several taps,
whose weights are chosen to minimize the mean sgraor of the beamforming output,
subject to a set of linear constraints [20]. In tleguency-domain, the signal from each
sensor is first transformed into the frequency domesing discrete Fourier transform
(DFT), then narrowband beamformers are appliedrozgss the individual frequency
bins, and finally the narrowband beamformed outpuéstransformed back to the time
domain using the inverse discrete Fourier transf@brT) [5].

In some applications, where a large numbeensars are available, it is more efficient
to perform beamforming in a smaller-dimensionalcgpavhich is exemplified by the so-
called beamspace beamformemnd Generalized Sidelobe Cancell¢6SC) [19]. The
former is an example of the deterministic reductiechnique: the transformation from
the element space to beamspace is accomplishediltiplging the input snapshot by an
orthogonal matrix, referred to as the Butler mafk Each row of the Butler matrix
represents a steering vector associated with otegonal beam. The selection of the
orthogonal beams depends on the prior knowledgéh@fspatial distribution of the
desired signal and the interferers. Alternativéiygre are statistical reduction techniques,
and they fall into two main categories: the primtipomponent method and the cross-

spectral methods. The principal component methisd, kmown as theigenbeamformer
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first reduces the size of the covariance matrixdegomposing it into two orthogonal
subspaces, known as the signal plus the interfersualospace (represented by the largest
eigenvalues and their associated eigenvectorsjrendoise subspace (represented by the
smallest eigenvalues and their associated eigesrggctind then performs beamforming
in the signal plus the interference subspace [Bg @ross-spectral method, on the other
hand, is commonly realized by the GSC structureerestthe selection of the reduced
subspace is driven by retaining the eigenvectas rtiaximize the signal to interference
plus noise ratio SINR [21].

Over the past years, the ultrasound imagitegaiure has been growing with reports
on the application of various beamforming methaasiuding both non-adaptive [22-28]
and adaptive. In this thesis we focus on adapteaetiorming, briefly reviewed next.
Sasso and Cohen-Barcie [10] were among the firsapply the spatially smoothed
MVDR beamformer to ultrasound imaging, which demaied an improvement in the
target resolution and contrast. To increase theistess of the MVDR beamformer
against the error between the actual and the pregwound speed, Wangadt [29] used
a synthetic aperture, in which the medium was iiigsh by multiple beams from
different spatial positions to obtain a robust a@aece matrix. In such an aperture, each
beam was generated by a single transmitting elenaet the echoes were received by
the entire array, i.e., each point in the image &sdnany observations as the number of
the transmitting elements. A similar approach (coved with spatial smoothing) was
investigated by Vigonon and Burcher [30], exceptythused 16 focused beams as
opposed to 32, 64, 128 divergent beams used in B8fh methods were tested on
simulated and experimental data, demonstrating hegblution and contrast compared
with the DAS beamformer. Synnevag al. [31] increased the robustness of the MVDR
beamformer by means of diagonal loading of thereged covariance matrix (together
with spatial smoothing), demonstrating reduced iseitg of the MVDR beamformer to
the sound speed variations at the expense of theced lateral resolution. Asl and
Mahlooijifar [32] applied the eigenbeamformer to meatiultrasound. They projected the
MVDR weight vector onto the signal subspace of tbevariance matrix and

demonstrated (through simulations of point targets cyst phantom) an increase in
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contrast and robustness against overestimatidmecpeed of sound. The same authors in
[33] forward-backward spatial averaging of the rastied covariance matrix, which
resulted in an increase in contrast without sandj resolution at the presence of sound
speed errors. The coherence factor was first appdielltrasound imaging by Hollmaat

al [12], and it has been used by many researchessale the output of both non-adaptive
and adaptive beamforming [34-36]. Nilson and HoBB][showed that multiplying the
output of the DAS beamformer by the CF can be pneted as processing the output of
the DAS beamformer using the Wiener postfilter.evikse, multiplying the output of the
MVDR beamformer is equivalent to using the Wieneamformer [5].

The abovementioned references focused witlptaa narrowband beamforming.
Since ultrasound is broadband in nature, sevesalrehers have investigated broadband
beamforming in the context of ultrasound imagingann and Walker [37] studied the
performance of the time-domain Frost beamformeangusiultiple linear constraints. The
order of each FIR filter was set to 10, the numbiesensors was 128, and a diagonal
loading was used to ensure a well-conditioned camae matrix estimate. The resulting
images of a single point target and a cyst phargioawed a 2x improvement in the point
target resolution and 60% improvement in the cysttrast. Holfortet al. [38] applied
broadband beamforming in the frequency-domain noukited point targets and a cyst
phantom. In their study, the spatially smoothedadaés transformed to the frequency-
domain using short time Fourier transform, and thaoh individual subband data was
beamformed using MVDR the beamformer. The resuksewcompared with the DAS
and Hanning beamformers, which demonstrated sggmfti improvements in both the
resolution and contrast. Viola and Walker in [3®jdsed four adaptive beamformers
from [11, 20, 41, 42], applied to two different ggof phantoms: wire targets and a cyst
phantom. Their simulations showed that the adagizamformers from [11, 20, 41, 42]
achieved higher resolution in comparison to the Dp&&mformer. They also observed
that the three beamformers from [11, 41, 42] sigaiftly reduced the sidelobe levels.

The beamformer from [41] was superior with sideltdels of roughly -110 dB, which
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is practically at the noise level. Motivated th@ator performance of the beamformer in
[41], the same authors proposed its broadband sxtenn [40], called Time-domain,
Optimized, Near-field Estimator (TONE). Their ideas based on a linear model of the
image formation, where the region of interest idbdsvded into a collection of
hypothetical targets at arbitrary positions in mphbng grid. For each hypothetical target
in the region of interest the spatial responsemputed experimentally, theoretically, or
using simulation. Based on the computed spatigloese and the received data, the
distribution and the intensity of the matching hiypmical targets were found using the
maximum a posteriori (MAP) estimation techniqueth8ligh this beamformer offers
excellent broadband performance, its high computaticomplexity may prohibit its use
in practice.

Several researchers have attempted to redwecedmputational complexity of the
adaptive beamforming. Synnevag al [28] have proposed a beamformer that uses
several predefined windows that satisfy the diginléss constraint and selects the one
that reduces the output power. Khezerloo and Ratdwi{&0] have proposed gradient-
driven and reduced-rate GSC-based beamforminguibed an approximate covariance
matrix inverse obtained using a conjugate gradatgrithm with only three iterations.
Nilsen and Hafizovic [43] have implemented the Gapeamformer in the beam-space
(rather than in the element-space) assuming ai jxmowledge of the distribution of the
desired signal. They have used three beams witlgtéatest energy footprint, which
resulted in the image quality comparable to thathef Capon beamformer. Finally, Hall
et al [51] have proposed a method that suppressesAlzet@amformed snapshot, if the

corresponding CF value is below some thresholdevalu

2.5 Our Contribution

As we have mentioned in Chapter 1, the mairealye of our work has been to

reduce the computational load of adaptive beamfogmiithout significant degradation
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in the ultrasound image quality. Our simple applhoes based on switching between a
non-adaptive beamformer and an adaptive one basdteoCF value. For each input
vector, we calculate the corresponding CF and coenpao a certain threshol@cr. If
CF <Tcr, we use non-adaptive DAS beamforming; otherwise,use adaptive MVDR
beamforming implemented by th&eneralized Sidelobe Cancell@&SC) presented in
Chapter 3. The main difference between our scremehat from [51] is in the usage of
the adaptive versus non-adaptive beamformers: wetleuppress the DAS beamformer
output based on the threshold as it is done in; [fEfead, we simply switch between
adaptive beamforming and non-adaptive beamformilmgaddition to evaluating GSC-
based beamforming, we also investigate the perfocsaf the so-calleAdaptive Single
Snapshot Beamform¢ASSB) presented in Chapter 4. The applicatiothefASSB to
ultrasound was first mentioned in [39] very brieflgroviding a somewhat cursory
treatment without addressing any computational derily issues.

As discussed in Chapter 5, our hybrid scheme tatdo be highly effective despite
its simplicity, yielding significant computationadavings (between 59% and 99%)
without significant degradation in the image qua(iess than 5% in terms of resolution
and contrast). To re-iterate, this thesis makeddhewing contributions that have been
overlooked in the existing literature on ultrasoumeging:

. We apply thehybrid GSC-based beamformingethod to ultrasound imaging
and evaluate its performance using several swictimesholds associated
with the coherence factor of the received inputmesc

. We apply thenybrid ASSB-based beamformimgthod to ultrasound imaging
and evaluate its performance using several swigchimesholds associated
with the coherence factor of the received inputeec

. We estimate and quantitatively compare the comjaumal costs of the hybrid
GSC-based and ASSB-based beamformers to thoseeiofallvays-adaptive
counterparts, thus exposing tlgeality-cost tradeoffghat are enabled by

hybrid beamforming.
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Chapter 3

Hybrid GSC-based Beamforming

In this chapter we discuss the underlying thexd thegeneralized sidelobe canceller
(GSC) beamformer and its computational complexite also propose a simple yet
effective technique for reducing the computatiocast of beamforming by switching
between adaptive GSC-based and nonadaptive DASbaseht calculations. We

perform such switching based on the value of themnce factor compared to a certain
threshold.

3.1 GSC Beamforming

The MVDR beamformer can be implemented by quivalent structure shown in
Figure 3.1 and known as the GSC beamformer. Therupath with the nonadaptive

weight vectorw, satisfies the look direction constraint and ienefd to as quiescent

response. The term “quiescent response” meansrttaguiet environment (i.e., in the

absence of any interferers) the upper path provatesoptimal set of weights. It is

implemented using the DAS beamformer withfixed weights, i.e.w, = %

The lower path is referred to as the sidelobe dangéranch, where the application of

the adaptive weight vectar, is preceded by preprocessing that uses a blockatgx
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B of size Lx(L-1). The blocking matrix ensures that only signals icgnirom the no-
look directon are admitted. It also reduces tLxL spatially smoothed samg

covariance matrix Ii[n] to the smaller (L-1)x(L-1) covariance matr

R,[n]=B"R[nB.

The GSC beamformer equation car written as follows:

3 1 M-L+1 H
yn] =MoL+l ;W[n] X,[n]
win] =w, -B"w,[n] (3.1)
w,[n] = (B*R[niB) " B"RInw, = R {rip,[r] (3.2)
where

X [N =X, [N], X gy [,y X [ ]

p,[n] = BHF~2[n]wq.
X[n]

> Wq
Ty ylr
>
» B o W[N]

Figure3.1: Generalized sidelobe canceller.
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Recall that the blocking matrB must prevent the signals coming from the desired
direction from leaking into the lower path. In atleords, the block matrix must satisfy:

H —_
B "w,=0 (3.3)

In order to satisfy the above condition the colurohdB must be linearly independent
and sum up to zero. One such maBixs suggested in [19] and shown below. We prefer
this type of blocking matrix, due to its sparseusture that reduces the computational

complexity.

1 0 - 0 O

-1 1 .
0O -1°-. 0 O
B=

0O 0 .1 0
oo 11
O 0 - 0 -1

3.2 Proposed Method

In Chapter 2 we have demonstrated that using thptag MVDR beamformer over
the nonadaptive DAS beamformer significantly imm®euthe ultrasound image quality.
Also, recall that the outpyfn] of both beamformers was multiplied by the coheeen

factor CFp] taking the values between 0 and 1. When theyasrateered towards the

broadside direction (i.e., to make the incidencglarequal te;z), the steering vector

becomes:
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1
1
a=|: (3.4)
_l_
Therefore,
M 2
‘aH X‘z Z)(I [n]
CF[n] = == (3.5)

MY [t MYt

Equation (3.5) can be understood as the odtibe on-axis power to the total received
power, which gives us some insight into the charastics of the received signals. High
CF values indicate that the most of the receiveatgnis in the mainlobe region. In such
situations, we need to use the adaptive MVDR beando to null the interferers and
extract the desired signal with the unity gain. @& other hand, low CF values indicate
that the most of the received energy is in thelsibs. In such situations we can employ
nonadaptive DAS-based beamforming without signifigaworsening the image quality.
In other words, we propose to use the CF valuafgiven input vectog[n] to make a
decision on the use of adaptive versus nonadaptaenforming. Since the nonadaptive
DAS beamformer has a significantly lower computagiocost than that of the adaptive
MVDR beamformer (involving matrix inversions), oapproach gives rise to significant
computational savings, as demonstrated in Chapter 5

Given a GSC realization of the MVDR beamfornaexd an appropriate threshold
value, denoted bYcr, our proposed method can be summarized as follows:

1. Given input vectok[n], compute CHf].

2. If CF[n] > T¢r, then use the GSC beamformer to calculate oyfplitelse use the
DAS beamformer to calculate outpdit].

3. Lety[n] < y[n][CF[n].
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3.3 Computational Complexity Analysis

To evaluate the amount of the computationaings due to the use of our method (in
comparison to always-adaptive beamforming), etlenote the total number of input
vectors processed to form an ultrasound image|eaiktsc denote the number of input
vectors processed adaptively, i.e., the numbernpiti vectorsx[n] satisfying the
condition CFp] > Tce. Then, the cost of our method equ¥lsscCos{(GSC) + ¥V —
Vesd LZos(DAS), as opposed to the always-adaptive beamf@roast ofV/Zos{(GSC).

Hence, the resulting computational savings areksAs:

V [COS(GSQ Vs [COS(GSQ ~ (V ~Vesc) [COSIDAY) o (3.6)
V [Cosi(GSO

_ 1_VGSC 1_Cosl(DAS) x100%.
V Cost{(GSQ

Savings =

Note that the factor (1 V¥ssdV) depends on both the choice of the CF threshdideva
Tcr and the processed input vectors, while the faftor Cos{DAS)/Cos{GSC)) is
threshold-independent and data-independent. Neéxtpresent the cost analysis for the
DAS and GSC beamformers and analyse the correspprodst ratio.

Leta, m, andr denote the computational costs of a single additiaultiplication, and
square-root operation, respectively. We also assilnat the cost of a division operation
ismas well. Given the input vectgfn] of sizeM, the cost of calculating CRJ[is 2(M—
l)a + (M+3)m, and the cost of calculating the DAS outpju] is (M—1)a+ m (including

one multiplication by CHi]). However, when computing[n], we can reuse the

intermediate resulz:ljw—lx‘ computed for CHj, i.e., we only need a multiplication by

CF[n]. Thus,

Cos(DAS) = 2M-1)a + (M+3)m + m =2(M-1)a + (M+4)m. (3.7)
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On the other hand, the cost of calculating@®%C output[n] for a single snapshot is
dominated by the cost of inverting mati¥[n] and involvesO(L®) additions, O(L?)
multiplications,O(L) square-roots, an@®(1) divisions. Following [44] and [45], Table
3.1 provides a breakdown of computational costooa@ated with the GSC-based

beamformer:

3 2
Cos(GSC) =(L€+%+2M (L +1)—2—§L+1)a+

3
(%+ L’ +M(L+1)—7—6L+5)m+

(L=-Dr. (3.8)
Cost(DAYS) .

SinceL < M/2, then the ratie=————— is bounded byD(M?).
Cost{(GSO



Table 3.1: Computational cost of each GSC-basenhtmeming step [44, 45].
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Steps needed to

calculate the output Addition Multiplication Square
of GSC Root
_ N=1 L(M -1) L(M +1)
RIN] 0
N=2 L(IM-D)+L(L+D/2 L(M +1)
D=B"R[n]| L(L -1) 0 0
R,[n] =DB (L-1)? 0 0
2 -
p,= DWq (L_l) (L 1) 0
Rz[n] :GGH L3 L2 L |_3 5L L_l
- 4= ——+1
6 2 3 6 6
GG"w, =p, L2 -3L+2 L2-L 0
il
Output of GSC ML-L?2+L-1 L+1 0
yn
3 2
otor | N=1 %+%+2M(L+l)_2_§+l 7L L-1
plus L3 ) 43L
CF N=2 €+3L +2M(L+1)_?+1
yn
Output of DAS plus 2(M -1) M +4 0
CF
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Chapter 4

Hybrid ASSB-based Beamforming

This chapter introduces the so-calladaptive single snapshot beamformand
discusses its suitability for ultrasound imagingeTadaptive single snapshot beamformer
is known to reject nonstationary and coherent faters. This important feature is
particularly relevant to ultrasound data, and fed an interesting alternative to the GSC

beamformer with spatial smoothing.

4.1 Introduction

We assume that there a&tesignals recorded by thd receiving sensors, as shown in

Figure 4.1. One of the incident signals is the r@eissignal and denoted ts{n], and the
rest are the unwanted or interfering signals dehbies,[n], s;[n].......,S [n]. In @ noisy

environment, we can represent the incident signtesm -th snapshot as:

K

{n] =2 e@)s[n]+nln] (4.1)
i=1

where
6, is the incidence angle of the wag/e

e(d ) is the steering vector associated withitkte signal and is written as
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27 . .21 .
—J7dsm(9i) —17(M—1)dsm(9i) H

ed)=[Le peeeeees e 1",
d is the spacing between adjacent elements,

n[n] is the additive white noise vector at theth snapshot.
To further simplify the notations, we write equati@.1) as:
X n] =Eqn]+n[n] (4.2)

wheredn] =[s[n],....,s[n]]", ancE =[&(8)),....e(6¢ )] is theM x K matrix. Then, the

covariance matrix of th@-th snapshot is
R[N] = E{qnx"[n]} = ESE" + 07, (4.3)

where

gn] = E{s[ n]s”[n]} , ando” is the average power of the noise.

sk[n]

Figure 4.1K source signals incident on uniform linear arkhgensors.

When the input signals are not correlated, theim&m] is diagonal and invertible. On

the other hand, if the signals are correlated tvecent, then the matrign] becomes
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non-diagonal and noninvertible, and one must uee, ekample, spatial smoothing
technique [46] in order to decorrelate the on-axid off-axis signals and restore the rank
of the matrixgn] . Alternatively, Markus and Schreib [42] proposethathod that not
only handles the existence of coherent signals, &dsi® works in a nonstationary
environment. It is called adaptive single snap$fieamforming, which is described next,

according to [42].

4.2 Adaptive Single Snapshot Beamformer

The adaptive single snapshot beamformer (ASSB)beanonsidered as a deterministic
beamforming technique because it does not makeuaayof the statistics of the input
snapshot. The basic idea of the ASSB is first tadéi the M-sensor array intoP

overlapping groups with each group havihgelements, as shown in Figure 4.2. It is

assumed that the following relation is satisfied:

P=zLz=K (4.4)

Hence, for every incident signgln] with an incident anglél[n], there are two manifold
vectors associated with it. The first one is dedoby g[4] and called thegroup
characteristic vectoof sizelL (related ta. sensors in each group), and the second one is
denoted bya[ 4] and called therray characteristic vectoof sizeP (related toP groups

in the array). Next we define our noise-fedegle-snapshot data matras:
X = Aldiaghy, S, ..., )G (4.5)
where

A=[ay, ay, ..., a]
G'=collg.", g2, ..., 0«'].
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Equivalently, equation can be written as:

2,(8)g," (4)
X=3 | =230 % (4.6)

2:(8)g,' (4)

To illustrate the ASSB operation in the ndis®e case, we le$;[n] represent our
desired signal and assume that (after steeringrtbtia@ broadside) the correspondig
element vector; = [1, 1, ..., 1] and L-element vector; = [1, 1, ..., 1]. Then,
according to [42], we can express the ASSB ougpn} ~ si[n] using the following

bilinear form:
y=u'Xv, (4.7)

wherev[n] is called thegroup weight vectgrandu[n] is called thearray weight vector
(see Figure 4.1).

Given such a formulation, the beamforming peob can be interpreted as finding
scalary that reduces the rank of — (a;g:')y, which corresponds to the following

generalized eigenvalue problems [42]:

(X -(ag, )y)v=0 (4.8)
u'(X-(ag,")y)=0" (4.9)

In order to pass the desired signal undistorteahity gain constraint must be imposed,
leading to the following problem re-formulation:

(X -(ag, )y)v =0, subject tog,"v =1, (4.10)

or
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{g;: -(:Jm ] m (4.11)
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Figure 4.2: Adaptive single snapshot beamformer stru¢die

.
Letting A = [g)l( 0 } b =[1,0]", andz = [v, y]', we obtainz = A™b, where the
-

desired signay is the last element of the vector

In the presence of noise, we let our data ma&ix b
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X =X+N 12)

where N is thePxL noise matrix corresponding to tR&L sensors and defined as

where n; represents a noise vector at ftie group ofL sensors of thE-group array.

Then, our beamforming problem can be approximatddl@ws [42]:

naiyn||q|§ subject to [g;g _O }{V} = {1} 13)

Q

which essentially is a perturbed version of (4.10).

4.3 Proposed Method

The optimization problem given by (4.13) can bivexd by standard linear-algebra
algorithms that convert the constrained problem imoreconstrained one using the basis
of the null space [42, 47]. Alternatively, we empimore efficient method that utilizes
Lagrange multipliers [48] and takes advantage of tbetfat andy,' v = 1.

We have:

\%
e=Xv-ay=[X ! -a]|-|=Ax, (4.14)
y
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%
ngv:[ng : O] - |=b"x, =1 (4.15)
y
Hence, using our new variablés b, andx;s, we can re-formulate the problem given by
(4.13) as follows:
min|Ax ., subject tob"x, =1. (4.16)
The problem above can be solved by using Lagrangepiners:
J(X;A) =x2 AT AX +A(Xb-1) . (4.17)

Taking the gradient with respect 1 and solving forx,, we obtain

0J(X,s;4)

=2A"Ax, +Ab =0, (4.18)
0X
_ H AL
) (019

By substituting (4.19) into the constraint equatidw, value ofA is given by:
A==0b"(A"A)"Db)™. (4.20)
Substituting equation (4.20) into (4.19) yields

_ (A"A)b _ ADb
Xis = T H AH A IR  WHA N
b"(A"A) D b"AD

(4.21)

We now recall that the desired sigiyak the last element ot . Therefore, there is no

need to solve for the vectaf. Nevertheless, it is shown in [42] that
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uT = 312 _ (4.22)
]

Equation (4.22) can be proven as follows. In any lsgsares problem [49], the residual
vector € is orthogonal to the column space of the data matriXAlso, when converting

the constrained least squares problem in equation)(sa&& that the vectos, becomes

a column of the data matriX , that means the residual vecteris orthogonal to the

vector a,. Based on this fact and the equation (4.13), we céa w

ay=Xv-e 48)

H

Upon post-multiplying both sides ﬁ we obtain
|,

H H H
oay=oxv-Te (4.24)
Jau lal, el

Sincea, ande are orthogonal to each other, their inner product is, zem® we have:

a

2
el

y= Xv Zg)

Comparing equations (4.24) and (4.7), one can see that

H

H
T= A A (4.26)

u
la; P

Note that the array weight vector corresponds to delay-and-sum beamforming of
outputs ofP groups of the sensor array, where eaeblement group is beamformed

using the group weight vector v acting Xn
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4.5 Computational Complexity Analysis

Table 4.1 provides an insight into the amount of cotajons that are performed
by eth ASSB at each beamforming step. Matrix inversialtulations (based on the
Cholesky decomposition and forward-backward substitutwa a dominant contributor
to the cost. Similar to the hybrid GSC-based beamfomerreduce the computational
complexity by using the hybrid ASSB-based beamformedrawéches between DAS and
ASSB beamforming based on the CF values in relatidghegdhreshold'cr.

LetV denote the total number of input vectors processéddrio an ultrasound image,
and letVassgdenote the number of input vectors processed adaptivelythe number of
input vectorx[n] satisfying the condition CR] > Tcg. Then, the cost of our method
equalsVassgCosS{ASSB) + V — \assa/Zos(DAS), as opposed to the always-adaptive

beamforming cost oY/ Zos{ASSB). Hence, the resulting computational savingsaare

follows:
Savings = V [COS{ASSB) -V 45z COS{ASSB — (V -V ,p) [COSI{DAS) ¥ 100%
V [Cost{ASSB
_ 1_VASSB 1- Cost(DAYS) x100%.
\% Cost(ASSB
(4.27)

Note that the factor (1 ¥assgV) depends on both the choice Tfe and the processed
input vectors, while the factor (1Gos{DAS)/Cos{ASSB)) is threshold-independent and
data-independent.

As in Chapter 3, we next lat m, andr denote the computational costs of a single
addition, multiplication, and square-root operatiospextively. We also assume that the

cost of a division operation i as well, and recall that
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Cos(DAS) = 2M-1)a + (M+3)m + m =2(M-1)a + (M+4)m. (4.28)
On the other hand, the cost of calculating th&BSutputy[n] is dominated by the

cost of inverting matrixAs and involvesO(L® additions,O(L*) multiplications, O(L)

square-roots, an@(1) divisions. More specifically, according to Tablé,4.

L3 3L 7L

Cos(ASSB) —(—+M(L+2)+T+?—4)a+
3
(I'€+|\/|(L+1)+2L2 +&+43) +
(L+Dr . (4.29)
Cost(DAYS)

SinceL < M/2, then the ratio—————_is bounded byYD(M?).
Cost(ASS



Table 4.1: Computational cost of each ASSB-based fogaring step.

40

Square
Addition Multiplication Root
A =A"A LM L(M -1) 0
GG" (> +3L%+2L)/6 (> +6L%+11L+7)/6 L+1
(GG™)(A'b) = L2+2L-2 L2 +4L+2 0
Total plus CF | |3 2 3
P I‘—+M(L+2)+3i+l—4 I‘—+M(L+1)+2L2+&+4—3 L+1
6 2 3 6 6
il
Output of DAS 2(M -1 M +4 0

Plus CF
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Chapter 5

Evaluation Results

This chapter presents experimental imagedhtnag been generated using theLB-I1
simulation tool [13]. In the first section, we evaishe performance afur hybrid GSC-
based beamforming method (see Chapter 3) in comparisthre talways-adaptive GSC.
In the second section, we evaluate the performanceouwnf hybrid ASSB-based
beamforming method (see Chapter 4) in comparison t@lthays-adaptive ASSB. In
our simulations, we applied the studied beamformmreghods to two dissimilar sets of
imaging data. The first set of data is an image ofl@wpoint phantom (see Chapter 2),
usingM = 98,L = 49, and\ = 1, which is well-suited for analyzing the spatiaaletion.
The second set of data is an image of the pointeseaityst phantom (see Chapter 2),

usingM = 66,L = 33, and\ = 2, which is well-suited for analyzing the contrast.

5.1 Hybrid GSC-Based Beamforming

Figures 5.1 — 5.6 show the images generateldebeLD-Il simulation tool [13] using
hybrid GSC-based beamforming with four different threshalds= 0.01, 0.05, 0.1, and
0.15. Table 5.1 shows the percentage of computatgmangs achieved by our hybrid
GSC-based beamforming in comparison to the always-agaf@5C in both test cases:

the 12-point phantom, and the point-scatterer-cysttohan Numerical entries of Table
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5.1 are provided in the [MIN, MAX] format that respeeliy represent the minimum and
the maximum savings based on the two limiting aggions. We have obtained MIN
assuming that a single square-root operation, a singlgplication, and a single addition
have the same unit cost. On the other hand, we bbisned MAX assuming that a
single square-root operation is 32 times costlier thamgle multiplication, and the latter
is 10 times costlier than a single addition. Suctuagptions reflect a range of potential
hardware implementations of the square-root, multippoatand addition circuits [44].
The total count of each operation type was taken ffaimle 3.1, with the corresponding
savings computed using Equation (3.8). One can lsa#tethe computational savings
range from 57.4%T{cr = 0.01) to 98.8%Tcr = 0.15) for the 12-point phantom, and from
45.0% {Tcr = 0.01) to 73.4%T(cr = 0.15) for the point-scatterer-cyst phantom. Next, we
briefly discuss each test case individually.

Table 5.1: Hybrid GSC-based beamforming: computatiGa&ings in comparison to
fully adaptive GSC-based beamforming.

Adaptive Savings (%): Savings (%):

Beamforming 12-point phantom point-scatterer-cyst phanton

Method + CF M=98,L=49,N=1 M=66,L=33,N=2

GSC withTcg = 0.01

[57.3340, 57.3801]

[44.9971, 45.0440]

GSC withTcg = 0.05

[95.1995, 95.2760]

[58.9069, 58.9683]

GSC withTce=0.1

[98.1849, 98.2638]

[69.4118, 69.4842]

GSC withTce = 0.15

[98.6841, 98.7634]

[73.3567, 73.4332]
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12-Point Phantom: To assess the quality of the beamformed 12-point phaimage,

we used the full width at half maximum (FWHM) as ani¢ation of the resolution and
the sidelobe energ¥g as an indication of the contrast, both measuredeatréimsmitter

focusing point (60 mm). The sidelobe energy wasutated for attenuation level larger
than 25 dB, which is a measure of the sensitivitthwartifacts [12]. Figure 5.1 shows
the corresponding PSF at the 60-mm focus, and Tablshe®&s the measured FWHM
and Eg, values, where lower quantities are indicative ofdsequality imaging. One can
see that usingcr = 0.1 or 0.15 results in thEs, values of approximately -31 dB,

approaching -28 dB of the DAS beamformer (see Table Bl Fmures 5.3 and 5.4).

Table 5.2: Hybrid GSC-based beamforming: FWHM, sidelebergyEs,, and mainlobe
energyEy, at the transmit focus (12-point phantom).

Adaptive Beamforming FWHM Eq = E. /E,.
Method+ CF (mm) (dB) (dB) (dB)

DAS 0.6723 -28.3204 1.7925 -30.1129
Always-Adaptive GSC|  0.3511 -37.1534 -1.2899 -35.8636
GSC withTee = 0.01 0.3512 -37.1476 -1.2898 -35.8579
GSC withTer = 0.05 0.3512 -36.5223 -1.2893 -35.2329
GSC withTee=0.1 0.3533 -31.2100 -1.2598 -29.9502
GSC withTce = 0.15 0.3537 -30.9943 -1.2542 -29.7400
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Therefore, we recommend using our hybrid GSC with adole = 0.05, which yields
the image shown in Figure 5.3 (also see Figure hid.Table 5.2) that is of comparable
guality with respect to the always-adaptive GSC. middle, the computational cost of
beamforming that image using our hybrid approach is ajppedely 95% cheaper. Note
that the FWHM = 0.3511 mm ari. = -37.153 dB of the always-adaptive GSC are not
significantly affected by switching to the hybrid GS@mwT¢r = 0.05 (FWHM = 0.3512
mm andEs; = -35.522 dB). In comparison to the hybrid GSC witlower Tcg = 0.01
(FWHM = 0.3512 mm ané&s_= -37.148 dB), usindcr = 0.05 only slightly degrades the

image quality but substantially increases the coatmral savings (from 57% to 95%).
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Figure 5.1: Hybrid GSC-based beamforming: PSF at trarisous 60 mm.
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Point-Scatterer-Cyst Phantom:The quality of the point-scatterer-cyst phantomges
shown in Figures 5.5 and 5.6, were assessed bast@ @ontrast valueSsc5; shown in
Table 5.3 and calculated using Equation (2.3) appbetie rectangular regions indicated
in Figure 5.2. Figure 5.2, which is obtained using #onventional delay-and-sum
beamforming, shows the sampled rectangle areas usemd @admputing the average log-

compressed signal envelop. Note on order to haveter lestimation of the background

signal, the average is computed over six trianglés [4

@
-3

a
)

3
3

62

Axial distance [mm]

-20 -15 -10 -5 0
Lateral distance [mm]

Figure 5.2:Sampled areas used for contrast computations: poiriesgatyst phantom

obtained using DAS beamforming.
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One can see that usiiige = 0.1 or 0.15 results i@, in the range [3.18, 2.98], which
is worse tharCsc4in the range [3.43, 3.37] when usifige = 0.01 or 0.05. The always-
adaptive GSC yield€sca = 3.44, i.e., the hybrid GSC wifltr = 0.05 is only 2% worse
in terms of the contrast measure, but it offers abo@ S®mputational savings (see
Table 5.1). Therefore, we recommend using our hybrid @8K Tce = 0.05, which
yields the image shown in Figure 5.6 that is of camaple quality with respect to the
always-adaptive GSC. The DAS beamformer has much wGgsg = 2.07, but
interestingly it has the best value of the other @mttmeasur&,, . (See Table 5.3),

which is due to the lighter background (see Figurgsahd 5.6).

Table 5.3:Hybrid GSC-based beamformingpntrast with respect to the speckled background

(point-scatterer-cyst phantom).

Adaptive Mean signal in the Contrast of the Contrast of the
beamforming background speckle | scattering region | water-filled region
methodt+ CF Sn_background Cscat Cwater

DAS 14.0267 2.0687 0.9848
Always-Adaptive GSC 6.2162 3.4383 0.9735
GSC withTee = 0.01 6.2946 3.4297 0.9756
GSC withTer = 0.05 6.5042 3.3696 0.9751
GSC withTee=0.1 7.0950 3.1799 0.9679
GSC withTee = 0.15 7.9257 2.9806 0.9666
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Figure 5.3: From left to right: 12-point phantom imaggtained using DAS, fully
adaptive GSC, and hybrid GSC wilpr = 0.01.
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Figure 5.4: From left to right: 12-point phantom imadpained using hybrid GSC with
Tcr = 0.05, hybrid GSC witficg = 0.1, and hybrid GSC withcg = 0.15.
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Figure 5.5: From top to bottom: point-scatterer-cystnitbm image obtained using DAS,
always-adaptive GSC, and hybrid GSC with = 0.01.
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Figure 5.6: From top to bottom: point-scatterer-cyst piranimage obtained using
hybrid GSC withTcg = 0.05, hybrid GSC witicg = 0.1, and hybrid GSC witfice =
0.15.
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5.2 Hybrid ASSB-Based Beamforming

Figures 5.7 — 5.11 show the images generated byithe-II simulation tool [13]
using hybrid ASSB-based beamforming with four different thoéds: Tcg = 0.01, 0.05,
0.1, 0.15. Table 5.4 shows the percentage of compn#&tsavings achieved by our
hybrid ASSB in comparison to the always-adaptive A38Both test cases: the 12-point
phantom, and the point-scatterer-cyst phantom. Care see that the computational
savings range from 57.4% dr = 0.01) to 98.8%T(cr = 0.15) for the 12-point phantom,
and from 45.0%7Tcr = 0.01) to 73.5%T(cr = 0.15) for the point-scatterer-cyst phantom.
These numbers are practically the same as in theafaser hybrid GSC. Next, we

briefly discuss each test case individually.

Table 5.4: Hybrid ASSB-based beamforming: computatiacc@hplexity in our test
examples compared to always-adaptive ASSB beamforming.

Adaptive Savings (%): Savings (%):
Beamforming 12-point phantom point-scatterer-cyst phantom
Method + CF M=98,L=49,N=1 M=66,L=33,N=1

ASSB withTce = 0.01 [57.3149, 57.3944] [44.9544, 45.0724]
ASSB withTce = 0.05 [95.1678, 95.2998] [58.8510, 59.0054]
ASSB withTce=0.1 [98.1522, 98.2883] [69.3460, 69.5280]
ASSB withTce = 0.15 [98.6512, 98.7881] [73.2871, 73.4794]
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12-Point Phantom: As in the case of our hybrid GSC, we used the sanasunes, i.e.,
FWHM andEsg,, to assess the quality of the ASSB-beamformed 12-pbiattom image.
Figure 5.7 shows the corresponding PSF at the 60-mns,f@cd Table 5.5 shows the

measured FWHM anétg, values, where lower quantities are indicative ofdyeguality

imaging. One can see that usiigr = 0.15 results inEs. = -29.93 dB, which is
approximately 2 dB better than that of the DAS beamfoiisee Table 5.5 and Figure
5.7). Decreasing the threshold value from 0.15 to f@drovesEs, by less than 5%
(from -29.93 dB to -31.36 dB). Our hybrid ASSB is lesssgerm to Tcr variations than
our hybrid GSC (see Table 5.2), for which decrea3iggfrom 0.15 to 0.01 improved
Es. by almost 20% (from -30.99 dB to -37.15 dB). The hyl@BIC clearly outperforms
the hybrid ASSB, which is due to the superiority of G&3ed beamforming over
ASSB-based beamforming (e.g., the always-adaptive G8As¥s, = -37.15 dB, while
the always-adaptive ASSB vyields;. = -31.38 dB). Both hybrids offer practically the
same computational savings for the safpe A similar conclusion can be drawn when
comparing FWHM values of the two hybrids.

Due to a relatively low sensitivity of the hybrid AB$o the threshold variations,
we recommend usin@icr = 0.15 (to maximize the computational savings imparison
to the always-adaptive ASSB), which yields the imabewn in Figure 5.8 that is of
comparable quality with respect to the always-adapthA@SB. However, the
computational cost of beamforming those images using foybrid approach is
approximately 99% cheaper. Note that the FWHM =833%m andEs. = -31.38 dB of
the always-adaptive ASSB are not significantly affedctgdwitching to the hybrid ASSB
with Tcg = 0.15 (FWHM = 0.3550 mm artgs. = -29.93 dB). However, in comparison to
the hybrid GSC with recommendeti.rg = 0.01 or 0.05, the hybrid ASSB with
recommendedice = 0.15 leads to substantially lowEg, (i.e., approximately -30 dB
versus -37 dB), but very close FWHM values (0.3512 nensws 0.3550 mm), which can
also be seen by visually comparing the images inreg5.1-5.2 (the hybrid GSC) with
the image in Figures 5.7 and 5.8 (the hybrid ASSB).teNbat visually the image
produced by the hybrid GSC wiflitr = 0.15 (see Figure 5.3) appears to be worse than
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the image produced by the hybrid GSC witl = 0.15 (see Figure 5.8), even though the
numerical measures of the image quality (see Tabkartd 5.5) suggest otherwise. The

comparative summary of the two hybrids with their rescendedlcr is given below.

* Hybrid CSG withT¢r = 0.05: ~95% savings, FWHM = 0.3512 miay, = -36.62
dB.

» Hybrid ASSB withTce = 0.15: ~99% savings, FWHM = 0.3550 migg, = -29.93
dB.

Table 5.5: Hybrid ASSB-based beamforming: FWHM, sidelobnergy Es, and

mainlobe energ¥y. at the transmit focus (12-point phantom).

Adaptive Beamforming | FWHM = = Eq /EyL
Method+ CF (mm) (dB) (dB) (dB)
DAS 0.6723 -28.3204 1.7925 -30.1129

Always-Adaptive ASSB | 0.3533 -31.3803 -1.2589 -31.0068

ASSB withTcr = 0.01 0.3533 | -31.3619 -1.2588 -30.9878

ASSB withTce = 0.05 0.3533 | -31.2763 -1.2584 -30.9021

ASSB withTcg=0.1 0.3551 -30.4154 -1.2101 -29.7734

ASSB withTce = 0.15 0.3550 -29.9330 -1.2341 -29.3127
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Figure 5.7: Hybrid ASSB-based beamforming: PSF at trarfieous 60 mm.

Point-Scatterer-Cyst Phantom: As in the case of our hybrid GSC, we used the same
measureCqq,: to assess the quality of the ASSB-beamformed poiritesea-cyst phantom
images, shown in Figures 5.10 and 5.11. One camhs¢eisingTce = 0.05, 0.1, or 0.15
results inCscot Of approximately 3.13, which is worse th@gq = 3.21 when usindcg =
0.01, orCgcat = 3.23 produced by the always-adaptive ASSB. Inrotvwrds, the hybrid
ASSB withTcr = 0.15 is only 3% worse in terms of the contrast mesathat the always-

adaptive ASSB, but it offers 73% computational savi(see Table 5.4). Therefore, we
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recommend using our hybrid ASSB willar = 0.15, which yields the image shown in
Figure 5.11 that is of comparable quality with respgedhe always-adaptive ASSB (see
Figure 5.10). Also, note that the hybrid ASSB exhibstser sensitivity to the threshold
variations than the hybrid GSC, for which the rangd@gf=[0.01, 0.15] resulted in the
range ofCscar = [2.98, 3.43]. Interestingly, the hybrid ASSB wilhe = 0.15 produces
slightly betterCgc4: than that of the hybrid GSC with the same threshodd, .13 versus
2.98). The comparative summary of the two hybrids whikir recommendedcr is

given below.
* Hybrid CSG withTcg = 0.05: ~59% saving&scai= 3.37.

* Hybrid ASSB withTcg = 0.15: ~73% saving&scai= 3.13.

Table 5.6: Hybrid ASSB-based beamforming: contrast with respecth® gpeckled
background (point-scatterer-cyst phantom).

Adaptive Mean signal in the Contrast of the Contrast of the
beamforming background specklel scattering region | water-filled region
method+ CF Sn_background Cscat Cwater

DAS 14.0267 2.0687 0.9848
Always-Adaptive ASSB 6.9179 3.2275 0.9759
ASSB withTce = 0.01 6.9464 3.2135 0.9760
ASSB withTce = 0.05 7.0738 3.1320 0.9760
ASSB withTce=0.1 7.0809 3.1266 0.9789
ASSB withTce = 0.15 7.0817 3.1260 0.9803
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Figure 5.8: From left to right: 12-point phantom imageained using always-adaptive
ASSB, hybrid ASSB witiTcg = 0.01, and hybrid ASSB withcg = 0.05.
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Figure 5.9: From left to right: 12-point phantom imadpained using hybrid ASSB with
Tce=0.1, and hybrld ASSB Wiﬂﬁcp =0.15.
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Figure 5.10: From top to bottom: point-scatterer-cysanpbm image obtained using
always-adaptive ASSB, hybrid ASSB witlar = 0.01, and hybrid ASSB withce = 0.05.
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Figure 5.11: From top to bottom: point-scatterer-cyilsargom image obtained using
hybrid ASSB withTce = 0.1 and hybrid ASSB witfice = 0.15.
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Chapter 6

Conclusion and Future Work

In this chapter we briefly summarize our main reissahd outline several potential
directions of future research and development efforts.

6.1 Conclusion

Adaptive beamforming has been demonstrated id gignificant improvements in
resolution and contrast of ultrasound images in corsparito conventional DAS
beamforming, as illustrated in this thesis and repdrtgtie existing literature. However,
adaptive beamformers impose a high computational érathe ultrasound system. To
address this problem, we have explored a thresholdimgnse that relies on the CF value
to switch between low-quality low-complexity non-atise DAS beamforming (CF
below the threshold valug:r) and high-quality high-complexity adaptive GSC-based o
ASSB-based beamforming (CF above the threshold vadge Our simulation results
(involving the ultrasound images of the 12-point gban and the point-scatterer-cyst
phantom) have shown that our hybrid GSC/DAS and AS3B/heamformers can
achieve 59-99% computational savings, in compariedhe respective always-adaptive

beamforming methods. At the same time, they have ablenretain the image quality
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(i.e., resolution and contrast) comparable to that ofiyzed by the always-adaptive
beamformers. In other words, our results suggest thairaptesthresholding scheme can

be very effective in ultrasound imaging applicaticass summarized in the tables below.

Table 6.1:12-point phantom: performance summary of DAS, alwaygptada GSC,
recommended hybrid GSC, always-adaptive ASSB, and memued hybrid ASSB

beamforming.

Beamforming Degradation w.r.t. Savings w.r.t.
method Resolution: FWHM | always-adaptive always-adaptive

used GSC/ASSB GSC/ASSB

DAS 0.6723 mm ~90% ~100%
Always-Adaptive GSC 0.3511 mm 0% 0%
GSC withTcg = 0.05 0.3512 mm 0.03% ~95%
Always-Adaptive ASSB 0.3533 mm 0% 0%
ASSB withTcg=0.15 0.3550 mm 0.5% ~99%

Table 6.2: Point-scatterer-cyst phantom: performance summary of RA&ys-adaptive

GSC, recommended hybrid GSC, always-adaptive ASSB, raadmmended hybrid

ASSB beamforming.

Beamforming Degradation w.r.t. Savings w.r.t.
method ContrastCecat always-adaptive | always-adaptive

used GSC/ASSB GSC/ASSB

DAS 2.0687 ~40% ~100%
Always-Adaptive GSC 3.4383 0% 0%
GSC withTce = 0.05 3.3696 2.0% ~59%
Always-Adaptive ASSB 3.2275 0% 0%
ASSB withTce = 0.15 3.1260 3.1% ~73%
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6.2 Future Work

Due to their low computational complexity, thgorid beamformers presented in this

thesis have a potential to enable online adapteasriforming in ultrasound systems, as

opposed to always-adaptive beamforming currently liehite off-line processing [30].

The future work can target either further reductions m ¢bmputational footprint of

high-complexity high-quality beamforming, or further impements in the image quality

of low-quality low-complexity beamforming, with a godl striking an appropriate data-

dependent balance between the quality and complekid beamforming process. Some

of our recommendations are outlined below.

The data matrix used in ASSB-based beamforming hasa@adpstructure that
may allow for faster matrix inversion computations, viahis the dominant cost
factor. An adaptive beamformer (GSC or ASSB) may alstotuse approximate
matrix inverses (e.g., obtained bg@njugate gradient method using only a small
number of iterations), thus reducing its computationatglexity.

As an alternative to the GSC and ASSB, one can iigas the performance of
an appropriate thresholding scheme applied to thenggace and the principal-
component beamformers that have also been used isautrd imaging. One
can also study the applicability of thresholding perure sizing.

Rather than fixing the coherence-factor threshijd at a certain value, one can
explore various policies of adjusting it dynamica#yy., based on some estimated
spatial or temporal characteristics of the image dategl@ocessed.

There are two very important problems that have pehtaddressed in this thesis:
broadband beamforming and robust beamforming. Using @adbamd or robust
beamformer will significantly increase the computatioloald. A future study of
reduced-complexity hybrids for such beamformers is likelge very valuable.
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Appendix A

FIELD-II Simulation Tool

HELD-II [13-15] is a software program used for simulating ghlets of linear medical
ultrasound systems. It uses linear acoustic modelstla spatial impulse response to
simulate the transducer pressure field and the bac&ssdttield from a finite number of
point scatterers. It provides an accurate and efficigptaach of calculating all types of
fields such as emitted and pulsed with all posdifalesducer geometries. The program is
capable of simulating all image types such as clanfoms, artificial human phantoms
and flow imaging phantoms. TheekDp-Il has been developed by Dr. Jgrgen Arendt
Jensen, and it can be downloaded free of charge andthe program’s website at the
Technical University of Denmark [13]. The program’s wibkas a number of examples
that provides the starting point for simulating poirgresd functions, intensity
calculation, B-mode images, and color flow imagingheTprogram consists of pre-
compiled C routines and a number of Matlab m-functidiere are three types of the
Matlab m-functions which are used for initializing theogram, defining and
manipulating the transducers, and performing the tatiomns. All the calculations are
performed by the C routines and can be called diresilyg the Matlab m-functions.

After the initialization step, the scatterers’ piosis and amplitude are first generated
and stored in a separate file to be called duringgémeration of the scan lines. In order
to image any region of interest, the region is scamset number of lines depending on
the type of the data acquisition (for example, lineapltased arrays, as we used in our
simulations). Each scan line is saved in a sepaiatéofi further processing. During the
scanning process, fixed delay focusing and apodizatierapplied on the transmit side

and dynamic focusing and fixed or dynamic apodizati@applied at the receive side. In
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the case of the 12-point phantom, the scatterers’ &udpk were set to one. In the case of
the point-scatterer-cyst phantom, a collection of paschtterers were randomly
positioned within a 50x10x20-nihregion to generate the speckled background. The
random point scatterers’ amplitudes were determinedhbyGaussian distribution. If,
however, the point scatterers were in the water-fillgst, their amplitudes were set to
zero. In the other hand, if they were in the highBttring region, their amplitudes were

multiplied by 10. The point target's amplitude wastse?0.



