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The application of adaptive beamforming to biomedical ultrasound imaging has been 

an active research area in recent years. Adaptive beamforming techniques have the 

capability of achieving excellent resolution and sidelobe suppression, thus improving the 

quality of the ultrasound images. This quality improvement, however, comes at a high 

computational cost. The work presented in this thesis aims to answer the following basic 

question: Can we reduce the computational complexity of adaptive beamforming without 

a significant degradation of the image quality?  Our objective is to explore a combination 

of low-complexity non-adaptive beamforming, such as the conventional Delay-and-Sum 

(DAS) method, with high-complexity adaptive beamforming, such as the standard 

Minimum-Variance Distortionless Response (MVDR) method implemented using the 

Generalized Sidelobe Canceller (GSC). Such a combination should have the lower 

computational complexity than adaptive beamforming, but it should also offer the image 

quality comparable to that obtained using adaptive beamforming.  In addition to the 

adaptive GSC-based MVDR beamforming method, we also investigate the performance 



iv 
 
of the so-called Adaptive Single Snapshot Beamformer (ASSB), which is relatively 

unexplored in the ultrasound imaging literature.  

The main idea behind our approach to combining a non-adaptive beamformer 

with an adaptive one is based on the use of the data-dependent variable known as the 

coherence factor.  The resulting hybrid beamforming method can be summarized as 

follows: For each input snapshot to be beamformed, calculate the corresponding 

coherence factor; if the coherence factor is below a certain threshold, use non-adaptive 

DAS beamforming, otherwise use adaptive (GSC-based or ASSB-based) beamforming.  

We have applied this simple switching scheme to the simulated B-mode ultrasound 

images of the 12-point and point-scatterer-cyst phantoms that are commonly used in the 

ultrasound imaging literature to evaluate the image quality.  Our simulation results show 

that, in comparison to optimal high-complexity always-adaptive beamforming, our hybrid 

beamformer can yield significant computational savings that range from 59% to 99%, 

while maintaining the image quality (measured in terms of resolution and contrast) within 

a 5% degradation margin. 
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Chapter 1 

 

 

Introduction 

 

     Medical ultrasound is widely used as a diagnostic tool in medical clinics due to its 

safety, portability, relative low cost and non-invasiveness nature compared to other 

imaging modalities. A typical medical ultrasound imaging system employs an array of 

piezoelectric sensors. In order to obtain an image, focused short sound pulses are sent to 

the desired region, and then the received echoes from different tissues in that region are 

processed using array signal processing algorithms, as shown in Figure 1.1 and discussed 

in Chapter 2 (see Section 2.1).  The focus of this thesis is on the receive beamforming 

block of Figure 1.1 [1, 44]. 

     In its simplest form, the receive beamforming block delays and sums the received 

signals as shown in Figure 1.2. The set of the time delays ��, ��, … , �� is used to focus 

the received data: these delays are determined based on the distance travelled by a 

reflected ultrasound wave from the region of interest to a particular sensor of the 

transducer array, relative to a certain reference position (usually, the center of the array). 

Each focused signal from the input vector �����, �����, … , ����� is multiplied by the 

corresponding beamforming weight  ��[�],��[�], … ,��[�] and these products are then 

summed to produce the output signal �[�]. The set of weights, or the weight vector, can 

be either fixed (data-independent), or adaptive (data-dependent). The fixed weights are 

commonly realized by means of standard window functions, e.g., the rectangular, 

Hamming, or Kaiser window. The choice of a particular window depends on a desired 

balance between the mainlobe width and the sidelobe level, which translates into a 
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balance between the image resolution and contrast [3, 4]. There is a fundamental tradeoff 

between the image contrast and resolution: reducing the sidelobe level gives rise to a 

wider mainlobe width and vice versa.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

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 mainlobe width and at the same time 

suppress the sidelobe level, thus improving both the image resolution and contrast in 

comparison to fixed beamforming. However, such an improvement comes at a significant 

computational cost, as the data-dependent adaptive weight vector must be continuously 

recalculated based on the characteristics of each received input vector. The adaptive 

beamforming weights are also dependent on the choice of a criterion that preserves the 

desired signal while rejecting the unwanted interference and noise. In this thesis we 

employ the well-known minimum variance distortionless response (MVDR) criterion.  It 

is based on the second-order statistics (the estimated covariance matrix) of the input data, 

and it requires the output power be minimized while passing a signal in the desired look-

direction with unity gain. In other words, the MVDR beamformer passes the desired on-

axis signal undistorted, while suppressing the undesired off-axis signals.  The application 

of the MVDR beamformer to ultrasound imaging has been extensively reported in the 

literature, demonstrating significant improvements in the image resolution and contrast.   

However, calculating adaptive MVDR weights involves a matrix inversion operation 

performed for each received input vector, which is computationally expensive.   

 

� sensors ��[�] ��[�] 

�� 

��[�] ��[�] 
�[�] 

	  

 
 �� 

��[�] ��[�]
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     The main motivation behind our work is to address the problem of a high 

computational load imposed by adaptive beamforming on the ultrasound system.  Our 

objective is to reduce the computational cost of beamforming toward that of a non-

adaptive beamformer, while retaining the quality of beamforming comparable to that of 

an adaptive beamformer.  Our approach is based on the following simple idea.  We 

switch between a non-adaptive beamformer and an adaptive one based on the value of the 

data-dependent variable known as the coherence factor. The resulting hybrid beamformer 

works as follows. For each input vector, we calculate the corresponding coherence factor. 

If the coherence factor is below a certain threshold, we use non-adaptive delay-and-sum 

(DAS) beamforming; otherwise, we use adaptive beamforming.  To implement adaptive 

MVDR beamforming, we use the well-known Generalized Sidelobe Canceller (GSC).  In 

addition to the adaptive GSC-based beamforming method, we also investigate the 

performance of the so-called Adaptive Single Snapshot Beamformer (ASSB), which is 

relatively unexplored in the ultrasound imaging literature. The ASSB is related to the 

maximum signal-to-noise and interferer ratio (SNIR) beamforming criterion, but without 

the knowledge of the noise and signal correlation matrices [42]. 

     We have applied our simple switching scheme to the simulated B-mode ultrasound 

images of the 12-point and the point-scatterer-cyst phantoms, generated by the FIELD-II 

simulation tool and commonly used in the ultrasound imaging literature to evaluate the 

image quality.  Our simulation results show that, in comparison to (optimal but 

expensive) always-adaptive beamforming, our hybrid beamformer yields significant 

computational savings between 59% and 99%, yet the image quality degradation 

(measured in terms of the image resolution and contrast) is below 5%.  

     To summarize, this thesis makes the following contributions to the ultrasound imaging 

literature: 

• We apply the hybrid GSC-based beamforming method to ultrasound imaging 

and evaluate its performance using several switching thresholds associated 

with the coherence factor of the received input vectors.  
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• We apply the hybrid ASSB-based beamforming method to ultrasound imaging 

and evaluate its performance using several switching thresholds associated 

with the coherence factor of the received input vectors. 

• We estimate and quantitatively compare the computational costs of the hybrid 

GSC-based and ASSB-based beamformers to those of their always-adaptive 

counterparts, thus exposing the quality-cost tradeoffs that are enabled by 

hybrid beamforming. 

 

     The rest of the thesis is organized as follows. Chapter 2 provides a brief overview of a 

typical biomedical ultrasound imaging system, introduces the MVDR beamforming and 

coherence factor concepts, and also discusses the previous work related to this thesis. 

Chapter 3 presents the hybrid GSC-based beamformer and its computational complexity 

analysis, while Chapter 4 presents the hybrid ASSB-based beamformer and its 

computational complexity analysis. Chapter 5 provides our FIELD-II simulation results, 

compares the quality of the simulated images obtained by our beamformers under 

investigation, and discusses the computational savings due to the hybrid beamforming 

approach. Finally, in Chapter 6 we state our conclusions and outline several ideas for 

future work. 
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Chapter 2 
 
 

Background 
 

 

 

     This chapter provides a brief overview of a typical biomedical ultrasound imaging 

system, introduces the MVDR beamforming and coherence factor concepts, and also 

discusses the previous work related to this thesis. 

2.1    Ultrasound System 
 

     The focus of this thesis is on the two-dimensional brightness-mode (B-mode) imaging, 

in which the displayed pixel brightness is a function of the amplitude of the returning 

echoes. Figure 1.1 shows a typical B-mode ultrasound system, whose basic components 

are described in the sequel.  

     Acoustic waves of frequencies beyond 20 kHz are referred to as ultrasound waves. 

Typically, ultrasound system works on frequencies that range from 2 MHz to 20 MHz 

[2]. During transmission, piezoelectric transducer elements are excited by electric pulses 

to produce sound waves whose echoes are used to form an image. As the number of 

elements increases, the sensitivity and spatial resolution are improved. The inter-element 

spacing should be less than or equal to half of the wavelength in order to suppress the 

grating lobes. The grating lobes occur in symmetric locations around the mainlobe and 

with the same amplitude. The grating lobes cause imaging artifacts and reduce the image   

contrast [2, 3]. The B-mode ultrasound imaging system uses one-dimensional array of 
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transducers to produce two-dimensional images. There are several ways of acquiring 

ultrasound images, the most popular ones utilizing a linear array or a phased array of 

transducer elements [1].  Focusing and steering the ultrasound beam play an important 

role in the beamforming process. During the transmission, only fixed focusing is allowed 

[3], whereby for every scan line certain time delays are applied to the transmitting 

transducers. These time delays depend on the focal point and the steering angle. Every 

signal from every transducer takes a different time to arrive at the focal point. The time 

needed depends on the location of the transducer from the center of the array and the 

speed of sound at the medium in which the focal point lies. Therefore, appropriate time 

delays are needed to compensate for the time differences, in order to equalize the phases 

of the transmitted signals at the time of their arrival to the focal point. Usually, the speed 

of sound is assumed to be 1540 m/s through soft tissues, however, the speed of sound can 

deviate by approximately ± 5% which may increase the mainlobe width by as much as 

300% [3]. After this focusing step, the output signals of the transmitting beamforming are 

converted to analog signals by the digital to analog converter (DAC) and passed through 

high voltage (HV) amplifiers that drive the transducers [2].  

     At the receiving side the reflected echoes pass through the transmit and receive (T/R) 

switches that isolate the HV amplifiers from damaging the received echoes. The T/R 

switches are followed by low noise amplifiers (LNA) to improve the signal-to-noise ratio 

(SNR) of the returning echoes [1]. Then, the echoes pass through time gain compensation 

(TGC) amplifiers needed due to the fact that some of the returning echoes are attenuated 

differently depending on their propagation depth. The resulting analog signals are 

converted to digital signals using analog-to-digital converter (ADC) and then supplied to 

a receive beamformer, where dynamic focusing is allowed [3].  

   After beamforming the received echoes, we need to extract the envelope of the 

beamformer output. This is accomplished by applying and taking the absolute values of 

the Hilbert transform of the beamformer output [7]. Next, the estimated envelope is 

appropriately decimated to match the time and the distance scales. Then, a logarithmic 

compression takes place to reduce the dynamic range of the received data [3]. The 

resulting data is not yet suitable for screen display: it has to be interpolated, that is, 

spatially remapped. This process is accomplished via the scan converter [1]. Before 
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displaying the output image, a step known as a post-processing stage occurs. In this stage 

several non-linear curves can be selected by the operator are chosen to highlight high- or 

low-amplitude echoes pertaining to the scan under view.  This affects the final gray-scale 

image mapping, and hence the perceived dynamic range of the output image [1].  

     The quality of ultrasound images is greatly affected by the presence of noise.  There 

are two types of noise in ultrasound systems. The first one is the Gaussian white noise 

which is resulted from the electronic components of the system. The second type is 

speckle noise. Speckle noise is the grainy appearance of a homogenous tissue in 

ultrasound image [3]. It is an undesirable phenomenon, as it decreases the contrast 

resolution thus obscuring boundaries between tissues inside the human body. The speckle 

noise is caused by the constructive and destructive of the interferences of the echoes 

scattered and reflected by the microscopic structures whose sizes are comparable to the 

wavelength of the incident ultrasound waves [1]. Speckle noise is not strictly random, but 

rather an intrinsic property of the tissues to be imaged [8]. 

 

2.2    Ultrasound Image Quality 
 

    This section summarizes some of the important quantitative factors used to assess the 

quality of ultrasound images. 

Spatial Resolution  
 
    The spatial resolution measures the ability of the beamformer to distinguish closely 

spaced objects. The spatial resolution can be divided into two types the lateral and axial 

resolutions.   

    The axial resolution measures the ability of the beamformer to distinguish objects that 

lie on the direction of ultrasound wave propagation. It depends on the duration of the 

transmitted pulse and the speed of sound [6]: 
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22 0

M

f

cM
Raxial

λ==
                                                         (2.1) 

 

where M is the number of periods of the transmitted sinusoidal wave, whereas c , 0f and 

λ  are the speed, frequency and the wavelength of the transmitted sound wave, 

respectively. The factor 2 accounts for the round trip delay of the pulse.  As can be seen 

from equation (2.1), the higher the frequency (or the shorter the pulse) leads to greater 

axial resolution. Increasing the frequency, however, leads to increased attenuation [1]. 

Hence, the axial resolution is typically limited by the pulse length. 

    The lateral resolution measures the ability of the beamformer to distinguish objects 

that are perpendicular to the direction of ultrasound propagation. It depends on the width 

of the active transducers [6]: 

 

#3 F
D

z
R dB λλ ==     (2.2) 

where 

             z      is the distance to the imaged region, 

           D         is the width of the active transducers, 

          
D

z
F =#   is the F-number of the imaging system. 

Contrast  
 

    The contrast is defined as follows [3]: 

 

                                                                                                      (2.3) 

 

where outS  is the average signal measured outside the region of interest, and inS  is the 

average signal measured at inside the region of interest.  The major cause of the contrast 

degradation of the contrast factor is the sidelobes and grating lobes.  

out

inout

S

SS −=Contrast
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Frame Rate 
 

     In B-mode ultrasound system, high frame rate (usually, 20-100 frames per second) is 

required in order to capture the fast moving parts inside the body [6]. Since the image is 

produced by combining the echoes from a large number of scan lines, increasing the scan 

line density (thus increasing the frame rate) improves the lateral resolutions. However, if 

we want to increase the depth of field, we need to either decrease the frame rate, or to 

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

2

c
NzF lrate =××

                   (2.4) 

 where rateF  is the frame rate in frames/second, and lN  is the number of scan lines.           

  

 

2.3    MVDR Beamformer 

 

     At each time instance n, let an array of M transducer elements supply a focused input 

vector x[n] that needs to be beamformed to produce an output y[n].  The simplest non-

adaptive beamforming method is called delay-and-sum, or DAS, where  

y[n] = (x1[n] 
)sin(

2
1θ

λ
π

dj
e

−
 + x2[n] 

)sin(2
2

1θ
λ
π

dj
e

−
 + … + xM[n] 

)sin(
2

1θ
λ
π

Mdj
e

−
)/M, 

and parameters d and θ1 are illustrated in Figure 4.1. Alternatively, we can use an 

adaptive beamformer, whose weights are determined based on the certain properties of 

the input vector. In this thesis we focus on the minimum variance distortionless response 

(MVDR) adaptive beamformer, whose output ][ ny  and output power ][ nP are given by 

 

][][][ nnny H xw=                                                                                                            (2.5) 

{ } { } wRwwxxw ][][][][][
2

nnnEnyEnP HHH ===                                                       (2.6) 
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where w  is the optimum weight vector of length 1×M , ][ nx   is the input vector of 

length 1×M , and ][ nR  is the covariance matrix of size MM × .  The objective and 

constraints of the MVDR beamformer can be expressed as follows: 

 

wRw
w

][min nH , subject to 1=aw H                          (2.7) 

 

wherea is the 1×M  steering vector of the desired signal.  In other words, the MVDR 

beamformer minimizes the output power, while allowing the desired signal to pass 

undistorted (with a unity gain).  The solution to the above optimization problem is given 

by [5]: 

 

 
aRa

aR
w

H ][

][
][

1

1

n

n
n −

−

=                                                                                                         (2.8) 

 

In practice, however, the covariance matrix ][ nR  is not known and must be estimated as 

 

∑
−=

=
n

Nni

H ii
N

n ][][
1

][ˆ xxR                                                                                                  (2.9) 

 

where ][ˆ nR  is sample covariance matrix, ][ ix  is the i -th snapshot, and N  is the number 

of the snapshots taken.  As ultrasound signals are non-stationary, ][ˆ nR  changes rapidly 

over time; hence, the number of taken snapshots N  is typically very small.  More 

importantly, the received ultrasound echoes are correlated, leading to an ill-conditioned 

][ˆ nR , which compromises MVDR beamforming quality. In a multipath ultrasound 

environment, the interferers are likely to be correlated, or coherent, with the desired 

signal (i.e., the interferers are scaled and shifted copies of the desired signal).  As the 

MVDR beamformer passes the desired signal with a unity gain, it will also pass the 

coherent interferers that may cancel the desired signal altogether [11]. To resolve this 

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

 

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

whose purpose is to restores the rank of ][ˆ nR  in a coherent environment. We divide the 

array of M sensors into P  overlapping subarrays of length
 2

M
L =  (L may not exceed 

2

M
). Letting xp[n] = [xp[n], xp+1[n], …, xp+L–1 [n]] T

 denote the p-th subarray, we obtain 

the following form of the estimated covariance matrix: 
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pp ii
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1
][

~
xxR                                                                 (2.10) 

 

Note that the size of the spatially smoothed ][
~

nR  becomes LL ×  and length of the 

weight vector ][~ nw   becomes 1×L . Consequently, the output of the spatially smoothed 

MVDR beamformer is now computed as: 
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1
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LM
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p

H nn
LM

ny xw                                                                           (2.11) 

 

 

2.3.2    Coherence Factor 

 

     The coherence factor, or CF, was first proposed by Hollman et al. [12] and used to 

correct the phase distortion due to focusing error.  It is defined as the ratio of a coherent 

sum and an incoherent sum of the input vector elements: 
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]CF[                                                                                                     (2.12) 
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Park et al. [34] applied the CF to the MVDR beamformer as follows: 

 

∑
+−

=+−
=

1

1

][][~
)1(

]CF[
][

LM

k

H
k

H nn
LM

n
ny xw                                                                           (2.13) 

 

which was shown to improve contrast, sidelobe suppression, and resilience against phase 

distortion.  In this thesis, we always multiply our beamformed output by a coherence 

factor calculated according to Eq. (2.13). 

 

 

2.3.3    Baseline Simulated Images 

 

     Evaluation results in this thesis are based on the simulated 4-MHz ultrasound images 

of two distinct types: a 12-point phantom acquired by a 98-element phased array and a 

point-scatterer-cyst phantom acquired by a 192-element linear array with 66 active 

elements. Our simulations were performed in MATLAB  v7.8 using the FIELD-II simulation 

tool v3.20 [13-15].  In all simulations, we add white Gaussian noise with 60-dB SNR to 

each sensor signal, and after the beamforming, we compress the signal envelope to the 

60-dB dynamic range. 

     The 12-point phantom consists of twelve single point targets placed at the 10-mm 

intervals starting at 30 mm from the transducer surface. Each element of the 98-element 

phased array has the height of 7 mm, with the inter-element spacing of λ/2 corresponding 

to the speed of sound of 1540 m/s. The emitted wave is a Gaussian pulse with the carrier 

frequency of 4 MHz and the fractional bandwidth (i.e., the ratio of the bandwidth to the 

carrier frequency) of 70%. During transmission, there is a single fixed focus at 60 mm 

from the transducer surface, and during reception, dynamic receive focusing is performed 

at 10-mm intervals. The sampling frequency is set to 100 MHz, and the image consists of 

64 scan lines separated by 0.47 degrees. The main motivation of simulating the 12-point 

phantom is to access the image quality in terms of spatial resolution. The point-scatterer-

cyst phantom consists of a point target, a highly scattering region with the radius of 1.5 
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mm, and a water-filled cyst region with the radius of 2 mm. The lateral distances are -14 

mm, -5 mm, and 10 mm, respectively.  The phantom is placed at 60 mm, which is the 

transmit focus point. The speckle pattern is simulated with 10 randomly placed scatterers 

within a resolution cell of λ3 to ensure fully developed speckle [38]. During reception, 

dynamic receive focusing is performed at 10-mm intervals.  Each element of the 192-

element linear array (with 66 active elements) has the height of 5 mm. As with the 12-

point phantom, the same sampling frequency and the excitation pulse are used. The 

resulting 40-mm image consisted of 64 scan lines. The main motivation of simulating the 

point-scatterer-cyst phantom is to access the image quality in terms of contrast. 

     Figure 2.1 clearly demonstrates the advantage of MVDR beamforming (with spatial 

smoothing and without CF scaling of the beamformed output) over rectangular- 

windowed and Kaiser-windowed DAS beamforming (without CF scaling of the 

beamformed output) in the case of 12-point phantom. The rectangular-windowed DAS 

beamformer suffers from high sidelobe levels, which can be improved using the Kaiser 

window instead. However, the MVDR beamformer yields the highest spatial resolution 

even beyond the transmit focus point of 60 mm. Figure 2.2 shows that multiplying the 

output by the CF yields a noticeable improvement in the images produced by DAS and 

MVDR beamforming (e.g., see points at 110, 120, 130 mm). 

     Figure 2.3 shows the simulated image of the point-scatterer-cyst phantom. The first 

two images (corresponding to the rectangular-windowed and Kaiser-windowed DAS 

beamformers without CF scaling) demonstrate that the water-filled cyst loses its circular 

shape, and the point is not easily distinguishable from the speckled background.  On the 

other hand, the third image (corresponding to the MVDR beamformer without CF 

scaling) demonstrates that the water-filled cyst shape is preserved better, and the point is 

more noticeable due to a reduction in the speckle noise. Applying the coherence factor 

yields the fourth, fifth and sixth images (corresponding to the rectangular-windowed 

DAS, Kaiser-windowed DAS, and MVDR beamformers, respectively), demonstrating the 

more visible point and sharper boundaries of the scatterer and the cyst. 

     In this thesis, we always multiply the beamformed output by the coherence factor. 
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Figure 2.1:  Performance of rectangular-windowed DAS (left), Kaiser-windowed DAS 

(center), and MVDR (right) beamforming without CF scaling: 12-point phantom, point 

placement in 10-mm intervals, 64 scan lines, 4-MHz 98-element phased array transducer 

(transmit focus at 60 mm, dynamic receive focus at 10 mm intervals), spatial smoothing 

with L = 49 and N = 1. 
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Figure 2.2: Performance of rectangular-windowed DAS (left), Kaiser-windowed DAS 

(center), and MVDR (right) beamforming with CF scaling: 12-point phantom, point 

placement in 10-mm intervals, 64 scan lines, 4-MHz 98-element phased array transducer 

(transmit focus at 60 mm, dynamic receive focus at 10 mm intervals), spatial smoothing 

with L = 49 and N = 1. 
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Figure 2.3: From top to bottom: performance of rectangular-windowed DAS, Kaiser-

windowed DAS, MVDR (all three without CF scaling), rectangular-windowed DAS, 

Kaiser-windowed DAS, and MVDR (all three with CF scaling) beamforming: Point-

scatterer-cyst phantom placed at 60 mm (lateral placement: single point at −15 mm, 3-

mm scattering region at −5 mm, 4-mm water-filled cyst at 10 mm), 64 scan lines, 4-MHz 

192-element linear array transducer (66 active elements, transmit focus at 60 mm, 

dynamic receive focus at 10 mm intervals), spatial smoothing with L = 33, using N = 2. 
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2.4    Related Work 

 

     Beamforming has been used in many applications, such as radar, sonar, seismology, 

wireless communications, and medical imaging. Beamforming techniques generally can 

be classified into two categories: data-independent (non-adaptive) and data-dependent 

(adaptive) [5, 16, 17]. The weights of the former are fixed and do not depend on the input 

data; whereas, the weights of the latter vary depending on the statistics of the input data. 

One of the earliest statistically optimal beamforming methods was the MVDR 

beamformer due to Capon [18], which is special case of a so-called linearly constrained 

minimum variance (LCMV) beamformer, initially used for narrowband applications.  It 

has been extended to broadband applications in both time-domain and frequency-domain. 

In the time-domain, the output of each sensor is fed to an FIR filter with several taps, 

whose weights are chosen to minimize the mean square error of the beamforming output, 

subject to a set of linear constraints [20]. In the frequency-domain, the signal from each 

sensor is first transformed into the frequency domain using discrete Fourier transform 

(DFT), then narrowband beamformers are applied to process the individual frequency 

bins, and finally the narrowband beamformed outputs are transformed back to the time 

domain using the inverse discrete Fourier transform (IDFT) [5]. 

    In some applications, where a large number of sensors are available, it is more efficient 

to perform beamforming in a smaller-dimensional space, which is exemplified by the so-

called beamspace beamformer and Generalized Sidelobe Canceller (GSC) [19]. The 

former is an example of the deterministic reduction technique: the transformation from 

the element space to beamspace is accomplished by multiplying the input snapshot by an 

orthogonal matrix, referred to as the Butler matrix [5]. Each row of the Butler matrix 

represents a steering vector associated with one orthogonal beam. The selection of the 

orthogonal beams depends on the prior knowledge of the spatial distribution of the 

desired signal and the interferers. Alternatively, there are statistical reduction techniques, 

and they fall into two main categories: the principal component method and the cross-

spectral methods. The principal component method, also known as the eigenbeamformer,  
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first reduces the size of the covariance matrix by decomposing it into two orthogonal  

subspaces, known as the signal plus the interference subspace (represented by the largest 

eigenvalues and their associated eigenvectors) and the noise subspace (represented by the 

smallest eigenvalues and their associated eigenvectors), and then performs beamforming 

in the signal plus the interference subspace [5]. The cross-spectral method, on the other 

hand, is commonly realized by the GSC structure, where the selection of the reduced 

subspace is driven by retaining the eigenvectors that maximize the signal to interference 

plus noise ratio SINR [21]. 

     Over the past years, the ultrasound imaging literature has been growing with reports 

on the application of various beamforming methods, including both non-adaptive [22-28] 

and adaptive. In this thesis we focus on adaptive beamforming, briefly reviewed next. 

Sasso and Cohen-Barcie [10] were among the first to apply the spatially smoothed 

MVDR beamformer to ultrasound imaging, which demonstrated an improvement in the 

target resolution and contrast. To increase the robustness of the MVDR beamformer 

against the error between the actual and the presumed sound speed, Wang et al. [29] used 

a synthetic aperture, in which the medium was insonified by multiple beams from 

different spatial positions to obtain a robust covariance matrix. In such an aperture, each 

beam was generated by a single transmitting element, and the echoes were received by 

the entire array, i.e., each point in the image had as many observations as the number of 

the transmitting elements. A similar approach (combined with spatial smoothing) was 

investigated by Vigonon and Burcher [30], except they used 16 focused beams as 

opposed to 32, 64, 128 divergent beams used in [29]. Both methods were tested on 

simulated and experimental data, demonstrating high resolution and contrast compared 

with the DAS beamformer. Synnevag et al. [31] increased the robustness of the MVDR 

beamformer by means of diagonal loading of the estimated covariance matrix (together 

with spatial smoothing), demonstrating reduced sensitivity of the MVDR beamformer to 

the sound speed variations at the expense of the reduced lateral resolution. Asl and 

Mahloojifar [32] applied the eigenbeamformer to medical ultrasound.  They projected the             

MVDR weight vector onto the signal subspace of the covariance matrix and                     

demonstrated (through simulations of point targets and cyst phantom) an increase in                      
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contrast and robustness against overestimation of the speed of sound. The same authors in 

[33] forward-backward spatial averaging of the estimated covariance matrix, which 

resulted in an increase in contrast without sacrificing resolution at the presence of sound 

speed errors. The coherence factor was first applied to ultrasound imaging by Hollman et 

al [12], and it has been used by many researchers to scale the output of both non-adaptive 

and adaptive beamforming [34-36]. Nilson and Holm [36] showed that multiplying the 

output of the DAS beamformer by the CF can be interpreted as processing the output of 

the DAS beamformer using the Wiener postfilter. Likewise, multiplying the output of the 

MVDR beamformer is equivalent to using the Wiener beamformer [5].  

     The abovementioned references focused with adaptive narrowband beamforming. 

Since ultrasound is broadband in nature, several researchers have investigated broadband 

beamforming in the context of ultrasound imaging.  Mann and Walker [37] studied the 

performance of the time-domain Frost beamformer using multiple linear constraints.  The 

order of each FIR filter was set to 10, the number of sensors was 128, and a diagonal 

loading was used to ensure a well-conditioned covariance matrix estimate. The resulting 

images of a single point target and a cyst phantom showed a 2x improvement in the point 

target resolution and 60% improvement in the cyst contrast. Holfort et al. [38] applied 

broadband beamforming in the frequency-domain to simulated point targets and a cyst 

phantom. In their study, the spatially smoothed data was transformed to the frequency-

domain using short time Fourier transform, and then each individual subband data was 

beamformed using MVDR the beamformer. The results were compared with the DAS 

and Hanning beamformers, which demonstrated significant improvements in both the 

resolution and contrast. Viola and Walker in [39] studied four adaptive beamformers 

from [11, 20, 41, 42], applied to two different types of phantoms: wire targets and a cyst 

phantom.  Their simulations showed that the adaptive beamformers from [11, 20, 41, 42] 

achieved higher resolution in comparison to the DAS beamformer.  They also observed 

that the three beamformers from [11, 41, 42] significantly reduced the sidelobe levels.  

The beamformer from [41] was superior with sidelobe levels of roughly -110 dB, which  
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is practically at the noise level. Motivated the superior performance of the beamformer in  

[41], the same authors proposed its broadband extension in [40], called Time-domain, 

Optimized, Near-field Estimator (TONE). Their idea was based on a linear model of the 

image formation, where the region of interest is subdivided into a collection of 

hypothetical targets at arbitrary positions in a sampling grid.  For each hypothetical target 

in the region of interest the spatial response is computed experimentally, theoretically, or 

using simulation. Based on the computed spatial response and the received data, the 

distribution and the intensity of the matching hypothetical targets were found using the 

maximum a posteriori (MAP) estimation technique. Although this beamformer offers 

excellent broadband performance, its high computational complexity may prohibit its use 

in practice.  

     Several researchers have attempted to reduce the computational complexity of the 

adaptive beamforming. Synnevag et al. [28] have proposed a beamformer that uses 

several predefined windows that satisfy the distortionless constraint and selects the one 

that reduces the output power. Khezerloo and Rakhmatov [50] have proposed gradient-

driven and reduced-rate GSC-based beamforming that uses an approximate covariance 

matrix inverse obtained using a conjugate gradient algorithm with only three iterations. 

Nilsen and Hafizovic [43] have implemented the Capon beamformer in the beam-space 

(rather than in the element-space) assuming a priori knowledge of the distribution of the 

desired signal. They have used three beams with the greatest energy footprint, which 

resulted in the image quality comparable to that of the Capon beamformer. Finally, Hall 

et al. [51] have proposed a method that suppresses the DAS beamformed snapshot, if the 

corresponding CF value is below some threshold value. 

 

2.5    Our Contribution 

 
 

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

reduce the computational load of adaptive beamforming without significant degradation  
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in the ultrasound image quality.  Our simple approach is based on switching between a   

non-adaptive beamformer and an adaptive one based on the CF value.  For each input 

vector, we calculate the corresponding CF and compare it to a certain threshold TCF. If 

CF < TCF, we use non-adaptive DAS beamforming; otherwise, we use adaptive MVDR 

beamforming implemented by the Generalized Sidelobe Canceller (GSC) presented in 

Chapter 3.  The main difference between our scheme and that from [51] is in the usage of 

the adaptive versus non-adaptive beamformers: we do not suppress the DAS beamformer 

output based on the threshold as it is done in [51]; instead, we simply switch between 

adaptive beamforming and non-adaptive beamforming.  In addition to evaluating GSC-

based beamforming, we also investigate the performance of the so-called Adaptive Single 

Snapshot Beamformer (ASSB) presented in Chapter 4.  The application of the ASSB to 

ultrasound was first mentioned in [39] very briefly, providing a somewhat cursory 

treatment without addressing any computational complexity issues. 

As discussed in Chapter 5, our hybrid scheme turns out to be highly effective despite 

its simplicity, yielding significant computational savings (between 59% and 99%) 

without significant degradation in the image quality (less than 5% in terms of resolution 

and contrast). To re-iterate, this thesis makes the following contributions that have been 

overlooked in the existing literature on ultrasound imaging: 

• We apply the hybrid GSC-based beamforming method to ultrasound imaging 

and evaluate its performance using several switching thresholds associated 

with the coherence factor of the received input vectors.  

• We apply the hybrid ASSB-based beamforming method to ultrasound imaging 

and evaluate its performance using several switching thresholds associated 

with the coherence factor of the received input vectors. 

• We estimate and quantitatively compare the computational costs of the hybrid 

GSC-based and ASSB-based beamformers to those of their always-adaptive 

counterparts, thus exposing the quality-cost tradeoffs that are enabled by 

hybrid beamforming. 
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Chapter 3 
 
 
 
 
 

Hybrid GSC-based Beamforming 
 

 

     In this chapter we discuss the underlying theory of the generalized sidelobe canceller 

(GSC) beamformer and its computational complexity.  We also propose a simple yet 

effective technique for reducing the computational cost of beamforming by switching 

between adaptive GSC-based and nonadaptive DAS-based weight calculations.  We 

perform such switching based on the value of the coherence factor compared to a certain 

threshold. 

 

3.1    GSC Beamforming 
 
 
     The MVDR beamformer can be implemented by an equivalent structure shown in 

Figure 3.1 and known as the GSC beamformer. The upper path with the nonadaptive 

weight vector qw  satisfies the look direction constraint and is referred to as quiescent 

response. The term “quiescent response” means that in a quiet environment (i.e., in the 

absence of any interferers) the upper path provides an optimal set of weights. It is 

implemented using the DAS beamformer with L  fixed weights, i.e., 
Lq

1
w = .  

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

the adaptive weight vector aw  is preceded by preprocessing that uses a blocking matrix  
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Figure 3.1: Generalized sidelobe canceller. 
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Recall that the blocking matrixB  must prevent the signals coming from the desired 

direction from leaking into the lower path. In other words, the block matrix must satisfy: 

 

0wB =q
H

                                                                                                                      (3.3)             

 

In order to satisfy the above condition the columns of B  must be linearly independent 

and sum up to zero. One such matrix B is suggested in [19] and shown below. We prefer 

this type of blocking matrix, due to its sparse structure that reduces the computational 

complexity. 
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3.2    Proposed Method 
 

      In Chapter 2 we have demonstrated that using the adaptive MVDR beamformer over 

the nonadaptive DAS beamformer significantly improves the ultrasound image quality. 

Also, recall that the output y[n] of both beamformers was multiplied by the coherence 

factor CF[n] taking the values between 0 and 1.  When the array is steered towards the 

broadside direction (i.e., to make the incidence angle equal to
2

π
), the steering vector 

becomes: 
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     Equation (3.5) can be understood as the ratio of the on-axis power to the total received 

power, which gives us some insight into the characteristics of the received signals. High 

CF values indicate that the most of the received energy is in the mainlobe region. In such 

situations, we need to use the adaptive MVDR beamformer to null the interferers and 

extract the desired signal with the unity gain. On the other hand, low CF values indicate 

that the most of the received energy is in the sidelobes.  In such situations we can employ 

nonadaptive DAS-based beamforming without significantly worsening the image quality. 

In other words, we propose to use the CF value for a given input vector x[n] to make a 

decision on the use of adaptive versus nonadaptive beamforming. Since the nonadaptive 

DAS beamformer has a significantly lower computational cost than that of the adaptive 

MVDR beamformer (involving matrix inversions), our approach gives rise to significant 

computational savings, as demonstrated in Chapter 5. 

     Given a GSC realization of the MVDR beamformer and an appropriate threshold 

value, denoted by TCF, our proposed method can be summarized as follows: 

 

1. Given input vector x[n], compute CF[n]. 

2. If CF[n] ≥ TCF, then use the GSC beamformer to calculate output y[n], else use the 

DAS beamformer to calculate output y[n]. 

3. Let y[n] ← y[n]⋅CF[n]. 
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3.3 Computational Complexity Analysis 

 

     To evaluate the amount of the computational savings due to the use of our method (in 

comparison to always-adaptive beamforming), let V denote the total number of input 

vectors processed to form an ultrasound image, and let VGSC denote the number of input 

vectors processed adaptively, i.e., the number of input vectors x[n] satisfying the 

condition CF[n] ≥ TCF.  Then, the cost of our method equals VGSC⋅Cost(GSC) + (V –  

VGSC)⋅Cost(DAS), as opposed to the always-adaptive beamforming cost of V⋅Cost(GSC).  

Hence, the resulting computational savings are as follows: 

 

 (3.6) 

 

 Note that the factor (1 – VGSC/V) depends on both the choice of the CF threshold value 

TCF and the processed input vectors, while the factor (1 – Cost(DAS)/Cost(GSC)) is 

threshold-independent and data-independent.  Next, we present the cost analysis for the 

DAS and GSC beamformers and analyse the corresponding cost ratio. 

     Let a, m, and r denote the computational costs of a single addition, multiplication, and 

square-root operation, respectively.  We also assume that the cost of a division operation 

is m as well.  Given the input vector x[n] of size M, the cost of calculating CF[n] is  2(M–

1)a + (M+3)m, and the cost of calculating the DAS output y[n] is (M–1)a+ m (including 

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

intermediate result 
∑ ��
�
���

�
 computed for CF[n], i.e., we only need a multiplication by 

CF[n]. Thus, 

 

     Cost(DAS) = 2(M–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 the GSC output y[n] for a single snapshot is 

dominated by the cost of inverting matrix Rz[n] and involves O(L3) additions, O(L3) 

multiplications, O(L) square-roots, and O(1) divisions.  Following [44] and [45], Table 

3.1 provides a breakdown of computational costs associated with the GSC-based 

beamformer: 

 

     Cost(GSC)  = ++−+++ a
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Since L ≤ M/2, then the ratio 
)(

)(

GSCCost

DASCost
is bounded by O(M2). 
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Table 3.1: Computational cost of each GSC-based beamforming step [44, 45]. 
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Chapter 4 
 
 
 
 
 

Hybrid ASSB-based Beamforming 
 
 
    This chapter introduces the so-called adaptive single snapshot beamformer and 

discusses its suitability for ultrasound imaging. The adaptive single snapshot beamformer 

is known to reject nonstationary and coherent interferers.  This important feature is 

particularly relevant to ultrasound data, and it offers an interesting alternative to the GSC 

beamformer with spatial smoothing. 

 

4.1    Introduction 
 
 
    We assume that there are K signals recorded by the M receiving sensors, as shown in 

Figure 4.1. One of the incident signals is the desired signal and denoted by ][1 ns , and the 

rest are the unwanted or interfering signals denoted by ][],......,[],[ 32 nsnsns K . In a noisy 

environment, we can represent the incident signal at then-th snapshot as:          

 

][][)(][
1

nnsn
K

i
ii nex +=∑

=

θ                                                                                              (4.1) 

where  

            iθ         is the incidence angle of the wave is , 

            )( iθe    is the steering vector associated with the i -th  signal and is written as 
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λ
π

θ
−−−

=e , 

            d         is the spacing between adjacent elements, 

            ][ nn   is the additive white noise vector at the n-th snapshot. 

 

To further simplify the notations, we write equation (4.1) as: 

 

][][][ nnn nEsx +=                                                                                                          (4.2) 

 

where T
K nsnsn ]][],....,[[][ 1=s , and )](),...,([ 1 Kθθ eeE =  is the KM ×   matrix.  Then, the 

covariance matrix of the n-th snapshot is 

 

{ } IESExxR 2][][][ σ+== HH nnEn ,                                                                (4.3) 

where 

          { }][][][ nnEn HssS =  , and 2σ   is the average power of the noise. 

 

 

 

 

 

 

 

 

 

Figure 4.1: K source signals incident on uniform linear array M sensors. 

  

 

When the input signals are not correlated, the matrix ][ nS  is diagonal and invertible. On 

the other hand, if the signals are correlated or coherent, then the matrix ][ nS   becomes 
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non-diagonal and noninvertible, and one must use, for example, spatial smoothing 

technique [46] in order to decorrelate the on-axis and off-axis signals and restore the rank 

of the matrix ][ nS . Alternatively, Markus and Schreib [42] proposed a method that not 

only handles the existence of coherent signals, but also works in a nonstationary 

environment.  It is called adaptive single snapshot beamforming, which is described next, 

according to [42]. 

 

 

4.2    Adaptive Single Snapshot Beamformer 
 

The adaptive single snapshot beamformer (ASSB) can be considered as a deterministic 

beamforming technique because it does not make any use of the statistics of the input 

snapshot. The basic idea of the ASSB is first to divide the M-sensor array into P  

overlapping groups with each group having L  elements, as shown in Figure 4.2. It is 

assumed that the following relation is satisfied:  

 

KLP ≥≥                                                                                                                       (4.4) 

 

Hence, for every incident signal si[n] with an incident angle θi[n], there are two manifold 

vectors associated with it. The first one is denoted by gi[θi] and called the group 

characteristic vector of size L (related to L sensors in each group), and the second one is 

denoted by ai[θi] and called the array characteristic vector of size P (related to P groups 

in the array).  Next we define our noise-free single-snapshot data matrix as: 

 

 X = A⋅diag(s1, s2, …, sK)⋅GT                                                                                                                                       (4.5) 

 

where  

          A = [a1, a2, …, aK]  

          GT = col[g1
T, g2

T, …, gK
T].   
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Equivalently, equation can be written as: 
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                                                                      (4.6) 

 
 
 
     To illustrate the ASSB operation in the noise-free case, we let s1[n] represent our 

desired signal and assume that (after steering toward the broadside) the corresponding P-

element vector a1 = [1, 1, …, 1]T and L-element vector g1 = [1, 1, …, 1]T.  Then, 

according to [42], we can express the ASSB output y[n] ≈ s1[n] using the following 

bilinear form: 

 

XvuTy = ,                                                                                                          (4.7) 

 

where v[n] is called the group weight vector, and u[n] is called the array weight vector 

(see Figure 4.1).   

     Given such a formulation, the beamforming problem can be interpreted as finding 

scalar y that reduces the rank of X – (a1g1
T)y, which corresponds to the following 

generalized eigenvalue problems [42]: 

 

0vgaX =− ))(( 11 yT                                                                                            (4.8) 

TTT y 0gaXu =− ))(( 11                                                                                        (4.9) 

 

In order to pass the desired signal undistorted, a unity gain constraint must be imposed, 

leading to the following problem re-formulation: 

 

0vgaX =− ))(( 11 yT , subject to 11 =vg T ,                            (4.10) 

or 
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Figure 4.2: Adaptive single snapshot beamformer structure [42]. 
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, b = [1, 0]T, and z = [v, y]T, we obtain z = A–1b, where the 

desired signal y is the last element of the vector z. 

     In the presence of noise, we let our data matrix be 
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NXX +=~
                                                                                                    (4.12) 

 

where N is the P×L noise matrix corresponding to the P×L sensors and defined as 
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where  nj represents a noise vector at the j-th group of L sensors of the P-group array.  

     Then, our beamforming problem can be approximated as follows [42]: 
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which essentially is a perturbed version of (4.10). 

 

4.3    Proposed Method 
 

     The optimization problem given by (4.13) can be solved by standard linear-algebra 

algorithms that convert the constrained problem into a nonconstrained one using the basis 

of the null space [42, 47].   Alternatively, we employ a more efficient method that utilizes  

Lagrange multipliers [48] and takes advantage of the fact that and g1
T v = 1.   

     We have: 
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Hence, using our new variables A, b, and xls, we can re-formulate the problem given by 

(4.13) as follows: 

 

2

2
 min lsAx ,  subject to 1=ls

H xb .                                        (4.16) 

 

The problem above can be solved by using Lagrange multipliers: 

 

  )1();( −+= bxAxAxx T
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Taking the gradient with respect to H
lsx  and solving for lsx  we obtain 
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By substituting (4.19) into the constraint equation, the value of λ  is given by: 

 

11 ))(( −−−= bAAb HHλ .                                                                                   (4.20) 

 

Substituting equation (4.20) into (4.19) yields 
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We now recall that the desired signal y is the last element of lsx . Therefore, there is no 

need to solve for the vector uT. Nevertheless, it is shown in [42] that 
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Equation (4.22) can be proven as follows.  In any least squares problem [49], the residual 

vector e is orthogonal to the column space of the data matrix X
~

. Also, when converting  

the constrained least squares problem in equation (4.13), note that the vector 1a  becomes 

a column of the data matrix X
~

, that means the residual vector e is orthogonal to the 

vector 1a . Based on this fact and the equation (4.13), we can write 

 

eXva −=y1                                                                                                     (4.23) 

Upon post-multiplying both sides by 2
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Since 1a  and e are orthogonal to each other, their inner product is zero, and we have: 
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Comparing equations (4.24) and (4.7), one can see that  
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Note that the array weight vector uT corresponds to delay-and-sum beamforming of 

outputs of P groups of the sensor array, where each L-element group is beamformed 

using the group weight vector v acting on X. 



38 
 

     

 

4.5    Computational Complexity Analysis 

 

Table 4.1 provides an insight into the amount of computations that are performed 

by eth ASSB at each beamforming step. Matrix inversion calculations (based on the 

Cholesky decomposition and forward-backward substitution) are a dominant contributor 

to the cost. Similar to the hybrid GSC-based beamfomer, we reduce the computational 

complexity by using the hybrid ASSB-based beamformer that switches between DAS and 

ASSB beamforming based on the CF values in relation to the threshold TCF.  

   Let V denote the total number of input vectors processed to form an ultrasound image, 

and let VASSB denote the number of input vectors processed adaptively, i.e., the number of 

input vectors x[n] satisfying the condition CF[n] ≥ TCF.  Then, the cost of our method  

equals VASSB⋅Cost(ASSB) + (V –  VASSB)⋅Cost(DAS), as opposed to the always-adaptive 

beamforming cost of V⋅Cost(ASSB).  Hence, the resulting computational savings are as 

follows: 

 

 

                                                                                                                                      (4.27) 

 

Note that the factor (1 – VASSB/V) depends on both the choice of TCF and the processed 

input vectors, while the factor (1 – Cost(DAS)/Cost(ASSB)) is threshold-independent and 

data-independent.  

As in Chapter 3, we next let a, m, and r denote the computational costs of a single 

addition, multiplication, and square-root operation, respectively.  We also assume that the 

cost of a division operation is m as well, and recall that 
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     Cost(DAS) = 2(M–1)a + (M+3)m + m = 2(M–1)a + (M+4)m.                             (4.28) 

 

    On the other hand, the cost of calculating the ASSB output y[n] is dominated by the 

cost of inverting matrix As and involves O(L3) additions, O(L3) multiplications, O(L) 

square-roots, and O(1) divisions.  More specifically, according to Table 4.1,  
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Table 4.1: Computational cost of each ASSB-based beamforming step. 
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Chapter 5 

 
 

 

Evaluation Results 

 

 

     This chapter presents experimental images that have been generated using the FIELD-II 

simulation tool [13]. In the first section, we evaluate the performance of our hybrid GSC-

based beamforming method (see Chapter 3) in comparison to the always-adaptive GSC. 

In the second section, we evaluate the performance of our hybrid ASSB-based 

beamforming method (see Chapter 4) in comparison to the always-adaptive ASSB.  In 

our simulations, we applied the studied beamforming methods to two dissimilar sets of 

imaging data.  The first set of data is an image of the 12-point phantom (see Chapter 2), 

using M = 98, L = 49, and N = 1, which is well-suited for analyzing the spatial resolution. 

The second set of data is an image of the point-scatterer-cyst phantom (see Chapter 2), 

using M = 66, L = 33, and N = 2, which is well-suited for analyzing the contrast. 

 

 

5.1 Hybrid GSC-Based Beamforming 

 
     Figures 5.1 – 5.6 show the images generated by the FIELD-II simulation tool [13] using 

hybrid GSC-based beamforming with four different thresholds: TCF = 0.01, 0.05, 0.1, and 

0.15. Table 5.1 shows the percentage of computational savings achieved by our hybrid 

GSC-based beamforming in comparison to the always-adaptive GSC in both test cases: 

the 12-point phantom, and the point-scatterer-cyst phantom.  Numerical entries of Table 
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 5.1 are provided in the [MIN, MAX] format that respectively represent the minimum and 

the maximum savings based on the two limiting assumptions.  We have obtained MIN 

assuming that a single square-root operation, a single multiplication, and a single addition 

have the same unit cost.  On the other hand, we have obtained MAX assuming that a 

single square-root operation is 32 times costlier than a single multiplication, and the latter 

is 10 times costlier than a single addition. Such assumptions reflect a range of potential 

hardware implementations of the square-root, multiplication, and addition circuits [44].  

The total count of each operation type was taken from Table 3.1, with the corresponding 

savings computed using Equation (3.8).  One can see that the computational savings 

range from 57.4% (TCF = 0.01) to 98.8% (TCF = 0.15) for the 12-point phantom, and from 

45.0% (TCF = 0.01) to 73.4% (TCF = 0.15) for the point-scatterer-cyst phantom.  Next, we 

briefly discuss each test case individually. 

 

 

Table 5.1: Hybrid GSC-based beamforming: computational savings in comparison to 

fully adaptive GSC-based beamforming. 

 

Adaptive 

Beamforming 

Method + CF 

Savings (%): 

12-point phantom 

M = 98, L = 49, N = 1 

Savings (%): 

point-scatterer-cyst phantom 

M = 66, L = 33, N = 2 

GSC with TCF = 0.01 [57.3340, 57.3801] [44.9971, 45.0440] 

GSC with TCF = 0.05  [95.1995, 95.2760]  [58.9069, 58.9683] 

GSC with TCF = 0.1  [98.1849, 98.2638]  [69.4118, 69.4842] 

GSC with TCF = 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 phantom image, 

we used the full width at half maximum (FWHM) as an indication of the resolution and 

the sidelobe energy SLE as an indication of the contrast, both measured at the transmitter 

focusing point (60 mm). The sidelobe energy was calculated for attenuation level larger 

than 25 dB, which is a measure of the sensitivity to the artifacts [12].  Figure 5.1 shows 

the corresponding PSF at the 60-mm focus, and Table 5.2 shows the measured FWHM 

and SLE  values, where lower quantities are indicative of better-quality imaging. One can 

see that using TCF = 0.1 or 0.15 results in the ESL values of approximately -31 dB, 

approaching -28 dB of the DAS beamformer (see Table 5.2 and Figures 5.3 and 5.4).   

 

 

 

Table 5.2: Hybrid GSC-based beamforming: FWHM, sidelobe energy ESL, and mainlobe 

energy EML at the transmit focus (12-point phantom). 

 

Adaptive Beamforming 

Method + CF 

FWHM 

(mm) 

SLE  

(dB) 

MLE  

(dB) 

MLSL EE /  

(dB) 

DAS 0.6723 -28.3204 1.7925 -30.1129 

Always-Adaptive GSC 0.3511 -37.1534 -1.2899 -35.8636 

GSC with TCF = 0.01 0.3512 -37.1476 -1.2898 -35.8579 

GSC with TCF = 0.05 0.3512 -36.5223 -1.2893 -35.2329 

GSC with TCF = 0.1 0.3533 -31.2100 -1.2598 -29.9502 

GSC with TCF = 0.15 0.3537 -30.9943 -1.2542 -29.7400 
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Therefore, we recommend using our hybrid GSC with a lower TCF = 0.05, which yields 

the image shown in Figure 5.3 (also see Figure 5.4. and Table 5.2) that is of comparable 

quality with respect to the always-adaptive GSC.  Meanwhile, the computational cost of 

beamforming that image using our hybrid approach is approximately 95% cheaper.   Note 

that the FWHM = 0.3511 mm and ESL = -37.153 dB of the always-adaptive GSC are not 

significantly affected by switching to the hybrid GSC with TCF = 0.05 (FWHM = 0.3512 

mm and ESL = -35.522 dB).  In comparison to the hybrid GSC with a lower TCF = 0.01 

(FWHM = 0.3512 mm and ESL = -37.148 dB), using TCF = 0.05 only slightly degrades the 

image quality but substantially increases the computational savings (from 57% to 95%). 

 

 

 

 

Figure 5.1: Hybrid GSC-based beamforming:  PSF at transmit focus 60 mm. 
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Point-Scatterer-Cyst Phantom: The quality of the point-scatterer-cyst phantom images, 

shown in Figures 5.5 and 5.6, were assessed based on the contrast values Cscat, shown in 

Table 5.3 and calculated using Equation (2.3) applied to the rectangular regions indicated 

in Figure 5.2. Figure 5.2, which is obtained using the conventional delay-and-sum 

beamforming, shows the sampled rectangle areas used when computing the average log-

compressed signal envelop. Note on order to have a better estimation of the background 

signal, the average is computed over six triangles [44].  

 

 

 

 

 

 

  

 

 

 

 

Figure 5.2: Sampled areas used for contrast computations: point-scatterer-cyst phantom 

obtained using DAS beamforming. 
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   One can see that using TCF = 0.1 or 0.15 results in Cscat in the range [3.18, 2.98], which 

is worse than Cscat in the range [3.43, 3.37] when using TCF = 0.01 or 0.05.  The always-

adaptive GSC yields Cscat = 3.44, i.e., the hybrid GSC with TCF = 0.05 is only 2% worse 

in terms of the contrast measure, but it offers about 59% computational savings (see 

Table 5.1).  Therefore, we recommend using our hybrid GSC with TCF = 0.05, which 

yields the image shown in Figure 5.6 that is of comparable quality with respect to the 

always-adaptive GSC. The DAS beamformer has much worse Cscat = 2.07, but 

interestingly it has the best value of the other contrast measure Cwater (see Table 5.3), 

which is due to the lighter background (see Figures 5.5 and 5.6). 

 

 

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

(point-scatterer-cyst phantom). 

 

Adaptive 

beamforming 

method + CF 

Mean signal in the 

background speckle 

backgroundinS _  

Contrast of the 

scattering region 

scatC  

Contrast of the 

water-filled region 

waterC  

DAS 14.0267 2.0687 0.9848 

Always-Adaptive GSC 6.2162 3.4383 0.9735 

GSC with TCF = 0.01 6.2946 3.4297 0.9756 

GSC with TCF = 0.05 6.5042 3.3696 0.9751 

GSC with TCF = 0.1 7.0950 3.1799 0.9679 

GSC with TCF = 0.15 7.9257 2.9806 0.9666 
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Figure 5.3:  From left to right: 12-point phantom image obtained using DAS, fully 

adaptive GSC, and hybrid GSC with TCF = 0.01. 
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Figure 5.4:  From left to right: 12-point phantom image obtained using hybrid GSC with 

TCF = 0.05, hybrid GSC with TCF = 0.1, and hybrid GSC with TCF = 0.15. 
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Figure 5.5: From top to bottom: point-scatterer-cyst phantom image obtained using DAS, 

always-adaptive GSC, and hybrid GSC with TCF = 0.01. 
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Figure 5.6: From top to bottom: point-scatterer-cyst phantom image obtained using 

hybrid GSC with TCF = 0.05, hybrid GSC with TCF = 0.1, and hybrid GSC with TCF = 

0.15. 
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5.2 Hybrid ASSB-Based Beamforming 

 
Figures 5.7 – 5.11 show the images generated by the FIELD-II simulation tool [13] 

using hybrid ASSB-based beamforming with four different thresholds: TCF = 0.01, 0.05, 

0.1, 0.15. Table 5.4 shows the percentage of computational savings achieved by our 

hybrid ASSB in comparison to the always-adaptive ASSB in both test cases: the 12-point 

phantom, and the point-scatterer-cyst phantom.  One can see that the computational 

savings range from 57.4% (TCF = 0.01) to 98.8% (TCF = 0.15) for the 12-point phantom, 

and from 45.0% (TCF = 0.01) to 73.5% (TCF = 0.15) for the point-scatterer-cyst phantom.  

These numbers are practically the same as in the case of our hybrid GSC.  Next, we 

briefly discuss each test case individually. 

 
     

Table 5.4: Hybrid ASSB-based beamforming: computational complexity in our test 

examples compared to always-adaptive ASSB beamforming. 

 

Adaptive  

Beamforming 

Method + CF 

Savings (%): 

12-point phantom 

M = 98, L = 49, N = 1 

Savings (%): 

point-scatterer-cyst phantom 

M = 66, L = 33, N = 1 

ASSB with TCF = 0.01  [57.3149, 57.3944]  [44.9544, 45.0724]  

ASSB with TCF = 0.05  [95.1678, 95.2998]  [58.8510, 59.0054]  

ASSB with TCF = 0.1  [98.1522, 98.2883]  [69.3460, 69.5280]  

ASSB with TCF = 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 same measures, i.e., 

FWHM and ESL, to assess the quality of the ASSB-beamformed 12-point phantom image.  

Figure 5.7 shows the corresponding PSF at the 60-mm focus, and Table 5.5 shows the 

measured FWHM and SLE  values, where lower quantities are indicative of better-quality  

imaging. One can see that using TCF = 0.15 results in ESL = -29.93 dB, which is 

approximately 2 dB better than that of the DAS beamformer (see Table 5.5 and Figure  

5.7). Decreasing the threshold value from 0.15 to 0.01 improves ESL by less than 5% 

(from -29.93 dB to -31.36 dB).  Our hybrid ASSB is less sensitive to TCF variations than 

our hybrid GSC (see Table 5.2), for which decreasing TCF from 0.15 to 0.01 improved 

ESL by almost 20% (from -30.99 dB to -37.15 dB).  The hybrid GSC clearly outperforms 

the hybrid ASSB, which is due to the superiority of GSC-based beamforming over 

ASSB-based beamforming (e.g., the always-adaptive GSC yields ESL = -37.15 dB, while 

the always-adaptive ASSB yields ESL = -31.38 dB).  Both hybrids offer practically the 

same computational savings for the same TCF.  A similar conclusion can be drawn when 

comparing FWHM values of the two hybrids.   

Due to a relatively low sensitivity of the hybrid ASSB to the threshold variations, 

we recommend using TCF = 0.15 (to maximize the computational savings in comparison 

to the always-adaptive ASSB), which yields the image shown in Figure 5.8 that is of 

comparable quality with respect to the always-adaptive ASSB.  However, the 

computational cost of beamforming those images using our hybrid approach is 

approximately 99% cheaper.  Note that the FWHM = 0.3533 mm and ESL = -31.38 dB of 

the always-adaptive ASSB are not significantly affected by switching to the hybrid ASSB 

with TCF = 0.15 (FWHM = 0.3550 mm and ESL = -29.93 dB).  However, in comparison to 

the hybrid GSC with recommended TCF = 0.01 or 0.05, the hybrid ASSB with 

recommended TCF = 0.15 leads to substantially lower ESL (i.e., approximately -30 dB 

versus -37 dB), but very close FWHM values (0.3512 mm versus 0.3550 mm), which can 

also be seen by visually comparing the images in Figures 5.1-5.2 (the hybrid GSC) with  

the image in Figures 5.7 and 5.8 (the hybrid ASSB).  Note that visually the image 

produced by the hybrid GSC with TCF = 0.15 (see Figure 5.3) appears to be worse than  
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the image produced by the hybrid GSC with TCF = 0.15 (see Figure 5.8), even though the 

numerical measures of the image quality (see Tables 5.2 and 5.5) suggest otherwise.  The 

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

 

• Hybrid CSG with TCF = 0.05: ~95% savings, FWHM = 0.3512 mm, ESL = -36.62 

dB. 

• Hybrid ASSB with TCF = 0.15: ~99% savings, FWHM = 0.3550 mm, ESL = -29.93 

dB. 

 

 

Table 5.5: Hybrid ASSB-based beamforming: FWHM, sidelobe energy ESL, and 

mainlobe energy EML at the transmit focus (12-point phantom). 

 

Adaptive Beamforming 

Method + CF 

FWHM 

(mm) 

SLE  

(dB) 

MLE  

(dB) 

MLSL EE /  

(dB) 

DAS 0.6723 -28.3204 1.7925 -30.1129 

Always-Adaptive ASSB 0.3533 -31.3803 -1.2589 -31.0068 

ASSB with TCF = 0.01 0.3533 -31.3619 -1.2588 -30.9878 

ASSB with TCF = 0.05 0.3533 -31.2763 -1.2584 -30.9021 

ASSB with TCF = 0.1 0.3551 -30.4154 -1.2101 -29.7734 

ASSB with TCF = 0.15 0.3550 -29.9330 -1.2341 -29.3127 
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Figure 5.7: Hybrid ASSB-based beamforming:  PSF at transmit focus 60 mm. 

 

 

 

Point-Scatterer-Cyst Phantom: As in the case of our hybrid GSC, we used the same 

measure Cscat to assess the quality of the ASSB-beamformed point-scatterer-cyst phantom 

images, shown in Figures 5.10 and 5.11. One can see that using TCF = 0.05, 0.1, or 0.15 

results in Cscat of approximately 3.13, which is worse than Cscat = 3.21 when using TCF = 

0.01, or Cscat = 3.23 produced by the always-adaptive ASSB. In other words, the hybrid 

ASSB with TCF = 0.15 is only 3% worse in terms of the contrast measure that the always-

adaptive ASSB, but it offers 73% computational savings (see Table 5.4).  Therefore, we  
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recommend using our hybrid ASSB with TCF = 0.15, which yields the image shown in  

Figure 5.11 that is of comparable quality with respect to the always-adaptive ASSB (see 

Figure 5.10). Also, note that the hybrid ASSB exhibits lower sensitivity to the threshold 

variations than the hybrid GSC, for which the range of TCF = [0.01, 0.15] resulted in the 

range of Cscat = [2.98, 3.43].  Interestingly, the hybrid ASSB with TCF = 0.15 produces 

slightly better Cscat than that of the hybrid GSC with the same threshold (i.e., 3.13 versus 

2.98).  The comparative summary of the two hybrids with their recommended TCF is 

given below. 

 

• Hybrid CSG with TCF = 0.05: ~59% savings, Cscat = 3.37. 

• Hybrid ASSB with TCF = 0.15: ~73% savings, Cscat = 3.13. 

 

 

Table 5.6: Hybrid ASSB-based beamforming: contrast with respect to the speckled 

background (point-scatterer-cyst phantom). 

 

Adaptive  

beamforming 

method + CF 

Mean signal in the 

background speckle 

backgroundinS _  

Contrast of the 

scattering region 

scatC  

Contrast of the 

water-filled region 

waterC  

DAS 14.0267 2.0687 0.9848 

Always-Adaptive ASSB 6.9179 3.2275 0.9759 

ASSB with TCF = 0.01 6.9464 3.2135 0.9760 

ASSB with TCF = 0.05 7.0738 3.1320 0.9760 

ASSB with TCF = 0.1 7.0809 3.1266 0.9789 

ASSB with TCF = 0.15 7.0817 3.1260 0.9803 
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Figure 5.8:  From left to right: 12-point phantom image obtained using always-adaptive 

ASSB, hybrid ASSB with TCF = 0.01, and hybrid ASSB with TCF = 0.05. 
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Figure 5.9:  From left to right: 12-point phantom image obtained using hybrid ASSB with 

TCF = 0.1, and hybrid ASSB with TCF = 0.15. 
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Figure 5.10: From top to bottom: point-scatterer-cyst phantom image obtained using 

always-adaptive ASSB, hybrid ASSB with TCF = 0.01, and hybrid ASSB with TCF = 0.05. 
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Figure 5.11: From top to bottom: point-scatterer-cyst phantom image obtained using 

hybrid ASSB with TCF = 0.1 and hybrid ASSB with TCF = 0.15. 
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Chapter 6 

 
 

 

Conclusion and Future Work 

 

     In this chapter we briefly summarize our main results and outline several potential 

directions of future research and development efforts.  

 

6.1    Conclusion 

 

     Adaptive beamforming has been demonstrated to yield significant improvements in 

resolution and contrast of ultrasound images in comparison to conventional DAS 

beamforming, as illustrated in this thesis and reported in the existing literature. However, 

adaptive beamformers impose a high computational load on the ultrasound system. To 

address this problem, we have explored a thresholding scheme that relies on the CF value 

to switch between low-quality low-complexity non-adaptive DAS beamforming (CF 

below the threshold value TCF) and high-quality high-complexity adaptive GSC-based or 

ASSB-based beamforming (CF above the threshold value TCF). Our simulation results 

(involving the ultrasound images of the 12-point phantom and the point-scatterer-cyst 

phantom) have shown that our hybrid GSC/DAS and ASSB/DAS beamformers can 

achieve 59-99% computational savings, in comparison to the respective always-adaptive 

beamforming methods. At the same time, they have been able retain the image quality 
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(i.e., resolution and contrast) comparable to that of produced by the always-adaptive 

beamformers. In other words, our results suggest that our simple thresholding scheme can 

be very effective in ultrasound imaging applications, as summarized in the tables below. 

 

 

Table 6.1: 12-point phantom: performance summary of DAS, always-adaptive GSC, 

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

beamforming. 

 

Beamforming 
method 

used 

 
Resolution: FWHM 

Degradation w.r.t. 
always-adaptive 

GSC/ASSB 

Savings w.r.t. 
always-adaptive 

GSC/ASSB 
DAS 0.6723 mm ~90% ~100% 

Always-Adaptive GSC 0.3511 mm 0% 0% 

GSC with TCF = 0.05 0.3512 mm 0.03% ~95% 
Always-Adaptive ASSB 0.3533 mm 0% 0% 

ASSB with TCF = 0.15 0.3550 mm 0.5% ~99% 
 

 

Table 6.2:  Point-scatterer-cyst phantom: performance summary of DAS, always-adaptive 

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

ASSB beamforming. 

 

Beamforming 
method 

used 

 
Contrast: Cscat 

Degradation w.r.t. 
always-adaptive 

GSC/ASSB 

Savings w.r.t. 
always-adaptive 

GSC/ASSB 
DAS 2.0687 ~40% ~100% 

Always-Adaptive GSC 3.4383 0% 0% 

GSC with TCF = 0.05 3.3696 2.0% ~59% 
Always-Adaptive ASSB 3.2275 0% 0% 

ASSB with TCF = 0.15 3.1260 3.1% ~73% 
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6.2    Future Work 

 
     Due to their low computational complexity, the hybrid beamformers presented in this 

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

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

The future work can target either further reductions in the computational footprint of 

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

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

dependent balance between the quality and complexity of a beamforming process. Some 

of our recommendations are outlined below. 

• The data matrix used in ASSB-based beamforming has a special structure that 

may allow for faster matrix inversion computations, which is the dominant cost 

factor.  An adaptive beamformer (GSC or ASSB) may also try to use approximate 

matrix inverses (e.g., obtained by a conjugate gradient method using only a small 

number of iterations), thus reducing its computational complexity. 

• As an alternative to the GSC and ASSB, one can investigate the performance of 

an appropriate thresholding scheme applied to the beamspace and the principal-

component beamformers that have also been used in ultrasound imaging.  One 

can also study the applicability of thresholding to aperture sizing.  

• Rather than fixing the coherence-factor threshold TCF at a certain value, one can 

explore various policies of adjusting it dynamically, e.g., based on some estimated 

spatial or temporal characteristics of the image data being processed. 

• There are two very important problems that have not been addressed in this thesis: 

broadband beamforming and robust beamforming.  Using a broadband or robust 

beamformer will significantly increase the computational load. A future study of 

reduced-complexity hybrids for such beamformers is likely to be very valuable. 
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Appendix A 

 

 

FIELD-II Simulation Tool 

 

     FIELD-II [13-15] is a software program used for simulating all types of linear medical 

ultrasound systems. It uses linear acoustic models and the spatial impulse response to 

simulate the transducer pressure field and the backscattered field from a finite number of 

point scatterers. It provides an accurate and efficient approach of calculating all types of 

fields such as emitted and pulsed with all possible transducer geometries. The program is 

capable of simulating all image types such as cyst phantoms, artificial human phantoms 

and flow imaging phantoms. The FIELD-II has been developed by Dr. Jørgen Arendt 

Jensen, and it can be downloaded free of charge and from the program’s website at the 

Technical University of Denmark [13]. The program’s website has a number of examples 

that provides the starting point for simulating point spread functions, intensity 

calculation, B-mode images, and color flow imaging.  The program consists of pre-

compiled C routines and a number of Matlab m-functions. There are three types of the 

Matlab m-functions which are used for initializing the program, defining and 

manipulating the transducers, and performing the calculations. All the calculations are 

performed by the C routines and can be called directly using the Matlab m-functions.  

     After the initialization step, the scatterers’ positions and amplitude are first generated 

and stored in a separate file to be called during the generation of the scan lines.  In order 

to image any region of interest, the region is scanned using number of lines depending on  

the type of the data acquisition (for example, linear or phased arrays, as we used in our 

simulations). Each scan line is saved in a separate file for further processing. During the 

scanning process, fixed delay focusing and apodization are applied on the transmit side 

and dynamic focusing and fixed or dynamic apodization are applied at the receive side. In 
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the case of the 12-point phantom, the scatterers’ amplitudes were set to one. In the case of 

the point-scatterer-cyst phantom, a collection of point scatterers were randomly 

positioned within a 50×10×20-mm3 region to generate the speckled background. The 

random point scatterers’ amplitudes were determined by the Gaussian distribution. If, 

however, the point scatterers were in the water-filled cyst, their amplitudes were set to 

zero.  In the other hand, if they were in the highly scattering region, their amplitudes were 

multiplied by 10. The point target’s amplitude was set to 20. 

 
 
 


