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Abstract 
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Supervisor 

 

Dr. Mihai Sima, Department of Electrical and Computer Engineering  

Departmental Member 

 

     In the past decade, the application of adaptive beamforming methods to medical ultrasound 

imaging has become a field of increased interest, due to their ability to achieve superior ultrasound 

image quality. Such enhancements, however, come at a high computational cost. This thesis 

attempts to address the following simple question: Can we maintain a superior image quality while 

reducing the computational cost of adaptive beamforming? Our goal is to effectively combine low-

complexity nonadaptive beamforming, such as the Delay-and-Sum (DAS) technique, with high-

complexity adaptive beamforming, such as the Minimum variance Distortionless Response 

(MVDR) technique, implemented using the Generalized Sidelobe Canceller (GSC), to obtain high-

quality images at low computational cost. We propose a simple two-pass beamforming scheme for 

that purpose. During the first pass, our scheme processes buffered input vectors using the 

inexpensive DAS method and computes the corresponding envelope. Based on that envelope 

information, selected outputs may be recomputed during the second pass (to improve beamforming 

performance) using the expensive GSC beamforming method. The purpose of the first pass is to 

identify which nonadaptively beamformed outputs can be spared from a heavy computational load  
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of adaptive beamforming taking place in the second pass. We have evaluated our scheme using 

simulated ultrasound images of a 12-point phantom and a point-scatterer-cyst phantom, achieving 

substantial threshold-dependent computational savings without significant degradation in image 

resolution and contrast, compared to pure GSC beamforming.   
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Chapter 1 

 

Introduction 

    

1.1 Ultrasound Imaging  
 

  Ultrasound has been used to image the human body for many decades. Dr. Karl Theo Dussik, an 

Austrian neurologist, was the first to apply ultrasound as a medical diagnostic tool to image the 

brain [53]. Today, ultrasound is one of the most commonly used imaging technologies in medicine. 

Ultrasound images offer a real-time cross-sectional view of anatomical structures.  

   Ultrasound waves can be described in terms of their frequency, wavelength, and amplitude. The 

frequency and wavelength of ultrasound waves are inversely proportional. Ultrasound waves 

frequencies exceed the upper limit for audible human hearing, i.e., greater than 20 kHz [56]. High-

frequency ultrasound waves generate images of high axial resolution. However, high-frequency 

waves are more attenuated than lower frequency waves; therefore, they are best suitable for 

imaging superficial structures [57]. Conversely, low-frequency waves offer images of lower 

resolution but can penetrate to deeper structures due to a lower degree of attenuation. Ultrasound 

signals are generated in pulses, i.e., intermittent trains of pressure that usually consist of two or 

three sound cycles of the same frequency. The pulse repetition frequency (PRF) is the number of 

pulses emitted by the transducer per unit of time.  

    For ultrasound imaging, different modes can be used to examine the body tissue. A-mode, or 

Amplitude mode, is the display of amplitude spikes of different magnitudes. It is a one-

dimensional presentation of a reflected sound wave in which echo amplitude is displayed along 

the vertical axis, and depth is shown along the horizontal axis. M-mode, or Motion mode, 

represents the movement of the structures positioned on a particular scan line over time. Modern 

medical ultrasound imaging is performed using B-mode, or Brightness mode, display. B-mode 

visualizes a two-dimensional ultrasound image composed of bright dots representing the 

ultrasound echoes. B-mode imaging involves transmitting ultrasound pulses from a transducer into 

the body [55].  
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 The transmitted ultrasound waves penetrate body tissues of different acoustic impedances along 

their path. As the waves travel through tissues, they are partly transmitted to deeper structures, 

partly reflected back to the transducer as echoes, partly scattered, and partly transformed to heat 

[6]. The amount of echo returned after hitting a tissue interface is determined by a tissue property 

called acoustic impedance. This is an intrinsic physical property of a medium defined as the density 

of the medium times the velocity of the ultrasonic wave propagation in the medium [6]. The 

intensity of a reflected echo is proportional to the difference in acoustic impedances between two 

mediums. Interfaces between soft tissues of similar acoustic impedances usually generate low-

intensity echoes. Conversely, interfaces between tissues of significant impedance mismatch 

generate very strong echoes. The reflected echo signals return from many coplanar sequential 

pulses are processed and combined to generate an image. If the angle of incidence with the specular 

boundary is less than 90o, the echo will not return to the transducer, but rather be reflected at an 

angle equal to the angle of incidence and will potentially miss the transducer. Refraction occurs 

when a transmitted sound wave changes direction after hitting an interface of two tissues with 

different speeds of sound transmission. In this case, because the sound frequency remains constant, 

the wavelength has to be altered to compensate for the difference in the speed of transmitted sound 

in both tissues. This results in a redirection of the sound pulse as it passes through the interface. 

Refraction is an important cause of incorrect localization of a structure on an ultrasound image [6]. 

The end result of refraction is potential duplication of structures seen in the final scanned image.  

  If the ultrasound wave meets reflectors with smaller dimensions than its wavelength, scattering 

is introduced. In this case, echoes reflected through a large range of angles result in the attenuation 

of echo intensity [5].  

  As ultrasound waves travel through tissue, their intensity is attenuated as a result of reflection, 

scattering, and also friction-like losses. These losses result from the induced oscillatory tissue 

motion produced by the pulse, which causes conversion of energy from the original mechanical 

form into heat. This loss is referred to as absorption and is the widest contributor to ultrasound 

imaging attenuation [6].  
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1.2 Ultrasound System  

 

      Figure 1.1 depicts fundamental components of a typical two-dimensional brightness-mode (B-

mode) ultrasound system. This thesis focuses on the receiving part on the receiver beamformer 

block. 

 

Figure 1.1: Typical ultrasound system [6, 44] 

 

     A typical ultrasound system operates on frequency range of 2 MHz to 20 MHz [5]. In order to 

transmit acoustic waves, the system uses transducer elements that are excited by electric pulses. 

The returned echoes of the transmitted pulses are then processed to form the ultrasound image. To 

improve spatial resolution, the number of elements should be sufficiently large and the spacing 

between the transducer elements should be less than or equal to half of the wavelength to reduce 

the grating lobes. Grating lobes are off-axis undesired and weaker acoustic beams (accompanying  
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the on-axis “main” beam) that may result in unwanted artifacts and hence a spurious structure or 

clouding within the image. The B-mode ultrasound imaging system can use either a linear array or 

a phased array of transducer elements [6]. Another important process in beamforming is focusing 

and steering the ultrasound beam. To apply fixed focusing for transmission, transmitting 

transducers have to employ time delays for every scan line [3]. In order to compensate for the 

phase misalignment of the transmitted signals by the time they reach the focal point, the time 

delays are applied, as a function of the transducer element location from the center of the array 

and the speed of sound at the medium where the focal point lies. It is worth noting that the mainlobe 

width, and hence the contrast, can be directly impacted by the speed of sound mismatch. If the 

speed of sound deviates by 5%, the mainlobe width can increase by as much as 300% [3]. After 

focusing and beamforming, the transmitted signals pass through digital to analog (DAC) 

converters followed by high voltage amplifiers [5]. 

   During reception, the received signal echoes traverse the transmit and receive (T/R) switches to 

prevent the high-voltage (HV) amplifiers from distorting the echoes. The signals are then fed to a 

low noise amplifiers (LNA) for signal-to-noise ratio (SNR) enhancement. Then, they pass through 

time gain compensation (TGC) amplifiers to compensate for the different attenuation of the echoes 

as a result of the propagation depth. The analog signals are then fed to an analog-to-digital 

converter (ADC) followed by a receive beamformer [3].  

  Following beamforming, the envelope of the output signal is extracted. This is done by applying 

the Hilbert transform of the beamformer output and taking the absolute value. The next step is to 

adjust the dynamic range of the output to be displayed through logarithmic compression [3]. The 

following step involves interpolation of the resulting data for spatial re-mapping, which is 

performed by the scan converter [1]. The final step involves adjusting the grey scale levels to 

produce a dynamic range appropriate to human perception [1].   

    One of the main factors degrading the image quality is the presence of noise. For ultrasound 

systems, there are namely two types of noise: Gaussian white noise and speckle noise. The latter 

consists of the grainy appearance of a homogeneous tissue in ultrasound image [3]. This noise can 

greatly reduce the contrast resolution and therefore lead to blurring of tissue boundaries. Speckle 

noise is an intrinsic property of the tissues to be diagnosed [8]. The main cause of speckle noise is 

the interference introduced by the scattered echoes [1]. 
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1.3 Receive Beamforming 

  

   A typical delay-and-sum beamformer (DAS) will delay and sum the received signals as shown 

in Figure 1.2. The delays are determined based on the distance travelled by a reflected ultrasound 

wave, relative to a particular reference position (generally the center of the array). An input vector 

x1(t), x2(t), … , xM(t) constructed from focused signals is multiplied by the corresponding weight 

vector w1(t),w2(t),… ,wM(t) and then summed to construct the output signal y(t). The weight 

vector can either be data-driven (adaptive) or fixed (nonadaptive).  

   Fixed weights are usually produced by means of window functions such as the rectangular, 

Hamming, or Kaiser window. The window choice can directly impact the balance between the 

mainlobe width and the sidelobe level of the constructed signal at reception, which in turn directly 

affects image quality in terms of contrast and resolution [3, 4]. Minimizing the sidelobe level gives 

rise to a wider mainlobe, which translates into higher contrast but reduced resolution and vice 

versa.  

 

Figure 1.2: Delay-and-sum beamformer 
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    To achieve a narrow mainlobe width while drastically reducing the sidelobe level at the same 

time (thus resulting in both image resolution and contrast improvements), adaptive beamforming 

can be used. However, this type of beamforming comes a significant computational cost, as the 

data-driven weight vector needs to be recomputed for each received input vector. In this thesis, we 

use the well-known Minimum Variance Distorionless Response (MVDR) criterion for adaptation, 

which makes use of the estimated covariance matrix obtained from the input data [14]. Essentially, 

the MVDR beamformer blocks the undesired off-axis signals while passing and preserving the on-

axis signal undistorted. This beamformer has been widely applied in ultrasound imaging [6] and 

has shown to drastically improve the image quality. Nonetheless, computing the MVDR adaptive 

weight vector involves matrix inversion operations for each received input vector, which is 

computationally costly.  

   The primary motivation behind our work is to tackle the issue of a high computational load 

imposed by MVDR beamforming within the ultrasound system without significantly degrading 

the resulting image quality. Our approach relies on the following simple idea. We switch between 

between applying a nonadaptive and an adaptive beamformer based on the envelope information 

of a buffered set of preliminary beamformed outputs processed nonadaptively using the DAS 

beamformer. For each set of input vectors, we calculate the envelope of the corresponding 

nonadaptive beamformed output vectors. If the envelope value falls within a certain threshold 

window, the corresponding input sample is flagged to be recomputed adaptively; otherwise, we 

keep the same the envelope values. To implement adaptive MVDR beamforming, we use the well-

known Generalized Sidelobe Canceller (GSC) [20].  

  We have applied our switching technique to the simulated B-mode ultrasound images of the 12-

point and the point-scatterer-cyst phantoms, generated by the FIELD-II simulation tool [17, 18]. 

This tool is widely used in the ultrasound imaging literature to evaluate performance and image 

quality. Our simulation results show that, in comparison to always-adaptive beamforming, our 

hybrid beamformer yields significant computational savings while preserving and at times even 

improving the image quality (in terms of contrast and resolution). 
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  The rest of the thesis is organized as follows. Chapter 2 introduces the theoretical concepts of 

the utilized techniques such as MVDR beamforming, as well as discusses the previous work 

related to this thesis. Chapter 3 describes our two-pass beamforming scheme and associated 

computational savings. Chapter 4 discusses FIELD-II simulation results, demonstrating benefits 

and drawbacks of our approach. Finally, Chapter 5 provides our concluding remarks and outlines 

potential future work directions.  
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Chapter 2 

 

Background 

 

     This chapter introduces concepts such as the MVDR beamforming, coherence factor, and 

envelope detection. It also provides a discussion on the previous work related to this thesis and 

summarizes our contributions.   

 

2.1   Ultrasound Image Quality 

     This section describes several quantitative factors used to assess the overall quality of the 

diagnostic images.  

                     

      2.1.1  Spatial Resolution     

  The spatial resolution refers to the ability to distinguish between objects located at different 

positions in space. It consists of two components: axial resolution, quanitifying the ability to 

distinguish between echoes originating from two reflectors lying one behind the other along the 

axis of the ultrasound beam, and lateral resolution, quantifying the ability to distinguish between 

reflectors that are situated side by side in a perpendicular direction to that of the ultrasound beam 

[9]. The axial resolution limit is expressed follows: 

Raxial =
cP

2f0
=

λP

2
 ,              (2.1) 

where P is the number of periods of the transmitted sinusoidal wave, whereas c, 𝑓0 and 𝜆 are the 

speed, frequency and the wavelength of the transmitted sound wave, respectively. The factor of 2 

accounts for the round trip delay of the pulse. From this equation, it is noted that a shorter pulse or  
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a higher frequency results in a greater axial resolution. This improvement however comes at the 

expense of an increased attenuation [6].  

   The lateral resolution limit is given by the formula:  

Rlateral =
λz

D
= λF#,                         

(2 .2) 

where z  is the distance to the imaged section, D is the width of the active transducers, and 𝐹# =

𝑧

𝐷
 is the F-number if the imaging system.  

 

    2.1.2  Contrast 

     The contrast is defined as follows:  

C =
Sout−Sin

Sout
,               (2.3) 

where 𝑆𝑜𝑢𝑡 is the average signal amplitude measured outside the region of interest, and  𝑆𝑖𝑛 is the 

average signal amplitude measured inside the region of interest. The contrast is usually affected 

by the unwanted levels outside the mainlobe, namely the sidelobes and grating lobes.  

                    

   2.1.3  Frame Rate                   

   In order to capture rapid movements of human body tissue as in cardiology, a high frame rate 

(in the range of 20-100 frames per second) is desirable for acquiring the final image [9]. The 

number of scan lines produced at a given duration is limited by the time required to generate each 

scan line. Increasing the frame rate translates into an increase in the scan line density, which in 

turn improves lateral resolution. This improvement is however ineffective if the field depth is 

increased. The frame rate limit (for a given imaging depth z) is defined as follows:  

 Frate =
c

2zNi
 ,              (2.4) 

where 𝐹𝑟𝑎𝑡𝑒 is the frame rate in frames per second, and 𝑁𝑖 is the number of scan lines.  
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  In this thesis, we focus on lateral resolution and contrast as the main image quality indicators. 

Frame rate and other metrics (e.g. contrast-to-noise ratio) are outside the scope of this work.   

 

2.2   Adaptive MVDR Beamformer 

         Beamforming is the process of producing a scalar output 𝑦(𝑡) given an input vector 𝐱(t), 

which can be expressed as follows:  

y(t) = (x1(t)e
−i
2π
λ
asin(θ1) + x2(t)e

−i
2π
λ
asin(θ1) +⋯+ xM(t)e

−i
2π
λ
asin(θ1)) M,⁄  

where M is the number of transducer elements, a is the spacing between adjacent elements, and 𝜃1 

is the incident angle of the echoed wavefront. We assume that appropriate delay focusing is applied 

at every t, which yields a real-valued phase-compensated 𝐱(t) with the steering vector 𝐝 = 𝟏𝑀 (a 

vector of M 1’s). The weight vector of a nonadaptive DAS beamformer is simply 𝐰 = 𝐝/M. 

 Adaptive beamforming is a more advanced technique, where weights are dependent on input data 

itself. This thesis adopts the MVDR adaptive beamformer, whose output 𝑦(𝑡) and output power 

𝑃(𝑡) are given by           

          

 y(t) =  𝐰H(t)𝐱(t),              (2.5) 

  P(t) =  E{𝑦(𝑡)2} = 𝐰H(t)E{𝐱(t)𝐱H(t)}𝐰(t) = 𝐰H(t)𝐑(t)𝐰(t),        (2.6) 

                        

where w(t) is the weight vector, x(t) is the input vector, and R(t) is the covariance matrix. The 

MVDR beamformer aims to minimize the output power while allowing the desired signal to pass 

through unaltered, which can be expressed as follows: 

minW 𝐰
H(t)𝐑(t)𝐰(t), subject to  𝐰H(t)𝐝 = 1.                     (2.7)  

A solution to this optimization problem is as follows [10]:         

𝐰(t) =
𝐑−1(t)𝐝

𝐝H𝐑−1(t)𝐝
 .              (2.8) 
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In practice, the covariance matrix R(t) is replaced by its sample covariance matrix estimate:  

R̃(t) =
1

N
∑ 𝐱(n)𝐱𝐇(n)t
n=t−N+1             (2.9) 

where x(n) is the n-th snapshot, and N is the number of snapshots taken. It worth noting that the 

quality of this adaptive beamformer can be compromised by the correlation between the interferers 

and the desired signal, i.e., the MVDR beamformer can also pass the coherent interferers that may 

cancel a significant part of the desired signal [13]. To mitigate the latter effect, spatial smoothing 

proved to be an effective technique [11, 12].      

  

 2.3     Spatial Smoothing  

        To mitigate the negative impact of coherent interferers, Shan and Kailath [11] introduced an 

input pre-processing step, known as spatial smoothing. Consider M− L + 1  overlapping 

subarrays 𝐱k(t) = [xk (t), xk+1(t),… , xk+L−1 (t)]
T, where L =

M

2
  is the number of sensors per 

subarray. The covariance matrix then becomes:          

R̃(t)=
1

(M−L+1)N
∑ ∑ 𝐱k(n)𝐱k

H(n)M−L+1
k=1

t
n=t−N+1 .                   (2.10) 

         

As a result, the spatially smoothed R̃(t) is of size L × L, and the weight vector w(t) has L elements. 

With spatial smoothing, the output of the MVDR beamformer is expressed as:   

                  

y(t) =
1

(M−L+1)
∑ 𝐰H(t)𝐱k

H(t)M−L+1
k=1 .          (2.11) 

  

2.4   Coherence Factor 

     In an attempt to reduce phase distortion introduced mainly by focusing error; Hollman et al. 

[14] proposed to multiply the beamformed output by the coherence factor (CF), which can be 

expressed as follows: 
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CF(t) =
|𝐝H𝐱(t)|2

M∑ |xi(t)|
2M

i=1

 .           (2.12)        

After applying the CF, the beamformer output becomes: 

y(t)=
CF(t)

(M−L+1)
∑ 𝐰H(t)𝐱k

H(t)M−L+1
k=1 .          (2.13) 

The CF has shown to improve contrast, reduce sidelobe levels, and decrease phase distortion. In 

this thesis, we always multiply the beamformer output by the coherence factor. 

 

2.5   Envelope Detection  

    Regardless of the mode of ultrasound imaging for diagnostic use (e.g. B-mode, color flow 

imaging, and spectral Doppler [15]), demodulation has to be employed to obtain the envelope of 

the instantaneous phase of the output of the beamformed signal before any back-end processing 

[15]. Envelope detection is typically followed by log compression for efficient image display. One 

of the most commonly used type of methods for 𝑊-point envelope detection is based on the Hilbert 

transform [15, 16]:         

 Using the W-point DFT, compute the frequency-domain representation Y(f) of W real-

valued output points y(t). 

 Obtain the W-point one-sided frequency-domain analytic signal Z(f) as follows: 

Z(f) =  

{
 
 

 
 

Y(0),                       for f = 0

2Y(f),     for 1 ≤ f ≤
W

2
− 1

 Y (
W

2
) ,                     for f =  

W

2

   0,           for 
W

2
+ 1 ≤ f ≤ W − 1

                              (2.14) 

 Using the W-point inverse DFT, compute the complex discrete-time analytic signal z(t). 

 

The resulting signal conserves the same sampling rate as the original signal x(t). Finally, the 

envelope is estimated by simply taking the absolute value: E(t) = |z(t)|.   

 

 

https://www.google.ca/url?sa=t&rct=j&q=&esrc=s&source=web&cd=7&ved=0ahUKEwir0t6QjbzRAhXLx1QKHZRBDRoQFghBMAY&url=https%3A%2F%2Ffr.wikipedia.org%2Fwiki%2FR%25CC%2583&usg=AFQjCNEjnn4UtdiuoUboSWzMc1RHpswufw&sig2=ObUDpbjPbZVI_VJJxUBvAA&bvm=bv.144210762,d.cGw
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2.6  Related Work  

 

     Beamforming has historically been a powerful technique used in many applications, such as 

radar, sonar, seismology, wireless communications, and medical imaging. Beamforming methods 

can generally be classified into two categories: adaptive (data-driven) with weights dependent on 

the statistics of the input data, and nonadaptive (non data-driven) with weights not dependent on 

the input data [10, 21, 22].  

    In this thesis, we mainly focus on adaptive beamforming (briefly reviewed next), to achieve 

higher image quality. Among the first researchers to apply spatially smoothed MVDR 

beamforming to ultrasound diagnostic imaging are Sasso and Cohen-Barcie [12]. They were able 

to demonstrate a major improvement in the target resolution and contrast. Wang et al. [27] used a 

synthetic aperture approach to increase the robustness of the MVDR beamformer against the error 

between the actual and the presumed sound of speed. The aperture was used in a medium that was 

insonified by several beams from varying spatial positions to achieve a more robust covariance 

matrix. Each beam was generated by a single transmitting element but the echoes captured by the 

entire array. Vigonon and Burcher employed a similar approach with a reduced number of beams 

(16 focused beams as opposed to 32, 64, and 128 divergent beams) [28]. The above methods were 

both tested on simulated and experimental data, and illustrated higher resolution and contrast 

compared with the conventional DAS beamformer.     

Asl and Mahloojifar [29] applied the eigenbeamformer to diagnostic 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 phantoms (also used in this thesis for 

quality assessment) an increase in contrast and better robustness against the sound speed errors.  

    The coherence factor was first used in ultrasound imaging by Hollman et al [30] and others to 

scale the output of both adaptive and nonadaptive beamforming [31-33]. Multiplying the output of 

the DAS beamformer by the CF has shown by Nilson and Holm [33] to be equivalent to processing         

the output of the DAS beamformer by the Wiener postfilter. Similarly, multiplying the MVDR 

beamformer output has shown to be equivalent to using Wiener beamformer [10].  
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    Significant research efforts have also been invested in broadband beamforming due to the 

broadband nature of ultrasound. Mann and Walker [34] introduced the time-domain Frost 

beamformer using multiple linear constraints. They used a diagonal loading with a set FIR filter 

for each of the 128 sensors to achieve a well-behaved covariance matrix estimate. The method was 

applied on images of a single point target and cyst phantom and demonstrated a 60% improvement 

in the cyst contrast and a 100% enhancement to the point target resolution. Viola and Walker [35] 

used four adaptive beamformers from [11, 24, 36, 37] on a cyst phantom. Their simulations 

demonstrated that those four beamformers’ outputs provided better resolution when compared to 

the nonadaptive DAS beamformer, and that three of those beamformers, namely in [13, 36, 37] 

drastically minimized the sidelobe levels. The same authors extended the beamforming done in 

[41] to broadband setting and named it Time-domain, Optimized. Near-field Estimator (TONE) 

[35]. Their technique consisted of subdividing the region of interest into a number of hypothetical 

targets at arbitrary positions that lie on a sampling grid. The spatial response is computed for each 

target using simulation and using the collected data at reception, they analyzed the intensity and 

distribution of the matching targets based on the maximum a posteriori (MAP) estimation 

approach. Despite the high performance of the latter beamformer, it suffered from excessive 

computational cost.                                    

  Recently, many researchers have sought to reduce the cost of computational complexity of 

adaptive beamforming. Synnevag et al. [8] introduced a beamformer that applies predefined 

windows to comply with the distortion less constraint then select the one that minimizes the output 

power. Khezerloo and Rakhmatov [38] have proposed a gradient-driven and reduced-rate GSC-

based beamforming that uses an approximate covariance matrix inverse based on a conjugate 

gradient algorithm with a limited number of iterations. Albulayli and Rakhmatov [39] have also 

proposed a method to reduce the computational load of adaptive beamforming without significant 

degradation in the ultrasound image quality. Their approach was based on switching between a 

nonadaptive beamformer and an adaptive beamformer based on the coherence factor value. For 

each input vector, a corresponding time-averaged CF was calculated and compared to a predefined 

threshold value. If the input vector fell below this threshold, nonadaptive beamforming was used 

in the following processing stage.  
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   This thesis exploits the usefulness of the envelope detection to extract important information 

about the echoed ultrasound signal. In the field of array signal processing, many researchers have 

emphasized the importance of envelope detection and its capability of discerning interferers from 

the desired signal. Mahafza et al. [40] have proposed a radar receiver that employs an envelope 

detector to the input signal followed by a threshold decision to maximize the probability of 

detecting the desired target. The input signal was composed of the radar echo signal and additive 

zero mean white Gaussian noise and was assumed to be spatially incoherent and uncorrelated with 

the signal [40].  A target is detected when the envelope magnitude of the input signal exceeds a 

threshold value and considered a false alarm when the magnitude of the envelope of noise 

subtracted from the signal is smaller than that threshold. Similarly, Briggs et al. [41] have used a 

set of thresholds on the value of the baseband demodulator output in a marine radar system to 

make a decision on whether or not the echoed signal is a false alarm. The threshold values would 

be preset to suit the prevailing noise or clutter.  

 Envelope thresholding also forms the basis for our two-pass beamformer proposed in this thesis.  

         

2.7   Our Contribution 

     Our approach relies on switching between a nonadaptive beamformer and an adaptive 

beamformer, but instead of basing the switching decision on a coherence factor value of the input 

vector as it is done in [39, 44], we use the pre-beamformed envelope. Each set of input snapshots 

at a given time is buffered and beamformed nonadaptively using the DAS beamformer. A 

preliminary envelope detection is then applied and if the resulting output falls within a certain 

threshold window, its corresponding input snapshot is flagged and recomputed adaptively using 

the MVDR beamformer implemented by the Generalized Sidelobe Canceller (GSC) presented in 

Chapter 3.  

     As we show in Chapter 4, our approach proved to be highly effective despite its simplicity. Our 

method yields significant computational savings, without significant degradation in image quality 

(in terms of resolution and contrast) and in some cases even improving it. 

 

 



        16 

 This thesis makes the following contributions: 

 We propose a novel two-pass beamforming scheme for ultrasound imaging and evaluate 

its performance using several switching thresholds. 

 We propose and evaluate additional cost-saving and quality-enhancing mechanisms 

using automatic buffer sizing (for envelope detection) and envelope post-processing. 

 We quantify the computational savings of our two-pass beamformer, thus exposing the 

quality-cost tradeoffs that become available to the ultrasound system user.  
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Chapter 3 

 

Two-pass Beamforming  

 

In this chapter we introduce the well-known GSC implementation of the MVDR 

beamformer. In effort of reducing its high computational cost, we propose an effective technique 

that relies on switching between adaptive GSC-based and nonadaptive DAS-based weight 

calculations. Such switching is performed based on the value of the DAS-based beamformed 

envelope output compared to user-defined threshold values.   

 

3.1 GSC Beamforming  

     A possible implementation of the MVDR beamformer is depicted by the structure shown in 

Figure 3.1 and known as the GSC. The upper path represents the nonadaptive part with the weight 

vector wq (known as the quiescent response) that satisfies the look direction constraint. Its 

implementation uses the DAS beamformer with M fixed weights. The lower path in the same 

figure is known as the sidelobe reducing branch. This path implements the adaptive part where a 

blocking matrix B of size M× (M− 1) is applied first, followed by a multiplication by an adaptive 

weight vector wa(t).  The blocking matrix ensures that only signals coming from the non-look 

direction are admitted.  
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Figure 3.1: Generalized sidelobe canceller. 

The blocking matrix must satisfy:  

𝐁H𝐰q = 0,               (3.1) 

which means that the columns of B must be linearly independent and sum up to zero. Such a matrix 

is suggested in [21] and shown below:  

 

 

The adaptive component wa is computed as follows [10, 21]:  

𝐰a(t) = 2𝐇−1(t)𝐁H𝐑(t)𝐰q.              (3.2) 

  Notice that the GSC beamformer involves matrix inversions 𝐇−1(t), where 𝐇(t) = 2𝐁𝐻𝐑(t)𝐁 

is a Hessian matrix, and 𝐑(t) is a spatial covariance matrix. The latter is usually replaced by the 

following sample correlation matrix (as mentioned in Chapter 2):  



        19 

�̃�(t) =
1

N
∑ 𝐱(n)𝐱H(n)t
n=t−N+1 ,            (3.3)                     

  

  where N is the number of snapshots (usually very small since ultrasound signals are 

nonstationary). R̃(t) also undergoes spatial smoothing to decorrelate desired and interfering 

signals. The spatially smoothed correlation matrix is defined as shown below (as mentioned in 

Chapter 2): 

 

R̃(t) =
1

(M−L+1)N
∑ ∑ 𝐱k(n)𝐱k

H
(n)M−L+1

k=1
t
n=t−N+1          (3.4) 

Note the size of R̃(t) is L ×  L, which is smaller that the original size M ×  M of R(t). 

Consequently, B, H, wq, and wa(t) are replaced by their reduced-size counterparts B̃, �̃�, �̃�q, and 

�̃�a(t).  The output of the resulting beamformer becomes as follows: 

 

y(t) =
[w̃q−𝐁 ̃w̃a(t)]

H

M−L+1
∑ 𝐱k(t)
M−L+1
k=1            (3.5) 

 

   The beamforming performance can be further enhanced by multiplying y(t) by the coherence 

factor computed as follows (as mentioned in Chapter 2): 

CF(t) =
|𝐝H𝐱(t)|2

M∑ |xi(t)|
2M

i=1

 .                                      (3.6) 

 

Equation (3.6) represents the ratio of the on-axis power to the total received power. High CF values 

indicate that most of the received energy is in the mainlobe region and therefore this factor 

quantifies the relationship between coherent and incoherent components of a given input x(t), e.g., 

see [35], [32]-[42].  

    Putting it all together, in this thesis we have the following DAS and GSC beamforming options 

under consideration: 

 

 

https://www.google.ca/url?sa=t&rct=j&q=&esrc=s&source=web&cd=7&ved=0ahUKEwir0t6QjbzRAhXLx1QKHZRBDRoQFghBMAY&url=https%3A%2F%2Ffr.wikipedia.org%2Fwiki%2FR%25CC%2583&usg=AFQjCNEjnn4UtdiuoUboSWzMc1RHpswufw&sig2=ObUDpbjPbZVI_VJJxUBvAA&bvm=bv.144210762,d.cGw
https://www.google.ca/url?sa=t&rct=j&q=&esrc=s&source=web&cd=7&ved=0ahUKEwir0t6QjbzRAhXLx1QKHZRBDRoQFghBMAY&url=https%3A%2F%2Ffr.wikipedia.org%2Fwiki%2FR%25CC%2583&usg=AFQjCNEjnn4UtdiuoUboSWzMc1RHpswufw&sig2=ObUDpbjPbZVI_VJJxUBvAA&bvm=bv.144210762,d.cGw
https://www.google.ca/url?sa=t&rct=j&q=&esrc=s&source=web&cd=7&ved=0ahUKEwir0t6QjbzRAhXLx1QKHZRBDRoQFghBMAY&url=https%3A%2F%2Ffr.wikipedia.org%2Fwiki%2FR%25CC%2583&usg=AFQjCNEjnn4UtdiuoUboSWzMc1RHpswufw&sig2=ObUDpbjPbZVI_VJJxUBvAA&bvm=bv.144210762,d.cGw
https://www.google.ca/url?sa=t&rct=j&q=&esrc=s&source=web&cd=7&ved=0ahUKEwir0t6QjbzRAhXLx1QKHZRBDRoQFghBMAY&url=https%3A%2F%2Ffr.wikipedia.org%2Fwiki%2FR%25CC%2583&usg=AFQjCNEjnn4UtdiuoUboSWzMc1RHpswufw&sig2=ObUDpbjPbZVI_VJJxUBvAA&bvm=bv.144210762,d.cGw
https://www.google.ca/url?sa=t&rct=j&q=&esrc=s&source=web&cd=7&ved=0ahUKEwir0t6QjbzRAhXLx1QKHZRBDRoQFghBMAY&url=https%3A%2F%2Ffr.wikipedia.org%2Fwiki%2FR%25CC%2583&usg=AFQjCNEjnn4UtdiuoUboSWzMc1RHpswufw&sig2=ObUDpbjPbZVI_VJJxUBvAA&bvm=bv.144210762,d.cGw
https://www.google.ca/url?sa=t&rct=j&q=&esrc=s&source=web&cd=7&ved=0ahUKEwir0t6QjbzRAhXLx1QKHZRBDRoQFghBMAY&url=https%3A%2F%2Ffr.wikipedia.org%2Fwiki%2FR%25CC%2583&usg=AFQjCNEjnn4UtdiuoUboSWzMc1RHpswufw&sig2=ObUDpbjPbZVI_VJJxUBvAA&bvm=bv.144210762,d.cGw
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yDAS(t) = CF(t)
𝐝H𝐱(t)

M
           (3.7) 

yGSC(t) = CF(t)
[�̃�𝐪−𝐁 �̃�𝐚(t)]

H

M−L+1
∑ 𝐱k(t)
M−L+1
k=1          (3.8)  

         In the next section, we outline three methods that use our proposed two-pass beamforming 

scheme that combines nonadaptive DAS and adaptive GSC beamforming to obtain high-quality 

images at low cost. 

 

3.2   Proposed Method  

     

        3.2.1 Method A 

        Our main task is to generate beamformed outputs in a hybrid fashion, whereby nonadaptive 

outputs yDAS are selectively replaced with adaptive outputs 𝑦𝐺𝑆𝐶  when deemed necessary. Our 

two-pass beamforming scheme processes input data in buffered groups of W snapshots at a time, 

producing mixed outputs 𝑦𝐷𝐴𝑆/𝐺𝑆𝐶   in two passes. During the first pass, buffered inputs 

𝐱(t), 𝐱(t + 1), … , 𝐱(t +W− 1) are beamformed nonadaptively, to obtain yDAS(t), yDAS(t +

1), … , yDAS(t + W − 1). These preliminary outputs are used to obtain local log-compressed 

envelope values E(t), E(t + 1), … , E(t +W− 1). If E(τ) for some τ = t, t + 1,… , t +W − 1 falls 

within a threshold window [Tmin, Tmax], the corresponding output 𝐲DAS(t) is flagged for GSC 

recomputation, i.e., 𝐱(τ) is to be processed adaptively. Essentially, the beamformer interprets a 

thresholding outcome as an heuristic indicator of potential presence of undesired interferers, and 

it will attempt to suppress them by using the GSC adaptive method. During the second pass, the 

flagged DAS outputs are replaced with computed GSC outputs, and the next group of W input 

vectors enters our two-pass beamformer.  

 This method (applied to each RF line) is summarized below [53]:  

1. Buffer W input vectors 𝐱(t), 𝐱(t + 1), … , 𝐱(t +W − 1). 
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2. Compute yDAS(t), yDAS(t + 1), … , yDAS(t + W − 1) and the corresponding log-

compressed envelope values E(t), E(t + 1), … , E(t +W− 1). For all τ ∈ {t, t +

1, … , t + W− 1} such that E(τ) ∈  [Tmin, Tmax], flag  yDAS( τ) for replacement. 

3. For each τ ∈ {t, t + 1,… , t + W− 1}, if yDAS(τ) is flagged, then compute 

yDAS/GSC(t) =  yGSC(t), else let yDAS/GSC(t) =  yDAS(t). 

4. Output yDAS/GSC(t), yDAS/GSC(t + 1), … , yDAS/GSC(t + W− 1). Go to Step 1 to process 

the next group of W input vectors.  

 

 The buffer size W and the threshold window [Tmin, Tmax] are user-defined parameters. In the 

special case of W = 1, our beamformer would use log-compressed |yDAS( t)| as E(t); on the other 

hand, W can be made large enough to buffer entire RF lines individually during data acquisition. 

Using the threshold window [0, +∞]  yields to yDAS/GSC(t) =  yGSC(t) for all 𝑡 (pure GSC 

beamforming); on the other hand, setting Tmin > Tmax yields yDAS/GSC(t) =  yDAS(t) for all 𝑡 

(pure DAS beamforming).  

 

      3.2.2   Method B 

    One of the shortcomings of Method A is the arbitrary user-defined buffer size W of the groups 

of input snapshots. In fact, if the size is reduced, the output of the envelope contains undesired 

artifacts at both edges of the buffer window. For this reason, we introduce a technique that will 

dynamically detect the appropriate size of the buffer W without user intervention.      

      As discussed earlier in this thesis, the blocking matrix used in calculating the GSC beamformed 

output ensures that only signals coming from the non-look direction are admitted. From this 

perspective, we discern the region of interest using the following relationship: 

 

r(t) = {
1, if |𝐁𝐱(t)|2 < |𝐱(t)|2

0,                  otherwise
                   (3.9) 
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where B  is the blocking matrix, and 𝐱(t) is an input snapshot. Essentially, we compare the power 

of the blocked input signal to the total power of the input signal. If the former is less than the latter, 

it signals the potential presence of strong interferers, which would benefit from adaptive 

beamforming. On the other hand, if the former is not less than the latter, no buffering is needed 

and DAS beamforming would suffice.  

   To summarize, our two-pass beamforming method with automatic buffer sizing is as follows: 

1. For a given RF line, find time sections where r(t) = 1.  

2. Process the input signal vectors that fall outside these time sections using DAS  

beamforming.  

3. Process the input signal vectors that fall within these time sections as buffered inputs 

using Method A.  

4. Go to step 1 until all RF lines have been processed   

 

3.2.3   Method C 

     We have observed that the output signal power of the GSC beamformer can be significantly 

smaller than that of the DAS beamformer. A serious drawback of both Method A and Method B 

is that the power levels of nonadaptive and adaptive outputs forming a final hybrid envelope are 

not scaled appropriately. To address this issue, we propose a post-processing step that adjusts the 

final envelope to avoid contrast degradation. Essentially, we multiply GSC-beamformed envelope 

points by a scaling factor 
�̅�𝐷𝐴𝑆

�̅�𝐺𝑆𝐶
⁄ , where �̅�𝐺𝑆𝐶 is the total energy of GSC-beamformed envelope 

points, and �̅�𝐷𝐴𝑆 is the total energy of those points obtained by DAS pre-beamforming during the 

first pass. 

  To summarize, our two-pass beamforming with automatic buffer sizing and envelope post-

processing is as follows: 

1. For a given RF line, find time sections where r(t) = 1.  

2. Process the input signal vectors that falls outside these time sections using DAS  

beamforming.  

3. For input vectors that fall within each time section [t, t + W − 1], compute 

yDAS(t), yDAS(t + 1), … , yDAS(t + W− 1) and the corresponding log-compressed  
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envelope values E(t), E(t + 1), … , E(t +W− 1). For all τ ∈ {t, t + 1,… , t + W− 1} such 

that E(τ) >   Tmin, flag  yDAS( τ) for replacement.  

4. For each τ ∈ {t, t + 1,… , t + W− 1}, if yDAS(τ) is flagged, then compute yDAS/GSC(t) =

 yGSC(t), else let yDAS/GSC(t) =  yDAS(t). 

5. Go back to step 3 until all time sections of interest have been processed. 

6. Go back to step 1 until all RF lines have been processed 

7. Extract the GSC-beamformed set of points EGSC from the 2-dimensional envelope and 

retrieve their DAS-beamformed values EDAS obtained during step 3. 

8. Compute the total energy e̅DAS of EDAS, the total energy e̅GSC of EGSC, and their 

ratio SGSC/DAS =
e̅DAS

e̅GSC
. 

9. Insert the scaled GSC-beamformed set of points EGSC × SGSC/DAS into the final 2-

dimensional envelope. 

 

   Notice that Method C described above uses a single threshold value Tmin to perform two-pass 

beamforming. The advantage of eliminating Tmax and using envelope rescaling instead is 

discussed in Section 4.5.  

 

 

3.3   Computational Savings  

 

     Let V denote the total number of input vectors processed to construct an ultrasound image and 

let VGSC represent the number of input vectors processed adaptively. Let E denote the W-point log-

compressed envelope computed during the first pass (e.g., see [42-43]). Then the beamforming-

related savings per image, offered by our scheme in comparison to the pure GSC beamformer, can 

be expressed as follows: 

Savings = (1 −
cost(DAS)

cost(GSC)
−
VGSC

V
−
⌈V W⁄ ⌉

V
.
cost(E)

cost(GSC)
) x100%                             (3.11) 
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  The ratios (cost(DAS) cost(GSC)⁄ ) and (cost(E) cost(GSC)⁄ ) are dependent on the system 

implementation and the buffer size  W. On the other hand, VGSC is dependent on the input data 

values and the user choice of the envelope magnitude threshold window [Tmin, Tmax], while V is 

determined by the input data size. The amount of savings varies accordingly, and it may become 

negative when VGSC ≈ V. The ratio VGSC V⁄  is the dominant factor influencing computational 

savings. It should be as small as possible.  

    It is worth noting that GSC beamforming is the highest contributor to the overall computational 

cost. The cost of computing the GSC output y(t) for a single snapshot involves inverting the 

Hessian matrix 𝐇(t), which leads to time complexity of O(M3), where M is the snapshot size. On 

the other hand, DAS beamforming is bounded by O(M). Envelope calculations are relatively 

inexpensive with a computational cost bounded by O(WlogW) for W output points of a given RF 

line.  
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Chapter 4  

 

 

Evaluation Results  

    

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

simulation tool (see Appendix A) [17, 18]. First, we evaluate the performance of our two-pass 

beamforming method using a fixed buffer size and a threshold window [Tmin, Tmax] (Method A 

described in Chapter 3). Second, we evaluate the performance of our two-pass beamforming using 

automatic buffer sizing and a threshold window [Tmin, Tmax] (Method B described in Chapter 3). 

Third, we evaluate the performance of our two-pass beamforming method using automatic buffer 

sizing, a single threshold Tmin, and a post beamforming envelope rescaling (Method C described 

in Chapter 3). Finally, we discuss the impact of buffer sizing and threshold windowing on the 

image quality. 

     In this thesis, we base our evaluation on 4-MHz ultrasound images of two types: a 12-point 

phantom acquired by a 96-element phased array and a point-scatterer-cyst phantom acquired by a 

192-element linear array with 64 active elements. White Gaussian noise with 60-dB SNR is also 

added to sensor signals, and the final display has a 40-dB dynamic range.  

    The 12-point phantom is made up of 12 point targets placed at 10-mm intervals starting at 30 

mm from the transducer surface. Each element the 96-element phased array has a height of 7-mm, 

and an inter-element spacing of half a wavelength, i.e.  λ
2⁄ . The transmitted wave is a Gaussian 

pulse with a carrier frequency of 4 MHz and a bandwidth to carrier frequency ratio of 70%.  A 

single focus is applied during transmission at 60 mm from the transducer surface, and dynamic 

receive focusing is employed at reception. The image consists of 64 scan lines with a separation 

of 0.47 degrees and a sampling frequency of 100 MHz. The 12-point phantom is a best suited to 

assess image quality in terms of spatial resolution.         
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  The point-scatterer-cyst (PSC) phantom consists of a point target, highly scattering region with 

the radius of 1.5 mm, and a water-filled cyst region with the radius of 2 mm. The phantom is 

located at the transmit focus, at 60-mm depth. The speckle pattern is simulated using 10 scatterers 

randomly placed within a resolution cell of   to ensure fully developed speckle [20]. The 192-

element linear array with 64 active elements has a height of 5 mm and inter-element spacing of  λ. 

Similar to the 12-point phantom, the same transmission pulse, sampling frequency, and focusing 

are used. The point-scatterer-cyst phantom is best suited for assessing image quality in terms of 

contrast.  

 

  4.1  Method A   

      The results presented here are obtained using the fixed buffer size W = 16 and several 

normalized threshold windows [Tmin, Tmax]. For example, the setting [−0.10,−0.02] means that 

Tmin and Tmax are, respectively, 10% and 2% below the log-compressed maximum value of an 

input signal; the setting [−0.10, None] means that there is no Tmax limit.  

     

12-Point Phantom (Table 4.1, Figure 4.1): 

Table 4.1: Method A, 12-Point Phantom: Image quality and computational cost indicators   

Beamforming  

Method 

FWHM 

(mm) 

𝑬𝑺𝑳 

(dB) 

𝑬𝑴𝑳 

(dB) 

𝑬𝑺𝑳
𝑬𝑴𝑳
⁄  

(dB) 

𝑽𝑮𝑺𝑪
𝑽⁄  

 

Pure DAS 

Pure GSC 

0.465 

0.184 

-34.20 

-37.43 

-13.70 

-24.06 

-20.50 

-13.36 

0% 

100% 

[-0.20, None] 

[-0.25, None] 

[-0.30, None] 

0.183 

0.183 

0.184 

-36.13 

-37.36 

-37.43 

-24.07 

-24.06 

-24.06 

-12.06 

-13.29 

-13.36 

0.43% 

1.09% 

2.30% 
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Figure 4.1.   Method A, 12-point phantom. From left to right: Threshold settings [-0.20, None],  

[-0.25, None], [-0.30, None], respectively.  
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       Figure 4.1 shows the imaging results for the 12-point phantom. To assess the image quality, 

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

the sidelobe energy ESL (calculated for attenuation levels larger than 25 dB) as an indication of 

contrast quality, both measured at 60-mm depth (transmit focus), as shown in Table 4.1. The same 

table also shows the mainlobe energy EML, the ratio ESL/EML (the difference ESL-EML in dB), and 

the ratio 
VGSC

V⁄ . In comparison to pure GSC beamforming (FWHM = 0.184 mm and ESL =

−37.43 dB), our hybrid DAS/GSC scheme with the threshold setting [−0.30, None] yields the 

same FWHM and ESL, yet the fraction of GSC-beamformed input vectors is only 2.3%. 

 

Point-Scatterer-Cyst Phantom (Table 4.2, Figures 4.2-4.3): 

Table 4.2: Method A, PSC Phantom: Image quality and computational cost indicators  

Beamforming  

Method 

Contrast, 

scattering region 

Contrast, 

water-filled region 

𝑽𝑮𝑺𝑪
𝑽⁄  

(50-70 mm) 

Pure DAS 

Pure GSC 

1.031 

1.390 

0.980 

0.993 

0% 

100% 

Threshold Setting: 

[-0.14, None] 

[-0.12, None] 

[-0.10, None] 

[-0.10, -0.02] 

[-0.10, -0.04] 

[-0.09, -0.04] 

[-0.08, -0.04] 

[-0.08, -0.05] 

 

1.332 

1.206 

0.088 

1.522 

2.604 

1.984 

1.439 

1.632 

 

0.926 

0.930 

0.940 

0.960 

0.960 

0.967 

0.973 

0.973 

 

90.6% 

80.9% 

62.3% 

62.2% 

61.7% 

47.0% 

28.5% 

28.2% 
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Figure 4.2. Method A, PSC phantom.  From top to bottom: Threshold settings [-0.14, None], 

[-0.12, None], [-0.10, None], [-0.10, -0.02], respectively.  
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Figure 4.3. Method A, PSC phantom.  From top to bottom: Threshold settings [-0.10, -0.04], 

[-0.09, -0.04], [-0.08, -0.04], [-0.08, -0.05],  respectively.  
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   Among eight threshold windows listed in Table 4.2, the setting [−0.08, −0.05] yields the 

scattering region contrast of 1.632 (17.4% better in comparison to pure GSC beamforming), with 

28.2% of input vectors processed adaptively. The setting [−0.08,−0.04] yields the scattering 

region contrast of 1.439 (3.5% better in comparison to pure GSC beamforming), with 28.5% of 

input vectors processed adaptively. On the other hand, the setting [−0.10,−0.04] yields the 

scattering region contrast of 2.604 (87.3% better in comparison to pure GSC beamforming), with 

61.7% of input vectors processed adaptively. These examples illustrate that higher Tmin improves 

computational savings (28% vs. 62%) but reduces the scattering region contrast (1.439 vs. 2.604), 

which can be improved by lowering Tmax (1.632 vs. 1.439).  

   The water-filled cyst contrast values do not vary significantly in Table 4.2, ranging from 0.926 

to 0.973. Nevertheless, one can see that Method A produces better cyst contrast than either DAS 

of GSC beamforming (0.980 and 0.993, respectively). Note that lower contrast value for the water-

filled cyst indicate better image quality.  

   For comparison purposes, we have also applied the input-driven hybrid beamformer from [39], 

which is a competing alternative to the output-driven scheme presented here. As discussed in 

Chapter 2, the main idea in [39] was to examine CF(t) prior to beamforming. Their beamformer 

used an adaptive method to process a given x(t) only when a certain CF-based threshold TCF was 

exceeded; otherwise, nonadaptive beamforming was performed by default. In comparison to this 

work, the beamformer in [39] is simpler (no buffering or envelope detection needed), but it appears 

to be less efficient. For example, setting TCF = 0.15 degrades the scattering region contrast by 

8.6% with  
VGSC

V⁄ = 67.6%; while in our case, setting [−0.08,−0.05] achieves 
VGSC

V⁄ = 28.2% 

with the scattering region contrast actually improved by 17.4%. 
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4.2  Method B   

       The results presented here are obtained using automatic buffer sizing (see Chapter 3) and 

several normalized threshold windows [Tmin, Tmax]. 

 

12-Point Phantom (Table 4.3, Figure 4.4): 

Table 4.3: Method B, 12-Point Phantom: Image quality and computational cost indicators  

Beamforming  

Method 

FWHM 

(mm) 

𝑬𝑺𝑳 

(dB) 

𝑬𝑴𝑳 

(dB) 

𝑬𝑺𝑳
𝑬𝑴𝑳
⁄  

(dB) 

𝑽𝑮𝑺𝑪
𝑽⁄  

 

Pure DAS 

Pure GSC 

0.627 

0.261 

-34.00 

-36.22 

-11.13 

-17.11 

-22.87 

-19.10 

0% 

100% 

[-0.20, None] 

[-0.25, None] 

[-0.30, None] 

0.218 

0.217 

0.216 

-35.27 

-36.67 

-36.77 

-19.47 

-19.94 

-20.18 

-15.80 

-16.73 

-16.60 

0.46% 

1.14% 

2.46% 

 

 

              Table 4.3 shows the measured FWHM and 𝐸𝑆𝐿 values, where lower quantities indicate 

better image quality. One can see that using [−0.25, None] or [−0.30, None] yields slightly better 

images in comparison with pure GSC (0.22-mm FWHM and -37 dB ESL vs. 0.26-mm FWHM and 

-36 dB ESL). Meanwhile, the computational savings due to our two-pass beamfoming are 99% and 

98%, respectively.          
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Figure 4.4. Method B, 12-point phantom. From left to right: Threshold settings [-0.20, None], 

[-0.25, None], [-0.30, None], respectively.  
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Point-Scatterer-Cyst Phantom (Table 4.4, Figures 4.5-4.6):  

Table 4.4: Method B, PSC Phantom: Image quality and computational cost indicators  

Beamforming  

Method 

Contrast, 

scattering region 

Contrast, 

water-filled region 

𝑽𝑮𝑺𝑪
𝑽⁄  

(50-70 mm) 

Pure DAS 

Pure GSC 

0.942 

1.518 

0.942 

0.927 

0% 

100% 

Threshold Setting: 

[-0.14, None] 

[-0.12, None] 

[-0.10, None] 

[-0.10, -0.02] 

[-0.10, -0.04] 

[-0.09, -0.04] 

[-0.08, -0.04] 

[-0.08, -0.05] 

 

1.497 

1.376 

1.028 

1.557 

2.478 

2.034 

1.467 

1.545 

 

0.892 

0.890 

0.912 

0.919 

0.920 

0.892 

0.875 

0.875 

 

92.6% 

83.8% 

66.8% 

66.7% 

66.1% 

52.3% 

33.3% 

33.0% 

 

   In Table 4.4, one can see that all of the threshold settings used to obtain the point-scatterer-cyst 

phantom images resulted in a better contrast of the scattering region in comparison to DAS 

beamforming, at a computational cost of 
VGSC

V⁄  ranging from 33% to 93%. Also, note that our 

threshold settings [−0.10,−0.02], [−0.10,−0.04], [−0.09,−0.04], and [−0.08,−0.05] resulted 

in a better contrast of the scattering region than pure GSC beamforming.  

    We recommend using threshold settings [−0.08,−0.04] or [−0.08,−0.05], which yield images 

shown in Figure 4.5, where quality is comparable to or even higher than that obtained by pure GSC 

beamforming. The contrast of the scattering region of the recommended threshold settings are 

Cscat = 1.47 and Cscat = 1.54, respectively (as opposed to Cscat = 1.52 for pure GSC 

beamforming), with a reduced computational cost of 
VGSC

V⁄ = 33%. Our recommended settings 

also yield the best water-filled cyst contrast of 0.875, which is 6-7% better than that produced by 

either DAS or GSC beamforming (0.942 and 0.927, respectively). 
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Figure 4.5. Method B, PSC phantom.  From top to bottom: Threshold settings [-0.14, None], 

[-0.12, None], [-0.10, None], [-0.10, -0.02], respectively.  

 

 



        36 

 

Figure 4.6. Method B, PSC phantom.  From top to bottom: Threshold settings [-0.10, -0.04], 

    [-0.09, -0.04], [-0.08, -0.04], [-0.08, -0.05], respectively.                       
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4.3  Method C   

The results presented here are obtained using automatic buffer sizing, a single threshold  𝑇𝑚𝑖𝑛, 

and envelope rescaling (post-processing step).  

 

12-Point Phantom (Table 4.5, Figure 4.7): 

Table 4.5: Method C, 12-Point Phantom: Image quality and computational cost indicators  

Beamforming  

Method 

FWHM 

(mm) 

𝑬𝑺𝑳 

(dB) 

𝑬𝑴𝑳 

(dB) 

𝑬𝑺𝑳
𝑬𝑴𝑳
⁄  

(dB) 

𝑽𝑮𝑺𝑪
𝑽⁄  

 

Pure DAS 

Pure GSC 

0.627 

0.261 

-34.00 

-36.22 

-11.13 

-17.11 

-22.87 

-19.10 

0% 

100% 

Threshold 

-0.20 

-0.25 

-0.30 

 

0.261 

0.261 

0.261 

 

-36.22 

-36.22 

-36.22 

 

-17.12 

-17.12 

-17.12 

 

-19.10 

-19.10 

-19.11 

 

0.46% 

1.14% 

2.46% 

 

     

    One can see in Table 4.5 that the corresponding FWHM and ESL are practically the same as 

those obtained by pure GSC beamforming (0.2607 vs. 0.2609 and ESL = −36.21 vs. ESL =

−36.22). Furthermore, one can also notice very little sensitivity of changing threshold values used 

in our tests.  Meanwhile, computational savings for all threshold values using this particular 

technique is also promising, with 
VGSC

V⁄  ranging from 0.46% to 2.46%. 
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Figure 4.7. Method C, 12-point phantom. From left to right: Thresholds -0.20, -0.25, -0.30, 

respectively.  
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Point-Scatterer-Cyst Phantom (Table 4.6, Figure 4.8-4.9):  

Table 4.6: Method C, PSC Phantom: Image quality and computational cost indicators  

Beamforming  

Method 

Contrast, 

scattering region 

Contrast, 

water-filled region 

𝑽𝑮𝑺𝑪
𝑽⁄  

(50-70 mm) 

Pure DAS 

Pure GSC 

0.942 

1.518 

0.942 

0.927 

0% 

100% 

Threshold Setting: 

-0.02 

-0.04 

-0.06 

-0.08 

-0.10 

-0.12 

-0.14 

 

2.006 

3.333 

3.566 

2.255 

1.742 

1.628 

1.567 

 

0.982 

0.985 

0.967 

0.984 

0.994 

0.994 

0.995 

 

0.1% 

0.7% 

2.7% 

33.9% 

66.8% 

83.8% 

92.6% 

 

    Given Figures 4.8 and 4.9, and Table 4.6, one can notice a substantial improvement in the 

scattering region contrast for all thresholds tested. Threshold values such as −0.04 yield a 

scattering region contrast superior to pure GSC beamforming (Cscat = 3.33 as opposed to Cscat =

1.52), while offering high computational savings with 
VGSC

V⁄ = 0.64%. However, unlike 

Methods A and B, the water-filled region contrast is consistently worse in comparison to either 

DAS or GSC beamforming.        
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 Figure 4.8. Method C, PSC phantom.  From top to bottom: Thresholds -0.14, -0.12, -0.10, 

respectively.   
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Figure 4.9. Method C, PSC phantom.  From top to bottom: Thresholds -0.08, -0.06, -0.04, -0.02, 

respectively.   
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   We recommend using Method C with the threshold Tmin = −0.08 (in line with Methods A and 

B), yielding a significantly superior image quality with a corresponding scattering contrast of 

Cscat = 2.26, which is 50% better than that produced by pure GSC beamforming (Cscat = 1.51), 

with 
VGSC

V⁄ = 34%. On the other hand, our recommended setting yields the water-filled region 

contrast of 0.984, which is 4.5% worse than that of DAS beamforming and 6.2% worse than that 

of GSC.  

 

4.4  Impact of Buffer Sizing 

        Given that Method A uses a fixed buffer size (W = 16), as opposed to automatic buffer sizing 

used by the Methods B and C, pure GSC and DAS beamformers work differently when we are 

evaluating different two-pass methods. During the evaluation of Method A, pure GSC and DAS 

beamformers are limiting versions of Method A obtained by setting [Tmin, Tmax] accordingly, 

which implies using W = 16 for them as well. During the evaluation of Method B and C, pure GSC 

and DAS beamformers are similarly derived as limiting cases, which implies using automatically 

determined (data-dependent) W for them as well. In Tables 4.1-4.4 (Method A vs. Method B), one 

can see that automatic buffer sizing adversely affects FWHM produced by DAS (0.465 vs. 0.627 

mm) and GSC (0.184 vs. 0.261 mm) beamforming, and it also reduces the scattering region 

contrast due to DAS beamforming (1.031 vs. 0.942). On the other hand, automatic buffer sizing 

improves the scattering region contrast obtained by GSC beamforming (1.518 vs. 1.390), and it 

also improves the water-filled region contrast obtained by DAS (0.942 vs. 0.980) and GSC (0.927 

vs. 0.993) beamforming. The main reason for using automatic buffer sizing is to relieve the user 

from deciding on the buffer size. For example, if we choose fixed W = 256 (as opposed to W = 

16) for Method A, we obtain Table 4.7 for the 12-point phantom and Table 4.8 for the PSC 

phantom. Comparing Tables 4.1 and 4.7, one can see that FWHM has become worse for both DAS 

(0.465 vs. 0.541 mm) and GSC (0.184 vs. 0.216 mm) beamforming. Comparing Tables 4.2 and 

4.8, one can see that the scattering region contrast has become worse for both DAS (1.031 vs. 

0.930) and GSC (1.390 vs. 1.259) beamforming; however, the water-filled cyst contrast has 

improved for both DAS (0.980 vs. 0.972) and GSC (0.993 vs. 0.989) beamforming. 
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Table 4.7: Method A (W = 256), 12-Point Phantom: Image quality and computational cost 

indicators  

Beamforming  

Method 

FWHM 

(mm) 

𝑬𝑺𝑳 

(dB) 

𝑬𝑴𝑳 

(dB) 

𝑬𝑺𝑳
𝑬𝑴𝑳
⁄  

(dB) 

𝑽𝑮𝑺𝑪
𝑽⁄  

 

Pure DAS 

Pure GSC 

0.541 

0.216 

-33.76 

-36.77 

-11.74 

-20.18 

-22.02 

-16.60 

0% 

100% 

Threshold 

-0.20 

-0.25 

-0.30 

 

0.215 

0.217 

0.216 

 

-35.31 

-36.67 

-36.77 

 

-19.70 

-19.94 

-20.18 

 

-15.61 

-16.73 

-16.60 

 

0.44% 

1.13% 

2.64% 

 

Table 4.8: Method A (W = 256), PSC Phantom: Image quality and computational cost indicators  

Beamforming  

Method 

Contrast, 

scattering region 

Contrast, 

water-filled region 

𝑽𝑮𝑺𝑪
𝑽⁄  

(50-70 mm) 

Pure DAS 

Pure GSC 

0.930 

1.259 

0.972 

0.989 

0% 

100% 

Threshold Setting: 

[-0.14, None] 

[-0.12, None] 

[-0.10, None] 

[-0.10, -0.02] 

[-0.10, -0.04] 

[-0.09, -0.04] 

[-0.08, -0.04] 

[-0.08, -0.05] 

 

1.235 

1.125 

0.831 

1.546 

2.487 

2.001 

1.436 

1.533 

 

0.914 

0.916 

0.928 

0.948 

0.948 

0.953 

0.958 

0.958 

 

92.5% 

83.7% 

66.6% 

66.5% 

66.0% 

            52.0% 

33.1% 

32.9% 
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4.5  Impact of Threshold Windowing  

        Given Tables 4.2 (Method A) and 4.4 (Method B) for the PSC phantom, one can see that 

altering Tmin affects computational savings, while altering Tmax has a significant impact on the 

scattering region contrast. The latter is a more serious issue than the former, as illustrated by Figure 

4.10 showing the images produced by Methods A and B using Tmax = −0.02 (with Tmin =

−0.08). The resulting scattering region contrast is 0.714 and 0.811 for Methods A and B, 

respectively. Recall that using Tmax = −0.05 (with Tmin = −0.08) yields the scattering region 

contrast of 1.632 for Method A and 1.545 for Method B. In other words, if a user changes Tmax 

from -0.05 to -0.02 (while keeping Tmin = −0.08 fixed), the image quality (the scattering region 

contrast) will degrade by a factor 1.9-2.3. 

    This concern is the main motivation for introducing Method C, which eliminates the need to 

choose an appropriate Tmax value. Instead, it performs envelope rescaling as a post-processing step 

after beamforming (see Section 3.2.3). Using Method C with Tmin = −0.08, the scattering region 

contrast becomes 2.260 (see Figure 4.10), which is substantially better than that achieved by either 

Method A or B. 
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Figure 4.10.    PSC phantom. From top to bottom: Method A with threshold setting [-0.08, -

0.02], Method B with threshold setting [-0.08, -0.02], Method C with threshold value -0.08, 

respectively.  

 

 

 

 



                  46 

 

Chapter 5  

 

Conclusion and Future Work  

     This chapter briefly summarizes our main results and outlines multiple potential directions for 

future research and development efforts.  

 

5.1   Conclusion  

 Adaptive MVDR beamforming has shown to yield significant improvements in diagnostic 

ultrasound image quality in comparison to conventional nonadaptive DAS beamforming; however, 

it also imposes costly computational requirements. To tackle this issue, we have proposed and 

evaluated a two-pass threshold-based beamforming scheme that relies on the log-compressed 

envelope value of a preliminary beamformed output to switch between low-quality low-

complexity nonadaptive DAS beamforming and high-quality high-complexity adaptive GSC-

based beamforming, with the goal to obtain high-quality images at low cost. In particular, we have 

investigated the following three versions of our scheme: 

 Method A: User-defined fixed input buffer sizing and threshold window [Tmin, Tmax];  

 Method B: Automatic input buffer sizing and threshold window [Tmin, Tmax]; 

 Method C: Automatic input buffer sizing, single threshold  Tmin, and envelope rescaling 

(post-processing step). 

 Our simulation results, using ultrasound images of the 12-point phantom and the PSC phantom, 

have demonstrated that (in comparison to pure GSC beamforming) our two-pass beamforming 

scheme can achieve computational savings, while maintaining and sometimes exceeding the image 

quality assessed in terms of resolution and contrast. Tables 5.1-5.4 and Figures 5.1-5.8 highlight 

our recommended threshold settings. 
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Table 5.1: 12-Point Phantom: Image quality and computational cost indicators (Method A) 

Beamforming  

Method 

FWHM 

(mm) 

𝑬𝑺𝑳 

(dB) 

𝑬𝑴𝑳 

(dB) 

𝑬𝑺𝑳
𝑬𝑴𝑳
⁄  

(dB) 

𝑽𝑮𝑺𝑪
𝑽⁄  

 

Pure DAS  

Pure GSC  

0.465 

0.184 

-34.20 

-37.43 

-13.70 

-24.06 

-20.50 

-13.36 

0% 

100% 

 Method A: [-0.25, None] 0.183 -37.36 -24.06 -13.29 1.09% 

 

Table 5.2: 12-Point Phantom: Image quality and computational cost indicators (Method B/C) 

Beamforming  

Method 

FWHM 

(mm) 

𝑬𝑺𝑳 

(dB) 

𝑬𝑴𝑳 

(dB) 

𝑬𝑺𝑳
𝑬𝑴𝑳
⁄  

(dB) 

𝑽𝑮𝑺𝑪
𝑽⁄  

 

Pure DAS  

Pure GSC  

0.627 

0.261 

-34.00 

-36.22 

-11.13 

-17.11 

-22.87 

-19.10 

0% 

100% 

 Method B: [-0.25, None] 0.217 -36.67 -19.94 -16.73 1.14% 

 Method C: -0.25 0.261 -36.22 -17.12 -19.10 1.14% 

 

Table 5.3: PSC Phantom: Image quality and computational cost indicators (Method A) 

Beamforming  

Method 

Contrast, 

scattering region 

Contrast, 

water-filled region 

𝑽𝑮𝑺𝑪
𝑽⁄  

(50-70 mm) 

Pure DAS  

Pure GSC  

1.031 

1.390 

0.980 

0.993 

0% 

100% 

Method A: [-0.08, -0.05]  1.632 0.973 28.2% 
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Figure 5.1. 12-point phantom. From left to right: DAS, GSC, Method A with threshold setting 

 [-0.25, None], respectively.  
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Figure 5.2. 12-point phantom. From left to right: DAS, GSC, Method B with threshold setting 

[-0.25, None], respectively.  
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Figure 5.3. 12-point phantom. From left to right: DAS, GSC, Method C with threshold value -0.25, 

respectively.  
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Figure 5.4. 12-point phantom. From left to right: Method A with threshold setting [-0.25, None], 

Method B with threshold setting [-0.25, None], Method C with threshold value -0.25, respectively.  
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Table 5.4: PSC Phantom: Image quality and computational cost indicators (Method B/C) 

Beamforming  

Method 

Contrast, 

scattering region 

Contrast, 

water-filled region 

𝑽𝑮𝑺𝑪
𝑽⁄  

(50-70 mm) 

Pure DAS  

Pure GSC  

0.942 

1.518 

0.942 

0.927 

0% 

100% 

Method B: [-0.08, -0.05]  1.545 0.875 33.3% 

Method C: -0.08  2.255 0.984 33.9% 

 

  For the 12-point phantom, our Methods A, B, and C with  Tmin = −0.25 performed as well as 

pure GSC in terms of FWHM and ESL, while offering substantial computational saving with 

VGSC
V⁄ ≈ 1% (see Tables 5.1-5.2, and Figures 5.1-5.4). For the PSC phantom, we recommend 

using  Tmin = −0.08 for all three methods and Tmax = −0.05 for methods A and B, which yields  

VGSC
V⁄  ranging from 28% to 34% (see Tables 5.3-5.4 and Figures 5.5-5.8). According to Table 

5.3, Method A performs better than both DAS and GSC beamforming methods in terms of the 

scattering and water-filled region contrast. According to Table 5.4, Methods B and C result in 

better scattering region contrast than both DAS and GSC beamforming methods; as for the water-

filled region contrast, the quality ranking is as follows (from better to worse): Method B, GSC, 

DAS, Method C. 
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Figure 5.5.    PSC phantom. From top to bottom: DAS, GSC, Method A with threshold setting  

[-0.08, -0.05], respectively.  
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Figure 5.6.    PSC phantom. From top to bottom: DAS, GSC, Method B with threshold setting 

[-0.08, -0.05], respectively.  
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Figure 5.7.    PSC phantom. From top to bottom: DAS, GSC, Method C with threshold value  

-0.08, respectively.  
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Figure 5.8.    PSC phantom. From top to bottom: Method A with threshold setting [-0.08, -0.05], 

Method B with threshold setting [-0.08, -0.05], Method C with threshold value -0.08, 

respectively.  
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5.2   Future Work  

     Our two-pass beamforming approach offers new opportunities for data processing techniques 

in ultrasound systems that can forego applying always-adaptive beamforming in order to achieve 

high quality imaging. The future work can aim at either reducing the computational load of high-

complexity high-quality beamforming further, or enhancing the image quality of low-quality low-

complexity beamforming further, while appropriately balancing data-driven trade-offs between 

quality and complexity of a beamforming process. A few of our recommendations are outlined 

below: 

 Currently, our automatic buffer sizing has a negative impact on spatial resolution. 

Additional research is needed to improve dynamic input buffering for preliminary 

envelope detection that does not compromise image quality.  

 Instead of fixed-user defined thresholds applied to the envelope outputs of a beamformed 

signal, one can investigate multiple policies of adjusting them dynamically, e.g. based on 

estimated spatial or temporal data characteristics. Ideally, a threshold values should be 

automatically set based on data analysis.  

 One can further build on the post-processing technique presented in this thesis and explore 

other low-complexity algorithms that can enhance the envelope matrix further (e.g., two 

dimensional filtering techniques).  

 This work has not addressed broadband beamforming and robust beamforming. A possible 

direction would be to reduce the complexity of such beamformers by using a multipass 

beamforming and envelope post-processing based on the ideas presented in this thesis.  
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Appendix A 

 

FIELD II Simulation Tool  

 

FIELD II [17, 18] is a software program for simulating ultrasound transducer fields and 

ultrasound imaging using linear acoustics. It uses the spatial impulse response to 

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

of point scatterers. It can simulate any kind of linear imaging, including realistic images 

of human tissue. Emitted and pulse-echo fields can be calculated by this program for 

different types of transducers. The program runs in a Matlab environment and is 

available for different operating systems. FIELD II is free of charge and can be 

downloaded from the program’s website at the Technical University of Denmark [17]. 

The program contains pre-compiled C code and a number of Matlab m-functions. All 

calculations are performed by the C code, which is called by the user through the 

provided Matlab functions. Our simulations were performed on a computer equipped 

with a dual-core four-thread Intel i5 processor with a clock speed of 2.3 GHz and 8.0 

GB of RAM. The MATLAB version was R2015a running on Windows 7. 

    Upon initialization, the scatterers’ positions and amplitudes were generated and 

stored in a file. This file was later used to compute and generate the scan lines. Each 

image line was saved in a separate file. In order to image a region of interest, the region 

was scanned based on the type of the data acquisition. Throughout the scanning process, 

fixed delay focusing and apodization were applied when transmitting and dynamic 

focusing and fixed or dynamic apodization are applied when receiving. In the case of 

the 12-point phantom, the scatterers’ amplitudes were set to one. In the case of the point-

scatterer-cyst phantom, a series of point scatterers were randomly positioned within a 

40 x 20-mm2 region (at depths ranging from 50 to 70 mm) to generate the speckled 

background. If the point scatterers were in the water-filled cyst, their amplitudes were 

set to zero. On 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. 


