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ABSTRACT

Plane-wave ultrasound imaging allows for very high frame rates. During image re-
construction, conventional delay-and-sum beamforming can be replaced by the quicker
Fourier-domain remapping method. Typically, after Fourier-domain reconstruction,
postbeamforming interpolation is needed to increase the image grid resolution in the
lateral dimension. To achieve this, we propose to use a fast lightweight superres-
olution convolutional neural network (CNN) operating on the Fourier-beamformed
envelope data.

Specifically, we train different configurations of well-known Efficient Sub-Pixel
Convolutional Neural Network (ESPCN) to perform both 1D and 2D upscaling. First,
we pretrain a network using the diverse (non-ultrasound) dataset DIV2K. Then, we
apply transfer learning on a small augmented dataset of public-domain experimen-
tal ultrasound images. Our results demonstrate that our approach is capable of
producing enhanced ultrasound images having higher quality compared to non-CNN

interpolation options and conventional delay-and-sum beamforming.
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Chapter 1
Introduction

Ultrasound imaging is well-suited for obtaining subsurface images of the body’s in-
ternal anatomy using high-frequency sound waves for diagnostic and therapeutic
purposes, such as cancer detection, blood flow characterization, and fetal monitor-
ing [I0]. The fundamental idea behind ultrasonic imaging is echolocation, which
utilizes sound reflections at acoustical interfaces. Compared to other commonly used
imaging modalities such as CT and MRI for example, ultrasound imaging is non-
ionizing and cost-effective, which gives rise to its popularity in the medical field [I1].
There are many other important applications of ultrasound imaging, such as range
detection, fluid flow monitoring, and non-destructive testing to detect flaws in me-
chanical structures such as failing welds [12].

Next, we present some basic background on biomedical ultrasound, which typically
uses wave frequencies between 1 and 20 MHz. Then, we introduce a few important
concepts related to ultrafast imaging with plane waves [I3], which is the application

focus of this thesis.

1.1 Ultrasound Basics

1.1.1 Ultrasound Imaging System

An array of piezoelectric elements makes up the transducer, which transforms elec-
trical energy into ultrasound waves and vice versa during transmission and reception,
respectively. The sound waves move through the medium and hit different targets
that have different acoustic impedances. This causes reflections, and the transducer

elements detect and turn the backscattered echoes into electrical impulses [14].



There are different kinds of transducer arrays: linear sequential array, linear
phased array, curved sequential array, curved phased array, and annular array. Each
transducer element works as a transmitter, emitting ultrasound waves towards the
region of interest, and a receiver, acquiring echoes coming back from the insonified
medium. Transducers can emit different kinds of waves (e.g., plane wave, diverging

wave, focused wave) at different steering angles [15].

1.1.2 Ultrasound Imaging Modes

The images generated by an ultrasound device can be displayed in various ways, which
are called ultrasound imaging modes.

A-mode, or amplitude mode, measures the arrival time of the echoes and displays
their envelope versus propagation depth [6]. The one-dimensional format of the A-
mode offers limited spatial information about the observed structure. A-mode is
also used in therapeutic ultrasound to target a specific anomalous region so that the
destructive wave energy may be precisely focused [3]. Fig. shows an A-mode image

example.

Figure 1.1: A-mode image example [3]

B-mode, or brightness mode, is the most common form of ultrasound imaging
that uses high-bandwidth pulses to image a 2-D plane in the insonified target medium.
In contrast to A-mode, B-mode produces two- or three-dimensional images in which
the amplitude of the beamformed echoes is translated into pixel brightness. Each
pixel’s point location in the medium being imaged is given by its horizontal and
vertical coordinates, and the echo strength is determined by the grayscale intensity
of that pixel [6]. Fig. shows an example of a B-mode image.
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Figure 1.2: B-mode image example [4]

M-mode, or motion mode, is represented as a time-motion display of the acoustic
wave along a selected image line. In contrast to a B-mode image, only one B-mode
line is necessary, and information is repeatedly extracted from one line to assess the
medium’s motion. This makes it possible to show the movement of structures as a
dynamic wave-like motion [16]. Fig. is an example showing an M-mode image,
placed below a B-mode image of the heart. The vertical axis corresponds to a selected
depth section along some chosen A-scan line, while the horizontal axis represents time,
capturing several heartbeats.

Doppler mode is based on the Doppler effect, which detects a change in a sound
wave’s frequency as a result of relative motion between a sound source and a receiver
[T0]. The primary application is monitoring and observing the blood flow throughout
the body.

This work deals exclusively with two-dimensional B-mode imaging; therefore, all

the discussions that follow fall into this category.

1.1.3 Image Quality Metrics

There are many different metrics to measure the quality of ultrasound images. Here,

we briefly discuss different metrics that are most commonly used in the literature.
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Figure 1.3: M-mode image example [3]

e Full Width at Half Maximum(FWHM)
FWHM is commonly used to quantify a pulse width, as shown in Fig. [[.4 It
is measured as the distance between coordinates z; and s corresponding to
the pulse curve points that are halfway away from the peak value f,,,. This
metric can be used to assess image resolution. For example, when a B-mode
image contains a bright point-like target (i.e., a two-dimensional ”pulse”), one
can measure FWHM values in the lateral (horizontal) as well as axial (vertical)

directions. Smaller FWHM indicates better resolution.

Figure 1.4: Full Width at Half Maximum (FWHM) illustration.

e Contrast-to-Noise Ratio

In medical imaging, the desired information is often related to contrast rather



than the signal itself, therefore, one should use contrast-to-noise ratio (CNR)
instead of signal-to-noise ratio (SNR). The former quantifies a system’s ability
to distinguish a certain region of interest (Rol) from its surrounding background.

It can be expressed as [17]

‘,U/m - ,uoutl )
(O-Z'Qn + Ugut)/z ’

where 1, and o, are the mean signal levels inside and outside the Rol, and

CNR = 20log;,(

(1.1)

i and o, are the corresponding standard deviations. The larger CNR value

indicates better contrast.

Mean-Squared Logarithmic Error

The mean-squared error (MSE) is a very common criterion for indicating the
degree of similarity between two images. It is always non-negative, and it is
widely used as a loss function in machine learning. The MSE for two images [,

and I, can be expressed as below:

Y omnll1(m, n) — Ir(m, n)]”

MSE =
S MN ’

(1.2)

where M and N are the height and width (in pixels) of the images, respectively.

Another similar metric is Mean-Squared Logarithmic Error (MSLE), which is

defined as an average of the pixel-wise cumulative squared logarithmic error:

%081y (m, m)) ~log(La(m, m))J*

MSLE =
MN

(1.3)

The most important difference between the MSE and the MSLE is that the
MSLE penalizes underestimation more than overestimation. This implies that if
Iy(m,n) < I;(m,n), it will incur a bigger loss than in case of Iy(m,n) > I1(m,n)
with the same absolute difference. Also, the MSLE does not depend on the

image intensity scaling.

Peak Signal-to-Noise Ratio

Peak Signal-to-Noise Ratio (PSNR) is defined as the squared maximum value
of the original image divided by the MSE error. Since many signals have a very

wide dynamic range, the PSNR is usually expressed in decibels (dB):



(Maz (1))’
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), (14)
where M SFE is the mean-squared error which can be calculated using equa-
tion [L.2

In this work, our image quality assessments rely primarily on FWHM and CNR

measurements.

1.2 Plane-Wave Imaging

In conventional (focused) ultrasound imaging, the acoustic waves focus on a target
at a certain depth, as illustrted in Fig. [1.5(a). This results in good image quality
around the target area but low quality elsewhere within the same image. Therefore,
one needs to perform multiple transmissions in sequence (scanning across the imaged

section), which reduces the data acquisition rate given by:

v

= 1.
QZmamNs ( 5>

r

(a) (b)
Figure 1.5: (a) Conventional focused beam transmission. (b) Plane-wave imaging [5]

In the above formula, N, is the number of image scan lines, 2,4, 18 the maximum
depth of interest, and v is the speed of sound. The latter is assumed to be constant,

with a typical value of 1540 m/s for soft tissues. The resulting rate r is typically



under 100 frames per second (fps) which is inadequate for many applications such as
blood flow analysis and tissue elastography [1§].

With plane-wave imaging (PWI), the data can be acquired at a much higher rate
of hundreds or even thousands of fps. Since the delay between consecutive image
frames becomes smaller, it allows one to capture fast changes in the imaged medium.
With this method, a sequence of focused transmissions is replaced with a single plane
wave, as illustrated in Fig. [1.5{(b).

Fig. depicts a simplified view of ultrasound image reconstruction, or beam-
forming. After the transducer array emits an ultrasound wave, it receives the re-
sulting backscattered echoes and stores their digitized values in memory. Such raw
radio-frequency (RF) channel data is then processed by a beamformer to produce
a reconstructed image. In the sequel, we present main ideas behind time-domain

beamforming for PWI.

BEAMFORMING

i

RAM

Backscattered echoes

teesss

Transducer array Ultrasound B-mode image

INNERENER

Imaging medium

(?

Figure 1.6: Image reconstruction (beamforming) [6].

As we mentioned, a faster alternative to sequential transmission of multiple fo-
cused beams is to insonify the region of interest at once using a single plane-wave (PW)
emission. Fig. shows the axis convention of a plane-wave imaging system. The
ultrasound probe is made up of an array of transducer elements that are positioned
along the x-axis on the surface of the imaging medium. The z-axis, perpendicular to
the z-axis, represents the imaging depth.

A PW pulse is first sent into the medium by the transducers and gets backscattered

when it encounters objects with different acoustic impedances, as seen in Fig. (1.8
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Figure 1.7: Horizontal and vertical axes [7]

and The returning echoes are then recorded over time t by the transducer array

and processed to form a PW image in two spatial dimensions (z, z).

Plne wave Emission signal

Figure 1.8: PW transmission [7]

As shown in Fig. [1.10] the travel time of a plane wave from the transducer array

to point (z,z) and back to receiving element at x; can be expressed as:



. ., P ¢ 0 =
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Figure 1.9: Backscattered echoes [7]

2 _
Ty, @, 2) = = VI () : (1.6)
v

where v is the speed of sound, is assumed to be constant throughout the medium.

\/ (x,2)

Figure 1.10: Time delay for a plane wave [7]

By coherently adding the contribution of each scatter, the imaged value at point
(x, z) is given by:
Nend

D(z,z) = Z RF(z;, m(x;, x, 2))w;, (1.7)

1=Nstart
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where N4+ and ne,q represent the positional range of the transducer elements that
contribute to the weighted sum of received echo signals RF(z;,t) after applying ap-
propriate delays 7(z;,,2). Element-dependent delays 7 are calculated and applied

at each (z,z) point to produce the entire image, as shown in Fig. [1.11

=
.

Figure 1.11: Dynamic beamforming [7]

i

11

1l

—

Weights w; in equation|1.7|can be either adaptive or non-adaptive when applied to
delayed signals. In non-adaptive beamforming approaches, a fixed window function
(such as Rectangular, Hamming, Hanning, Tukey, etc.) is chosen, which is indepen-
dent of the input data [19]. In this work, we employ non-adaptive DAS beamforming
with the Tukey apodization window and the 1/4 cosine fraction.

It has been shown that adaptive beamformers can enhance image quality by sup-
pressing side lobes, but the weights must be dynamically determined based on the
properties of the input data. For instance, the minimal variance distortionless re-
sponse (MVDR) beamforming approach aims to reduce output power while letting the

desired signal pass through undistorted (with unity gain)[20]. In some other works,
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such as [21], [22], a convolutional neural network has been used to predict the weights
for adaptive beamformers. Although adaptive beamformers produce higher-quality
images, they are computationally more expensive than conventional non-adaptive
beamformers.

Compared to a traditional ultrasound imaging system, a single PW image recon-
struction has a much higher frame rate, but the lack of focus during transmission
reduces the image quality. One approach to address the issue of PW image quality
degradation is coherent plane-wave compounding (CPWC) [7]. CPWC yields better
image quality by combining the beamformed data produced by successive transmis-
sion of tilted plane waves at various angles. For a PW tilted at an angle o as shown
in Fig. [.12] the travel time equation for 7 becomes modified as follows:

Plane wave _. -

" o
g o
o

JZ+(x-x)

(x,z

zV

ZCoSa + xsina

Figure 1.12: Time delay for a plane wave of angle « [7]

[(zcosa + wsina) + /22 + (x — xl)Q]'

(o, 21, 2,2) =

(1.8)

Each plane wave of a specific tilted emission angle produces an image using equa-
tion[1.7] where the 7 delays are now given by equation[I.8 The resulting angle-specific
beamformed images are them coherently summed to produce the final compounded
image. Compared to conventional sequential imaging employing focused transmis-
sion beams, CPWC can still achieve a comparatively high frame rate of over 1000
fps [7], despite the fact that generating multiple plane waves takes more time and

thus reduces the frame rate.



12

1.3 Thesis Contributions and Organization

The image reconstruction technique described in the previous section is called delay-
and-sum (DAS) beamforming. It is the most widely used technique in both PW and
non-PW ultrasound imaging due to its flexibility, as it operates in the time domain.
The main disadvantage of DAS beamforming is its relatively high computational
complexity, dominated by applying 7 delays to the received data (see equations
and using interpolation. If the beamformed image size is N, x N, and the number
of transducer elements is V., then DAS beamforming would take O(N,N,N,) time
per PW angle a.

It is possible to perform PW image reconstruction in the Fourier (i.e., frequency)
domain, which is usually several times faster than time-domain DAS beamforming.
One example of such a method is Temme-Mueller (TM) migration originating from
the geophysical literature [23]. Instead of point-by-point beamforming, it reconstructs
an entire image at once as follows. First, the 2D Fourier transform is applied to the
received data frame. Then, the resulting 2D spectrum is interpolated based on a
special remapping formula, Finally, the 2D inverse Fourier transform is applied to the
interpolated spectrum, which gives the beamformed image.

The computational complexity of TM migration is dominated by the Fourier trans-
forms. If the received data frame RF(x;,t) is of size N, x Ny, then TM migration would
take O(N.N;log(N.N;)) time per PW angle . Assuming for simplicity that N, = N,
and N; = N,, we get O(N,N?) for DAS beamforming and O(N,N, log(N,N.)) for
TM migration. Since N, > log(N,N,) in practice, TM migration turns out to be
more efficient than DAS beamforming.

Due to the use of 2D Fourier transforms, TM migration outputs a reconstructed
image whose size matches the size of the input data, i.e., N. x N;. However, the
desired image size N, x N, may be such that N, > N,, which means that the Fourier-
beamformed image in question needs to be upscaled in the lateral dimension. Such
upscaling can be done using interpolation, or alternatively, one can utilize a neural
network. The latter approach is the subject of this thesis. In this work, we propose
using a lightweight, fast convolutional neural network (CNN) to perform lateral up-
scaling, which also happens to improve image quality (namely, FWHM and in some
cases CNR). We study different structures of superresolution CNNs, all derived from
the well-known Efficient Sub-Pizel Convolutional Neural Network (ESPCN) [9].

The rest of this thesis is organized as follows: Chapter 2 presents theoretical
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foundations of TM migration and provides background on convolutional neural net-
works (CNNs) in general and ESPCN in particular. It also summarizes related work.
Chapter 3 describes our proposed approach and training methods for enhancing the
quality of ultrasound images using lightweight superresolution CNNs. In chapter 4,
we present the data augmentation methods utilized by the transfer learning technique
to increase the image quality further. Chapter 5 provides concluding remarks and

outlines some possible directions for future work.
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Chapter 2

Background

2.1 Frequency-Domain Beamforming

One of the main methods for image reconstruction is Fourier-domain beamforming [24)
20, 20, 27, 28], 4, 29], that has proved to be advantageous over conventional time-
domain DAS beamforming described in the previous chapter. Its advantages include
computational efficiency, reduced sampling complexity, and improved image quality.
In this work, we use Temme-Mueller (TM) migration [23] technique to convert the raw
radio-frequency (RF) data in the (x,¢) domain into beamformed in-phase/quadrature
(IQ) data in the (z, z) domain, where ¢ stands for time, and z and z are the lateral

(along the transducer array) and axial (depth) coordinates, respectively.

2.1.1 Temme-Mueller Migration

Let U = (z, z, t) denote the subsurface reflected wavefield resulting from a plane-wave
emission at an angle . We assume that the sound velocity v is constant throughout
the medium. TM migration is based on the so-called imaging condition that can be

expressed as below [23]:

D, (z,2) :U<I',Z,t]:ESinOZ+zCOSOé>. (2.1)
v v

D, (z, z) represents the migrated depth section. Note that the expression for the
imaging condition ¢; is the same as the expression for the PW transmits propagation
delay portion (i.e., transducer-to-reflector travel time) in equation [1.8|

Considering the transducers elements record echoes at the surface z = 0 as a 2D
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raw dataset U(z,z = 0,t) = RF(x,t), the migration process aims to translate this
raw dataset into a 2D beamformed data D, (z, z). This process is driven by the use

of the following equation in the frequency-wavenumber domain [2.2;
—— + (5 — )V =0, (2:2)

where WU represents the Fourier-transformed reflected wave field:
U(ky, 2,w) = H Uz, 2, t)e 7@t iy, (2.3)

The general solution of Eq. [2.2]is as below:
(2 —k2)3 2 —j(%5—k2)3 2
U(ky, z,w) = Cype’ 27" 7% 4 Cyoyne 7002 777, (2.4)

The first term with the constant C\y, represents waves going upwards in the neg-
ative z direction. On the other hand, the second term with the constant Cqown
represents waves going downward in the positive z direction. Following [23] we are
only interested in the reflected waves; therefore, we set Cyoun = 0. Also, Cy;, can be
determined from the boundary condition for z = 0. Indeed, setting z = 0 in yields
Cup = V(k;,0,w). Since U(z,z = 0,t) = RF(z,t) is known (data recorded by the
transducer array at the surface), its Fourier transform W(k,,0,w) is known as well.

Next, we replace U(k,, z,w) in by WU(k;,0,w)exp(j\/w?/v? — k2z) from .
To obtain U(z, z,t), we simply need to apply the inverse Fourier transform to the

left-hand side of

o0

1 . 2 o)
Uz, z,t) = 2 ff U(k,, O, (JJ).eJ(“’tJ”'“’””H72_"“‘”%')QZ)dwdk;B (2.5)

Finally, by letting ¢ = ¢; from [2.1] we get the following equation,

I — i 2o
Dalz,2) = 1 — H U (ky, 0, w).e/ s sinatwgcosathart (T3 =k)22) g g (2.6)
—00

This gives us D,(x, z), but computing it directly is expensive because the frequency-
wavenumber integral must be evaluated for each depth level z. We can resolve this

issue by rewriting [2.6| as a Fourier integral after introducing two new variables A and
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B as follows:

If we solve [2.7] and [2.8] for k, and w then insert them inf2.6] we obtain:

(A% — B¥)sina + 2AB cos

k.(A, B) = 2.
»(4,B) 2(Asina+ Beosa) (29)
v(A? 4+ B?)
A B) = . 2.1
w(4, B) 2(Asina + Bceosa) (2.10)

After changing our integration variables k, and w to A and B respectively, we

obtain the following expression [23]:

Da(z,2) = %ﬁ_{{@(kxm, B),0,w(A, B)) o

v|(A? — B?)cosa — 2ABsina| J(Aat Bz

JdAdB.
2(Asina + Bcosa)?

X

The above equation shows how one can get D, (x, z). First, we compute the Fourier
transform of the recorded data U(x,z = 0,t) = RF(z,t), which gives ¥(k,,0,w).
Second, we remap the latter into the migrated spectrum W(A, 0, B) via interpolation
using equations for k,(A, B) and w(A, B). Third, we multiply (A, 0, B) pointwise
by the factor v|(A2—B?) cosa—2ABsin o

2(Asin a+B cos a)?
of the resulting spectrum, which gives D, (z, z).

. Finally, compute the inverse Fourier transform

2.2 Deep Neural Networks

In the past decade, Deep Neural Networks (DNN) have proved themselves as power-
ful tools for solving various real-world problems. In 2012, [30] made a breakthrough
in Machine Learning by achieving a much lower top-5 error on the ImageNet chal-
lenge [31] compared to the runner-up. After that, some deep neural network models
were proposed that surpassed human performance on the ImageNet large-scale visual
recognition challenge [31]. Currently, DNNs have numerous applications, such as im-

age analysis, speech recognition, natural language processing, and recommendation
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systems. For each task, many models have been proposed in recent years. In the
sequel, we will see the basic building blocks of these models.

A DNN layer consists of small individual units called neurons. Each neuron has
a coefficient called weight, which is to be learned. Neurons are the building blocks
of many layers, but not all layers have neurons. Different layers are used in DNN
models, such as the convolution layer, fully-connected layer, activation layer, and
pooling layer. There are many other layers, but we will not talk about them in this

chapter.

2.2.1 Convolution Layer

This layer is one of the main reasons behind the breakthrough of deep neural net-
works in 2012. Mainly, it is used for feature detection. Not all input neurons are
connected to output neurons in the convolution layer. The two-dimensional convolu-
tion is primarily used; in this scenario, there is an image and a filter, as illustrated in
Fig. 2.1 The filter slides on the image, and by multiplying the corresponding pixels
and summing them up, an output pixel is generated. In the convolution layer, the
local relationship between the pixels is extracted, which makes the convolution layer
an excellent building block for image processing models. A hyper-parameter in neural
networks is stride value, which determines the amount of filter movement over the

image when sliding.

NS z.t-'-:-::_‘;-'::.'.'.'.'_'_'_'_'_‘j:: ----------------------
678|910 1123 .
1|12 |13]14]15 01010 —>

16 [ s Trofae | 3

212223 | 2425

Figure 2.1: Convolution layer

Separable convolution is a variant of the convolution layer. The separable con-
volution was introduced to decrease the computations and parameters of the neural
network, and it is mainly used for mobile devices. It consists of two different layers:

depthwise and pointwise convolutions. For example, MobileNet [32] uses a com-
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bination of depthwise and pointwise convolutions to lower the number of network

parameters and operations, targeting resource-constrained applications.

2.2.2 Fully-connected Layer

In the fully-connected (FC) layer, in contrast with the convolution layer, all the pre-
ceding layer neurons are connected to the succeeding layer neurons. Mainly, these
layers are placed last for classification tasks. The FC layer helps map the representa-

tion between the input and the output. We can see a fully connected layer structure

in Fig. 22

A

%

i
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000

Figure 2.2: Fully-connected layer

2.2.3 Activation Layer

Inspired by biological neurons, there is a layer that decides whether neurons are
activated. A non-linear transformation is applied to the input data by this layer. In

neural networks, various activation functions exist, each with its unique advantages
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and limitations. Among them, the Rectified Linear Unit (ReLU) is a well-known
example that is widely used due to its computational efficiency and demonstrated
effectiveness in numerous applications. The ReLU function is shown in The
choice of activation function can have a significant impact on the performance of the

neural network.

Figure 2.3: ReLLU function

2.2.4 Squeeze and Excitation Block

The Squeeze and Excitation block [§], illustrated in Fig. , enhances channel inter-
dependencies at almost no computational cost. CNNs extract hierarchical data from
images using their convolutional filters. Upper layers may recognize faces, letters, or
other complicated geometrical forms, while lower layers locate basic context elements
like edges. Networks give each channel the same weight when making output feature
maps, but the Squeeze and Excitation block implements an adaptive channel weight-
ing method that takes into account the content of each channel. This can be achieved
by adding a single parameter to each channel and giving it a linear scalar reflecting

how relevant that channel information is.

2.3 Single-Image Superresolution

Image superresolution (SR) is one of the areas of machine learning that has received
increasing attention in recent years. A superresolution task is to convert a low-

resolution image to a corresponding high-resolution image with better visual quality
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and more refined details. The high-resolution image can also be referred to as an

upsampled or interpolated image. Superresolution can be achieved using a single

image or multiple images as the input, but in this section, we focus on single-image

superresolution (SISR), which has attracted extensive interest in recent years.

2.3.1 SISR Problem Formulation

Let us consider a low-resolution (LR) image denoted by y and the corresponding

high-resolution (HR) image denoted by x, We can view y as an outcome of some

degradation process applied to x [33]:

y = Q(IL‘, 577)7

(2.12)
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where ) is the image degradation function, and ¢, is the degradation parameter,
which can be affected by noise, compression, and other factors. In many cases, only
y is available without any precise information about d,, or €2. Superresolution aims
to decrease degradation as much as possible and recover an approximation Z of the
ground-truth image x. Effectively, we have an inverse problem that can be formulated

as:

&= Q7 (y:00), (2.13)

where 0, is a parameter for the inverse of the degradation function Q. Given that
the degradation process can be quite complex, most works prefer to approximate

as:

y=(zx®k)l|s+n, (2.14)

where k is the blurring kernel, and x ® k is the convolution operation involving the
ground-truth image and the blurring kernel. Symbol |4 refers to a downsampling
operation with the factor of s after convolution, while n represents the noise com-
monly assumed to be white Gaussian. Under such modelling, the inverse function is

essentially a deconvolution operation.

2.3.2 ESPCN Structure

Efficient sub-pizel convolutional neural network (ESPCN) [9] is a well-known archi-
tecture that transforms a low-resolution input image y = I g of size H x W x C
into a high-resolution output image & = Iyg of size sH x sW x C, where s is the
scaling factor. As this network needs a single image as an input, it belongs to the
class of SISR architectures. In ESPCN, in contrast to some other networks such
as [34, B35, [36], increasing the resolution of the input image happens at the end of
the network, which greatly reduces the computational complexity. Therefore, the key
advantage of the EPSCN architecture over other alternatives is its low computational
cost, which meets our need for highly efficient ultrasound image formation.

Given I as an input image, an L-layer ESPCN uses the first L — 1 convolution
layers to perform feature extraction in order to do upscaling. The first L — 1 layers
produce a tensor of size H x W x s2C. Based on [J], the nonlinear mapping of each

layer denoted as f! can be expressed as follows:
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fiIpg) = ®(wy x f7HIr) +b), 1 <1< L—1, (2.15)

where ® is the activation function, w; is a weight tensor of size n;_; X n; x k; x ky,
and b; is the bias vector of length n;. Symbols k; and n; represent the convolution
filter size and number of features at layer [, respectively. We also have f° = Iz and
ng=C.

As illustrated in Fig. the final layer plays a crucial role in upscaling. This
layer converts the generated feature maps into a final high-resolution image Iy using
fast subpixel shuffling [9].

Ing = f*(Irr) = S(wr x f*7(I1r) + br), (2.16)

where S represents the subpixel shuffling operation which reshapes H x W x s2C
tensor (low-resolution feature maps) into the sH x sW x C tensor (high-resolution

image).

Low-resolution image (input) n, feature maps N, feature maps r2 channels Highesolu ion image (output)

Hidden layers Sub-pixel convolution layer

Figure 2.5: ESPCN architecture featuring convolution layers for feature maps extrac-
tion, and a sub-pixel convolution layer that aggregates the feature maps from the LR
space and builds the HR image in a single step. [9]

2.4 Related Work

Using deep learning in ultrasound imaging has been extensively studied, targetting
not only pre-beamforming and post-beamforming[37, 38, 39, 40, 41], [42], but also the
beamforming process itself [21], 43], [44. [45] 46|, [47].

In [40], the authors propose a two-step CNN-based image reconstruction approach
that is compatible with real-time imaging to address the growing demand for high-

quality imaging from single unfocused acquisitions. A residual CNN with multiscale
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and multichannel filtering, trained to remove the diffraction artifacts inherent to
ultrafast US imaging, is used to restore a high-quality image from a low-quality es-
timate obtained through a back projection-based operation similar to conventional
delay-and-sum beamforming. They use the mean signed logarithmic absolute error
(MSLAE) as a training loss function to take into consideration both the high dynamic
range and the oscillatory characteristics of radio frequency US images.

Reference [47] describes a convolutional neural network beamformer based on
the combination of GoogleNet and U-Net. This network’s input is RF data, and
the output is beamformed IQ data. In training datasets, the authors used both
simulation and experimental data for generating pre-training datasets and transfer
learning datasets. After training, the CNN is employed as a beamformer that applies
specific weights to the echoes received from different angles to reconstruct the image.
This CNN-based beamformer is designed to learn the best weights for each angle to
enhance image quality, and a backpropagation algorithm updates the weights during
the training process.

In order to improve the image quality of handheld or portable ultrasound devices,
a two-stage generative adversarial network (GAN) structure is developed in [37]. The
generator’s front-end tool at stage 1 is a U-Net model. In the reconstructed images, it
retrieves structural characteristics at low frequencies. A GAN network is used in stage
2 to identify the latent space between images of low and high quality. The output
image of the U-Net model and a low-quality image are both inputs to the generator.
Reconstructed generator images and high-quality real images are the two inputs the
discriminator requires to be trained to distinguish between real and generated im-
ages. This technique exhibits encouraging outcomes and could potentially enhance
the availability of high-quality medical imaging in resource-constrained areas.

In [38], the authors propose neural networks to enhance raw RF signals in the
frequency domain and then perform the inverse Fourier transform to reconstruct the
time-domain signals subject to beamforming. In contrast, we do not modify raw RF
data in any way, we perform image reconstruction in the Fourier domain instead, and
we apply a neural network only after the beamforming process is completed.

Another approach targets coherent compounding. In [48], the authors describe a
CNN that takes 3-PW compounded images and produces output images whose quality
is comparable to those using a larger number of PWs for compounding. In order to
improve the resolution of images acquired from a single plane wave insonification,

Perdios et al. [39] introduced an image enhancement approach based on three different
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U-Net-like convolutional neural networks which use simulated data for training.

Reference [41] uses a U-Net-like GAN structure and attention mechanism for PW
image reconstruction. It focuses on an image-to-image enhancement that directly
applies the proposed CNN to the beamformed image in order to get a higher-quality
image.

In [42], the authors employ an unsupervised CycleGAN technique, which has
shown effective for numerous image domain quality enhancements, including ultra-
sound. This network is used as a denoising filter to reduce speckles in US images. In
this approach, high-quality ground-truth images are not needed, as they are difficult
to obtain.

Traditional interpolation methods, such as bicubic and Lanczos, use mathematical
algorithms to interpolate the missing high-frequency details. On the other hand, deep
learning-based methods, such as CNNs and GANSs, use large amounts of training data
to learn the mapping between low-resolution and high-resolution images. Single-image
super-resolution (SISR) which has been broadly studied in the past few years, aims
to reconstruct a high-resolution image from a single low-resolution image. The end
goal of SISR is to upscale a low-resolution image to a high-resolution image while
preserving its visual quality and content.

The upscaling process can be applied in early stages, such as in SRCNN [35]. Such
upscaling can be computationally expensive, so some networks perform upscaling in
the later stages [49], [50]. In other words, most of the data processing in such
networks takes place in low-resolution space. ESPCN belongs to this category as
well.

In [51], the authors have used separable convolutions within the ESPCN struc-
ture and demonstrated their benefit in terms of both reduced network complexity
and improved PSNR performance. Additionally, they introduced a supersampling
approach: by oversampling the output image and then downsampling it adaptively,
they believe more plentiful high-resolution information may be learned. The authors
also describe recursive depth-wise separable convolutions to reuse the shared model
parameters and achieve a higher level of image quality through recursive iterations
without increasing the number of model parameters.

Designing very deep networks is made possible by residual learning, which employs
skip connections to prevent gradients from vanishing. In residual super-resolution, one
example is the original ResNet [52] architecture for image classification modified by
the Enhanced Deep Super-Resolution (EDSR) [49]. To be more specific, the authors
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showed notable benefits by removing batch normalization layers (from each residual
block) and ReLLU activation (outside residual blocks). They have also expanded their
technique to work on multiple scales. In our work, we are also not using any batch
normalization layer because it can interfere with the information that is necessary to
perform super-resolution.

Ultrasound datasets are difficult and expensive to acquire, and data augmenta-
tion techniques can be helpful in addressing this problem. In [53], by training eight
different CNNs to predict mammography masses, the authors have evaluated the per-
formance of eight different image-augmenting transformations (such as flips, rotations,
Gaussian filtering, etc.) and discovered that applying a combination of multiple aug-
mentation techniques considerably enhanced the classification performance. Another
approach relies on generative adversarial networks to generate new data. In [54], the
authors investigate CycleGAN’s potential for augmenting data in CT segmentation
tasks. They trained a CycleGAN to convert contrast CT images into non-contrast
images using a large image collection. The trained CycleGAN was then utilized to
augment training with these synthetic non-contrast images. Finally, they report the
benefit of their model by evaluating how well the segmentation performance of a U-
Net trained on the original dataset compares with a U-Net trained on a combined
dataset of synthetic non-contrast images.

Reference [55] discusses how different CNN models are used to classify abdominal
images, and a transfer learning approach is used to increase the accuracy of the results.
Two convolutional neural networks based on CaffeNet [56] and VGGNet [57] that had
previously been trained on the 2012 Large Scale Visual Recognition Challenge dataset
were retrained on the training set using their fully connected layers. Each network’s
convolutional layers had their weights frozen, so that they could behave as fixed
feature extractors.

In the context of the related work described above, our work belongs to the class of
post-beamforming techniques for image enhancement. We utilize the Fourier-domain
beamforming technique followed by a lightweight upscaling CNN, where most of the
data processing occurs in low-resolution space. Such coupling of a Fourier-domain
beamforming with a superresolution CNN in order to compensate for the undersam-
pling of the lateral direction is something that has not been studied to the best of our
knowledge. Our approach is distinguished by its remarkably high computational effi-
ciency in comparison to similar methods. Furthermore, we not only evaluate multiple

configurations of low-cost superresolution CNNs (chapter , but also demonstrate
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the viability of applying non-GAN data augmentation and transfer learning to help

solve our upscaling problem (chapter 4)).
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Chapter 3

Efficient Ultrasound Image
Enhancement Using Lightweight
CNNs [1]

In this chapter, we present our approach to ultrasound image reconstruction using a
combination of TM migration and various lightweight CNNs derived from ESPCN.

The first task is to obtain a beamformed and compounded IQ) data frame, denoted
by D(z,x) in the sequel. This is achieved by performing TM migration in four
steps [23, B8] applied to 2D raw RF channel data 15a(t,as) = U(x,0,t)T acquired
for multiple PW angles o (see chapter :

1. Compute the input spectrum §a(w, ky) = U(k,,0,w)T from ﬁa(t, x);

2. Remap S, (w, k,) into the migrated spectrum Sk, k,) = W(k,(A, B),0,w(A, B))T
v|(A%2—B?) cosa—2ABsina] .
2(Asin a+B cos a)? )

multiplied by the scaling factor

3. Sum individual S,(k,, k;) over all « angles to obtain the compounded spectrum
S (kza kx)§

4. Compute the final IQ data frame D(z, x) after taking the inverse Fourier transform
of S(k., k).

Taking the absolute value of D(z,z) gives us the 2D envelope E(z,z). We then
perform max-normalization and log-compression on E(z,x) to get the corresponding

B-mode image.
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If we assume that each D,(t, ) has a size of N; x N, then D(z,z) will have the
same size of N, x N,, where N, = N,;. Because the temporal sampling frequency
is usually 4-10 times greater than the transducer central frequency [28], D, (t, z) is
oversampled along the t-axis. This results in D(z,z) also being oversampled along
the z-axis. To put it differently, the spacing between adjacent depth levels (Az) is
already small enough, so there is no need to upscale in this dimension. However, the
spacing between adjacent transducer elements (Ax) is often larger than Az due to
spatial undersampling. Therefore D(z,x) or its envelope E(z, z) should be upscaled
in the lateral dimension [

In this chapter, we will explore three straightforward approaches to derive an
upscaled N, x sN, envelope E'(z,z+) from E(z,z), where s denotes the upscaling

factor such that Azy = Az/s:

1. Apply bicubic interpolation (BI) to D,(z,z), thus producing upscaled D'(z,z4)
that gives E' = |D'|;

2. Apply Fourier interpolation (FI) to S(k., k.), thus producing upscaled D'(z, x4)
that gives E' = |D'|;

3. Use a superresolution CNN to produce E’(z, x4) directly from E(z, z).

For the last option, we propose a set of lightweight CNN models based on ESPCN
architecture [9](see chapter [2). These CNN models outperform both bicubic and
frequency interpolation methods, as well as a conventional DAS beamformer that
operates on the same N, x sN, grid. Our CNN models not only upscale ultrasound
envelope data, but also enhance the resulting image quality. We have examined
multiple CNN configurations that have low parameter counts ranging from 32K down

to HK.

3.1 ESPCN Modifications

As discussed earlier, our objective is to upscale the envelope in the lateral dimension.
Given the beamformed envelope E(z, z) of size N, x N,., we want the laterally upscaled
envelope E'(z, x+) of size N, x sN,. In other words, our goal is to reduce the lateral

grid spacing by s. In this work, s is equal to 3.

In contrast, DAS beamforming can calculate the 2D IQ data for any (z,z) location on a grid,
with the option to specify the desired lateral or depth spacing.
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3.1.1 Two-Dimensional Upscaling

Since ESPCN upscales images in both H (axial) and W (lateral) dimensions, we first
downsample envelope E(z,z) by s along the z-axis. Then, the resulting envelope
is fed into the neural network as a gray-scale input Iy g with a single channel. It
produces the corresponding high-resolution output image Iz = E’. Another option
is to downsample output images along the z-axis after upscaling, but in this case,
the number of computations increases significantly because the CNN would operate
on bigger input images. Our first proposed network has the following configuration:
L =4, (n1, k1) = (64,5), (ng, ko) = (32,3), (n3, k3) = (32,3), (n4, ks) = (9,3), with
RELU as ¢.

This is our baseline model with 31,977 ~ 32K parameters and is referred to
as model N32. Its computational footprint is 2,086M MACs, which corresponds to
processing the inputs of size 512 x 128 to produce the output of size 1536 x 384.

As discussed in the previous chapter, one of the most effective approaches to
reduce the CNNs’ complexity is replacing the standard 2D convolution layers with
separable ones [32]. We take our initial network configuration N32 and replace all
standard convolutions with separable ones. The resulting model has 4,738 ~ 5K
parameters and is denoted by N5. Given the critical importance of the last layer, we
also consider keeping its convolution operations standard, which yields the model N7
with 6,754 ~ TK parameters. As expected, introducing separable convolutions at a
given layer [ significantly impacts both parameter and MAC counts. It can be shown
(based on the analysis presented in [32]) that the latter is reduced by the factor of
1/(1/n; + 1/k?). In our case, the overall computational footprints of N5 and N7 are
301M and 434M MACs, respectively.

3.1.2 One-Dimensional Upscaling

In the context of envelope upscaling, all of the SISR networks would upscale images
in both dimensions. In other words, 2D upscaling is applied to axial and lateral
dimensions, even though we only need to upscale along the z-axis. To perform strictly
1D upscaling, we propose the CNN structure similar to N5, with the following two
adjustments illustrated in Fig. [3.1}

1. The final layer has ny = s (as opposed to ny = s* in the 2D upscaling case),
where s = 3. This layer is followed by a 1D subpixel shuffling that reshapes the
H x W x sC input into the H x sW x C output, where C = 1.
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2. The second and third layers are combined with the Squeeze and Excitation
blocks that help capture inter-channel dependencies [§]. As mentioned earlier,
such blocks allow for adaptive recalibration of features, often leading to better

performance.

This new network, referred to as model N5* has 4,604 ~ 5K parameters. Its
computational footprint is 829M MACs, which corresponds to 1D upscaling of a
1536 x 128 input into a 1536 x 384 output. It should be noted that N5* has a
larger input compared to N5 that performs 2D upscaling of a 512 x 128 input into a
1536 x 384 output. This explains why N5 requires fewer computations than N5* i.e.,
2D upscaling turns out to be cheaper than 1D upscaling. However, the latter can still
help enhance image quality.

Putting it all together, Table summarizes the number of parameters of the
proposed networks and their computational costs in terms of MACs. In the next

section, we discuss our training approach.

Table 3.1: Complexity of Proposed ESPCN Configurations.

’ Model H Parameters ‘ MACs(M) ‘ Upscaling ‘

N32 31,977 2, 086 2D
N7 6,754 434 2D
N5 4,738 301 2D
N5* 4,604 829 1D
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Figure 3.1: Proposed 1D-upscaling network with Squeeze and Excitation blocks.
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3.2 Training

For training, we used a subset of 400 grayscale-converted images from the DIV2K
dataset [59]. We used the Adam optimizer [60] with a learning rate of 1073, a loss
function of mean squared logarithmic error (MSLE), and a batch size of four. The
MSLE choice is essential because CNN-upscaled envelopes will subsequently undergo
log-compression to form B-mode ultrasound images.

As the DIV2K dataset does not have any ultrasound-domain images, we set an
early-stopping threshold for the loss function to avoid overfitting. Specifically, the
network weights were taken from a training epoch at which the validation MSLE
value dropped below 0.061. Also, we used the Glorot uniform initializer [61] for the
first three layers and the orthogonal initializer [62] for the last layer.

3.3 Experimental Results

Our experimental results are based on three different datasets provided by PIC-
MUS [63, I7] which also includes a library of MATLAB scripts for image quality
measurements and baseline DAS beamforming. We have a collection of 75 raw data
frames lN)a(t, x) acquired over 75 PW emissions at different angles a within the interval
[—16°, +16°].

The aforementioned datasets denoted by TyYPE-1, TYPE-2, and TYPE-3 are de-
rived from three imaged regions of an ultrasound phantom that mimics tissue. A
DAS beamformer provided by PICMUS yields their respective compounded B-mode
images displayed in Fig. . Tukey apodization window with a 1/4 cosine fraction has
been used during DAS beamforming. The following quality indicators are measured
in the evaluation regions highlighted in Fig.

e TvypPe-1: Contrast-to-noise (CNR) ratios, associated with the top and bottom
cysts-like targets;

e TYPE-2: Mean full-width at half-maximum (FWHM), averaged over seven wire
targets and measured both axially (along the z-axis) and laterally (along the a-
axis);

e TYPE-3: Minimum axial and lateral distances (MIND) between vertically and
horizontally adjacent pairs of wire targets that are still distinguishable via mea-
surements. As shown in Fig. these wires are placed in a decreasing axial (i.e.,

vertically towards the region’s bottom left corner) and laterally (i.e., horizontally
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towards the region’s bottom right corner) distance. A smaller measured distance

means that a closer pair of adjacent wire targets could be distinguished during

evaluation.

All acquired raw data frames Ea(t, x) contain 1536 rows and 128 columns; there-
fore, after beamforming and compounding, we get a 1536 x 128 envelope E(z,x) for
each image type. As mentioned earlier, we are using s = 3, which yields upscaled
envelopes E'(z,z4) of size 1536 x 384.

All of the metrics we used to evaluate the quality of our images are listed in
Tables and [3.3] Our discussion will concentrate mostly on the CNR and lateral
FWHM values.

Table covers the scenario of a single PW emission at a = 0°, which cor-
responds to the least amount of raw data acquisition with no compounding. The
best FWHM]| atera1 = 0.64 mm is given by TM+N5*. This value is 18% better than
that of TM+BI (i.e., without using a CNN), and it is also only 3% worse than
FWHMaterai = 0.61 mm given by conventional DAS beamforming in the case of
75 PW emissions (see Table [3.3)). It should be noted that the latter costs substan-
tially more to acquire data and process data. The best CNRp,, = 10.3 dB is due
to TM+BI+N7, where the final upscaled envelope is obtained by averaging the en-
velopes computed by both BI and N7 (used as an illustrative example). The best
CNRBottom = 9.6 dB is given by TM+N7.

Table [3.3] presents the case of 75 multi-angle PW emissions corresponding to
better-quality compounded images. The best FWHMLaterar = 0.35 mm is given by
TM+N5*, which is 32% and 43% better than those given by TM+BI and DAS, respec-
tively. The best CNR,p, = 14.2 dB and CNRgottom = 13.6 dB are due to TM+BI+N7
and TM+BI+N5*, respectively. These CNR values are better than the ones pro-
duced by TM+BI and DAS by at least 1 dB. This example illustrates that combining
the CNN and BI outputs can lead to CNR improvements at the expense of wors-
ened FWHM values compared to those given by the network output alone. Still,
TM+BI+N5* yields FWHM a1 that is 18% better in comparison to TM+BI. It is
also important to mention that only TM migration coupled with a CNN has man-
aged to attain sub-millimeter MINDy  tera1, in contrast to DAS, TM+BI, and TM+FI.
In other words, our proposed approach allows one to resolve a closer-spaced pair of
laterally adjacent wire targets. The best MIND1,4tera1 = 0.66 mm is given by TM+N5*.

The ground-truth distance between the corresponding wire targets is 0.5 mm [64].
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Table 3.2: Image Quality Assessment: Single Plane Wave, o = 0°.

Beam- Top/Bottom | Axial/Lateral | Axial/Lateral

forming CNR (dB) | FWHM (mm) | MIND (mm)
DAS 8.4/7.1 0.49/0.96 0.64/1.62
TM+BI 8.7/7.8 0.49/0.77 0.62/1.80
TM+FI 8.3/7.4 0.49/0.82 0.62/1.78
TM+N32 8.5/7.2 0.42/0.66 0.63/1.79
TM+N7 9.7/9.6 0.44/0.69 0.58/1.82
TM+N5 8.8/7.9 0.46,0.67 0.65,1.69
TM+N5* 8.9/8.1 0.50/0.64 0.63/1.77
TM+BI+N7 10.3/9.4 0.46/0.74 0.60/1.80
TM+BI+N5* | 9.8/8.8 0.49/0.72 0.60,/1.80

Table 3.3: Image Quality Assessment: 75 Plane Waves, —16° < a < 416°.

Beam- Top/Bottom | Axial/Lateral | Axial/Lateral

forming CNR (dB) | FWHM (mm) | MIND (mm)
DAS 13.2/12.2 0.49/0.61 0.62/1.11
TM+BI 12.5/12.2 0.49/0.52 0.57/1.17
TM-+FI 12.4/12.1 0.49/0.52 0.62/1.07
TM+N32 12.3/10.8 0.42/0.38 0.62/0.74
TMN7 14.0/9.8 0.45/0.41 0.58/0.73
TM+N5 13.3/9.3 0.47/0.40 0.66,/0.82
TM-+N5* 12.8/10.5 0.50/0.35 0.57/0.66
TM+BI+N7 14.2/13.5 0.47/0.45 0.61/0.71
TM+BI+N5* || 13.4/13.6 0.50,/0.43 0.57/0.67

Fig. and shows illustrative examples of the TYPE-1 and TYPE-2 75-
PW compounded B-mode images produced by TM+BI, TM+N5*, and TM+BI+N7,
respectively. Note that the CNR differences from Table do not necessarily trans-
late into clear visual differences in the TYPE-1 images, suggesting that this metric
should be treated with caution. On the other hand, superior FWHM ateral given by
TM+N5* is indicative of the sharper appearance of the wire targets in the TYPE-2
images. Since it is difficult to see closely spaced wire targets in the TYPE-3 B-mode
images, Fig. instead shows the contours of the upscaled and max-normalized en-
velopes in question. For the two wire targets located near the bottom right corner
(laterally spaced by 0.5 mm [64]), using TM+N5* results in relatively clearer separa-
tion compared to TM+BI and TM+BI+N7.
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(a) Type-1, TM+BI (b) TypPE-2, TM+BI

Figure 3.3: Examples of TYPE-1 (left) and TYPE-2 (right) 75-PW compounded B-
mode images: TI+BI.

One can argue that the overall winner is TM+BI+N7 because it consistently out-
performs DAS, as well as non-CNN methods TM+BIl and TM-+FI, in terms of the CNR
and FWHM values shown in Tables 3.2l and [3.3] While the other methods that utilize
a lightweight CNN (most notably TM+N5%) may offer even better FWHM]ateral and
MIND1 ateral, they often result in lower CNRo, and CNRpottom-

It should be noted that all of the reported TM-based methods are much faster
than DAS beamforming. For example, the latter takes approximately 2.10 s in the
1-PW case and 154.0 s in the 75-PW case (2.6-GHz i7 CPU, 16-GB RAM, Windows
10, MATLAB 2021b), whereas TM+BI4+N7 takes only 0.58 s and 5.6 s, respectively.

In this chapter, we have not used any ultrasound images during training and
validation, which makes it challenging to identify an appropriate epoch for model

weight selection. This motivates our work presented in the next chapter.
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(a) TYPE-1, TM+N5* (b) TYPE-2, TM+N5*

Figure 3.4: Examples of TYPE-1 (left) and TYPE-2 (right) 75-PW compounded B-
mode images: TM+N5%*,
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(a) TyPE-1, TM+BI+N7 (b) TYPE-2, TM+BI4+N7

Figure 3.5: Examples of TYPE-1 (left) and TYPE-2 (right) 75-PW compounded B-
mode images: TI4+BI (top), TM+N5* (center), TM+BI+N7 (bottom).
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Chapter 4

Data Augmentation and Transfer
Learning in Ultrasound Image

Enhancement |2]

As the ultrasound domain lacks access to big data, we utilize data augmentation
techniques to increase the size of our dataset for training purposes. Data augmenta-
tion encompasses a suite of techniques that enhance the size and quality of training
datasets [65]. In this chapter, we present our approach to transfer learning on aug-

mented ultrasound data.

4.1 Data Augmentation for Ultrasound Imaging

Deep learning models have made great progress in many tasks due to network archi-
tecture advancements, the power of computational processing units, and access to big
data. Most deep learning models are data-hungry, but in many situations, big data is
not accessible because it involves a process that is expensive or time-consuming [66].
When we do not have access to big data, a network model may suffer from poor gen-
eralizability. Generalizability refers to the performance difference of a model when
evaluated on previously seen data (training data) versus data it has never seen before
(testing data) [65]. When the generalization performance is not good enough, over-
fitting to the training data has occurred. Data augmentation is a powerful technique
to produce more data in order to avoid overfitting. Ultrasound imaging is one of the

domains in which we do not have access to big data. Therefore, we take advantage
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of data augmentation to increase the size of the dataset.

Transfer learning is another interesting paradigm to prevent overfitting when we
do not have access to big data [67]. The idea behind transfer learning is to train the
network in a general domain with a big dataset and then use those trained weights as
initial weights in the target-domain training process in which the dataset is limited.

In this work, we use data augmentation to generate additional ultrasound-domain
data, which is then utilized for transfer learning to improve our network output based

on the discussed metrics.

4.1.1 Data Augmentation Methods

There are different methods for data augmentation. In this work, we were inspired
by [68] and [69] and implemented our own random augmentation applied to ultrasound
images. We did not reuse the original code from [68] because it was not designed for
ultrasound images, and it did not work well for superresolution of images that have
only one channel in grayscale color space. In what follows, we briefly summarize

various image transformations in use:

e Flipping
We have utilized flipping with respect to both horizontal and vertical axes. Such
augmentation is very easy to implement and is also very useful on superresolu-

tion ultrasound images.

e Color space
This transformation can be done in different ways, but all of them operate
in the color space. For example, one can perform inversion of the intensity
of pixels. Another example is to adjust image brightness randomly. A more
advanced approach is to work on the histograms of the images, such as histogram
equalization, which tends to change the image contrast. All of the methods

mentioned have been used in our implementation.

e Cropping
We randomly crop a central patch of the image and then resize the cropped

image to its original size.

e Shear X

In shearing, the image pixels are randomly shifted along the horizontal (X) axis
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so that the image shape changes from a rectangle to a parallelogram. In our

case, however, we pad the image to have a rectangular shape at the end.

e Rotation
We rotate an image by a random angle within the range from —20° to +20°,
which typically gives better results [65]. We pad the rotated image so that it

has the same size as the original one.

e Translation
Translation shifts the image in one of four directions: left, right, up, or down.

This can be very useful for ultrasound superresolution tasks.

e Patch swapping
Inspired by [69] we randomly select a box in the original image and swap that
patch with a patch from another available image. The position of the boxes in

both images is exactly the same.

e Noise injection
The noise injection process entails adding a matrix of random values, often

selected using a Gaussian distribution.

4.1.2 Applied Data Augmentation

Using two out of three PICMUS raw datasets (see chapter [3), we first obtain low-
resolution envelopes of size N,/s x N, = 512 x 128 (where N, = N,;) by Fourier
beamforming for angle @ = 0° and then downsampling in the z-axis direction by
the factor of s = 3. We utilized these two low-resolution (LR) envelopes as our
input images for data augmentations. We produced the target high-resolution (HR)
envelopes by coherently compounding all 75 DAS-beamformed data frames of size
N, x sN, = 1536 x 384 corresponding to N, = 75 emission angles. Then, we sliced
the LR envelopes horizontally into four patches of size of 128 x 128, and similarly,
we sliced the HR envelopes into four 384 x 384 patches. Thus, we acquired a total of
8 input/output pairs. Inspired by [68] and [69], we augmented the resulting 8 patch
pairs to obtain 160 pairs of images as follows.

Let T represent a set of image transformations that will be used throughout the

augmentation process. Both horizontal and vertical flips are always included in 7.
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We add a random number of transformations between 2 and 5 from our list of trans-
formations. Therefore, we have a random array of four to seven transformations.
Next, we shuffle this array to randomize the sequence of augmentations. We apply
this array to a pair of LR/HR patches. The process is repeated 20 times per pair,
which produces a total of 160 input/output training samples.

As an illustrative example, let’s assume that the random number between 2 and 5
is 4. This means we add 4 random transformations to vertical and horizontal flipping.
One possible set T in this case is shown below:

(cropping, shear X, rotation, patch swapping, vertical flipping, horizontal flipping).
Next, we shuffle the elements of T to create a randomized sequence of the correspond-
ing transformations, such as:

(horizontal flipping, patch swapping, rotation, vertical flipping, cropping, shear X).

After applying this sequence of transformations to a pair of patches, we use the
PSNR threshold of 20 to either accept or reject such augmentation. If rejected, the
process will be repeated for the pair in question.

Finally, we reload the pre-trained model to train it with the new dataset. We keep
the original model without changing its structure and adjust the learning rate to a

smaller value. We discuss the details of training in the next section.

4.2 'Transfer Learning for Ultrasound Imaging

In transfer learning, we aim to improve the performance of the target domain by
transferring the knowledge we have from a different but related source domain. Re-
searchers utilize transfer learning when they do not have access to big data in the

target domain. Transfer learning involves three main steps outlined below.

1. Source-domain training
Firstly, we train the model in the source domain, which is related to the target

domain.

2. Model and Parameters Modification
After we have the pre-trained model on the source dataset, we can modify the

model or the parameters to prepare it for the training on the target domain.

3. Target-domain training

We train the model on the target dataset. The weights from the source-domain
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training are used as the initial weights for the target-domain training.

There are different types of transfer learning [70]; however, in this work, we focus
on inductive transfer learning. The source and target domains in inductive transfer
learning are the same, but the source and target tasks are distinct from one another.

In this work, we utilize transfer learning for the task of single-image superresolu-
tion. At first, we train the model on DIV2K [59], which is a superresolution dataset
but completely distinct from the ultrasound imaging domain. In the second phase
of training, we load the DIV2K-trained model and train it further in the ultrasound

imaging domain using two out of three PICMUS datasets.

4.2.1 General-Domain Training

Numerous image datasets, including DIV2K [59, [71], have been used to support and
expand the research on the application of deep learning to single-image superresolu-
tion tasks [72), [73]. DIV2K consists of 1,000 high-resolution RGB images split into
training, validation, and testing subsets having 800, 100, and 100 images, respectively.
We converted all of the images to grayscale color space prior to training because our
target data is in grayscale format. We chose the option of bicubic downsampling by
a factor of s = 3 to produce the low-resolution images. We also used the Gaussian
filter in order to prevent aliasing artifacts due to downsampling.

During our general-domain training on the DIV2K dataset, we used a batch size
of four and employed the Adam optimizer [60], with the MSLE (mean squared loga-
rithmic error) loss function. The rationale for selecting the MSLE criterion is that the
CNN-predicted output (i.e., upscaled envelope data) is subsequently log-compressed
to obtain B-mode ultrasound images. The learning rate was set to 1073, and the cho-
sen model was N7 introduced in the previous chapter. We used the Glorot uniform
initializer [61] for the first three feature-extracting layers (with separable convolutions)
and an orthogonal matrix initializer [62] for the final subpixel layer (with standard

convolutions).

4.2.2 Target-Domain Training

The DIV2K dataset does not have any ultrasound images, which further motivates

subsequent transfer learning to adjust pre-trained CNN weights. In our case, we
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need raw channel data recorded by an ultrasound transducer array to perform receive
beamforming and generate both low- and high-resolution envelope data (i.e., upscaling
input and output samples). One source of such raw ultrasound data is the well-known
PICMUS evaluation framework [I7]. It includes three experimental 3D data volumes,
referred to as TYPE-1, TYPE-2, and TYPE-3. We applied data augmentation to
TyPE-2 and TYPE-3 beamformed envelopes to create a small dataset of 160 images
(see section for ultrasound-domain training.

After reloading the model from the general-domain phase of training, we used the
same settings as in the DIV2K case (except for the learning rate) and trained the
model with an ultrasound-specific dataset. The learning rate was set to 10~* for the
first 15 epochs, and then scheduled to be reduced by the factor of e7%! every two

epochs.

4.3 Experimental Results

In this section, we present our evaluation result based on the PICMUS TypPE-1
experimental data, as TYPE-2 and TYPE-3 have already been used for target-domain
training. Fig. illustrates a DAS-beamformed TYPE-1 B-mode image with its
three evaluated areas denoted as A, B, and C. For the anechoic cyst-like targets
A and B, we report measured CNR values in dB. For the hyperechoic point-like
target C', we report measured axial and lateral FWHM values in mm. These image
quality indicators have been computed by the PICMUS software [17] and are listed
in Tables 1] and (4.2

As our baseline (DAS), we have used a PICMUS-provided reference implementa-
tion of DAS beamforming and considered four choices of receive apodization windows:
none, boxcar, Hamming, and Tukey-25% (i.e., 1/4 cosine fraction). We evaluated
three potential solutions for Temme-Mueller (TM) migration combined with regular
interpolation (labeled TM+I): linear, bicubic, and Fourier [74]. We investigated two
options for TM migration coupled with our upscaling CNN (labeled TM+N7): us-
ing the model weights acquired immediately after initial training (DIV2K) and then
taken after transfer learning (DIV2K+TL).

Our numerical assessment results are summarized in Table for the case of a
single PW emission, which corresponds to the least expensive data acquisition. It is
clear that the generated CNR and FWHM values for the DAS are greatly affected by

the apodization window selection. On the other hand, various TM+I interpolation
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settings result in rather consistent values. The best CNR,4 = 11.8 dB is obtained
using DAS beamforming with Hamming apodization; however, it yields the worst
lateral FWHMy = 1.32 mm. Coupling TM migration with N7pryvex.rr, produces
the second largest CNRy, as well as the best CNRp = 11.7 dB and the best lateral
FWHM¢ = 0.61 mm. The best axial FWHM¢g = 0.43 mm is given by TM+N7ppyok.

Table presents our results for the coherent compounding case of N, = 75 PW
emissions. The best CNR4 = 15.1 dB and the best lateral FWHM: = 0.41 mm
are due to TM+N7prvoxiTr, while the best FWHMo = 0.45 mm is again given by
TM+N7prvex. DAS beamforming with boxcar apodization yields the best CNRg =
12.5 dB and the second largest CNR 4.

Surprisingly, the output of TM+N7ppyek has undesirable CNRp = 6.2 dB in Table
4.2 which is worse than 8.2 dB in the case of a single PW emission. It is also sur-
prising that, unlike TM+I or DAS, TM+N7prvek 11, has failed to noticeably increase
CNRjp with the use of coherent compounding (11.8 versus 11.7 dB in Table .
These observations suggest that further investigations are needed to obtain a better
understanding of CNN behaviour.

DAS-beamformed B-mode images for the case of a single PW emission at o = (°
are shown in Fig. 4.2l The non-interpolated data of TM migration can be seen in
Fig. 4.3] where undesirable pixelation is visible. Fig. 4.3] also shows the outputs of
our image reconstruction scenarios: TM-+lgycipic, TM+NT7prvek, and TM+N7prvok 1L
Since N7 is a superresolution CNN; it naturally improves FWHM values (in compari-
son to regular interpolation). Additionally, it has successfully enhanced CNR values,
particularly after transfer learning. The latter appears to introduce some despeckling
effect into N7 operation. However, in diagnostic cases that involve speckle tracking,

such an effect is not desirable.



47

o8uel gp-(9 ‘sedewt opow-g papunodurod (PSL) ¢-AdAJ,
pue ‘(103u00) Z-AdAJ, ‘(Yo[) T-AdA T, :(mopuim 946g-Losn], ‘soaem ourld ¢)) Suruuiojuresq Gy (] [PUOIIUOAUO) :'f 9INSTI]

(wur) x (wur) x (wur) x
9T 8 0 8- 91- 9T 8 0 8- 91- 9T 8 0 8- 91-




Table 4.1: Image Quality Assessment: Single Plane Wave, o = 0°.

Beamforming CNR, dB FWHM, mm
Method A B C Axial | C Lateral

3.8 7.1 0.48 0.84

DAS Boxcar 7.6 6.1 0.49 0.90

Hamming 11.8 | 84 0.48 1.32

Tukey-25% 8.4 7.1 0.49 0.97

Linear 8.8 7.9 0.49 0.87

TM+I Bicubic 8.7 7.8 0.49 0.84

Fourier 8.3 7.4 0.48 0.85

TM-N7 DIV2K 10.1 | 8.2 0.43 0.68

DIV2K+TL || 11.3 | 11.7 0.44 0.61

Table 4.2: Image Quality Assessment: 75 Plane Waves, —16° < o < 4+16°.

Beamforming CNR, dB FWHM, mm
Method A B C Axial | C Lateral

12.9 | 12.5 0.49 0.58

DAS Boxcar 13.5 | 12.5 0.49 0.60

Hamming 12,5 | 124 0.49 0.73

Tukey-25% 13.2 | 12.2 0.49 0.63

Linear 12.3 | 12.1 0.49 0.59

TM+I Bicubic 12.5 | 12.2 0.49 0.54

Fourier 124 | 12.1 0.49 0.55

TMNT DIV2K 12.7 | 6.2 0.45 0.42

DIV2K+TL || 15.1 | 11.8 0.46 0.41
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

In our work, we proposed two approaches to enhancing 2D Fourier-beamformed en-
velope data of ultrasound images using lightweight superresolution CNNs. The first
approach (described in chapter uses non-ultrasound domain images for CNN
training. We investigated several ESPCN-based network configurations and showed
that, based on the FWHM and CNR measurements on three beamformed PICMUS
datasets (labelled TYPE-1, TYPE-2, and TYPE-3), the image quality improved. In
the second approach (described in chapter , we applied transfer learning that
involves two-phase training. The first phase, general-domain training, was similar
to the one used in chapter [3] The second phase, target-domain training, utilized
augmented ultrasound images. We used data augmentation to generate 160 images
from two PICMUS experimental datasets (TYPE-2 and TYPE-3). The third available
dataset (T'YPE-1) was used to evaluate the reconstructed image quality via CNR and
FWHM measurements. In this case, the image quality significantly improved.
Another advantage of transfer learning is that it helps stabilize results. The net-
work without transfer learning is sensitive to different training runs and initializa-
tions during general-domain training because of the difference between the training
and testing datasets. Another observed benefit pertains to the selection of suitable
model weights. The end results with transfer learning did not depend on whether we
selected our model weights based on the early stopping we mentioned in chapter |3| or

based on the last epoch of general-domain training.
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5.2 Future Work

One potential area for future work aiming to enhance upscaled image quality is to
explore more advanced CNN architectures and training methods [40]. This could
involve investigating multi-scale networks, GANs, and self-supervised learning. A
deeper study on the initialization of the network related to ultrasound imaging should
also be considered. Network architecture search [75] is another promising technique
that could be used here, as it uses reinforcement learning, genetic algorithms, or
gradient-based optimization to find the architecture that performs well on the target
task.

The placement of the CNN in different stages of the beamforming process can also
be worth exploring in depth. An interesting study would be the use of a CNN in the
frequency domain. For example, the remapping function can be replaced by a CNN
which remaps and upscales the image at the same time. For this, the HR images
must be transformed into the frequency domain. With this approach, we might get
better image quality at the end of the data processing pipeline.

Another area for further research would be implementing the aforementioned
lightweight networks in FPGA targeting real-time embedded imaging systems. This
would allow for the addition of highly efficient beamforming capabilities to portable

ultrasound imaging devices.
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