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Abstract
Breast cancer affects millions of women worldwide each year, and is responsible for hundreds of thousands of deaths. Mammography, the standard
screening method for these cancers, underperforms for women with dense
breast tissue, who account for half of all women under the age of 50. Given
that these women are also at higher risk of developing breast cancer, there
is a significant need for better screening methods to serve this population.
In this thesis, we develop a breast imaging platform which combines several modalities that have been clinically shown to aid in the detection and
staging of breast malignancies. This operator-independent, completely automated scan, simultaneously acquires B-mode ultrasound, absolute elasticity,
Doppler flow, and photoacoustic tomography of the entire breast in 20 minutes. We describe the hardware and software components which comprise
each of these imaging subsystems, and conduct a preliminary study testing
the combined system by imaging a phantom which we designed to incorporate inclusions which are uniquely visible in either elasticity or photoacoustic
imaging.
The photoacoustic tomography system constitutes the most significant
contribution, and as such is the primary focus of the thesis. We have designed, built, and tested a custom, fiber-based tissue illuminator to accommodate the unique scanning geometry of the automated breast ultrasound
scanner upon which we have based our system. We have also developed
a novel data reconstruction scheme which can account for the spatial nonuniformity of this illumination. We tested this system in vitro, as well as a
purpose-built wire phantom.
Finally, we developed a data processing pipeline which uses generative
adversarial networks to improve the signal-to-noise ratio of our raw photoacoustic data, and implemented a state-of-the-art regularized reconstruction scheme to remove imaging and reconstruction artifacts. We tested this
method using several phantoms, including an anatomically realistic blood
vessel phantom generated from real breast imaging data.
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Lay Summary
Mammography is the gold standard for breast cancer screening, but is known
to be less effective for women with dense breast tissue, who account for a
significant portion of the population, and are at a higher risk of developing
breast cancer. Ultrasound imaging can be used to supplement mammography, but has its own shortcomings such as operator dependence, and a high
false positive rate, resulting in unnecessary biopsies.
We have developed the first system which can simultaneously map four
different types of structural and anatomical information for the entire breast.
This scan takes 20 minutes per breast and is painless, fully automated (therefore highly reproducible), and involves no ionizing radiation or contrast
agents. The chosen anatomical markers have all been clinically shown to
improve breast cancer detection and staging accuracy.
This thesis describes the design and construction of this system, and
tests its performance using a variety of imaging phantoms.
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Preface
The imaging results in Chapter 2 were presented as a poster, and published
in IEEE proceedings as
Corey Kelly, Julio Lobo, Mohammad Honarvar, Yanan Shao,
Septimiu Salcudean (2018). An Automated Breast Ultrasound
Scanner with Integrated Shear Wave Elastography, Doppler Flow
Imaging and Photoacoustic Tomography. In 2018 IEEE International Ultrasonics Symposium (IUS) (Vol. 2018-Octob, pp.
1–4). IEEE.
https://doi.org/10.1109/ULTSYM.2018.8580074
I wrote the code to handle the multiplexed transducer, designed and built
the phantoms, and conducted all data acquisition and analysis. I also wrote
the manuscript. Dr. Honarvar designed and build the tissue exciter for
the SonixEmbrace system. Julio Lobo integrated the shear wave absolute
vibroelastography (S-WAVE) software into the SonixEmbrace system, and
assisted with debugging. Dr. Shao implemented the scan conversion code
for the SonixEmbrace transducer. Dr. Salcudean helped with revisions.
A version of Chapter 3 was initially presented orally, and published in
the proceedings of SPIE as
Corey Kelly, Septimiu Salcudean (2018). Automated full-breast
photoacoustic tomography with non-uniform illumination. Photons Plus Ultrasound: Imaging and Sensing 2018, 1049405(February), 5. https://doi.org/10.1117/12.2292274
then expanded, revised, and published in its final form as
Corey Kelly, Amir Refaee, Septimiu Salcudean (2020). Integrating photoacoustic tomography into a multimodal automated
breast ultrasound scanner. Journal of Biomedical Optics, 25(11),
1–18. https://doi.org/10.1117/1.JBO.25.11.116010
I designed and built the illumination system reported in the paper, and
pioneered the idea of including a correction for non-uniform illumination
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in the reconstruction. I wrote the reconstrucion and analysis code, and
performed all data acquisition and analysis. Amir Refaee ported sections
of my Python code to C++/CUDA to accelerate image reconstruction. Dr.
Salcudean advised throughout and helped edit the manuscript.
Chapter 4 has been published as
Amir Refaee*, Corey Kelly*, Hamid Moradi, Septimiu Salcudean (2021). Denoising of pre-beamformed photoacoustic data
using generative adversarial networks. Biomedical Optics Express, 12(10), 6184. (*equal authorship contribution)
https://doi.org/10.1364/BOE.431997
My prior experimental work motivated this paper, and I developed the gold
standard technique this study was compared against. I designed the experiments, acquired the data, and performed the data analysis. Amir Refaee
and I worked together on formulating the deep learning method used in the
paper and contributed equally to the writing. Amir implemented the network and the iterative reconstruction solver. Drs. Moradi and Salcudean
provided guidance on the overall structure of the manuscript, and helped
with editing.
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Chapter 1

Introduction and Motivation
1.1

Motivation

In 2020, female breast cancer surpassed lung cancer as the most diagnosed
cancer globally, accounting for 2.2 million new cases, and a total of 689 996
deaths [1]. While breast cancer morbidity is dropping, incidence is increasing
as the global population ages, and higher quality health care and screening
standards become more accessible [2]. For this reason, diagnostic imaging
of the breast has remained an active area of research since the introduction
of the mammogram 40 years ago [3].
X-ray mammography (XRM) remains the gold standard for the detection
of breast cancer. While the technique has an overall sensitivity of up to
90%, this is highly variable across populations, and can be as low as 30% for
women with radiographically dense breast tissue, who account for one half of
women under the age of 50, and one third of women over the age of 50 [4,5].
Women with dense breast tissue are also at higher risk of developing breast
cancer. Combined, these factors result in up to 17.8 times higher incidence
of interval cancers (those detected less than 12 months after a negative
mammogram) when compared to women with predominantly fatty breast
tissue [6].

1.2

Ultrasound Imaging of the Breast

Ultrasound (US) imaging serves as a supplement to XRM for peripheral
sites, as a “second-look” modality for identifying cysts and distinguishing
benign and malignant solid masses [7,8], and for screening women with dense
tissue and other risk factors [9, 10]. While US avoids the ionizing radiation
and painful compression of XRM, it is known to suffer from a high false
positive rate, and a significant operator variability [7, 11, 12], preventing its
widespread use as a primary screening modality.
When classifying tissue as benign or malignant, clinicians are accustomed to having XRM images available to visualize amorphous calcifica-
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1.3. Automated Breast Ultrasound Scanners
tions [13]. While these are not necessarily visible in standard B-mode ultrasound, they can be detected using state-of-the-art transducers and reconstruction algorithms [10, 14], or by using more sophisticated modalities of
ultrasound such as colour Doppler [15]. Another key distinguishing factor
of malignancies is that they are typically stiffer than benign lesions [16].
Ultrasound-based tissue stiffness measurements using techniques such as
shear wave elastography (SWE) (most commonly using acoustic radiation
force impulse (ARFI)) have shown significant promise in replicating and
supplementing palpation for this purpose [17, 18, 19, 20]. Finally, there is
increasing consensus that multimodal ultrasound-based imaging is both feasible and clinically relevant, with many combinations of imaging modalities
being explored: US/photoacoustic [21, 22, 23, 24], US/Doppler [25], photoacoustic/elastography [26], US/elastography [27, 28, 29], US/elastography/
Doppler [30, 31], and US/photoacoustic/elastography [32].

1.3

Automated Breast Ultrasound Scanners

Automated ultrasound scanning of the breast has become a promising alternative to handheld ultrasound (HHUS), especially with respect to the issues
of operator dependence and poor repeatability [33,34,35,36]. To explore this
potential, several automated breast ultrasound scanners (ABUSs) systems
have become commercially available. Figure 1.1, Figure 1.2, and Table 1.1
summarize these systems, with a focus on features relevant to this thesis.
In the following sections we will briefly discuss each of these systems, highlighting significant clinical results. We have broadly classified the systems
based on the scanning geometry and patient position.

1.3.1

Semi-automated

SonoCiné
The SonoCiné automated whole-breast ultrasound (AWBU) (SonoCiné, Reno,
NV, USA) is unique in that it can be used with any HHUS system and transducer. The system consists of a transducer mount guided by a robotic arm
to obtain parallel image slices in several overlapping scans, while a technologist holds the transducer, ensuring proper placement at the start of each
scan. These images can then be played back in a loop (or ciné) for review.
Figure 1.1 shows the SonoCiné system, as well as the scanning procedure.
The SonoCiné system was the focus of an early clinical trial investigating
the diagnostic value of ABUS scanning as an adjunct to XRM for women
2
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Hybrid System
SonoCiné

Paddle Style Systems
GE Invenia

Siemens Acuson

Figure 1.1: An overview of commercially available automated breast ultrasound scanners. Further details are provided in Table 1.1 and in the text.
Continued in Figure 1.2

with dense breast tissue, or other risk factors. The study included 4419
women, and found that ABUS provided an increase in diagnostic yield from
3.6 per 1000 to 7.2 per 1000 compared to XRM alone [37]. While this
improvement is similar to that achieved with HHUS, the authors highlight
that the other benefits of ABUS (reproducibility, flexibility in review time)
make it the preferred technique.
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1.3.2

Paddle Style

GE Invenia ABUS
Several clinical studies were performed using the SomoVu Automated Breast
US System by U-Systems (a subsidary of GE Healthcare) [38, 39] which
scans the patient in the supine position using a paddle transducer with a
bandwidth of 14 MHz to 16 MHz. This system has since been superceded by
the GE Invenia ABUS, which includes a patented Reverse Curve transducer
and automated compression built into the scan head. Figure 1.1 shows the
system footprint, as well as the scan head and scanning position.
U-Systems conducted a pivotal retrospective reader clinical study in 2012
using this system, exploring the use of ABUS in conjunction with XRM for
the detection of cancers in women with dense breasts. Examining 164 total
cases, consisting of 133 non-cancers and 31 biopsy-confirmed cancers, the
study found the addition of ABUS significant improved overall sensitivity
from 38.8% to 63.1%, with no statistically significant decrease in specificity
(78.0% to 76.0%) [40]. This result paved the way for Food and Drug Administration (FDA) approval of the Invenia system in 2013.
Siemens Acuson S2000
The Acuson S2000 automated breast volume scanner (ABVS) from Siemens
Healthcare features a 5 MHz to 14 MHz paddle style transducer on an arm
which is lightly compressed against the breast with the patient in the supine
position. A single scan acquires up to 448 axial slices, and the workstation
uses multiplanar reconstruction in post-processing to generate coronal and
sagittal views. By conducting additional HHUS scans, this system can also
perform ARFI elastography to measure tissue elasticity [17]. Figure 1.1
shows the system footprint, as well as the scanning position.
The Acuson system is the most widely used of the systems discussed
here [11, 13, 41, 42, 43]. A meta-analysis conducted by Zhang et at. of 1376
patients over nine studies found that compared to HHUS, ABUS improves
diagnostic sensitivity from 90% to 93% and specificity from 82% to 86% [34].
Of the 22 studies included in all of their analyses, 20 were conducted using
the Acuson system.

1.3.3

Ultrasound computed tomography (USCT) systems

Table 1.1 also contains two commercially available USCT systems, the SoftVue (Delphinus Medical, Novi, MI, USA) and the QTscan (QT Imaging,
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Ultrasound Computed Tomography Systems
QT Imaging QTscan

Delphinus SoftVue

Dome Style Systems
Hitachi SOFIA

Ultrasonix
SonixEmbrace

Figure 1.2: Continued from Figure 1.1. An overview of commercially available automated breast ultrasound scanners. Further details are provided in
Table 1.1 and in the text.

Novato, CA, USA). These scanners are also shown in Figure 1.2. In contrast to standard US imaging which measures only reflected acoustic waves,
USCT also measures transmitted waves. Through inversion algorithms similar to X-ray computed tomography (CT), these measurements can be used
to reconstruct the speed of sound and acoustic attenuation throughout the
breast. Volumetric speed of sound measurement has been shown to be a
good surrogate for breast density [44, 45], and the combination of speed of
sound and attenuation can be used to infer relative tissue stiffness [46].
While distinct from ABUS, USCT systems constitute a significant portion of the literature regarding US-based automated scanning of the breast,
and are similar to dome-style ABUS systems in their prone scanning geometry and concave transducers.
5
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1.3.4

Dome Style

Hitachi SOFIA
The SOFIA system was developed by iVu Imaging (Southlake, TX, USA),
and is now distributed by Hitachi Healthcare Americas (Twinsburg, OH,
USA). The scanner consists of a platform with an inset scanning interface,
containing the transducer. The patient lies prone with one breast against
the transducer, which rotates as it acquires US images. The scan takes 30
seconds, and produces volumetric ultrasound data of the entire breast.
Figure 1.2 shows the SOFIA system, illustrating the prone scanning
position and the transducer area.
A pilot study of 63 patients using this system achieved similar lesion
detection capabilities to HHUS, but resulted in 16.67% more unnecessary
second-look recalls [47]. The authors of the study also report issues breast
sizes of a D cup or larger, as they exceeded the size of the scan area, resulting
in incomplete image data.
SonixEmbrace ABUS
This thesis will focus on the the SonixEmbrace automated breast ultrasound scanner (Ultrasonix Medical Corporation, Richmond, BC, Canada).
The SonixEmbrace consists of a large, concave ultrasound transducer embedded in a spherical dome. The patient lies prone on a padded platform
with one breast lying against a gel-based custom coupling pad within the
imaging dome. A motor rotates the dome through 360°, acquiring B-mode
images at 0.5° intervals, which are then interpolated to produce volumetric ultrasound [48]. A photo of the this system is included in Figure 1.2.
The SonixEmbrace is similar to the SOFIA system in that the scan is performed with the patient in the prone position using a rotating transducer.
The SOFIA system, however, uses a linear transducer embedded in a coneshaped scanning surface, and also is designed to image the breast while
compressed by the body weight of the patient. The SonixEmbrace system
has several advantages outlined by Zahiri Azar et al [49], including high lateral resolution due to the concave transducer array design, a fixed scanning
volume that facilitates registration to other imaging modalities such as magnetic resonance imaging (MRI), and a rapid volumetric acquisition time of
2 min. The breast does not move nor is it deformed during the acquisition,
and therefore its volumetric image can be re-sliced for analysis and diagnosis. Thus operator-dependence in image acquisition is effectively removed,
and diagnosis by a qualified radiologist can be facilitated. An example of
6
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Figure 1.3: Volumetric B-mode US data of a healthy volunteer acquired with
the SonixEmbrace ABUS, demonstrating the viewer software and slicing
capability.

volumetric B-mode data acquired with the SonixEmbrace system is shown
in Figure 1.3.
Early results with this system showed promise in the detection of microcalcifications in the breast [14], which serve as an early warning sign of
malignancy, especially in cases of ductal carcinoma in situ (DCIS) [50, 51].

1.3.5

Outstanding Issues

While ABUS systems have been generally seen as valuable diagnostic tools [11,
13,38], there have been several shortcomings preventing their widespread usage.
One concern is that in contrast to HHUS imaging, there currently exists
no standardized approach to interpreting ABUS image data [41]. Solving
this problem is a matter of further clinical study with the the express pur7

Device Type

System

Manufacturer

Patient
position

Transducer Type

Clinical Results

Semi-automated

SonoCiné

SonoCiné

Supine

Any HHUS probe

Multi-center trial, 6425
examinations [37]

Paddle Style
ABUS

Invenia ABUS

GE Healthcare

Supine

15.4 cm concave, linear
scanning

Multi-center
trial,
15 318 women [33]

Acuson S2000

Siemens Healthcare

Supine

15 cm linear array, linear scanning

[34, 52]

SOFIA

Hitachi Medical

Prone

Inset disc with “trapezoidal linear probe”, rotational scanning

[47, 53]

SonixEmbrace

Ultrasonix Medical Corp.

Prone

Inset dome with concave transducer, rotational scanning

QTscan

QT Imaging

Prone

Two transmission arrays, three reflection arrays

[54, 55]

SoftVue

Delphinus Medical Technologies

Prone

22 cm ring array with
axial scanning

[45, 56, 57]

Dome Style
ABUS

Ultrasound
Tomography

None
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Table 1.1: A comparison of ABUS systems illustrated in Figures 1.1 and 1.2. Further details and discussion
provided in the text.
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pose of establishing these guidelines, either by suitably modifying HHUS
evaluation protocols, or building a standardization specifically for ABUS.
For several reasons, ABUS image reviewers in a clinical setting will request “second look” HHUS imaging be performed, negating the time (and
cost) benefits of automated scanning. Since ABUS technology is still in its
infancy, lack of training is a problem, and studies report a high rate of image artifacts, which can often resemble lesions [38, 41]. ABUS images are
reviewed by a specialist after the scan, so the ability to modify compression, transducer position, and scanner settings is lost [11, 13]. Wojcinski et
al. also reported the inability to use ultrasound modalities such as Doppler
imaging or sonoelastography as a limitation [11] (this study was performed
using the Siemens Acuson S2000 system).
One clinical study using a paddle style ABUS system reported difficulty
imaging breasts larger than cup size D [11], while a study performed using a
dome style transducer mentioned no such limitation [58]. ABUS systems are
also unable to easily examine the axillary region, and the posterior region
of larger breasts [10, 41].
With the exception of the SonoCiné, which can use any standalone US
system, none of the currently available ABUS systems include integrated
multimodal imaging in their automated scan.
In this thesis, we develop a multimodal breast imaging system based
upon the SonixEmbrace ABUS. We believe that the rigid volume scanning scheme and tomographic geometry of the SonixEmbrace provide an
excellent platform for this type of application, and the high quality of the
ultrasound images produced by the system serves as an excellent starting
point. Through the use of the SonixDAQ and the Sonix software development kit (SDK), pre-beamformed radio-frequency (RF) data is accessible for
this system, which is necessary to perform photoacoustic imaging. Finally,
our group has extensive expertise integrating elastography with Ultrasonix
hardware, making multimodal imaging with this system more easily attainable.

1.4
1.4.1

Photoacoustic Tomography
Overview

One of the most promising emerging techniques for the diagnosis and staging
of breast cancer is photoacoustic imaging (PAI). PAI is a biomedical imaging technique that leverages the advantages of both ultrasound and optical
imaging to non-invasively image vasculature and other optically absorbing
9
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targets [59, 60]. Significant progress both in hardware and data reconstruction techniques over the past decade have moved this modality from the lab
to the clinic [61], where it has shown promise in the detection and staging
of cancer [62, 63], the detection of inflammatory conditions [64, 65], and for
intraoperative guidance [66, 67].
The past several years have seen a multitude of clinical studies demonstrating the utility of this technique for the detection [23,26,68,69,70], staging [71,72], and pre-operative margin assessment [73] of breast malignancies.

Figure 1.4: A schematic illustration of photoacoustic imaging. A laser pulse
incident upon the sample is absorbed, causing rapid thermal expansion. This
generates acoustic waves which can be detected with an US transducer.
Finally, by processing these measured acoustic pressure data, the spatial
distribution of optical absorption in the sample can be reconstructed.

When a pulse of laser light is incident upon tissue, it causes rapid, local
thermal expansion. The resultant rise in pressure creates acoustic waves
which propagate through the tissue and can be detected by standard ultrasound transducers. This technique is known as PAI, and is illustrated
schematically in Figure 1.4. Since the energy deposition depends on local
optical absorption, the measured ultrasound signal will contain physiological information about the targeted area. In particular, since the hemoglobin
in blood is a strong optical absorber relative to tissue, PAI can visualize
10
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vasculature in tissue (angiography). The exponential growth of cancerous
tissue requires much more vasculature than healthy tissue, making dense
local vasculature an excellent indicator of malignancy [74, 75, 76]. These
factors combine to make PAI an excellent technique for early breast cancer
diagnosis and directed treatment [58,77,78,79]. An extension of PAI known
as photoacoustic spectroscopy involves irradiating the tissue with different
wavelengths of light to measure wavelength-dependent absorption. This is
particularly useful in the imaging of vasculature, as the oxygenation states
of hemoglobin, oxyhemoglobin (HbO2 ) and deoxyhemoglobin (Hb) have different peak absorption wavelengths, allowing their relative concentrations,
the blood oxygen saturation (SO2 ), to be measured [80, 81, 82]. This technique has been shown to be highly effective in detecting and staging breast
cancer [23, 75, 83] and clinical results using an automated scanner for this
purpose have been promising [84].
When a three-dimensional (3D) arrangement of transducers is used to
generate volumetric photoacoustic data, this is known as photoacoustic tomography (PAT). PAT is a well-suited modality for an ABUS, as the immobilization of the breast and careful control of the detector will allow for much
higher imaging resolution [58]. One difficulty in the integration of PAT into
an ABUS is that the entire transducer must be coupled to the tissue with
a water bath, requiring that the scan be performed with the patient in the
prone position.

1.4.2

Illumination Methods

The state of the art in breast PAT was recently summarized by Manohar et
al. [12], and we refer the reader to this excellent review for a detailed description of common scanning and illumination geometries currently in use.
Figure 1.5, reproduced from this work, concisely highlights the information
relevant to this thesis. In particular, such systems are carefully designed
from the ground up to balance the density of detection elements against
the ease of delivering light to the sample. Illuminating the entire surface of
the tissue with a collimated or divergent beam is often preferable, and this
geometry has seen widespread use for the imaging of small animals [85, 86]
and human extremities [87]. This type of illumination has the advantage
of providing a relatively uniform fluence at the tissue surface, such that the
fluence within the imaging volume can either be assumed constant, or accounted for with a depth-based attenuation model [23]. In the case of the
SonixEmbrace, where the ultrasound hardware is a given and we wish to
retrofit the illumination, we are more limited in our options. In particular,
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for reasons elaborated upon in Chapter 2, a collimated beam illuminating
the entire surface of the breast is not easily accomplished.

1.4.3

Theory and Reconstruction

PAT reconstruction amounts to solving for the energy absorption in the
sample, Ae (r) from the resultant photoacoustic (PA) signal, p(r, t). These
quantities are related via the initial pressure distribution, p0 (r, t) by the
differential equation
 2

∂
∂
2 2
− vs ∇ p(r, t) = p0 (r, t);
(1.1)
2
∂t
∂t
p0 (r, t) =

vs2 β
Ψ(r, t)Ae (r) [D (r) · · · ]
Cv

(1.2)

where β, Cv , and vs are the coefficient of thermal expansion, heat capacity,
and acoustic speed in the irradiated medium, respectively, and Ψ(r, t) is the
energy distribution of the laser pulse [81]. D (r), the directional response of
the transducer, and other spatially varying terms can be optionally included,
depending on the sophistication of the reconstruction technique being employed [88]. Equation (1.1) assumes acoustic homogeneity, and ignores thermal diffusion and viscosity [60]. Under the further assumption of a delta
function-like excitation pulse Ψ(r, t) = Ψ(r)δ(t), a Green’s function solution
to Equation (1.1) describes the measured pressure data pd (r, t) in terms of
the initial pressure distribution p0 (r) as
" Z Z
#
∂
t
pd (r0 , t) =
p0 (r)d Ω
(1.3)
∂t 4π
|r0 −r|=vs t
where d Ω is the solid angle element of the source point r relative to the
measurement position r0 .
There are many ways to proceed from this point. The form of equation Equation (1.3) suggests standard tomography techniques that may employ a Radon transform, which have indeed been implemented by several
groups [89, 90]. Radon transform approximations have proven successful in
cases of enclosed spherical detector geometry with the sample being much
smaller than the detection volume, but introduce artifacts when these conditions are not met.
Another approach, borrowed from traditional ultrasound image reconstruction, is to backproject each measured signal onto spherical surfaces
12
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Figure 1.5: Illumination and scanning geometries in use for PAT and PAI
of the breast. Reproduced from Manohar et al. [12].
13

1.5. Elastography
with radii given by vs t. This is referred to as Poisson reconstruction or
simply backprojection, and is commonly implemented using a delay-andsum (DAS) [91,92] or synthetic aperture [93,94] algorithm. Extending these
typically linear algorithms to spherical or cylindrical geometries has been
accomplished using Fourier transform-based techniques [77, 95] similar to
those used in ultrasound reflectivity imaging [96]. This approach ultimately
amounts to performing a backprojection with various filtering and weighting
schemes.
Once p0 (r) is obtained, it is commonly assumed that the illumination
is spatially uniform, Ψ(r) = Ψ, and the energy absorption Ae (r) can be
directly obtained via Equation (1.2). If the illuminating light is non-uniform,
more sophisticated techniques such as iterative schemes [97], model-based
inversion [98], or deconvolution-based inversion [88] must be employed.

1.4.4

Denoising Photoacoustic Data

Since photoacoustic signal intensity is proportional to the dose of laser
light reaching the imaging target [60], and the laser light is heavily attenuated in tissue, photoacoustic tomography often involves the recovery
of very weak signals. A fundamental tradeoff exists between maximizing
this intensity while minimizing the laser dose to which the patient is exposed [99]. Although different reconstruction schemes ranging from filtered
back-projection [100] to iterative approaches [101,102,103] have been developed to enhance the quality of the reconstructed images, it is still common
to average the raw radio-frequency (RF) ultrasound data generated from
multiple consecutive laser pulses, reducing stochastic noise and improving
the signal-to-noise ratio (SNR) [104, 105]. This approach not only increases
the scan time proportionally to the number of frames acquired at each imaging position, lowering the frame rate of the system, but it also increases the
total laser dose. More specific noise-reduction techniques such as bandpass
filtering to the working range of the ultrasound transducer [100], or the
removal of laser-induced noise using singular value decomposition (SVD)
denoising [106] have also been employed to improve the quality of photoacoustic RF data.

1.5

Elastography

In the context of medical imaging, elastography is the measurement of the
mechanical, or more specifically, viscoelastic, properties of tissue. This can
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Figure 1.6: A schematic diagram of a general elastography technique.

offer a digital analogue to palpation, allowing a clinician to distinguish stiff
tumours from the softer tissue surrounding them.
There are many elastography methods, but they broadly consist of three
steps. First, some sort of mechanical deformation is applied to the tissue.
Then, the resultant tissue displacement is tracked using some imaging or
point measurement technique. Finally, the displacement information is used
to calculate the elasticity of the tissue, subject to some mathematical model.
Figure 1.6 illustrates this general process schematically.
This thesis makes use of a technique known as shear wave absolute
vibroelastography (S-WAVE), a technique which was first introduced as
“sono-elastography” by Parker et al. [107], in which a low-frequency harmonic excitation is applied externally to the tissue, and the resultant timedependent displacement is tracked using US imaging. A mathematical model
for the elastic response of the tissue is used to derive an inverse problem
which can be solved to reconstruct an elastogram from the displacement
data [108, 109, 110].
For a more detailed theoretical and technical overview of the S-WAVE
technique, the reader is referred to the theses of Ali Baghani [111], Mohammad Honarvar [112], and Jeff Abeysekera [113].
Our group has previously used this technique for imaging the liver [114,
115], prostate [116, 117], ex vivo placenta [118], and ex vivo kidneys [119].
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Eskandari et al. conducted a preliminary study using S-WAVE to differentiate malignant from benign breast lesions in 20 patients [120]. Using
pathology of core-needle biopsy as ground truth, they reported that while
invasive ductal carcinoma (IDC) could be distinguished from benign masses,
more sophisticated data analysis would be necessary to avoid mis-classifying
stiff benign lesions such as fibroadenoma. Recently, the work of Shao [121]
et al. combined B-mode US, S-WAVE, and time-series RF US data and
developed a machine learning pipeline to distinguish malignant and benign
breast lesions, achieving an area under the curve (AUC) of (95.00 ± 1.45)%,
with 95% sensitivity and 93% specificity. This work provides a very strong
case for multi-modal imaging of the breast as a diagnostic tool.

1.6

Contributions and Thesis Overview

The objective of this thesis is to integrate new ultrasound-based imaging
modalities into an existing SonixEmbrace ABUS system, with the ultimate
goal of developing a multimodal platform for the imaging of breast malignancies. In particular, we seek to simultaneously acquire
• volumetric ultrasound,
• shear-wave elastography,
• Doppler flow imaging,
• and photoacoustic tomography
of the entire breast. Further, to preserve the clinical viability and automated
nature of the scanner, we hope to avoid or minimize
• change to the existing system, such that its ultrasound imaging is
unaffected,
• increase in scan time,
• and the introduction of any operator-dependence.
Toward this goal, this thesis consists of the following contributions:
1. A complete photoacoustic tomography system, consisting of
• hardware to synchronize ultrasound acquisition with the laser
illumination,
16
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• software to control said hardware, as well as the ABUS transducer
motor and multiplexing electronics,
• a novel, fiber-based illuminator to deliver laser light to the tissue
surface,
• and a unique wire phantom design to test this imaging system in
a robust yet repeatable way.
2. A photoacoustic reconstruction and data processing pipeline including
• the implementation of a regularized iterative reconstruction scheme
which improves image quality and reduces common imaging and
reconstruction artifacts,
• an image reconstruction scheme which accounts for the inherently
non-uniform optical fluence introduced by our custom illuminator,
• a novel data pre-processing method which can enhance extremely
weak photoacoustic signals through the use of generative adversarial networks (GANs),
3. A prototype system for shear-wave elastography and Doppler flow
imaging with the SonixEmbrace ABUS, consisting of
• an exciter to induce steady-state vibrations in the breast during
imaging,
• implementation of the necessary ultrasound sequencing for the
multiplexed SonixEmbrace transducer,
• implementation of scan-conversion for the unique transducer and
motor geometry of the SonixEmbrace system.
4. Preliminary testing and characterization of this combined system by
imaging a custom, in-house multimodal phantom, as well as a commercially available multimodal breast phantom.
Chapter 2 provides a detailed overview of the novel hardware and software contributions which form the basis of the following chapters. We also
include preliminary imaging results combining S-WAVE, Doppler flow, and
PAT acquired with the SonixEmbrace system.
Chapter 3 describes in detail the photoacoustic imaging system. This
includes a hardware overview, the design of the tissue illuminator, and a
reconstruction method which accounts for spatially non-uniform illumination. This chapter also introduces a custom wire phantom design which is
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imaged as a means to quantify the performance of the system in terms of
signal-to-noise ratio (SNR) and achievable resolution.
Chapter 4 presents a method we have devised to remove both stochastic and structured noise in pre-beamformed photoacoustic data using GANs.
This chapter also outlines our implementation of a regularized reconstruction method to remove imaging artifacts. These two techniques allow us to
greatly improve our imaging results with no hardware changes.
Chapter 5 summarizes and discusses the results of the thesis, and provides suggested paths forward for this research.
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Chapter 2

System Overview and
Preliminary Results
In this chapter, we will describe the hardware and software additions and
alterations made to the SonixEmbrace ABUS to facilitate PAT and S-WAVE
imaging, including the system constraints which informed these design decisions. We will first discuss the S-WAVE sub-system, then the PAT subsystem. Finally, we present preliminary imaging results acquired with the
combined system, and discuss how these results direct and motivate the
remainder of the thesis.

2.1

SWAVE System

The main hardware addition required for S-WAVE imaging is a shaker which
can excite periodic, low-frequency vibrations in the breast. Figure 2.1 shows
the tissue shaker designed and built for the SonixEmbrace by Dr. Mohammad Honarvar. The shaker consists of a ring-shaped frame containing three
equally-spaced voice coil actuators. The frame clamps around the upper
portion of the cylindrical enclosure containing the imaging dome, allowing
the weight of the patient to provide good coupling of the chest wall to the actuators. The current prototype uses a plastic plate to interface the actuators
with the tissue, as shown in Figure 2.1e.
Since the dome enclosure can be moved up and down to accommodate
different breast sizes, the shaker was designed to have a low profile, such
that it is hardly noticeable once retracted below the padded surface of the
ABUS scanning platform. This padded surface is removed in Figure 2.1.
In addition to the shaker itself, the S-WAVE system requires a controller
to generate the excitation signal, and synchronize the data acquisition with
the phase of said signal. The system also uses eScan, software developed by
our group, for control of image acquisition and display.
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(a) The detached shaker, with the
three excitation motors and electrical
connection visible.

(b) Close-up of one of the three voice
coil actuators.

(c) Design schematics for the tissue exciter.

(d) Attachment of the shaker to the
imaging dome.

(e) Imaging configuration, including a
plastic probe cover on the shaker, and
the prototype plastic coupling plate.

Figure 2.1: Photos and schematics of the S-WAVE tissue exciter for the
SonixEmbrace system.
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2.2

Photoacoustic System

Manohar et al., in their recent review titled “Current and Future Trends
in Photoacoustic Breast Imaging” [12], described a generic photoacoustic
breast imager as consisting of the following sub-systems:
1. patient-instrument interface,
2. ultrasound detector array,
3. data acquisition system
4. light source,
5. light delivery system,
6. computer running control and image reconstruction software.
The SonixEmbrace provides the first two items. A SonixDAQ unit (DAQ
- Ultrasonix, Richmond, BC) constitutes our data acquisition system, and
a Continuum Surelite II laser (Continuum Inc., Santa Clara, CA, USA)
provides our light source. This thesis is concerned primarily with the final
two components.
The following sections will discuss these system components, focusing on
those which constitute contributions to the present thesis.

2.2.1

SonixEmbrace Transducer

Given that the SonixEmbrace transducer was designed for US imaging, it is
important to assess its suitability as a photoacoustic detector.
Figure 2.2 shows the SonixEmbrace transducer, separated from the imaging dome. The 3D scanning geometry and concave shape of the transducer
make it well-suited for PAT, since a large portion of the dome volume has
significant solid angle coverage. This means that a given imaging voxel will
be “seen” by multiple transducer elements, from multiple directions, resulting in a higher SNR. Since the transducer extends past the rotational axis,
the areolar region (which is known to be difficult to image [122, 123, 124]) is
particularly well covered, with voxels being visible from thousands of distinct
views in a typical scan. An ideal transducer would have a very wide acceptance angle, further increasing the number of voxels to which each element
contributes [125]. As seen in Figure 2.2b, the SonixEmbrace transducer is
limited in this respect by the inclusion of an acoustic lens. In Chapter 3
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(a) Side-on view of the SonixEmbrace transducer. The transducer curvature is
−12 cm, and the total length is 11.5 cm.

(b) End-on view of the SonixEmbrace transducer, with the acoustic lens being
visible as the slightly curved upper surface, indicated by a red ellipse.

Figure 2.2: Close-up photos of the SonixEmbrace transducer, removed from
the imaging dome for clarity.
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we measure the angular sensitivity of the transducer, and discuss how to
account for this non-uniform response during image reconstruction.
The primary disadvantage of this transducer with regards to PAT is the
working frequency range. Since photoacoustic signals are broadband, with
the frequency content depending on the size of the absorbing structure, optimal detection requires a transducer with a carefully chosen centre frequency
and working range [125, 126]. To resolve features with diameters ranging
from amin to amax in a medium with acoustic velocity ν, the frequency
range of the transducer, (fmin , fmax ) is given by [127]
fmin =

0.32ν
amax

fmax =

3ν
.
amin

(2.1)

The SonixEmbrace transducer has a centre frequency of 10 MHz with a 90%
bandwidth, giving a working range of 5.5 MHz to 14.5 MHz. Equation (2.1)
suggests that this transducer would be able to resolve features ranging from
33 µm to 818 µm. Figure 2.3 compares this range to the sizes of various
types of vasculature, indicating that our system can theoretically resolve
most arteries and veins. Breast tumours begin to undergo exponential grow
during the vascular phase, when their diameters are in the 1 mm to 2 mm
range [74]. While a working range extending into the kHz would be ideal
for resolving these features faithfully, the higher frequency content will still
be able to resolve feature boundaries.
Figure 2.3 also shows the so called “stress confinement” limit for our
laser system. At or below this limit, stress waves propagate significantly in
the target during the laser pulse duration. The physical model governing
PAT reconstruction does not hold in this regime, and significant blurring of
the resultant images can occur [60]. The physics of PAT are described in
detail in Chapter 3. With a laser pulse width of 5 ns, our system is above
this limit for features greater than 10 µm in size.

2.2.2

Light Delivery

A custom solution was required to deliver the laser illumination to the imaging volume. While proof-of-principle phantom imaging could be conducted
using a collimated beam from above the dome, this obviously would not
work in a realistic imaging situation, where the dome is covered by the
prone patient. This problem can be split into two parts. First, getting the
light from the laser to beneath the dome, and second, getting the light past
the dome to the imaging volume.
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Figure 2.3: The diameter of resolvable structures as a function of the illumination laser pulse width in PAT imaging, demonstrating the limits of our
system.
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(a) Top down view on the transducer
dome.

(b) Side-on view of the transducer
dome.

(c) Under the ABUS dome cylinder, showing the path of electrical connections to
the transducer.

(d) Outer cylinder removed, side-on
view. One multiplexing board visible.

(e) Outer cylinder removed, end-on
view. Multiplexing boards and axle
profile visible.

Figure 2.4: Photos showing the geometry of the SonixEmbrace imaging
dome and transducer electronics.
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The SonixEmbrace imaging dome is contained in a cylindrical enclosure
which provides rigidity for the rotational motor, and supports the weight
of the patient. This enclosure is shown in Figures 2.4a and 2.4b. The only
opening is this dome is a panel through which the transducer electrical connections pass. As such, fiber-coupled light delivery is the only option which
doesn’t require extensive modification to the enclosure. Figure 2.4c shows
this opening, with the motor axle and cable strain relief visible. While optical fiber bundles could maintain this radius of curvature without damage,
these tend to be expensive, easily damaged, and difficult or impossible to
polish or re-connectorize. For the purposes of this thesis, we will use less
flexible, but more robust, silica-core multimode optical fibers. The larger
radius of curvature of these fibers requires removing the dome enclosure entirely, but they are still able to coil 360° around the axle to allow full rotation
of the transducer dome. Figures 2.4d and 2.4e show the transducer dome
with the enclosure removed, revealing the transducer electronics.
Getting the light from the fiber output to the tissue surface is more difficult. Our detailed solution to this issue is the focus of Chapter 3, but
we will discuss briefly here the modifications we have made to the SonixEmbrace system to accommodate our illuminator. Figure 2.5 shows these
modifications, as compared to Figure 2.4.
Since light is being delivered from beneath, and the imaging dome is
opaque, an optical window was added. Rather than modify the existing
dome, we used the computer-aided design (CAD) files for the transducer
dome to 3D print a new dome with a rectangular hole alongside the transducer. A piece of polycarbonate plastic was affixed in the hole with epoxy,
maintaining the water-tightness of the dome. Figures 2.5a and 2.5b show
this window from above and below, respectively.
The optics for the illuminator (again, see Chapter 3 for details) are
contained in a 3D printed enclosure which mounts to the motor axle, fixing
alignment relative to the transducer dome. The position of this enclosure
can be seen in Figures 2.5c and 2.5d. By including all optical elements in the
CAD process, the positions of the illuminator enclosure and optical window
were both optimized to maximize the amount of light reaching the tissue
surface.
This design could in principle be extended to include a second illuminator
placed symmetrically on the other side of the transducer (with a second
optical window). This would however necessitate splitting the fiber output,
requiring more optical elements, and as such was not explored in the present
study.
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(a) Top-down view of the new
3D-printed imaging dome, showing the position of the optical
window.

(b) Under the imaging dome, to
illustrate the space constraints
upon the position of the optical
window and illuminator beam.
The illuminator is removed in
this photo for clarity.

(c) Side-on view demonstrating
the position of the illuminator,
indicated by a red circle, under
the imaging dome.

(d) End-on view demonstrating
the position of the illuminator,
indicated by a red circle, under
the imaging dome.

Figure 2.5: Photos of the SonixEmbrace imaging dome, illustrating the
optical window and the position of the illuminator optics.
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2.2.3

Hardware Synchronization

The various hardware elements of the PAT system must be simultaneously
controlled for imaging to be possible. While some of this is accomplished
in software, the synchronization of the illumination laser and ultrasound
acquisition requires more precision. We designed and built a custom “trigger box” to handle all timing-critical aspects of the system in a robust and
reproducible way. This circuit must provide precision across multiple time
scales — ∼ns transistor–transistor logic (TTL) pulse widths, ∼µs Q-switch
delays, ∼ms laser repetition rate — and stability over the course of experiments which can last hours.
Photos of the trigger box are shown in Figure 2.6. Based on an Arduino
Uno, the system is electronically simple, consisting mainly of digital input/
output pins, switches, and a universal serial bus (USB) connection for serial
communication with the PC. The box is designed to operate the Continuum
Surelite II laser in a steady-state mode, increasing power stability, and minimizing any jitter in timing. The algorithm used is schematically illustrated
in Figure 2.7. Essentially, when enabled, the circuit provides flashlamp triggers to the laser at its optimal 9.8 Hz pulse repetition frequency, and when
data is requested, Q-switch triggers are sent without timing interruption
to induce lasing and generate illumination pulses. Synchronized with these
pulses are triggers to begin data acquisition by the DAQ, followed by triggers
to the US sequencer to update the transducer multiplexing. The Arduino
Uno has a clock speed of 16 MHz, theoretically allowing timing precision
into the nanosecond range.
Figure 2.7 also demonstrates how this triggering integrates asynchronously
with the motor control to generate a volumetric scan. The full Arduino code
implementing this algorithm is included in Appendix D.

2.2.4

Control Software

Since our photoacoustic system contains multiple devices which must be
synchronized and communicated with, a purpose-built software solution is
required. This central piece of software serves to
• allow control and monitoring of the trigger box, SonixEmbrace motor,
and laser power meter,
• change experimental parameters such as volumetric scan settings, and
laser power,
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(a) The trigger box with lid
removed, revealing the Arduino
board and wiring.

(b) Top-down view of the trigger
box.

(d) Side-on view: single pulse button, laser enable switch, and 9-pin
connector for laser triggering.

(c) Side-on view: USB and power
connections.

(e) Side-on view: TTL trigger connections.

Figure 2.6: Photos of the Arduino-based trigger circuit used to control the
Q-switched laser, DAQ acquisition, and transducer multiplexing.
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Figure 2.7: An outline of the triggering algorithm for stable operation of the
Q-switched laser source during PAT acquisition.
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• collate acquired data in a format suitable for storage and further processing,
• compute image reconstructions for subsequent display.
The ABUS Photoacoustic Interface was developed in Python 3 using
PyQt5 for the graphical user interface (GUI), pyserial for all device communication over USB, and pyCUDA for graphics processing unit (GPU)
accelerated image reconstruction. See Figure 2.9 for a screenshot of the
software during data acquisition. All experimental and reconstruction parameters can be changed in the GUI, and controls are available for common
tasks such as homing the ABUS motor, firing single laser pulses for optics
alignment and testing, and manually sending serial communication commands for debugging purposes. Following a volumetric scan, all data is
combined into a custom binary file format containing all necessary information to generate image reconstructions, which can be performed either
immediately, or at a later time.
We note that the SonixDAQ is initialized and programmed via the Sonix
SDK, but once running, can be controlled entirely using 5 V TTL triggering
signals.

2.3

Summary

Figure 2.8 shows the components of the combined imaging system, divided
into two sub-systems. The photoacoustic system consists of the illuminating
laser and associated optics, as well as the synchronization hardware. The SWAVE system is simpler, consisting of the tissue shaker, and the controller
that drives it and synchronizes the US acquisition. Doppler flow imaging
requires no additional hardware or data acquisition, and only requires additional processing of the raw RF data used to generate the S-WAVE images.
The two imaging modules operate completely independently, allowing
acquisition of any combination of modalities.
The remainder of this chapter consists of a preliminary study exploring
the imaging capabilities of this system.
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Figure 2.8: Block diagram of the multimodal imaging system showing the
essential components and their interactions. Optical elements S, H, L, and
T are a beam splitter, homogenizing lens array, fiber coupling lens, and
translation stage, respectively.
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Figure 2.9: The ABUS photoacoustic acquisition software. This interface allows control over volume scan parameters, laser power, and reconstruction parameters (for online reconstruction). It also facilitates communication
with the trigger box.

2.4. Preliminary Study

2.4
2.4.1

Preliminary Study1
Methods

Ultrasound System
We performed all imaging using the SonixEmbrace ABUS. The ABUS is
designed to capture B-mode ultrasound images of the breast using a rotating concave transducer while the patient lies in the prone position. The
ABUS transducer is concave and has a radius of 12 cm, with 384 piezoelectric elements and a pitch of 0.3 mm. The elements have a center frequency
of 10 MHz (bandwidth 90%) [49]. The arc of the transducer extends past
the centre of the ABUS dome by 2.5 cm such that the sampling density is
twice as high near the rotational axis of the dome. The motor which rotates the ABUS transducer is controlled over a Universal Serial Bus (USB)
connection, and can achieve an angular accuracy of 0.5° over 360°.
Elasticity Measurement
S-WAVE measures absolute tissue stiffness by externally exciting the tissue
with a periodic vibration and precisely tracking the resultant displacement
using ultrasound [113,120]. We developed a custom tissue exciter compatible
with the geometry of the ABUS. It consists of a circular steel frame which
clamps onto the top of the transducer dome. The frame houses three motors
connected via magnets to a rigid plastic plate, which serves to couple the
motor motion to the chest of the patient, resulting in a uniform excitation
in the patient’s breast. These motors are driven by an elastography module
which synchronizes their phase with the ultrasound acquisition. Photos of
the shaker are included in Figure 2.1.
To test the S-WAVE system, we used a CIRS model 059 breast biopsy
training phantom (CIRS Inc., Norfolk, VA, USA), which is shown in Figure 2.10. This phantom contains dense masses ranging from 3 mm to 10 mm
in diameter. The manufacturer cites a background elastic modulus of 20 ± 5 kPa,
and masses which are “at least twice as stiff as the background material”.
While a calibrated phantom would be a more rigorous test, the scanning
geometry of the ABUS precludes the use of most commercially available
options.
1

This section is previously published [128], and has been modified and expanded upon
for this thesis.
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Figure 2.10: CIRS model 059 breast elasticity phantom.

Doppler Flow
The same time domain correlation data used to calculate the tissue motion
in the S-WAVE technique can be used to generate a flow magnitude, or
power Doppler, signal [129]. Figure 2.11 shows a knotted tube flow phantom used to test this capability. This phantom consists of 6.4 mm inside
diameter Tygon™ tubing, tied in a figure-of-eight knot to create flow in various directions within the dome. The tube was connected to a peristaltic
pump and water with 1% cellulose by weight was pumped through at a rate
of 200 mL min−1 . This corresponds to an average flow velocity of 10 cm s−1 ,
which is comparable to flow rates measured in the axillary artery [130]. The
entire tube was submerged in water for acoustic coupling to the transducer.
All S-WAVE data presented here were acquired using 250 Hz, 300 Hz,
and 350 Hz excitation simultaneously.
For both S-WAVE and Doppler, plane (2D) images were reconstructed
and displayed alongside B-mode in real time during data acquisition. These
data can then be scan converted offline to generate volumetric images.
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(a) Top-down view of the knotted
tubing flow phantom, indicating direction of flow, as well as the position of the tubing within the scanning
dome.

(b) Side-on view of the knotted tubing flow phantom.

Figure 2.11: A proof-of-principle Doppler flow imaging setup for the SonixEmbrace ABUS. During imaging, the scanning dome is filled with water
which has been removed here for clarity.
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Photoacoustic Illumination and Reconstruction
The photoacoustic sub-system and associated data reconstruction used in
this study is described in full in Chapter 3. Briefly, our illumination system consists of a Continuum Surelite II Q-switched Nd:YAG laser (Continuum Inc., Santa Clara, CA, USA) coupled to an optical parametric oscillator (OPO) from the same manufacturer to control the output wavelength.
All data presented here were acquired with an illumination wavelength of
700 nm, with a pulse energy of approximately 20 mJ. This corresponds to
a peak fluence at the sample surface of 3.0 mJ cm−2 . For photoacoustic
imaging, RF data from the transducer elements is acquired using a SonixDAQ module (Ultrasonix), which collects pre-beamformed transducer data
at 40 MHz. This acquisition happens in parallel with standard ultrasound
acquisition, facilitating multi-modal imaging. The DAQ acquisition was
synchronized with the laser illumination pulses by a purpose-designed triggering circuit, controlled by a serial connection from the ultrasound PC.
Reconstructions were performed using a delay-and-sum algorithm implemented in Python. Both 2D and 3D reconstructions are performed with a
0.1 mm resolution, and weighted to account for the spatially non-uniform
illumination (see Chapter 3 for details).
Multimodal Phantom Construction
This phantom was designed to test elasticity and photoacoustic imaging simultaneously. It consists of a homogeneous background of 5% gelatin with
25% whole milk as an optical scatterer, and 1% by weight cellulose to provide ultrasound speckle. This background should have an elastic modulus
of approximately 31 kPa [131], which is similar to that of healthy breast
tissue (around 20 kPa for fat, and anywhere from 30 kPa to 60 kPa for glandular tissue) [132]. Optically, we expect an absorptive attenuation coefficient, µa of 3.75 × 10−4 mm−1 , and a scattering attenuation coefficient, µs
of 0.75 mm−1 [133]. This provides similar scattering to breast tissue, which
has µs = 1.0 mm−1 , and while µa = 2.0 × 10−3 mm−1 [134] for breast tissue
differs significantly, this contributes minimally compared to scattering.
Cylindrical inclusions with diameters of 13 mm and 20 mm, targeting
both imaging modalities were suspended in the background. The photoacoustic inclusions contained black acrylic paint throughout to act as an
optical absorber. The elasticity inclusions had 10% gelatin by weight, for an
elastic modulus of 81 kPa [131], and red food colouring to make them more
easily identified by eye. These inclusions do not mimic any particular breast
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malignancy (the elastic moduli of which can vary from 20 kPa to 600 kPa,
depending on type and measurement technique [132]), they just need to be
measurably stiffer than the background. The phantom is moulded to fit
the spherical cap shape of the ABUS dome. A cross-sectional view of this
phantom can be seen in panel a) of Figure 2.14.

2.4.2

Results

Elasticity
Figure 2.12 shows B-mode, 2D phasor, and absolute elasticity images acquired of the CIRS breast phantom. When averaged over the three excitation frequencies, we measured the elastic modulus of the background to
be 17 ± 1 kPa and masses to be 32 ± 3 kPa, with uncertainty defined as the
standard error of the mean.
Doppler Flow
Figure 2.13 shows volumetric Doppler imaging of the knotted flow phantom
described in Section 2.4.1, wherein the shape of the knot can be clearly discerned. Since this data is generated from interpolating 2D images acquired
at different angular positions of the transducer, an “axial” direction cannot
be uniquely defined in the volumetric data. While it would be possible to locally compute a flow direction at each position the volume, this information
is much less useful than the flow magnitude in the context of quantitative
flow imagine. As is, our data approximately represents flow toward or away
from the dome surface, shown in red and blue respectively. This is particularly apparent in the side-on view shown in Figure 2.13b. The measured
flow magnitude was largely in the 15 cm s−1 to 20 cm s−1 .
Multimodal Phantom
Figure 2.14 shows a representative 2D plane of the multimodal phantom,
with B-mode, elasticity, and photoacoustic images. Also shown is a photograph of the corresponding cross-section of the phantom, taken after imaging
to illustrate the inclusion geometry. The line parallel to the transducer in
the B-mode image is a gel pad used to acoustically couple the phantom to
the transducer while allowing the transducer dome to rotate freely. The
diagonal line at the bottom of the B-mode image corresponds to the other
surface of the phantom.
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Figure 2.12: B-mode and absolute elasticity images of the CIRS model 059
breast phantom shown in Figure 2.10. Total imaging depth is 6 cm.
39

2.4. Preliminary Study

(a) Top-down projection of Doppler imaging of the knotted flow phantom. This view direction corresponds to Figure 2.11a. Colorbar indicates magnitude of flow, and applies to both panels.

(b) Side-on projection of Doppler imaging of the knotted
flow phantom. This view direction corresponds to Figure 2.11b.

Figure 2.13: Volumetric Doppler flow imaging of the knotted flow phantom
shown in Figure 2.11. Colour indicates the magnitude of the axial component of the flow (see discussion in text).
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Figure 2.14: A representative 2D plane of the multimodal phantom. Panel a) shows a photograph of a cross-section
of the phantom, showing the black (photoacoustic) and pink (stiffness) inclusions. Panel b) is a B-mode image.
Panel c) is an S-WAVE elastogram. Panel d) is photoacoustic data, and is thresholded below 0.1 Total imaging
depth is 6 cm.

2.4. Preliminary Study

2.4.3

Discussion

The absolute elasticity measurements of the CIRS breast phantom serve as
a good initial test of this system. While the manufacturer listed values are
imprecise, our measurements fell within the expected ranges. We measured
the elastic modulus of the background to be 17 ± 1 kPa, which agrees with
the expected value of 20 ± 5 kPa. The inclusions should be twice as stiff,
which suggests a range of 30 kPa to 50 kPa, given the provided uncertainty
in the background value. Our measured elastic modulus for the inclusions
was 32 ± 3 kPa, which does fall within this range. That these values agree
shows that we have successfully integrated the S-WAVE hardware with the
SonixEmbrace ABUS. Qualitatively, this phantom also provides an excellent
example showing the potential of multimodal imaging. The boundaries of
the stiff inclusions are only barely visible in the B-mode image. Elasticity
allows visualization of isoechoic regions, even deep within tissue.
The knotted tube phantom was a simple way to test our Doppler flow
measurements. This distinct geometry also provides a visual confirmation
that our 3D scan conversion is working properly. Since this method only
approximates the axial component of the flow, without moving to a more
sophisticated reconstruction method, it serves more to indicate the presence
of flow, rather than the magnitude or direction. That said, we measured
the magnitude of the flow to be in the 15 cm s−1 to 20 cm s−1 , which is
comparable to the known flow rate of 10 cm s−1 .
The multimodal phantom, as shown in Figure 2.14, demonstrates the
utility of simultaneously acquired elasticity and photoacoustic tomography
data. The elasticity image correctly suggests that the pink inclusion is
stiffer than the background, as expected. More precisely, we measure the
elastic modulus of the inclusion to be approximately 50 kPa, and that of
the background to be 20 to 25 kPa. Note that the black inclusion, which
has the same gelatin concentration as the white background, has visible
boundaries in B-mode but does not provide contrast in the elasticity image.
In the photoacoustic image, on the other hand, a high contrast signal is seen
at the boundary of the black inclusion nearest to the transducer. There is
very little photoacoustic signal elsewhere in the plane, but this high contrast
signal from a strong optical absorber is at least qualitatively what we would
expect.
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2.4.4

Conclusions

Since there is little precedent for combining these modalities of imaging,
we have many options to explore further, and several ways to improve our
system in the hopes of moving toward in vivo imaging.
We did note that in the multimodal phantom, the photoacoustic signal
from inclusions deeper than 2 cm was very weak. This is not surprising, and
is a common problem in photoacoustic tomography. In our particular case,
one source of fluence loss was reflection at the surface of the phantom, and at
the interface of the acoustic coupling pad. While the coupling pads appear
transparent, we have not yet precisely characterized their optical properties.
Choosing optically index-matched materials can help to mitigate this source
of loss.
Further, in the interest of minimizing acquisition time, all data for
this study were acquired without averaging over multiple laser illumination pulses. Our fluence of 3.0 mJ cm−2 is still well below the ANSI safety
limit of 20 mJ cm−2 , so we can average over multiple pulses to increase the
signal-to-noise ratio in future studies.
Based on these results, our photoacoustic system stands to gain the most
from further development. In Chapter 3, we describe and characterize this
system in greater detail, and work toward improving its capabilities.
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Chapter 3

Integrating Photoacoustic
Tomography into a
Multimodal Automated
Breast Ultrasound Scanner2
3.1

Overview

PAT is a promising emergent modality for the screening and staging of breast
cancer. To minimize barriers to clinical translation, it is common to develop
PAT systems upon existing ultrasound hardware, which can entail significant
design challenges in terms of light delivery. This often results in inherently
non-uniform fluence within the tissue, and should be accounted for during
image reconstruction. In this chapter, we aim to integrate photoacoustic
tomography into an ABUS with minimal change to the existing system.
To achieve this, we designed and implemented an illuminator which directs spatially non-uniform light to the tissue near the acquisition plane of
the imaging array. We developed a GPU-accelerated reconstruction method
which accounts for this illumination geometry by modelling the structure of
the light in the sample. We quantified the performance of this system using
a custom, modular photoacoustic phantom, and graphite rods embedded in
chicken breast tissue.

3.2

Introduction

This rigid volume scanning scheme and tomographic geometry of the SonixEmbrace provides an excellent platform for multimodal imaging. Integrating
photoacoustic tomography into this scanning geometry without sacrificing
2

This chapter is previously published [135], and has been modified and expanded upon
for this thesis.
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quality of the other modalities presents challenges in hardware and optics
design, and in data reconstruction.
The state of the art in breast PAT was recently summarized by Manohar
et al [12], and we refer the reader to this review for a detailed description
of common imaging and illumination geometries currently in use. See also
Figure 1.5, which summarizes the systems discussed in this review. Such
systems are carefully designed from the ground up to balance the density of
detection elements against the ease of delivering illumination to the sample.
Illuminating the entire surface of the tissue with a collimated or divergent
beam is often preferable, and this geometry has seen widespread use for the
imaging of small animals [85, 86] and human extremities [87]. This type
of illumination has the advantage of providing a relatively uniform fluence
at the tissue surface, such that the fluence within the imaging volume can
either be assumed constant, or accounted for with a depth-based attenuation
model [23]. In the case of the SonixEmbrace, where the ultrasound hardware
is a given and we wish to retrofit the illumination, we are more limited
in our options. In particular, due to the design constraints discussed in
Section 1.3, a collimated beam illuminating the entire surface of the breast
is not possible.
Taking inspiration from the ever-growing body of work integrating illumination hardware into freehand ultrasound systems [23, 136, 137], we explored diffusive, beam-shaping optics which can be placed near the transducer to provide fluence in the acoustic acquisition plane. In this study, we
demonstrate the use of a fan-shaped diffuse beam for this purpose. This
illumination approach is novel amongst tomographic breast PAT systems,
and in the present study we provide a complete characterization of both our
hardware and software, as well as a new GPU-accelerated reconstruction
scheme. At the same conference, Oraevsky et al presented the LOUISA-3D
system [24], which is superficially similar to our own in its use of a curved
transducer array, and a moving illuminator, but differs in several significant
ways. Most relevant is that their system was designed to include a transparent imaging dome allowing the illuminator to be placed nearer to the tissue,
and to illuminate a larger area with a single laser pulse. This illumination
system also moves independently of the transducer array, whereas these are
coupled in our system. The authors describe the illuminator itself as an
arc-shaped “paddle” with multiple fiber optic segments, which is distinct
from our simpler single-fiber solution.
We also note that our design is distinct from existing systems which employ diode light bars or rectangular shaping diffusive elements [137, 138] in
that the light diverges significantly in the space between the optics and the
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tissue, resulting in inherently non-uniform fluence at the tissue boundary.
While these optics offer flexibility in terms of the light delivery, this spatial
non-uniformity of the fluence must be accounted for during data reconstruction [98, 139, 140].
Spatial fluence modelling is commonly used in photoacoustic simulations
to provide an accurate ground truth for experimental validation [138, 139],
and is usually accomplished via a Monte Carlo simulation of the radiative
transfer equation (RTE). It is also often necessary in quantitative photoacoustic tomography (QPAT) to fully model the fluence such that the optical
parameters of the tissue can be recovered quantitatively. See, for example
the recent work of Hänninen et al [141]. In motivating their work, the authors highlight that a significant shortcoming of the standard Monte Carlo
method is the necessary computation time, which can be prohibitive for
large tomographic problems such as ours. This is further compounded in
the case of non-stationary illumination since the fluence must be computed
separately for each tomographic acquisition angle. In the present study, we
employ a first-order approximation to the RTE to lower this computational
burden.
We note the unique recent work of Park et al which estimates and accounts for non-uniform illumination and attenuation as a part of the image
reconstruction [142]. Our work differs from this approach in that we do
not need to compute the location of the breast surface, and that we do not
assume constant fluence at the sample surface.
In this study we present a novel, fan-shaped illuminator for photoacoustic tomography of the breast, and we characterize and quantify the performance of this illumination system in terms of the fluence it can deliver to
the tissue surface. We also explore the use of an approximate, model-based
method for deconvolving spatially-varying illumination from measured photoacoustic signals, and quantify the benefits of using such a method. To
our knowledge, this study constitutes the first attempt to integrate photoacoustic tomography into a pre-existing multimodal ABUS system. By
attempting to add PAT to this system with minimal changes to the existing
design, we have had to make compromises relative to the current state of the
art. In particular, our transducer is a conventional array that is designed
primarily for B-mode imaging.
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3.3
3.3.1

Methods
The SonixEmbrace ABUS

The SonixEmbrace transducer array consists of 384 elements on a 11.5 cm
long circular arc with a curvature of −12 cm. It has a center frequency of
10 MHz and 90% bandwidth. The transducer dome has a radius of curvature
of 12 cm and a diameter of 18 cm. A photograph of the dome is presented
in Figure 3.1. This large transducer requires multiplexing (mux) hardware

Figure 3.1: The SonixEmbrace ABUS system, consisting of the ultrasound
PC and scanning platform. Inset shows a top-down view of the transducer
dome, with the blue transducer array visible.

which occupies a significant amount of space directly behind the transducer
array under the dome (see Figure 3.2), limiting conventional illumination
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options for breast PAT such as a collimated, expanded beam [24,143]. In further contrast to these systems, the SonixEmbrace uses a thin (∼ 5 mm) gel
pad for acoustic coupling, as opposed to a flexible membrane or liquid-filled
chamber. This means that there is little provision for any divergent optics
to expand to cover a significant area of the tissue surface. We explored the
possibility of using diode-based illumination, as the smaller footprint of such
systems could potentially place the illumination closer to the surface. These
systems would provide lower pulse power, so we chose to use a laser-based
system in the interest of maximizing fluence, and therefore the attainable
penetration depth. We can also use an OPO to perform multi-spectral PAT
without changes to the output optics, whereas a diode system would require
one illuminator per wavelength.
The mechanical constraints imposed by the configuration of the ABUS
electronics and motor led us to consider a narrow, fan-shaped beam that
could fit between the multiplexer boards and the motor axle. We 3D printed
an identical transducer dome in poly(lactic acid) (PLA; Afinia, Chanhassen
MN, USA) which has a polycarbonate optical window epoxied parallel to
the transducer, as shown in Figure 3.2.

3.3.2

Laser and Optics

Our illumination system consists of a Continuum Surelite II LASER (Continuum Inc, Santa Clara CA, USA) coupled to an OPO from the same
manufacturer to control the output wavelength in the range of 675 nm to
2500 nm. We use a 80/20 beam splitter (68-376, Edmund Optics, Barrington NJ, USA — note that this is the highest-transmission splitter the manufacturer offers for the visible to near-infrared wavelength range) to direct
20% of the OPO output to a USB power meter (EnergyMax J-50MB-YAG
- Coherent Inc., Santa Clara, CA, USA), allowing us to measure per-pulse
energy while imaging. The remainder of the beam has a diameter of 9.5 mm,
and is subsequently homogenized using a cross cylindrical lens array (Nr.1800142, SUSS MicroOptics, Hauterive, Switzerland) and coupled by means
of a plano-convex spherical lens (LA1608, Thorlabs, Newton, United States)
into a 1 mm diameter silica core optical fiber. Our beam homogenization
and coupling system is described in further detail in [144]. This system provides 5 ns pulses at 700 nm with a per-pulse energy at the output end of the
fiber exceeding 50 mJ.
At the output end of the fiber is an optical assembly contained in a 3Dprinted housing to maintain alignment and direct the diffuse output toward
the optical window in the ABUS dome. The fiber is connected to the optical
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Illumination
Multiplexer
Boards

Optical
Assembly

Transducer
Array

Motor Axle

b)
Colimating
Lens

Fan-shaped
diffuse light

Beam
Shaping
diffuser

Fiber
adaptor

Bearing
to decouple
rotation

Figure 3.2: Schematic diagrams showing a) the position of the ABUS illuminator and the electromechanical components beneath the ABUS imaging
dome and, b) the illuminator, with cutaway view revealing the optical elements. Note that the fan shape of the illumination within the dome in panel
a) is only shown here to emphasize the beam geometry. In reality, this structure would be disrupted at the dome interface by optical scattering within
the tissue. This is described in detail in Section 3.3.4.
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Figure 3.3: The experimental setup used in this study. Optical elements
T, L, H, and S are a translation stage, lens, beam homogenizer, and beam
splitter, respectively. Dotted lines represent serial communications, and
dashed lines are synchronization triggers.
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assembly by means of an FC fiber bulkhead connector (Thorlabs, Newton
NJ, USA) and a bearing to decouple the fiber from the dome rotation. The
fiber output first passes through an achromatic collimating doublet (65438, Edmund Optics, Barrington NJ, USA) and is then incident upon an
engineered “line diffuser” (EDL-100x0.4, RPC Photonics, Rochester NY,
USA) which shapes the collimated beam into a fan. This fan has a 90°
divergence along one axis, and a 0.24° divergence along the other. This shape
permits the beam to pass through the optical window, while illuminating
its entire 11.5 cm length. A cross-sectional view of this assembly is shown
in Figure 3.2.

3.3.3

Data Acquisition and Pre-processing

Radio frequency (RF) data from the ABUS transducer was acquired using
a SonixDAQ module (BK Medical). The SonixDAQ has a samping rate
of at 40 MHz, a 12-bit resolution, and a −10 dB sensitivity in the range
2 MHz to 20 MHz. Since the SonixDAQ can only acquire 128 channels at
a time, each plane acquisition requires three acquisitions to cover all of the
transducer elements. Control of the ABUS motor, as well as all triggering
and synchronization of the optics and DAQ acquisition was accomplished
using a custom Arduino-based circuit controlled over USB from a Windows
PC.
This circuit allows flashlamp triggers to continually be sent to the laser
at its pulse repetition rate of 10 Hz, while illumination pulses (via Q-switch
triggers) can be requested via hardware or software triggers. We have found
that this “steady-state” operation decreases inter-pulse energy variability.
For the pulse energies we employ in this study, this variability is on the
order of 10 to 15%. To further minimize the effect of this variability, we
use the power meter data to normalize each 128-element acquisition by the
relative pulse energy. A diagram summarizing the system configuration is
shown in Figure 3.3.
Several steps are needed to pre-process the RF data prior to photoacoustic reconstruction. First, each A-line is low-pass filtered to remove
high-frequency components outside the working range of the transducer.
This was performed in software using a fifth-order Butterworth filter with a
cutoff at 14.5 MHz. We retain the low-frequency components at this stage
as they are essential for the following processing step: the application of singular value decomposition (SVD) denoising to remove cross-channel noise
bands [106]. To perform this denoising, we compute the singular value decomposition (SVD) of a 128 × 2080 matrix where each row corresponds to
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the RF data for one transducer element. In this representation, this bandshaped noise dominates the first few singular value components. We can
isolate these components, and revert to the original representation, producing a matrix consisting of only the noise. This can then be subtracted
from the original data, resulting in the denoised matrix. Since these noise
bands are stochastic, this decomposition and denoising must be performed
for each 128-element acquisition. By using the GPU implementation of SVD
available in the scikit-cuda Python package [145], this denoising takes only
100 ms for each 128×2080 array. Any low-frequency components outside the
working range of the transducer will be removed by a ramp filter described
in Equation (3.3).
We explored several other denoising approaches including template matching, directional filtering [146] (both to the radio-frequency and image data),
and temporal averaging (i.e. acquiring multiple frames of RF data per transducer position). Of these, temporal averaging was most successful at reducing the prominence of the noise bands, although it comes at a cost of
increasing acquisition time. Our 10 Hz laser system and SonixDAQ create significant overhead for each additional acquisition, especially since the
ABUS array requires three 128-element acquisitions per transducer position.
For a volumetric scan of 200 angular positions, acquiring a single frame per
position resulted in a 20 minute scan time, whereas acquiring 10 frames per
position increased the scan time to well over 1 hour.
The other denoising approaches were either very sensitive to input parameters, or were unacceptably detrimental to the image quality. We have
found that the SVD-based approach works on a wide variety of data with
the same input parameters, removes the noise bands with minimal effect
on the photoacoustic signals, and is computationally efficient to apply to
the data. Appendix A.1 includes an example comparing the effectiveness of
directional filtering and SVD-based denoising on our data.

3.3.4

Reconstruction

When a laser pulse with spatial energy distribution Ψ(r, t) at time t and
positions r is incident upon a sample with coefficient of thermal expansion
β, heat capacity Cv , acoustic speed vs , and optical absorption coefficient
µa (r), an acoustic wave is generated with initial pressure distribution
p0 (r, t) =

vs2 β
Ψ(r, t)µa (r).
Cv

(3.1)
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Assuming the medium properties β, Cv and vs are spatially homogeneous
and the laser pulse is temporally short, Ψ(r, t) = Ψ(r)δ(t), we have that
p0 (r) ∝ Ψ(r)µa (r)

(3.2)

at time t = 0, when the laser is incident upon the sample. The goal of PAT
is to reconstruct µa (r) for the set of positions r, based on a set of timevarying pressure values, pD (rD , t) measured at discrete detector positions
rD . This involves first inverting the measurements pD (rD , t) to find the
initial pressure distribution p0 (r). For a spherical scanning geometry, Xu et
al [100] expressed this inversion in a back-projection form as


Z
2
∂pD (rD , t)
p0 (r) =
dΩ0 pD (rD , t) − t
(3.3)
|r−rD |
Ω0
∂t
t=
vs

Ω0

where Ω0 is the solid angle of the detection surface containing the points rD ,
and dΩ0 is the solid angle of the surface element at a location rD relative
to a sample point r. While this form is exact only in the case in which this
0
surface completely encloses the sample (Ω0 = 4π), the dΩ
Ω0 term serves as
a weight which will somewhat mitigate the effects of the well-known partial
view problem [100].
Finding p0 in Equation (3.3) is typically accomplished using back-projection
algorithms such as delay-and-sum, and is a well-studied problem [102]. More
sophisticated reconstruction algorithms take into account the fact that the
measured pressure data are not exactly equal to the actual pressure incident
on the detector due to factors such as the electromechanical and spatial impulse responses of the detector [102, 147]. We can generalize the measured
pressure data as
pD (rD , r, t) = E (t) ∗ S (rD , r, t) ∗ p (rD , t)

(3.4)

where p (rD , t) is the actual time-varying pressure incident on the detector
at rD , S (rD , r, t) is the spatial impulse response (SIR) of the detector at
rD relative to measurement point r, E (t) is the electrical impulse response
(EIR), and ∗ denotes linear convolution with respect to time. Here we
consider only the spatial sensitivity of the transducer, i.e. we assume a flat
frequency response, giving
E (t) = δ (t) ,
pD (rD , r, t) = S (rD , r, t) ∗ p (rD , t) .

(3.5)
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Since the SonixEmbrace transducer was designed for ultrasound imaging,
it includes an acoustic lens for beam focusing, and as such it would be
a poor assumption to fully neglect the SIR, as is common in many PAT
reconstruction schemes. It is known, however, that accounting for the SIR
is computationally difficult [102, 147]. In an attempt to strike a balance, we
separate the SIR into a spatial portion, describing the directional sensitivity,
and a temporal portion, describing the averaging effect due to the finite size
of the transducer element
S (rD , r, t) = S0 (rD , r) S1 (t) ,

(3.6)

and proceed under the assumption that S1 (t) = δ (t). This implies that the
elements are point-like, but still have a non-uniform directional response
pD (rD , r, t) = S0 (rD , r) p (rD , t) .

(3.7)

Under this assumption, S0 (rD , r) has no time dependence, and as such does
not depend on |r − rD | when substituted into Equation (3.3). This assumption also implies that the transducer has a flat frequency response. In the
coordinate system of one transducer we can define θL and θE as the angles
between the element normal (the axial direction) and the sample point in
the lateral (in-plane) and elevational (out-of-plane) directions, respectively,
such that
pD (rD , r, t) = S0 (θL , θE ) p (rD , t) .
(3.8)
Since we are already computing the total angle between the element normal
and the sample point to calculate the solid angle element dΩ0 in Equation (3.3), S0 (θL , θE ) does not appreciably change the computational effort
required. Since θL and θE must be computed for every pair of rD and r
(105 · 107 ∼ 1012 ), this approach lends itself well to parallelization using
GPUs.
The manufacturer was unable to provide detailed characteristics of the
acoustic lens for the purpose of modelling the directional response, S0 (θL , θE ),
so we measured it experimentally. This was accomplished by attaching a
2 mm long, 0.7 mm diameter graphite rod on a piece of fishing line to a 3
axis translation stage such that it was suspended in the water-filled ABUS
dome. We coupled our laser system into the optical fiber as described in
Section 3.3.2, and mounted the output end on the translation stage, directed toward the graphite inclusion. This fixes the fiber position relative
to the inclusion, ensuring relatively constant illumination as the inclusion
is translated. This configuration is shown in Figure 3.4a. Photoacoustic
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(a) Experimental setup for measuring transducer directivity using
photoacoustic imaging.
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(b) Inclusion locations for directivity measurement, shown relative to
the position of the transducer. Only every second row and every second
column of inclusion points are shown here for clarity.

Figure 3.4: The experimental setup used to measure the directional sensitivity of the SonixEmbrace transducer.
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data were acquired at a total of 200 points, over 1.0 cm in the elevational
direction, and 1.6 cm in the axial direction. The lateral position was fixed
near the midpoint of the transducer, since there are sufficient elements to
constitute a range of lateral positions. These points are shown relative to
the transducer position in Figure 3.4b.
We assume that the elevational and lateral portions of the directivity are
separable
S0 (θL , θE ) = SL (θL ) SE (θE )
(3.9)
and further, that each portion can be approximated by a Gaussian function
of the corresponding angle
  !
  !
1 θL 2
1 θE 2
S0 (θL , θE ) = exp −
exp −
(3.10)
2 σL
2 σE
where σL and σE are standard deviations of the lateral and elevational components, respectively.
Non-uniform Illumination
If the illumination source is spatially uniform within the sample, i.e. Ψ(r) =
Ψ, Equation (3.2) implies that µa (r) is directly proportional to the initial
pressure p0 (r). If the illumination is non-uniform, we must deconvolve these
two spatial distributions. Since strong light attenuation in tissue limits
imaging depth, it is common in PAT to apply a exponential weighting to
the reconstructed p0 (r), to enhance signals further from the surface. Our
illumination is not collimated (uniform) at the tissue surface, but can still
be accounted for in a similar manner.
With sufficient geometric constraints, we can model Ψ(r) as a solution
of the radiative transfer equation for homogeneous medium with temporally
short pulses [81]. For an illumination source given by ri , the optical fluence
at a point r will be a function of the distance r = |r − ri | from the source:
Ψ(r − ri ) =

1
exp(−µeff r)
4πDr

(3.11)

where the effective attenuation coefficient µeff , and the photon diffusion coefficient D, are defined as
r
µa0
1
µeff =
D=
µs0 = µs (1 − g)
(3.12)
D
3(µa0 + µs0 )
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Sample

Optical Axis

B

Diﬀuser

Figure 3.5: The coordinate system for the illumination system, indicating
the divergence angles of the beam, and the intersection with the sample
surface.

with µa0 and µs being the bulk absorptive and scattering attenuation coefficients, and g being the tissue anisotropy. Equation (3.11) holds in the
diffusion limit, when µa0 << µs . For human breast tissue at 700 nm,
µs = 10.0 cm−1 and µa0 = 0.2 cm−1 [134]. Assuming constant optical properties in the tissue constitutes a first order approximation to the true fluence,
which would require either prior knowledge of, or joint reconstruction of the
scattering and absorption coefficients.
The geometry of the illuminator and the resultant fluence at the sample surface is shown in Figure 3.5. For a given position in the sample, r,
the fluence can be computed by integrating Equation (3.11) over values of
ri on B, the section of the dome surface bounded by the angles θ and φ
corresponding to the two diverging axes of the fan-shaped beam:
ZZ
1
Ψ (r) =
exp(−µeff r) dθ dφ.
(3.13)
B 4πDr
Additional calculations for the geometric optics describing the diffusive optics, and reflective losses at the dome interfaces are included in Appendix B.

3.3.5

Illuminator Fluence Measurement

To estimate the overall losses in our fiber coupling and diffusing system,
and to check our calculated illumination map at the dome boundary, we
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measured the fluence at the sample side of the optical window. This was
accomplished by scanning the same power meter described in Section 3.3.2
along the arc of the window in 0.25 mm increments, and measuring the pulse
energy at each position.

3.3.6

Reconstruction Implementation

For each
acquisition
angle

Measured
Signals

Measured
Transducer
Directivity

Illumination Map

Initial Pressure
Filtered
Backprojection

GPU

Figure 3.6: A schematic outline of our reconstruction method. Green boxes
indicate operations computed on GPUs.

Figure 3.6 shows a summary of our reconstruction scheme. We first
filter and back-project the measured signals to recover the initial pressure,
taking into account the spatial sensitivity of the transducer array. We then
compute the illumination map and use it to normalize the initial pressure,
recovering the optical absorption map for the current illuminator position.
It is important to reiterate that since the illuminator is fixed relative to
the transducer and not the sample, Ψ (r) must be recalculated for each
acquisition angle. By applying this method for each angle, and combining
the results, the optical absorption coefficient in the entire 3D tissue volume
can be reconstructed. This accumulation over acquisition angles means that
the final estimate of µa can not be linearly separated into Ψ and p0 as would
be the case with systems employing stationary illumination.
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For all results in the present study, we collected RF data at 200 planes
with a constant angular spacing of 1.8°. We structured our GPU reconstruction into a number of blocks equal to the number of image voxels,
i = 1, · · · , N , with each 384 element acquisition plane divided into 384
threads. This was performed sequentially for each of the planes, with the
results being accumulated in GPU memory.
We compute the illumination map given by Equation (3.13) at each of the
N image voxels by dividing the surface B into small patches and summing
their contributions to the fluence within the sample. These contributions
are independent and can thus be computed in parallel on a GPU. For the
present study, we divided B into 200 patches, each of which was computed in
a separate GPU thread, resulting in a 200× reduction in computation time.
The number of patches was chosen empirically as a compromise between the
number of patch coordinates which need to be pre-computed and stored, and
eliminating discretization artifacts in the illumination map, especially near
the dome surface.
Reconstruction was implemented in Python, with the following computationally intensive portions implemented in CUDA: back-projection, filtering,
SVD denoising, and calculation of the illumination map Ψ (r). Reconstruction was performed on a 64-bit Windows 10 PC with 16 GB of memory,
an Intel Core i7-7700 processor (Intel Corporation, Santa Clara CA, USA),
and a GeForce GTX 1060 3GB GPU (Nvidia Corporation, Santa Clara,
CA, USA). The CUDA implementation of the back-projection is included
in Appendix C.
All reconstructions in this paper have a resolution of 0.5 mm and assume
a constant acoustic velocity of 1500 m s−1 . To calculate the illumination
profile using Equations (3.12) and (3.13), we used the scattering and absorptive attenuation coefficients of milk at 700 nm [133] - µs = 30 cm−1 and
µa0 = 0.015 cm−1 for the calibration phantom, and human breast tissue at
700 nm [134] - µs = 10.0 cm−1 and µa0 = 0.2 cm−1 for the chicken breast
phantom.

3.3.7

Phantoms

To provide a robust and reproducible way to test our entire imaging system
and reconstruction scheme, we designed and built a modular photoacoustic
phantom.
As an absorber, we used 0.25 mm diameter monofilament fishing line,
coated with black spray paint. This provides a strong photoacoustic signal
and the small size serves as a test of the system resolution. To suspend the
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(a) Side-on view.

(b) Close-up view.

(c) Top-down view.

(d) In place on the transducer dome during an experiment.

Figure 3.7: Images of the calibration phantom used in this study. The
white template is 3D printed plastic, and black painted fishing line serves as
a photoacoustic source. The circular portion of the template has an outer
diameter of 19 cm.
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fishing line in the imaging volume, we designed and 3D printed a scaffold
offering multiple mounting points between which the line can be extended.
The scaffold consists of a base which precisely aligns the phantom with the
imaging volume, and several cylindrical columns with regularly-spaced holes
through which the fishing line can be threaded. This scaffold is shown in
Figure 3.7. As shown in Figure 3.7, the fishing line can be threaded through
multiple points, providing a complex inclusion geometry which is nonetheless
simple to describe and reproduce. It is important to note that only the black
surface of the wires will function as a photoacoustic absorber, rather than the
entire cross-section which would be the case for a solid coloured inclusion,
or a blood vessel. Since our primary quantification metric in this study is
SNR rather than resolution, this is sufficient for our purposes.
To image the calibration phantom, the ABUS dome was filled with a
50/50 mixture of water and milk, to provide optical scattering. To account
for this mixture, we scaled the scattering and absorptive attenuation coefficients in our reconstruction by a factor of two, giving µs = 15 cm−1 and
µa0 = 0.0075 cm−1 .
An additional advantage to using a 3D printed template is we can easily
use the design file to generate the inclusion geometry for use in simulations
and validation of our reconstructed data.
To test our system in a more highly-scattering medium, we imaged a
piece of 0.5 mm diameter pencil graphite embedded 2 cm deep in a piece of
chicken breast tissue.

3.4
3.4.1

Results
SVD Denoising

Figure 3.8 shows an example of the effect of the denoising method described
in Section 3.3.3 on representative RF data. For our data, discarding the
first 10 singular values produced the best balance between removing noise
and maintaining signal. This will vary depending on the imaging target,
and is determined empirically by examining an A-line containing both noise
bands, and a known inclusion signal. An example of this process is included
later, in Figure 4.3.
Note that in the resultant “denoised” data, while the absolute photoacoustic signal intensity is increased relative to the noise, the structure of the
photoacoustic is significantly changed. Namely, the negative portions have
been removed, and the oscillating signal has merged into one broader peak.
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Figure 3.8: The effect of SVD denoising on the RF data. Right panels show
the signal along the red line for each of the three images, with a representative photoacoustic signal, and a representative noise band indicated in green
and red, respectively. Noise signal corresponds to the first 10 singular values. The top row shows the raw data without processing. The middle row
shows the isolated noise. The third row is the subtraction of the two.
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3.4.2

Transducer Directivity

We observed a Gaussian dependence of the signal intensity on the angle between the transducer normal and the inclusion position, both in the lateral
and elevational direction. The measured standard deviations of these histograms, σL and σE , corresponding to the lateral and elevational angles θL
and θE were 18.5° and 6.2°. These data and the associated fits are included
in Figure 3.9. While this simple Gaussian model fits the overall shape of each
histogram, it does deviate in two notable ways. The lateral distribution has
a shoulder near 10°, and might be better described using a model with two
regimes. The elevational data is of low quality for very small angles, potentially overlooking a more complex dependence. The chosen inclusion points
allowed both of these measurements to be performed simultaneously, but the
elevational data would benefit from an additional, more precise experiment
focused in the range of −5° to 5°.

3.4.3

Combined Imaging

Figure 3.10 shows representative in-plane images of the calibration phantom,
demonstrating coregistered B-mode and photoacoustic imaging. For clarity
of display when overlaid on other modalities, the photoacoustic data were
thresholded such only pixels with amplitudes in the top 10% of the image
histogram are visible, removing most of the background noise. The full
dynamic range of the non-thresholded photoacoustic image was 10 dB. Panel
c) of this figure shows model inclusion data derived from the design file for
the 3D printed wire phantom, which further confirms that the designed
structure of the phantom matches what we see when imaging. Note that
the diameter of the inclusions in the model data in Panel c) are exaggerated
10× to be more easily visible. There are two circular features in the model
data, corresponding to wires oriented normal to the imaging plane. These
features, as well as some sections of the X-shaped feature, are not visible in
the photoacoustic data. This could be due to shadowing of the illumination
light by the phantom support structures.
We used two measures to quantify the agreement between any two of
these registered modalities. The first was the root mean square error (RMSE),
defined as
v
u
N
u1 X
RMSE = t
(Ai − Bi )2
(3.14)
N
i=1

where Ai and Bi are the value of the i’th pixel in the two images, and N is
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Figure 3.9: The sensitivity of the SonixEmbrace transducer elements as a
function of the elevational and lateral angle between the element normal
and the imaging point. Red lines indicate Gaussian fit.
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Figure 3.10: B-mode and photoacoustic data for a representative plane of
the calibration phantom, indicating registration with modelled inclusion positions derived from the wire phantom design file. Photoacoustic data only
shows the top 10% of the image histogram, such that it does not fully obscure
the underlying images.
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the number of pixels in the image. The second metric used was the structural similarity index measurement (SSIM) defined by Wang et al [148]. We
used the Python implementation of this function from the scikit-image package [149]. Support structures from the phantom template (see Figure 3.7)
visible in the bottom left corner and far right side of the B-mode image
were cropped out before performing these measurements. Otherwise, these
measurements are performed on the entire region of the images visible in
Figure 3.10. These comparisons are summarized in Table 3.1.
B-mode vs. Model

PA vs. Model

B-mode vs. PA

RMSE

2.66

2.33

3.31

SSIM

0.48

0.78

0.40

Table 3.1: Registration errors between imaging modalities.

3.4.4

Illuminator Spatial Profile

Figure 3.11 Panel a) shows the calculated illumination structure within the
sample, as per Equation (3.13), while Panel b) shows the measured fluence
at the sample side of the optical window alongside the modeled fluence for
the same location. The broader shape of the measured data is due to the
1 cm aperture of the power meter used. Integrating the fluence over the
entire window indicates a total energy per pulse of around 35 mJ, down
from 100 mJ at the OPO output. If this same laser pulse were collimated to
the size of the dome (surface area 250 cm2 ), the average fluence at the tissue
surface would be 0.14 mJ cm−2 .

3.4.5

Reconstruction Comparison

To test our reconstruction scheme, we reconstructed our measured data both
with and without accounting for transducer directivity and non-uniform illumination. We then measured SNR of a known inclusion for each method.
We measure SNR here by extracting the photoacoustic amplitude along a
line perpendicular to the long axis of the inclusion. We find the maximum
of this signal, and define the “peak” as the region where the amplitude is
greater than 50% of this maximum. We then define the SNR as the mean
amplitude of the signal in this region, divided by the standard deviation of
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Figure 3.11: Optical fluence for one acquisition plane. Panel a) shows the
two dimensional structure of the illumination, relative to the transducer
face, which is shown in black. Panel b) shows the measured fluence at the
sample side of the optical window in black, compared to its predicted value,
as a function of the position along the arc of the window.
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the amplitude over the entire image [150]. We found that this definition, using a peak region rather than a single maximum value, and using the entire
image for the standard deviation rather than a representative background
selection, most accurately represented the qualitative changes visible in the
images. This method was also least sensitive to the choice of perpendicular line position, therefore not inadvertently favouring one reconstruction
method over another. The width of the peak region is the full width at half
maximum (FWHM) and provides a measure of the resolving power of the
system. Figure 3.12 shows an example of this measurement from the chicken
breast phantom. A comparison of the measured values is given in Table 3.2.
The four panels in Figure 3.12 have been scaled to the same dynamic range
for display to make qualitative differences in the images more clear.
No Directivity

Directivity

No Illumination Compensation

SNR: 6.3 dB
FWHM: 1.8 mm

SNR: 7.1 dB
FWHM: 1.3 mm

Illumination Compensation

SNR: 7.3 dB
FWHM: 1.5 mm

SNR: 8.0 dB
FWHM: 1.2 mm

Table 3.2: Comparison of reconstruction methods applied to chicken breast
phantom (see Figure 3.12)
To further quantify the performance of our reconstruction scheme, we
compared the image error in this reconstruction as a function of imaging
depth in our calibration phantom. Using the known model for the inclusions,
Mi , we define image error as
ERR =

|Ai − Mi |
|Mi |

(3.15)

where Ai is the reconstructed absorption value of the i’th voxel, and |· · · |
is the two-norm. The model data is derived from the design files for the
phantom template and the ABUS transducer dome. This provides a list of
coordinates for all potential wire attachments points, in the frame of reference of the transducer. By drawing lines between these points, a 3D binary
mask can be generated to indicate which voxels would fall within the wire
diameter. This binary mask represents the model data, Mi . We performed
this measurement both with and without accounting for the directivity of the
transducer, and with and without accounting for the non-uniformity of the
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Figure 3.12: Comparison of reconstruction methods applied to chicken
breast phantom. Insets show the PA amplitude along the dashed white
line, normalized to the same dynamic range across all four images, with
vertical dashed red lines indicating the FWHM of the peak. Corresponding
measurements are summarized in Table 3.2.
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Figure 3.13: Maximum intensity projections of a tomographic reconstruction
of the calibration phantom. The top panel shows the data reconstructed
with directivity and illumination compensation, the middle panel shows the
model data, and the bottom panel shows an overlay of the two other panels,
to demonstrate the registration of the tomographic data to the model. White
scale bar indicates 1 cm.
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illumination. To measure the depth dependence, we divide the imaging volume into 1 mm thick concentric spherical shells which each correspond to a
particular distance from the transducer surface. We then compute the image
error in each of these shells using Equation (3.15). These data are summarized in Figure 3.14. Figure 3.13 shows maximum intensity projections of a
tomographic reconstruction of our calibration phantom, alongside the model
data predicted from our design files. We note a broader dynamic range displayed in this data since the calibration phantom was imaged in a medium
with lower light attenuation than the chicken breast tissue. The dynamic
range here is also broader than the photoacoustic portion of the multimodal
imaging shown in Figure 3.10 because that 2D data was reconstructed from a
single transducer position, whereas in this tomographic reconstruction, multiple transducer positions (and therefore many more transducer elements)
will contribute to a given voxel, improving the SNR.

3.5

Discussion

Our combined B-mode and photoacoustic imaging results, as shown in Figure 3.10 show qualitatively a strong agreement between both modalities
and the model data, indicating no significant errors between the designed
phantom template and the final image data. This reinforces a primary advantage of the ABUS as a multi-modal imaging platform, as no registration
procedure was required between these data. Figure 3.10 does not, however,
show a perfect alignment of the photoacoustic image with either of the other
datasets. Given that the photoacoustic signal is consistently shifted onto the
side of the inclusion nearest to the transducer, this is potentially due to our
use of coated rather than solid absorbers. There is also the potential for positional errors in the wires due to imperfections in the 3D printing process,
or small offsets at the attachment points.
As indicated by the registration metrics in Table 3.1, we see that the
photoacoustic data is in closer agreement with the model, evidenced by a
lower RMSE, and a higher structural similarity value. We expect this is
likely due to the photoacoustic data being similarly sparse to the model
data, in comparison with the B-mode data, which significantly broadens the
wire diameter, and contains more background speckle.
Comparing our imaging results in chicken breast tissue, we see that our
reconstruction method offers a significant improvement both to the qualitative appearance of the images in Figure 3.12, and a quantitative improvement to the SNR values and resolution of an inclusion at 2.0 cm imaging
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depth, as summarized in Table 3.2. We see that including either transducer directivity or illumination compensation increases SNR and improves
resolution, whereas the best results are achieved when both are included.
Our best-case measured SNR of 8.0 dB is comparable to the results of
Wray et al [151], who achieved SNR values of 6.1 dB and 9.2 dB at depths
of 1.5 cm and 1.8 cm respectively in human muscular tissue. This study
employed a transducer optimized for photoacoustic imaging. As such they
are able to attain a much higher resolution of 255 µm, compared to our
resolution of 1.2 mm. While muscular tissue is more highly attenuating
than fatty tissue such as the breast, we chose this study because the authors
had a similar constraint of a single laser pulse per acquisition.
Our calibration phantom image error shown in Figure 3.14 shows at
imaging depths greater than 1.5 cm, both directivity and illumination compensation offer an improvement over the standard reconstruction. The effect
of directivity is more significant, but the combination of the two consistently
produces the smallest error. Adding both compensation terms improves the
image error by an average of 18% over all imaging depths, and by an average
of 31% over imaging depths greater than 1.5 cm. It is to be expected that
our method would offer the greatest improvement at larger imaging depths,
since that is where the actual fluence will differ most from the assumption
of uniform illumination.
We note that since the illumination map Ψ must be computed for each
acquisition angle, it adds significant computation time to the reconstruction.
For a tomographic reconstruction of the entire ABUS volume from 200 transducer planes, adding non-uniform illumination compensation increases the
computation time from ∼5 minutes to ∼1 hour.
Our calibration phantom design has the advantage that its physical description is fully determined by the attachment points of the wires in the
3D printed structure, which are known from the CAD design. While a vascular structure, mimicking actual breast images as presented by Schoustra
et al [143], for example, would have been more relevant to the ABUS, uncertainty in the inclusion locations would have made the computation of
metrics such as the image error much more difficult. Our next step is to
acquire real images from healthy volunteers as performed in that study.
While our PAT system is complete and functional, our images still fall
well short of the state of the art, with a relatively low SNR being only
modestly increased by our improved reconstruction method described here.
Since we have few straightforward options for upgrading our imaging or
illumination hardware within the scope of this thesis, our best path forward
is through improved data pre-processing and image reconstruction.
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Despite the effectiveness of the SVD denoising method, it does inherently remove some portion of the desired signals in the process. As such, we
put significant effort into investigating the source and nature of the noise
bands, in the hope of eliminating them at the source. We ruled out most
sources of electronic interference, including the laser, which is a common
source of similar noise in photoacoustic data [106], by turning these sources
off, and using ferrite beads on the transducer cabling. We also ruled out
any contribution from the SonixDAQ by replacing it with a Verasonics Vantage system (Verasonics, Inc, Kirkland WA, USA) using their Ultrasonix
transducer adapter (UTA 156-U).
Through a process of elimination, removing or replacing each piece of
hardware in turn, we found that these bands are somehow characteristic of
Ultrasonix transducers, and not only the SonixEmbrace. We also found these
noise bands present when using an Ultrasonix L-14 linear probe. We expect
this is largely overlooked since it only becomes apparent when measuring
extremely weak signals, as we are attempting to do.
Further compounding this issue, our initial attempts at implementing a
more sophisticated regularized reconstruction scheme were ineffective due to
these noise bands being of similar intensity to the photoacoustic signals.
The other potential avenue for improving our data is to average over multiple acquisitions, decreasing stochastic noise. However, since our per-breast
scan time is 20 min when only acquiring a single frame per transducer position, acquiring multiple frames would multiply this scan time, and reduce
the potential for eventual clinical translation of this system.
To this end, Chapter 4 focuses on developing a more effective denoising method, and testing it using our implementation of a state-of-the-art
regularized reconstruction scheme.

3.6

Conclusions

We have developed an illumination scheme for photoacoustic tomography
which can be implemented in cases where there is insufficient space to illuminate the entire surface of the breast, as is the case with the SonixEmbrace
ABUS. This illuminator can attain a fluence of up to 2.5 mJ cm−2 at the tissue surface. We have demonstrated the use of this PAT system to image
the 0.25 mm features of our calibration phantom at depths of up to 3 cm in
a background with a scattering coefficient µs = 15 cm−1 , which is similar to
the value of 10 cm−1 in human breast tissue.
We have also devised a reconstruction scheme which can account for this
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non-uniform illumination, attaining a 25% increase in SNR at 2 cm in chicken
breast tissue when compared to a reconstruction scheme which assumes
spatially uniform illumination. We have quantified the improvement this
reconstruction scheme affords, such that we can apply it on a case-by-case
basis depending on whether image fidelity or reconstruction time needs to
be prioritized. Implementing this algorithm on a GPU provided a 200×
speed improvement over the same algorithm when executed on a CPU, for
an identical imaging configuration (number of acquisition planes, image grid
size, etc.).
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Chapter 4

Denoising of
Pre-beamformed
Photoacoustic Data Using
Generative Adversarial
Networks3
4.1

Overview

Since the intensity of generated photoacoustic signals is proportional to the
dose of laser light reaching the imaging target [60], a fundamental tradeoff
exists between maximizing this intensity while minimizing the laser dose
to which the patient is exposed [99]. Although different reconstruction
schemes including modified delay-and-sum techniques [153], filtered backprojection [100] and iterative approaches [101,102,103] have been developed
to enhance the quality of the reconstructed images, it is still common to average the raw RF ultrasound data generated from multiple consecutive laser
pulses, reducing stochastic noise and improving the SNR [104, 105]. This
approach not only increases the scan time proportionally to the number of
frames acquired at each imaging position, lowering the frame rate of the system, but it also increases the total laser dose. More specific noise-reduction
techniques such as bandpass filtering to the working range of the ultrasound
transducer [100], or the removal of laser-induced noise using SVD denoising [106] have also been employed to improve the quality of photoacoustic
RF data. In this paper we propose a deep learning based method that is
capable of reducing Gaussian background noise similar to averaging multiple acquisition frames, while simultaneously replicating more sophisticated
denoising, in particular the SVD denoising method of Hill et al. [106], which
3

This chapter is previously published [152], and has been modified and expanded upon
for this thesis.
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we have previously found to be particularly effective for our data [135].
GANS [154] and conditional generative adversarial networks (cGANs) [155]
emerged in 2014, and were quickly adopted as the state-of-the-art deep learning models for a variety of tasks in different fields [156]. cGANs capable of
mapping different image domains, such as the Pix2Pix model of Isola et
al. [157] for instance, can be used for tasks such as segmentation, grayscale
to RGB transformation, and super-resolution reconstruction and rendering.
In recent years, there have been numerous studies investigating applications
of deep learning in PAI [158, 159, 160, 161]. More specifically, GANs have
been applied to PAI both for artifact removal and as a substitution for iterative solutions [162, 163] where the input and output of the GANs resemble
the initial guess and final iterative solution provided by iterative reconstruction algorithms respectively. However, these studies have mainly focused
on post-beamforming processing of photoacoustic data for enhancing reconstruction. In our case, we have noisy input images, and idealized (or “gold
standard”) output images, generated by averaging many acquisitions frames
and applying SVD denoising. To reproduce this mapping without the correspondingly long acquisition time, a generative supervised learning approach
such as a GAN is ideally suited.
In this study, we have developed a GAN-based method using the Pix2Pix
model for denoising pre-beamformed RF data that can mimic both the behaviour of multi-frame temporal averaging noise reduction using only one
frame of data while also being able to remove sensor-specific artifacts. Since
the Pix2Pix model was designed for image-to-image translation tasks involving highly structured graphical outputs, we hypothesized that it might
work as an alternative or supplement to our SVD denoising, which excels at
removing structured noise.
We achieved comparable results both in terms of raw RF data and also
in the resultant reconstructed images using the denoised data. To the best
of our knowledge, this study is the first to use GANs as a pre-processing
step in photoacoustic imaging to enhance the quality of the raw RF data
and consequently the resultant reconstructed images.

4.2

Methods

In the following sections, scalars are represented by lower-case letters, data
matrices by bold lower-case letters, and operators by upper-case italic letters. We will begin by describing the photoacoustic model and defining our
reference dataset. We then propose our method of GAN denoising, as well
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as our reconstruction methods and metrics which will be used for quantitative assessment. Finally we describe our data acquisition hardware and
experimental parameters.

4.2.1

Photoacoustic Model

The photoacoustic effect describes the generation of propagating acoustic
waves by a temporally short pulse of laser light. These waves can be detected by standard ultrasound transducers, and the received signals can be
processed to reconstruct the initial pressure distribution p0 which, under the
assumption of an acoustically homogeneous sample and spatially uniform illumination, will be proportional to the optical absorption in the sample [60].
When the measured time-varying pressure pD (rD , t) is acquired at multiple
positions rD in 3D space and p0 (r) is reconstructed at sample points r, this is
referred to as PAI reconstruction [100]. In imaging systems, the discretized
versions of p0 (r) and pD (rD , t) are denoted by p0 and pD , respectively.

4.2.2

Reference RF Dataset

At each imaging location across a volume, a sensor is used to acquire a
frame of RF data with the general shape of (m, n) where m is the number
of detection elements of the sensor and n is the number of time samples
taken, which correspond to how far away is the source from the detection
element. This noisy frame of RF data is denoted by pD,noisy . We preprocess these frames by first performing temporal averaging at each location
where nf frames (nf = 20 in our example) are averaged together denoted by
pD,nf −avg . We then perform SVD denoising to remove cross-channel noise
bands from the data [106, 135]. These steps will result in a reference frame
for the experiments performed in this paper, which we will denote by pD,ref .
Additionally, SVD denoising applied to a single noisy frame of RF data (as
opposed to a temporal average of frames) will be denoted by pD,SVD .
For example, a frame of our RF data contains n = 1792 time samples across m = 384 elements of the transducer, where for each 128-element,
1792-sample segment of a frame of RF data, we construct a 128×1792 matrix
and compute its SVD (our transducer array of 384 elements is multiplexed
into 128 channels; three acquisitions are performed at each transducer location). By isolating the first k singular value components and reverting to
the original representation, we are left with only the noise, which dominates
those k singular values. We subtract this noise from the original matrix,
resulting in the denoised data (the quality of which we will assess quantita78
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tively in Section 4.3.2). This process is illustrated in Figure 4.1. An example
frame pair of pD,noisy and pD,ref can also be seen in Figure 4.2.

Reference Dataset
frames of
𝐃,𝐧𝐨𝐢𝐬𝐲

Average
frames
SVD Denoise
one frame

𝐃,𝐚𝐯𝐠

SVD
Denoising

𝐃,𝐫𝐞𝐟

𝐃,𝐒𝐕𝐃

Figure 4.1: Preparation of a reference frame. After imaging one location nf
times and performing temporal averaging, the resultant frame is denoised
using SVD denoising. We also denoise each frame with the SVD approach.
In SVD denoising, as k, the number of discarded singular values increases, lower-frequency structures are suppressed at the expense of an increased level of background noise, which can be observed in Figure 4.3. To
strike the best balance between removing the noise bands and preserving
the photoacoustic signals, the data in the present study was denoised using
k = 15, obtained empirically by examining the inset A-line plots in Figure 4.3, and choosing the smallest k such that the noise band signals are no
stronger than the background fluctuations.

4.2.3

GAN Denoising

We use the Pix2Pix Model [157] which trains a cGAN to learn a mapping
from an input image and random noise vector z, to an output image. Due
to the size of pD,noisy and pD,ref in our example, (384, 1792), we cannot
use these frames at once as an input/output pair and therefore we need to
divide them into smaller patches denoted by i pD,noisy and i pD,ref with i
indicating the location of the patch within each frame (see Figure 4.4 for an
example). Letting G(., .) and D(., .) represent the outputs of the generator
and discriminator respectively, the training objective of the model presented
in [157] will be


LcGAN (G, D) = Ei pD,noisy ,i pD,ref log D i pD,noisy , i pD,ref
(4.1)


+Ei pD,noisy ,z log 1 − D i pD,noisy , G i pD,noisy , z
LL1 (G, D) = Ei pD,noisy ,i pD,ref ,z



i

pD,ref − G i pD,noisy , z

 
1

(4.2)
79

4.2. Methods

Noisy Frame - pD, noisy

Element

300

0.25
0.00
0.25

0.5
400

800

1200

1600

0.4
0.3

200

0.2

100

0.1
0.0

Element

300

Reference Frame - pD, ref

0.5
0.0
0.5

1.0
0.8

400

800

1200

1600

200

0.6
0.4

100

0.2
400

800

Samples

1200

1600

0.0

Figure 4.2: RF data training frame pair for the GAN. These 384 × 1792
frames are divided into 128 × 128 patches to be used with the GAN. The
reference frame is the result of averaging 20 frames followed by SVD denoising. The line plot in each frame is an A-line profile of the frame at the
location of the dashed white line.
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Figure 4.3: Example results of SVD denoising, illustrating the suppression
of signals as the number of discarded singular values, k, increases.
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G∗ = arg min max {LcGAN (G, D) + λ1 LL1 (G, D)}
G

D

(4.3)

where LcGAN denotes the cGAN loss, LL1 the L1 distance norm, and E the
expectation values [157]. Combining Equations (4.1) and (4.2) results in G∗
which is the cGAN loss wherein the generator tries to minimize the objective
and the discriminator tries to maximize it, in addition to a sparsifying distance which encourages a more focused image controlled by the parameter
λ1 .
In training the Pix2Pix model, the loss function does not provide a descriptive source for determining the quality of training [157], therefore in
addition to having a training dataset and a testing dataset, we employ a
validation dataset to tune the parameters of the model after each training
trial. While this requires performing an additional experiment, it ensures
that the model training is completely blind to the validation data, unlike
cross-validation methods such as k-fold or Monte Carlo. We found that we
achieved optimal performance using our validation dataset with a patch size
of (128, 128), without overlap, a batch size of nb = 5, a learning rate of
α = 0.0002, and a regularizer λ1 = 100. We used the Adam optimizer with
the model weights being initialized randomly from a Gaussian distribution
with mean 0 and standard deviation 0.02. With the exception of the patch
size, which we changed to match the number of RF channels in our data
(and therefore the size of the noise bands), all other parameters were the
default values recommended in [157]. As seen from Equation (4.3), training
occurs with the generator learning to output images that are closer to the
reference, while the the discriminator learns to distinguish between real images and fake images from the generator. This training process is outlined
in Figure 4.6. Our choice of hyperparameters and input/output images sizes
will result in the GAN architecture illustrated in Figure 4.5 where the generator is a U-Net architecture [164] and the discriminator is a PatchGAN
classifier [157]. Our model was trained using a single Tesla V100 GPU on
an NVIDIA DGX-1 system.
Performing inference on our unseen testing data using the GAN is similar
and requires the frames to be first divided into sub-patches, denoised, and
subsequently put back together as outlined in Figure 4.7. A frame of RF data
denoised using the GAN will be denoted by pD,GAN . During inference, only
the generator is used to output denoised patches using noisy patch inputs,
while the discriminator is left unused.
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Figure 4.4: RF data training patch pair for the GAN. In our example, these
128×128 patches are extracted from 384×1792 RF frames. The patches have
been absolute-valued for display only, to increase visibility of the signals.
The reference patches are the result of averaging 20 frames followed by
SVD denoising. Note the increased intensity of the main (diagonal) signal,
as well as some weaker signals to its right which were not visible at all in
the noisy data.
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Figure 4.5: GAN architecture portraying the dimensions of the hidden layers
fusing 128 × 128 patches. If a different patch size were used, the size of
the layers would be adjusted accordingly. Each output of the generator is
subsequently used as an input to the discriminator which has to determine
if it is a real patch or a fake patch.
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Figure 4.6: The training process of the GAN involves A the generator learning to output more realistic data and B the discriminator learning to distinguish between fake and real images. The combined objective function
LcGAN + λ1 LL1 is back-propagated through both networks, updating their
respective weights.
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Figure 4.7: Once the noisy RF data pD,noisy is acquired using the imaging system, each frame is divided into i pD,noisy sub-patches (128 × 128 in
our examples). These patches are then denoised using the trained generator model making i pD,GAN which are combined into a denoised pD,GAN
frame subsequently used by the reconstruction algorithms to approximate
the initial pressure distribution p0 .
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4.2.4

Reconstructions

Improving the pre-processing and denoising of RF data ultimately serves to
improve the quality of reconstructed photoacoustic images. We therefore
need to assess the reconstructions that use our GAN-denoised RF dataset
compared to reconstructions using temporal averaging and SVD denoising.
Filtered Back-Projection
In this study, we use the model of Xu et al. [100] for spherical scanning
geometry, which relates p0 (r) to pD (rD , t) in a backprojection form as


Z
2
∂pD (rD , t)
p0 (r) =
dΩ0 pD (rD , t) − t
(4.4)
|r−rD |
Ω0
∂t
t=
vs

Ω0

where vs is the acoustic speed in the sample, Ω0 is the solid angle of the
surface containing the detection points rD , and dΩ0 is the solid angle of the
surface element at a location rD relative to a sample point r. While this
form is exact only in the case in which this surface completely encloses the
0
sample (Ω0 = 4π), the dΩ
Ω0 term serves as a weight to mitigate the effects
of the well-known partial view problem [100]. We have previously described
our reconstruction scheme in detail [135] but we note that in the present
study we assume spatially uniform illumination. We refer to this single-shot
reconstruction as filtered backprojection (FBP) in the later sections.
Fast Iterative Shrinkage Thresholding Algorithm
To implement the iterative reconstruction algorithm, we also need a forward
model describing the generated pD as a function of p0 . If we define a matrix
A∗ which describes the action of Equation (4.4) on a discrete sampling of
pD in vector form pD (the RF data) as
A∗ pD = p0

(4.5)

where p0 is a vector of initial pressure values in the sample (the image),
then we can also define a matched [101, 165] forward (adjoint) operator A
such that
Ap0 = pD
(4.6)
where A∗ = AT since A contains real-valued elements [101]. We will refer
to A and AT as the projection and backprojection operators, respectively.
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Our CUDA implementation of the action of AT upon pD is included in
Appendix C.
Iterative frameworks for solving the acoustic inverse problem in PAI
have been well studied in the past [102]. In this study, we have chosen
the fast iterative shrinkage-thresholding algorithm (FISTA) [166] with a
total variation (TV) regularizer [167] which is used widely in the field of
PAI [101,103]. As we are dealing with the limited-view problem [100], we can
never exactly compute p0 , therefore formulating PAI as an inverse problem
and following the steps outlined in [101, 103, 166, 167] with our best possible
estimation to p0 being denoted by p̂0 , the minimization objective will be
min{F (p̂0 ) = kAp̂0 − pD k2 + λ2 kp̂0 kT V }
p̂0

(4.7)

Algorithm 1: Monotone FISTA
j = 0;
t0 = 1;
n = number of trials;
p̂0,0 = FBP Reconstruction;
while j ∈ [1, n) do
qj = TV2λ2 /Lj {gj −

tj+1 =

2 T
A (Agj − pD )}
Lj
q
1 + 1 + 4t2j
2

p̂0,j = {qj if F (qj ) ≤ F (p̂0,j−1 ) else p̂0,j−1 }
gj+1 = p̂0,j +

(Alg 1.1)

(Alg 1.2)
(Alg 1.3)

tj
tj − 1
(qj − p̂0,j−1 ) +
(p̂0,j − p̂0,j−1 ) (Alg 1.4)
tj+1
tj+1

Algorithm 1 outlines the monotone version of FISTA (MFISTA) outlined
in [167], which prevents divergence of the cost function F due to the lack
of an exact solution for the TV denoising problem [167]. We iteratively
update p̂0,j , the j-th guess, from our initial guess of p̂0,0 being the FBP
reconstruction to converge to p̂0 . TV2λ2 /Lj is a solution to the TV denoising
problem, implemented using the method of Chambolle [168], and Lj is the
Lipschitz constant, used as the denoising weight found using backtracking
line search [167]. Note that pD in Algorithm 1 may be any of the RF datasets
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explained, i.e. Noisy, Reference, GAN Denoised, or SVD Denoised. In
summary, as the algorithm progresses, p̂0,j converges to p̂0 , a TV-regularized
solution to Equation (4.5).

4.2.5

Metrics

In this section we present the metrics we use to both assess the result of
the GAN denoising directly using the RF data, as well as indirectly by
inspecting the resultant reconstructions. In the formulas presented in this
section, y refers to our ground-truth and expected output and ŷ refers to
our estimated output. Due to the dual purpose of our assessment, y and
ŷ can be either the RF data or the reconstructed images in the formulas
below. We begin by using the mean square error (MSE), defined as
np
1 X
(yi − yˆi )2
np

M SE =

(4.8)

i=1

where np is total number of pixels in an image and yi and ŷi the value of
the pixel i in the expected and estimated images respectively.
The second metric we use to quantify the performance is the SSIM [148],
which is given by
SSIM (y, ŷ) =

(2µy µŷ + c1 )(2σyŷ + c2 )
+ µŷ2 + c1 )(σy2 + σŷ2 + c2 )

(µ2y

(4.9)

where µ is the mean intensity and σ the standard deviation of the signal,
and σyŷ is the correlation coefficient of y and ŷ
np

σyŷ =

1 X
(yi − µy )(ŷi − µŷ )
np − 1

(4.10)

i=1

The constant terms c1 and c2 are used to avoid ill-defined values in Equation (4.9); we use the same values presented in [148]. The final metric used
for assessing the quality of the denoised RF data directly and indirectly is
the feature similarity index measurement (FSIM) [169,170] which is designed
to replicate subjective (i.e. human) evaluations, by assessing the similarity
of low-level features in the images. FSIM is defined as
P
SL (x) · P Cm (x)
P
(4.11)
F SIM = x∈Ω
x∈Ω P Cm (x)
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where the vector x represents the spatial domain of the the images y and
ŷ, and Ω is the entire spatial domain. P Cm (x) is the maximum phase congruency [171]—a dimensionless quantity providing an absolute measure of
significance of feature points, between the two images. SL (x) is a similarity
measure between the two images calculated using
SL (x) = SP C (x) · SG (x)
where
SP C (x) =

(4.12)

2P C1 (x) · P C2 (x) + s1
P C1 (x)2 + P C22 (x) + s1

(4.13)

2G1 (x) · G2 (x) + s2
G21 (x) + G22 (x) + s2

(4.14)

SG (x) =

with Gi (x) being the gradient magnitude and P Ci (x) the phase congruency
of image i in domain x. s1 and s2 are constants to avoid ill-defined values
of SP C (x) and SG (x), for which we chose the same values used in [169, 170].

4.2.6

Data Acquisition

All RF data were acquired using the SonixEmbrace ABUS (Ultrasonix Medical Corporation, Richmond, BC, Canada). This scanner consists of a 384element transducer with −12 cm radius of curvature, 10 MHz centre frequency, and 90% bandwidth. The transducer is embedded in a spherical
dome attached to a motor, which rotates through 360° to collect volumetric
data. A SonixDAQ module (DAQ - BK Medical, Peabody, MA) was used
to acquire pre-beamformed RF data at 40 MHz. Our illumination source
consists of a Continuum Surelite II laser (Continuum, Santa Clara, CA)
pumping an OPO from the same manufacturer. The OPO output is homogenized [144] and coupled into a 1 mm silica-core optical fiber, which is
coupled to a custom illuminator designed to deliver a fan-shaped beam of
diffuse illumination to the sample surface through a window parallel to the
ABUS transducer [135]. Synchronization of the RF data acquisition with
the laser illumination was accomplished using a custom Arduino-based circuit controlled over USB. With the data download from the SonixDAQ to
the PC being the rate-limiting step, we are able to acquire one frame per
transducer position at 50 equally spaced positions in about 20 minutes.
Our training data were acquired from a custom, modular wire phantom [135], consisting of black spray-painted monofilament fishing line suspended between attachment points on a 3D printed template as seen in
Figure 4.8a. To validate our GAN, we imaged a commercial photoacoustic
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phantom containing optically absorbing spheres purchased from Computerized Imaging Reference Systems Incorporated (CIRS - Norfolk, VA). For
testing and quantification, we used the same black fishing line described
above, tied into a small figure-of-eight knot, as shown in Figure 4.8b, which
provides several features at various angles within a small imaging volume. It
is important to note that only the black surface of the wires will function as
a photoacoustic absorber, rather than the entire cross-section which would
be the case for a solid coloured inclusion, or a blood vessel.
To test how the model performs on out-of-distribution data, we also
developed an anatomically realistic 3D printed vessel phantom using labelled
magnetic resonance angiography patient data made publicly available by
Lou et al. [172]. Beginning with dataset “Neg 35 Left”, we extracted voxels
labelled as blood vessels. We added a rectangular base for the vessels to
attach to, and discarded any vessel segments which were not attached to
either the base or another vessel, as these would be unsupported in the
final print. Finally, we converted the voxel data to a surface mesh which
was exported to STL format for 3D printing. The phantom was printed
on a Form 2 3D printer (FormLabs, Somerville, MA) with a layer height of
0.1 mm, using “Tough 2000” resin from the same manufacturer. Finally, the
print was cleaned up and spray painted black. While some of the smallest
vessels were not faithfully reproduced, and others still were lost during the
cleanup process, the phantom still provides realistic geometry, and vessels
ranging in diameter from 0.2 mm (the voxel size in the original dataset) up
to 5 mm. The numerical data, as well as a photo of the final phantom are
shown in Figure 4.9.
The training phantom was imaged at 100 equally-spaced transducer positions in the ABUS dome, the validation phantom at 10, and the two different
testing phantoms at 50 positions each. Each location was imaged 20 times
in all three cases. Since we train our GAN using (128, 128) patches, this
corresponds to 4300, 430, and 2150 patch pairs for the training, validation
and hyperparameter optimization, and testing datasets, respectively.

4.3

Results

In this section, we first provide an example of a training trial for the model.
We then provide our results by first assessing the pre-beamformed RF data
followed by the resulting reconstructions.
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(a) Wire phantom used for training the GAN.

(b) Knot phantom used for testing the GAN.

Figure 4.8: Custom phantoms used for training and testing the GAN.
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Figure 4.9: Vessel phantom used for testing the GAN. The top panel shows
the numerical data, and the bottom panel is a photo of the 3D print.
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Figure 4.10: Metrics for the validation dataset. The dashed red line indicates the epoch chosen to be applied to
our test dataset. Although this epoch is not at the maximum or minimum value of any of the metric, it achieves
an appropriate balance between the three. Note that it is well known that GAN optimum performance is not
necessarily monotone with the number of epochs [173].
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4.3.1

Model Hyperparameter Tuning

As mentioned previously, we use a validation dataset to tune the hyperparameters of the GAN. Here we used data acquired of the CIRS phantom
described in Section 4.2.6. Figure 4.10 is an example of this process, demonstrating the choice of optimal number of training epochs. Ideally we would
want the minimum MSE value and the maximum FSIM and SSIM to occur
at the same epoch, however, Figure 4.10 suggests that considering all three
metrics, epoch 820 (dashed red line) provides a good balance of a low MSE
value alongside high SSIM and FSIM values which are desirable for our task.
This is due to the fact that while low MSE corresponds to the removal of the
background noise, SSIM and FSIM correspond to the fidelity of the output
signals’ shape compared to the true signals. These 820 training epochs took
an average of 28 seconds each, for a total training time of about 6.5 hours.

4.3.2

RF Data

In applying our metrics, we compared our reference RF dataset to the other
possible approaches of only frame-averaging, only SVD denoising, and finally
GAN denoising. The results are the mean values from 50 imaging locations
along the ABUS dome. We have also added a 10 frame averaged case for
comparison purposes to the 20 frames averaged case. These results are
summarized in Table 4.1 for the knot phantom, and in Table 4.2 for the vessel
phantom. Figure 4.11 and Figure 4.12 illustrates sample denoised frames of
the knot and vessel phantom, respectively, using the different approaches for
one of the aforementioned 50 imaging locations. We note that increasing the
number of averaged frames beyond 20, we found diminishing returns with
respect to our quality metrics which did not justify the proportional increase
in scan time. A plot of this relationship is included in Appendix A.2.

4.3.3

Reconstructed Images

Table 4.3 summarizes the reconstruction results of the knot phantom using the different RF data available with reconstructions resultant from the
reference RF dataset as ground-truth. The 2D reconstructions are in the
axial/lateral plane of the ABUS transducer at a resolution of 0.1 mm. We
achieved convergent FISTA reconstructions with the regularizer parameter
λ2 = 0.01 after 20 iterations of Algorithm 1. By examining the minimization objective as a function of iteration number, we can see that there is
little improvement beyond 20 iterations. An example of this relationship
is included in Appendix A.3. As before, these results are the mean of 50
95

4.3. Results

Denoising Category

MSE (%)

SSIM

FSIM

Noisy Data
10 Frames Averaged
20 Frames Averaged
SVD Denoised
GAN Denoised

0.28
0.07
0.06
0.17
0.05

0.50
0.72
0.78
0.37
0.76

0.54
0.71
0.74
0.75
0.85

Table 4.1: Comparison of denoising methods for the knot phantom RF data.
Each row represents the mean of 50 imaging locations around the ABUS
dome. Best results are bolded.

Denoising Category

MSE (%)

SSIM

FSIM

Noisy Data
10 Frames Averaged
20 Frames Averaged
SVD Denoised
GAN Denoised

0.31
0.16
0.17
0.88
0.17

0.43
0.47
0.46
0.15
0.44

0.50
0.69
0.71
0.71
0.84

Table 4.2: Comparison of denoising methods for the vessel phantom RF
data. Each row represents the mean of 50 imaging locations around the
ABUS dome. Best results are bolded.
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Figure 4.11: Testing data showing the denoising techniques considered applied to the knot phantom. The blue plot in each frame is an A-line profile
of the frame at the location of the dashed white line. The absolute values
of the RF data are displayed. The A-lines portray the real range of the
data. The green arrow points to the signal at sample 400 for comparison.
The red arrow points to the straight line artifact in denoising cases where it
has not been removed. Note that the SVD denoised and GAN denoised are
single-frame results without temporal averaging.
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Figure 4.12: Testing data showing the denoising techniques considered applied to the vessel phantom. The blue plot in each frame is an A-line profile
of the frame at the location of the dashed white line. The absolute values of
the RF data are displayed. The A-lines portray the real range of the data.
Note that the SVD denoised and GAN denoised are single-frame results
without temporal averaging.
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imaging locations with Figures 4.13 and 4.14 providing examples for FBP
and iterative reconstructions at one of these imaging locations.
Denoising Category
Noisy Data
10 Frames Averaged
20 Frames Averaged
SVD Denoised
GAN Denoised

MSE(%)
FBP
2.00
0.85
0.51
0.15
0.18

FISTA
0.51
0.11
0.08
0.05
0.05

SSIM
FBP
0.40
0.43
0.49
0.58
0.66

FISTA
0.48
0.64
0.73
0.71
0.80

FSIM
FBP
0.69
0.75
0.79
0.84
0.83

FISTA
0.69
0.74
0.76
0.78
0.80

Table 4.3: Comparison of denoising methods and their effects on the reconstructed images of the knot phantom. Each row represents the mean of 50
imaging locations around the ABUS dome. Best results are bolded.

4.4

Discussion

For the knot phantom, as shown in Table 4.1 the GAN outperforms all of
the other denoising cases except in its SSIM value which is slightly below
that of 20 frames averaged. This is mainly due to the GAN being trained
on the SVD and 20 frames averaged combination which is the theoretical
upper limit of its performance. While 20 frames was sufficient for our system
(see Appendix A.2), this will vary depending on the attainable SNR of the
system, and the specifics of the “structural” noise (if any) being targeted. As
such, the necessary training dataset will vary for each system. Fortunately,
since the training time is only several hours, it would not be prohibitive to
train on multiple datasets to find what works best.
In Table 4.3, we can see that the reconstructions of the knot phantom
data denoised using the GAN outperform all of the other cases, both in
FBP and FISTA. This is significant since all of these performance benefits
come at a fraction of a time of the frame averaged cases due to the GAN
needing only a single frame of data per imaging location. These results
are consistent with characteristics of the metrics used. While MSE mainly
focuses on the absolute error between images, SSIM and FSIM focus on the
structural differences and similarities [174].
Additionally, if we take a closer look at Figure 4.11, we can see that the
GAN and SVD are the only two cases that have managed to remove the
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Figure 4.13: 2D FBP reconstruction of the knot phantom data after the RF
data has been processed using different denoising approaches. The line plot
in each image is a profile plot along the dashed white line. Reference refers
to reconstructions using the Reference RF dataset.
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Figure 4.14: 2D FISTA reconstruction of the knot phantom data after the
RF data has been processed using different denoising approaches. The line
plot in each image is a profile plot along the dashed white line. Reference
refers to reconstructions using the reference RF dataset.
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straight line noise band visible at sample 550 (indicated in the A-lines in
Figure 4.11 with a red arrow). However, the GAN displays less background
noise which is consistent with the results of Table 4.1, one such example
being the signal at sample 400 (indicated in the A-lines in Figure 4.11 with
a green arrow) which is strongest in the GAN output. Once again this is
due to the fact that the GAN learns the optimal behaviour from both frame
averaging and SVD denoising since it has been trained on their combination.
Similar behaviour is also seen in the reconstruction results in Figure 4.13 and
Figure 4.14. The effects of the leftover noise bands in the RF data can clearly
be seen in the FBP(pD,10−avg ), FBP(pD,20−avg ), FISTA(pD,10−avg ), and
FISTA(pD,20−avg ) cases as streaks in the lower left of the images, which
are running parallel to the transducer face. Further, we can see examples
of significant background noise in the FBP(pD,SVD ) and FISTA(pD,SVD )
cases.
Despite being significantly different from the training data, we see that
the GAN performed similarly well on the vessel phantom data. Qualitatively,
we see again that the GAN denoising removed the worst noise bands from
the RF data, as is clear in the A-line plots in Figure 4.12. Table 4.2 shows
that the GAN performed best with respect to FSIM, and very near to the
best result with respect to MSE and SSIM.
The timing benefits of using only a single frame of data for imaging
will result in a better PAI frame rate as the GAN model can be loaded
prior to the imaging session and denoising a frame takes on average 0.3
seconds on an Nvidia GeForce GTX 1060 GPU using the PyTorch library.
This computation time will be reduced once inference-only libraries like
TensorRT are used in the clinical deployment stage [175]. This is similar
to our GPU implementation of SVD denoising, and since our 384-element
transducer requires three 128-element acquisitions per frame (with one laser
pulse each), we are still limited by the 10 Hz repetition rate of our laser.
Additionally, averaging several frames per imaging location will most likely
cause distortions in the data as clinical imaging subjects, i.e. human organs,
will move throughout the data acquisition, therefore imaging only a single
frame per location provides additional benefits.
Future work will benefit from a set of training data that is independent
of both the SVD and frame averaging. One possible approach would be to
use simulation data and add noise for training purposes; however, adding
sensor specific noise to simulation data correctly will bring forth a new set of
challenges. Ultimately, this will enable the GAN to overcome the shortcomings that might arise from using either the SVD or averaging. Further, while
the effectiveness of this denoising method is fundamentally limited by the
102

4.5. Conclusion
SNR of the training data, it would be useful to explore the absolute limits
of this technique in terms of the minimum SNR which still allows recovery
of photoacoustic signals. We are exploring the application of this technique
to photoacoustic data acquired using a laser diode illuminator, where significant frame averaging is usually required to attain an SNR similar to pulsed
laser systems.
While this technique is promising based on the metrics we have chosen,
it will be important moving forward to further study the specific effects of
this method on the RF data and corresponding reconstructions to ensure,
for example, that the attainable resolution is not affected, or that certain
reconstruction methods are not rendered less effective. It would, for example, be useful to characterize the effect of this technique on the frequency
content of the photoacoustic signals to ensure that certain feature sizes are
not preferentially suppressed or enhanced.
Finally, for this method to be useful, it must be tested on in vivo data,
which raises the question of how one would gather sufficient training data
for such a study. While it would be prohibitively time consuming to acquire
such a dataset from a single patient, we are hopeful that smaller scans of a
modest cohort of patients or volunteers (10 to 15) would provide a sufficient
dataset to train our model. Whether or not such a model would be robust
enough for the high variability of in vivo data will be the ultimate test of
this technique. Our tests on the vessel phantom suggest that some out-ofdistribution data can be effectively denoised, providing some promise in this
regard.

4.5

Conclusion

In this paper we have shown that using a GAN to denoise pre-beamformed
RF data is a viable option both for removing general background noise
for which frame-averaging is standard [104]. The approach can be used to
remove artifacts where algorithms such the SVD denoising are traditionally
employed. Using SVD and frame-averaging as our training standard, we
have improved upon the performance of single frame SVD output, producing
results similar to SVD and frame averaging combined. Additionally we have
shown that improving the quality of the RF data results in improvements
in the corresponding reconstructions.
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Chapter 5

Conclusions and Future
Work
This chapter first provides a summary of the results of this thesis, and
discusses their relevance in the context of the current state of the art. We
then highlight shortcomings and limitations of these results, and provide
suggestions to improve and further develop our multimodal system in future
work.

5.1

Summary and Discussion

Breast cancer accounts for the deaths of almost 700 000 women globally
each year. Improved early detection, especially in high risk groups, has the
potential to save many of these lives.
In this thesis, we have built a system for automated multimodal imaging
of the breast, with the hope of improving the detection and staging of breast
cancer. Our ultimate goal is to conduct a single, fast, operator-independent
scan which can provide clinicians with a number of volumetrically-resolved
anatomical markers, informing an accurate and efficient diagnosis. We have
focused on imaging modalities which are supported by prior clinical results
in the field, with both our choice of modalities, and many aspects of our
system design being completely novel. We have used the SonixEmbrace
ABUS as a starting point, and incorporated the new modalities without
compromising the high quality US images this system produces.
In Chapter 2, we described the hardware and software of each imaging
subsystem, including the S-WAVE system which provides tissue elasticity
measurements, and the PAT system, which provides tissue vascularization
and oxygenation state. We rationalized our design decisions, and described
the inter-connectivity of the various system components. We performed SWAVE imaging of a commercially available elasticity phantom, accurately
measuring the absolute stiffness values consistent with the product specifications. Finally, we reported the first combined imaging with this system,
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acquiring B-mode US, S-WAVE, and PAT of a custom-designed multimodal
phantom containing features which are visible uniquely in each of the modalities.
In Chapter 3 we described our complete PAT system in greater detail.
In particular, we reported our novel illumination system and reconstruction
software, and quantified their capabilities. Using this system, we successfully
resolved PA inclusions embedded in chicken breast tissue, which is commonly
used to mimic the scattering and absorption properties of human breast
tissue. We also designed, built, and imaged a custom wire phantom designed
to test imaging depth and reconstruction accuracy. Our results confirmed
not only that this illumination method is feasible, but that it can provide
comparable imaging depth to similar systems in the literature.
Building upon the results of Chapter 3, Chapter 4 further improved our
photoacoustic data processing method. We developed and implemented a
machine learning framework for denoising photoacoustic data, and tested
its performance both on the raw RF data, and on images reconstructed
with a state-of-the-art iterative reconstruction scheme. This data analysis
pipeline was shown to greatly improve the quality of our images, which were
acquired with the minimum possible scan time, given the current hardware
restrictions. With the system complete, and this analysis pipeline in place,
we are now able to generate PAT on par with leading groups in the field.
In conclusion, this thesis sought to develop and quantify the performance
of an automated scanning platform for the detection of breast cancer. This
type of imaging has the potential to detect breast cancers earlier and with
greater accuracy, especially in high risk populations, such as women with
dense breast tissue. Screening with such a system could lower cost compared
to the current gold standard of XRM, reduce unnecessary biopsies, and
most importantly, prevent deaths. The majority of the thesis focused on
the promising, but technically complex modality of PAT, but also provides
preliminary results simultaneously acquiring B-mode US, S-WAVE, Doppler
flow, and PAT of a custom multimodal phantom.

5.2

Implications

While the photoacoustic portion of our system still falls well short of clinical
application, we have solved many of the engineering difficulties associated
with developing this system, and have hopefully provided an excellent starting point for fruitful studies in the future.
One of the primary concerns at the outset of this work was that the
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geometric constraints of the SonixEmbrace system would make illuminating
the breast for PAT technically infeasible, or even impossible. Our approach
of using diffusive optics and modeling the illumination is general enough
to be used in other photoacoustic imaging applications, especially those
attempting to minimize cost [138], image disease sites which are difficult
to illuminate by conventional means such as the prostate [176, 177], and
guidance of minimally invasive surgical procedures where space constraints
often lead to inherently non-uniform illumination [67].
The problem of denoising PA data is one that affects every system. Acquiring more data reduces random noise, but increases scan time and the
total laser dose to which the patient is exposed. This balance is one of the
fundamental choices made in PA system design, and as such, a technique
that can improve SNR without acquiring additional frames is a very valuable
contribution to the field.
S-WAVE imaging with the SonixEmbrace ABUS would be much easier
to translate to in vivo imaging, given the simpler hardware requirements
and more extensive clinical results supporting such a system. A modest
volunteer study could serve to further explore the capabilities of the system,
and inform further development of the system. The recent work of Shao et
al [121] using multimodal breast data to effectively distinguish benign and
malignant breast lesions, offers a very promising path forward for this work.
Combining automated multimodal scanning with a sophisticated classification pipeline such as this could provide an extremely powerful screening
tool.

5.3

Limitations and Future Work

There are several outstanding issues and limitations of our system which
could be barriers to clinical translation.
1. Relatively slow PAT scan time of 20 min per breast. This is primarily due to the slow data transfer rate of the SonixDAQ module. To
mitigate this, we could switch to a Verasonics Vantage system, or upgrade our laser system to improve on our current pulse repetition rate
of 10 Hz. We are currently exploring whether our denoising method
could make a high repetition rate ( kHz) diode-based system more
feasible, despite each pulse having significantly lower power than a
laser-based system. We also currently stop the motor for each acquisition, but a faster data transfer rate could enable continuous scanning,
further decreasing the overall scan time.
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2. The SonixEmbrace transducer is not ideal for PAT. For the imaging of breast cancers undergoing angiogenesis, a center frequency of
2.25 MHz with sensitivity extending into the kHz range is ideal [127].
Further, the inclusion of an elevational acoustic lens on the SonixEmbrace transducer limits the acceptance angle of the detection elements,
leading to imaging artifacts and decreased sensitivity [140]. We intend
to explore supplementing the SonixEmbrace transducer with a more
broadband, purpose-built photoacoustic array. Capacitive micromachined ultrasound transducers (CMUTs) have proven very promising
in terms of frequency response and angular sensitivity [178, 179] but
suffer from expensive and complex fabrication, and are known to be
delicate and therefore prone to degradation with use. Recent developments in fabrication techniques may alleviate or eliminate some of
these issues, facilitating rapid prototyping of thin, flexible, transparent
CMUT arrays [180, 181].
3. With Ultrasonix Medical Corporation being acquired and subsequently
shut down, research-level support for the SonixEmbrace, SonixDAQ,
and other hardware and software central to our system will likely
soon be non-existent. While the transducer and US system can be
replaced with similar offerings from other vendors, access to the prebeamformed RF data required for PAT imaging is not commonly made
available outside of research systems such as the Verasonics Vantage.
To use the Vantage system for human studies requires first obtaining regulatory clearance for the combined device, introducing further
barriers.
4. More in-depth analysis will be required to determine the effectiveness
of our GANs-based denoising on real breast data. While we were
able to show good performance on out-of-distribution data, the high
variability of in vivo data will require the most robust training data
possible, necessitating at least a small volunteer study to acquire.
5. Given that we presented only preliminary multimodal data, many
questions remain about exactly how these data could be combined,
displayed, and analysed. Providing information in a format which can
be easily and consistently interpreted by clinicians is an ever-present
issue in medical imaging. There are existing workflows and protocols
for two-dimensional (2D) US, elasticity, and Doppler imaging, but displaying and interpreting volumetric data is more difficult. Much of
the current clinical research in PA imaging is focused on this problem,
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and work is underway to standardize PA data toward this goal [182].
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SOFIA: A Novel Automated Breast Ultrasound System Used on Patients in the Prone Position: A Pilot Study on Lesion Detection in
Comparison to Handheld Grayscale Ultrasound. Geburtshilfe und
Frauenheilkunde, 78(05):499–505, 2018.
[48] Thomas Kuiran Chen, Corina Leung, Reza Zahiri Azar, Kwun-Keat
Chan, Bo Zhuang, Kris Dickie, John Dixon, Linda Pendziwol, and
Laurent Pelissier. Importance of transducer position tracking for automated breast ultrasound: Initial assessments. In 2012 IEEE International Ultrasonics Symposium, pages 2623–2626. IEEE, oct 2012.
[49] Reza Zahiri Azar, Corina Leung, Thomas Kuiran Chen, Kris Dickie,
John Dixon, Kwun-Keat Chan, and Laurent Pelissier. An automated
breast ultrasound system for elastography. In 2012 IEEE International
Ultrasonics Symposium, volume d, pages 1–4. IEEE, oct 2012.
[50] Takeshi Nagashima, Hideyuki Hashimoto, Keiko Oshida, Shigeharu
Nakano, Naoto Tanabe, Takashi Nikaido, Keiji Koda, and Masaru
Miyazaki. Ultrasound demonstration of mammographically detected
microcalcifications in patients with ductal carcinoma in situ of the
breast. Breast Cancer, 12(3):216–220, 2005.
[51] Malai Muttarak, P. Kongmebhol, and N. Sukhamwang. Breast calcifications: Which are malignant? Singapore Medical Journal, 50(9):907–
914, 2009.
[52] M. Lagendijk, E. L. Vos, K. P. Ramlakhan, C. Verhoef, A. H.J. Koning,
W. van Lankeren, and L. B. Koppert. Breast and Tumour Volume
115

Bibliography
Measurements in Breast Cancer Patients Using 3-D Automated Breast
Volume Scanner Images. World Journal of Surgery, 42(7):2087–2093,
2018.
[53] G. Gatta, G. Pace, D. Donatello, G. Falco, A. Reginelli, S. Cappabianca, R. Grassi, and G. Di Grezia. Role of a prone automated threedimensional ultrasonography in breast cancer screening: preliminary
results. In European Congress of Radiology, pages C–0430, 2019.
[54] Michael Andre, James Wiskin, David Borup, Steven Johnson, Haydee
Ojeda-Fournier, and Linda Olson. Quantitative volumetric breast
imaging with 3D inverse scatter computed tomography. Proceedings
of the Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, EMBS, pages 1110–1113, 2012.
[55] Elaine Iuanow, Kathleen Smith, Nancy A. Obuchowski, Jennifer
Bullen, and John C. Klock. Accuracy of Cyst Versus Solid Diagnosis in the Breast Using Quantitative Transmission (QT) Ultrasound.
Academic Radiology, 24(9):1148–1153, 2017.
[56] Peter J Littrup, Nebojsa Duric, Mark Sak, Cuiping Li, Olivier Roy,
Rachel F Brem, and Mary Yamashita. The Fat-glandular Interface
and Breast Tumor Locations: Appearances on Ultrasound Tomography Are Supported by Quantitative Peritumoral Analyses. Journal of
Breast Imaging, 3(4):455–464, 2021.
[57] Neb Duric, Peter Littrup, Mark Sak, Cuiping Li, Di Chen, Olivier Roy,
Lisa Bey-Knight, and Rachel Brem. A Novel Marker, Based on Ultrasound Tomography, for Monitoring Early Response to Neoadjuvant
Chemotherapy. Journal of Breast Imaging, 2(6):569–576, 2020.
[58] Robert a Kruger, Cherie M Kuzmiak, Richard B Lam, Daniel R Reinecke, Stephen P Del Rio, and Doreen Steed. Dedicated 3D photoacoustic breast imaging. Medical physics, 40(11):113301, nov 2013.
[59] Robert A. Kruger, Daniel R. Reinecke, and Gabe A. Kruger. Thermoacoustic computed tomography-technical considerations. Medical
Physics, 26(9):1832–1837, sep 1999.
[60] Minghua Xu and Lihong V. Wang.
Photoacoustic imaging in
biomedicine. Review of Scientific Instruments, 77(4):041101, 2006.

116

Bibliography
[61] Li Lin, Peng Hu, Xin Tong, Shuai Na, Rui Cao, Xiaoyun Yuan,
David C Garrett, Junhui Shi, Konstantin Maslov, and Lihong V
Wang. High-speed three-dimensional photoacoustic computed tomography for preclinical research and clinical translation. Nature Communications, 12(1):882, dec 2021.
[62] Nikhila Nyayapathi and Jun Xia. Photoacoustic imaging of breast
cancer: a mini review of system design and image features. Journal of
Biomedical Optics, 24(12):1, 2019.
[63] Xueding Wang, William W. Roberts, Paul L. Carson, David P. Wood,
and J. Brian Fowlkes. Photoacoustic tomography: a potential new
tool for prostate cancer. Biomedical Optics Express, 1(4):1117, 2010.
[64] Justin Rajesh Rajian, Gandikota Girish, and Xueding Wang. Photoacoustic tomography to identify inflammatory arthritis. Journal of
Biomedical Optics, 17(9):0960131, 2012.
[65] Zhihua Xie, Yanqing Yang, Yaqiong He, Chengyou Shu, Dong Chen,
Jinke Zhang, Jingqin Chen, Chengbo Liu, Zonghai Sheng, Huadong
Liu, Jie Liu, Xiaojing Gong, Liang Song, and Shaohong Dong. In vivo
assessment of inflammation in carotid atherosclerosis by noninvasive
photoacoustic imaging. Theranostics, 10(10):4694–4704, 2020.
[66] Lei Xi, Stephen R. Grobmyer, Lei Wu, Ruimin Chen, Guangyin Zhou,
Luke G. Gutwein, Jingjing Sun, Wenjun Liao, Qifa Zhou, Huikai Xie,
and Huabei Jiang. Evaluation of breast tumor margins in vivo with intraoperative photoacoustic imaging. Optics Express, 20(8):8726, 2012.
[67] Muyinatu A. Lediju Bell. Photoacoustic imaging for surgical guidance:
Principles, applications, and outlook. Journal of Applied Physics,
128(6), 2020.
[68] Toshiyuki Kitai, Masae Torii, Tomoharu Sugie, Shotaro Kanao,
Yoshiki Mikami, Tsuyoshi Shiina, and Masakazu Toi. Photoacoustic
mammography: Initial clinical results. Breast Cancer, 21(2):146–153,
2014.
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and Emad M. Boctor. Robust Photoacoustic Beamforming Using
Dense Convolutional Neural Networks. In Simulation, Image Processing, and Ultrasound Systems for Assisted Diagnosis and Navigation,
pages 3–11. Springer International Publishing, Cham, 2018.
[160] Emran Mohammad Abu Anas, Haichong K. Zhang, Jin Kang, and
Emad Boctor. Enabling fast and high quality LED photoacoustic
imaging: a recurrent neural networks based approach. Biomedical
Optics Express, 9(8):3852, aug 2018.
[161] Ali Hariri, Kamran Alipour, Yash Mantri, Jurgen P. Schulze, and
Jesse V. Jokerst. Deep learning improves contrast in low-fluence photoacoustic imaging. Biomedical Optics Express, 11(6):3360, 2020.
[162] Hengrong Lan, Kang Zhou, Changchun Yang, Jun Cheng, Jiang Liu,
Shenghua Gao, and Fei Gao. Ki-GAN: Knowledge Infusion Generative
Adversarial Network for Photoacoustic Image Reconstruction In Vivo.
In Medical Image Computing and Computer Assisted Intervention –
MICCAI 2019, pages 273–281. Springer, Cham, 2019.
[163] Tri Vu, Mucong Li, Hannah Humayun, Yuan Zhou, and Junjie Yao.
A generative adversarial network for artifact removal in photoacoustic
computed tomography with a linear-array transducer. Experimental
Biology and Medicine, 245(7):597–605, apr 2020.
[164] Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. In Medi128

Bibliography
cal Image Computing and Computer-Assisted Intervention (MICCAI),
volume 9351, pages 234–241, Switzerland, 2015. Spinger.
[165] Kun Wang, Chao Huang, Yu Jiun Kao, Cheng Ying Chou, Alexander A. Oraevsky, and Mark A. Anastasio. Accelerating image reconstruction in three-dimensional optoacoustic tomography on graphics
processing units. Medical Physics, 40(2), 2013.
[166] Amir Beck and Marc Teboulle.
A Fast Iterative ShrinkageThresholding Algorithm. Society for Industrial and Applied Mathematics Journal on Imaging Sciences, 2(1):183–202, 2009.
[167] Amir Beck and Marc Teboulle. Fast gradient-based algorithms for
constrained total variation image denoising and deblurring problems.
IEEE Transactions on Image Processing, 18(11):2419–2434, 2009.
[168] Antonin Chambolle. An Algorithm for Total Variation Minimization
and Applications. Journal of Mathematical Imaging and Vision, 20(12):89–97, 2004.
[169] Lin Zhang, Lei Zhang, Xuanqin Mou, and David Zhang. FSIM: A
Feature Similarity Index for Image Quality Assessment. IEEE Transactions on Image Processing, 20(8):2378–2386, aug 2011.
[170] M. U. Müller, N. Ekhtiari, R. M. Almeida, and C. Rieke. SuperResolution of Multispectral Satellite Images Using Convolutional Neural Networks. ISPRS Annals of the Photogrammetry, Remote Sensing
and Spatial Information Sciences, 5(1):33–40, 2020.
[171] Peter Kovesi. Image Features from Phase Congruency. Videre: Journal of Computer Vision Research, 1(3):1–26, 1999.
[172] Yang Lou, Weimin Zhou, Thomas P. Matthews, Catherine M. Appleton, and Mark A. Anastasio. Generation of anatomically realistic
numerical phantoms for photoacoustic and ultrasonic breast imaging.
Journal of Biomedical Optics, 22(4):041015, 2017.
[173] Ian Goodfellow. NIPS 2016 Tutorial: Generative Adversarial Networks, dec 2016.
[174] Lin Zhang, Lei Zhang, Xuanqin Mou, and David Zhang. A comprehensive evaluation of full reference image quality assessment algorithms.
In 2012 19th IEEE International Conference on Image Processing,
pages 1477–1480. IEEE, sep 2012.
129

[175] Han Vanholder. Efficient inference with tensorrt, 2016.
[176] Muyinatu A. Lediju Bell, Xiaoyu Guo, Danny Y. Song, and Emad M.
Boctor. Transurethral light delivery for prostate photoacoustic imaging. Journal of Biomedical Optics, 20(3):036002, 2015.
[177] Min Ai, Jong-in Youn, Septimiu E. Salcudean, Robert Rohling, Purang Abolmaesumi, and Shuo Tang. Photoacoustic tomography for
imaging the prostate: a transurethral illumination probe design and
application. Biomedical Optics Express, 10(5):2588, 2019.
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Appendix A

Supporting Information
A.1

Denoising methods comparison4

Figure A.1 shows a comparison of denoising methods applied to our raw RF
data, along with peak signal-to-noise ratio (PSNR) measurements for an
A-line which passes through both a known photoacoustic signal and a noise
band. We define PSNR here as the peak amplitude of the known signal (the
green region in Figure A.1) divided by the standard deviation of the entire
A-line.
First, we use the spatio-temporal filtering method of Manduca et al [146],
with the filter oriented to remove vertical features. While this method did
significantly reduce the prominence of the noise bands relative to the photoacoustic signals, as evidenced by the PSNR improvement, the bands are
still clearly visible in the data. We expect this is due to these bands being non-uniform across different elements, resulting in significant frequency
content passing the filter.
With the SVD-based method of Hill et al [106], as described in the main
text, we see that the noise bands are completely suppressed, and the PSNR
is higher than that achieved with the directional filtering method.

4
This section originally included as supplemental material for the published version of
Chapter 3
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A.1. Denoising methods comparison
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Figure A.1: Comparison of data denoising methods. Images on the right
show RF data for each transducer element. Plots on the right are the RF
signal along the black line in the image plot, with actual photoacoustic signal
highlighted in green and a representative noise band highlighted in red.
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A.2. GAN reference dataset - number of averaged frames

A.2

GAN reference dataset - number of averaged
frames5

In choosing the number of RF frames to average for our reference dataset, we
sought a balance between data quality and scan time. Figure A.2 illustrates
this payoff for a representative plane of our training data, by measuring SSIM
and FSIM as a function of the number of frames averaged, when compared
to the average of 100 frames total. For the present study, we found that 20
frames offered the best balance.
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Figure A.2: Quality metrics as a function of the number of averaged RF
frames per scan position.
5
This section originally included as supplemental material for the published version of
Chapter 4
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A.3. Number of FISTA iterations

A.3

Number of FISTA iterations6

FISTA Minimization Objective

To determine how many iterations of our reconstruction algorithm are required, we can plot the minimization objective, defined in Equation (4.7),
as a function of the iteration number. This relationship is shown in Figure A.3 for a representative imaging plane from our testing dataset. We
chose to stop all reconstructions in the present study after 20 iterations, as
the objective function changes very little beyond this point.
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Figure A.3: FISTA minimization objective as a function of iteration number,
which was used to choose the stopping point for our image reconstruction.

6
This section originally included as supplemental material for the published version of
Chapter 4
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Appendix B

ABUS illuminator geometric
optics calculations
B.1

Light Propagation From Optics to Dome

The surface (set of points), rs where the fan beam intersects the outer surface of the ABUS dome can be calculated by generating a set of rays, rl ,
originating at U0 , bounded by the angular envelopes of the illuminator.
The long axis of the fan beam corresponds to rotations of the optical axis,
Ûz , by angle θ around Ûx , with θ ∈ {−45°, 45°}. The short axis of the fan
beam corresponds to rotations of the optical axis by angle φ around Ûy ,
with φ ∈ {−0.5°, 0.5°}. This gives
r̂l (θ, φ) = R(θ, Ûx ) · R(φ, Ûy ) · Ûz

(B.1)

where R(β, v̂) is the transformation matrix corresponding to a rotation of
angle β about an axis defined by unit vector v̂. The ray rl (θ, φ) with origin
U0 will intersect the the sphere with centre c and radius R at a point rd
given by
rs (θ, φ) = U0 + d(θ, φ) · r̂l (θ, φ)
(B.2)
where we want the intersection point closest to U0 , given by


q
d(θ, φ) = min −r̂l (θ, φ) · (U0 − c) ± R2 + ((U0 − c) · r̂l (θ, φ))2 − |U0 − c|2
q
= −r̂l (θ, φ) · (U0 − c) − R2 + ((U0 − c) · r̂l (θ, φ))2 − |U0 − c|2 .
(B.3)
Since the illuminator produces a divergent beam it will illuminate an area
As of the sample surface with energy total energy Ψtot . The fluence (energy
per area) incident upon a patch dAs centered on a point rs (θ, φ) is
I(rs (θ, φ)) =

Ψ0
d(θ, φ)2

(B.4)
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where Ψ0 is a normalization constant such that
ZZ
I(rs (θ, φ))dAs = Ψtot .

(B.5)

θ,φ

B.2

Reflective Losses

Light intensity loss will occur at both interfaces of the optical window
(air/window and window/sample) depending on the angle of incidence and
the indices of refraction. We first apply Snell’s law, i.e. for a ray incident
upon a boundary at an angle θi relative to the surface normal, the corresponding transmission ray will have angle θt given by
n1 sin θi = n2 sin θt

(B.6)

where ni and nt are the indices of refraction of the incident and refractive
media, respectively. The optical window has a thickness of t = 1.5 mm and
both surfaces have radius of curvature R = 120 mm. In this limit (t  R),
the curvature of the window can be neglected over the propagation length
of the ray, such that θt for the air-window interface will equal θi for the
window-sample interface.
Having calculated the refraction angles, we can use the Fresnel equations
to compute the fraction of reflected and transmitted power at the interfaces.
The fraction of power reflected at a boundary is
Rs,p =

n1 cos θi,t − n2 cos θt,i
n1 cos θi,t + n2 cos θt,i

2

(B.7)

where s, p are the s- and p-polarized components of the incident ray. Our
incident light is diffuse and unpolarized, so we take the average
1
Reff = (Rs + Rp ).
2

(B.8)

The fraction of transmitted power is thus given by conservation of energy
as
Teff = 1 − Reff .
(B.9)
It is also worth noting that the window-sample interface satisfies n2 < n1 ,
and there will be a critical angle of incidence θc , beyond which no light is
transmitted, defined via Equation B.6 as
θc = arcsin

n2
.
n1

(B.10)
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At room temperature and λ = 700 nm, our indices of refraction are
nair = 1.00

npolycarbonate = 1.58

nwater = 1.33,

(B.11)

resulting in a critical angle of 57°. Because of the shallow angle at which the
optical “fan” meets the dome (the optical axis is not normal to the dome
surface), the incident angle at the air-window interface is relatively large
(18° to 67°). Fortunately, since the window has a higher index of refraction,
θt < θi , it provides a “focusing” effect, such that the refracted angle (and
the incident angle upon the second interface) is in the range 11° to 36°, and
does not exceed the critical angle.
We find that the fraction of power from the incident beam that reaches
the sample is 83% to 94%. While this may be small in terms of total power
loss, it does significantly change the spatial distribution of power at the
surface of the sample, which will subsequently change the fluence at a given
point in the sample.

137

Appendix C

Photoacoustic reconstruction
kernel implementation
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

__global__ void AT(float* Img,
// Image grid
float* RF,
// RF data
float* Omega,
// Solid angle
float* Y_pos,
// Transducer coordinates
float* Y_orn,
// Transducer unit normals
int iter,
// Frame index
float x0,
// Image x coordinates
float y0,
// Image y coordinates
float z0,
// Image z coordinates
float freq,
// Sampling frequency
float c,
// Speed of sound
int n_samples,
// Samples per A-line
float dpMin,
// Directivity dot product cutoff
int angleCheck,
// Use transducer directivity?
float sigmaE,
// Elevational directivity
float sigmaL,
// Lateral directivity
float res
// Reconstruction resolution
)
{
// Image voxel and transducer element indices
int index = blockIdx.z + gridDim.z * (blockIdx.y + gridDim.y * blockIdx.x);
int el_idx = iter*blockDim.x+threadIdx.x;

23
24
25
26
27
28

// --------------------------------------------// Voxel interpolation calculations
float voxel_x_pos_min = fmaf(blockIdx.x,res, x0);
float voxel_y_pos_min = fmaf(blockIdx.y,res, y0);
float voxel_z_pos_min = fmaf(blockIdx.z,res, z0);

//
// Voxel coordinate lower bound
//

29
30
31
32

float voxel_x_pos_max = fmaf(blockIdx.x+1,res, x0);
float voxel_y_pos_max = fmaf(blockIdx.y+1,res, y0);
float voxel_z_pos_max = fmaf(blockIdx.z+1,res, z0);

//
// Voxel coordinate upper bound
//

33
34
35
36
37

// Determining closest/furthest corners of voxel
float xs[] = {voxel_x_pos_min - Y_pos[el_idx*3 + 0],
Y_pos[el_idx*3 + 0]-voxel_x_pos_max};
float ys[] = {voxel_y_pos_min - Y_pos[el_idx*3 + 1],
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38
39
40

Y_pos[el_idx*3 + 1]-voxel_y_pos_max};
float zs[] = {voxel_z_pos_min - Y_pos[el_idx*3 + 2],
Y_pos[el_idx*3 + 2]-voxel_z_pos_max};

41
42
43

float rx_min = fmaxf(fmaxf(xs[0], 0), xs[1]);
float rx_max = fminf(fminf(xs[0], 0), xs[1]);

44
45
46

float ry_min = fmaxf(fmaxf(ys[0], 0), ys[1]);
float ry_max = fminf(fminf(ys[0], 0), ys[1]);

47
48
49

float rz_min = fmaxf(fmaxf(zs[0], 0), zs[1]);
float rz_max = fminf(fminf(zs[0], 0), zs[1]);

50
51
52
53
54

// Min/max/avg radii for voxel corners
float r_min = norm3df (rx_min, ry_min, rz_min);
float r_max = r_min + res;
float r_avg = (r_min+r_max)/2;

55
56
57
58

// How many samples in this range?
int num_samples_between = abs(floor((freq/c)*r_min)-ceil((freq/c)*r_max));
// ---------------------------------------------

59
60
61
62
63

// Axial unit vector components
float x_A = Y_orn[el_idx*9 + 0];
float y_A = Y_orn[el_idx*9 + 1];
float z_A = Y_orn[el_idx*9 + 2];

64
65
66
67
68

// Elevational unit vector
float x_E = Y_orn[el_idx*9
float y_E = Y_orn[el_idx*9
float z_E = Y_orn[el_idx*9

components
+ 3];
+ 4];
+ 5];

69
70
71
72
73

// Lateral unit vector components
float x_L = Y_orn[el_idx*9 + 6];
float y_L = Y_orn[el_idx*9 + 7];
float z_L = Y_orn[el_idx*9 + 8];

74
75
76
77
78

// Vector from transducer element to image voxel
float dx = (voxel_x_pos_min+0.5*res - Y_pos[el_idx*3 + 0]);
float dy = (voxel_y_pos_min+0.5*res - Y_pos[el_idx*3 + 1]);
float dz = (voxel_z_pos_min+0.5*res - Y_pos[el_idx*3 + 2]);

79
80
81
82
83

// Voxel angle dot products
float dotPE = (x_E*dx + y_E*dy + z_E*dz)/r_avg;
float dotPA = (x_A*dx + y_A*dy + z_A*dz)/r_avg;
float dotPL = (x_L*dx + y_L*dy + z_L*dz)/r_avg;

84
85
86

// Is voxel within acceptance cone?
if (dotPA > dpMin){
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// Clip values
if(abs(dotPA)>1.0)
dotPA = dotPA/abs(dotPA);
if(abs(dotPE)>1.0)
dotPE = dotPE/abs(dotPE);
if(abs(dotPL)>1.0)
dotPL = dotPL/abs(dotPL);

87
88
89
90
91
92
93
94

// Angles
float angE = asin(dotPE);
float angL = asin(dotPL);

95
96
97
98

// Solid angle calculations
float omegai = dotPA/(r_avg*r_avg);

99
100
101

// Total weighting factor
float weight=1;

102
103
104

// Apply transducer directivity
if(angleCheck){
float weightE = exp(-0.5*(pow(angE / sigmaE, 2)));
float weightL = exp(-0.5*(pow(angL / sigmaL, 2)));

105
106
107
108
109

weight = weightE * weightL;

110

}

111
112

// Relevant RF data start index
int ind = (int)ceil((freq/c)*r_min);

113
114
115

// Apply solid angle weighting
float val = weight*omegai/Omega[index];

116
117
118

// Sum RF samples that fall within this voxel
float RF_sum = 0;
for (int i=0; i<num_samples_between; i++){
int curr_idx = (el_idx)*n_samples + ind+i;

119
120
121
122
123

if(ind + i < n_samples)
RF_sum += RF[curr_idx];

124
125
126

}
// Multiply by weight and add to image
atomicAdd(&Img[index], val*RF_sum);

127
128
129
130
131

}
}
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Photoacoustic trigger box
code
1
2

// Enable Debug Mode
const int DEBUG_ON = 0;

3
4
5
6
7
8
9
10
11
12
13
14
15

// Assign
const int
const int
const int
const int
const int
const int
const int
const int
const int
const int
const int

output pins
fireOut = 3;
daqOut = 4;
extTrGnd = 5;
buttonGnd = 6;
switchPow = 7;
seqOut = 8;
qsOut = 9;
buttonIn = 10;
extTrig = 11;
switchIn = 12;
ledOut = 13;

//
//
//
//
//
//
//
//
//
//
//

Lasing trigger output
DAQ acquire trigger output
Pulse request trigger ground pin
Pulse request button ground pin
On/off switch power
US sequencer trigger output
Q-switch trigger output
Pulse request button input
Pulse request trigger input
On/off switch input
Status LED output

16
17
18
19

// Pulse frequency -> default 9.8 Hz
float freq = 9.8;
int loopPeriod = round(1000 / freq); // milliseconds

20
21
22

// Pulse width -> default 12
int pWidth = 12; // microsecond

23
24
25

int nFrames = 3;
int qsDelay = 250; // microseconds

26
27
28

int frameCount = 0; // Frame count accumulator
int toggle = 0;

29
30

int LED = HIGH; // Is the LED indicator on?

31
32
33

long blinkInterval = 1000; // milliseconds
long t0 = 0;

34
35
36

long loopDelay = 500; // Delays the triggering loop
long tLoopOut = 0;

37
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38
39
40
41
42

// Serial stream buffer
int newVals1 = 0;
int newVals2 = 0;
int checkVal = 0;
int serReq = 0;

43
44
45

// "continuous" mode
int contMode = 0;

46
47
48

// should the sequencer be advanced?
int stepSeq = 0;

49
50

unsigned long tNow = 0;

51
52
53
54

// Only trigger Q-switch/DAQ on every Nth loop
int decimation = 1;
int loopDecimation = 0;

55
56
57
58
59

void setup() {
// initialize pins
pinMode(extTrGnd, OUTPUT);
digitalWrite(extTrGnd, LOW);

60
61
62

pinMode(switchPow, OUTPUT);
digitalWrite(switchPow, HIGH);

63
64
65

pinMode(buttonGnd, OUTPUT);
digitalWrite(buttonGnd, LOW);

66
67
68

pinMode(fireOut, OUTPUT);
digitalWrite(fireOut, HIGH);

69
70
71

pinMode(qsOut, OUTPUT);
digitalWrite(qsOut, HIGH);

72
73
74

pinMode(daqOut, OUTPUT);
digitalWrite(daqOut, LOW);

75
76
77

pinMode(seqOut, OUTPUT);
digitalWrite(seqOut, LOW);

78
79
80
81

pinMode(buttonIn, INPUT_PULLUP);
pinMode(extTrig, INPUT);
pinMode(switchIn, INPUT);

82
83
84

pinMode(ledOut, OUTPUT);
digitalWrite(ledOut, HIGH);

85
86

// Initialize serial connection
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Serial.begin(9600);
Serial.setTimeout(500);

87
88
89
90

}

91
92
93
94
95
96
97
98
99

void sendVals() {
Serial.write((serReq << 7) |
(stepSeq << 6) |
(toggle
<< 5) |
(contMode << 4) |
nFrames);
Serial.write(qsDelay - 200 + 128); // offset to fit range into one byte
}

100
101
102
103
104
105
106

void serialEvent() {
// Serial read/write loop. Timeout is minimized,
// but this will still delay the main loop slightly
while (Serial.available() > 1) {
newVals1 = Serial.read(); // first byte
newVals2 = Serial.read(); // second byte

107
108
109
110
111
112
113

// Decode
serReq = ((newVals1 >> 7) & 0x01);
if (!serReq) {
stepSeq = ((newVals1 >> 6) & 0x01);
toggle = ((newVals1 >> 5) & 0x01);
contMode = ((newVals1 >> 4) & 0x01);

114
115
116
117
118

checkVal = (newVals1 & 0x0F);
if (checkVal > 0) {
nFrames = checkVal;
}

119
120
121

// Offset to fit range into one byte
qsDelay = newVals2 + 200 - 128;

122
123
124
125
126
127
128
129
130
131
132

if (DEBUG_ON) { // for debugging
Serial.println(stepSeq);
Serial.println(toggle);
Serial.println(contMode);
Serial.println(nFrames);
Serial.println(qsDelay);
}
}
// Send values back to confirm receipt
sendVals();

133
134
135

// reset buffer
checkVal = 0;
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newVals1 = 0;
newVals2 = 0;

136
137

}

138
139

}

140
141
142
143

void loop() { // Main (triggering) loop
tNow = millis();
loopDecimation = (loopDecimation + 1) % decimation;

144
145

if (digitalRead(switchIn) == HIGH) { // If switched on

146
147
148
149
150
151

if (tNow - tLoopOut > loopDelay) {
if (LED == LOW) {
digitalWrite(ledOut, HIGH);
LED = HIGH;
}

152
153
154
155
156
157

// fire lasing pulse
digitalWrite(fireOut,
digitalWrite(fireOut,
digitalWrite(fireOut,
digitalWrite(fireOut,

LOW);
LOW);
LOW); // Burn a few clock cycles
HIGH);

158
159
160
161

// For accurate Q-switch timing,
// account for pulse width
delayMicroseconds(qsDelay - pWidth);

162
163
164
165
166
167
168

// If external trigger was received,
// or button was pressed
if ((digitalRead(extTrig) == HIGH) ||
(digitalRead(buttonIn) == LOW)) {
toggle = 1;
}

169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184

// Has data been requested?
if (toggle && (loopDecimation == 0)) {
if ((frameCount < nFrames) || contMode) {
frameCount += 1;
// fire Q-switch, and DAQ triggers
digitalWrite(daqOut, HIGH);
digitalWrite(qsOut, LOW);
digitalWrite(qsOut, LOW);
digitalWrite(qsOut, LOW); // Burn clock cycles
digitalWrite(qsOut, HIGH);
digitalWrite(daqOut, LOW);
stepSeq = 1;
} else if (frameCount == nFrames) {
// one more to flush the buffer
digitalWrite(daqOut, HIGH);
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digitalWrite(daqOut, LOW);
frameCount = 0; //reset
toggle = 0;

185
186
187

}
}
delay(loopPeriod); // Maintain repitition rate

188
189
190

}
} else { // If the switch is off, blink LED
toggle = 0;
frameCount = 0;
stepSeq = 0;
if (tNow - t0 > blinkInterval) {
t0 = tNow;
if (LED == LOW) {
LED = HIGH;
} else {
LED = LOW;
}
digitalWrite(ledOut, LED);
}
tLoopOut = millis();
}

191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207

if (stepSeq) { // step the sequencer
digitalWrite(seqOut, HIGH);
digitalWrite(seqOut, LOW);
stepSeq = 0;
}

208
209
210
211
212
213

}
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