PERFORMANCE OF COMPRESSED
SENSING BASED IMAGE
RECONSTRUCTION FOR

PHOTOACOUSTIC IMAGING

A THESIS SUBMITTED TO
THE GRADUATE SCHOOL OF ENGINEERING AND SCIENCE
OF BILKENT UNIVERSITY
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS FOR
THE DEGREE OF
MASTER OF SCIENCE
IN

ELECTRICAL AND ELECTRONICS ENGINEERING

By
Sadik Cagatay Celebi
August 2022



PERFORMANCE OF COMPRESSED SENSING BASED IMAGE
RECONSTRUCTION FOR PHOTOACOQUSTIC IMAGING
By Sadik Cagatay Celebi
August 2022

We certify that we have read this thesis and that in our opinion it is fully adequate,

in scope and in quality, as a thesis for the degree of Master of Science.

Hayrettin Koymen (Advisor)

Emine Ulkii Saritas Cukur

Behget Murat Eyiiboglu

Approved for the Graduate School of Engineering and Sciences:

Orhan Arikan
Director of the Graduate School



ABSTRACT
PERFORMANCE OF COMPRESSED SENSING BASED
IMAGE RECONSTRUCTION FOR PHOTOACOUSTIC

IMAGING

Sadik Cagatay Celebi
M.S. in Electrical and Electronics Engineering

Supervisor: Prof. Dr. Hayrettin Kéymen
August 2022

Photoacoustic Imaging (PAI) is an emerging imaging modality that provides high
resolution and image contrast. PAl employs Delay-and-Sum (DAS) beamforming
in which data on all array elements are processed for image reconstruction. In
order to decrease system cost in PAI, it is desired to use fewer samples in image
reconstruction. Reducing the number of active elements of the array without
changing the aperture decreases the computational cost. However, spatial
undersampling results in poor image resolution and contrast, and causes spatial
artifacts called grating lobes. Compressed Sensing (CS) is a data completion
scheme that alleviates the effects of undersampling using a priori knowledge of
the signal of interest and the measurement scheme. We performed simulations and
experiments to compare the performances of the CS image reconstruction
algorithm and conventional DAS beamforming. We used Full-Width Half
Maximum (FWHM) resolution and image contrast ratio (CR) as performance
metrics. Simulation results offer improved image resolution and contrast when CS
is used. Lateral resolution in DAS beamformed images deteriorates with depth. A
lateral resolution of 150 pm is obtained regardless of depth using only a quarter
of the transducer elements. However, the resolution of DAS beamformed images
ranges between 255 um to 508 um as the depth increases. It is also shown that CS
suppresses the effects of grating lobes and improves the contrast ratio up to 14

dB. We also presented the experimental verification of the results. We used an



ultrasound research scanner, a tunable laser system, and an optoacoustic phantom
in the experiments. We experimentally showed that the CS method mitigates the
effects of spatial undersampling and outperforms the DAS beamforming method
in terms of contrast by 10.81 dB on average. CS method also offers an improved
lateral resolution of approximately 350 pm compared to 750 pm in DAS

beamforming.

Keywords: Photoacoustic Imaging, Compressed Sensing, Delay-and-Sum
Beamforming, Resolution, Full-Width Half-Maximum, Image Contrast Ratio,

Signal-to-Noise Ratio



OZET

FOTOAKUSTIK GORUNTULEME iCIN SIKISTIRILMIS
ALGILAMA TABANLI GORUNTU OLUSTURMA

METODUNUN PERFORMANSI

Sadik Cagatay Celebi
Elektrik ve Elektronik Miihendisligi, Yiiksek Lisans
Tez Danismani: Prof. Dr. Hayrettin Kdymen
Agustos 2022

Fotoakustik Goriintiilleme (FG), yiiksek ¢Oziiniirliik ve goriintii kontrasti saglayan
ve gelismekte olan bir goriintileme yontemidir. FG’de tiim dizi doniistiirticii
elemanlarindaki verilerin goriintii olusturulmasi igin kaydir-topla (KT) hiizme
bicimlendirme teknigi kullanilir. FG'de sistem maliyetini diistirmek i¢in goriintii
yeniden yapilandirmada daha az drneklem kullanilmasi istenir. Doniistiiriictiniin
acikligini degistirmeden dizinin aktif eleman sayisin1 azaltmak hesaplama
maliyetini arttirmaktadir. Bununla birlikte, uzaysal seyrek ornekleme, diisiik
gorilintli  ¢Oziliniirliigii ve kontrasti ile sonuglanir ve 1zgara loblart olarak
adlandirilan uzaysal artefaktlara neden olur. Sikistirilmig Algilama (SA) yontemi,
ilgilenilen sinyal ve Ol¢lim semasi hakkinda Onsel bilgi kullanarak alt
orneklemenin etkilerini hafifleten bir veri tamamlama semasidir. SA goriintii
olusturma algoritmas1 ile geleneksel KT hiizme sekillendirmesinin
performanslarin1 karsilastirmak icin simiilasyonlar ve deneyler gergeklestirdik.
Performans olgiitleri olarak Tam Genislik Yarim Maksimum (TGY M) ¢oziintirliik
ve gorlintli kontrast orani Ol¢limlerini kullandik. Simiilasyon sonuglari, SA
kullanildiginda gelismis goriintii ¢ozilinlirliigii ve kontrasti sunuyor. KT hiizme
bigimlendirilmis  goriintiilerde  yatay  ¢ozliniirlik  derinlikle  birlikte
kotiilesmektedir. Dontistiiriicii elemanlarinin yalnizca dortte biri kullanilarak
derinlikten bagimsiz 150 um'lik bir yanal ¢oziiniirliikk elde edilir. Ancak, KT
hiizme bigimlendirilmis goriintiilerin ¢6ziiniirligii derinlik arttikga 255 pm ila 508

um arasinda degismektedir. Ayrica SA'nin 1zgara loblarinin etkilerini bastirdigi



ve kontrastt 14 dB'ye kadar iyilestirdigi gosterilmistir. Sonuglarin deneysel
dogrulamasmi da sunulmustur. Deneylerde bir ultrason arastirma tarayicisi,
ayarlanabilir bir lazer sistemi ve bir fotoakustik fantom kullanilmistir. SA
yonteminin uzamsal alt 6rneklemenin etkilerini azalttigin1 ve kontrast agisindan
KT hiizme bi¢cimlendirme yonteminden ortalama 10,81 dB daha iyi performans
gosterdigini deneysel olarak gosterdik. SA yontemi ayrica KT hiizme
bi¢imlendirmenin sundugu 750 pum'ye kiyasla 350 pum'lik gelismis bir yanal

¢Oziintirlik sunmaktadir.

Anahtar sozciikler: Fotoakustik Goriintiileme, Sikistirilmis Algilama, Kaydir-ve-
Topla Hiizme Sekillendirme, Tam Genislik Yari Maksimum, Coziiniirliik,

Goriintli Kontrast Orani, Sinyal-Giiriintii Oran1
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Chapter 1

Introduction

1.1 Literature Review

Photoacoustic Imaging (PAI) is an imaging modality that combines optical
illumination with Ultrasound (US) detection. PAI’s ability to offer better contrast
and resolution than purely optical imaging modalities in deep tissues makes it an

attractive option for clinical applications [1-3].

PAI employs a natural phenomenon called the Photoacoustic (PA) effect. In
PAI, a tissue sample is irradiated by modulated electromagnetic (EM) radiation
to produce acoustic responses [3]. Pulsed lasers are commonly used as a source
of EM radiation, but continuous-wave laser sources have also been employed [4]
[5]. Optical pulsed signals within the visible and near-infrared range of the
spectrum are commonly used in PAI [3]. Pulse durations are generally measured
in nanoseconds, although applications of femtosecond laser pulses can be found
[6,7]. As the optical signal propagates through the medium, the molecules absorb
some of the signal’s energy. The absorbed energy causes the tissue to heat up and
rapidly expand, which is called thermoelastic expansion. Thermoelastic
expansion generates acoustic waveforms called Photoacoustic (PA) waves [2,3].
PA waves can be recorded by US receivers located on the surface of the medium.

PAI aims to reconstruct an optical absorption distribution map of a tissue.

PAI can be regarded as a US imaging modality that uses EM-enhanced
contrast [3]. In the near-infrared region (600-900 nm wavelength), optical pulses

provide high contrast and improved penetration in biological tissues [3].



Chromophores such as hemoglobin, melanin, lipids, and water in tissues are used
in PAI as they are responsive to optical illumination and have different optical
absorption properties [2,3,8]. In addition, optical contrast agents such as
indocyanine green (ICG) [9,10] and methylene blue [11] are used for better
contrast. These chromophores have been utilized in PAI for preclinical and
clinical studies in fields such as vascular biology [12], oncology [13], and
neurology [14]. PAI displays a greater tissue differentiation than US as optical
absorption difference in these tissue types is much larger than acoustic impedance

[1].

Acoustic waves experience less scattering than photons in a tissue medium,
so PAI offers higher spatial resolution than purely optical systems [2,15]. Like
US, spatial resolution in PAI is determined by the frequency content of the
registered PA waves [1]. The bandwidth of the laser-induced PA waves is often
measured in tens of MHz [16]. Such broadband signals go through frequency-
selective attenuation inside a medium. High-frequency contents are usually lost
due to attenuation, which limits spatial resolution [17]. PA waves coming from
deep tissue regions experience more attenuation inside the tissue, so spatial
resolution decreases with depth.

Photoacoustic Imaging can be divided into two categories: Photoacoustic
Microscopy (PAM) and Photoacoustic Computed Tomography [18-20]. PAM
reconstructs high-resolution images of medium up to a few millimeters [18] [20].
PAM is further classified based on the focusing scheme used in transmission or
reception. In Optical Resolution PAM (OR-PAM), focused laser beams are used
to produce PA waves, which are mechanically scanned by an US receiver.
Conversely, the approach using spatially wider laser beams and detecting the PA
waves by focused detectors is called Acoustic Resolution PAM (AR-PAM). A
series of scans are then used to construct an image of the tissue [1,19]. In
references [21,22], AR-PAM is reported to be capable of maintaining 20-50 um
lateral resolution in deep tissues. OR-PAM is capable of even higher lateral
resolution, down to organelle and cellular level [23,24]. The maximum reported



depths for OR-PAM and AR-PAM are 1.5 mm [25] and 11 mm [26], respectively.

Photoacoustic Computed Tomography, also called Photoacoustic
Tomography (PAT), employs full-field illumination with a large diameter pulsed
laser beam [1]. The resulting PA waves are then recorded on the surface by either
a mechanically scanned ultrasound receiver or a fixed array of receivers. PAT’s
ability to image a larger and deeper area than PAM in a single pulse has made it
very attractive for preclinical and clinical applications [1]. PAT has been reported
to image as deep as 7 cm [27], which is significantly higher than PAM’s reported
maximum depths. PAT has been employed in the fields of cardiology [28],
oncology [29], and breast cancer screening [30]. A PAT and US combined

imaging system has also been used in the guidance of lymph node biopsy [31].

PAT can be performed in various reception scanning geometries, such as
spherical, cylindrical, and planar [1]. For each geometry, a single ultrasound
receiver [32] can be moved to scan the geometry, or a fitting ultrasound transducer
array can be used. Ring arrays [33,34] and hemispheric arrays [30,35] can fit
spherical and cylindrical geometries and are useful for imaging small animals and
breast tissue [1]. Linear transducer arrays are more widely used than the other
types as they are convenient, affordable, and can be operated handheld [36]. The
last step of PAT is reconstructing the optical absorption distribution from received
PA waves using a reconstruction algorithm [1]. Using linear or phased arrays,
PAT can be applied in planar and cylindrical geometries. Like the other Computed
Tomography methods, a sample is imaged at multiple viewing angles to form a
3D image by a reconstruction algorithm based on the detection geometry, such as

universal back-projection [37] and time-reversal [38].

Due to similarities between US and PAI, US image reconstruction algorithms
are used in PAI with some modifications [39]. One of the most commonly used
algorithms is the Delay-and-Sum (DAS) beamforming [39]. DAS is simple to
implement and has low computational complexity, but it also results in low

resolution and high levels of sidelobes [40]. Several improvements to DAS have



been proposed, such as the Delay-Multiply-and-Sum (DMAS) [40] and Double
Stage Delay-Multiply-and-Sum (DS-DMAS) [41] algorithms, which have
reported improvements in the dynamic range of images, but not on image
resolution. Adaptive beamformers have the potential to improve image resolution.
Minimum Variance (MV) beamformer, as an adaptive beamformer, has been
employed in PAI [42,43], and resolution improvement was reported while the

level of sidelobes was still retained.

All the beamforming algorithms mentioned are still affected by the element-
to-element pitch and the full aperture of the array. Due to Shannon’s theorem, if
the array pitch is too large, an artifact called grating lobes appear in the
reconstructed images and further decrease the image contrast and resolution [44].
The performance of DAS can be improved by using a wide transducer array with
a low pitch. However, the algorithm will be more computationally exhaustive as

the number of samples and array elements increases.

Compressed Sensing (CS) is a data completion scheme that deals with
undersampled data [44]. The undersampling can be done in space or time. CS has
been first introduced in PAI in [45] to alleviate the effects of spatial
undersampling with a single ultrasound receiver in a circular scanning geometry.
Since then, sparsity-based reconstruction algorithms, including CS, have been
used in US [46-48] and PAT [49-55]. It is reported that CS and other sparsity-
based image reconstruction algorithms improved the resolution and image
contrast, and mitigated the undersampling side effects.

CS requires a model that establishes the relation between the optical
absorption property of the medium and the measured PA waves. In US, this model
is defined in both time [47,48] and frequency domains [46,47] analytically by
solving the wave equations using Green’s functions. It was shown that using CS
in US imaging decreases the number of transmitted beams required for a single

image and improves the frame rate for real-time US imaging.



For PAI using phased or linear transducer arrays, the model is constructed in
two ways: i) using measurements from point-like objects [50,54,55] and ii)
analytic solution of PA wave equation [51-53]. Previously proposed
measurement-based models [50,54,55] involve imaging of point-like objects
whose positions are known. The construction of these models is an iterative

process specific to the transducer and the imaged area.

Analytically constructed models [51-53] in PAI offer a universal solution as
they are not specific to the sensor equipment used or the properties of the medium.
This approach resembles the time domain US forward matrices presented in

[47,48], as they all involve solving wave equations using Green’s functions.

In this thesis, an optoacoustic phantom is irradiated by pulsed laser beams
with a pulse duration of 5 ns. The wavelength of the laser pulses ranges between
670 nm and 820 nm. A phased array transducer is fixed on top of the phantom and
is only used in reception. We did not apply any mechanical scanning. Throughout
this thesis, we refer to this transmission and reception scheme as PAI. A CS-based
image reconstruction algorithm is employed for PAI to remedy the effects of
spatial undersampling. We performed simulations and experiments for this
purpose and compared the CS-based method and DAS beamforming
performances in terms of image resolution and contrast. We used DAS

beamformed images as a reference.



1.2 Overview of the Thesis

The rest of this thesis is organized as follows. In Chapter 2, our experimental PAI
setup and the DAS beamforming algorithm for PAI are explained. Chapter 3
focuses on presenting the CS scheme. The CS-based image reconstruction
algorithm used in this thesis is presented here. The simulation and experimental
results are discussed in Chapters 4 and 5, respectively. Lastly, concluding remarks

and discussion are presented in Chapter 6.



Chapter 2

Photoacoustic Imaging Setup and
Conventional Image Reconstruction

2.1 Photoacoustic Imaging Setup

We used an Ekspla NT352 Series Tunable Nd:YAG laser system to generate
optical pulses. The pulses have a duration of 5 ns. The wavelength and energy of
the optical pulses can be adjusted on the laser system. The system can produce
pulses with wavelengths ranging from 660 nm to 1064 nm. The maximum energy
of the beams the system can produce decreases with the wavelength of the pulses.
In the system, the highest optical pulse energy used in this study is acquired at
680 nm, which is measured as 8.3 mJ. The energy levels of the optical pulses can
be adjusted by a wave plate and a polarized cube beamsplitter placed at the output
of the laser system.

Digital Phased Array System (DiPhAS, Fraunhofer IBMT, Frankfurt,
Germany) is used to collect data. A phased array transducer operating at 7.5 MHz
center frequency with 70% fractional bandwidth is used. The transducer has 128
elements with a 0.1 mm element-to-element pitch [56]. The phased array is only
used in reception. We acquired samples at 80 MHz sampling frequency and
recorded in parallel from all array elements for 95 us. 35 dB constant gain is added
in all measurements. The laser system operates with a trigger signal from DiPhAS.
This signal ensures that the recordings by DiPhAS coincide with the optical

beams.



A picture of our experimental setup is given in Figure 2.1. Optical pulses are
focused into a fiberoptic cable at the laser system’s output. The fiberoptic cable is
mounted on the ultrasound transducer at a 45° angle. The phased array transducer
and the fiberoptic cable are positioned on top of the optoacoustic phantom. In the
optoacoustic phantom, a 1 mm diameter polymer tube filled with 0.5 mM ICG is
positioned at 2.15 cm depth. The polymer tube has an outer diameter of 1.5 mm
and an inner diameter of 0.8 mm. The thickness of the tube is 350 um. The

schematic of our experimental setup is given in Figure 2.2.

Phased Array
Transducer

Fiberoptic

Figure 2.1: Picture of the measurement setup.

Measurement Data
Digital Phased Array System <
(DiPhAS)
Fiberoptic cable
Trigger
Signal US Transducer
A4
Photoacoustic
Phantom
Ekspla NT352 Series
Tunable Nd:YAG Laser System

Figure 2.2: Schematic representation of the Photoacoustic Imaging Setup



In this study, we used laser pulses with five different wavelengths, 670 nm,
680 nm, 750 nm, 780 nm, and 820 nm. For each pulse wavelength, four different
energy levels are used. For each wavelength and energy combination, 11
independent measurements were carried out. For signal-to-noise ratio (SNR)
analysis, we also performed noise measurements without any optical illumination.

Noise in each channel is recorded in these measurements.

In simulations, MATLAB toolbox “k-Wave” was used to simulate PA waves
inside a medium [57]. k-Wave is capable of simulating spherical waves initiated
on a defined three-dimensional grid. For the simulations, the medium’s speed of
sound is adjusted to be 1450 m/s. The properties of the phased array transducer
used in simulations - such as the aperture, sampling frequency, and the number of
channels - are the same as the ultrasound transducer we use for experiments. For

simulations, the transducer elements are assumed to be point-like.

2.2 Conventional Photoacoustic Image

Formation

2.2.1 Signal Filtering of Noisy Measurements

The first step of conventional image formation is filtering the acquired data to
reduce noise. The performance of the imaging algorithm is directly affected by
the SNR of the measurements [58].

The signal received by the transducer array is noisy. The first source of noise
is the background noise from the medium [59], which is modeled as White
Gaussian [60]. Laser pulses are another noise source which usually dominate the
kHz frequency range [58]. Its effect decreases at higher frequencies of the
spectrum but at higher frequencies, the signal amplifier and the data acquisition
card also become a source of noise [58]. By inspecting the spectra of the PA
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signals and noise, their frequency contents can be deduced. Later, a bandpass filter

can be applied to filter out some of the noise.

For example, the power spectra of some noisy measurement data and noise
measurement are given in Figure 2.3. The noisy measurement data is acquired
using optical pulses with 670 nm wavelength and 8.1 mJ pulse energy. As seen
from the figure, the -6 dB bandwidth of the data is 6.08 MHz and the center
frequency is 4 MHz. Therefore, for the experimental measurement data we
applied a bandpass filter with 1.23 MHz and 7.31 MHz cut-offs on received data
and noise. The bandpass filter is a minimum-order FIR filter with a stopband
attenuation of 60 dB.
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-6 dB - f.- R '\\{\ Moise Measurement | |
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Figure 2.3: Power Spectrum Density of the measurement data and noise
measurements. Optical pulses with 670 nm wavelength and 8.1 mJ pulse energy
are used during measurements. No optical pulses are used during noise
measurements. -6 dB bandwidth is shown on the figure with the lateral dashed
lines the bandwidth cut-offs are displayed with the vertical dotted lines.

2.2.2 Delay-and-Sum Beamforming

PAI aims to create an optical absorption distribution map of the imaged area.

Image reconstruction algorithms are used to create this map from the filtered
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measurements. Delay-and-Sum (DAS) Beamforming is the most common
technique in Ultrasound and PA Imaging due to its simplicity and efficiency
[41,61-64]. The first step of DAS Beamforming is forming an imaging grid, as

shown in Figure 2.4.

U5 Transduce

Afr
x A Medim
z } az
" ||
maging I
< FOV,
Grid ’
¥
-« :
FOV,

Figure 2.4: Imaging grid and transducer setup used in this thesis. A phased array
transducer is positioned on a medium. The gray square represents an array element
and the black square represents a grid element. Cartesian coordinates are used to
represent array element and grid coordinates. x and z directions are defined as
lateral and axial directions, respectively. FOV, and FOV, are the fields of view in
these directions. Ax and Az are pixel resolutions in x and z directions. The size of

the imaging grid is POV o FOV

X .
Ax Az

The phased array is placed on the surface. We define the grid in cartesian
coordinates where the center of the array corresponds to the origin. x,y and z
directions correspond to lateral, elevational and axial directions respectively.
Using the pitch of the array, p, and the number of elements N,;, the position of

the center of array elements can be defined as:
7= (Y20 = (5 (2i = Ny — 1),0,0) fori = 1,..., Ny

where (x;, v;, z;) are the position of it" array element.
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Delays corresponding to each pixel on the imaging grid are calculated using
the positions of elements. The channel data are then shifted according to the
delays, and the shifted data are summed together. The process is shown in
Figure 2.5.

Ybas

Figure 2.5: DAS Beamforming Process. Each channel contains PA signals created
by two targets. After delays are applied, PA signals originating from the focused
area (on-axis signals) are aligned, whereas signals from the other target (off-axis
signals) are spread out. The alignment of on-axis signals causes them to sum
constructively.

At time sample k and grid position 7, the reconstructed signal is given by:

Nej

Ypaslk] = Z S; [k + Ai,s] (2.1)

i=1

where s; is the received signal for channel i and A; ¢ are the corresponding delays.

The A; s is calculated as shown below.

VG = x)? + 22
B v

Ais fs (2.2)
where (xs, ys, Z5) are grid positions and v is the speed of sound in the medium.
ys = 0 for this imaging configuration. The speed of sound is assumed to be

constant throughout the medium.

PAI aims to reconstruct the optical absorption distribution. Assuming that all
emanating acoustic energy is due to the absorbed optical energy, the beamformed
signals can be used to reconstruct an absorption map of the medium. We are
interested in the initial pulse distribution (IPD) of the medium, at time sample

k = 0. Therefore, we calculate the pulse amplitude yp,5[0] using beamforming
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on each point of the imaging grid. In the end, we end up with an image matrix that
is the size of the imaging grid with each index representing the pulse amplitude at

the corresponding grid location.

DAS is one of the most common image reconstruction algorithms for PA
imaging [41] because of its simplicity, which allows it to be easily parallelized
[61]. However, DAS also results in high levels of sidelobes, decreasing images’
resolution [41]. The sidelobes are caused by the constructive overlapping of the
off-axis signals [62]. Other beamforming algorithms are developed to improve

resolution by decreasing the contribution of off-axis signals [41,42,62-64].

A beamformed signal that passes through the target is given in Figure 2.6(a).
The presented signal is a column of the image matrix obtained after the
beamforming operation. Optical pulses with 670 nm wavelength and 8.1 mJ pulse
energy are used for this measurement. Due to the coherent summation of the PA
waves, a pulse is observed at 22 mm depth. It is possible to further decrease the
level of noise and bring out the pulse in the beamformed data by applying
averaging. We performed beamforming on 11 independently taken measurements
of the same setup, also using the same optical pulses, and average the beamformed
data. The result of averaging operation can be seen in Figure 2.6(b). As a result of

the averaging operation, the pulse is more observable.
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Figure 2.6. (a) Result of DAS beamforming operation applied to measurement
data taken under optical pulses with 670 nm wavelength and 8.1 mJ pulse energy.
(b) Beamformed signal after 11 measurement data is beamformed separately and
the resulting beamformed signals are averaged. The magnitudes of signals are
given in terms of the Least Significant Bits (LSB) of the Analog-to-Digital
Converter of DIPhAS. The pulse is zoomed in the inset in (b).

Lastly, Hilbert transform-based envelope detection and logarithmic
compression are applied to columns of the image matrix, also called scan lines.
Envelope detection removes the high frequency variations of the scan lines [30].
We end up with a vector with nonnegative elements. The logarithmic compression

decreases the dynamic range of the images.

2.2.3 Image Quality Metrics

We used three metrics to assess the image reconstruction performance: SNR, Full-
width Half-Maximum (FWHM), and contrast. SNR represents the ratio of signal
power to noise power and is measured in decibels [65]. In order to measure SNR,
we performed noise measurements and processed the noise data the same way we

do with signal data on each channel. The measurements we take using laser pulses
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contain both the PA signal (S) and some additive noise (N). We measured SNR,
referred as SNR, 1, from DAS images as defined in Equation (2.3) [56,66].

SNR,,(dB) = 20log(S + N) — 20log(N)

S+N
= 20log (T)

= 20log(SNR + 1) (2.3)

FWHM is used to measure resolution in both lateral and axial directions. We
defined FWHM as the width of the profile — either axial or lateral - where the
pulse energy drops to half of its peak value [65]. This corresponds to a 6 dB loss

from the peak in log-compressed images.

Lastly, Contrast Ratio (CR) is used. A higher CR in images implies better
performance of an algorithm [65]. We measured CR as given in Equation (2.4):

CR = 201og(ﬁ) (2.4)
HUp

where u, and y,;, are means of pixel intensities in the target region and background

at the same depth.
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Chapter 3

Compressed Sensing Application In
Photoacoustic Imaging

3.1 Compressed Sensing

In fields that need a constant and accurate sampling of signals or images, Nyquist-
Shannon’s theorem is followed to avoid artifacts caused by the sampling operation
[44]. By Nyquist-Shannon’s sampling theorem, the sampling frequency needs to
be at least twice that of the highest frequency content of the sampled signal;
otherwise, the signal may not be accurately reconstructed from samples [44].
Compressed Sensing (CS) approach is developed to reduce the effect of artifacts
caused by the undersampling of signals [67,68]. The missing information caused
by undersampling is remedied by a list of prerequisites in formulation of the CS
problem. CS can be divided into two steps: i) Defining a CS matrix that preserves
the information in the measurement data and ii) Formulating a fitting recovery
algorithm [67,68].

CS deals with underdetermined linear systems:

Ymx1 = Pmxn Xnx1 (3.1)

where y is the measurement vector, x is the signal of interest, @ is the
measurement matrix or compressed sensing matrix, and m < n. The system
described in Equation (3.1) summarizes an underdetermined linear system of
equations and makes the process of recovering an x € R" ill-posed. For a given

y € R™ there are infinitely many x that satisfy Equation (3.1). To specify a
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solution among the infinitely many solutions and to ensure a decent recovery, CS

relies on two principles: sparsity and incoherence [44,67,68].

3.1.1 Sparsity

Sparsity pertains to the signal of interest. One usually refers to a signal as
sparse when a signal representation has only a few nonzero elements. A particular
solution can be found among the many candidates by enforcing the sparsity
constraint on the solution. Signal of interest may not always be sparse in the
domain of intended use. In that case, a sparse signal representation can be found
by transformation, e.g., Fourier [45], Wavelet [69]. In real life, many natural
signals are sparse or compressible, so a sparse representation can usually be found
in some domain [44]. Let ¥ € R™" be an orthonormal basis (called the

sparsifying matrix) with the property:
f=Wx (3.2)
where f € R™ is the sparse representation of x under V.
After the transformation of the basis, we can rewrite the expression as:
y = oY-1f (3.3)

This equation still represents an underdetermined linear system and has an
infinite number of f that holds for a given y. CS recovery algorithms yield the

sparsest f that we can later use to recover an x by back-transforming.

3.1.2 Incoherence

Incoherence property pertains to the sensing modality. Mutual coherence ()

is a metric that measures the correlation between two matrices [44].

u(W, @) = Vn- max |pig)| (3.4)

1<k,j<n

where ¢; and i, are k™" and jt™ columns of their respective bases. Low

coherence between the sparsifying and measurement matrices ensures that if a
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signal, f, is sparse in one domain, the measurements, y, is non-sparse in the
measurement domain [70]. Measurements of a non-sparse signal are more likely
to have meaningful (i.e., non-zero) samples, so low mutual coherence translates

to fewer samples required for reconstruction [70].

3.2 Compressed Sensing Model Definition and
Solution in PAI

While reconstructing images, it is desirable to use as few samples as possible to
keep the computational intensity low. As the sampling frequency of the array used
must be high [1], the number of samples can only be reduced by decreasing the
number of active transducer elements. Decreasing the number of active elements
without changing the aperture can introduce artifacts called grating lobes which

damage resolution and contrast in the images [53].

In this section, a linear relation between our measurements, R, and the optical
absorption map of the tissue, I, is established to be used in Compressed Sensing
for PAI. The model presented in this section is inspired by the time domain model
developed for US in [48] and the analytical model for PAI as described in [53].

The first step of model definition is establishing an imaging grid. The same
imaging grid used in Section 2.2.2 is used here as well. We first discretize an area
of interest with a 2D grid where each cell represents an absorber. Let the matrix
1(#) represent the absorption properties of these absorbers and position vector
7 = (x5, Vs, Zs ). The higher I(7) is the more responsive it is to optical pulses. The
array and grid point positions are defined similarly as in Section 2.2.2. It is
assumed that the medium is homogeneous and laser light equally illuminates all
absorbers, so a difference between two elements of () is caused purely by the
difference in absorption. Let R be a matrix of size N,; X N, where N,; is the
number of channel elements and N, is the number of time bins. Also, let I be a

matrix of size N,, X N,, which is the grid’s size.
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We need to define a matrix K such that
R = KI (3.5)

where R is vectorized version of measurement matrix (size 1 X N,;N;), I is the
vectorized version of the imaging grid (size 1 x N,N,). K has the size

NN, X NN,

3.2.1 Solution of PA Wave Equation

The PA Wave Equation governs the PA wave propagation in the medium:

B oH (#t)

45— (3.6)

Vip(#t) — %%p(ﬁt) =
where v; is the speed of sound in the medium, f is the thermal coefficient of
volume expansion (K1), Cp is the specific heat capacity at constant pressure and
H(7,t) is the heating function at position 7 (defined in spherical coordinates) and
time t [71]. Heating function represents the thermal energy transferred to unit
volume in unit time. The PA Wave Equation is a nonhomogeneous linear
differential equation. The source term on the right-hand side of the expression
explains that the thermoelastic expansion caused by absorption of optical pulses
produce spherical acoustic waveforms. Left-hand side is a linear differential
operator that is commonly used in wave equations. Finally, p(#, t) is the PA wave

at location 7 and time t.

The wave equation in Equation (3.6) can be semi-analytically solved using
Green’s function method [72]. In Equation (3.7), a similar nonhomogeneous wave
equation is given where the source term is a point-like object in position

7 = (0,0,0) that produces an instantaneous response at t = 0.

ViG(#,t) — %%G(?,t) = —8()8() (3.7)
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The solution G(#,t), called the Green’s function, is the spatiotemporal

impulse response (SIR) of the linear wave equation [72].

1) <t — ”i”> (3.8)

G t) =

47 ||7| v

Using the superposition principle, one can convert Equation (3.7) into
Equation (3.6) by convolving both sides in time and position with the right-hand
side of Equation (3.6):

10
((vz . Fm)c(ﬁ D xSED = —(6@8M)* SEE)  (39)
where
. BOHG.D
S0 = = (3.10)

Under the assumption of stress confinement, the heating response to optical

pulses can be separated in time and position [45]:
H(7#t) = 6()I({7) (3.11)

Therefore, the solution of Equation (3.9) can be found by convolving the

Green’s function and the source term of PA Wave Equation

p(#,t) = G, t) * S(7, t)
(1 7Y, (B35®), .
= <m5 (t — 7)) * (C_PTI(r)) (3.12)

The derivative of unit impulse is called the unit doublet, u,, and has the

property to differentiate a function it is convolved with.

3.2.2 Including Transducer Response

Assuming that the transducer elements are point-like, one can find the PA waves

reaching the element as p(7;, t) is known. For a more accurate model, the impulse
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response of the transducer can be incorporated into our model. We assume that
the impulse response for every element is the same, and the transfer function is

modeled as a Gaussian function in the frequency domain.

2n(f — £))°
Hypans(f) = ﬁeXP (_%(T[(fo.—zf))> (3.13)

where

bw 1 2
% = fe
100°" 2./21og 2

and bw is the fractional bandwidth — expressed as a percentage — and f; is the

center frequency of the transducer.

By taking the Inverse Fourier Transform, the impulse response of the

transducer elements is found as:
Rerans(t) = cos(2mf,t) exp(—2m2a?t?) (3.14)

For it" transducer element — located at 7, — the measurement data can
analytically be expressed as the convolution of acoustic pressure on the array

element and the impulse response of the transducer:

Ri(t) = p(?u t) * Rerans(t)

B dr’

=ﬁ 5 ”T_r‘” *u1 (6 * herans @) |1(7)

Y
it 7]

=

g e L Il )

4tCp ”r -7

where

trans(®) = (=27 f, sin(2nf,t) — 4m20?t cos(2nf,t)) exp(—2m2a?t?) (3.15)
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Figure 3.1: (a) the transfer function of the transducer with 7.5 MHz center
frequency and 75% bandwidth. (b) impulse response of the transducer and its
derivative.

By discretizing the integral kernel 7 with (x,y,z) = (k4x,0,l4z) and

tj € [to, tena], the problem can be expressed as:

Ny Ny

, r
Rl(tj)=zth£mns tj—to—” | 1(kAx, 0,1Az2) (3.16)
£ & AnCplir| Vs

where ||7|| = \/(xi — kAx)? + (1Az)? and (x;,0,0) = r;. By using smaller pixels,
we can better represent the initial pulse distribution on the image.
We can rewrite Equation (3.16) as

Ny Ng

Ri(t) = Z Z K(,j, k1) I(kAx, 1Az) (3.17)
k=11=1

where

. B 7l
K R a— 1Y . — —
(l;]: k,1) 477.'Cp||1"” htrans tj — to

Us

K(i,j, k,1) corresponds to impulse response in a homogeneous medium with a

point absorber at position 7, = (kAx, 0, 1Az) observed at time instance t; by i*"
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transducer. For simplicity, we assume that § = 1 and Cp = 1 for the simulations
and experiments. This choice does not affect the image resolution and contrast, it

only adds/removes a constant on the image matrices.

By vectorizing the measurement matrix, R , and absorber matrix, I, we can

generalize Equation (3.17) as:

" column
—h—

- r - - 7 -

NN, elements

??m

absorber

Z _

.
NN, elements - -

Figure 3.2. Sizes of the model used in this study. R is a vectorized version of the
measurements with size 1 X N,;N;. I is a vectorized version of the imaging grid
with size 1 X N,.N,. K is the forward matrix. Each element on I represents an
optical absorber at a grid location. The nt"* element, referred as the nt" absorber,
of the I vector and the column corresponding to it on K is highlighted on the
figure. A detailed view of the column is given in Figure 3.3.
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Figure 3.3: Detailed view of the n'* column of the K matrix. This vector
represents the spatiotemporal response from an absorber located at grid location
n to each element used in reconstruction. The channel responses are stacked on
top of each other.

Figure 3.2 shows the sizes of R, K and A. The n‘* entry of vector I
corresponds to the absorption coefficient of an absorber at a grid location n. The
corresponding column of K is the theoretic response that is measured by all
elements in time and space to the nt* absorber. The column can be seen in detail
in Figure 3.3. The channel responses are stacked on top of each other. Similarly,
the measurement vector R is data recorded by each transducer stacked on top of
each other. Each row of K represents the response generated by all absorbers at a

particular transducer element and time instance.

The model must satisfy the sparsity and incoherence requirements discussed
in Section 3.1. In PAI, absorption distribution or energy deposition intrinsically
own sparsity in the spatial domain [53]. Since the images we want to reconstruct
are often considered sparse, we do not require a sparsifying transformation (¥ is
the identity matrix). This requirement can also be imposed in the recovery

algorithm, discussed in Section 3.2.3.
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Without a sparsification matrix, we only need the measurement matrix (K) to
satisfy incoherence. To satisfy incoherence, we want to maximize the number of
linearly independent columns of the measurement matrix [45]. We also want the
linear combinations of columns to be noise-like to ensure that one measurement
of a basis vector is not correlated to the measurement of another basis vector [45].
The Transfer Point Spread Function (TPSF) is a way used in CS to assess these
two conditions [45,47,48]. TPSF is defined as

(Kn, Km)

TPSF(n, = —
() = e Tl

where K,, and K,, are the nt® and m!" columns of K respectively. For near
orthonormal matrices, TPSF is always around noise level for n + m. Limiting the
maximum TPSF can satisfy the incoherence requirement [45]. In this model,
columns of K corresponds to the spatial impulse response to all transducer
elements from a point absorber. High TPSF is most likely to occur between
neighboring pixels of our imaging grid as their spatial impulse responses are
expected to be similar [48]. If the imaging grid is too fine, TPSF of two
neighboring columns will unavoidably be high, and the recovery algorithm will
suffer in performance. Similarly, positioning the grid too deep will increase TPSF.
So, to ensure incoherence requirement, we have to sacrifice pixel resolution and

maximum field-of-view.

3.2.3 Solving Model Using Compressed Sensing

Solving the linear Equation (3.5) is an iterative process. K matrix is an
underdetermined matrix which is usually noninvertible. Taking the Singular
Value Decomposition based pseudo-inverse of K is computationally exhausting
due to the large size of K [48]. Also, due to the presence of noise in the

measurements, Equation (3.5) might not have a unique solution.

To accommodate noise and the imperfections of the model, we might relax

the equality constraint
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[= argmin, [|[KI — R||, (3.18)

Here we also use the I,-norm of the residue as cost function. Equation (3.18)
can yield many solutions, so to specify one, one can enforce the sparsity

constraint:
min||I||; subjectto||KI —R||, <€ (3.19)

In the minimization problem, I;-norm is used instead of [,-norm as [,-norm
acts as a low-pass filter and results in poor resolution and contrast [45,49]. ;-
norm is a natural promoter of sparsity [49] and limiting l;-norm also limits [,-

norm as well. Thus, a minimum energy and sparse solution can be found.

The convex optimization problem described in Equation (3.19) is called a
Basis Pursuit Denoising (BPDN) problem [48] which we solved using a
MATLAB package called SPGL1 [73,74]. Lastly, envelope detection and log

compression are applied to the retrieved image matrices, I.

In our simulations and experiments, € can have any value in the range of
[0, l|R]l,]. We defined € as a factor of ||R|[, to uncouple the measurements and
margin (e = a||R]||, ). For each image, the relaxation factor « € [0,1] is chosen
heuristically. We tried to keep a as low as possible to satisfy the
IR — KI||, < al|R||, constraint in the problem formulation as tightly as possible
while maintaining the artifacts caused by the measurement noise and

imperfections of our model to a minimum.
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Chapter 4

Simulation Results

Simulations are performed to compare our model-based approach with the DAS
beamformed images. Conventional beamforming has several shortcomings for
this measurement setup. The lateral FWHM resolution of beamforming — not to
be confused with pixel resolution, which has to do with the size of pixels —
degrades with depth. DAS beamforming process introduces sidelobes and a wide
mainlobe which decreases the lateral and axial resolution. Due to these, resolving
two objects close to each other in images is more challenging. Finally, the
undersampling in space causes artifacts of its own. We test how the CS-based

algorithm performs under each of these situations through our simulations.

DAS beamformed images are created by coherent summation of
measurements, whereas CS-based algorithm nonlinearly reconstructs the initial
energy absorption in the tissue. The resulting CS images are lower than DAS
beamformed images in terms of magnitude. In all the figures, we added
appropriate constant gains to CS image matrices so that they can be fairly

compared on the same scale.

4.1 Lateral and Axial Resolution

We performed a simulation to test how the Compressed Sensing algorithm
compares with DAS beamforming when reconstructing images from adequately
sampled data. Four point-like objects with 0.1 mm in diameter are imaged on
k-Wave by a 128-element linear transducer. The center of the transducer is

defined to be on 7 = (0,0,0). The targets are placed at z = 2 mm, z = 4 mm,
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z = 6 mm, and z = 8 mm depths, respectively. The transducer has a 0.1 mm pitch
and a center frequency of f. = 2.75 MHz with bw = 160% fractional bandwidth.
We used a sampling rate of f; = 80 MHz.

The imaging grid spans x = —1.6 mm to x = 1.6 mm with 64 pixels laterally
and z = 1 mmto z = 9 mm with 160 pixels axially. The pixel resolution is 50 pm
in each direction. This grid is used for both DAS and CS reconstruction. The
geometry of the simulation and the grid are shown on Figure 4.1. For this
simulation data, we have chosen a = 0.45 in the CS reconstruction. 95 dB
constant gain is added in CS images. We used all the data from the 128 elements

of the array while reconstructing the images, so no undersampling was applied.
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Figure 4.1. Geometry of simulation and imaging grid. Four targets (0.1 mm
diameter) are placed at 2 mm, 4 mm, 6 mm, and 8 mm depths. The imaging grid
spans 8 mm in axial direction and 3.2 mm in lateral directions with 160 pixels and
64 pixels respectively.
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Figure 4.2: (a) DAS beamformed image with two artifacts due to mainlobes
overlapping shown in dotted squares. (b) Image of targets with Compressed
Sensing applied. 95 dB is added to CS images and the relaxation constant («) is
0.45. 128 transducer elements are used in the reconstruction of both pictures.

The resulting images are given in Figure 4.2. In Figure 4.2(a), the DAS
beamforming operation results in wide mainlobes. Due to the overlapping of the
mainlobes, artifacts appear. Two of such artifacts are shown in dashed squares.
These artifacts give the false impression that there are targets with lower
absorption properties on z = 3 mm and z = 5 mm depths. In Figure 4.2(b), the
Images reconstructed with the CS-based method result in narrower mainlobes, so

we do not observe the same artifacts.

Axial profiles of the images at targets’ locations are compared in Figure 4.3
and axial resolutions for each target are given separately in Table 4.1. Figure 4.3
and Table 4.1, show that the FWHMSs in the image obtained with CS are smaller
than FWHM of beamformed images.

The peak pixel intensities decrease with depth in DAS beamformed image.

For instance, there’s a 3.4 dB drop between pixel intensities of the targets located
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at 2 mm and 8 mm depth even though they produce similar acoustic responses.
Signals originating from 8 mm are attenuated more than signals originating from
2 mm, so a decrease between pixel intensities is observed. In the CS model, we
incorporated the depth-related attenuation with Green’s functions, so such a
decrease is not observed in images reconstructed with CS and peak pixel intensity
stays in 22.5-24 dB range.

Log Scale Comparison vs Depth

128 Elements, a = 0.45
30 T

Compressed Sensing(95 dB Added)
DAS Beamforming

—Hm"il -2.75dB 3.65dB
25

20 - .

B15- =

1 2 3 B 5 6 7 8 9
Depth(mm)

Figure 4.3: Comparison of axial profiles of DAS and CS. The targets are placed
at 2 mm, 4 mm, 6 mm, and 8 mm depths. The differences between the responses
of the first target and the rest are shown in the figure.
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Figure 4.4: Comparison of lateral profiles of DAS and CS for targets located at
(@) 2 mm depth, (b) 4 mm depth, (c) 6 mm depth, (d) 8 mm depth

In Figure 4.4, the lateral profiles of DAS beamformed and CS reconstructed
images are shown. The FWHM resolutions in the lateral direction are given in
Table 4.1 as well. CS-based method results in images with improved lateral
resolution. The FWHM deteriorates with depth in DAS beamformed image, it
doubles from 2 mm to 8 mm depth. Meanwhile, the FWHM stays approximately
160 pm in images with CS. DAS images’ wider mainlobe can be seen in all plots
in Figure 4.4. In Figure 4.4(a-b) the sidelobes of DAS beamformed images can
also be seen.
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Table 4.1. Horizontal and Lateral Resolutions of DAS and CS images for 4 targets
at different depths.

DAS FWHM CSFWHM DAS FWHM CS FWHM

Depth ) )
(Lateral) (Lateral) (Axial) (Axial)
2 mm 0.255 mm 0.165 mm 0.580 mm 0.438 mm
4 mm 0.325 mm 0.157 mm 0.610 mm 0.437 mm
6 mm 0.407 mm 0.156 mm 0.572 mm 0.419 mm
8 mm 0.508 mm 0.171 mm 0.555 mm 0.238 mm

Table 4.2 compares each target’s image contrasts obtained from DAS and CS
images. The contrast of targets with the background decreases with depth in DAS

images. CS performs better in terms of contrast for all targets.

Table 4.2. Comparison of contrast ratio (CR) obtained from DAS and CS images
for 4 targets at different depths.

Depth DAS CR CSCR

2mm 15.96 dB 22.11dB
4 mm 14.99 dB 23.27 dB
6 mm 13.96 dB 24.61 dB
8 mm 13.12dB 23.42dB

4.2 Grating Lobes

Spatial undersampling itself is responsible for artifacts. If the spacing between
two consecutive elements is more than A/2 (4 being the wavelength
corresponding to the highest frequency content of PA waves), an artifact called

grating lobes appears [53]. Grating lobes are spatial aliasing effects.
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An absorber, placed at 4.5 mm depth, is imaged using a 128-element linear
transducer with 0.1 mm pitch. The transducer has a center frequency of f. = 2.75
MHz and bw = 160% fractional bandwidth. We inspected the recorded signals
and saw that their spectra are between 500 kHz and 5 MHz. The highest frequency

1450m/s

contentisat 5 MHz, so 1 =
5 MHz

= 290 pum. We used a sampling frequency
of f; = 80 MHz.

The imaging grid spans x = =5 mm to x = 5 mm with 200 pixels laterally
and z = 3.5mm to z =6 mm with 50 pixels axially. The pixel resolution is
50 um in either direction. This grid is used for both DAS and CS reconstruction.
The idea is to observe the grating lobes appearing on either side of the target using
both methods. We only use a fraction of the elements to induce grating lobes. The
aperture is kept the same in all the images. The imaging grid and the simulation
geometry is given in Figure 4.5.

~

z -5 mm

FOVyz=25mm
50 pixels

FOVy=10mm
200 pixels

Figure 4.5. Simulation geometry and imaging grid used in image reconstruction.
An absorber with 0.1 mm diameter is placed at 4.5 mm depth. The imaging grid
spans 2.5 mm axially and 10 mm laterally with 50 pixels and 200 pixels,
respectively.

DAS beamformed images are given in Figure 4.6. They are imaged with
equally spaced 128, 32, 16, and 8 elements. The spacing between elements
corresponds to 0.1, 0.4, 0.8, and 1.6 mm, respectively. The aperture is kept the

same for all measurements. As the number of array elements used in
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reconstruction decreases, we observe a decrease in the peak pixel intensity of the

image.
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Figure 4.6: Delay-and-Sum Beamformed Images of one absorber, imaged with
(from top to bottom) 128, 32, 16 and 8 elements. The same measurement data is
used in all images.

To emphasize the effect of grating lobes, 30 dB is added to the images in
Figure 4.6 to shift the baseline. These can be seen in Figure 4.7. As expected,
grating lobes appear on images with 32, 16, and 8 channels. The grating lobes are
shown in red squares in Figure 4.7. Even though they are not visible in Figure 4.6,

grating lobes can sum coherently and reduce resolution and contrast [53].
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Figure 4.7: 30dB added to images on Figure 4.6 to better visualize grating lobes.
The grating lobes are highlighted in the dashed boxes.

CS is applied to the same data, which can be seen in Figure 4.8. In these
Images, « is set to 0.3 and 100 dB is added. Grating lobes are not observed when
CS is applied.
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Figure 4.8: CS applied images of one absorber, imaged with (from top to bottom)
128, 32, 16 and 8 elements
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CS-based method handles spatially undersampled data better than DAS

beamforming, as no grating lobes are present in any of the images. A comparison

of lateral profiles of images at z = 4.5 mm is shown in Figure 4.9. The profiles in

Figure 4.9 summarize how DAS and CS respond to spatial undersampling. The

baselines are around the same level (-10 dB) in Figure 4.9(a), but the peak signal

power and sidelobes drop as fewer channels are used. There is a 6 dB decrease as

the number of channels is halved in Figure 4.9(a), which was expected. In

Figure 4.9(b), the highest level remains the same, and there are no sidelobes.

Undersampling doesn’t affect lateral resolution in both images. Lateral

resolutions are 150 um for CS images and 530 um for DAS beamformed images,

so CS reconstruction results in a narrower FWHM.

DAS Bear
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Figure 4.9: Comparison of Horizontal Profiles of a Point Absorber (with 0.1 mm
diameter) for (a) DAS Beamforming and (b) Compressed Sensing

Table 4.3. Contrast Comparison of DAS and CS vs Number of Elements Used in

Reception
Number of Elements Used DAS CR CSCR
128 42.11 dB 35.15dB
32 43.85 dB 33.04 dB
16 28.99 dB 32,57 dB
8 17.02 dB 31.15dB
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The contrast calculated in the images is given in Table 4.3. Even though DAS
contrast is higher than CS contrast for 128 and 32 elements, CS outperforms DAS
as fewer elements are used. When fewer elements are used in beamforming
algorithm, the maximum pixel intensity decreases. This causes a loss of image
contrast. CS contrast is less affected by a change in the number of elements used,

there is only a 4 dB decrease in contrast when 1/16' of the elements is used.

4.3 Two-Point Resolution

Two-point resolution test takes both the sidelobes and grating lobes into account.
Sidelobes might cause close objects to blur together in the images by overlapping
in the DAS beamforming process. Spatial undersampling introduces grating lobes
that might overlap with the targets. In that case, the targets could be undetectable

even without sidelobes overlapping.

We image two targets (0.1 mm diameter) placed at the same depth with
differing spacing at 4.5 mm. Spacings are 1 mm, 0.8 mm, 0.4 mm, and 0.2 mm.

The imaging grid spans x = —1.6 mm to x = 1.6 mm horizontally with 64
pixelsand z = 3 mm to z = 6 mm laterally with 60 pixels. The imaging grid and
the geometry of simulation is shown in Figure 4.10. We used a 32-element
transducer with a 0.4 mm pitch. The transducer has f. = 2.75 MHz center
frequency and bw = 160% fractional bandwidth. The spectra of the recorded
signals are once again in 500 kHz and 5 MHz range. The highest frequency
content of PA waves is at 5 MHz, so 4 = 290 um. We used a sampling frequency
of f; =80 MHz. In CS images « is taken as 0.125 and 95 dB is added for all

images.
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Figure 4.10. Simulation geometry and imaging grid for two-point test. Two
absorbers with 0.1 mm diameters are placed at 4.5 mm depth. Four different d
(the spacing between two absorbers) are used in simulations. The spacing is kept
at 1 mm, 0.8 mm, 0.4 mm, and 0.2 mm in the simulations. The imaging grid spans
3.2 mm in both axial and lateral directions with 64 pixels on each side.

The reconstructed images are shown in Figure 4.11. Images on the left column
are reconstructed using the CS-based method. DAS beamforming is applied to the
images on the right column. DAS beamformed images, Figures 4.11(b,d,f,),
display wider mainlobes. For 1 mm and 0.8 mm separations, Figures 4.11(a-d),
both the CS-based method and the DAS beamforming can identify the two targets.
For 0.4 mm separation, which corresponds to 1.44, mainlobes in the DAS
beamformed image overlap, and two objects blend visually. CS image for 0.4 mm
seperation, Figure 4.11(e), is able to distinguish the two targets at this separation.
For 0.2 mm separation (0.71), the two objects are indistinguishable using both

methods.
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For further inspection, we plot the lateral profiles of images at z = 4.5 mm
depth in Figure 4.12. For 0.8 mm spacing, Figure 4.12(b), overlapping of targets
starts in DAS images. For 0.4 mm spacing, Figure 4.12(c), DAS is unable to

distinguish two targets as there isn’t a -6 dB drop in the separation. In both images,

CS can clearly distinguish two targets. For 0.2 mm separation, Figure 4.12(d),
neither reconstruction method can detect two targets.
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Figure 4.12: Comparison of Lateral Profiles of the Images in Figure 4.11 at targets'
depth (z = 4.5 mm)

Overall, CS results in a finer resolution and can suppress grating lobes, as

shown in the previous two subsections. As a combination of the two, CS performs
better at detecting targets close to each other.
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Chapter 5

Experimental Results

We conducted experiments to test the performance of CS-based reconstruction
method with DAS beamforming. The experiments also allow us to analyze how
the model handles noise. In our experiments, the phantom is imaged using optical
pulses with different wavelengths and pulse energies given in Table 5.1. In
addition, noise measurements of the optoacoustic phantom are taken. The
measurement setup is given in detail in Section 2.1. In both CS reconstruction and
DAS beamforming, we used only 32 equally spaced elements of the 128-element

phased array that spans the entire aperture.

Table 5.1. Wavelength and Energy of the Laser Pulses Used

Wavelength 670 nm 680 nm 750 nm 780 nm 820 nm

Energy Level #1 8.0 mJ 8.3 mJ 4.5mJ 4.1mJ 3.5mJ
Energy Level #2 5.9 mJ 6.0 mJ 3.3mJ 3.0mJ 2.66 mJ
Energy Level #3 3.0 mJ 3.1mJ 1.8 mJ 2.1 mJ 1.45mJ
Energy Level #4 2.2 mJ 2.4mJ 1.4 mJ 1.3mJ 1.15mJ

ICG has a nonlinear response to optical illumination. For 0.5 mM ICG
concentration, optical absorption is highest when pulses around 800 nm

wavelength are used [75].

We define the center of our transducer as the origin of our coordinate axes.
The imaging grid is located between x = —3.2 mm and x = 3.2 mm laterally,
z =18 mm and z = 24.4 mm vertically, with 128 pixels on each side. The pixel

resolution is 50 um on either side. The target and the imaging grid are illustrated
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on Figure 5.1. 80 dB gain is added to all CS images. The choice of the relaxation
constant « is made heuristically and separately for each wavelength and energy

combination.

In the experiments the phased array transducer used has a center frequency of
fe = 7.5 MHz and a fractional bandwidth of bw = 70%.

FOV, = 6.4 mm
128 pixels

FOV, = 6.4 mm
128 pixels

Figure 5.1. lllustration of the target and imaging grid. The target is a polymer tube
filled with 0.5 mM ICG. The target is placed at 21.5 mm depth. The outer and
inner diameters of the tube are 1.5 mm and 0.8 mm, respectively. The thickness
of the tube is 0.35 mm. The imaging grid spans 6.4 mm in both axial and lateral
resolutions with 128 pixels on either side.
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5.1 Choice of Relaxation Factor (&) in Presence of
Noise

In the presence of noise, the choice of « is a crucial factor in the quality of the
images. A proper selection of a can alleviate the effects of poor SNR in the
measurement data. Figure 5.2 shows the effect « on the CS images. The DAS
beamformed image is shown in Figure 5.2(a). Figure 5.2(b-d) shows the CS-based
reconstruction algorithm for different a values. The images are all reconstructed

from the same measurements. Optical pulses with 670 nm wavelength and 8.0 mJ

pulse energy are used.
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Figure 5.2: Four Images Reconstructed from the Same Measurement. (a) DAS
Beamformed Image, (b) CS Image for « = 0.8, (c) CS Image for @ = 0.85,
(d) CS Image for a« = 0.9. The target in the measurements is a polymer tube with
an outer diameter of 1.5 mm and inner diameter of 0.8 mm, filled with ICG. The
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upper and lower walls of the target are shown in (a) with dotted lines and their
reflection is shown in the dashed rectangle.

The lower and upper walls of the polymer tube are detected as shown in the
images. These are marked for convenience on Figure 5.2(a). The reflected PA
waves inside the tube manifest itself as another reflected spot. This is also shown
in Figure 5.2(a) in dashed rectangle. Depending on the choice of «, this reflection

can also be seen when CS is used. It is visible in Figure 5.2(b) but not in 5.2(c, d).

When the choice of « is low the algorithm is forced to incorporate the additive
noise and the reflected PA waves into the recovery process. This results in
speckles and the reflection, as seen in Figure 5.2(b). As a increases, Figure 5.2(c),
the speckles disappear, and the reflection becomes less observable. When « is
increased further in Figure 5.2(d), crucial information is disregarded, and the
target cannot be entirely detected. Among these images, a« = 0.85 results in the
best image quality as it is artifact-free, and the target is fully detected.

5.2 Compressed Sensed Images vs. Wavelength
and Pulse Energy

Images from measurements are reconstructed using DAS beamforming and
CS-based algorithm. Figures 5.3-5.7 are grouped based on the wavelengths of the
optical pulse used. In these figures, each row of images corresponds to a specific
energy level. On each row, SNR as a function of depth, the DAS beamformed

image and CS image with an appropriate « are given.
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Figure 5.3: Images Reconstructed Using Laser Light with 670 nm. From top to
bottom, the pulse energies are 8.0 mJ, 5.9 mJ, 3.0 mJ and 2.2 mJ respectively.
While applying CS, a are chosen as 0.85, 0.89, 0.97 and 0.98 respectively. On
each row SNR as a function of depth for the corresponding energy level is plotted.
The target polymer tube has 1.5 mm outer and 0.8 mm inner diameters.
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Figure 5.3 shows the images obtained with DAS and CS method for a fixed
pulse wavelength and different pulse energies. As the optical pulse energy
decreases, SNR decreases as well. For lower energy levels, ICG produces a
weaker response as well. This effect can be observed by the peak pixel intensities
of the beamformed images, Figures 5.3(a, c, e, g). A similar effect is also
observable in CS images, Figures 5.3(b, d, f, h). However, CS offers improved
speckle reduction compared to DAS images. The upper and lower walls of the

tube are more observable in CS images.

In Table 5.2, the highest SNR value obtained from DAS images, the peak pixel
intensity in all images, and image contrasts measured in the images are given for

different pulse energies.

Table 5.2. Comparison of peak SNR in DAS images, peak pixel intensity in DAS
and CS images, contrast ratio (CR) in DAS and CS images versus the pulse’s

energy. The wavelength of the optical pulses is 670 nm.

Pulse DAS Peak CS Peak
SNR ] DAS CR ] CSCR
Energy Intensity Intensity

8.0 mJ 60.16dB  4197dB 29.78dB  36.74dB  44.73dB
5.9mJ 57.22dB  39.01dB 3441dB 32.66dB 42.17dB
3.0mJ 51.26dB  33.08dB  20.79dB  26.89dB  41.73dB
2.2mJ 49.28dB  30.67dB 2471dB  26.63dB  37.48dB

In CS images, the contrast is higher than in DAS images, and it increases as
higher pulse energy is used. The axial and lateral FWHM resolutions of the upper
wall of the tube (located at 21 mm depth) are given in Table 5.3. CS results in a
narrower FWHM in both lateral and axial directions. The difference is more
noticeable in the lateral direction. For 8.0 mJ, 5.9 mJ, and 3.0 mJ, both DAS and
CS can adequately resolve the thickness of the polymer tube (which is 350 um).
However, when 2.2 mJ is used, the target becomes visually less observable in
Figures 5.3(g, h).
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Table 5.3. Comparison of FWHM of DAS and CS in lateral and axial directions
versus optical pulse energy. The FWHMSs are taken from the part of the tube

located at 21 mm depth.

DAS FWHM CSFWHM DASFWHM CS FWHM
Pulse Energy

(Lateral) (Lateral) (Axial) (Axial)
8.0mJ 795 pm 397 um 305 um 276 pm
5.9mJ 770 pm 353 um 360 um 293 pm
3.0mJ 820 pm 355 um 390 um 350 pm
2.2mJ 770 um 335 um 353 um 140 pm
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Figure 5.4: Images Reconstructed Using Laser Light with 680 nm. From top to
bottom, the pulse energies are 8.3 mJ, 6.0 mJ, 3.1 mJ and 2.4 mJ respectively.
While applying CS, a are chosen as 0.85, 0.90, 0.95 and 0.95 respectively. On
each row SNR as a function of depth for the corresponding energy level is plotted.
The target polymer tube has 1.5 mm outer and 0.8 mm inner diameters.

49



In Figure 5.4, an optical pulse with 680 nm wavelength is used. The SNR,
peak pixel intensity in DAS and CS, and contrast in the reconstructed images are

given in Table 5.4.

Table 5.4. Comparison of peak SNR in DAS images, peak pixel intensity in DAS
and CS images, contrast ratio (CR) in DAS and CS images versus the pulse’s

energy. The wavelength of the optical pulses is 680 nm.

Pulse DAS Peak CS Peak
SNR ] DAS CR ] CSCR
Energy Intensity Intensity

8.3mJ 60.61dB 42.22dB  33.86dB 38.00dB 42.89dB
6.0 mJ 58.01dB  39.61dB 30.78dB 34.66dB 43.22dB
3.1mJ 5259dB  34.00dB 2455dB 27.73dB  36.84dB
2.4mJ 50.57dB  32.33dB  2397dB 27.26dB  34.46dB

The results are similar to the ones in Figure 5.3. Both DAS and CS methods
lose image contrast and peak intensity as SNR decreases. Speckles are present in
all DAS beamformed images, Figures 5.4(a, c, e, g), whereas they can only be
seen for lower SNR values in CS images, Figures 5.4(f, g). Speckles are more

severe in Figure 5.4(g), but it is still an improvement from DAS images.

The resolutions are compared in Table 5.5. The FWHM s are calculated on the
upper wall of the tube. The lateral resolution does not change for both DAS and
CS methods when the pulse energies are high, approximately 770 um and 350 pum,
respectively. CS method and DAS beamforming perform similarly in terms of

axial resolution.
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Table 5.5. Comparison of FWHM of DAS and CS in lateral and axial directions
versus optical pulse energy. The FWHM are measured from the part of the tube

located at 21 mm depth.

DAS FWHM CSFWHM DASFWHM CS FWHM
Pulse Energy

(Lateral) (Lateral) (Axial) (Axial)
8.3 mJ 778 pm 324 um 390 pm 403 um
6.0 mJ 793 um 345 um 390 pm 282 um
3.1mJ 750 pm 386 um 285 um 445 um
24 mJ 680 pm 486 um 245 um 206 pm
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Figure 5.5: Images Reconstructed Using Laser Light with 750 nm. From top to
bottom, the pulse energies are 4.5 mJ, 3.3 mJ, 1.8 mJ and 1.4 mJ respectively.
While applying CS, a are chosen as 0.85, 0.82, 0.95 and 0.95 respectively. On
each row SNR as a function of depth for the corresponding energy level is plotted.
The target polymer tube has 1.5 mm outer and 0.8 mm inner diameters.
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An optical pulse with a 750 nm wavelength is used in Figure 5.5. For this
wavelength, the maximum pulse energy is almost half of what we could produce
at 670 nm and 680 nm. We can better understand how the choice of a effects
reconstruction in Figure 5.5(d, f, g). The lower wall of the tube shrinks from
Figure 5.5(b) to Figure 5.5(d, f, g). In Figure 5.5(f, g), we tried to keep a low «,
so that both the upper and lower part of the polymer tube can be visible in the

images, but the speckles could not be reduced.

Table 5.6 shows the SNR, Peak pixel intensities for DAS and CS, and contrast
for DAS and CS. In Figure 5.5(a), even though the optical pulse energy is half of
the ones in Figure 5.3(a) and Figure 5.4(a), the peak SNR remains the same. This
is caused by the nonlinear absorption property of ICG. It is more absorbing in the
750-800 nm region, so we are not affected by low energy levels as much. Lastly,

CS has a better resolution lateral direction.

Table 5.6. Comparison of peak SNR in DAS images, peak pixel intensity in DAS
and CS images, contrast in DAS and CS images versus the pulse’s energy. The

wavelength of the optical pulses is 750 nm.

Pulse SNR DAS Peak  CS Peak DAS CS
Energy Intensity Intensity Contrast Contrast

4.5mJ 50.80dB 41.78dB  36.14dB  34.68dB  48.39dB
3.3mJ 57.07dB  3891dB 3241dB 3245dB  46.07dB
1.8 mJ 5213dB  3384dB 28.07dB 29.85dB 38.22dB
1.4mJ 50.05dB  32.12dB 24.62dB 24.72dB  34.51dB
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Figure 5.6: Images Reconstructed Using Laser Light with 780 nm. From top to
bottom, the pulse energies are 4.1 mJ, 3.0 mJ, 2.1 mJ and 1.3 mJ respectively.
While applying CS, a are chosen as 0.85, 0.89, 0.95 and 0.98 respectively. On
each row SNR as a function of depth for the corresponding energy level is plotted.
The target polymer tube has 1.5 mm outer and 0.8 mm inner diameters.
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We further performed measurements with 780 nm and 820 nm, the results of
which are shown in Figures 5.6 and 5.7. In these images, the lower wall is not as
well detected in CS method when compared to DAS beamforming. This is
because the lowest pulse energies used in this study are obtained at 780 nm and
820 nm wavelengths, which causes low SNR. As a result, the lower wall of the
polymer tube is harder to detect in these images. This detection problem is
visually observable particularly in 5.6(h) and 5.7(f, h). In Figures 5.6 and 5.7, CS

performs better in terms of lateral resolution and contrast.
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Figure 5.7: Images Reconstructed Using Laser Light with 820 nm. From top to
bottom, the pulse energies are 3.5 mJ, 2.66 mJ, 1.45 mJ and 1.15 mJ respectively.
While applying CS, a are chosen as 0.89, 0.93, 0.97 and 0.98 respectively. On
each row SNR as a function of depth for the corresponding energy level is plotted.
The target polymer tube has 1.5 mm outer and 0.8 mm inner diameters.
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For each pulse wavelength, the decrease in pulse energy results in a lower
SNR. Both DAS and CS are negatively affected by low SNR as peak pixel
intensity and image contrast decrease. For lower energy values, CS images cannot
completely suppress the speckles, but it still performs better than DAS

beamformed images in that regard.

In the experiments, the CS-based method always produces images with better
lateral FWHM. Lateral FWHM of the upper wall of the tube is measured as
approximately 350 um in all CS images and 750 um in all DAS images. For the
lowest SNR levels, CS cannot fully resolve the lower wall of the polymer tube, as

seen in Figures 5.6 and 5.7.

In CS images, regardless of the SNR in the measurement, contrast is better
than in DAS beamformed images. Applying CS improves Contrast Ratio by
10.81 dB on average when compared to DAS beamformed images. At high SNR
levels, CS can completely resolve the targets and suppress the speckles. As
discussed in Section 5.1, the relaxation factor must be close to 1 for low SNR to

compensate for the noise.

Lastly, we inspect the behavior of DAS and CS when optical pulses with
different wavelengths and similar pulse energies are used. In Figure 5.8, plots of
SNR as a function of depth, and axial profiles of CS images are given. The

energies of the pulses are approximately 3.3 mJ in all measurements.
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Figure 5.8: SNR and CS Lateral Profile Comparison for Measurements with Equal
Pulse Energies

Due to the nonlinear absorption property of ICG, the energy of the generated
PA signals differs with wavelength of the optical pulses even though the energies
of the pulses used are nearly equal. In Figure 5.8(a), ICG is most responsive to
laser pulses with optical wavelengths of 780 nm and 820 nm. This property is also
preserved in CS images as seen in Figure 5.8(b). Both of these plots, agree with

our expectations for ICG’s absorption characteristic.
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Chapter 6

Discussion and Conclusion

We used a CS-based image reconstruction algorithm to reduce the effects of
spatial undersampling in PAIl. We defined a linear model between the
measurements recorded by the phased array transducer and the optical absorption
distribution of the region of interest. The forward matrix, K, of our model is
constructed analytically. We compared the performance of the CS-based

reconstruction method with the DAS beamforming.

We applied DAS beamforming and CS-based image reconstruction method
on simulated data. Images with CS have improved quality as they have a narrower
FWHM resolution (both axially and laterally) and better image contrast. The
depth dependent lateral FWHM is improved the most; up to 0.33 mm reduction
in FWHM is observed. For undersampled data, we showed that applying CS does
not result in grating lobes. Spatial undersampling results in up to 25 dB loss in
contrast in DAS beamformed images. Such a loss is not present in images
produced with CS.

Experiments allowed us to assess the CS-based method’s performance in the
presence of noise. In all CS images, the lateral resolution is improved. CS method
reduces the speckles compared to DAS beamforming method for high SNR. In
poor SNR conditions, the performance of CS method decreases, and speckles
become more prominent. However, it still performs better than DAS beamforming
does in that regard. There is an average of 10.4 dB increase in image contrast
when CS method is used. CS’ improvement of contrast and resolution that was

observed in simulations is also confirmed by our experimental results.
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In the experiments, we used a single layered optoacoustic phantom with one
polymer tube inside. As a future work, targets with varying sizes and optical
absorption properties can be used in the experiments and performance of the CS-
based algorithm can be inspected. In these experiments, the effects of multilayered

medium and different attenuation conditions could also be investigated.

The performance of the CS-based reconstruction depends on the accuracy of
the model. To further analyze CS algorithm’s performance, the use of other
forward models must be investigated. A better model will yield less artifacts and
improve the quality of the reconstructed images. We also did not employ any
sparsifying transformations in our model. As more complex targets are used, the
sparsity requirement of CS might be challenged, so the use of sparsifying
transformations and models that fit to these transformations must also be

explored.

All the experimental data used in this study can be found in the Bilkent

University repository.
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