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Abstract

Photoacoustic imaging (PAIl) is an emerging biomedical imaging technology that has the potential
to monitor tissue molecular composition in addition to structural and functional information. PAI
is a hybrid modality that combines optical and acoustic imaging. Specifically, the technology is
based on the conversion of absorbed nanosecond pulsed laser light into acoustic waves that can
be detected just as conventional ultrasound (US) signals. This guarantees the advantages of
strong optical contrast as well as high US resolution and imaging depth (up to several cm). Further
advantages, such as the non-invasive, label-free, and radiation-free nature of PAI have also
facilitated its exponential growth over the last two decades, among a wide range of applications
including cardiovascular, oncology, dermatology, neurology, and developmental biology. Since
tissue chromophores have distinct wavelength-dependent spectral absorption signatures,
spectral PAI (sPAl) is intrinsically sensitive to visualize and quantify molecular component
distribution in tissues. Thus, by illuminating the tissues at different wavelengths, molecular
information based on either endogenous chromophores (like oxygenated and deoxygenated
hemoglobin, lipid, melanin, collagen, and water) or a variety of exogenous contrast agents or
both can potentially be differentiated.

Linear unmixing methods based on differential or fitting algorithms are commonly used to
separate the underlying tissue components contributing to the sPAI. Although this fitting-based
approach yields acceptable results, it requires user supervision in the form of providing the
spectral curves as a priori information. This can be challenging, as the theoretical spectral
signatures of the tissue components could differ concerning to the disease conditions and the
results can be biased. Furthermore, this approach assumes that the most prominent absorbers
such as hemoglobin, are the sole tissue absorbers, not accounting for the presence of other less
prominent or weaker absorbing molecules (e.g., extrinsic molecules, melanin, lipids, etc.).
Therefore the less prominent absorbers are discarded with the conventional unmixing, thus
leading to incomplete tissue composition. In addition, this conventional approach can also be
hampered due to spectral coloring. This is a prominent distortion effect that induces spectral
changes at depth, due to light fluence attenuation, and consequently leads to misinterpretations
of the components' absorption spectra. Therefore, there still exist some limitations in the current
PAI unmixing in terms of molecular sensitivity and specificity.

Another limitation of PAIl is the lack of standardized methods to test imaging system
configurations or newly developed algorithms with high fidelity and accuracy. In comparison to
well-established medical imaging modalities such as MRI, CT/PET, and Ultrasound, these rely on
realistic and commercially available tissue-mimicking phantoms. On the other end, since PAl is a
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pretty recent technology, an unmet need still exists to establish anthropomorphic heterogeneous
phantoms that can accelerate advanced applications of the technology.

Finally, photoacoustic (PA) signals have a broadband frequency content by nature, which can
span from Kilohertz to several tens of Megahertz. However, the US transducers used for
measuring the photoacoustic signals are not ideal point detectors with infinite bandwidth. Thus,
the limited frequency bandwidth of the US transducers might exclude the acquisition of
significant PA imaging details. This is crucial, especially for translational research with patients.
Recently advanced applications such as the use of biodegradable bone implants are becoming
increasingly popular for treating bone fractures in humans. In this case, it would be more
effective the combination of photoacoustic imaging at high-frequency to monitor superficial
revascularization and low frequency for implant osseointegration at depth. Thus, the
combination of multi-frequency band transducers in PAl would lead to a complete and more
exhaustive tissue characterization that can facilitate translational research.

In this thesis work, | aim to optimize the potential of the innovative photoacoustic imaging
technology, by developing advanced machine learning algorithms that can automatically monitor
and quantify the tissue molecular features of vital importance. | primarily focused to identify
tissue biomarkers from PAIl without any a priori knowledge and user interactions as it can
enhance the diagnosis, treatment, and monitoring of the tissue changes in a large number of
diseases. In addition, the development of durable anthropomorphic phantoms would minimize
animal experiments in compliance with the 3R (Replacement, Reduction, and Refinement)
principle. This opens many possibilities to accurately test advanced methods in PAI, which leads
to higher chances of success in the in-vivo experiments. Finally, the use of multiple US
transducers with different frequency bandwidths for photoacoustic imaging and its impact on
translational applications are investigated. Thus, having PA images at multiple scales, resolutions,
and depths will lay the foundation for future advances in clinical translation of the technology.
This is fundamental, especially in applications where photoacoustic can contribute by providing
novel insights such as to follow-up tissue regeneration in presence of biodegradable implants
used to fix bone fractures in human patients.
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Zusammenfassung

Die fotoakustische Bildgebung (Photoacoustic Imaging, PAIl) ist eine aufstrebende
biomedizinische Bildgebungstechnologie, die das Potenzial hat, neben strukturellen und
funktionellen Informationen gleichzeitig die molekulare Zusammensetzung von Gewebe
darzustellen. Dabei kombiniert die PAI optische und akustische Bildgebung. Die Technologie
basiert auf der Umwandlung von absorbiertem, im Nanosekundenbereich gepulstem Laserlicht
in Schallwellen, die wiederum wie herkdmmliche Ultraschallsignale (US) detektiert werden. So
werden die Vorteile eines starken optischen Kontrastes mit der hohen Auflésung und
Abbildungstiefe (bis zu mehreren cm) von Ultraschallsignalen kombiniert. Weitere Vorteile der
PAI sind ihre nicht-invasive, kontrastmittel- und strahlungsfreie Natur, so dass PAl in den letzten
zwei Jahrzehnten zunehmend in einem breiten Spektrum kardiovaskularer Anwendungen
eingesetzt wurde, von der Onkologie, Dermatologie und Neurologie bis hin zur
Entwicklungsbiologie.

Da im Gewebe bereits vorhandene Chromophore unterschiedliche wellenlangenabhangige
spektrale Absorptionssignaturen aufweisen, eignet sich die spektrale PAI (sPAl) dazu, die
Verteilung molekularer Komponenten im Gewebe gleichzeitig zu visualisieren und zu
guantifizieren. Durch Bestrahlen von Gewebe mit Licht verschiedener Wellenlangen kénnen ggf.
molekulare Informationen gewonnen werden, die auf der Nutzung endogener Chromophoren
wie z.B. oxigeniertem oder desoxigeniertem Hamoglobin, Fett, Melanin, Kollagen und Wasser
beruhen. Gleichzeitig bietet sich eine Vielzahl von moglichen exogenen Kontrastmitteln an, so
dass auch die Nutzung einer Kombination und von endo- und exogenen Chromophoren fir die
Bildgebung mittels PAI moglich ist.

Ublicherweise werden lineare spektrale Differenzierung-Methoden, die auf Differential- oder
Anpassungsalgorithmen (fitting) basieren, verwendet, um die einzelnen Gewebekomponenten,
die zum sPAI beitragen, voneinander zu unterscheiden. Dieser auf fitting basierende Ansatz
liefert zwar akzeptable Ergebnisse, erfordert aber gleichzeitig eine Uberwachung durch den
Benutzer, der Spektralkurven als a priori Informationen bereitstellen muss. Dies kann eine
Herausforderung darstellen, da die theoretischen spektralen Signaturen der
Gewebekomponenten je nach Gesundheitszustand unterschiedlich sein und so das Ergebnis
verzerren konnen. Dariiber hinaus geht dieser Ansatz davon aus, dass die starkeren Absorber wie
z.B. Himoglobin die einzigen Absorber im Gewebe sind, und andere, weniger prominente oder
schwacher absorbierende Molekiile wie z. B. bestimmte Kontrastmittel, Melanin, oder Lipide
werden nicht bericksichtigt. Dies fuhrt zu einer unvollstindigen Wiedergabe der
Gewebezusammensetzung. Zusatzlich kann dieser herkdmmliche Ansatz durch einen
Verzerrungseffekt (spectral colouring) beeintrachtigt werden: aufgrund des verminderten
Lichtdurchflusses werden spektrale Verschiebungen in der Tiefe induziert und fiihren so zu
Fehlinterpretationen der Absorptionsspektren der einzelnen Komponenten. Zusammenfassend
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gibt es aktuell also noch einige Einschrankungen bei der spektralen Differenzierung in Bezug auf
die molekulare Empfindlichkeit und Spezifitat der PAI.

Eine weitere Einschrankung von PAIl ist das Fehlen standardisierter Methoden zum Testen von
Systemkonfigurationen oder neu entwickelten Algorithmen mit hoher Wiedergabetreue und

Genauigkeit. So kénnen etablierte medizinische Bildgebungsverfahren wie
Magnetresonanztomographie (MRT), Computertomographie (CT), Positronen-Emissions-
Tomographie (PET), und Ultraschall auf realistische und kommerziell verfligbare

Gewebephantome zurlickgreifen. Da die PAI eine ziemlich neue Technologie ist, besteht hier
noch ein dringender Bedarf an anthropomorphen und heterogenen Phantomen, um weitere
zukunftsweisende Anwendungen fir diese Technologie erschlieBen und deren Einfihrung
beschleunigen zu kdnnen.

Fotoakustische (PA) Signale kénnen von Natur von Kilohertz bis zu mehreren -zig Megahertz
reichen. Die zur Messung der fotoakustischen Signale verwendeten US-Wandler sind jedoch
keine idealen Punktdetektoren mit unendlicher Bandbreite. So kdnnten signifikante PA-
Bildgebungsdetails unterschlagen werden. Dies ist insbesondere fiir die translationale Forschung
im Hinblick auf Patienten von entscheidender Bedeutung.

Flr innovative Anwendungen wie die Verwendung von biologisch abbaubaren orthopadischen
Implantaten in der Humanmedizin, ware z.B. eine Kombination von fotoakustischer Bildgebung
mit hoher Frequenz zur Uberwachung der oberflichlichen Revaskularisierung und PAI mit
niedriger Frequenz zur Uberwachung der Osseointegration des Implantats in der Tiefe denkbar.
Die Kombination von Mehrfrequenzbandwandlern in der PAIl wirde eine vollstandigere und
umfassendere Gewebecharakterisierung ermoglichen, die wiederum die translationale
Forschung aulRerordentlich beférdern kdnnte.

In dieser Dissertation ziele ich darauf ab, das Potenzial der innovativen fotoakustischen
Bildgebungstechnologie zu optimieren, indem ich fortschrittliche maschinelle Lernalgorithmen
entwickele, die die lebenswichtigen molekularen Eigenschaften des Gewebes automatisch
Uberwachen und quantifizieren kénnen. Ich habe mich dabei in erster Linie darauf konzentriert,
Gewebebiomarker aus der PAl ohne Vorkenntnisse und Benutzerinteraktionen zu identifizieren,
um so die Diagnose, sowie Behandlung und Uberwachung der Gewebeverinderungen bei einer
grofRen Anzahl von Krankheiten zu verbessern. Darliber hinaus wiirde die Entwicklung geeigneter
anthropomorpher Phantome die Zahl erforderlicher Tierversuche deutlich reduzieren. AuBerdem
konnen fortschrittliche PAlI Methoden vorab getestet werden, was wiederum zu hoéheren
Erfolgschancen der in vivo Experimente fiihrt.

SchlielRlich  wird die Verwendung mehrerer US-Wandler mit unterschiedlichen
Frequenzbandbreiten fiir die fotoakustische Bildgebung und ihre Auswirkungen auf
translationale Anwendungen untersucht. PA-Bilder mit verschiedenen MaRstaben, Auflésungen
und Eindringtiefen zur Verfligung zu haben, wird daher den Grundstein fir zukiinftige
Fortschritte bei der klinischen Umsetzung dieser Technologie legen . Dies ist von grundlegender
Bedeutung, insbesondere bei Anwendungen, bei denen die Fotoakustik durch die Bereitstellung
neuer Erkenntnisse beitragen kann, z. B. bei der Nachverfolgung der Geweberegeneration auf
biologisch abbaubare Implantate in der Humanmedizin.
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Chapter 1

Introduction

Abstract:

In this chapter, a brief introduction of the fundamentals and an overview of the
current state of the innovative photoacoustic imaging technology are provided.
Besides, we introduce the idea behind the developments presented within this
dissertation highlighting the importance of data-driven spectral unmixing
algorithms for the accurate monitoring of tissue molecular composition in a variety
of applications. The main objective of this work is to develop, optimize, and
investigate photoacoustic imaging technology, to detect and visualize all possible
tissue molecular components without any user interaction. Specifically, our
research focused on the potential use of multi-spectral photoacoustic technology
to monitor tissue remodeling in presence of advanced biodegradable bone
implants as well as further developments to translate the technology into clinical
settings. Finally, the key objectives of the research project and the outline of the
thesis content are described.




1.1. Introduction

In 1880, Alexander Graham Bell [1] first introduced the “photoacoustic” (PA) effect phenomenon.
However, this effect of “hearing the sound of light”, has been further exploited for biomedical
imaging applications only over the last few decades. Specifically, in the medical field,
photoacoustic imaging (PAI), which is also referred to as optoacoustic imaging, is an emerging
modality based on the absorption of nano-second pulsed laser light by tissue chromophores.
Tissue chromophores are molecules that absorb light such as oxygenated/deoxygenated
hemoglobin (HbO, / Hbg), melanin, lipid, water, and also exogenous contrast agents [2]. In
particular, a laser beam is shone into the tissue, while through its optical path, photons undergo
multiple scattering within the tissue before being absorbed by the chromophores. Due to short-
pulsed laser light, the optical energy absorbed by chromophores is converted into heat, which
induces a localized temperature increase (< mK). Consequently, this causes a thermoelastic
expansion that leads to the emission of ultrasonic pressure waves within the Megahertz range,
which can be detected by standard ultrasound transducers [3]. Assuming that the speed of sound
in biological tissue is homogenous (= 1540m/s for soft tissues) and by identifying the time of
arrival of light-induced acoustic waves, the respective optical absorption in the tissue can be
reconstructed. Conventional delay and sum (DAS) beamforming or more advanced algorithms
can then be used for photoacoustic image formation [4]. Thus, the reconstructed photoacoustic
image represents a map of the initial pressure distribution, which is directly related to the
absorbed light, with the spatial resolution of ultrasound images [5].

Fig. 1 depicts a simplified schematic of the “Light IN - Sound OUT” principle that is behind the PA
image formation. This shows the optical forward (Light-IN, see Fig. 1 (A)) and acoustic backward
(Sound-OUT, see Fig. 1 (B-C)) processes that lead to recording the light-induced acoustic signals
and thus the PA image reconstruction. The recorded acoustic signals correspond to the initial
pressure distribution po (7, 1) that is proportional to the optical absorption coefficient p, (7, 1),
as well as the light fluence distribution @, and the temperature-dependent Griineisen coefficient
I'(7,T(#)), thus defined as follows:

po(F, ) = ug (%, 1) - ®(F 4, g, s, g) - T(F,T(P) + (7, 2) (1)

where 7 represents the spatial coordinates of the voxel, A is the light wavelength, i, (7, 2) is the
scattering coefficient, g is the optical anisotropy factor that is the mean cosine of the scattering
angle, T(7) is the spatially varying temperature, and £(#, 1) is a term to represent noise. Thus,
Eq. 1 describes the relationship between the detected photoacoustic waves with the absorption
coefficient of the irradiated tissue components (u,). Since this relation depends also on the light
fluence @ that is a function of (7, 4, ug, Us, 9), the absolute quantification and identification of
the underlying tissue chromophores from PA images is still an open challenge.
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Fig. 1. Schematic representation of the PA effect. The individual images include (from top to bottom) a
US transducer with optical fibers on the sides, a coupling material (gel pad), and tissue including absorbing
chromophores. In particular, the image shows, the light fluence distribution in the tissue (A), the
thermoelastic expansion of the areas where the light is absorbed (B), and the propagation of the light-
induced sound waves recorded by the US transducer (C).

1.2. Light-tissue interaction

The ability of light to interact with tissues and deposit energy is vital for photoacoustic
applications. In particular, when light interacts with biological tissue, it can undergo several
fundamental interactions. The two most dominant mechanisms contributing to PAI techniques
within the near-infrared | (NIR-1) wavelength range (680-970 nm) are optical absorption and
scattering. The effective penetration and imaging depth are limited by both scattering and
absorption events that restrict the mean free path of photon propagation. However, within the
NIR-1 window, there is a minimum attenuation and the potential imaging depth is maximized (see
Fig. 2).

When photon absorption occurs the energy of the photon is transferred to a molecule, changing
the electric state of the molecule, from the ground state to an excited state. As the tissue
chromophores have a characteristic wavelength-dependent absorption spectrum, the detection
of the optical properties from the energy deposition in tissues enables the interpretation of the
molecular composition. Hence, PAIl enables non-invasive and radiation-free imaging of
underlying absorbing molecular components present in tissues such as oxygenated hemoglobin,
deoxygenated hemoglobin, melanin, lipid, and water as well as exogenous contrast agents up to
several centimeters deep in living tissues.
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Fig. 2. Schematic representation of the light attenuation through tissue. The illustration includes the light
within the range between ultraviolet (UV) to near-infrared Il (NIR-Il) and its tissue penetration. Increasing
the light wavelength leads to an energy and frequency decrease [6].

1.3. Photoacoustic signal detection

In PAI, to record light-induced acoustic waves, ultrasound (US) transducers based on piezoelectric
(PZT) elements are commonly used [7]. Other alternatives are also becoming popular such as the
capacitive micromachined ultrasonic transducer (CMUT) [8] and piezoelectric micromachined
ultrasound transducer (PMUT) [9], [10]. Micromachined ultrasonic transducers may offer higher
sensitivity and wider frequency bandwidth as well as a higher acceptance angle than
conventional PZT transducers. These features are all crucial, cause photoacoustic signals have
broadband frequency content by nature, which can span from Kilohertz to several tens of
Megahertz.

Besides, another class of acoustic sensors is based on optical ultrasound detection technologies.
These are promising detectors as they have much broader frequency bandwidth than the PZT-
based detectors. These methods are based on optical resonators to detect incident elastic
waves. The optical resonator geometries that are most frequently used in photoacoustic imaging
are Fabry—Pérot interferometers [11]-[13]. Although the optical ultrasound detection has some
advantages over the PZT-based detection, the translation from the lab bench to routine practice
is limited, as these are highly motion and vibration sensitive [14]-[16].

1.4. Photoacoustic image reconstruction

For PAIl the inverse problem of image formation aims to accurately retrieve the initial pressure
distribution p,(#,1) from the recorded photoacoustic signals. Since PA images are obtained
based on laser-induced ultrasound (US) signals, there are many similarities between PA and US
image formation. Consequently, several US beamforming algorithms can be used in PA
beamforming with some modifications. The reconstruction can be performed by back projecting



the recorded temporal photoacoustic signals into the image space, knowing the time of flight,
speed of sound (SOS) wherein the signals have propagated, as well as amplitude and duration of
the irradiation source. In most situations, the SOS is considered homogeneous and assumed to
be equal to 1540 m/s for soft tissue. However, SOS heterogeneity may be crucial in some
ultrasound applications [17], [18]. Thus, several algorithms for PA image reconstruction in
acoustically homogeneous and heterogeneous media have been reported [19]-[22].

Commonly, the PAI reconstruction is performed with the Delay-And-Sum (DAS) beamforming
method [23], [24] as well as Delay-Multiply-And-Sum (DMAS) and its adapted versions [4], [25],
[26]. These beamforming algorithms are used when PA signals are detected by a linear array of
US transducers. Thus to reconstruct the PA images, the DAS algorithms calculate and apply delays
to the recorded signals corresponding to each specific element of the transducer array and then
sum the resulting signals. In this way, the array sensitivity is maximized to incoming waves from
a particular direction toward the source. For DMAS beamformers, before summation, the
calculated samples are combinatorially coupled and multiplied. A number of approaches
reported in the literature cover the various advanced image reconstruction algorithms proposed
for improving high-fidelity reconstruction of photoacoustic imaging [27]-[29]. However, the
details of the different reconstruction approaches are out of the scope of this dissertation, where
the DAS beamforming has been used and the developed algorithms have been applied in post-
processing on the reconstructed PAI.

1.5. Multi-spectral photoacoustic imaging

Multi-spectral PAI mode, also named as multi-wavelength PAI, consists in sequentially
illuminating the same structures at multiple wavelengths, thus obtaining a spectral PAIl data set.
The main goal of multi-spectral PAl is to gain information on the different molecular tissue
constituents, in order to infer functional and molecular properties [30]—[35]. In particular, each
tissue chromophore responds to excitation light at multiple wavelengths in a unique way.
Besides, the absorption coefficient spectrum of different chromophores can also vary with regard
to the theoretical spectrum in case of disease conditions. Thus, multi-spectral PAI has the
potential to distinguish different chromophores in different physiological or pathological
conditions.

1.6. Spectral unmixing

Tissue chromophores can be distinguished, by measuring PA signals of the same structure at
different wavelengths of excitation light. Spectral unmixing techniques are capable of separating
the constituent tissue chromophores that contribute to the measured multi-spectral PA signals.
Linear unmixing algorithms are commonly applied to separate the individual chromophores.

Fig. 3 schematizes the linear unmixing algorithm used to solve this ill-posed problem. This
approach assumes that the source tissue chromophores are linearly combined. Thus, each pixel
of the spectral PAl includes a linear combination (mixture) of a number of source absorbers. The
linear unmixing algorithm is a linear regression-based approach that identifies the best fit of a



priori source spectra to the acquired mixed spectral PAI. As such, the fundamental pre-requisite
is the a priori knowledge of the photoacoustic absorption spectra of the constituent
chromophores and the user interaction in the form of providing these expected spectral
signatures.

However, in real cases, the linear unmixing can miss the mark due to its lack of sensitivity and
specificity. In particular, for translational research with patients, these types of supervised
spectral unmixing can be challenging, as the spectral signature of the tissues can differ with
respect to the disease condition. Imaging exogenous contrast agents and accessing their
biodistribution can also be problematic, as some of the contrast agents are susceptible to
changes in spectral properties after interaction with living tissues.
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Fig. 3. Schematic representation of the linear unmixing approach. This is a fitting-based procedure where
the acquired multi-spectral PAI represent one of the input. In addition, the wavelength-dependent
theoretical absorption spectra of different tissue chromophores present in biological tissue are also
provided as a priori information. The spectra were collected from the literature [36]. Finally, the
distribution maps that show the selected tissue chromophores per pixel are obtained as output.

Additional factors can also compromise the accuracy of the linear unmixing. For instance, the
spectral coloring effect is a known artifact that plays a crucial role in the sensitivity and specificity
of tissue biomarkers detection. Spectral coloring is a corruption effect that alters the spectrum
of the incident light along the tissue heterogeneity at depth and consequently leads to
misinterpretations of the absorption spectrum shape of the tissue components [37]. This also
limits the absolute quantification of the unmixed absorbers. Besides, unmixing weaker absorbers
(such as lipids, collagen, etc.) in the presence of strong absorbers (such as hemoglobin) using the
standard linear unmixing method, can also be challenging.



1.7. Spectral coloring effect

Linear unmixing algorithms rely on the assumption that the reconstructed photoacoustic image
intensities PAI(#, 1) is an estimation of the underlying initial pressure distribution p,(#, 1) which
is approximated as only proportional to the optical absorption coefficients u, (7, 1) as:

However, as expressed in Eq. 1, this assumption in Eq. 2 is not applicable in a real scenario,
because the reconstructed image is also proportional to both the Grineisen
parameter F(?,T(?)), and the light fluence ®(7, 4, ug, s, g). WhileT'is assumed to be
wavelength-independent, the fluence ® depends on the tissue's optical properties and
consequently to the wavelength 4, as well as to the spatial position according to the excitation
light configuration. These light fluence spectral and spatial inhomogeneities have an impact on
the recorded light-induced photoacoustic signals and consequently on the reconstructed
photoacoustic image. This effect, generally known as spectral corruption or spectral coloring,
causes unmixing misinterpretation and absolute quantification challenges at depth. Thus,
assuming I' as a constant, by having an accurate estimation of the fluence ®, the correspondence
from the photoacoustic intensity and absorption coefficient of the tissues would be more
accurate as such:

PAI(# 2) po(#, 1)
q’("_ﬂ),)., ﬂa,ﬂs,g) q)(F;/L.ua» :u'S'g)

~ o (7, 2) T(7, T()) « pa(¥, 2) (3)

Various methods have been proposed to estimate the light fluence distribution @ to have a
refined correspondence between PAI(#,1) « u,(7,A) and thus, compensating the
photoacoustic imaging for the spectral coloring effect at depth [35], [38]—[43]. Specifically,
different approaches have attempted to model the photons' propagation in biological tissues
based on solving the Radiative Transfer Equation (RTE) [44]. Generally, the RTE diffusion
differential equation can be approximated with an analytical solution derived by using diffusion
theory. In particular, considering a pulsed laser beam incident on a homogeneous medium, the
irradiance decreases exponentially along the axis of the incident laser beam in accordance with
Beer-Lambert’s law [45]. Thus, the light fluence exponentially attenuates along the axial direction
of the laser source and can be modeled using diffusion theory [46]-[49]. Such that the intensity
along depth I(z) is espressed as follows:

[(z) =k -1(0) - e Heff 2 (4)

where k is a constant and pef f is the effective attenuation coefficient that is given by:

peff = \/3.ua [t + (1 — g)us] (5)



Thus, following the diffusion theory for light propagation and assuming a point source and time
independence [50], the light fluence can be simply formulated as:

SO . e_y'effF

- (6)
4nDr

() =

where 7 is the distance from the source, S, is the incident light source energy, and the diffusion
1

coefficientis D = ——— .
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However, for complex tissue geometries and heterogenous tissue properties, the diffusion model
might lead to a suboptimal solution of light distribution. Therefore, Monte Carlo light fluence
simulation can be used as a method to accurately estimate the propagation of photons through
heterogeneous tissue [51], [52]. This simulation relies on light absorption and scattering, which
are two of the fundamental photons-tissue interactions during light propagation. Besides, the
optical properties of the geometrical domain in terms of absorption coefficient (i), scattering
coeffiecient (i), anisotropy factor (g), and refractive index (n) needs to be defined.

Although Monte Carlo simulation is the gold standard to estimate the light distribution, in
complex geometrical domains this can be computationally expensive as it requires a high number
of simulated photons and a large number of voxels. In addition, the accuracy of the tissue optical
properties still limits the precision of the simulation as well as the modeling of the light source
and its energy details can also be challenging.

1.8. Photoacoustic and multimodal imaging

Photoacoustic imaging (PAIl) uses the same data acquisition process as ultrasound (US) imaging,
thus representing a dual-modal imaging system (US-PA). This has the advantage that can
simultaneously provide anatomical, functional, and molecular assessment of tissue properties
during in vivo tissue monitoring. Besides, since acoustic scattering in tissues is a few orders of
magnitude less than optical scattering, the PAI technology guarantees the unique combination
of strong optical imaging contrast to the higher depth of penetration and spatial resolution [53].
Fig. 4 provides a comparative overview of US-PA with existing biomedical imaging techniques,
along with their respective resolution and imaging depth.

Microscopy imaging techniques such as confocal microscopy (CM), optical coherence
tomography (OCT), Micro Computed Tomography (uCT), can provide high resolution with limited
penetration depth. Hence, these techniques are suitable for imaging microstructural information
spanning across superficial structures up to small animals. On the other hand, macroscopic
imaging techniques such as MRI, X-ray, and CT mainly provide anatomical information of bigger
structures with limited resolution. Besides, positron emission tomography (PET) and single-
photon emission computed tomography (SPECT) provide good detection sensitivity and
functional information but at the expense of low spatial resolution.



Ultrasound-Photoacoustic (US-PA) imaging fills the gap between microscopy techniques and
conventional macroscopic systems maintaining an optimal compromise of spatial resolution and
imaging depth. In particular, as compared with other imaging modalities, photoacoustic has the
advantage of combining deep penetration of biological tissue (~3-5 cm) with a high spatial
resolution (~ 50-500 um). The ability of PA to image deep tissue derives from the frequency of
the ultrasound detector and the light excitation within the NIR wavelength range. Finally, PA is
one of the most promising techniques for non-invasive and non-ionizing molecular imaging based
on strong optical contrast at high ultrasound resolution in deep tissue. In addition, PA technology
in comparison to the PET, MRI, and CT can have a portable configuration similar to ultrasound,
and it does not require extensive user training.
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Fig. 4. lllustration of the relative comparison in terms of depth of penetration and feature resolution,
occupied by several microscopic and macroscopic imaging modalities such as: Confocal Microscopy (CM),
Optical Coherence Tomography (OCT), Micro Computed Tomography (uCT), Ultrasound (US),
Photoacoustic (PA), Magnetic Resonance Imaging (MRI), Radiography (X-ray), Computed Tomography
(CT), Positron Emission Tomography (PET), and Single Photon Emission Computed Tomography (SPECT).

1.9. Applications and translation impact

The characteristics shown in the previous sections made photoacoustic imaging (PAI) attractive
for a wide range of preclinical studies involving cancer research [54]-[58], angiogenesis, vascular
remodeling [59]-[62], cutaneous melanoma monitoring [63]—-[65], mapping of sentinel lymph
nodes [66]—-[69], visualization of inflammatory processes [70]-[72], and biodistribution of
exogenous contrast agents [73]—[75].



Over the last decade, the experience gained from PAl in preclinical settings has been transferred
into clinics. In particular, various PAl system configurations have been adapted for clinical
applications [76]. For instance, depending on the applications and imaging target size, the
transducer array can be mounted on a stationary platform [30], [77] or be used in hand-held
imaging mode [78], [79]. The 2D array transducer can be either linear or curved. Linear array-
based PA systems are constrained in detecting acoustic signals at limited angles from the region
of interest as compared to curved transducer array systems [77]. If multiple transducers can be
arranged spatially in 3D, or if the transducer can be moved coherently in space, then acoustic
waves can be detected from all in-plane directions and hence perform the tomographic imaging.
Advanced 3D array transducers with wide field-of-view (FOV) [80], [81] can also be used to
capture volumetric images at a single frame. However, the latter is still a laboratory prototype
solution. Besides, the optical excitation source can be focused or wide field according to the
application as well as the position and size of the target of interest. Specifically, focused light
configuration conventionally enables optical resolution PA microscopy, thus the lateral resolution
is determined by the optical setup, and the axial resolution by the US transducer frequency [82].
On the other hand, in acoustic resolution PA macroscopy the illumination is more uniform and
unfocused around the transducer thus enabling greater penetration and both the lateral and axial
resolutions are determined by the acoustic sensor.

Various PAIl system configurations have been optimized for clinical applications such as
dermatology, vascular, musculoskeletal, gastrointestinal, breast, and adipose tissue imaging [83].
In recent years, many clinical studies have been reported. Kim et al. [84], [85] have proposed a
setup that includes a linear array US transducer combined with a custom-designed fiber bundle
to differentiate malignant and benign thyroid nodules in humans. Manohar et al. [86]-[88] have
developed a tomographic configuration arranging US detectors in a hemispherical geometry for
photoacoustic breast imaging. Further, the studies reported by the university of Lund [89]-[92]
have shown an optimized use of high-resolution linear array US transducer combined with optical
fibers for cutaneous microvasculature, melanoma, tissue remodeling in wounds, and temporal
artery applications. All these works show that photoacoustic is rapidly growing and has great
potential to expand into clinics. Recently, a PA technology has also been approved by FDA for
breast imaging applications. This encourages several companies of PA imaging technology that
have not yet been approved for clinical use due to a lack of clinical data, to explore the clinical
potential of the technology.

Here we are intended to explore advanced applications for PAl where other imaging technologies
have limitations and photoacoustic can have great potential to fill the gap. In particular,
photoacoustic imaging has never been used for monitoring tissue remodeling in presence of
biodegradable bone implants. Biodegradable metallic implants based on Magnesium (Mg) and
its alloys, have been recently introduced for stabilizing bone fractures [93]-[96]. The material
degrades under physiological conditions without releasing toxic products, thus making them
promising candidates as biodegradable materials for medical applications [97]. These implants
degrade while the fracture heals, thus avoiding a second surgery to remove the implant. The
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monitoring of biodegradable implant integration within living tissues is crucial to predict the
course of tissue regeneration during the healing process. Thus, it is vital to determine the
influence of the degradable implant on the surrounding tissues during the initial inflammation,
angiogenesis, and tissue oxygenation stages after implantation as well as the following processes
of tissue remodeling.

Although biodegradable implants seem a really promising alternative to inert implants, the in
vivo follow-up of molecular tissue remodeling is still challenging with conventional imaging
techniques as these provide mainly structural information. In particular, techniques such as X-ray
and CT imaging are conventionally used to monitor bone healing and implant osseointegration.
Besides, PET can be used to image the metabolic activity of the tissues affected by the
implantation. However, due to ionizing radiation and radiotracers, the frequent use of these
imaging approaches is not recommended during follow-up, especially in pediatric patients, where
it is crucial to limit the dose exposure. Furthermore, MRI which is widely used in clinics has a
hardware limitation due to the massive magneton that in presence of metallic implants causes
artifacts and patient safety concerns due to the electrical currents induced by the use of
conducting metals in presence of magnetic fields. Moreover, ultrasound (US) imaging has
recently attracted significant interest in the evaluation of bone fracture healing, since the speed
of sound waves propagating across fractured bones can be used as an indicator of healing.
Therefore, standard imaging techniques used in clinics currently provide limited information.
Advanced developments in multi-spectral PAI and unmixing techniques have the potential to
enable PAI to reveal intrinsic tissue chromophores within tissue in presence of implants. Thus PAI
represents a promising alternative to non-invasively reveal tissue biomarkers to monitor tissue
remodeling/healing during implant degradation.
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Fig. 5. Schematic representation of the potential impact of PAlI on advanced applications as tissue
remodeling monitoring in presence of biodegradable bone implants and possibilities for translational
research.

Fig. 5 summarizes the current problem and the proposed approach of using photoacoustic
imaging to non-invasively monitor the surrounding tissues during the inflammatory/angiogenesis
stage occurring after implantation and the following processes of tissue remodeling. Being a
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recently evolved technology, PAl has never been used before for this purpose. Hence, the aim of
the thesis is to optimize and promote the use of PAl to monitor tissue composition and molecular
changes during tissue remodeling processes, such as in presence of biodegradable bone implants,
and its translational aspects.

1.10. Open challenges and possible solutions

Photoacoustic imaging (PAI) technology is label-free, real-time, and uses non-ionizing radiations,
thus it would be ideal to non-invasively monitor molecular changes in different biological
applications. However, several fundamental problems need to be tackled to achieve a successful
tissue composition monitoring by using PAI. Specifically, the automated detection of endogenous
and exogenous chromophores with high sensitivity and specificity will be ideal. To this end, the
key focus of this thesis is the development of advanced methods to overcome the current existing
limitations in the photoacoustic field, and to open up new applications both in preclinical and
translational research. The identified challenges and formulated possible solutions include:

> Challenge 1. (C1) Spectral Unmixing sensitivity and specificity of the tissue biomarker
detection.

Conventionally, to detect and separate the chromophores from multi-spectral PAI, linear spectral
unmixing is used where an input of the expected tissue absorption spectra is required. However,
in pathological conditions, the prediction of the absorption spectra is difficult as it can change
with respect to the physiological state. Besides, imaging exogenous contrast agents and accessing
their biodistribution can also be problematic, as some of the contrast agents are susceptible to
changes in spectral properties after the injection and interaction within living tissues. Due to
unpredictable spectral changes in disease conditions or in clinical scenarios, linear unmixing is
challenging and can lead to suboptimal results.

To effectively demonstrate this challenge here we report an example obtained from our initial
observations and evaluations (see Fig. 6). In particular, the kidney—spleen area of a healthy
mouse model, was imaged after the intravenous injection of Indocyanine Green (ICG). The
theoretical absorption spectra of ICG and oxy/deoxy hemoglobin known from the literature [36]
have been provided as a priori information for the linear unmixing. The conventional linear
unmixing by using the spectral PAI and the selected absorption spectra as input provides the
distribution maps of each selected tissue component as output. From the kinetic of the contrast
agent in a healthy animal, the ICG should be mainly accumulated in the spleen before being
completely washed out from the body. However, the distribution maps obtained as output by
the conventional linear unmixing approach (see Fig. 6), where the user provides the absorption
spectra of the expected components as a priori information, show low specificity and sensitivity,
thus the result is not optimal. In particular, focusing on the ICG distribution map, although the
ICG resulted mainly distributed in the spleen, a lot of noise signal is detected in the surrounding
tissues, thus reducing the accuracy of the unmixing. The same issue can be noticed for
endogenous tissue components such as oxygenated and deoxygenated hemoglobin maps.
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Fig. 6. Input-Output in vivo example of linear unmixing. Specifically, the acquired ultrasound and multi-
spectral PAI of the kidney-spleen area of a mouse post-ICG injection represent the input. In addition, the
theoretical absorption spectra of oxy/deoxy hemoglobin (HbO, / Hbg) and ICG are also provided as a
priori information. Finally, the unmixed distribution maps of oxy/deoxy hemoglobin (HbO, / Hbg) and
ICG that show the selected chromophores per pixel are obtained as the output of the linear unmixing
approach. The scale bar size is 2mm.

In particular, the lack of sensitivity and specificity of the unmixing output can be due to linear
unmixing, which is a supervised approach. Thus, the obtained unmixed maps are biased by the
use of theoretical spectral characteristics of the tissue chromophores provided as a priori
information. Besides, this conventional linear unmixing may assume that the most prominent
absorbers such as hemoglobin, are the sole tissue chromophores, not accounting for the
presence of other absorbing molecules (e.g. extrinsic molecules, melanin, lipids, etc.) that are
less prominent or weaker absorbers. Therefore the less prominent/weaker absorbers are
discarded and considered as noise, thus leading to incomplete and inaccurate tissue composition.
Besides, the unmixing result is hampered by the user's selection of the number of components
to be extracted (hyperparameter) and is jeopardized by the spectral coloring effect. This effect
is caused due the optical light fluence attenuation and its complex spatial distribution. Thus, the
same absorber at different depths can be perceived as altered as the light distribution is non-
uniform. All of these causes can lead to misinterpretations since the conventional unmixing
approach has low sensitivity and specificity.
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X Hypothesis 1. (H1) Investigation and development of unsupervised machine learning
methods to overcome the conventional spectral unmixing.

Work towards H1 aims to firstly examine the feasibility of using unsupervised machine learning
approaches to solve the ill-posed photoacoustic unmixing problem without the use of a priori
knowledge of the tissue components spectra. In particular, the blind source separation (BSS) class
of unsupervised algorithms is investigated in detail. These methods may have great potential to
solve the unmixing problem iteratively by learning from the spectral PAI data the relevant
features without training data sets. These methods are based on modeling the spectral data,
making assumptions about their distribution, and solving an optimization problem. Thus,
providing as output both the tissue component spectra and their spatial distribution per pixel
from spectral PAI. To this end, the development of innovative data-driven unmixing approaches
can overcome further limitations shown by conventional linear unmixing and provide an
improved assessment of the tissue chromophores directly by exploring within the spectral data.
Therefore, the development and testing of novel advanced data-driven methods for accurate PA
spectral unmixing aim to overcome the limitations described in C1 in realistic scenarios. We aim
to formulate, develop, and implement a fully blind and automatic unmixing approach that does
not require any user interaction or a priori input of the expected chromophore absorption
spectra. The proposed method should be robust to unmixing misinterpretation by including
automated choice of the hyperparameter. Furthermore, we would explore the beneficial effects
of the spectral decoloring approach to compensate for the light fluence inhomogeneities at depth
caused by ununiformed light absorption and distribution. Besides, investigate the possibility of
automatically distinguishing both strong and less prominent absorbers from in vivo spectral
photoacoustic data. Finally, inspect the possibility of extending the newly developed
unsupervised unmixing for 3-Dimensional (3D) multi-wavelength photoacoustic data.

> Challenge 2. (C2) Lack of standardized anthropomorphic, heterogeneous, and durable
tissue-mimicking phantoms to test the newly developed methods in PAI.

A major limitation when validating newly developed PAI methods is the fact that there is no gold
standard method to obtain information on the light fluence or optical tissue properties in vivo.
As such, newly developed methods typically rely on mathematical models of the PA effect or on
simulated PA data, thus limiting their generalization. To this end, extensive animal experiments
are necessary to significantly test and validate novel PAl methods in more detail. Besides,
established imaging methods, like MRI and CT, rely on commercially recognized phantoms as
standard tools to test methods and assess image quality. Since PAl is a pretty recent imaging
technology, further efforts are still required to establish such standards with a community
consensus, to accelerate the device design optimization. Typical phantoms used in PAI, include
capillary tubes filled with contrast agents, which are embedded in gelatin-based material. These
tube phantoms are useful to test the spectral response of contrast agents in PAI. However,
generally, the PAI phantoms have a simple geometry, thus it still remains a challenge to
realistically mimic an in vivo complex scenario. Therefore, having realistic and heterogenous
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phantoms for extensively testing imaging system configurations or newly developed algorithms
before performing in vivo studies would be ideal in PAI.

Besides, over the years, a wide range of tissue-mimicking materials (TMM) has been proposed as
photoacoustic imaging phantom candidates, including materials based on hydrogels (i.e. agarose,
gelatin) and gel wax. Hydrogels-based TMM for PAI, for example, can be prepared following a
straightforward fabrication protocol. However, these are susceptible to mechanical damage,
dehydration, and bacterial growth in storage and therefore do not offer a suitable combination
of durability, long-term stability, and realistic acoustic/optical properties. On the other hand, gel
wax-based TMM is an optically transparent mineral-oil-based material that is more durable but
it is more complex to be mixed with absorbing components such as water-based inks and dyes.
Table 1 summarizes the main properties of the widely used material as TMM in PAI.

Table 1. The fabrication characteristics of PA-compatible phantom based on different tissue-mimicking
materials.

Characteristic Hydrogel-based TMM Gel wax-based TMM

Stability Low Medium
Durability Low Medium
Preparation Simple Medium

Integration with

. Simple Medium
Inclusions
Meltin
. 60 °C 200 °C
Temperature

Thus the current challenge is related to having simple geometry as well as non-durable and low-
performing TMM for PAl phantoms. This causes a lack of standardized testing methods useful for
PAIl characterization.

7

X Hypothesis 2. (H2) Design and fabrication of anthropomorphic heterogeneous tissue-
mimicking PA-compatible phantoms for imaging standardization.

An ideal phantom for photoacoustic imaging (PAIl) should:

e Have tissue-realistic acoustic and optical properties;
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e Be durable and stable over time under storage and repeated use;
e Have a reproducible fabrication protocol;

e Have anthropomorphic and versatile resemblance;

e Produce realistic imaging.

Although a variety of phantoms are reported for PAIl applications, an unmet need still exists to
establish anthropomorphic heterogeneous phantoms that can accelerate preclinical applications
of the technology. The purpose of work towards H2 is to design and fabricate anthropomorphic
heterogenous tissue-mimicking phantoms to overcome this lack of ground truth data,
standardize the PA imaging protocols, and accurately test the newly developed methods towards
H1. Besides, we also aim to develop durable tissue-mimicking phantoms, which maintain stable
characteristics over time under storage and repeated use. These phantoms would be ideal to
consistently characterize the system. Thus, the development of customized and realistic tissue-
mimicking PAI phantoms could help to accurately test and optimize newly developed methods,
thus reducing the number of animal studies, in accordance with the 3Rs principle. Recently, a
copolymer-in-oil-based tissue-mimicking material has been formulated by the International
Photoacoustic Standardization Consortium (IPASC) and proposed as a candidate photoacoustic-
compatible material [98], [99]. This base material showed to offer independently tunable
acoustic and optical properties similar to soft tissue and has good longitudinal stability
characteristics. Furthermore, the material has shown sufficient photo-, thermomechanical- and
longitudinal- stability for short- and long-term precision studies [100]. Here, we investigated the
possibility to optimize and tune the properties of durable TMM for PAI. Besides, we explored the
potential to design, develop and fabricate a phantom that mimics the detailed morphology of a
mouse, including the skeleton and the main abdominal organs, using a combination of image
modeling, copolymer in oil-based materials, and 3D printing techniques.

> Challenge 3. (C3) PAI for advanced applications “en route to the clinics”.

The automated extraction of biomarkers related to tissue composition and regeneration in
presence of biodegradable bone implants is still an unexplored area where photoacoustic can
contribute by providing novel insights. Thus, it would be crucial to explore the potential of
photoacoustic imaging in presence of biodegradable bone implants made of magnesium (Mg). In
particular, exploring in vivo preclinical studies in presence of Mg-based implants, where also
many tissue chromophores are prominent absorbers that can be detected, would be
investigated. This could open new possibilities for comprehensive tissue investigations in vivo in
presence of biodegradable implants.

Photoacoustic signals contain broadband frequency content by nature, which can span from
Kilohertz to several tens of Megahertz. On the other hand, the transducers used for measuring
the PA signals are not ideal point detectors with infinite bandwidth. Thus, the limited frequency
bandwidth of the US-PA transducers might exclude the acquisition of significant imaging details.
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This will affect the quality of the image and it limits the translation of the technology into clinics.
Conventionally, photoacoustic imaging (PAIl) systems typically work either at a lower frequency
or at a higher frequency due to the limited frequency bandwidth of the transducers and data
acquisition (DAQ) systems. In PAI, the limited frequency bandwidth has a significant impact on
the resolution and depth of the reconstructed image. Specifically, the use of lower frequency
transducers (below 10 MHz), enables imaging at depth and provides spatial resolutions in the
range of 150 — 200 microns. On the other hand, high-frequency transducers within the range of
15 - 50 MHz can enable spatial resolutions of around 40 microns. However, this results in
increased acoustic attenuation, which limits the imaging depth. Therefore, PAl may require the
use of a low or high-frequency transducer depending on the application. For instance, for skin
cancer imaging, a high-frequency transducer may be beneficial to retrieve high details of the
angiogenesis processes at a superficial level. While for breast cancer imaging, a low-frequency
transducer might be preferred to access bigger structures with lower resolution at a deeper level.
Furthermore, advanced applications such as the use of biodegradable bone implants are
becoming increasingly popular for treating bone fractures in humans. In this case, it would be
more effective the combination of photoacoustic imaging at high-frequency to monitor
superficial revascularization and low frequency for implant osseointegration at depth.

(A) (B) (C) (D)

......

UHF71x
30-71 MHz

UHF57x
25-57 MHz

UHF22x
10-22 MHz

L38xp
5-10 MHz

Fig. 7. Example of ultrasound imaging of a phantom by using multiple transducers with different frequency
bandwidths such as: L38xp (A), UHF22x (B), UHF57x (C), and UHF71x (D) transducers ranging from low to
high frequency respectively.

Fig. 7 for example reports the change in resolution and imaging depth depending on the
frequency bandwidth of the US transducer used for US-PA imaging. These represent the
ultrasound images obtained by using multiple US transducers with different frequency bands of
5-10 MHz (Fig. 7 (A)), 10-22 MHz (Fig. 7 (B)), 25-57 MHz (Fig. 7 (C)), and 30-71 MHz (Fig. 7 (D))
respectively. When using a low-frequency transducer like L38xp (Fig. 7 (A)) higher imaging depth
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can be obtained at the expense of the spatial resolution. On the other end, when using a high-
frequency transducer like UHF71x (Fig. 7 (D)) high imaging resolution can be obtained at the
expense of the imaging depth. For translational research where it is crucial to image bigger areas,
the use of different transducers with their respective frequency bandwidth might have a
beneficial impact. Thus, exploring the combination of multiple frequency bandwidths could be
crucial for translational research and to fuse multiple features with unprecedented detail. This
can enable the use of PAI for advanced applications, such as non-invasively monitoring the soft
tissue changes in human patients treated with biodegradable bone implants made of Mg in case
of bone fractures.

X Hypothesis 3. (H3) Multiple frequency bandwidth photoacoustic imaging to achieve
multi-scale imaging and expand the translational applications of PAI.

The purpose of work towards H3 aims to combine the multiple frequency bandwidth PAI and
fully-automated spectral unmixing approach. To this end, we aim to characterize and evaluate
the advantages of using different transducers with multiple frequency bandwidths for
photoacoustic imaging and its impact on translational applications. In particular, we investigated
the feasibility of using multiple-frequency bandwidth US transducers to obtain PA images at
multiple scales, resolutions, and depths thus analyzing its advantages and limits. This
characterization study will lay the foundation for future hardware and software development of
the current photoacoustic imaging setup and protocol. Therefore, this will facilitate the clinical
translation of the technology, especially to follow-up the tissue regeneration around
biodegradable implants used to fix bone fractures in human patients.

1.11. Thesis outline

The primary objective of the work presented in this Ph.D. thesis is to investigate the feasibility of
developing data-driven methods to tackle the listed challenges and to explore the capabilities for
accurate and reliable unmixing of PA signals. Data-driven unmixing methods could enable to have
tissue molecular composition details with unprecedented sensitivity, thus opening many
applications of PAI. This is true, especially for tissue regeneration monitoring, where non-invasive
methods that do not involve the use of ionizing radiation are crucial to predicting the outcome
of treatment. The work presented in this thesis contributes to several hypotheses that relate to
the open challenges as described in Section 1.10.

The thesis starts with an overview of the commonly used unsupervised machine learning
techniques applied to unmixing spectral PAI ( Chapter 2 ). The section concludes with an overview
of the open questions in PAI that have not been sufficiently solved yet. Chapter 3 includes the
proof of principle for using unsupervised machine learning algorithms to unmix PAlI endogenous
and exogenous chromophores. Chapter 4 presents the work conducted to design and fabricate
anthropomorphic heterogenous photoacoustic phantoms that aim to emulate realistic scenarios
to accurately test advanced PAl approaches. Chapter 5 gives a detailed presentation of the newly
developed superpixel photoacoustic unmixing, which has been conducted towards hypothesis
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H1 outlined in the previous section. Chapters 6 and 7 show the validation in vivo models of the
superpixel unmixing framework, which is described in detail in Chapter 5. Finally, Chapter 8
describes the initial attempts of multi-frequency photoacoustic system characterization and
optimization, to translate PAI for clinical applications.

Finally, Chapter 9 discusses the methods and results presented in this thesis as well as contains
a general discussion of the advantages and limitations of using data-driven methods for the PAI
unmixing problem. It also contains a summary of the scientific contributions achieved through
this thesis and an outlook of the next steps that could be made toward PAI to facilitate its
translation into clinical practice.
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Chapter 2

Recent advances in photoacoustic blind source spectral
unmixing approaches and the enhanced detection of
endogenous tissue chromophores*

Abstract:

In this chapter, we have investigated the performance of different blind source
separation (BSS) algorithms, typically used for automated unmixing of spectral
photoacoustic imaging (sPAl). Specifically, a comparative analysis of Principal
Component Analysis (PCA), Independent Component Analysis (ICA), and Non-
negative Matrix Factorization (NNMF) has been conducted through an
experimental phantom study at different signal-to-noise ratio (SNR) conditions.
Besides, a cross-correlation analysis has been performed to benchmark the
unmixing performance of the different unmixing algorithms with near-infrared
spectroscopy (NIRS). Finally, the comparative analysis has shown that the NNMF
has superior photoacoustic unmixing performance than ICA and PCA in terms of
correlation and processing time.

*This chapter is part of the manuscript published as: Grasso, V., Hassan, H. W., Mirtaheri, P.,
Willumeit-Romer, R., & Jose, J. (2022). “Recent advances in photoacoustic blind source spectral
unmixing approaches and the enhanced detection of endogenous tissue chromophores.”
Frontiers in Signal Processing, p.67.

**To improve the readability of the chapter, some sections of the publication have been
rearranged.
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Recently, the development of learning-based algorithms has shown a crucial role
to extract features of vital importance from multi-spectral photoacoustic imaging.
In particular, advances in spectral photoacoustic unmixing algorithms can identify
tissue biomarkers without a priori information. This has the potential to enhance the
diagnosis and treatment of a large number of diseases. Here, we investigated the
latest progress within spectral photoacoustic unmixing approaches. We evaluated
the sensitivity of different unsupervised Blind Source Separation (BSS) techniques
such as Principal Component Analysis (PCA), Independent Component Analysis
(ICA), and Non-negative Matrix Factorization (NNMF) to distinguish absorbers from
spectral photoacoustic imaging. Near-infrared spectroscopy (NIRS) has been
used to validate the performance of the different unmixing algorithms.
Although the NNMF has shown superior unmixing performance than PCA
and ICA in terms of correlation and processing time, this is still prone to
unmixing misinterpretation due to spectral coloring artifact. Phantom
experimental studies have been conducted to benchmark the performance of the
BSS algorithms.
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ultrasound, unsupervised machine learning

26


https://www.frontiersin.org/journals/signal-processing#editorial-board
https://www.frontiersin.org/journals/signal-processing#editorial-board
https://doi.org/10.3389/frsip.2022.984901
mailto:jithin.jose@fujifilm.com
https://doi.org/10.3389/frsip.2022.984901
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/frsip.2022.984901/full
https://www.frontiersin.org/articles/10.3389/frsip.2022.984901/full
https://www.frontiersin.org/articles/10.3389/frsip.2022.984901/full
https://www.frontiersin.org/articles/10.3389/frsip.2022.984901/full
https://www.frontiersin.org/articles/10.3389/frsip.2022.984901/full
https://www.frontiersin.org/articles/10.3389/frsip.2022.984901/full

1 Introduction

In recent years, there has been special attention on
developing new learning-based signal processing approaches
as it plays a crucial role in medical image analysis and its
interpretation. In addition to the enhanced visualization of the
images, one of the main aims of these advanced signal-processing
approaches is to identify specific signal markers that can
distinguish  physiological and pathological conditions.
Commonly, expert radiologists are required for analyzing and
interpreting biomedical images. Although this is a standard
operating procedure, in most cases the approach is tedious,
user-dependent, and can be biased. To this end, the
development and implementation of an automated feature
extraction algorithm will have an added value as this can be
used also as a surrogate marker to improve the diagnosis and
interpretation (Ali et al., 2008; Chowdhary and Acharjya, 2020).

Photoacoustic is an emerging biomedical imaging modality
that has the potential to non-invasively extract molecular tissue
composition at a volumetric scale (Cassidy and Radda, 2005).
The approach is real-time and over the last decade, it has been
used in many preclinical applications such as tissue
inflammatory monitoring (Jo et al., 2017; Jo et al., 2018; Xie
et al., 2020), vascular remodeling (Hu and Wang, 2010; Arabul
et al., 2019; Sangha and Goergen, 2020; Iskander-Rizk et al.,
2021), cancer oxygen saturation changes (Li et al., 2008; Stoffels
et al., 2015; Bayer et al., 2017; Li et al., 2018; Lawrence et al.,
2019), and biodistribution of exogenous contrast agents (Yang
etal.,, 2019; Lavaud et al., 2020; Liu et al., 2020). Although the
photoacoustic imaging technology is well established in
preclinical research, the clinical aspect of the technology is
comparatively limited as it has regulatory concerns and requires
local ethical approvals to conduct clinical research studies. This
scenario could change soon as most of these technology
providers are looking into the translational aspect of this
technology and applying for Food and Drug Administration
(FDA) approval. Recently, FDA has granted premarket
approval to one of the industrial providers of breast cancer
photoacoustic imaging technology, which helps physicians to
differentiate between benign and malignant lesions (Kuniyil
Ajith Singh et al., 2020). This clearly demonstrates the
expanding potential of photoacoustic technology for clinical
applications. However, to facilitate this translation, a significant
improvement to the hardware and image analysis algorithms is
necessary. Specifically, multi-spectral photoacoustic imaging
(sPAI) mode enables the detection of molecular components
of vital importance. In sPAI the tissues are illuminated with
pulsed laser light at different wavelengths within the visible or
near-infrared (NIR) spectral range (Kim et al., 2015; Allen and
Beard, 2016; Das et al., 2021; Park et al., 2022). The light
absorbed by the tissue chromophores induces a
thermoelastic expansion which consequently generates
pressure waves that are recorded just as conventional
ultrasound signals. Thus, the contrast of PA imaging is due
to light-absorbing molecules that can be either endogenous to
tissue, (e.g., hemoglobin, melanin, water, and lipid) or
administered exogenous agents. Therefore, the photoacoustic
image represents the spatial distribution of the initial pressure
generated by the optical contrast of a variety of tissue

chromophores (Wang, 2017). The light absorption is dependent
on the wavelength, consequently, different wavelengths of
optical excitation are absorbed differently by the distinct tissue
components. Thus, the generated sPAI data include per pixel the
spectral fingerprints of multiple absorbers present within the
tissue (Dean-Ben and Razansky, 2014).

Despite the high spatial resolution of sPAI, a pixel usually
corresponds to more than one chromophore present in the tissue.
Thus, the spectrum per pixel is a linear combination of the
spectral responses of all the absorbers. However, to characterize
the tissue composition from sPAI, the spectral profile of each
individual chromophore must be efficiently distinguished. Thus,
advanced spectral unmixing methods are required to solve this
problem (Manwar et al., 2020).

To date, the most commonly used spectral unmixing
methods are based on differential or linear fitting algorithms
(Keshava, 2003). But generally, these algorithms require user
interaction to provide the expected source spectral curves as an
input to unmix the signals. For translational research with
patients, these types of supervised spectral unmixing can be
challenging, as the spectral signature of the tissues differs with
respect to the disease conditions. Thus, the reliability of these
spectral fitting methods depends on the a priori knowledge of the
spectral information including all potential components and the
quality of the data.

The automatic spectral unmixing algorithms that do not
require a priori spectral information and can effectively unmix
the data without user interaction are an ideal choice to overcome
all these limitations. Recently there have been a lot of efforts in
the implementation of deep learning (DL) architectures to solve
the unmixing problem in sPAI (Lee et al., 2017; Cai et al., 2018;
Grohl et al., 2021; Yang et al., 2021). Although DL approaches
can lead to ultra-high accurate results, the data set constructed to
train the network determines the generalization ability and
robustness of the learning model. As a result, since sPAI is an
innovative technology, there are currently insufficient data sets
for deep neural network training. Consequently, common
remedies to this problem include using simulated data for proof-
of-concept verification (Allman et al., 2018; Grohl et al., 2019),
conducting transfer learning with “real” experimental data
(Jnawali et al., 2019), or techniques of data augmentation
(Rodrigues et al., 2021). To generate these PA in silico data,
numerical simulations of the forward light diffusion (“light-IN")
and backward US propagation (“sound-OUT”) processes are
required. Hence, the current limitation of these approaches is
that they are application-specific and challenging to generalize
for “unseen” cases.

On the other hand, unsupervised feature learning methods
have resulted effective in learning representations without
training data sets. However, many existing feature-learning
algorithms are hard to use and require extensive hyperparameter
tuning (Durairaj et al., 2020). Blind source separation (BSS)
algorithms are a class of more sophisticated approaches, requiring
only one hyperparameter, as the number of features to learn
(Jutten and Karhunen, 2004; Benyamin et al.,2020). These are
based on modeling the data, making assumptions about their
distribution, and solving an optimization problem. Although the
BSS methods perform well on image object recognition, and
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video/audio classification (Smita et al., 2014), these are not
optimized for spectral photoacoustic unmixing. Specifically, the
sPAI unmixing is an ill-posed inverse problem where the a priori
information related to the spectral fingerprints of tissue
components and their spatial distribution are both unknown.
Glatz et al. 2011 have shown that BSS techniques such as
Principal Component Analysis (PCA) and Independent
Component Analysis (ICA) have great potential to solve the
SPAI unmixing problem efficiently, without prior knowledge of
the constituent spectra (Buehler et al., 2010).

Although these BSS approaches are promising to detect the
spectral components, the light fluence variation along the depth
could be a major challenge, because the absorption spectra of the
tissue components along the depth can be perceived as altered
and thus creating misinterpretations in the unmixing process.
Specifically, in SPAI the detected spectra are not unique per each
molecular component. This is because the acquired absorption
spectrum is influenced by the position of the moiety within the
tissue. Thus, the actual spectrum is altered due to the light fluence
®(7, 1) attenuation, which is depth- and wavelength-dependent.
This phenomenon is also referred to as the “spectral coloring
effect”. Although the light fluence estimation via explicit model
has been widely investigated (Cox et al., 2006; Yuan et al., 2007;
Cox et al., 2009), for experimental data, this is complex due to
uncertainties in precisely evaluating the tissues’ optical
properties. Recently, Tzoumas et al. (2016) have proposed an
eigenspectra-based fluence correction approach to improve the
estimation of blood oxygen saturation (SOz) in deep tissue. They
modeled the fluence through the eigenspectra analysis which is
mainly used to compensate for SO2. In another study, Bulsink
et al., 2021) have proposed a dual-wavelength LED array-based
photoacoustic imaging including an ultrasound image-guided
fluence compensation approach to monitor oxygen saturation in
translational research settings.

In one of our previous works (Grasso et al., 2020), we
optimized a specialized class of BSS algorithm, the Non-
negative Matrix Factorization (NNMF) for the spectral
unmixing of sPAI. This method has great potential to accurately
extract the prominent tissue chromophores from sPAI. However,
the problem of automatically distinguishing weak absorbers,
such as lipids, from prominent tissue chromophores like
hemoglobin makes the unmixing procedure more complex by
leading to incomplete identification of tissue constituents.

In this study, we have investigated the performance of
different blind source separation (BSS) algorithms, typically
used for automated unmixing in SPAI.
comparative analysis of Principal Component Analysis (PCA),
Independent Component Analysis (ICA), and Non-negative
Matrix Factorization (NNMF) has been conducted through an
experimental phantom study at different signal-to-noise ratio
(SNR) conditions. These are promising methods to automatically
distinguish prominent absorbers. On the other end, their
sensitivity for distinguishing less prominent absorbers and
components with similar spectra is still limited. The near-
infrared spectroscopy (NIRS) has been used to measure the
pure absorption spectra of the chromophores involved in the
study. Finally, a cross-correlation analysis has been performed to
benchmark the unmixing performance of the different unmixing

Specifically, a

algorithms with NIRS.

2 Materials and methods
2.1 Blind source separation theory

Spectral photoacoustic imaging (sPAI) can be modeled as a
set of mixed observations M € R™™, where n is the number of
pixels and m is the number of wavelengths. In a Linear Mixture
Model (LMM), the mixture matrix M can be formalized as
M = WS, where the underlying individual source spectra Sand
the respective distribution maps W are mixed and unknown.
Thus, spectral unmixing is then a process of estimating the
distinctive spectral signatures from the sPAI mixture. Although
in simple cases it is possible to approximate the absorption
spectra S of the tissue components from their theoretical
optical properties and assumptions made, this became complex
during in vivo studies (Li et al., 2018). Therefore, blind source
separation (BSS) is a category of algorithms that aims to separate
the mixed pixel spectra M into a collection of constituent
spectra S (called endmembers) and a set of fractional abundance
maps W without providing a priori information about S (Comon
and Jutten, 2010).

The matrices W € R™ and S € R®™ contain the abundance
maps and the absorption spectra of k source components,
respectively. Generally, a maximum of k endmembers that can be
obtained with the BSS algorithms, has to be specified by the user
as the only hyperparameter. Since the unmixing problem isill-
posed, the BSS algorithms are based on iterative optimization
procedures to retrieve both W and S. The different BSS
algorithms such as Principal Component Analysis (PCA),
Independent Component Analysis (ICA), and Non-negative
Matrix Factorization (NNMF) make different assumptions
regarding the linear combined source components, the cost
function, and the iterative rules, thus leading to different
unmixing results.

The following subsections initially provide the theoretical
background of the main BSS methods. Moreover, a summary of
the features of the different BSS approaches is reported in Table 1.

2.1.1 Singular value decomposition and principal
component analysis

The singular value decomposition (SVD) and principal
component analysis (PCA) are related methods that rely on the
hypothesis that the source components S are uncorrelated and
orthogonal (Roweis, 1998; Tipping and Bishop, 1999; Ahnet al.,
2007). These approaches compute the orthogonal
transformation that decorrelates the variables and keeps the
ones with the largest variance. Thus, SVD splits the mixed data
matrix M € R™™ into a product of three matrices:

M = UsVT 1)

where ¥ € R™™ is a diagonal matrix containing the eigenvalues, and
U € R™ V € R™™ are orthogonal matrices containing the
respective eigenvectors. Principal component analysis (PCA)
identifies orthogonal vectors for dimension reduction by
performing an eigen-decomposition of the covariance matrix of
the observed data M. Therefore, the PCA could be performed by
using the SVD and vice versa (Oblefias et al., 2004). Finally, the
principal components (PCs) are the columns of the V matrix and
the projection of the original data M onto the PCs directions are:
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TABLE 1 BSS algorithms’ technical specifications.

Cost function

min 1| M - WS |2
ws =

n}in q(W’rf\:'f) +r
L. ¢

g(+) = log (cosh(-))

r: reconstruction cost

min 3 M - WS [}
ws =

W, 520

Hyperparameter

k: number of features
to learn

k: number of features
to learn

k: number of features
to learn

Ref

Tipping and Bishop,
(1999)

(Bell and Sejnowski,

1995; Hyvirinen, 1999;

Zhang et al,, 2012;
Rutledge and
Jouan-Rimbaud
Bouveresse, 2013)

(Lee and Seung, 2001;
Santosh Kumar et al.,
2016)

Hypothesis Data pre- Model Optimization
processing algorithm
PCA Source components M =UZVT  Eigenvalue
are statistically decomposition
uncorrelated iy svT  Lanczos
bidiagonalization
Alternating least
squares
ICA Source components  Centering M= WS FastICA
are statistically
independent M =M - E[M] Infomax
Whitening JADE
M=ZM,E[ZZT] =1 RICA
NNMF  Source components M=WS Alternating non-
are a low-rank negative least
approximation of squares
the mixture matrix Multiplicative
update
Y =V™M (2)

The first PC (which corresponds to the eigenvectors)
represents the subspace in which the variance of the data is
the largest. Therefore, the variance (which corresponds to the
eigenvalues) is related to the respective prominence of the
principal component. Often the SVD/PCA method is used as
a priori step of other blind approaches, which consequently use
the achieved components as a starting point of the optimization
process.

2.1.2 Independent component analysis

Independent component analysis (ICA) is another BSS
method that assumes that the observed data are a
superimposition of a number of stochastically independent
components (Hyvérinen, 2013). This is based on the hypothesis
that the source components are maximally independent and non-
Gaussian. The non-Gaussianity of the source data is the crucial
assumption that makes this method more effective than PCA
(uncorrelated and Gaussian). Following the Central Limit
Theorem, the sum of independent variables tends toward a
normal distribution (Kwak and Kim, 2017). Therefore, with the
non-Gaussianity assumption, the independence hypothesis of the
unmixed components is stricter and consequently more robust
than uncorrelatedness. Usually, the ICA algorithm requires a
pre-processing step of mixed data centering and whitening to
reduce the correlation of the observed data. During the centering
step the mean is subtracted from all the mixed signals. Then the
whitening includes two main steps: a decorrelation (covariance
is zero) and scaling (unit variance) of the centered mixed signals.
After the centering and whitening, the mixed data M = ZM have
zero mean and variance one, where Z can be found by
PCA, normalizing the PCs to unit variance. The observed
whitened mixed data matrix M is then modeled following the
linear mixture model (LMM):

M=~ws (3)

Here, the reconstruction independent component analysis
(RICA) method has been used to minimize the cost function and

estimate the source components S € R¥™ and the unmixed
abundance maps W € R™ This adds a “reconstruction
regularization cost” to the cost function with respect to the
standard Aapo Hyvarinen ICA method that uses the fast fixed-
point optimization approach (Hyvérinen, 1999). Thus, RICA (Le
etal., 2011) ensures more accurate convergence and more robust
results even in the case of incomplete and unwhitened data.

2.1.3 Non-negative matrix factorization

Like ICA, non-negative matrix factorization (NNMF) is a
BSS method that performs a factorization of mixed observations
M = WS, but here a positively constrained cost function has been
added (Berry et al., 2007). These positivity constraints W >0 and
S >0 provide an advantage in applications where data are non-
negative, as in sPAI, thus leading to better interpretability of the
results. Hence, the optimization problem can be formulated as
follows:

_ ; 1 _ 2
[w,S] = Y IM—-WsSs Iz 4)

Lee and Seung (2001) have proposed the Multiplicative
Update Rules to solve this optimization problem. Since no
elements are negative, the LMM can be intuitively interpreted as
a process of generating the original data by linear combinations
(parts-based) of the prominent components (subtraction
operations are not involved). This is known as a parts-based linear
representation for non-negative data. Besides, literature studies
have shown that imposing the positivity condition enhances the
convergence of the optimization algorithm used for the unmixing
problem (Lipovetsky, 2009; Hervé, 2010).

In addition, the NNMF approach is considered a special
version of PCA including the non-negativity constraint and
without orthogonality of factors (Sotiras et al., 2015). Although
both approaches are similar, there is a fundamental difference
between them. While the goal of PCA is to reduce the correlated
observed variables, factor analysis aims to explain the correlation
between the variables underlining the latent factors causing the
observations. Furthermore, considering another comparison,
NNMF and ICA are two closely related unmixing approaches.
The main difference is that NNMF over ICA can recover the
sources without requiring knowledge about the mean and variance
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of the sources.

Table 1 shows a comparison of the different BSS algorithms
including the details of the mixture model and assumptions as
well as the cost function model and optimization iterative
algorithms adopted by the BSS approaches to unmix the
source spectra S and the respective abundance maps W
from sPAI.

2.2 Ultrasound and photoacoustic image
acquisition

High-resolution Ultrasound (US) and spectral Photoacoustic
imaging (sPAI) have been acquired by using the platform Vevo
LAZR-X (FUJIFILM VisualSonics, Inc., Toronto, ON, Canada).
The imaging setup includes a high-frequency US system, an
optical parametric oscillator (OPO) integrated Nd:YAG
nanosecond pulsed laser, and the animal imaging platform. The
system is equipped with a linear US transducer array (MX250)
that consists of 256 elements at a nominal center frequency of 21
MHz and bandwidth of 15 - 30 MHz. Light from the laser is
delivered to the tissue through optical fibers, mounted on either
side of the transducer. To obtain the homogenous light
illumination, the sample to be imaged is placed on the converging
area of the two light beams. The spectral photoacoustic images
have been acquired by tuning the laser wavelengths within the
range of 680 - 970 nm with 20 nm step size. During the volumetric
US-PA acquisitions, a stepper motor is used for the linear
translation of the US transducer and optical fibers along the
sample. The linear stepper motor moves in steps of a minimum
of 0.1 mm while capturing 2-D parallel images, for a maximum
3D range distance of 64 mm.

2.3 Near-infrared spectroscopy

A portable near-infrared spectroscopic (NIRS) probe that has
been used to validate the spectral absorption curves of the
chromophores involved in the study. To this end, a customized
NIRS probe was designed at the Optical lab in OsloMet (Oslo
Metropolitan University, Norway) (Hassan et al., 2021a;
Hassan et al., 2021b). Unlike commercially available solutions,
this NIRS probe is designed to target two regions of interest at
two different depths. Specifically, the OsloMet’s probe uses a
broadband LED light source (650—1050 nm) and works with
two depth ranges (2—2.25 mm and 3-3.5 mm respectively).
In addition, the optical probe’s light sources ensure the safety
of the operations, in compliance with the NIR safety guidelines
(IEC, 2015). This NIRS probe uses a source-detector pair that
generates a banana-shaped optical path that narrows at the
source and detector’s locations and broadens as it penetrates
deeper into the tissue (Feng et al., 1995). The depth of a photon
before detection is proportional to the square root of the
source-detector separation (\Weisset al., 1989). Hence, optical
depth is generally 1/2 to 1/3 of the source-detector distance
(Papazoglou et al., 2006). The spectra from the optical probe are
then collected by a spectrometer (Avaspec 2048x14, Avantes
BV, Netherlands). An integration time of 4 s, was selected to
make sure that enough photons are collected by the detector.
In this experiment, a distance of 6 mm between the source
and detector was used to get a focal depth of 2—2.5 mm and the
wavelength range has been fixed to 680—970 nm as the one used
for sPAI. Finally, the obtained spectra from NIRS have been
used as a reference to be compared with the automatically
unmixed signatures from sPAL.
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Absorption spectra of the dyes used within the vessel-
mimicking phantoms measured by the NIRS probe.

To obtain the spectral curves for the correlation analysis, the
NIRS measurements have been performed on the dyes used for
the vessel-mimicking phantoms. Blue, green oil colors (Winsor
and Newton, London, United Kingdom), and India Ink (Higgins
Ink, Leeds, MA, United States) were used, and the colors have
been overspread on white paper. These have been placed at the
optimal distance from the NIRS probe during the measurements
using a transparent gel pad as a spacer. This guarantees the
optimal position of the sample at the focal zone of the NIRS
probe design. Figure 1 depicts the absorption spectra of the dyes
measured via the OsloMet NIRS probe. While the Blue Oil Color
absorption spectrum shows the highest absorption at 680 nm and
has a quasi-exponential decrease afterward, the Green Qil Color
shows wider absorption until around 800-830 nm before
decreasing at higher wavelengths. Finally, India Ink shows a
broad absorption spectrum within the 680—900 nm region and a
gradual absorption decrease toward 900 nm.

2.4 Experimental vessel-mimicking
phantoms

Phantom measurements were first performed to investigate
the sensitivity of the BSS unmixing algorithms at different signal-
to-noise ratio (SNR) conditions. Three vessel-mimicking
phantoms have been fabricated with different optical properties.
A vessel-mimicking shape has been painted with green and blue
oil colors (Winsor and Newton, London, United Kingdom) on
white paper (see Figure 2A). After the paint has dried, this has
been embedded in each turbid agarose solution. The paper is
carefully retrieved from the agarose to sequentially reuse it in all
of the phantoms. All the phantoms have been designed to have a
reduced scattering coefficient of ~5 cm™. Thus, the phantoms
were made with 1.5% (w/v) agar (Alfa Aesar, Heysham,
Lancaster) and 2% (w/v) Intralipid (20%, Sigma-Aldrich,
Canada). To challenge the unmixing algorithms, in two of the
phantoms, black India Ink (Higgins Ink, Leeds, MA, United
States) was added to the agar-Intralipid mixture before
solidification, to simulate background absorption. Specifically,
these resulted in a background absorption of 0.05% v/v and 0.1%
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FIGURE 2

Vessel-mimicking phantom shape (A) and the single wavelength photoacoustic images acquired at 700 nm for the three phantoms with
different levels of absorbing background. Specifically, without India Ink (B), with 0.05% v/v India Ink (C), and with 0.1% v/v India Ink (D) as background

absorption.

v/v respectively. Hence, this leads to three vessel-mimicking
phantoms that have no background absorption, medium
background absorption, and high background absorption
respectively.

Figures 2B—D show the PA image at a single wavelength
(700 nm) of the phantoms prepared with different backgrounds.
The images show the maximum intensity projection (MIP) of the
3D single wavelength PA image, from the top view of the
phantom. After preparation, the phantom is positioned
orthogonally to the transducer coupled with optical fibers, which
are linearly translated along the phantom during the sPAI
acquisition.  Therefore, the phantoms’ sPAIl have been
acquired in 3D. In particular, the absorbers on the paper
are reached by homogenous light fluence at almost the
same depth (= 15 mm). Although the light reaching the
absorbers would be slightly attenuated, this remains a common
factor in all the slices ofthe 3D sPAIl. Thus, this enables to
investigate the unmixing performance of the different
unmixing algorithms without being hampered by the fluence
variation along the depth.

3 Results

3.1 Blind
specificity

unmixing sensitivity and

The vessel-mimicking phantoms have been used to evaluate
the unmixing performances of PCA, ICA, and NNMF, which
have been applied to unmix the absorbers included within the
phantoms. Overall, the analysis has been performed on the
three phantoms, that have no background absorption, 0.05% v/v,
and 0.1% v/v India Ink as background absorption. Thus, the
phantoms without background absorption and medium/high
background absorption result in sPAI with SNR values of
30dB, 15dB, and 8dB, respectively. The only hyperparameter of
these BSS methods was the number of endmembers. This
has been manually selected to 2 in the absence of background
absorption and 3 in the other cases to unmix blue/green oil colors

and India ink. Figure 3 presents the source spectra obtained as a
result of the different BSS unmixing methods. The detection
sensitivity of the BSS methods depends not only on the ability to
unmix the molecular targets of interest from the absorbing
background but is also hampered by the SNR, which indicates the
quality of the images. Specifically, the presence of bulk absorption
at different concentrations resembles possible real scenarios
where it is more complex to reveal the absorber targets of
interest. The unmixing results show that all three BSS methods
managed to isolate the target components (Blue and Green Oil
Colors) and the background (India Ink), when present. However,
PCA and ICA algorithms exhibited unwanted negative values in
the spectra, which are attributed to the non-constrained
optimization process. Besides, the BSS methods show unique
solutions only up to sign ambiguities. In particular, PCA and ICA
are more prone to error when the sources of interest have low
variance. Thus, often the iterative optimization procedure
converges into inverted unmixed components as compared to the
expected spectra.

On the other hand, the phantom studies showed that NNMF
could detect the vessel-tree branches colored in green and blue
with higher accuracy than PCA and ICA. High performance of
the NNMF method was obtained even in the case where the
background was highly absorbing (0.1% v/v India Ink) and the
SNR value was almost three times lower (8 dB). The NNMF
accurately unmixed the components and the detected spectra are
very close to the expected spectra measured by the NIR
spectrophotometer (see Figure 1). From the unmixing results, all
the phantoms qualitatively demonstrate the superiority of the
NNMF as a detection method in resolving the different absorbers
from sPAI. Furthermore, the non-negativity constraint was found
to maintain the most robust and accurate unmixing performance
in all experiments.

Finally, the unmixed source components from sPAI, by
applying the different BSS methods, have been compared using
the correlation with the curves measured via NIRS. Table 2
reports the spectral correlation values obtained from the
different phantoms. Although in some instances PCA and ICA
show higher absolute correlation values than NNMF, often this
results in negative correlation values.
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FIGURE 3

Unmixed spectra obtained from the vessel-mimicking phantoms with no background absorption (row (A)), medium background absorption
(row (B)), and high background absorption (row (C)). The unmixing has been performed by means of the BSS algorithms PCA, ICA, and NNMF.

The latter leads to the identification of the components but
with opposite signs. On the contrary, the NNMF performance is
superior and more robust in all the vessel-mimicking phantoms
conditions.

Besides, Table 3 reports the processing time of the BSS
algorithms used in the experimental phantoms. Here we have
performed the processing on a portable laptop with Intel(R)
Core(TM) i7-9750H CPU 2.60GHz and 16.0 GB of RAM.
Although the processing time depends on the dimensionality
reduction chosen by the user (number of endmembers), PCA has
shown the advantage of being faster than ICA when background
absorption is present. On the other hand NNMF, despite the
non-negativity constraint, seems computationally faster to
implement and leads to converging to more interpretable data.
Since the main focus of the experimental vessel-mimicking
phantoms was to test the BSS unmixing algorithms’
performance, especially their accuracy in detecting the spectral
signatures of the components, in this study, thelocal fluence
was assumed to be constant. This is areasonable assumption
for the design of the vessel- mimicking phantoms since the
absorbers are all placed at the same distance from the
excitation light source.

4 Discussion

Spectral photoacoustic imaging (sPAI) has shown high
potential to determine detailed information on molecular tissue
composition. Conventionally, linear unmixing (LU) and blind

source separation (BSS) approaches are implemented to
differentiate the tissue components from sPAI.

Although the linear spectral unmixing method (Erhayiem et
al., 2011; Reber et al., 2018) is widely used, this has some
drawbacks as it requires user interaction to provide the expected
spectral signatures of the tissue components. Due to unpredictable
spectral changes in disease conditions or in clinical scenarios,
linear unmixing is challenging and can lead to suboptimal results.

Thus, unsupervised approaches that can automatically reveal
any spectral change or fingerprints that might be related to
pathological conditions are beneficial. Over the years, blind
source separation (BSS) algorithms have shown promising
automated unmixing performances in sPAIl. Thus the BSS
methods present a possible solution to this ill-posed unmixing
problem and open up more photoacoustic applications both in
preclinical and translational research.

Here, we evaluated the unmixing performance of various BSS
algorithms to solve the SsPAIl unmixing problem in an
unsupervised way. The performance of previously reported blind
unmixing algorithms as principal component analysis (PCA),
independent component analysis (ICA), and non-negative matrix
factorization (NNMF) have been investigated in detail on
experimental vessel-mimicking phantoms. Although these
different methods are all part of the BSS category of algorithms,
they implement different hypotheses, constraints, and
optimization procedures, thus producing different results.
Besides, near-infrared spectroscopy (NIRS) technology has been
used as a reference to validate the unmixed spectra obtained by
the different unmixing algorithms.
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TABLE 2 Correlation values between reference spectra obtained via NIRS probe and the unmixed spectra via BSS algorithms for the vessel-mimicking
phantoms with different background absorption.

Vessel-mimicking Components PCA (%) ICA (%) NNMF (%)
phantom
No Background Absorption Blue Oil Color -49.7 -41.7 97.7
Green Oil Color -97.9 74.5 88.9
Medium Background Absorption India Ink -94.1 64.1 87.3
Blue Oil Color 88.3 -72.5 97.6
Green Oil Color 73.3 81.6 88.1
High Background Absorption India Ink 37.8 -80.1 77.9
Blue Oil Color -97.5 -85.1 97.1
Green Oil Color -84.3 83.4 85.9

TABLE 3 Unmixing processing time of the BSS algorithms (PCA, ICA,
and NNMF) to distinguish the source components from the vessel-
mimicking phantoms with different background absorption.

Vessel-mimicking phantom PCA(s) ICA(s) NNMF (s)

No Background Absorption 3.28 2.77 1.01
Medium Background Absorption 3.02 6.69 1.77
High Background Absorption 1.81 7.03 0.91

The phantom experiment has shown that all the studied BSS
algorithms achieved the separation of the absorbers and PCA has
shown the advantage of being faster than ICA when background
absorption is present. On the other hand NNMF, despite the non-
negativity constraint, computationally appears to be the fastest
method to implement and converges to more interpretable data.
Furthermore, the cross-correlation values measured between the
reference NIR spectra and the unmixed spectra by the NNMF
range between 77.9-97.7%. Thus, this has confirmed that the
NNMF enabled more accurate unmixing performance for sPAI,
as compared to PCA and ICA. Specifically, the NNMF has
shown promising unmixing performance even in more complex
scenarios, where the phantom has a highly absorbing
background that confounds the included absorbers of interest and
thus drastically reduces the quality/SNR of the sPAI. This
confirms that the imposed positivity constraints are crucial to
unmix tissue chromophores from sPAIL. While NNMF has
shown superior unmixing performance compared to the other
BSS approaches, this is sensitive to uncertainties and
misinterpretation, especially of less prominent chromophores at
depth. In particular, NNMF assumes that the most prominent
absorbers such as hemoglobin,are the sole tissue absorbers, not
accounting for the presence of other absorbing molecules (e.g.,
extrinsic molecules, melanin, lipids, etc.) that are weaker
absorbers. Therefore the less prominent absorbers are discarded
within the NNMF unmixing, thus leading to incomplete tissue
composition. Besides, the unmixing result is hampered by the
choice of the hyperparameter and is jeopardized by the spectral
coloring effect. Specifically, the excitation light fluence used in
SPAI generally decreases with depth, and thus degrades the
image uniformity, causing spatial fluence variations within the
tissue. Therefore the NNMF could lead to significant errors in
unmixing the tissue spectra, especially in deeper areas where
spectral coloring is dominant.
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Chapter 3

An automatic unmixing approach to detect tissue
chromophores from multispectral photoacoustic imaging*

Abstract:

In this chapter, we have investigated the feasibility of an unsupervised spectral
unmixing algorithm to detect and extract the tissue chromophores without any a-
priori knowledge and user interaction from spectral photoacoustic imaging.
Specifically, the non-negative matrix factorization (NNMF) approach has been
optimized for multispectral photoacoustic imaging in the spectral range of 680-900
nm. The performance of the algorithm has been tested on simulated data, tissue-
mimicking phantom, and also on the detection of exogenous contrast agents after
the intravenous injection in mice.

*This chapter has been published as: Grasso, V., Holthof, J., & Jose, J. (2020). “An automatic

unmixing approach to detect tissue chromophores from multispectral photoacoustic imaging.”
Sensors, 20(11), 3235.
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Abstract: Multispectral photoacoustic imaging has been widely explored as an emerging tool
to visualize and quantify tissue chromophores noninvasively. This modality can capture the
spectral absorption signature of prominent tissue chromophores, such as oxygenated, deoxygenated
hemoglobin, and other biomarkers in the tissue by using spectral unmixing methods. Currently,
most of the reported image processing algorithms use standard unmixing procedures, which include
user interaction in the form of providing the expected spectral signatures. For translational research
with patients, these types of supervised spectral unmixing can be challenging, as the spectral signature
of the tissues can differ with respect to the disease condition. Imaging exogenous contrast agents
and accessing their biodistribution can also be problematic, as some of the contrast agents are
susceptible to change in spectral properties after the tissue interaction. In this work, we investigated
the feasibility of an unsupervised spectral unmixing algorithm to detect and extract the tissue
chromophores without any a-priori knowledge and user interaction. The algorithm has been optimized
for multispectral photoacoustic imaging in the spectral range of 680-900 nm. The performance of the
algorithm has been tested on simulated data, tissue-mimicking phantom, and also on the detection
of exogenous contrast agents after the intravenous injection in mice. Our finding shows that the
proposed automatic, unsupervised spectral unmixing method has great potential to extract and
quantify the tissue chromophores, and this can be used in any wavelength range of the multispectral
photoacoustic images.

Keywords: photoacoustic; optoacoustic; spectral imaging; blind source separation; unsupervised unmixing

1. Introduction

The accurate detection and quantification of tissue chromophores is vital in molecular imaging,
as it can facilitate the early detection, prediction, and monitor the disease conditions. In recent
years, multispectral photoacoustic imaging has emerged as a noninvasive tool to visualize the tissue
chromophores [1-4]. The underlying principle of photoacoustic (PA) imaging is based on the conversion
of absorbed nanosecond laser pulses into acoustic waves that can be detected just as conventional
ultrasound [5,6]. Based on this approach, PA images combine the peculiar optical absorption contrast of
the tissue chromophores and the spatial resolution of ultrasound imaging (US). Being a hybrid imaging
modality of ultrasound and optical, this multimodal imaging technology can provide anatomical,
functional, and molecular information several centimeters deep in the tissues with a resolution up
to tens of micrometers. The potential of PA imaging has been demonstrated in various preclinical
applications, such as tumor progression and the prediction of tumor recurrence, therapy monitoring,
imaging of vasculature, and the biodistribution of the contrast agents [7-13].
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Apart from the preclinical applications, PA imaging is also used in clinical research. In addition to
breast cancer monitoring [14,15] and sentinel lymph node imaging [16,17], the PA approach is also used
to examine inflammatory bowel disease (IBD) [18] and the temporal arteries in patients with suspected
giant cell arteritis (GCA) [19]. To expedite the clinical applications of PA imaging, recently, there has
been a lot of focus on developing affordable light sources and the use of this technology in low-resource
settings. Xia et al. demonstrated the feasibility of a Light-Emitting Diode (LED) based PA imaging
system for the visualization of superficial vasculatures and needle guidance for minimally invasive
procedures [20]. Zhu et al. used the LED-based approach to explore more clinical applications, such as
diagnosing inflammatory arthritis and assessing peripheral microvascular function in patients [21-23].

Although there has been a lot of emphasis on PA hardware development, in the field of affordable
settings, data analysis and reconstruction algorithms also play a crucial role in increasing the utility of
the technology. Multiwavelength acquisition and spectral image processing is one of the commonly
used techniques in PA. Since the optical absorption coefficient of the tissue chromophores varies over
the spectrum, multispectral image processing approach can be applied to distinguish and characterize
the molecules present in the tissues [24].

In general, the pixel intensity of the multispectral photoacoustic image is proportional to the
absorption value of the respective tissue at a specific wavelength. In reality, due to the finite dimension
of the pixel (partial volume effect) and the presence of instrumental noise, each spectrum can be
a combination of different tissue chromophores. Therefore, it is a challenging task to unmix these
signals spectrally and estimate their concentrations. The most common solution to detect the tissue
chromophores from multispectral PA imaging is the supervised unmixing [25]. Although this technique
yields acceptable results, it requires user interaction to provide the expected source spectral curves
as an input to unmix the signals. For translational research with patients, these types of supervised
spectral unmixing can be challenging, as the spectral signature of the tissues differs with respect to the
disease condition. Imaging exogenous contrast agents and accessing their biodistribution can also be
problematic, as some of the contrast agents are susceptible to change in spectral properties after the
tissue interaction; thus, the algorithm can forfeit the sensitivity and specificity of imaging.

Hence, an unsupervised unmixing algorithm that can automatically detect the tissue chromophores,
without any a-priori knowledge and user interaction, will be optimal, as this can facilitate and improve
sensitivity and specificity. Generally, this class of algorithms is referred to as blind source separation
(BSS) algorithms, as no a-priori information is required. The study reported by Glatz et al. [26]
demonstrated the potential of these approaches to “blindly” extract the oxygenated and deoxygenated
hemoglobin absorption spectra from the multispectral photoacoustic images. In the study, they
evaluated different unsupervised algorithms, such as multivariate curve resolution analysis (MCR),
principal component analysis (PCA), and independent component analysis (ICA) [27-31]. PCA yields
an orthogonal transformation that decorrelates the variables. This approach relies upon the hypothesis
that the source components are uncorrelated. On the other hand, ICA is based on a different assumption
that the source components are maximally independent and non-Gaussian. Recently, Arabul et al. [32]
used a similar approach to explore human carotid plaques, in which the ICA blind unmixing approach
was constrained non-negatively. Although these approaches demonstrated the potential to detect
the tissue chromophores, they suffer from limitations related to the interpretability of the mixed-sign
values of their outcomes. Indeed, these aim to fit the training data well but often do not generalize the
real and positive data sets.

In this paper, we investigated the possibility of using another blind source separation approach,
which is based on non-negative matrix factorization (NNMF) [33]. The concept of NNMF has been
widely used in a variety of applications, such as image recognition [34], text classification [35,36],
and recommender systems [37]. This approach uses only the non-negative matrices to estimate the
prominent components and their spatial distribution, from a linear mixture model. Montcuquet et al. [38]
used this approach for in-vivo fluorescent imaging and demonstrated that the positivity condition
enhances the convergence and, thus, improves the sensitivity of spectral unmixing [39].
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Here, we examine the performance of non-negative matrix factorization (NNMF) to unmix tissue
chromophores from multispectral PA images. The algorithm has been optimized to extract the tissue
chromophores in the wavelength range of 680-900 nm. We tested the NNMF on synthetic data
and on experimental data that mimic the blood vessels. Further, we validated the potential of the
approach on an in-vivo study to detect and quantify the endogenous absorbers and exogenous contrast
agent accumulation. To our knowledge, this is the first time the NNMEF algorithm has been used for
PA imaging.

2. Non-Negative Matrix Factorization (NNMF)

NNMF is a data decomposition approach, and it is based on the linear mixing model [40]. In this
algorithm, the acquired mixed pixel spectra are differentiated into a collection of constituent spectra
(called endmembers) and a set of fractional abundance maps. The endmembers represent the pure
molecule absorption spectra present in the imaged sample, and these are extracted from the mixed
pixel spectra. The maps of abundance at each pixel represent the percentage of each endmember
present in that pixel.

Since the acquired spectral images are known, and the rest has to be estimated, the mixed data
(multispectral PA images) can be arranged as a matrix X € R, where n represents the number of
observations (pixels), and m corresponds to the number of variables per object (different wavelengths).
In particular, the unmixing problem can be formulated as a matrix factorization:

X ~ WS 1)

where X represents the mixed multispectral PA images, W the abundance maps, and S the source
spectra. The dimensions of the matrices W and S are n X k and k X m, respectively, where k is the
hyperparameter which represents the number of prominent components.

The NNMEF constrained cost function of the optimization problem can be formulated as follows:

!
[W, 8] = minz || X - WS |l @)

Wij 20, 5;;=0 3)

where, in Equation (2), the defined cost function considers a Frobenius distance between the acquisition
X and the model WS [33]. W and S are iteratively obtained until both matrices satisty Equation (1),
where the distance defined in the cost function (2) is constrained non-negatively (3). The NNMF learns
a parts-based representation of the data, and the whole image is formed as a combination of additive
components. The non-negativity constraint is computationally expensive to implement but it can lead
to more interpretable data.

To solve the iterative optimization, the multiplicative update rules [41] can be used, and the steps
can be defined as:

v

5(P+1):5(P)®m 4)
X-sT

Wp+1)=W(p)® ﬁ %)

where p is the iteration step, and the operations of ® and division in (4) and (5) are considered element
by element. Each component is estimated only up to a multiplying scale factor. Hence, the factorization
problem does not have a unique solution, where WS is a lower-rank approximation of X.
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3. Experimental Methods

3.1. Simulated Multispectral PA Images

To evaluate the performance of the NNMF algorithm, simulation studies were performed by
using a synthetic data set. The synthetic data set contains implemented photoacoustic spectral images
within the wavelength range of 680-900 nm, with a step size of 5 nm. Each image at the respective
wavelength contains 400 x 600 pixels. From the photoacoustic signal generation, it is evident that the
PA signal is not only proportional to the absorption coefficient but also depends on the local fluence.
The light fluence generally decreases with depth, and thus degrades the image uniformity, causing
spatial fluence variations within the tissue. Consequently, the fluence compensation is significant
for quantitative spectral imaging. Since the main focus of the simulation was to test the unmixing
algorithm and its accuracy to detect the spectral signature of the prominent components, in this study,
the local fluence was assumed to be constant.

Figure 1la depicts the schematic of the 2-dimensional (2-D) data set with six homogeneous
inclusions. The inclusions mimic the cross section of blood vessels with different concentrations of
oxyhemoglobin and deoxyhemoglobin. The inclusions 1, 2, and 3 contain oxyhemoglobin at 100%, 70%,
and 30% of the intensity, respectively. Conversely, the inclusions 4, 5, and 6 include deoxyhemoglobin
at 30%, 70%, and 100% of the intensity. Figure 1b shows the theoretical absorption spectra [42] expected
from these inclusions, in addition to the background tissue absorption. To mimic the experimental
conditions, a positive Gaussian distribution of noise (mean = 0.04; std = 0.1% ; SNR = 30 dB) was
also added to the respective data set.

— Background
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Hbg ey 30 %

° |

. :
650 700 750 800 850 900
wavelength [nm]

(a) (b)

Figure 1. (a) Schematic representation of the simulated multispectral photoacoustic (PA) images with
six inclusions, (b) ideal spectral curves of the inclusions.

3.2. Experimental Set-Up and Tissue-Mimicking Vessel Phantom

In addition to the simulation studies, experiments were performed by using Vevo LAZR-X
photoacoustic image technology (FUJIFILM VisualSonics, Inc., Toronto, ON, Canada), as described
elsewhere [43]. Vevo Phantom (FUJIFILM VisualSonics, Inc., Toronto, ON, Canada) containing two
capillary tubes filled with Indocyanine Green (ICG, PULSION Verwaltungs, GmbH) and Methylene
Blue (MB, Sigma-Aldrich), was used to mimic the blood vessels in the tissue. Transparent polyethylene
(PE) tubes (SAI Infusion Technologies, Lake Villa, IL, USA), with an inner diameter of 15 pm and
an outer diameter of 33 um, were used. The tubes were positioned at a reciprocal distance of 6 mm
and fixed at the same depth of 14 mm from the surface of the transducer. Demineralized water
was used as a coupling medium, and the multispectral PA images were obtained in the wavelength
range of 680-900 nm, with a step size of 5 nm. Figure 2a shows the schematic of the phantom and
the experimental set-up. A 256-element linear array transducer with a central frequency of 21 MHz
(MX250), including the integrated light delivery fibers from the sides of the transducer, was used

40



Sensors 2020, 20, 3235 50f11

to acquire the PA images. The transducer was aligned perpendicular to the capillary tubes, and the
cross-sectional image of the tubes was acquired throughout the wavelength range. 3-Dimensional
(3-D) data sets were also collected by linearly translating the transducer with a stepper motor over the
capillary tubes while capturing cross-sectional 2-D slices. Figure 2b shows the photoacoustic spectra
measured from the capillary tubes by using the Spectro-Mode in the VevoLab software (FUJIFILM
VisualSonics, Inc., Toronto, ON, Canada). In the measurement tool, the system allows the user to select
the region of interest (ROI) and calculate the average intensity of the photoacoustic signal at different
wavelengths. Although this is not quantitative and the values are in arbitrary units, it can provide the
spectral absorption trend of the agents in the respective wavelength range.
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Figure 2. (a) Schematic of the tissue-mimicking vessel phantom. (b) The PA absorbance spectral graph
of the agents measured by using VevoLab.

3.3. In-Vivo Study

Further, in-vivo animal experiments were performed to evaluate the feasibility of the NNMF
data analysis on multispectral PA Imaging. The animal experiments were performed at the FUJIFILM
Sonosite/VisualSonics facility in Amsterdam. The animal protocols used in this work were evaluated
and approved by the Animal Use and Ethics Committee (CEUA) of The Netherlands (Protocol
AVD2450020173644). They are in accordance with FELASA guidelines and the National Law for
Laboratory Animal Experimentation (Law No. 18.611). The experiments were performed by using
the same apparatus (Vevo LAZR-X) used for the phantom studies. A CD-1 female mouse model
(Envigo, Horst, the Netherlands) was used for the experiments. The animal was anesthetized with
isoflurane and placed on the animal imaging platform of the Vevo LAZR-X system, where temperature,
heart rate, and respiration rate were monitored in real time. During the experiments, anesthesia
was maintained using a vaporized isoflurane (1 L/min of oxygen and 0.75% isoflurane) gas system.
The animal was positioned in right lateral recuambency, and the transducer was aligned perpendicularly.
The kidney-spleen area of the animal was imaged before and after the intravenous injection of
ICG. To obtain a concentration of 800 uM, 25-mg vial of ICG (PULSION Verwaltungs, GmbH) was
resuspended in sterile water. With the help of an infusion pump (flowrate of 15 uL/sec), 80 uL of ICG
was injected into the tail vein, and multispectral PA images were acquired in the wavelength range of
680-900 nm.

4. Results and Discussion

4.1. Simulated Multispectral PA Images

Figure 3 shows the main component spectra (a) and the respective abundance maps (b, ¢, and d)
extracted from the synthetic PA data set by using the NNMF algorithm. The obtained spectral
graphs (Figure 3a) show that the prominent absorbers present within the inclusions consist of two
different endmembers: oxyhemoglobin and deoxyhemoglobin. As expected from the synthetic data,
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the oxyhemoglobin is mainly distributed on the first row of inclusions, with decreasing intensity from
left to right (Figure 3c). The deoxyhemoglobin is present in the second row of inclusions, with increasing
intensity from left to right (Figure 3b). Figure 3d displays the spatial distribution of the detected third
component (named as background in Figure 3a), which is principally present in the region around

the inclusions.
(b)
1
“0.8
0.6
0.4
0.2
0
wavelength [nm]
1 m
@9 @ @
0.6 0.6
04 0.4
o 0
(<)

(d)

{a)
i : —
09 HhUEOXY
wal —Hb,
Tool [ Background
&,
05|

S //
B MDA

sorba
8

Figure 3. (a) Source spectra of oxyhemoglobin, deoxyhemoglobin, and background extracted by the
non-negative matrix factorization (NNMF) algorithm. Abundance maps of (b) deoxyhemoglobin,
(c) oxyhemoglobin, and (d) background.

NNMF appears to be an accurate method, yielding an explicit unmixing of specific tissue
biomarkers, such as oxyhemoglobin and deoxyhemoglobin, and extracting the respective spectral
signatures. The calculated Pearson correlation coefficient between the ideal spectra of the oxy and
deoxyhemoglobin, and the extracted spectra was equal to 1 (Table 1). This confirms that NNMF can
provide encouraging results on extracting tissue chromophores from multispectral PA images.

Table 1. Correlation values between the extracted source components by using the NNMF unmixing
approach, and the respective absorption spectral curves used as a reference.

Data Set-Up Chromophores Correlation Value
: Oxyhemoglobin 1
Synthetic dat
yhihetic data Deoxyhemoglobin 1
oo ICG 0.9943
Vessel k hant
eosel imicking phantorm Methylene Blue 0.8344

Further, we investigated the performance of the NNMF approach to quantify the extracted
prominent components. Figure 4a shows a graph with the quantitation of the source components
(oxyhemoglobin, deoxyhemoglobin) per each circular inclusion of the synthetic data. Considering the
synthetic data: inclusions 1, 2, and 3 present approximatively a decreasing content of oxyhemoglobin,
and the regions 4, 5, and 6 present an increasing content of deoxyhemoglobin. In the graph, the
variations are in the range of zero to one, and it is evident that these normalized intensities are
matching the expected proportion of the components. Figure 4b shows the overlapped abundance
maps of oxyhemoglobin and deoxyhemoglobin, and it also confirms the expected distribution of the
prominent components.
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Figure 4. (a) Quantitative evaluation of the prominent source components (oxyhemoglobin and
deoxyhemoglobin), per each circular region of the synthetic phantom. (b) Overlapped abundance
maps of oxyhemoglobin and deoxyhemoglobin.

4.2. Tissue-Mimicking Vessel Phantom

Figure 5 shows the prominent spectral curves (a) and the abundance maps of the dyes in the
capillary tubes, obtained by using the NNMF algorithm. The abundance maps overlapped in Figure 5b
correspond to the 2-D spatial distribution of the contrast agents (ICG in green and MB in blue). Figure 5c
shows the unmixing of the capillary tubes in 3-D, where the total imaged range was 6.5 mm with a
step size of 200 um. The Pearson correlation coefficient was evaluated between the extracted spectral
curves, by using the NNMF, and the spectra measured by using the Spectro-Mode in the VevoLab.
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Figure 5. (a) Spectral absorption curves of the detected source components by NNMEF, from 2-D spectral
PA images of the tissue-mimicking vessel phantom. The overlapped abundance 2-D maps (b) and 3-D
mabps (c) of the detected source components: ICG and MB.

Table 1 reports the correlation coefficients measured for the ICG and methylene blue.
The correlation value obtained for the methylene blue was 0.8344, and it was comparatively lower to
the value obtained for the ICG, which was 0.9943. This could be due to the experimental conditions,
as the tubes are located adjacently, into the phantom chamber. Hence, due to the short distance, the
ICG that has an absorption peak at around 880 nm could influence the absorption spectrum of the MB.
The graph reported in Figure 2b supports this assumption, as the MB spectrum shows an additional
peak at around 880 nm. This may entail that measured spectral curves in Figure 2b are not the pure
agent spectra. On the other hand, the spectra extracted by using NNMF are in accordance with the
expected spectral signatures, and it shows promising unmixing performance.

4.3. In-Vivo Study

Figure 6a shows a high-resolution ultrasound (US) image of the kidney—spleen region and (b) is
the PA image obtained at 880 nm. Figure 6¢c shows the oxygen saturation (5O) map, obtained before
the contrast agent injection. To obtain the oxygen saturation map, we have followed the algorithm
reported by Needles et al. [5], where the pixel values of the image are in the range of 0% (lower
oxygenation) to 100% (higher oxygenation).
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Spleen
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Figure 6. Pre-injection conditions: (a) ultrasound (US) image of the kidney—spleen view; respectively
(b) photoacoustic (PA) image obtained at 880nm, and (c) SO, map.

Figure 7 shows the post-ICG injection condition. Figure 7a displays the source absorption spectra
extracted by the NNMF approach. As expected, in the post-injection condition, the NNMF extracted
the typical absorption spectral curve of the ICG, in addition to the endogenous chromophores such as
oxy and deoxyhemoglobin spectra. The extracted spectrum of the ICG appears slightly different than
the vessel mimicking phantom. Although the peak absorption was at 880 nm, the ICG spectrum at the
lower wavelengths was altered. This could be due to the ICG interaction with other chromophores
within the tissues. Figure 7 also shows the abundance maps of deoxyhemoglobin (b), oxyhemoglobin
(c), and ICG (d). In the ICG map, it is evident that the dye is mostly accumulated in the spleen region.
This is in accordance with the biodistribution of the ICG, as the kinetic of the kidney is much faster
than the spleen [44].
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Figure 7. Post-injection conditions: (a) spectral signature of the endmembers obtained by using NNMF
and abundance distribution maps of (b) deoxyhemoglobin, (c) oxyhemoglobin, and (d) ICG.

5. Conclusions

In summary, we investigated the spectral decomposition of various tissue biomarkers from
multispectral PA images. In particular, we have explored the performance of an unsupervised spectral
unmixing algorithm, NNMF, in the wavelength range of 680-900 nm. Considering the evidence
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obtained from the initial results, the NNMF can extract both endogenous and exogenous agents from
the multispectral PA data. The unmixing results obtained from the simulation studies performed on
synthetic data revealed a high correlation with the expected spectra, and also yielded the quantification
of the chromophores. The experiment performed on the tissue-mimicking phantom also supported the
results obtained on the synthetic data. Indeed, the NNMF showed promising unmixing performance,
allowing the accurate detection of ICG and MB, by eliminating the spectral influence of the other
dyes. The in-vivo experiments in the animal model showed the detection of a contrast agent signature,
accounting for the spectral variations that may ensue due to tissue-dye interactions. The NNMF can
also provide the maps of abundance distribution of contrast agents in different anatomical targets,
facilitating in-vivo biodistribution and kinetics studies. Since the algorithm facilitates the automatic
unmixing of the tissue chromophores, without any a-priori knowledge about the source components
and user interactions, it is easy to adapt, and promising for data-driven studies in multispectral
photoacoustic imaging.

In the current algorithm, we have used the time gain compensation (TGC) approach to overcome
the PA signal attenuation through depth. Although the approach is not quantitative, it gives improved
results. Recent studies demonstrate that taking into account the fluence variance [45,46] can overcome
the quantification limits of photoacoustic imaging. Therefore, in future studies, we will investigate the
corruption effects of the fluence variation, the finite size, and band-limited frequency response of the
detectors, to consider the respective changes on the absorption spectra. Besides, we will expand the
current wavelength range of 680-900 nm to the far infrared (FIR), as this may entail the detection of
less prominent tissue chromophores, such as melanin, lipids, and collagens.

In conclusion, to the best of our knowledge, this would be the first time that NNMF was used
for unmixing multispectral PA imaging. The obtained results confirmed that the NNMF algorithm
automatically and accurately detects the component spectra. This proves that the imposed positivity
constraints, to the source spectra and abundance distribution maps, are appropriate requirements to
unmix tissue chromophores from multispectral PA images.
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Chapter 4

Design and fabrication of an anthropomorphic heterogeneous
mouse phantom for the standardization of volumetric
photoacoustic imaging*

Abstract:

In this chapter, we have established a standardized protocol for the design and
fabrication of anthropomorphic heterogeneous tissue-mimicking phantoms
compatible with photoacoustic imaging. Realistic phantoms enable to
experimentally test newly developed methods, thus leading to higher chances of
success in the in-vivo experiments. Here, we developed and fabricated a phantom
that mimics the detailed morphology of a mouse, including the skeleton and the
main abdominal organs, using a combination of image modeling, copolymer-in-oil-
based materials, and 3D-printing techniques. Besides, optical and acoustic
properties, as well as the spectral and temporal stability of the phantom have been
investigated in detail. Thus, this durable anthropomorphic mouse phantom would
minimize animal experiments in compliance with the 3R principle as well as open
many possibilities for advanced applications.

*Part of this chapter has been published as: Grasso, V., Raymond, J., Willumeit-Romer, R., Joseph,
J., & Jose, J. (2023, March). “Development and characterization of a durable tissue-mimicking
phantom for calibration and standardization of photoacoustic imaging.” In Photons Plus
Ultrasound: Imaging and Sensing 2023 (p. PC123793D). SPIE.

*Part of this chapter is currently under review as: Grasso, V., Raymond, J., Willumeit-Romer, R.,
Joseph, J. & Jose, J., (2023). “Development of a morphologically realistic mouse phantom for pre-
clinical photoacoustic imaging.” Medical Physics.
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Abstract

Characterizations based on tissue-mimicking phantoms are highly effective to perform the
technical validation of photoacoustic imaging (PAI) systems. Commonly, hydrogel-based
phantoms are widely used in PAIl, as these can be prepared following a straightforward
fabrication protocol. However, these are susceptible to mechanical damage, dehydration, and
bacterial growth in storage and therefore do not offer a suitable combination of durability and
long-term stability. Although a variety of phantom models are reported for PAI applications, an
unmet need still exists to establish anthropomorphic heterogeneous phantoms that can
accelerate preclinical applications of the technology. Therefore, here we designed, developed,
and fabricated a stable phantom that mimics the detailed morphology of a mouse, including the
skeleton and the main abdominal organs, using a combination of image modeling, copolymer-
in-oil-based materials, and 3D-printing techniques. This durable anthropomorphic

heterogeneous mouse phantom would minimize the animal experiments in compliance with the
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3R principle. Besides, the acoustic and optical properties of the tissue-mimicking material have
been broadly characterized. Furthermore, our studies also showed that the phantom is durable
and stable over time under storage and repeated use, and the fabrication protocol is easy to
reproduce. As a result, the proposed anthropomorphic heterogeneous mouse phantom offers a
tradeoff between manufacturing abilities, durability, material compatibility, and unprecedented
realistic resemblance to the actual rodents’ anatomy in PAL. To our knowledge, this is the first
time a heterogeneous anthropomorphic durable mouse phantom has been proposed for PAl in

preclinical animal imaging.

Keywords: 3D-printing, Tissue-mimicking Phantom, Anthropomorphic, Photoacoustic,

Ultrasound.

1. Introduction

Over the past decades, tissue-mimicking phantoms have exhibited their utility in a broad
range of applications for biomedical imaging technologies [1]. Phantom-based studies are an
essential element for the development and implementation of biomedical imaging systems.
Generally, the validation studies are often performed using a stable physical phantom as it
enables an objective and quantitative assessment of the device's performance [2]. Further, the
use of tissue-mimicking phantoms can reduce the number of animals needed for the initial
validations of the imaging technologies, which complies with the 3R principles of Replacement,
Reduction, and Refinement. Established imaging techniques such as MRI, CT, PET, and
Ultrasound (US) rely on commercially available, well-characterized tissue-mimicking phantoms.
Often, these phantoms are standardized and can be used to perform the calibration of imaging
systems. However, there is currently a lack of appropriate standardization or commercial
availability of tissue-mimicking phantoms for emerging technologies such as photoacoustic

imaging.
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Photoacoustic imaging (PAI) is a rapidly growing imaging technology capable of
simultaneously providing anatomical, functional, and molecular assessment of tissue properties.
In PAI, endogenous and exogenous chromophores in the tissue absorb incident pulsed laser light
creating ultrasound (US) waves that can be used to reconstruct the spatial distribution of the
optical absorbers [3], [4]. Therefore, advancements in PAIl systems often require the
development of tissue-mimicking phantoms with specific acoustic and optical properties to
perform system calibration and quality assurance, as well as for the development of

standardized imaging protocols.

Considering the phantom properties, an ideal tissue-mimicking phantom for PAIl should have
tunable acoustic and optical properties as well as maintain stability and durability over time with
repeated use and storage conditions [5], [6]. A wide range of tissue-mimicking materials (TMMs)
has been proposed as PAI phantom candidates, including materials based on hydrogels (i.e.
agarose, gelatin), gel wax, and mineral oil. In particular, water-based materials such as agar [7],
[8], gelatin [9], and polyvinyl alcohol (PVA) [10], [11] are widely used as TMMs due to their
straightforward fabrication capabilities. However, techniques using these TMMs favor the
fabrication of simple homogeneous phantoms with limited tunability of acoustic and optical
properties. These water-based phantoms can quickly degrade, thus limiting their mechanical
durability and temporal stability. A variety of other TMMs has also been used to fabricate PAI
phantoms, such as paraffin gel wax [12], [13], emulsions such as Intralipid [14], glycerol-in-
polydimethylsiloxane (PDMS) [8], and polyvinyl chloride plastisol (PVCP) [15]. However, all these
TMMs do not offer a suitable combination of durability, long-term stability, as well as realistic

tuning of the acoustic and optical properties.

Recent works that aim to overcome these limitations include silk protein-based hydrogels
[16] and a copolymer-in-oil-based TMM that is formulated by the International Photoacoustic
Standardization Consortium (IPASC) [17]-[21]. This copolymer-in-oil base material offers
tunable acoustic and optical properties similar to soft tissue and has good durability

characteristics. Furthermore, the material has shown sufficient photo-, thermomechanical- and
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longitudinal- stability for short- and long-term precision studies [19]. This demonstrates that

there is a move towards the standardization of PAI phantoms [19]-[21].

In addition to the generic TMM properties, phantoms with anthropomorphic geometry are
idealistic models that can often provide a realistic preclinical imaging scenario. 3-dimensional
(3D) printing is an advanced innovative technique that has the potential to replicate complex
geometries and anatomically similar structures of living animals. While, the use of 3D-printing
has been broadly applied for the development of MRI, CT/PET, and Ultrasound phantoms [22],
there are currently no standard protocols for 3D-printed PAI phantoms. Recently, Dantuma et
al. have designed and fabricated a multi-layered semi-anthropomorphic phantom for PAI, which
mimics the human breast morphology [23], [24]. This 3D-printed phantom aims to simulate skin
(made from a silicone layer), in addition to underlying fat, fibroglandular tissue, and blood
vessels (made from custom polyvinyl chloride plastisol (PVCP)). Although several types of organ-
specific PAlI phantoms are reported, further efforts are still required to establish a preclinical
imaging phantom that mimics the realistic mouse model with the possibility of tuning the optical
and acoustic properties. As there are different configurations of PAI for preclinical imaging, a
stable anthropomorphic phantom is required to establish standards with a community
consensus, to accelerate the device design optimization. Therefore, a methodology for
fabricating a realistic, durable, and stable anthropomorphic phantom for PAl is still in great need

[25].

In this paper, we describe the design, fabrication, characterization, and imaging of a high-
resolution anthropomorphic mouse phantom for preclinical PAI. Exhaustive characterization
such as broadband acoustic measurements of sound speed and attenuation, as well as optical
scattering and optical absorption measures have been performed to assess the phantom
properties and PA image quality. In particular, the speed of sound and acoustic attenuation
values were determined over a frequency range of 3 to 12 MHz, and optical absorption and
scattering properties were evaluated over a wavelength range of 600 to 1000nm. A
customized TMM based on copolymer-in-oil with 3D-printing enabled the fabrication of the

anthropomorphic mouse phantom with high accuracy, durability, stability, and tunable optical
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properties. Further, we performed multispectral photoacoustic and ultrasound imaging of the
mouse phantom. To our knowledge, this is the first time using 3D-printing technology to
establish an anatomically accurate, durable, and heterogeneous small animal phantom for PAI.
The proposed methodology can be adapted by researchers and clinicians to construct realistic
tissue-mimicking phantoms for the continuous development of PAI. The reported mouse
phantom can be used as a tool for many applications involving systemic whole-body
investigations, inter-device comparisons, and to test newly developed image and data

processing algorithms for PAI.

2. Materials and methods

2.1. Anthropomorphic mouse phantom fabrication

A realistic anthropomorphic mouse phantom was fabricated by combining 3D-printing
technology with copolymer-in-oil used as a tissue-mimicking material. The fabrication process
included feature extraction from a mouse atlas, object modeling and optimization, 3D-printing,
and assembly. To extract the realistic features, the 3D whole-body mouse atlas obtained from
co-registered CT and cryostat data was used [26]. From the mouse atlas, the skeleton and the
main abdominal organs were segmented and converted into the Standard Tessellation Language
(STL) format consisting of triangulated surface mesh structures. The computer-aided design
(CAD) software Rhino (Rhinoceros v.6, McNeel& Associates) was used for the modeling of these
anatomical parts. After the modeling, the object files were optimized and smoothed in
Meshmixer (Autodesk, Inc., Toronto, Canada) to have single solid objects with a properly closed
mesh. Finally, the object models were prepared in Preform (Formlabs Inc., Somerville, MA, USA)
by optimizing the proper object orientation and removable supports to obtain the files suitable

for 3D-printing.

For the skeleton model, two artificial cylinders were created using Meshmixer (Autodesk,
Inc., Toronto, Canada) to connect the forelimbs and shoulders to the spine, thus enabling the
printing of the skeleton as a single contiguous object (see Fig. 1 (A)). After this modification, the

3D model of the skeleton was smoothed and refined in Meshmixer, making it ready for 3D-
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printing. In addition to the skeleton, a custom-designed mouse holder with a refillable cavity
was also designed (see Fig. 1 (B)). The mouse holder and the cavity mimic the shape of the mouse
and the bladder respectively. In addition to the mouse holder, the main abdominal organs such
as kidneys, liver, and spleen were also segmented from the atlas and included in the mouse
phantom design. After the segmentation, the respective STL files of the abdominal organs were
modeled and optimized in Meshmixer. Negative molds of the organs were fabricated (see Fig. 1

(C-E)), which can be filled with the TMM with different acoustic and optical properties.

Fig. 1 depicts the STL-designed objects of the mouse phantom including the skeleton, mouse
holder, and the abdominal organs’ molds. The stereolithographic (SLA) 3D-printer and white
standard resin (Formlabs Form 3, Formlabs Inc., Somerville, MA, USA) were used for all object
printing. The 3D-printing resolution was specified as 100um during the design process to achieve
a rapid prototype with limited errors. After the printing of the objects, a double washing in an
isopropyl alcohol bath for 20 minutes was performed to remove excess resin. The support
materials were then removed carefully and the objects were post-cured in a UV oven for 15

minutes at 60 °C (Formlabs Form Cure, Formlabs Inc., Somerville, MA, USA).

Figure 1. STL-designed models of the mouse phantom parts as the skeleton (A), mouse holder with a refillable cavity

mimicking the bladder within the dashed insertion (B), and organ molds of the liver (C), spleen (D), and kidneys (E).
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2.1.1. Copolymer-in-oil TMM

For synthesizing the tissue-mimicking material (TMM) the recently proposed copolymer-in-
oil recipe was adapted and optimized [27]. This durable and tested soft TMM was used to
prepare the organs and the bulk of the fabricated mouse phantom. The copolymer-in-oil-based
material was prepared using 78% w/w of mineral oil (Sigma Aldrich-330779-1L) mixed with
three polymeric powders. Specifically, 12% w/w of polystyrene-block-poly(ethylene-ran-
butylene)-block-polystyrene (Sigma Aldrich 200557-250G), 8% w/w of low-density
Polyethylene (Alfa Aesar 43949.30), and 2% w/w of butylated Hydroxytoluene (Sigma Aldrich
W218405-1KG-K) were used. The mixture was prepared in a silicone oil bath (Sigma Aldrich
85409-1L), which was warmed up to 170°C with a stirrer set to 50 rpm for uniform
temperature distribution. The polymers were then sequentially added to the mineral oil under
stirring conditions of 150 rpm, until all components were completely dissolved and the
mixture turned clear. Finally, the material was carefully poured into a mold and was allowed to
set at room temperature until completely polymerized. Further details of the copolymer-in-oil

preparation are reported elsewhere [19].

Optically absorbing dyes were added to tune the optical properties of the soft base
material. Specifically, the base TMM was doped with 0.02% w /v of graphene powder (Sigma
Aldrich 900561), and 0.05% v /v of blue, green, and pink inks (Oil colors, Winsor & Newton,
London, UK) respectively. Organs were fabricated by pouring the doped soft material into the
3D-printed organ molds. Blue and green oil color inks were used for the spleen and the liver
respectively, while graphene powder additive was used for simulating the kidneys. In addition,
the soft base material mixed with low-absorbing pink ink was used to mimic the background
tissue. Once prepared, the copolymer-in-oil base material doped with the additives could be
re-heated in a silicone oil bath and reused for pouring into the organ molds and refilling the

mouse phantom holder as described above.

After the fabrication and preparation of TMM and organs, the mouse phantom was
assembled by positioning all organs in realistic reciprocal positions. Firstly, a thin layer of pink

background TMM was slowly poured into the mouse holder, which was temporarily fixed on a
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metal plate. Before the material started solidifying, the skeleton, liver, spleen, and kidneys
were positioned within the holder with the help of tweezers. Finally, the rest of the holder was

slowly filled with the pink base material to complete the fabrication of the mouse phantom.
2.2. Acoustic characterization

For the acoustic characterization, copolymer-in-oil-based TMM slabs were fabricated by
pouring the material into rectangular molds with different thicknesses (1.3 and 1.5 cm) to
enable multiple evaluations. Fig. 2 depicts the diagram of the experimental setup used for
performing speed of sound and acoustic attenuation measurements. Measurements were
conducted in an 8 L acrylic tank (45 cm x 12 cm x 15 cm) filled with distilled and degassed
water. A pair of broadband transducers (Panametrics V313, 6.35 mm diameter, 19 mm focal
length, 15 MHz center frequency; Olympus NDT, Waltham, MA, USA) was used to acquire the
through-transmission spectrum using a broadband substitution technique [28]. An ultrasound
pulser-receiver (DPR300, JSR Ultrasonics, Pittsford, NY) was used to generate the excitation
pulse and amplify the received signal (0-70 dB gain). Received waveforms were averaged
(typically 64 traces per acquisition), digitized (LT264, LeCroy, Chestnut Ridge, NY, USA), and
transferred to a computer for analysis using MATLAB (Mathworks, Natick, MA, USA). The
frequency-dependent spectrum (insertion loss in dB or estimated attenuation coefficient in

dB/cm) is computed from the measured voltage-time waveforms:

2
|Vref(f)| )/d (1)

Ameas (f) = 101log;, <W
sample

where 045 is the frequency-dependent attenuation coefficient of the material (in
dB/cm); Vyer and Vegmyie are the received voltage amplitude spectra in the absence (through-
water) and presence (through-sample) of the sample, respectively, and d is the thickness of the
sample. For determining the thickness d, the samples were sandwiched between two glass
microscope slides (thickness 1.0 mm) and measured with vernier calipers (+ 0.2 mm). The
thickness of the sample was determined by subtracting 2.0 mm from the overall

measurement.
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Figure 2. A schematic of the experimental setup for the insertion technique used to measure the speed of sound and
acoustic attenuation. Broadband transducers are driven with a pulser-receiver in through transmission mode. The

received waveforms are digitized and analyzed using MATLAB.

The attenuation was measured over the frequency range corresponding approximately to
the -20 dB bandwidth of the system. From previous findings, the attenuation measurements
accounting for the interfacial losses were assessed. These measures have shown that the
impact of the interfacial losses is negligible [19]. Therefore, the acoustic attenuation
measurements have not been corrected for reflective losses at the water/sample interface. The

frequency-dependent attenuation was fit to a power-law of the form:

Ameas(f) = aOfPL (2)

where f is the frequency (in MHz) and a, and PL are fitting parameters [29]. The phase speed
method is implemented using a spectroscopic technique and the frequency-dependent speed

of sound (in m/s) has been evaluated as described elsewhere [30]-[32].

2.3. Optical characterization

The absorption and reduced scattering coefficients of TMM samples doped with different
additives have been measured within the spectral range of 600 — 1000 nm. Copolymer-in-oil
material slabs including the different additives were fabricated for measurements of optical
properties. The doped TMMs were poured within a 2 mm thickness spacer positioned between

two glass microscope slides.
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Measurements of the total transmittance and reflectance of the tissue samples were made
between 600 — 1000 nm using a dual-beam spectrometer (Lambda 750s; PerkinElmer,
Beaconsfield, UK) equipped with a 100 mm integrating sphere (LabSphere Inc., North Sutton,
NH, USA) and small spot kit to reduce the beam-illuminated area of the samples to
approximately 2 mm diameter for both configurations. Details of the setup have been
described previously [33]. Measurements were recorded at 5nm intervals in optical
wavelength, using a slit width of 5 nm below 860 nm and servo-controlled slit width (2 —
20nm) in the near-infrared (NIR) regime above 860 nm . The measurements of total
transmittance and reflectance, and the sample thickness, were used to calculate the absorption
coefficient u,(cm™1) and the reduced scattering coefficient ' (cm™1) using the inverse
adding-doubling (IAD) algorithm [34]. The spectrometer system measures the ratio of the
reference and sample beam energy, therefore eliminating the need for sphere efficiency
corrections. The tissue index of refraction was assumed to be 1.4, and the anisotropy factor

was assumed to be 0.97 for the IAD calculations.

2.4. Photoacoustic imaging acquisition

Photoacoustic imaging of the mouse phantom was performed using a commercial high-
frequency ultrasound (US) and photoacoustic (PA) platform Vevo LAZR-X (FUJIFILM
VisualSonics, Inc., Toronto, ON, Canada), described in detail elsewhere [35]. The imaging setup
included a high-frequency US system (Vevo 3100), an optical parametric oscillator (OPO)
integrated Nd:YAG nanosecond pulsed laser, and the animal imaging platform. The US system
is equipped with a linear US transducer array (MX201) that consists of 256 elements at a
nominal center frequency of 15 MHz and bandwidth across 10 — 22 MHz. This transducer
results in axial and lateral resolution of 100um and 220um respectively. Light from the laser is
delivered to the sample through optical fibers, mounted on either side of the transducer. To
obtain the homogenous light illumination, the sample to be imaged was placed within the
converging area of the two light beams. The repetition rate of the laser was 20 Hz, and the
multi-spectral photoacoustic images could be acquired by tuning the laser wavelengths within
the range of 680 — 970 nm. The system allowed the selection of any wavelength within this

NIR range. In particular, for the experiments, we used a step size of 20 nm between the
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wavelengths to acquire the 3D multi-spectral PA images. During the image acquisition, the
mouse phantom was fixed on a container filled with degassed water, which has been used as a

coupling medium.

2.4.1. Statistics and image analysis

The photoacoustic signal and image analysis were conducted using VevolLAB Desktop
Software (FUJIFILM VisualSonics, Inc., Toronto, ON, Canada). Linear unmixing was performed
on the multi-spectral photoacoustic data to spatially differentiate the different absorbers
embedded within the mouse phantom [36]. Linear unmixing of the volumetric multi-spectral
photoacoustic data was also performed in VevolAB, via the built-in unmixing tool. The source
spectra were obtained by spectral photoacoustic preliminary measures on the pure absorbers,
thus the respective spectra could be stored in the spectral library and further used for the

unmixing as described elsewhere [37].

2.5. Photospectral photoacoustic stability

Since pulsed lasers are used in PAl, it is important to test whether a material is subjected
to photobleaching under multiple laser exposures. Copolymer-in-oil doped samples were used
to perform the photostability measurements. To assess the photoacoustic spectral stability, a
fixed position within the doped TMM samples was irradiated with 16000 laser pulses over a
period of 30 minutes using 700nm , 800nm , and 900 nm light wavelengths. The
photoacoustic spectral intensities along multiple laser pulses were measured from the different
doped soft TMMs. To study the relationship between the photoacoustic signal amplitude and
the light source pulse, a circular region of interest (ROI) was defined for each doped material,
and the mean pixel intensity values across each ROl were calculated. The energy of the laser
cart was also recorded for every pulse to normalize the photoacoustic intensity values with any
laser energy fluctuations. Therefore, the stability characteristics of the material are

independent of the system.
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2.6. Temporal stability

The long-term stability of the soft TMMs used for the mouse phantom was also assessed.
Mouse phantoms were stored in a dry steel container at room temperature and pressure.
Photoacoustic images of the mouse phantoms were acquired over nine months. Over this time
frame of nine months, the mean photoacoustic intensity values were evaluated from a selected
ROI per each TMM doped with the different optical additives. This was used to estimate the

stability of the photoacoustic properties of the material over the investigated time frame.

3. Results

3.1. Mouse phantom fabrication

Fig. 3 (A-C) show the 3D-printed objects after removing the support material and refining
them with washing/curing procedures. As pointed out by the red arrows in Fig. 3 (A-B),
permanent markers were added in specific positions as strategic markers for future image
registration purposes. In particular, black ink (Edding 3000 Permanent Marker - 1.5 — 3 mm -
Black) was used to mark the shoulders, and green ink (Edding 3000 Permanent Marker - 1.5 —
3 mm - Green) was adopted to mark the top part of the bladder of the mouse phantom holder.
Fig. 3 (C) shows the liver, spleen, and kidney molds used to make the respective mimicking

shape organs utilizing doped copolymer-in-oil material, as depicted in Fig. 3 (D).

Fig. 4 shows some of the steps in the phantom fabrication and parts assembly. Fig. 4 (A)
shows an initial phase where the mouse holder was fixed on a metallic plate, where a thin layer
of pink copolymer-in-oil material was poured. Besides, the skeleton and the organs were also
placed and fixed by matching their relative positions in accordance with the real anatomy.
Finally, the rest of the phantom was filled with pink copolymer-in-oil material poured to fill the
whole thickness of the mouse holder. Fig. 4 (B-C) depicts the final mouse phantom in its supine

and prone position respectively.
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phantom filled with copolymer-in-oil material doped with pink oil color ink from the front/supine view side (B) and

back/prone view side (C).

3.2. Acoustic properties

The acoustic attenuation coefficient and the speed of sound for the samples of copolymer-
in-oil TMM without and with additives were evaluated. Fig. 5 (A-B) show the frequency-
dependent acoustic attenuation coefficient obtained for the samples made from copolymer-
in-oil material without additives and for the samples doped with oil color inks and graphene
powder respectively.

Table 1 gives the measured speed of sound (SOS). Besides, the attenuation variables a and
PL used to evaluate Eq. (2), which represent the best-fit parameters for the power law fit for
each material are reported. These parameters were calculated over the 3 — 12 MHz

frequency range.

(A) Copolymer-in-oil (B) Copolymer-in-oil
without Additives with Additives

n
(3]
n
[4,]

—Data mean (u) —— GRAPHENE

= |[Ipatastd (o) =
£ p £ BLUE Ink
9 20 |- - -Fit: o = 0.32 7% [dB/cm] 8200 -REEN Ink
3 S, | —PINKInk
1] 15 0 15
1] (]
o o
- |
< 10 c 10
e 2
5 5
w 5 w 5-
= £

0 0

4 6 8 10 12 4 6 8 10 12
Frequency [MHz] Frequency [MHz]

Figure 5. Acoustic attenuation of copolymer-in-oil samples without additives (A), and mixed with additives such as

graphene powder, blue, green, and pink oil color inks (B).

The results obtained show that the speed of sound of the TMM ranges between 1486 —
1514 m/s. These results suggest that the material would be suitable for mimicking the speed
of sound of tissues such as breast fat (1450 — 1490 m/s), as well as for tissues such as skin,

muscle, kidney, or prostate (= 1520 m/s) [38].
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Table 1. Measured physical properties of the phantom materials used in this study.

Copolymer-in-oil SOS [m/s] ag [dBcm *MHz PL] PL [a.u.]
material
NO Additives 1514 + 2.53 0.32+£0.018 1.66 + 0.024
GRAPHENE 1486 + 0.91 0.31 £ 0.045 1.68 £ 0.055
BLUE Ink 1486 £ 0.71 0.32 £+ 0.045 1.67 £ 0.048
GREEN Ink 1487 + 0.78 0.29 £ 0.022 1.71 4+ 0.021
PINK Ink 1511 + 44 0.32+£0.022 1.69 £ 0.020

3.3. Optical properties

The optical properties of the fabricated copolymer-in-oil soft TMM used for the organs and

as bulk material within the mouse phantom were evaluated.

The optical absorption and scattering properties of the base TMM without additives

1, which

showed negligible absorption and did not exceed a reduced scattering value of 1 cm™
is still below the threshold of most soft tissues [39]. As a result, it was possible to tune the
optical properties of the material through further additives. This flexibility suggests that the
optical characteristics of the proposed material can be independently tuned and adapted to
any soft tissue type of interest. The optical absorption and scattering coefficients were

measured within the range of 600- 1000 nm, which includes the near-infrared range | (NIR-I)

widely used for in vivo applications of PAI.

Fig. 6 (A) shows the reduced scattering coefficient (i), and Fig. 6 (B) optical absorption
coefficient (u,) of copolymer-in-oil material samples doped with graphene powder as well as
blue, green, and pink oil color inks. The plots include the mean of measures obtained from

multiple samples.
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Figure 6. Reduced scattering coefficient (A), absorption coefficient (B), and photoacoustic absorption spectra (C) of the
copolymer-in-oil samples mixed with additives such as graphene powder, blue, green, and pink oil color inks. The

highlighted region between 680 — 970 nm represents the corresponding NIR-I range used in photoacoustic imaging.

From the measured optical properties, we observed that the material intrinsically shows
scattering properties, without the addition of exogenous scattering agents such as titanium
dioxide. In particular, the reduced scattering coefficient showed a uniform and slightly
decreasing trend for the copolymer-in-oil samples doped with graphene and pink oil color ink.
While blue and green oil color inks showed an initial lower reduced scattering coefficient that
becomes higher and continuous after 700 nm and 800 nm respectively. The measured
reduced optical scattering coefficient values could be used to simulate different types of soft

tissues [38], [40].

Besides, the samples with different additives showed distinct absorption spectra over the
wavelength range of 600 to 1000 nm (Fig. 6 (B)). These absorption characteristic spectra
differed in shapes in this range. Specifically, the blue oil color ink showed an absorption peak
at 600 nm, the green oil color ink showed a broad absorption peak centered at around
680 nm, while graphene and pink oil color ink showed a broad flat absorption spectrum. In

addition, the optical absorption spectra of the copolymer-in-oil material doped with additives
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showed different spectra from those of endogenous tissue chromophores. However, their
characteristic spectral trend enables to test and evaluate spectral unmixing algorithms [41],

[42].

Fig. 6 (C) shows the photoacoustic absorption spectra plotted as normalized intensity
within the range of 680 — 970 nm (NIR-1) obtained from the same doped samples. While the
blue oil color ink absorption spectrum showed the highest absorption at 680 nm and has a
quasi-exponential decrease afterward, the green oil color ink showed wider absorption until
around 800 - 830 nm before decreasing at higher wavelengths. Besides, pink oil color ink
showed a low-intensity absorption spectrum within the NIR-I range. Finally, graphene showed
a broad absorption spectrum within the 680 -900 nm region and a gradual absorption
decrease toward 900 nm. These photoacoustic spectra are then used for PAl linear unmixing,

to spatially differentiate the different absorbers within the mouse phantom.

3.4. Photoacoustic spectral stability

Fig. 7 shows the normalized PA intensity over the laser pulses of the copolymer-in-oil
samples doped with highly absorbing additives. No significant changes were detected in the
normalized PA amplitude for the doped material. This indicates that the copolymer-in-oil
material doped with different additives such as blue/green oil color inks and graphene is

photostable for the entire exposure period.
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Figure 7. Normalized photoacoustic intensity of the copolymer-in-oil samples doped with graphene powder, blue and

green oil color inks over 16000 laser pulses exposure to test the photostability of the phantom material during laser

illumination at 700 nm (A), 800 nm (B), and 900 nm (C).

17

65



394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

The samples were exposed to laser pulses at different wavelengths such as 700 nm (Fig. 7
(A)), 800 nm (Fig. 7 (B)), and 900 nm (Fig. 7 (C)). The PA intensity can vary through

wavelengths due to the different absorption characteristics of the additives.
3.5. Temporal stability

The mouse phantoms were stored in air at room storage conditions. Under these
conditions, the long-term stability properties of the mouse phantom TMMs were evaluated.
Fig. 8 shows the mean photoacoustic intensity values undertaken over nine months for
copolymer-in-oil samples doped with graphene powder, and blue/green oil color inks. Since
mean PA intensity values remained constant over time, indicating the stability of the material
properties over time, thereby establishes the potential of the material for the fabrication of
durable PAI phantoms. Linear fits of the longitudinal stability measurements gave slopes of
0.0005 + 0.000035, 0.0001 + 0.00002, and 0.0002 + 0.00005 for blue and green oil color
inks and graphene respectively.
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Figure 8. Photoacoustic intensity of the copolymer-in-oil samples doped with graphene powder, blue, and green oil

color inks over time at 700 nm.

3.6. Ultrasound and photoacoustic volumetric imaging

Fig. 9 shows the US-PA imaging of the mouse phantom, where the anatomy appearance
closely resembled that of the real animal. The US image (see Fig. 9 (A)) showed similarities with
real preclinical whole-body US images. In addition, the PA image at a single wavelength of
700 nm (see Fig. 9 (B)) showed the absorption obtained mainly from the organs-like structures
(liver, spleen, and kidneys) as well as from the markers placed on the shoulders- and top of the
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bladder-like structures. Finally, Fig. 9 (C) shows the result of the volumetric linear unmixing
where the different absorbers are spatially and spectrally differentiated. Specifically, the liver,
spleen, and kidneys are depicted in green, blue, and red, and the shoulders and bladder

markers are shown in red and green respectively. Besides, the white resin used for fabricating

the skeleton, mouse holder, and refillable cavity offered negligible optical absorption in PAI.

Figure 9. Ultrasound image in grayscale (A), photoacoustic image acquired at a single wavelength (700 nm) in red scale

(B), and linear unmixed map in the multi-color scale (C) of the mouse phantom.

4. Discussion

Here, we designed and fabricated a stable anthropomorphic mouse phantom that mimics
the detailed morphology of a mouse, including the skeleton and the main abdominal organs.
We used a combination of image modeling, copolymer-in-oil-based materials, and 3D-printing
techniques for phantom fabrication. The overall procedure of fabrication and characterization
of the mouse phantom is reported. The proposed anthropomorphic heterogeneous mouse
phantom showed an accurate correspondence in US and PA imaging appearance as compared
with real preclinical models imaging. The results show that the proposed phantom offers a
tradeoff between simple manufacturing abilities, long durability, and high compatibility of the
material in PAI. Our studies also showed that the phantom is durable and stable over time
under normal room storage and repeated use conditions, and the fabrication protocol is easy

to reproduce. The fabrication methodology proposed in this work can be adapted to fabricate
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any anatomical target of interest and thus open opportunities in diverse applications of
photoacoustic imaging. Besides, the copolymer-in-oil base material offers highly tunable

optical and acoustic properties adequately to mimic different tissue types and compositions.

The mouse phantom offers a suitable combination of durability, long-term stability, and
realistic acoustic/optical properties as compared to hydrogel-based phantoms that are
commonly used in PAIl Therefore the proposed durable anthropomorphic heterogeneous
mouse phantom aims to advance photoacoustic imaging and standardize imaging protocols by
minimizing the animal experiments in compliance with the 3R principle. In the case of
preclinical US-PA imaging, having realistic phantoms to test and validate newly developed

imaging approaches leads to higher chances of success in the in-vivo experiments.

However, for translational applications, the usage of mouse phantom is challenged with
some unaddressed limitations. For instance, flow phantoms are of great importance since they
represent blood flow and perfusion. As recently proposed by Dantuma et al. [23], a breast
phantom that includes a flow circuit with tunable blood oxygen saturation levels can also mimic
the functional information. By leveraging such successful approaches, the field can more

rapidly achieve effective tools for the clinical translation of photoacoustic systems.

In future works, we would introduce complex and interconnected vessel-like networks
within the phantom in order to replicate more realistic PA scenarios. Adding the vasculature
with highly absorbing constituents would help to test also additional aspects. Furthermore, the
use of transparent resin might be useful to fabricate specific parts of the phantom, such as the
refillable cavity which is mimicking the bladder. Thus, this might enable the use of multimodal
contrast agents that can be visible in multimodality and facilitate the development of

multimodal registration techniques.

Moreover, recently Nguyen et al. [16] reported that silk-based phantom materials have
the advantage of not needing additional scattering materials like titanium dioxide. Just by
changing silk concentration and other fabrication methods, the acoustic and optical properties
of the phantoms can also be modulated. Here we have doped the copolymer-in-oil material

just with optical absorbers. We will further explore the acoustic and optical properties by
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tuning the characteristics of the proposed TMM in detail. The addition of extrinsic scattering

components and their effect on the material properties will be also considered.

Phantoms were stable over the duration of the testing (approximately one year). A more
comprehensive longitudinal study would be performed in the future to assess the stability of
the phantoms over experimentally relevant storage conditions. Here the phantoms were
stored at room temperature and wrapped in plastic foil to prevent dust. This changed the
reflection properties of the material, by not maintaining the surface smoothness of the
copolymer-in-oil material. Further improvements in the storage conditions such as using glass
plates will extend the temporal stability of the phantom. Besides, additional characterization
measures will be performed to evaluate the tissue-mimicking characteristics of the PA-

compatible phantom.

Recently, the emergence of multimodal imaging increases the need for phantoms that can
be scanned using different imaging modalities. Although the mouse phantom was optimized for
US-PA imaging, the phantom also effectively showed imaging compatibility in computer
tomography (CT) and magnetic resonance imaging (MRI), presenting distinguishable features in
all four modalities. Thus, the 3D-printed mouse phantom has the potential to produce realistic
images representing various tissues and organs for multimodal imaging applications. In the
future, we aim to optimize the mouse phantom as a multi-modal compatible phantom.
Therefore, the established imaging modalities will be used to validate the newly developed tools
for photoacoustic imaging. Even though some materials mimic accurately the tissue properties,
they only do so for a specific imaging modality. Thus, it is difficult to identify materials suitable
for all imaging modalities. However, this is a rapidly growing field that has great potential to

achieve more versatile phantoms.

5. Conclusions

In summary, we established a standardized protocol for the design and fabrication of
anthropomorphic heterogeneous tissue-mimicking phantoms compatible with photoacoustic
imaging. Realistic phantoms enable to experimentally test newly developed methods, thus

leading to higher chances of success in the in-vivo experiments. Here, we developed and
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fabricated a phantom that mimics the detailed morphology of a mouse, including the skeleton
and the main abdominal organs, using a combination of image modeling, copolymer-in-oil-
based materials, and 3D-printing techniques. Besides, optical and acoustic properties, as well
as the spectral and temporal stability of the phantom have been investigated in detail. Thus,
this durable anthropomorphic mouse phantom would minimize animal experiments in

compliance with the 3R principle as well as open many possibilities for advanced applications.
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Chapter 5

Superpixel spectral unmixing framework for the volumetric
assessment of tissue chromophores: A photoacoustic data-
driven approach*

Abstract:

In this chapter, we have developed a superpixel spectral photoacoustic unmixing
(SPAX) approach that can detect the most and less prominent absorber spectra and
their volumetric distribution without any user interactions. Within the SPAX
framework, we have also implemented an advanced spectral coloring
compensation approach by utilizing US image segmentation and Monte Carlo light
fluence simulations, based on a predefined library of tissue optical properties. The
framework has been tested on tissue-mimicking phantoms and also on healthy
animals.

*This chapter has been published as: Grasso, V., Willumeit-Romer, R., & Jose, J. (2022).
“Superpixel spectral unmixing framework for the volumetric assessment of tissue chromophores:
A photoacoustic data-driven approach.” Photoacoustics, 26, 100367.

76



Photoacoustics 26 (2022) 100367

Contents lists available at ScienceDirect

Ll L
PHOTOACOQUSTICS

Photoacoustics

FI. SEVIER

journal homepage: www.elsevier.com/locate/pacs

L)

Check for

Superpixel spectral unmixing framework for the volumetric assessment of @&
tissue chromophores: A photoacoustic data-driven approach

Valeria Grasso *”, Regine Willumeit-Rémer ™, Jithin Jose ™"

2 FUJIFILM VisualSonics, Amsterdam, the Netherlands
Y Faculty of Engineering, Institute for Materials Science, Christian-Albrecht University of Kiel, Kiel, Germany
¢ Division Metallic Biomaterials, Institute of Materials Research, Helmholtz-Zentrum Hereon GmbH, Geesthacht, Germany

ARTICLE INFO ABSTRACT

Keywords: The assessment of tissue chromophores at a volumetric scale is vital for an improved diagnosis and treatment of a
Blind source separation large number of diseases. Spectral photoacoustic imaging (sPAI) co-registered with high-resolution ultrasound
Photoacoustic

(US) is an innovative technology that has a great potential for clinical translation as it can assess the volumetric
distribution of the tissue components. Conventionally, to detect and separate the chromophores from sPAI, an
input of the expected tissue absorption spectra is required. However, in pathological conditions, the prediction of
the absorption spectra is difficult as it can change with respect to the physiological state. Besides, this con-
ventional approach can also be hampered due to spectral coloring, which is a prominent distortion effect that
induces spectral changes at depth. Here, we are proposing a novel data-driven framework that can overcome all
these limitations and provide an improved assessment of the tissue chromophores. We have developed a
superpixel spectral unmixing (SPAX) approach that can detect the most and less prominent absorber spectra and
their volumetric distribution without any user interactions. Within the SPAX framework, we have also imple-
mented an advanced spectral coloring compensation approach by utilizing US image segmentation and Monte
Carlo simulations, based on a predefined library of optical properties. The framework has been tested on tissue-
mimicking phantoms and also on healthy animals. The obtained results show enhanced specificity and sensitivity
for the detection of tissue chromophores. To our knowledge, this is a unique framework that accounts for the
spectral coloring and provides automated detection of tissue spectral signatures at a volumetric scale, which can
open many possibilities for translational research.

Spectral coloring

Spectral imaging

Ultrasound

Unsupervised machine learning

time and expensive hardware to attain a homogeneous magnetic field to
guarantee high spatial resolution [3,4]. Other alternatives, such as

1. Introduction

The non-invasive assessment of molecular tissue components plays
an essential role to facilitate improved medical diagnosis and treatment
monitoring. In the past decade, there has been a clear emphasis to
monitor physiological and pathological changes in a volumetric vision
instead of specific 2-dimensional (2D) planar views of the respective
organs [1]. Thus, most of the recent developments in pre-clinical im-
aging are evolving in the direction of whole-body visualization. This
enables the systemic follow-up of disease progression and also the
visualization of multiple organs, by promoting the reduction and
refinement of laboratory animals [2]. Many established tomographic
imaging modalities facilitate whole-body imaging in pre-clinical studies.
Although these imaging techniques are widely used, they also have some
drawbacks. For example, preclinical MRI suffers from long acquisition

* Corresponding author.

X-ray, CT [5,6], and PET [7] use ionizing radiation that can lead to
undesired side effects in longitudinal studies [8].

Optical imaging modalities, such as fluorescence [9] and biolumi-
nescence [10], represent a radiation-free option that enables
whole-body imaging [11]. Further optical imaging modalities, such as
optical coherence tomography [12,13], diffuse optical tomography [14,
15], and hyperspectral imaging [16,17] have been investigated in
pre-clinical research and also translated towards clinical applications
[18-20]. Although optical imaging technologies are promising in
monitoring molecular information due to their high sensitivity, most of
these approaches suffer from lower spatial resolution and imaging depth
[21].

The hybrid imaging techniques that combine complementary
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modalities, represent the ideal solution to mitigate these limitations of
imaging depth and spatial resolution. Recently, different combinations
such as optical-CT, PET-CT, PET-MRI, and Ultrasound-Photoacoustic
(US-PA), have been integrated to facilitate multimodal information of
the tissues [22]. The combination of US-PA is a hybrid technique as it
can simultaneously provide the anatomical, functional, and molecular
information of the tissue of interest.

Photoacoustic (PA) is a non-ionizing technology that is based on
laser-induced ultrasound waves [23-25]. In PA, near-infrared (NIR)
pulsed laser light is used for tissue excitation. The optical energy ab-
sorption induces tissue thermoelastic expansion that leads to the gen-
eration of acoustic signals, which can be detected just as conventional
ultrasound. Since ultrasound scattering in biological tissues is almost
three orders lower than optical scattering, US-PA guarantees higher
spatial resolution and imaging depth (up to several cm) as compared to
pure optical techniques [26].

In photoacoustic the signal generation is proportional to the optical
absorption contrast. Thus, illuminating the tissues at different wave-
lengths enables the detection of molecular tissue constituents. Particu-
larly, since tissue chromophores have distinct spectral absorption
signatures, spectroscopic PA imaging is intrinsically sensitive to detect
biomarkers, endogenous, and exogenous contrast agents [27]. Recently,
spectral photoacoustic imaging (sPAI) has shown potential for a wide
range of applications such as tumor theranostics, oxygen saturation
imaging, atherosclerotic plaque detection, and the imaging of sentinel
lymph nodes [28-33].

Linear spectral unmixing is a commonly used method to differentiate
specific tissue components from sPAI [34]. This is a fitting-based method
to unmix the spectra, therefore it requires the user interaction to input
the expected tissue chromophores. In the case of disease conditions,
these types of supervised spectral unmixing can be challenging, as the
actual absorption spectra of the chromophores could differ from the
theoretical curves [35].

A highly sensitive spectral unmixing method that can accurately
distinguish all the molecular tissue components, without any user in-
teractions, is auspicious. Unsupervised Machine Learning (ML) ap-
proaches such as Principal Component Analysis (PCA), Independent
Component Analysis (ICA), Vertex Component Analysis, and Non-
negative Matrix Factorization (NNMF) are label-free methods that
extract characteristic components in a data-driven way [36,37]. On the
other hand, various neural network architectures have been also pro-
posed to automatically unmix oxy- and deoxy- hemoglobin spectra, by
utilizing large training datasets of SPAI [38]. Generally, these algorithms
follow an iterative optimization procedure that minimizes the cost
function. Besides, the strong PA signal from the oxy/deoxy hemoglobin
can obscure the presence of less prominent components, such as lipids
and collagen, leading to incomplete identification of tissue constituents.
Thus, if the majority of the observed pixels contain high absorbing tissue
components, there is a significant probability that the less prominent
absorbers are discarded in the iterative optimization, as the spectra of
these can be overlapped. Hence, these approaches mainly detect the
most prominent absorbers, such as melanin and oxy/deoxy hemoglobin
[39].

Spectral coloring effect is a known artifact, that plays a crucial role in
the sensitivity and specificity of tissue biomarkers detection and thus
limits the current translational research applications. This is a corrup-
tion effect that alters the spectrum of the incident light along the tissue
heterogeneity at depth and consequently leads to misinterpretations of
the absorption spectrum shape of the tissue components [40]. Specif-
ically, due to light fluence attenuation along the depth, it is difficult to
retrieve the actual absorption fingerprint of the tissue components from
sPAI For example, the same absorber at different depths might show a
diverse absorption spectrum as the absorbed light is different. To
compensate for the light fluence variations along the depth, pre-defined
simulations can be used, but this approach is also complex as it requires
detailed information about the tissue to be imaged [41]. Recently,
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Tzoumas et al. [42] have proposed an eigenspectra-based fluence
correction approach and automatically estimated the blood oxygen
saturation (SO;) in deep tissue. Their proposed approach is based on
fluence modeling through the eigenspectra analysis which is mainly
used to compensate for SO,. Hence, it is still challenging to automati-
cally and accurately extract multiple molecular components, such as
prominent and weaker tissue absorbers, from sPAI.

In this work, we developed a novel data-driven superpixel PA
unmixing (SPAX) framework to enable the differentiation of molecular
tissue components, without any user interactions. The framework is also
extended to compensate for the spectral coloring artifact. To compensate
for the spectral coloring we are proposing an automated US image
segmentation and spectral Monte Carlo (MC) light fluence simulations
based on a predefined library of tissue optical properties. The approach
is also optimized for the volumetric assessments of tissue composition.
Besides, it includes an optimized visualization of the molecular com-
ponents’ distribution with unprecedented details. This is a unique data
processing procedure, that differentiates the SPAX framework from the
other spectral unmixing algorithms. We benchmarked the sensitivity
and accuracy of the proposed approach on tissue-mimicking phantoms,
volumetric tissue composition, and also on whole-body animal imaging.

2. Material and methods
2.1. Theoretical background

In photoacoustic (PA), nanosecond pulsed laser light is used as an
excitation source, causing thermoelastic expansion of the tissues. The
corresponding initial pressure distribution leads to the generation of
acoustic waves that propagate toward the ultrasound (US) detectors.
Therefore, the reconstructed PA image is a spatial representation of the
initial pressure distribution po(7, 2) defined as follows:

po(7,2) = D(7F ), (7, )D(T, 245 g, My &) )

where T represents the spatial coordinates of the voxel, 1 is the

wavelength, u, is the optical absorption coefficient, y; is the scattering
coefficient, g is the optical anisotropy factor, I is the Griineisen
parameter, and @ is the light fluence. As established by Eq. (1) the initial
pressure distribution p, (7, 1) depends on the wavelength of excitation A
and the fluence @. During spectroscopic photoacoustic imaging (sPAI),
the intensity of each pixel at different wavelengths is proportional to the
absorption spectrum of a combination of tissue components p, (7, 4;) ~
1 (T %), where 4; € {4, ..., Ay} and N is the total number of wavelengths
of the excitation light. This is a low-rank approximation of the sPAL
Hence, the pixels intensity of the SPAI and consequently the underlying
initial pressure distribution can be represented as:

po(7', A1) p(T ) e e el
: ~ : /1,<6{/117...7/1N} . :
Po(7 ) Ho(T ) A [C]
(2)
where q is the number of distinct dominant absorbers, [C1], ..., [Cy]

represent the concentrations of the different components, and eﬁl ey sﬁq
are the molar extinction coefficients of the components, V4;, where i € {
1,..,N}.

In a Linear Mixture Model (LMM), the sPAI can be formalized as:

X ~ WH 3

where X € RPN is the mixture matrix of p observations and N vari-
ables. X contains per each column the vectored PA image at a specific
wavelength. The matrices W € R**? and H € R?contain the abundance
maps and the absorption spectra of g source components, respectively.
As described by Li et al. [43] the conventional approach to solve Eq.
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(3) is to input the source spectra H as a priori information. Besides, blind
source separation algorithms [44] can also be used to iteratively solve

Eq. (3), where both H and W are unknown variables.

2.2. Superpixel Photoacoustic Unmixing (SPAX) framework

Fig. 1 shows the flowchart of the SPAX framework. Each procedure

us
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within the framework has been implemented and refined in order to
minimize the user interaction. A detailed description of the SPAX

framework procedures is provided below.

2.2.1. Input data

The high-resolution ultrasound (US) and multi-spectral photo-

sPAI
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acoustic images (sPAI), within the wavelength range of 680 — 970nm,

Fig. 1. Flowchart of the Superpixel Photo-
acoustic Unmixing (SPAX) Framework. The
numbers (1 — 6)represent the sequence of pro-
cedures implemented within the SPAX frame-
work. Symbols legend:  4;: light wavelength;
M,: absorption coefficient;  p: scattering
coefficient; g: anisotropy coefficient; n: refrac-
tive index; p,: initial pressure; 7: spatial co-
ordinates; @: light fluence; I': Grimneisen
parameter; X: mixture matrix; p: number of
observations; N: number of variables; W
abundance maps; H: source spectra; U: left-
eigenvectors; S: eigenvalues; V: right-
eigenvectors; ¢: number of endmembers;
E[H;H;]: cross-correlation; X,: mixed subset; k:

number of mixed subsets; H;: source spectra of

X;.
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represent the input of the proposed SPAX framework.

2.2.2. Automated segmentation

An automated segmentation approach that differentiates various
tissue structures has been implemented to guide the light fluence
compensation. Within this approach by utilizing the high-resolution US
images, the skin line, tissue structures, and coupling medium can be
detected. Specifically, the skin-line boundary was automatically ob-
tained by determining a threshold from the ditch of the gradient histo-
gram of the US image. After thresholding the US image, the Sobel filter is
applied as edge detection method for finding the tissue boundaries.
Thus, the detected skin line is then used as a watershed to distinguish the
tissue structures and the background. Besides, in the case of phantom
imaging, circular inclusions can be recognized by using the Hough
Transform, which results in fully-automated segmentation.

Once segmented, the images are labeled and tagged with optical
properties gathered from literature in terms of absorption and scattering
[45-48]. Thus, each cluster is linked with the spectral optical properties
collected in a predefined library. This predefined collection of spectral
optical properties of the tissue components is provided in detail in the
Supplementary Materials (see Supplementary Materials; SupMatTable).
The tissue optical properties values have been retrieved from literature
at each wavelength of the sPAI acquisition. For exogenous agents, the
absorption characteristics have been measured via spectrophotometer
and the scattering properties were evaluated according to the concen-
tration of the pigments by following the Mie scattering theory [49]:

200016
=G = (1 - g); g(2) = 1.1 - 0584 “)

s

ﬂx*T

where y; denotes the scattering coefficient in mm™!, 1 is the wave-
length of the light in um, C is the concentration in mL/L, 4, is the reduced
scattering coefficient, and g is the anisotropy factor approximated by Eq.

4.

2.2.3. Fluence compensation

After the segmentation, the light fluence correction step has been
incorporated into the SPAX framework. The light fluence distribution
was simulated with MCXLAB [50] at each wavelength of light used
during the sPAI acquisition. Fluence simulations were run with 10°
photons, all launched isotropically at each wavelength, and voxel linear
length of 0.3mm. Although in the experiments we are using a double-side
illumination as a light source, the two beams are converging, and thus
guarantee a uniform illumination at the surface. Since during the US-PA
image acquisition, we are normally positioning the surface of the sam-
ple/animal close to this converging point, we could approximate the
light source as a truncated Gaussian beam in the simulations. Thus, the
excitation light source was set as a truncated Gaussian beam with a waist
radius of 200 voxels, with its center on the top of the skin line. The
fluence map is obtained by integrating the flux output from MCXLAB
over time, using time steps of 0.01ns for a total range of 50ns. The light
fluence distribution has been simulated in 2D per each slice of the
volumetric domain. Finally, since the same energy has been used at each
wavelength to attain the fluence in each voxel, this is normalized to the
total energy from the light source. Thus, the obtained fluence maps were
normalized and the results have been interpolated to render and match
the volumetric imaging domain.

2.2.4. Automatic estimation of the hyperparameter

Singular Value Decomposition (SVD) is implemented to estimate the
number of significant components, named hyperparameter (q), by
inspecting the mixed sPAI data along orthogonal directions. The auto-
matic tune of the rank hyperparameter is crucial to have an unbiased
characterization of the tissue composition. In particular, the SVD
method enables to determine and sort the directions along which the
variables exhibit higher variation, which represents the low-rank
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approximation of the original data [51]. To estimate the number of
significant components, the so-called elbow method has been applied
[52]. Thus, the mixed sPAI matrix X, which is also described as a linear
mixture in Eq. (3), is expressed as X = USV', where U and V are matrices
of the left- and right-eigenvectors respectively. S is the diagonal matrix
of eigenvalues in decreasing order. The gradient operation has been
applied to the eigenvalues to determine the “elbow”. By interpolating
the eigenvalues after the elbow with linear fitting, the noise level is
defined. We selected the SNR 2:1 as a watershed to automatically
distinguish the relevant information above the defined noise level.
Consequently, all the eigenvalues that have SNR higher than 2 : 1 are
selected and thus it defines the actual number of endmembers q.

2.2.5. Unsupervised unmixing of prominent absorbers

The unsupervised unmixing of the prominent absorbers is based on a
modified and optimized version of Non-negative Matrix Factorization
(NNMF). This approach recognizes an initial set of underlying highly
absorbing molecular components, such as oxy/deoxy hemoglobin. Thus,
q source spectra (H) and the respective abundance maps (W) are ob-
tained. The details of the optimized NNMF algorithm are described in
our previous work [53].

2.2.6. Superpixel subsampling

After the unmixing of the prominent absorbers, to differentiate the
less prominent molecular components, a novel spectral superpixel sub-
sampling (SS) approach has been implemented and integrated within
the SPAX framework. In this procedure, we further analyze the spectra H
and the respective distribution pixels W, where there is an overlapping
of the prominent absorbers. A detailed workflow of the superpixel
subsampling procedure is provided and described below.

SS-Stepl: Cross-correlation of the source components H. To
select the overlapping wavelengths and pixels a cross-correlation is
performed between all the prominent detected spectra H, obtained from
2.2.5. The cross-correlation matrix E[H;H;] , where i, j€ {1,....q}, is
symmetric. The correlation coefficients can range from —1 to 1, with O
representing no correlation, —1 and 1 representing a direct negative or
positive correlation respectively.

SS-Step 2: Subsampling. Each matching pair of spectra (H;H;) with
a positive correlation (E [HiH,-] > 0) is analyzed in detail and the wave-
lengths in which the components have similar intensity are selected for
further analysis.

In addition to the spectral analysis, the abundance maps (W;W;)
obtained from 2.2.5 of the positively correlated components were also
further analyzed. A pixel-to-pixel intensity comparison is performed
between the respective abundance maps. A kernel of dimension three
around each pixel is used to determine the pixels’ average used as a
threshold. The pixels with similar intensities, which are above the
threshold have been selected. In this way, subgroups of meaningful
wavelengths and pixels are obtained for further analysis.

In particular, by using the subgroup of wavelengths and pixels, a
reduced subset (5(:) is created from the original raw dataset (X). Where
s € {1,...,k} and k represents the number of positively correlated com-
ponents.

SS-Step 3: Subsets Unmixing. To detect less prominent absorbers,
per each subset X,, the unmixing procedures 2.2.4 and 2.2.5 are reit-
erated till the process converges. Thus, per each subset X., after SVD and
NNMF a subgroup of spectral components I/LI\S is obtained. This pro-
cedure is repeated till all the k subsets have been analyzed and thus the
condition s +1 > k is verified.

SS-Step 4: Interpolation & Clustering. The spectral components
I/{I: , obtained from each reduced subset 5(\5 , are linearly interpolated to
have the original number N of variables/wavelengths. Finally, k-means
clustering approach was used to classify all the detected source com-
ponents H and resized I/J;, obtained from the original mixture X and all
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the subsets X, respectively.
Further details of the superpixel subsampling data processing, with
an example, are provided in Section 3.2.

2.2.7. Output data

Finally, the tissue spectral components are extracted in an unsuper-
vised way from sPAI. A comparison with the reference absorption
spectra known from the literature [47] has been performed. Thus, some
of the endogenous tissue chromophores, such as oxy/deoxy hemoglobin,
and fat can be recognized. Especially in the case of disease models, there
is also a good chance to detect additional spectra that are unknown and
that cannot be compared with spectra from the literature used as a
reference. The increased number of automatically extracted spectra
demonstrates the higher sensitivity of the proposed approach to reveal
any spectral feature.

Besides the spectral components, the respective distribution maps
have been also obtained and refined to enhance the vessel structures by
using the Frangi filter [54].

2.3. Data acquisition

High-resolution Ultrasound (US) and spectral Photoacoustic imaging
(sPAI) have been acquired by using the platform Vevo LAZR-X (FUJI-
FILM VisualSonics, Inc., Toronto, ON, Canada). The imaging setup in-
cludes a high-frequency US system (Vevo 3100), an optical parametric
oscillator (OPO) integrated Nd:YAG nanosecond pulsed laser, and the
animal imaging platform. The US system is equipped with a linear US
transducer array (MX201) that consists of 256 elements at a nominal
center frequency of 15MHz and bandwidth of 10 — 22MHz. This trans-
ducer guarantees an axial and lateral resolution of 100ym and 220um
respectively. Light from the laser is delivered to the tissue through op-
tical fibers, mounted on either side of the transducer. To obtain the
homogenous light illumination, the sample to be imaged is placed on the
converging area of the two light beams. The repetition rate of the laser is
20Hz, and the spectral photoacoustic images can be acquired by tuning
the laser wavelengths within the range of 680 — 970nm. The system
allows the selection of any wavelength within this NIR range. In
particular, for the experiments, we have used a step size of 5nm between
the wavelengths to acquire the spectral PA images.

During volumetric US-PA acquisitions, a stepper motor is used for the
linear translation of the US transducer and optical fibers along the
sample. The linear stepper motor moves in steps of a minimum of 0.1mm
while capturing 2-D parallel images, for a maximum 3D range distance
of 6.4cm. The voxel size used for the reconstructed US and PA imaging
was (0.062 x 0.051 x 0.3)mm. A modified animal setup (see Supple-
mentary Materials; SupMatFig) has been used for the whole-body sPAI
acquisition. A small water container with an optically and acoustically
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transparent thin polyurethane membrane was used to guarantee the
optimal acoustic coupling during the acquisitions. The water tempera-
ture was kept at 34°C. During the whole-body acquisitions, the stepper
motor translated along the animal body from cranial to caudal in steps of
0.3mm. The configuration in epi-illumination, the ECG monitoring, and
the respiratory gating have been maintained during all the in vivo whole-
body experiments.

2.4. Experimental validation

The SPAX framework has been tested and validated by using tissue-
mimicking phantoms and in vivo experiments.

2.4.1. Agarose phantom

The spectral coloring compensation approach included within the
SPAX framework has been tested on a phantom made from agarose. The
schematic illustration of the phantom is depicted in Fig. 2 (A). This in-
cludes two absorbers secured into a 3D printed chamber, fixed at 18mm
and 28mm from the transducer. The inclusions have been fabricated by
mixing native gel wax (FF1 003, Mindsets Online, Waltham Cross, UK)
with 0.05%w/v of black oil color (Winsor & Newton, London, UK) as
described elsewhere [55]. The bulk material of the phantom is made of
1.5%w/v Agar (Alfa Aesar, Heysham, Lancaster), mixed with Intralipid
(IL) (20%, Sigma-Aldrich, Canada) and Verdye (Diagnostic Green
GmbH, Aschheim, Germany). A 1 : 2 dilution of Verdye 0.03%w/v and
IL 2%w/v have been used to achieve the absorption as y, = 0.15cm™!
and the scattering 5cm~! of the
(Agar-IL-Verdye).

The absorption spectra of Verdye and Black ink were optically
characterized with the spectrophotometer and the results were shown in
Fig. 2 (B). The black ink used for the inclusions shows a broad absorption
spectrum while the Verdye included in the bulk material has a charac-
teristic spectrum with an absorption peak at 880nm. The spectral optical
properties of the phantom absorber materials are reported in Supple-
mentary Materials (see Supplementary Materials; SupMatTable) and
these were used to set the Monte Carlo fluence simulations. In addition,
water has been used as a coupling material to fill 15mm depth between
the solid phantom and the US transducer.

as j, = bulk material

2.4.2. Tissue phantom

A tissue phantom is used to evaluate the detection of multi-spectral
components by SPAX framework. The phantom combines endogenous
muscle-fat tissue layers and exogenous inclusions with different ab-
sorption characteristics. The advantage of this approach is that this
tissue phantom offers good approximations of realistic samples. A
schematic illustration of the phantom is depicted in Fig. 3 (A). The
phantom was prepared by using a muscle layer from veal meat of 15mm
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Fig. 2. Schematic of the agarose phantom (A); Absorption spectra of Verdye and Black Ink measured by spectrophotometer (B).
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Fig. 3. Schematic of the muscle-fat tissue phantom (A); Absorption spectra of Blue, Green, and Black oil colors measured by spectrophotometer (B).

thickness. The tissue was selected to contain pure and untreated muscle
tissue and not blood. Three cylindrical absorbers have been embedded
within the muscle tissue. The cylindrical inclusions have been prepared
by mixing gel wax (FF1 003, Mindsets Online, Waltham Cross, UK) with
three different oil colors (Winsor & Newton, London, UK). Specifically,
0.05%w/v of black, green, and blue oil colors have been mixed with
melted gel wax respectively. Finally, these have been poured into 3D
printed cylindrical curved molds, used to shape the three inclusions (see
Fig. 3 (A)). The absorption spectra of the oil colors have been measured
via spectrophotometer and reported in Fig. 3 (B). Besides, a 1mm thick
fat layer, from porcine lard, has been embedded on top of the muscle
layer. Thus, the tissue phantom is composed of multiple components: the
cylindrical inclusions that are prominent absorbers and the fat layer that
has less prominent absorption characteristics. Water has been used as a
coupling medium during the US-PA imaging acquisition to fill 15mm
depth between the phantom and the US transducer.

2.4.3. In vivo experiments

The in vivo experiments were conducted at FUJIFILM Sonosite/Vis-
ualSonics facility in Amsterdam, The Netherlands. All the experiments
involving animals were in full compliance with the protocol (AV
D2450020173644) evaluated and approved by the Animal Use and
Ethics Committee (CEUA) of The Netherlands. These were in accordance
with FELASA guidelines and the National Law for Laboratory Animal
Experimentation (Law No.18.611). For the hindlimb and whole-body
imaging, a female CD-1 mouse model (Envigo, Horst, the Netherlands)
and athymic nude-Foxnlnu mice (Envigo, Horst, the Netherlands) were
used respectively. Mice were anesthetized with isoflurane (2%-3% by
volume with 0.8l/min gas flow). The US and sPAI acquisition of the
hindlimb region was performed with the animal in its supine position,
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while the whole-body imaging have been acquired from supine and
prone positions with the transducer aligned perpendicularly to image
the region of interest.

3. Results

This section presents the results of the SPAX framework on the tissue-
mimicking phantoms and also on the volumetric animal imaging.

3.1. Spectral coloring compensation

The agarose phantom has been used to validate the spectral coloring
compensation procedure included within the SPAX framework. Besides,
the unmixing results obtained with and without the spectral fluence
compensation have been evaluated. Fig. 4 (A) shows the US-PA image of
the agarose phantom in cross-section at 800nm, where the inclusions at
two depths are visible. The sPAI of the agarose phantom has been ac-
quired within the range of 700 — 970nm. This wavelength range has
been selected in accordance with the known spectral characteristics of
the absorbers included within the agarose phantom, thus reducing the
acquisition time.

The two inclusions with black ink absorber (named Inclusion;and
Inclusiony) show higher PA signal intensity than the surrounding. Since
some fragments of black oil color may remain suspended in the gel wax,
the US-PA signal within the inclusions could appear not homogenous.
Fig. 4 (B) shows the PA intensity profiles from the absorbers in the
wavelength range of 700 — 970nm. By following the conventional
approach used to evaluate the spectral PA intensity, the shape of the
inclusions and the respective spectra were obtained by manually
drawing the ROI around the inclusions. The spectral measurements have
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Fig. 4. US-PA image of the agarose phantom cross-section at 800nm, including the manually drawn ROIs around the inclusions at two depths (Inclusion; and
Inclusiony) (A); Averaged PA intensity of the pixels within the ROIs of Inclusion; and Inclusions (B).
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been performed over multiple slices of the phantom. To highlight the
differences in the spectral shapes of the two inclusions, due to spectral
coloring along depth, the spectra were normalized to visually enhance
this effect. Specifically, the spectral data are shown in the graph as the
normalized average of the pixels’ intensity within the ROIs and the
standard deviation (shown as the lighter color band along the plotline).

Although the inclusions are made of the same material, the obtained
spectra show a different spectral trend. In particular, the PA spectrum
from the superficial inclusion (Inclusion;) showed a broad trend that is
more in accordance with the measured absorption spectrum of the black
ink (Fig. 2 (B)). The spectrum from the deeper inclusion (Inclusiony) has
shown a lower intensity within the range of [700 — 860]nm, while it
follows the expected trend above 860nm. These differences in spectra at
depth are a clear indication of spectral coloring artifact, as the incident
light attenuates along the depth and thus changes the spectral shape.

Fig. 5 (A) shows the automated segmentation obtained from the US
image by using the SPAX framework. From the segmented image, it is
clear that the phantom, two inclusions, and the coupling medium are
accurately outlined. Based on the segmentation mask and the defined
optical properties (see Supplementary Materials; SupMatTable), spectral
Monte Carlo simulations have been implemented ranging from 700nm to
970nm. Fig. 5 (B) represents the fluence map at a single wavelength
(800nm), that qualitatively models the spatial distribution of light en-
ergy along the geometry.

Fig. 6 shows two different scenarios where the automatically un-
mixed components were obtained with and without applying the light
fluence compensation.

Scenario 1: The spectra obtained without applying the fluence
correction are shown in Fig. 6 (A-C), where four components have been
automatically detected. Fig. 6 (A) shows two spectra that are similar to
the manually obtained spectra from the inclusions (Fig. 4 (B)). In
addition to the spectra of the inclusions, the SPAX framework has also
detected two less prominent spectra that could represent the Verdye and
the background (Fig. 6 (B-C)).

Scenario 2: Fig. 6 (D-F) show the components detected by the SPAX
framework, including the segmentation and fluence compensation
approach. Unlike the previous scenario, here only three spectral com-
ponents have been automatically identified. Most importantly, by
applying the fluence correction, both inclusions have been identified as
one component with a broad absorption spectrum as shown in Fig. 6 (D).
The detected spectrum from both the inclusions is in accordance with
the measured spectrum of the black ink obtained by using the spectro-
photometer (depicted as a dashed line). This is clear evidence of over-
coming the spectral coloring artifact by using the SPAX framework. In
addition, improved spectra of Verdye and background have been
detected and shown in Fig. 6 (E-F).

Fig. 6 emphasizes the effect of the spectral coloring and the
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compensation of the SPAX framework. Besides, the correlation values
between the spectra measured by the spectrophotometer and unmixed
components obtained by the SPAX framework have been evaluated and
reported in Table 1. Without the fluence compensation, two spectra
were detected for Inclusion;, Inclusion, and these have a correlation
value of 0.87, 0.22 respectively, with the black ink spectrum. On con-
trary, when including the fluence correction, the algorithm has detected
only one spectral component from both the inclusions, which has a
correlation value of 0.91. This is in accordance with the expectation
from the fabricated phantom, where both inclusions are made of the
same component.

Furthermore, the correlation with the measured Verdye absorption
spectrum has also been evaluated before and after the correction, and an
improved value from 0.92 to 0.97 has been obtained. The Verdye (in
Fig. 6 (E)) shows a slight shift of the absorption peak as compared with
the Verdye spectrum measured via spectrophotometer (depicted as a
dashed line). Since the Verdye absorption spectrum depends on the
concentration of the dye, even small changes in the concentration may
cause a change in the spectral shape.

Besides, the automatically obtained background spectrum could be
related to the Intalipid, since the corresponding abundance map is
mainly distributed in the surroundings of the inclusions.

3.2. Superpixel multi-component unmixing

The spectral PA images of the tissue phantom have been used to
validate the superpixel spectral unmixing procedures of the SPAX
framework. Fig. 7 (A) depicts the cross-sectional view of the muscle-fat
tissue phantom at 700nm, where the PA (red scale) is overlaid on the US
image (grayscale). Fig. 7 (B) shows all the observed spectra from sPAI,
after US segmentation and fluence compensation, which are defined as
the original mixture matrix (X).

The SVD analysis is performed on these data. This analysis is crucial
to automatically determine the hyperparameter (q) which represents the
number of eigenvalues (S) that are significantly above the noise floor.
Fig. 7 (C) shows the eigenvalues obtained from the tissue phantom sPAI
dataset, where 6 shown in red are automatically selected as the
hyperparameter.

After the identification of the hyperparameter, the unsupervised
spectral unmixing procedure is performed on the matrix X, and the result
is shown in Fig. 7 (D), where the 6 source spectra are depicted. These
obtained components may not be fully unmixed or exclude some weaker
absorbers. Therefore, after the detection of these 6 components, an
advanced superpixel subsampling procedure is implemented to refine
the unmixed spectra. Thus, the superpixel subsampling (SS) approach is
applied by following the steps as described in Section 2.2.6.

SS-stepl: Within the superpixel subsampling procedure the cross-
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Fig. 5. Segmented mask obtained from the high-resolution US image (A); Light fluence distribution map obtained from the MCXLAB simulation at 800nm (B).
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Fig. 6. Automatically unmixed spectra without the spectral fluence compensation (A-C); Automatically unmixed spectra including the spectral fluence compensation
(D-F); The reference spectra of Black Ink* and Verdye* are included as dashed lines (D-E).

Table 1
Correlation Values of the Agarose Phantom Components.

Component Without Correction With Correction
Black Ink 0.87 (Inclusion; ); 0.22 (Inclusion,) 0.91
Verdye 0.92 0.97

correlation values between each pair of these 6 components are evalu-
ated. Fig. 8 (A) shows the cross-correlation matrix with the respective
values obtained per each comparison. Hence, the pairs of spectra which
have a similar trend will have a positive correlation, while the spectra
which are easily distinguishable will have negative correlation values.
To improve the specificity and also to detect the less prominent ab-
sorbers, the pairs of spectra with positive correlation values are selected
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Fig. 7. US and PA image at 700 nm of the tissue phantom in cross-section (A); PA spectra of the original mixture matrix X (B); Eigenvalues analysis for the automatic
estimation of the hyperparameter g, where 6 components resulted above the noise floor (C); Source spectra obtained from the unsupervised unmixing of prominent

absorbers (D).

for further analysis.
SS-step2: Specifically, per each pair of positively correlated spectra,

a subset of mixed data X, would be created by selecting specific wave-
lengths and pixels. As an example, from the cross-correlation matrix,
component, and component, show a positive correlation value of 0.45.
For the wavelengths selection, the corresponding spectral intensities of
component, and component, at each wavelength are shown in the scatter
plot in Fig. 8 (B). Thus, the (x,y) coordinates of each point of the graph
represent the intensities of the pair of spectra at a specific wavelength.
Overall, the graph shows the positively correlated spectra at all the
wavelengths, and the red lines depict the mean intensity values of each
component of the considered pair. From this process, a subgroup of
meaningful wavelengths, those that have comparable intensities can be
selected. Generally, these would be located in the quadrants I and IV. In
the example, in quadrant II both component; and component, result
above their mean intensity values (red lines). In quadrant IV both
components have intensity below their mean values. On contrary, the
wavelengths that appear in quadrants I and III are excluded as their
intensities are distinct, and thus directly distinguishable. Specifically, in
quadrants I and III, one component results below and the other is above
their mean values and vice-versa.

After the selection of wavelengths, a similar analysis is performed to
obtain the subgroup of pixels that still need to be distinguished. To this
end, the abundance maps that display the spatial distribution of the 6
components are further evaluated. The maps of the positively correlated
components are used for the pixel-to-pixel intensity analysis, where the
pixels with comparable intensities are selected. For the example, Fig. 8
(C) shows a composite image where the abundance maps of component,;
and component, are overlaid. White pixels in the composite image show
where the two maps have the same intensities. Magenta and green re-
gions show where the intensities are different. Thus, this graphically

shows that the white pixels are selected for further reiterations, since the
two positively correlated components are spatially overlapped in there.

Overall this process of selecting the subgroups of wavelengths and
pixels is called superpixel subsampling. The same analysis is repeated for
all the positively correlated pairs of components and as a result, multiple
subsets X, with a reduced number of wavelengths and pixels are ob-
tained.

An example, that represents a subset obtained from the original sPAI
raw data X is shown in Fig. 8 (D). This represents one of the reduced

subsets of observed spectra X.. In the graph, it is evident that in com-
parison to the original mixture matrix X shown in Fig. 7 (B), this subset
X; includes a smaller number of variables and observations. Specifically,
the wavelengths around 850nm that are characteristics of the strong
black absorber have been excluded. This example shows that the
framework adapts the wavelengths and pixels selection to highlight the
spectra that are generally obscured by the highly absorbing components.

SS-step3: Per each subset 5(: the same procedures (2.2.4 and 2.2.5)
are repeated, as for the raw matrix X. The SVD and unsupervised
unmixing are performed till it converges to detect the meaningful
components for each subset.

SS-step4: All the spectral components H,, obtained from each subset

f(:, are resized to the same original number of wavelengths N. Finally, k-
means approach is used to classify the spectral signatures obtained from
all the subset X, and the initial mixture X. Hence, the superpixel sub-
sampling process increases the detection of less prominent tissue chro-
mophores, those are generally obscured from the most absorbing
chromophores.

Fig. 9 (A) shows the spectral components obtained as output of the
SPAX framework from the tissue phantom. In this case, in total 6 spectral
components are obtained. Specifically, after superpixel subsampling 4
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Fig. 8. Cross-correlation matrix of the detected spectral components (A); Component; and Component, are an example of positively correlated spectra, which are
further analyzed to select a subgroup of wavelengths (B). Overlapped cross-sectional abundance maps of Component; and Component, used to select a subgroup of
pixels (C); The scale bar size is 2mm; The subset of spectra obtained from the superpixel subsampling of Component, and Component, (D).

chromophores have been distinguished as black, green, blue oil colors,
and fat. The additional 2 components could be related to water and
background tissue. Fig. 9 (B) shows the distribution maps of the 4 un-
mixed components in the 2D cross-sectional view. The fat is the
component depicted in yellow that is present as a top layer. Under the fat
layer, the cylindrical inclusions made of highly absorbing dyes are
depicted in blue, green, and red. Fig. 9 (C) shows the distribution of the 4
unmixed components in 3D where the three curved cylindrical in-
clusions and the layer of fat are distinguished.

3.3. In vivo Validation

For the in vivo validations, US-PA images of the mouse hindlimb have
been used as input. Fig. 10 shows one of the cross-sectional views of the
mouse hindlimb.

Specifically, Fig. 10 (A) shows the US image before the image seg-
mentation. From the US image, different anatomical structures are
visible such as the muscle tissue, part of the inguinal region, and the
popliteal lymph node fat pad (highlighted by the dotted yellow line).
Fig. 10 (B) shows the PA image at 800nm, before the fluence compen-
sation, where the hemoglobin is the prominent absorber.

Fig. 11 (A) represents the segmentation mask where the skin line in
yellow, the standard tissue in light blue, and the background in dark
blue were identified with the automated approach. Fig. 11 (C) depicts
the US image after the segmentation with the removed background. The
MCXLAB simulations have been performed on the segmented masks
between [680 — 970]nm, by utilizing the tissue optical properties sum-
marized in the Supplementary Materials (see Supplementary Materials;
SupMatTable). As an example, the result of the light fluence distribution
at 800nm is shown in Fig. 11 (B). At each wavelength, the simulated light

10

fluence map has been used to correct the corresponding PA image. The
segmentation and the spectral fluence simulation have been performed
per each 2D cross-sectional slice and finally extended to match the entire
volume. Fig. 11 (D) shows the respective PA image at 800nm after the
segmentation and fluence compensation. As a comparison, Fig. 11 (E)
represents the PA intensity at 800nm, along the white dotted line
depicted in Fig. 10 (B) and Fig. 11 (D). After the light fluence compen-
sation, the PA intensity increases at depth within the tissue, leading to a
higher contrast image. A smaller increase of the signal at the surface is
also induced by the compensation, since the light fluence reaching the
surface is already slightly diffused. While in deeper regions, the signal
has a higher increase due to the spectral coloring compensation.

After the spectral coloring compensation, the SVD analysis is per-
formed on these corrected sPAI data. This automatically leads to
determine the hyperparameter (q), which represents the number of
components significantly above the noise floor. Specifically, for the in
vivo validation, 7 is the number that has been automatically selected as
the hyperparameter. Once the hyperparameter has been identified, the
unsupervised spectral unmixing procedure is performed, and the initial
7 spectral components are obtained.

Finally, the advanced superpixel subsampling procedure is imple-
mented to refine the unmixed components. Fig. 12 (A) shows the spec-
tral components obtained as output of the SPAX framework from the
hindlimb. In this case, 7 tissue chromophores have been detected. The
correlation with theoretical spectra of endogenous tissue chromophores
(see Supplementary Materials; SupMatTable) is performed and Fig. 12
(B) shows the 4 spectra that have a positive correlation. Specifically, the
obtained spectral signatures are matching with the theoretical spectra of
oxy-hemoglobin, deoxy-hemoglobin, and fat with correlation values of
0.98, 0.96, and 0.90 respectively. In addition, the spectral component,
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Fig. 9. Source spectra automatically obtained as output of the SPAX framework (A); Distribution maps of black, green, blue inclusions, and the layer of fat in the 2D

cross-section (B), and in 3D view (C).

Fig. 10. The US cross-sectional image of the mouse hindlimb before segmentation (A) where the yellow dotted region indicates the popliteal fat pad which is within
the intramuscular tissue; The PA image of the mouse hindlimb obtained at 800nm before segmentation and fluence correction (B); The scale bar size is 2mm.

has shown a correlation value of 0.68 with the theoretical absorption
spectrum of melanin. Although the correlation value is lower, within the
abundance map of component,, this resulted mainly distributed along the
skin line (see Fig. 14 (F)). Thus, this component could be related to skin
pigmentation, and to have a real comparison with melanin a further
investigation would be required. For a qualitative comparison of the
spectra shapes, the theoretical absorption spectra of fat and melanin
have been also overlaid in Fig. 12 (B) (depicted as dashed lines).

Besides the tissue spectral curves, the SPAX framework also provides
the distribution maps of the automatically extracted components. As a
comparison, Fig. 13 (A-B) shows the unmixed maps of oxy/deoxy he-
moglobin obtained from the linear unmixing approach of the hindlimb.
These maps have been obtained by providing the theoretical spectral
curves of oxy/deoxy hemoglobin as a priori information.

On contrary, Fig. 14 represents the abundance maps obtained as
output of the SPAX framework. The maps of oxy-deoxy hemoglobin have
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been reported before (Fig. 14 (A-B)) and after (Fig. 14 (C-D)) image
optimization by means of the Frangi filter (FF). The vessel-like structures
have been enhanced after applying the Frangi filter, thus leading to
improved visualization of the oxy/deoxy hemoglobin distribution. In
addition, to oxy/deoxy hemoglobin, the abundance maps of fat and skin
(Fig. 14 (E-F)) have been detected. Specifically, the distribution map of
fat obtained as output of the SPAX analysis, as expected, is distributed
subcutaneously, within the inguinal region, and in the triangular fat pad.

The maps automatically obtained by the SPAX framework show
higher accuracy than the linear unmixing. This could be explained by
the iterative approach that leads to converge to a more accurate solution
than a fitting-based approach.

3.4. Whole-body validation

Furthermore, the data-driven SPAX framework has been extended to
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Fig. 11. Segmentation mask obtained from the
US image (A); The light fluence distribution
map at 800nm, where the dashed line indicates
the light source position (B); The US cross-
sectional image of the mouse hindlimb after
segmentation (C) where the yellow dotted re-
gion indicates the popliteal fat pad which is
within the intramuscular tissue; The PA image
of the mouse hindlimb obtained at 800nm after
segmentation and fluence correction (D); The
scale bar size is 2mm; The PA intensity at
800nm before and after segmentation and flu-
ence correction (E) of the pixels along the white
dotted line in (D).
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Fig. 12. Source spectra automatically identified by the SPAX framework (A); Source components identified as oxy-deoxy hemoglobin, skin, and fat (B) after the

comparison with the theoretical absorption spectra.

whole-body animal imaging. US and multi-wavelength PA volumetric
images have been used as input for the SPAX framework. Specifically,
two whole-body scans (30mm x 27mm x 64mm) have been performed
with the animal in its prone and supine position. Fig. 15 (A-C) depict the
coronal US images of the animal in prone and supine position

12

respectively. The US image guides through the anatomical structures,
such as kidneys and spine are visible in Fig. 15 (A). As an output of the
SPAX framework, multiple spectra have been automatically detected
and the correlation with known tissue chromophores has been per-
formed. In addition to the oxy/deoxy hemoglobin, the spectrum of fat
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Linear Unmixing

=
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Fig. 13. Distribution maps of oxy-hemoglobin (A) and deoxy-hemoglobin (B) obtained from linear unmixing; The scale bar size is 2mm.

Pre - FF

Oxy-Hb

Post - FF
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Fig. 14. Abundance maps automatically unmixed by the SPAX framework of oxy-hemoglobin, deoxy-hemoglobin before (A-B) and after (C-D) Frangi filter. The
distribution maps of fat (E), and skin (F) automatically obtained as output of the SPAX framework; The scale bar size is 2mm.

has also been detected. Fig. 15 (B-D) show the volumetric distribution of
the respective chromophores along the whole-body of the animal.

Specifically, the whole-body abundance maps of the oxy/deoxy he-
moglobin are shown in red and green color respectively. The yellow
color depicts the spatial overlapping of red and green, which are
representative of oxy/deoxy hemoglobin. Since the hemoglobin content
is mainly distributed within the blood vessels, from prone/supine view
the dorsal vascular network and the mammary arteries are primarily
observed in the 3-D rendering. The fat content has also been discrimi-
nated, and its spatial distribution along the whole-body is shown in the
prone and supine view. The fat content is delineated in blue color along
the whole-body and mostly distributed in the neck region and in the
abdominal area of the mammary glands, as qualitatively observed in the
3-D rendering. Further investigations would be required to validate the
components’ distributions.

4. Discussion
The main objective of this study was to automatically recover the

unique spectral fingerprint of the tissue chromophores and their volu-
metric distribution. To this end, we implemented a novel superpixel PA
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unmixing (SPAX) framework that can automatically detect the distri-
bution of tissue chromophores with improved sensitivity and specificity.
The highlight of this framework is the data-driven spectral unmixing
approach without any a priori information and user interaction to detect
the tissue chromophores. The SPAX framework also includes the
modeling of light fluence distribution to compensate for the spectral
coloring, and thus prevent the unmixing misinterpretations. The
compensation approach utilizes US image segmentation and spectral
Monte Carlo simulations, which are based on a predefined library of
optical properties.

Spectral coloring is one of the major limitations in sPAI, which causes
spectral changes at depth due to light fluence attenuation. The con-
ventional approach to overcome the spectral coloring artifact is either an
assumption of homogeneous fluence distribution along the depth or
using simulations of pre-defined geometries. This is a complex approach
as it requires a lot of a priori information such as the tissue geometry and
optical properties of tissue components. Thus, this has the limitation to
be generalized to other tissue types. Therefore, within the SPAX
framework, we have implemented the automated segmentation of the
US image that is simultaneously obtained with the multi-spectral PA
images. This enables the precise modeling and simulation of the light

89



V. Grasso et al.

Prone View

Supine View

(C)

B
’ ‘ )

1
A

b

Fig. 15. Whole-body US image of the mouse in prone and supine position (A-
C); Oxy/deoxy hemoglobin distribution depicted in red and green respectively
and fat distribution map in blue, in prone and supine view (B-D).

fluence distribution at each wavelength of light used during the sPAI
acquisition. Overall the SPAX framework facilitates overcoming the
spectral coloring artifact and improving the automated extraction of the
spectral features.

For the highly sensitive unmixing, an initial SVD analysis and the
NNMF are applied to blindly reveal the prominent tissue components
from sPAL Besides, the framework includes a novel spectral superpixel
subsampling approach to also identify less prominent tissue chromo-
phores. Hence, less prominent tissue chromophores, such as fat, that
generally remain obscured by the most prominent absorbers (like he-
moglobin), can be identified. The conventional approach to detect the
fat is to use the wavelengths within the Far Infrared (FIR) range, where
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the absorption from the hemoglobin is negligible. Since the PA excita-
tion sources in the FIR range are having lower energy compared to NIR,
the use of this range is constrained to superficial structures and micro-
scopic applications. As the SPAX framework is optimized in the NIR
range of [680 — 970]nm, where we have more availability of nanosecond
pulsed laser sources, this can be used to detect the distribution of fat
along the whole-body of the small animals.

The SPAX framework has been validated on tissue-mimicking
phantoms and animal imaging. Specifically, in the agarose phantom,
we showed the correction of the spectral coloring distortions at depth.
This spectral compensation also promotes the accurate unsupervised
unmixing of the molecular components. Besides, the muscle-fat tissue
phantom has been used to benchmark the sensitivity of the SPAX
framework to detect less and most prominent components. Hence, the
proposed SPAX framework corrects the spectral coloring and enables the
accurate identification of multiple tissue chromophores. The SPAX
framework has also been used for whole-body animal imaging. In this
case, the fat component has been detected, despite the oxy- and deoxy-
hemoglobin show absorption intensities of two orders greater than fat.

Since the source components are extracted in an unsupervised way
from sPAI, we could obtain more spectral characteristics in an unknown
order. To facilitate the identification of known tissue chromophores, a
correlation matrix could be evaluated between the automatically
detected source spectra and a library of theoretical spectra. The corre-
lation values are of significant importance to recognize known compo-
nents from noise or unknown constituents. In healthy conditions, these
values could enable to identify some of the automatically detected
spectra as known components. While the identification in disease
models requires further investigations, cause the tissue components tend
to alter their spectral signatures in pathological conditions, due to
changes at a molecular level. For example, the presence of methemo-
globin is more pronounced during inflammation, and by using the SPAX
framework we may be able to detect these early changes, as the corre-
lation value with the respect to the oxy-hemoglobin might change. Thus,
the SPAX framework may have the potential to monitor the spectral
changes in disease conditions. However, some of the components could
still remain unidentified and require further investigations to be
interpreted.

Currently, the framework design includes a fully-automated seg-
mentation step to cluster the skin line, the tissue structures, and the
background. For complex tissue structures, the user can guide the US
segmentation by selecting some regions of interest for active contours.
This refined segmentation will result in a semi-automated approach that
could lead to an improved fluence compensation. Although we are using
a predefined library of optical tissue properties for the light fluence
simulations, it is challenging to retrieve the optical properties from
literature or characterize these a priori. Besides, this represents a limi-
tation for disease models where the prediction of the tissue properties is
less accurate. Thus, Brochu et al. [41] have shown a possible optimi-
zation to retrieve the tissue optical properties iteratively and speed up
the computational time using finite element-based simulations, imple-
mented on GPU cards. Very recently Grohl et al. [56] have proposed an
open-source simulation toolkit that could be feasible for these iterative
approaches, by enabling realistic high-speed PA simulations. In addition
to the tissue properties, to obtain the absolute quantification in PA im-
aging, improved measurement of the system response, and Griineisen
parameter are required. In the future, we aim to address the absolute
quantification, by implementing deep learning approaches based on
non-explicit light fluence estimation [57].

Finally, further efforts would be required to adjust the tradeoff be-
tween acquisition time and spectral resolution. As already demonstrated
by Luke et al. [58], the selection of significant wavelengths facilitates
the unsupervised unmixing and minimizes the acquisition time. In
addition, the current volumetric acquisition setup is based on the
translation of the linear array transducer along the animal body. For
preclinical studies with high-frequency transducers, this approach
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guarantees volumetric imaging with a better elevation focus and reso-
lution. However, for clinical translation, the use of 2D matrix array
transducers would be ideal as recently shown by Ron et al. [59].

Although the PA technology is already an established preclinical
imaging modality, it has still some challenges for clinical translation.
Therefore within the SPAX framework, we have included a combination
of procedures to overcome the current limitations such as supervised
unmixing techniques and misinterpretations caused by spectral color-
ing. Besides, a superpixel subsampling approach has been implemented
to automatically extract multiple tissue components at a volumetric
scale without any a priori information. The framework also compensates
for the changes of the spectral shape along depth due to light fluence
variations. Thus, the SPAX framework would be beneficial and open
many possibilities to monitor molecular changes at a volumetric scale in
clinical applications.

5. Conclusions

In summary, we developed the SPAX framework as a strategy to
detect molecular tissue components and their volumetric distribution
from spectral photoacoustic imaging. The fully-automated unmixing
approach has been validated in phantoms and healthy animals. Our
initial results have shown that the proposed data-driven algorithm
overcomes the spectral coloring limitations and prevents unmixing
misinterpretations. To our knowledge, this is a unique algorithm that
accounts for the spectral coloring and provides automated detection of
tissue spectral signatures in the whole-body of the animal. The initial
results show that the SPAX approach is sensitive to spectral unmixing
and it has the potential to discern any spectral change, that might occur
in pathological conditions. Hence, the SPAX framework could be used as
a predictive and monitoring tool to identify early pathological condi-
tions and facilitate the therapeutic follow-up. To this end, in our future
work, we also plan to test the SPAX framework in disease models.
Finally, the SPAX framework has the potential to expedite the clinical
translation of photoacoustic, as it can provide enhanced volumetric
tissue characterizations.
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Chapter 6

Unsupervised multi-spectral photoacoustic unmixing
framework for the detection and quantification of
endogenous and exogenous tissue chromophores*

Abstract:

In this chapter, we tested and validated the newly developed superpixel
photoacoustic unmixing (SPAX) approach to blindly distinguish endogenous and
exogenous chromophores in living tissues. We aim to show the advanced
applications where the proposed SPAX unmixing algorithm can be used and its
beneficial aspects as compared to standard unmixing approaches.

*Part of this chapter has been published as: Grasso, V., Willumeit-Rémer, R., & Jose, J. (2021,
September). “Unsupervised multi-spectral photoacoustic framework for the detection and
quantification of tissue chromophores.” In 2021 IEEE International Ultrasonics Symposium (IUS)
(pp. 1-4). IEEE.

*Part of this chapter has been published as: Grasso, V., Hassan, H. W., Mirtaheri, P., Willumeit-
Roémer, R., & Jose, J. (2022). “Recent advances in photoacoustic blind source spectral unmixing
approaches and the enhanced detection of endogenous tissue chromophores.” Frontiers in Signal
Processing, p.67.
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6.1. Introduction

Photoacoustic imaging (PAI) is a non-ionizing technology that illuminates the tissues with
nanosecond laser pulses and induces the generation of acoustic waves that can be detected just
as conventional ultrasound [1]-[6]. This hybrid imaging modality combines the advantages of
acoustic tissue penetration depth and spatial resolution with specific optical contrast. Moreover,
this combination provides anatomical, functional, and molecular information up to several
centimeters deep in tissues with a resolution of up to tens of micrometers [7], [8]. PAl is mainly
based on the intrinsic optical absorption of endogenous tissue chromophores such as water,
oxyhemoglobin (HbO;), deoxyhemoglobin (Hb), melanin, and lipids. Apart from the label-free
nature of the PAIl technology, exogenous agents that are mostly small molecule dyes such as
Indocyanine green (ICG), Methylene Blue Dye (MBD), nanoparticles, or even reporter gene agents
can be used to enhance the contrast in PAI. Thus, PAI can image small absorbers that provide the
clinician with potentially valuable molecular data [9]-[11]. Therefore the strengths of PAI are its
potential for high resolution and imaging depth as well as the ability to image both endogenous
and exogenous chromophores without using ionizing radiation [12]-[14].

Several applications, such as tumor progression, therapy monitoring, imaging of tissue
remodeling, and the bio-distribution of contrast agents have demonstrated the high potential of
PAIl in preclinical imaging [15]-[20]. Furthermore, the laser used for PAl is tunable within the
near-infrared (NIR) range, therefore multi-spectral photoacoustic imaging (sPAl) can be
performed by exciting the tissue at multiple wavelengths. sPAIl plays a crucial role to differentiate
endogenous and exogenous molecular components [21]-[24]. As each of the chromophores
exhibits its own characteristic absorption spectra, sPAI at multiple wavelengths allows their
relative quantification and helps to detect molecular changes related to pathological conditions.
Thus sPAl is intrinsically sensitive to molecular component distribution in tissues. Linear unmixing
is commonly used to differentiate the underlying components from sPAl. Specifically, sPAl fused
with linear unmixing method [25], provides distribution maps of the tissue chromophores by
utilizing a priori information. Although this fitting-based approach yields acceptable results, it
requires user interaction to provide the source spectral curves as an input. For translational
research with patients, this type of supervised spectral unmixing can be challenging, as the
spectral signature of the tissues differs with respect to the disease condition. Imaging exogenous
contrast agents and accessing their biodistribution can also be problematic, as some of the
contrast agents are susceptible to change in spectral properties after the interaction with living
tissues. Besides, light fluence attenuation along the imaging depth might induce spectral coloring
that compromises the accurate unmixing and quantification of the chromophores. Thus, the
linear unmixing algorithm can compromise the sensitivity and specificity of the imaging. An
unsupervised spectral unmixing approach would be the ideal solution to overcome these
limitations, and recently some studies have been reported, showing promising results [26]-[29].

In this study, we investigate the performance of our proposed unsupervised superpixel
photoacoustic unmixing (SPAX) framework [30] that enables fully automatic spectral unmixing
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and accurate quantification of molecular components. We tested and validated the performance
of the data-driven SPAX approach on in vitro and also in vivo studies. The SPAX algorithm has
shown improved sensitivity and specificity during in vitro experiments as well as on various in
vivo applications. In particular, here we have investigated and reported the use of SPAX for the
tissue composition analysis without user interaction for various anatomical targets considering
both endogenous and exogenous contrast.

From the validation studies, we observed that the SPAX approach has the following advantages
with respect to the commonly used linear unmixing approach:

e The SPAX unmixing is fully blind and automatic, thus it does not require any user
interaction or a priori input of the expected chromophore absorption spectra.

e The SPAX framework includes a spectral decoloring approach to compensate for the
misinterpretations at depth caused by ununiformed light fluence distribution.

e The SPAX framework implements an innovative superpixel subsampling approach to
automatically distinguish both strong and less prominent absorbers from the original
spectral photoacoustic data.

e The SPAX framework is also extended to blindly unmix 3-Dimensional (3D) multi-
wavelength photoacoustic data.

6.2. Materials and methods

In the following sections, we describe the in vitro and in vivo experiments that have been
conducted to test the unmixing performance of the SPAX framework for endogenous and
exogenous chromophores. The advantageous aspects of the SPAX framework are validated
through different experiments both using 2D spectral and 3D multi-wavelength PAI.

6.2.1. Multi-spectral photoacoustic imaging

High-resolution Ultrasound (US) and spectral photoacoustic imaging (sPAI) have been acquired
using the Vevo LAZR-X technology (FUJIFILM VisualSonics, Inc., Toronto, ON, Canada). The
imaging technology includes a high-frequency US system combined with an Nd:YAG nanosecond
pulsed laser. The linear US transducer array (MX250) consists of 256 piezoelectric elements at a
nominal center frequency of 21 MHz and bandwidth of 15 — 30 MHz. Light from the laser is
delivered to the tissue through optical fibers, mounted on either side of the transducer.
Multispectral PA imaging has been acquired by tuning the excitation light wavelength within the
range of 680-970 nm, with a 10 nm step size. During the volumetric multi-spectral PA
acquisitions, a stepper motor is used for the linear translation of the US transducer and optical
fibers along the sample. The linear stepper motor moves in steps of a minimum of 0.1mm while
capturing 2D parallel images, for a maximum 3D range distance of 64mm. The Vevo whole-body
imaging setup (FUJIFILM VisualSonics, Inc., Toronto, ON, Canada) has been used during in vivo
experiments with the animal in its prone position. Fig. 4 (A) shows the schematic of the
ultrasound-photoacoustic imaging acquisition setup. The configuration in epi-illumination, the
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ECG monitoring, and the respiratory gating were kept minimally unchanged during in vivo
experiments. The delay multiply and sum beamforming algorithm has been used for
photoacoustic image reconstruction [31]. The scanning time for the acquisition of sPAl in 2D and
3D ranges between 1-10 min. The exact acquisition time depends on the number of wavelengths
as well as motor step size and the consequent number of slices for volumetric data. The
processing of the spectral 2D and 3D data is performed offline, after the acquisition. As an
advanced data analysis, SPAX algorithm is performed offline and the computational time ranges
between 1-12 min, depending on the size of the input sPAl data and the computer specifications.

6.2.2. SPAX unmixing
Input SPAX Output
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Fig. 1. Schematic flowchart of the SPAX framework including the main procedures from input to output.
The data used as an example, show the kidney area of a mouse after injection of a contrast agent
(Angiostamp800); the scale bar size is 2mm.
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Fig. 1 schematically summarizes the main procedures implemented within the Superpixel
Photoacoustic Unmixing (SPAX) framework. Specifically, the SPAX framework uses multi-spectral
photoacoustic images co-registered with high-resolution ultrasound images (US-sPAl) as input to
automatically identify the tissue spectral components obtained as output. First, the SPAX
framework models the light fluence distribution along depth to compensate for the spectral
coloring. The compensation approach utilizes Ultrasound image segmentation and spectral
Monte Carlo simulations based on a predefined library of optical properties. This spectral
decoloring method is a crucial step that prevents unmixing misinterpretation at depth as well as
enhances the image quality. The rank hyper-parameter can be automatically tuned by performing
the singular value decomposition (SVD) pre-analysis of the mixture. The core of the SPAX
framework is based on non-negative superpixel unmixing, which enables the automated
detection of tissue chromophores with improved sensitivity and specificity. To solve the ill-
conditioned problem, positivity constraints and multiplicative update rule have been used to
improve the convergence of the blind iterative method. Besides, a novel superpixel subsampling
approach has been implemented to differentiate the less prominent molecular components,
from the prominent absorbers. Finally, imaging optimization methods are applied to improve the
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visualization of the distribution maps of the detected spectral components. Therefore, the SPAX
offers several advantages over the simple blind unmixing approaches. Details of the algorithm
and the validation studies are described elsewhere [30].

6.2.3. In vitro experiments

In vitro experiments have been designed and conducted to test the possibility of unmixing
endogenous tissue chromophores and exogenous contrast agents by using the SPAX framework.
A tissue-mimicking phantom composed of an ex vivo bovine meat sample (longissimus dorsi
muscle) and capillary tubes filled with Indocyanine green (ICG), was prepared to test the
performance of the unsupervised SPAX algorithm. The structure of the bovine meat sample was
complex, it included muscle tissue and intramuscular fat. To mimic the presence of exogenous
absorbers, we inserted the polyethylene tubes (inner diameter =380 um and outer diameter =840
um) filled with 800 uM ICG (PULSION Verwaltungs, GmbH) at two different depths as shown in
the schematic of Fig. 2 (A). The absorption spectrum of ICG was measured via spectrophotometer
(Varian, Cary 2300) and it is shown in Fig. 2 (B).
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Fig. 2. Schematic of the cross-section of the tissue-mimicking phantom (A); Spectral absorption coefficient
of ICG within 680-970 nm range (B).

6.2.4. In vivo experiments

Further, in vivo animal experiments were performed to evaluate the performance of the data-
driven SPAX framework for sPAl obtained from living tissues. The animal experiments were
performed at the FUJIFILM VisualSonics facility in Amsterdam, The Netherlands. The animal
protocols used in this work were evaluated and approved by the Animal Use and Ethics
Committee (CEUA) of The Netherlands (Protocol AVD2450020173644). They are in accordance
with FELASA guidelines and the National Law for Laboratory Animal Experimentation (Law No.
18.611). All the animals included in this study were healthy. During image acquisition, the animal
was anesthetized with isoflurane and placed on the animal imaging platform of the Vevo LAZR-X
system, where temperature, heart rate, and respiration rate were monitored in real-time. During
the experiments, anesthesia was maintained using a vaporized isoflurane (1 L/min of oxygen and
0.75% isoflurane) gas system.
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6.2.4.1. Exogenous contrast agent detection

A CD-1 female mice model (Envigo, Horst, The Netherlands) was used for the in vivo experiments
to investigate the detection of exogenous tissue components as well as to evaluate the
advantages of the SPAX approach as compared to standard linear unmixing (LU) [32]. A recently
developed photoacoustic contrast agent, called Angiostamp800, has been prepared and used as
described elsewhere [33]. Specifically, Angiostamp800 (Fluoptics, France) was diluted in PBS to
concentrations of 200 and 50 uM. The contrast agent was injected intravenously via the tail vein
(200 pL). Before the injection, the contrast agent has been characterized into a tube phantom
(FUJIFILM VisualSonics, Inc., Toronto, ON, Canada) and the spectral photoacoustic characteristic
has been obtained as shown in Fig. 3. Three hours post-injection the spectral photoacoustic
images from the kidney region of the mouse from its prone position have been acquired with the
transducer in epi-illumination configuration (light from one side only). As a comparison, the data
have been unmixed by using the newly developed SPAX framework with and without fluence
correction. The signal-to-noise ratio (SNR) along depth was calculated on the normalized
unmixed map of Angiostamp800 distribution obtained with the SPAX approach with and without
applying the fluence compensation function. This aims to show the enhancement in the
sensitivity and specificity of the unmixing, especially when including the effect of the spectral
decoloring approach.

1.2

-
T

e @9
o o

PA Intensity [a.u.]
o
>

o
N
J

[

|

|

&

>

700 750 800 850 900 950
Wavelength [nm]
Fig. 3. Photoacoustic absorption spectrum of Angiostamp800, characterized in a tube phantom.

6.2.4.2. Endogenous tissue chromophores detection

A CD-1 female mice model (Envigo, Horst, The Netherlands) was used for the experiments to
investigate the automated unmixing of endogenous tissue components via SPAX. Besides, this
experiment also aims to evaluate the advantage of the SPAX approach in distinguishing strong
and weak absorbers. The data set was obtained by performing the spectral PAI acquisition with
the animal in its prone position and the transducer was aligned perpendicularly to image the
lower abdominal area at the level of the kidneys.
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Besides, 3D multi-wavelength PAl acquisition has also been performed. Specifically, three female
CD-1 mice models (Envigo, Horst, the Netherlands) 9 weeks old, were used to image the cervical-
thoracic region. During imaging acquisition, the mice were anesthetized with isoflurane (2-3% by
volume with 0.8l/min gas flow). The US and sPAIl acquisition was performed with the animal in
its prone position within the Whole-Body imaging setup, with the transducer aligned
perpendicularly to image the region of interest. After in vivo acquisition, the adipose tissue from
the cervical-thoracic area was dissected post-mortem and used for spectral measurements
conducted via a portable NIR spectrophotometer (see Section 6.2.4.2.1.). We focused on this
anatomical area where the interscapular adipose tissue is present, which represents a weak
endogenous absorber.

6.2.4.2.1. Near-infrared spectroscopy measurements

Fig. 4 (B) depicts the schematic of a portable near-infrared spectroscopic (NIRS) probe that has
been used to validate the spectral absorption curves of the chromophores involved in the in vivo
study.

Computer System
-
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Control System Spectrometer

Fig. 4. Schematic of the ultrasound-photoacoustic (US-PA) whole-body acquisition setup (A) that includes:
a linear stepper motor (a), the ultrasound transducer (b) with optical fibers on the sides (c) to illuminate
the tissue chromophores (d), optical and acoustic compatible membrane (e) in a water bath to maintain
the sound coupling, ECG electrodes to monitor the physiological parameters in vivo (f), and the anesthesia
system (g). Schematic of the near-infrared spectroscopy (NIRS) optical probe setup (B) that also includes:
a control system for the optical source, a spectrometer for the detection, and a computer for the signals
post-processing.

Specifically, to compare the spectral fingerprint of the adipose tissue deposited within the
cervical-thoracic region of the mice. To this end, a customized NIRS probe was designed at the
Optical lab in OsloMet (Oslo Metropolitan University, Norway) [34], [35]. Unlike commercially
available solutions, this NIRS probe is designed to target two regions of interest at two different
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depths. Specifically, the OsloMet's probe uses a broadband LED light source (650 to 1050 nm)
and works with two depth ranges (2-2.25 mm and 3-3.5 mm respectively). In addition, the optical
probe's light sources ensure the safety of the operations, in compliance with the NIR safety
guidelines [36]. This NIRS probe uses a source-detector pair that generates a banana-shaped
optical path that narrows at the source and detector's locations and broadens as it penetrates
deeper into the tissue [37]. The depth of a photon before detection is proportional to the square
root of the source-detector separation [38]. Hence, optical depth is generally 1/2 to 1/3 of the
source-detector distance [39]. The spectra from the optical probe are then collected by a
spectrometer (Avaspec 2048x14, Avantes BV, The Netherlands). An integration time of 4 seconds,
was selected to make sure that enough photons are collected by the detector. In this experiment,
a distance of 6mm between the source and detector was used to get a focal depth of 2-2.5 mm
and the wavelength range has been fixed to 680-970 nm as the one used for sPAIl. Finally, the
obtained spectra from NIRS have been used as a reference to be compared with the automatically
unmixed signatures from sPAIl via SPAX.

6.3. Results
6.3.1. In vitro experiments

Fig. 5 (A) shows the source spectral components automatically obtained by using the proposed
SPAX approach. From the automatically extracted spectra, the spectrum represented in green
follows a similar trend as the measured absorption spectral characteristic of ICG shown in Fig. 2
(B).
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Fig. 5. Automatically extracted source spectra of ICG (in green), fat flecks (in yellow), and muscle
background tissue (in blue) by unsupervised SPAX framework (A); Extracted abundance maps of ICG
(green map) present within the capillary tubes (the tubes cross sections are referred by the red arrows)
and intramuscular fat flecks content (yellow map) overlapped on the US image in grayscale (B); the scale
bar size is 5mm.

Although the obtained spectral shape of ICG is similar to the expected spectrum, there is a
discrepancy in the spectral shape in the range of 700-820 nm. This could be due to the spectral
coloring effect as reported elsewhere [40]. In addition to the ICG, the unsupervised SPAX
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framework also detected two other components represented in blue and yellow. According to
the spectral trend, presumably, the blue spectrum could be related to the background muscle
tissue and the yellow represents the intramuscular fat [41]. Fig. 5 (B) shows the multicomponent
maps of ICG and fat (in green and yellow respectively) overlaid on the US image that is
represented in grayscale. The image shows the cross-sectional view where the capillary tubes
filled with ICG are shown in green color and the intramuscular fat deposition in the central region
of the muscle is depicted in yellow.

Here, the beneficial effect of spectral fluence compensation is less evident, due to the small size of the
ICG tubes placed at 2 depths within the muscle tissue. Besides, the muscle tissue has a negligible
absorption, which prevents prominent fluence inhomogeneity along depth.

6.3.2. In vivo exogenous contrast agent

Fig. 6 (A-B) show the US and PA images obtained from the kidney area of the mouse after
intravenous injection of Angiostamp800. The US image (see Fig. 6 (A)) depicts the short axis view
and the anatomical structures, such as kidneys and spine (pointed by green and white arrows
respectively), are distinguished.

(A) (B)

(D)

10

Depth [mm]
&

N
o

Fig. 6. Ultrasound (US) image, in grayscale, of the short axis view of the kidneys (green arrows), and the
location of the spine is referred to by the white arrow (A); The respective photoacoustic (PA) image at
800nm shown in red scale (B); the scale bar size is 2mm. Segmentation mask obtained from US image (C)
and light fluence distribution map at 800nm obtained by Monte Carlo simulations (D) that are used for
the spectral decoloring approach included within the SPAX framework.

Fig. 6 (C) shows the segmented mask obtained from the US image used to guide the light fluence
compensation approach included within the SPAX framework. Fig. 6 (D) shows the light fluence
map obtained at 800 nm via Monte Carlo simulations that is based on the segmentation mask
and the library of tissue optical properties. The light fluence map is obtained at all the
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wavelengths used during the acquisition of sPAI, thus the acquired data are compensated for the
light fluence inhomogeneity along depth and wavelengths.
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Fig. 7. Source spectra of oxy/deoxy hemoglobin and Angiostamp800 automatically extracted by the
unsupervised SPAX framework (A). Abundance maps of oxy/deoxy hemoglobin and Angiostamp800
obtained before fluence compensation (B) and after fluence compensation (C) are depicted in red/blue
and green color respectively; the scale bar size is 2mm.

After the fluence compensation, Fig. 7 shows one of the spectra automatically identified via the
SPAX. Specifically, the Angiostamp800 spectral characteristics obtained without a priori
information. As expected from the kinetics of the contrast agent, the Angiostamp800 is mainly
distributed in the renal cortex as shown in Fig. 8 (A-B). From Fig. 8 (A-B) of the unmixed map of
Angiostamp800 before and after fluence compensation, it is possible to observe changes in the
uniformity of the intensity map along the depth. In particular, without applying the fluence
compensation approach the map shows that the Angiostamp800 is distributed only on the top
part of the renal cortex (see Fig. 8 (A)). This is a misinterpretation due to the light fluence
degradation along depth. Fig. 8 (B) shows the distribution map of Angiostamp800 after the
fluence compensation. From the image it is evident that the Angiostamp800 is uniformly
distributed along the whole renal cortex.

The effect of fluence compensation along depth is also quantitatively shown in Fig. 8 (C), which
depicts the SNR values obtained from the Angiostamp800 maps from the top (yellow arrow) and
bottom (red arrow) parts of the kidney before and after fluence compensation. Without applying
the fluence compensation (® Uncorrected) the SNR decreases from the top to the bottom part
of the kidney. While, when the fluence compensation approach is applied (® Corrected), the SNR
is higher and uniform from the top to the bottom part of the kidney.
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Fig. 8. Angiostamp800 unmixed maps in green color overlaid on US image used as anatomical guidance in
grayscale before and after fluence compensation (A-B); the scale bar size is 2mm. The SNR values obtained
along depth from the Angiostamp800 unmixed maps with and without fluence compensation (C).

6.3.3. In vivo endogenous chromophores

Fig. 9 (A) shows the US-PAI of the lower abdominal region of the mouse. In particular, the kidneys
in the short axis view have been imaged, as indicated by the green arrows. Fig. 9 (B) shows the
source spectral components obtained automatically by using the proposed approach. The red
and blue spectral curves represent the oxy and deoxy hemoglobin respectively.
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Fig. 9. Ultrasound (US) and Photoacoustic (PAIl) images, in gray and red scale respectively, of the short axis
view of the kidneys (green arrows), the location of the spine is referred by the white arrow (A); the scale
bar size is 2mm. Source spectra of fat and oxy/deoxy hemoglobin automatically extracted by the
unsupervised framework (B).
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In addition, the fully automated algorithm showed a great potential to detect the adipose tissue
component, depicted in yellow, which is typically difficult to differentiate without any a priori
information or exogenous contrast. Fig. 10 (A-C) shows the distribution maps of oxy/deoxy
hemoglobin and subcutaneous adipose tissue.
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Fig. 10. Distribution maps automatically extracted by the unsupervised framework of oxygenated
hemoglobin (A), deoxygenated hemoglobin (B), and subcutaneous lipid (C); Abundance maps of
subcutaneous lipid (yellow map) and oxy/deoxy hemoglobin (red/blue map) overlaid on US image (gray
map) (D); the scale bar size is 2mm.

Fig. 10 (D) shows the multi-parametric map of oxy/deoxy hemoglobin and lipid on the high-
resolution US image. The red/blue scale represents the oxy/deoxy hemoglobin distribution which
is mainly present in the kidneys’ vessel network. While the yellow map, which refers to the
adipose tissue content, is mainly distributed subcutaneously as expected in a healthy animal.

The results obtained in vivo have shown the feasibility of the automatic SPAX approach to extract
less and most prominent absorbers without a priori information.

Fig. 11 (A) shows the source components unmixed via SPAX algorithm on the interscapular region
of the mouse in vivo. Although the sPAX automatically extracted seven components, here we
reported five identified components of interest: oxygenated hemoglobin, deoxygenated
hemoglobin, skin line, white adipose tissue (WAT), and water. These have a high correlation with
the theoretical absorption spectra, reported in the literature, of oxygenated hemoglobin,
deoxygenated hemoglobin, melanin, fat, and water respectively [13].
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Fig. 11. Tissue component spectra unmixed by the SPAX from the cervical-thoracic area of the mouse in
vivo. Oxygenated hemoglobin, deoxygenated hemoglobin, skinline, WAT, and water are the identified
components from the seven source components (A). Comparison between the spectrum of WAT
extracted by SPAX and the WAT absorption spectrum measured via NIRS (B). Comparison between the
WAT spectrum extracted by SPAX from three different animals in vivo and the WAT absorption spectrum
measured via NIRS (C).

For a qualitative validation of the spectra, spectral measures of endogenous chromophore via
NIRS have been conducted. The interscapular fat pad has been dissected from the cervical-
thoracic area of the mouse post-mortem and the sample has been prepared to contain pure fat.
Thus, to avoid confounding factors and ensure the measure of the absorption spectrum from the
fat only. NIRS measurements have been performed and used as a reference to validate the
unmixed spectra via SPAX. Finally, the obtained NIR spectrum has been compared with the WAT
spectrum automatically unmixed in vivo from sPAI. Fig. 11 (B) shows the overlay of the measured
spectrum of WAT via NIR spectrophotometer and the spectrum automatically unmixed via SPAX
from the sPAI data. Spectrally, the WAT absorbs primarily in the 900-950 nm region, as shown
by the measured signature of the dissected interscapular fat pad acquired by the NIR
spectrophotometer. The obtained WAT spectrum, unmixed via SPAX, shows a characteristic peak
at around 930 nm and a local maximum at around 750 nm, which are representative of
absorption by lipids. Besides, the correlation values, between the unmixed spectrum of WAT and
the NIRS reference, show that the SPAX approach could reveal the WAT presence even with skin
intact during in vivo experiments with ~96% correlation. Fig. 11 (C) depicts the WAT components
automatically extracted via SPAX from multiple animals, for a total number of three (M1, M2,
and M3). The WAT spectrum obtained from NIRS is also plotted as a reference. Thus, in the inter-
animals comparison, the WAT components obtained via SPAX have also shown a similar trend,
maintaining the characteristic peak at around 930nm. The SPAX framework guarantees to
distinguish the WAT, which is typically a weak absorber and difficult to unmix in the presence of
highly absorbing components such as hemoglobin [42], [43], with a low residual spectral fit
independently of tissue depth.
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Fig. 12. Whole-body US image of the mouse in a prone position with the cervical-thoracic area highlighted
by the red ROI (A); Oxy/deoxy hemoglobin (B) and WAT (C) abundance maps obtained via SPAX depicted
in red/green and blue respectively. Schematic of a mouse interscapular adipose tissue including WAT and
iBAT (D). The scale bar size is 2mm.

In addition to the unmixed spectra, Fig. 12 shows the abundance maps of the components of
interest obtained from SPAX during in vivo acquisitions. The whole-body US image is obtained
simultaneously during the sPAl acquisition, thus enabling the recognition of anatomical
structures such as the cervical-thoracic area with high accuracy (see Fig. 12 (A)). Fig. 12 (B),
depicts the oxy/deoxy hemoglobin distribution map in red/green respectively. Fig. 12 (C), shows
the distribution map of WAT in the blue colormap that matches the WAT distribution within the
interscapular region as confirmed by the schematic reported in Fig. 12 (D). High fidelity and
quality of the tissue component unmixing maps were estimated with in situ visualization
performed after dissection. In particular, as observed in Fig. 12 (D) from the schematic of the
interscapular adipose tissue of a mouse, the WAT has an arrangement between the shoulders
adjacent to the interscapular brown adipose tissue (iBAT) which has a bilateral symmetrical
shape. The SPAX framework has distinguished WAT in vivo, non-invasively, and label-free.
Therefore, it has been assessed that the adipose tissue can be separated from other tissue
chromophores in vivo, within the NIR range of 680-970 nm. This has also been confirmed from
ex vivo evaluations where it is possible to verify that the WAT is localized within the cervical-
thoracic region and shows the same arrangement between the shoulders as automatically
obtained in vivo via SPAX [43], [44]. The interscapular fat pad represents the largest brown
adipose tissue (BAT) depot, located on the dorsal side of the animal, immediately inferior to the
shoulders as shown from the rodents' atlas of adipose tissue by Zhang et al. [42]. The
interscapular BAT (iBAT) is covered with white adipose tissue (WAT), which is highly efficient
energy storage. Conventionally, the WAT is a weaker absorber that shows an absorption intensity
of around two orders lower than BAT, thus it is difficult to be automatically differentiated [44].
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In this study, the fat spectrum identified by SPAX (see Fig. 11), from healthy animals, shows the
characteristic WAT peak at 930 nm, also confirmed by NIRS measurements. According to the
adipose tissue atlas [42], the distribution map of fat obtained via SPAX is also matching the WAT
distribution depicted in the schematic (see Fig. 12 (C-D)). On contrary, the iBAT significantly
contributes to the nonshivering thermogenic response and regulates the body temperature
homeostasis. Thus iBAT can be activated via cold exposure. Once activated, the iBAT becomes
highly vascularized which may contribute to greater absorption than WAT. Beyond WAT, as
demonstrated elsewhere [44], the activation of BAT can be also indirectly monitored by tracking
hemodynamic changes as a marker of BAT's metabolic state. Thus the activation of BAT can be
also monitored via sPAl. However, in this study, we focused on the label-free detection of less
prominent tissue components such as WAT, via SPAX framework.

6.4. Discussion

Here, a recently developed unmixing framework named superpixel photoacoustic unmixing
(SPAX) has been tested and validated experimentally [30]. Specifically, the SPAX framework
includes multiple procedures to accurately identify the tissue composition by minimizing user
interaction and a priori knowledge about the tissue components. Specifically, within the SPAX an
initial fluence compensation step based on US image segmentation and spectral Monte Carlo
simulation enables to mitigate unmixing misinterpretations caused by the spectral coloring
artifact at depth. The singular value decomposition (SVD) analysis, included within the SPAX,
allows the automated choice of the hyperparameter. Therefore, the SPAX framework has shown
higher sensitivity than the classic blind source separation (BSS) methods for sPAI. Specifically, the
SPAX approach is more robust against nonlinearities caused by inaccurate fluence estimation,
converging to source components strengthened by a meaningful positivity constraint. Besides,
when the mixing matrix is more ill-conditioned, as in the case of low SNR, SPAX provides
significantly more accurate results as it is based on a parts-based decomposition. Besides, by
including the innovative superpixel subsampling approach, the SPAX framework enables to
automatically identify both strong and weak absorbers.

We have validated the SPAX on in vitro and preclinical in vivo studies focusing on the automated
detection of less and most prominent endogenous and exogenous chromophores. Specifically,
during in vivo experiments, the SPAX has shown the ability to detect endogenous and exogenous
chromophores with higher sensitivity and specificity at depth. In addition, the SPAX enables to
resolve not only hemoglobin, considered the main source of endogenous contrast in sPAI, but
also less prominent and weaker tissue absorbers such as white adipose tissue (WAT) which is an
important biomarker in several diseases [45]. Finally, the results obtained from the cervical-
thoracic area in 3D via SPAX have been compared to the NIR spectroscopic measures. A Pearson’s
correlation value of 96% has been obtained for the WAT, thus showing the high sensitivity of
SPAX to unmix WAT from highly absorbing components. Therefore, it has been assessed that by
using SPAX the WAT can be separated from other tissue chromophores in vivo, non-invasively,
and label-free within the NIR range of 680—-970 nm.
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Although the SPAX framework has demonstrated exemplary performance as a data-driven
unmixing approach for sPAIl, additional aspects can still compromise the performance of the
spectral unmixing. For instance, the accuracy of the spectral photoacoustic imaging
reconstruction could also impact the unmixing. Specifically, the recorded photoacoustic spectral
signals can be corrupted by many noise sources. To overcome this limitation, advanced image
reconstruction techniques, which lead to a reduced alteration caused by artifacts and noise [46],
have been developed to guarantee higher quality sPAl and, consequently, more robust unmixing
results. Moreover, spectral unmixing still has absolute quantification limits caused by additional
uncertainties within the spectral coloring compensation. Specifically, improved measurements
of the tissue properties, system response, and Gruneisen parameter are still required. To this
end, Brochu et al. [47] have demonstrated to retrieve the tissue optical properties iteratively
using finite element-based simulations, thus no predefined library of properties is needed.
Besides, deep learning approaches based on non-explicit light fluence estimation have been
proposed [48] for application-specific tasks. Thus, in the future, developing deep learning
approaches that can be data-driven based would be beneficial.

Furthermore, blind approaches like SPAX produce a number of components that need to be
visually inspected by an expert to select the most relevant one based on experience and prior
knowledge or determined using e.g. a spectrophotometer. This may introduce uncertainties,
especially, in pathological conditions where there is no theoretical comparison with the spectral
components automatically unmixed. Thus, future implementations of prediction models based
on simulations could help to recognize meaningful features and their relation with specific
disease conditions. Finally, to promote the clinical translation of the sPAl technology real-time
unmixing processing would be beneficial. Typically, spectral unmixing techniques are not feasible
for real-time applications due to the long acquisition time associated with transmitting multiple
laser wavelengths in sPAI. Thus, further efforts would be required to adjust the tradeoff between
acquisition time and spectral resolution. Currently, the SPAX is optimized for spectral PAI
including a spectral decoloring approach based on high-resolution US images and multi-
wavelength Monte-Carlo light fluence simulations. This approach is ideal for accurate and highly
sensitive offline unmixing analysis. However, opportunely choosing a minimum number of
excitation wavelengths during PAI acquisition, which maintains the accuracy and sensitivity of
the spectral unmixing approach, would reduce the acquisition and processing times. As already
demonstrated by Luke et al. [32], the implementation of advanced algorithms for the selection
of significant wavelengths could facilitate unsupervised unmixing using an optimum number of
wavelengths, thus minimizing the acquisition time and speeding up the analysis.

In addition to the number of wavelengths, the linear motor step size and consequently the
number of slices of 3D multi-wavelength data also limits the real-time acquisition. Thus, the
motor step size can be selected to minimize imaging artifacts by maintaining a good compromise
between speed of acquisition, resolution, and continuity of volumetric imaging. Besides, the
optimization of spectral Monte Carlo simulations for fluence compensation by using GPU-based
implementations would also speed up the computational processing time, encouraging the use
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of SPAX in further applications. By optimizing these parameters, acquisition and processing time
can be improved, thus facilitating the translation of the approach into clinical practice.
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Chapter 7

Photoacoustic imaging to monitor the remodeling of soft
tissues surrounding a biodegradable bone implant made of
Magnesium*

Abstract:

In this chapter, we investigated the potential of ultrasound and photoacoustic (US-
PA) imaging to non-invasively monitor soft tissue remodeling in the presence of
biodegradable bone implants. In particular, the newly developed Superpixel
Photoacoustic Unmixing (SPAX) framework has been applied to in vivo monitor
tissue remodeling in presence of Magnesium-based (Mg) implants without any user
interaction. Mg-based implants are an innovative alternative to bio-inert implants
used to treat bone fractures. SPAX data-driven approach has shown great potential
to automatically distinguish the implant from the surrounding soft tissues. Besides,
correlation analysis has been performed to estimate hemoglobin spectral changes
as well as measurements of oxygen saturation (S0,) longitudinally. These
measures represent promising biomarkers to study inflammatory response and
tissue oxygenation function in bone regeneration.

*Part of this chapter has been published as: Hassan, H.W., Grasso, V., Korostynska, O., Khan, H.,
Jose, J., & Mirtaheri, P. (2021). “An overview of assessment tools for determination of biological
Magnesium implant degradation.” Medical Engineering & Physics, 93, 49-58.

*Part of this chapter has been published as: Hassan, H.W., Mota-Silva, E., Grasso, V., Riehakainen,
L., Jose, J., Menichetti, L., & Mirtaheri, P. (2023). “Near-infrared spectroscopy for the in vivo
monitoring of biodegradable implants in rats.” Sensors, 23(4), 2297.
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7.1. Introduction

Photoacoustic imaging (PAl) combines the advantages of ultrasound and optical methods [1].
Currently, most optical imaging technologies use lasers or light-emitting diodes (LED) as a probing
source with the added advantage of being non-ionizing and the possibility of performing
spectroscopic imaging. Optical imaging techniques such as confocal microscopy (CM) and optical
coherence tomography (OCT) enable resolution at the micron level at a limited imaging depth.
Diffuse Optical tomography (DOT) is another commonly used imaging technique for the detection
of molecular composition in tissue, and this approach enables deeper imaging (< 100mm) but
with a resolution in millimeters. Conversely, as a hybrid modality combining optical and acoustic
advantages, PAI offers a good compromise of visualizing tissue structures with micrometer
resolution at deeper imaging depth (up to several centimeters). Since ultrasound scattering is
two to three orders of magnitude weaker than optical scattering in biological tissues [1], PAl can
provide a better resolution than pure optical imaging by detecting acoustic phonons instead of
ballistic photons. PAI has been used in a wide range of applications such as imaging tissue
vasculature and angiogenesis, detection of tumor metastases, tissue oxygen saturation changes,
and therapy monitoring [2]-[4]. In addition to the endogenous absorbers, PAIl is also used to
detect exogenous contrast agents. Indocyanine Green (ICG) is an exogenous molecular imaging
agent widely used for various near-infrared fluorescence imaging technologies and ideally
applied to PAI. Naturally, the use of contrast agents enhances the optical contrast increasing the
PAI intensity. ICG is a clinically approved dye detected using photoacoustic in several medical
applications such as cardiology, liver function, perfusion studies, ophthalmic angiography, and
cancer imaging [5]-[9]. Besides, the potential to image lymphatic drainage has been shown by
performing ICG lymphography in patients with severe lymphedema [10]. Recently, PAI has also
been used to monitor metallic implants and improve surgical procedures. Considering the high
absorption coefficient in the near-infrared (NIR) range of the metal or composite materials, PAI
is well-suited to image coronary artery stents, needles, dental prostheses, and brachytherapy
seeds. Su et al. demonstrate the ability to visualize the vascular stent during the surgery
positioning procedure and post-surgery evaluations by using PAI [11]. Further, Lee et al. have
conducted ex vivo PAI of a dental implant embedded in a porcine jawbone. In the study, they
showed that PAI could provide information regarding the implant fixture, the bone anatomical
features, and the thickness of the soft tissue above the bone [12].

Considering the current developments, PAl is a promising technology to follow the evolution of
tissue remodeling in the presence of advanced biodegradable Magnesium-based (Mg) implants
[13]-[15]. The PAI technology can image functional/molecular information by using the optical
absorption of oxygenated and deoxygenated hemoglobin in the vicinity of the Mg-based implant.
Indeed, continuous assessments of the oxygenation levels are essential to early identify issues
due to the implantation procedure, as well as to follow up on the bio integration between the
living tissues and the metallic implant. As an example, inadequate and prolonged tissue
oxygenation indicates irreversible tissue damage. However, if an inflammatory response occurs,
there will be oxygenation variations and spectral molecular alterations. The excitation laser used
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for PAIl is tunable in the NIR wavelength range; hence it is possible to illuminate the tissues
sequentially at different wavelengths. Multi-wavelength photoacoustic imaging modality (also
referred to as spectral PAI) can be used to also monitor other endogenous biomarkers such as
melanin and lipids and the detection of exogenous contrast agents [16], [17]. Since the tissue
chromophores have distinct spectral signatures, multi-wavelength PAI can also be used to
monitor the tissue’s spectral changes, which could be related to the disease conditions. For
example, if the metallic implant alters the tissue’s physiological state, hemoglobin spectral
variations or additional absorbers could be detected using a multi-spectral PAI approach.
Multispectral PAl acquisitions, commonly use linear regression algorithms to separate the
different chromophores. These techniques have the limitation of being dependent on a priori
knowledge of spectral signatures. Especially during inflammatory responses, this approach can
be challenging due to the high variability and unpredictability of the absorption of the spectral
components. Indeed research efforts have been focused on developing automatic unmixing
methods based on blind source separation algorithms that can be used to detect the prominent
and less prominent absorbers in the tissue without any user interactions [18], [19].

Here we investigated the use of a newly developed superpixel photoacoustic unmixing SPAX
framework [20] to reveal the tissue components in presence of Mg-based implants in a data-
driven way. This automated processing will open many possibilities for unbiased investigations
in tissue composition and remodeling in presence of biodegradable implants.

7.1.1. Background of Mg-based implants and tissue response

The main advantage of Magnesium (Mg) based metal implants over standard permanent
materials is their biodegradability. Thus, the removal operation can be avoided after the bone
healing is completed and the implant has accomplished its fixation function during bone injury
treatment. Besides, Magnesium and its alloys corrode within living tissues without generating
any toxic products. This characteristic makes them suitable candidate materials for
biodegradable temporary implants. However, pure Mg has a very high corrosion rate that limits
its use as a bone implant since this can lead to mechanical instability even before bone healing is
completed. On the other hand, low degradation can lead to inappropriate tissue response
causing complications. To this end, alloying has been used as a possible strategy to improve the
corrosion rate, mechanical properties, and production cost of Magnesium [21]. The basic
elements commonly used for Mg alloying are Al, Ca, Cu, Fe, Li, Mn, Ni, Sr, Y, Zn, Zr, and rare earth
elements [22], [23].

The basic corrosion reactions are influenced, as well as affect, the environment around the
implant. In particular, Mg alloy after insertion into the organism, corrode by mainly releasing
Magnesium hydroxide (Mg(OH)2) and hydrogen gas. Mg(OH).is not soluble and forms a
protective layer on the alloy surface. The amount of tissue water and blood flow can affect the
removal of degradation products and prevent the formation of this protective layer on the
material surface [21]. Thus, the tissue response to the Mg and Mg alloy degradation can
determine the implant's success or failure [22], [24].
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Some of the main in vivo tissue interactions/responses in presence of biodegradable implants are
the following:

e The bone healing process is mainly related to highly complex osteoclast and osteoblast
activity [25].

e Blood vessel formation, or angiogenesis, and tissue regeneration that are crucial parts of
tissue healing [26]. Adequate vascularization of the peri-implant zone is crucial for bone
healing [27].

e The inflammatory response in presence of degrading implants plays also a vital role in
well-coordinated tissue damage and subsequent repairing processes [28], [29].

Most of the current works on the Mg implant follow-up focus on structural bone remodeling,
however functional and molecular assessment plays a crucial role in providing information about
physiological changes in tissues, which can be used as an early indicator of healing. To this end,
it is crucial to monitor the soft tissue remodeling at early time points [30] to detect the tissue
changes and predict acute and chronic inflammatory responses [31] that can affect implantation
success at later stages. Thus, PAI can be an ideal imaging technology with a high potential for
monitoring the surrounding tissues' revascularization and inflammation in presence of Mg-based
implants. In particular, PAl has a unique ability to image many endogenous molecules involved in
the angiogenetic and inflammatory process, such as hemoglobin and collagen, as well as label
other inflammatory cells or molecules using exogenous contrast agents as described elsewhere
[32]-[35].

Tang et al. showed that PAI can monitor spectral changes in hemoglobin that may be related to
methemoglobin. Methemoglobin is an abnormal type of hemoglobin that contains oxidized iron
atoms in the ferric state and is incapable of transporting oxygen that can potentially have a role
in inflammation [36]-[38]. Besides, oxygen saturation (S0,) changes represent a crucial
biomarker to estimate angiogenesis at early time points and predict implant osseo-integration at
later stages [39].

The purpose of this study is to investigate the potential of the Superpixel Spectral unmixing
approach (SPAX) for the in vivo monitoring of spectral hemoglobin changes and oxygen saturation
( SO,). The spectral molecular changes can be used as a possible biomarker to indicate tissue
remodeling during implant degradation. In particular, the combination of ultrasound-
photoacoustic (US-PA) imaging and highly sensitive data-drive unmixing approaches, such as the
recently developed SPAX [20] can help to detect specific tissue components for monitoring Mg
implant degradation level, tissue regeneration, and inflammatory condition with enhanced
specificity. The hybrid US-PA technology can provide anatomical, functional, and molecular
information simultaneously. US-PA has the potential to non-invasively characterize the tissue
composition in living tissues without the use of ionizing radiations.
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7.2. Materials and methods
7.2.1. Tissue-mimicking phantom

To evaluate the spectral characteristics of Mg implants, multi-spectral PAI of a tissue-mimicking
phantom has been performed. Fig. 1 depicts the tissue-mimicking phantom setup, which includes
an Mg pin and a capillary tube filled with Indocyanine Green (ICG). Both samples were inserted
into a chicken breast at a depth of 10mm from the surface and carefully positioned with a spacing
of 5 mm. The diameter of the Mg pin (XHP — ZX00 MgZnCa, BRI.TECH GmbH) was 1.6 mm, and
the length was 8 mm. A capillary polyethylene tube (inner diameter =380 um, outer diameter
=840 um, and 16.5 mm length) was filled with Indocyanine Green (ICG, PULSION Verwaltungs,
GmbH), which was obtained at a concentration of 800 UM by resuspending 25 mg vial of ICG in
sterile water. Multispectral PAlI was performed with Vevo LAZR-X (FUJIFILM VisualSonics, Inc.,
Toronto, ON, Canada) with a linear array transducer of central frequency 21MHz (MX250). The
details of the PAI setup can be found elsewhere [19], [20].

=Chicken Breast
=== Mg Pin

o IIOmm
®e

Fig. 1. Schematic of the tissue-mimicking phantom including Mg pin and ICG capillary tube embedded in
chicken breast.

7.2.2. In vivo study

The in vivo experiments involved female Wistar rats of twelve-week-old. Animals were
anesthetized with an intraperitoneal injection of 5 mg/kg Xylazine (Rompum Elanco, Italy) and 10
mg/kg Zoletil (Virbac, Switzerland). Before surgery, the hind limbs were shaved using a depilatory
cream. During the surgery, an incision was made on the leg’s lateral, and the Biceps Femoris
muscles were carefully teased away to expose the diaphyseal region of the femur. A transcortical
hole on the femur has been created with a 1.55 mm diameter drill. A low drilling rotational speed
was selected, and physiological saline (Fresenius Kabi, Italy) was dripped to minimize frictional
heat and thermal damage to the tissue. Both hind limbs of a group of 5 animals were implanted
with Mg alloy pin implants (WE43, Syntellix AG, Hannover, Germany) with a length of 8 mm and
1.6 mm in diameter. Another group of 5 animals got both hind limbs implanted with equivalent
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geometry of Titanium (Ti) pin implants. The cylindrical implant is inserted by gentle tapping,
resulting in a uniform press fit. After pin placement, the wound site is cleaned with sterile cotton
tips for remaining bone debris and the wound is closed with resorbable sutures (Johnson &
Johnson Medical, Italy). Fig. 2 shows the uCT image of the implanted hind limb of the rat with
Mg pins, 45 days after the surgery. The Sham group was composed of 3 animals. Both hind limbs
of each animal of the Sham group received the same surgical procedure, but no implant has been
inserted in the femur hole.

Fig. 2. uCT image of the implanted hind limb of the rat with Mg pin 45 days after the surgery; the scale
bar size is 2 mm.

All in vivo experiments were carried out in accordance with the National Ethical Guidelines
(talian Ministry of Health; D.L.vo 26/2014) and the guidelines from Directive 2010/63/EU of the
European Parliament. The protocol was approved by the Instituto Superiore di Sanita on behalf
of the Italian Ministry of Health and Ethical Panel (Prot. n® 299/2020-PR) and the local ethics
committee. Additionally, the protocol conformed to the ARRIVE guidelines.

Table 1 summarizes the total number of animals per group along time points where the right and
left hind limbs of the same animal are considered separate samples.

Table 1. The number of limbs/samples (n) involved in the in vivo analysis per group along the time points.

Group D3 D7 D14 D28 D45

Sham ‘ 6 6 6 6 6
Ti ‘ 10 10 10 10 6
Mg ‘ 10 10 10 10 10

7.2.3. In vivo US-PA imaging protocol

In vivo US-PA imaging studies with transcortical femur implantation rat models have been
performed longitudinally. High-resolution Ultrasound (US) and Photoacoustic (PA) imaging (US-
PA) have been acquired by using the platform Vevo LAZR-X (FUJIFILM VisualSonics, Inc., Toronto,
ON, Canada). A linear US transducer array (MX550S) consisting of 256 elements at a nominal
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center frequency of 40 MHz and bandwidth of 25-55 MHz, is coupled with narrow optical fibers,
mounted on either side of the transducer. This high-frequency transducer guarantees high spatial
resolution (axial resolution of =40 um and lateral resolution of =80 um), and the narrow optical
fibers enable focused illumination. Homogenous light illumination is guaranteed by placing the
sample to be imaged on the converging area of the two light beams. Spectral photoacoustic
imaging (sPAl) has been performed, within the wavelength range of 680-970 nm with a 1nm step
[40]. The imaging acquisition has been conducted on the implanted rats' hind limbs positioned
on their lateral recumbency on days 3, 7, 14, 28, and 45 after surgery. Rats were anesthetized
with isoflurane (2%-3% by volume with 0.8I/min gas flow) and the transducer was aligned
perpendicularly to image the region of interest.

7.2.4. Superpixel photoacoustic unmixing (SPAX) and analysis

For the in vivo study instead of using the conventional linear unmixing approach which requires
the absorption spectra of the expected tissue components as a priori information [41], we have
used a newly developed superpixel data-driven unmixing (SPAX) framework described in detail
elsewhere [20]. In addition to the automated detection of the HbO; and Hb content, the
characteristic broad absorption spectrum of the metallic implant and its spatial distribution has
also been obtained by the unsupervised SPAX approach. The framework implements an SVD-
based analysis to automatically distinguish the relevant spectral information above the noise
level. SPAX is also extended to compensate for the spectral coloring artifact combining US image
segmentation and spectral Monte Carlo (MC) light fluence simulations based on a predefined
library of tissue optical properties. Besides, the advanced superpixel subsampling integrated
within SPAX enables to detect less and most prominent components, without a priori
information.

After the spectral unmixing, the identified endogenous tissue chromophore spectra were
correlated with the theoretical absorption spectra [42]. In addition to the unmixed chromophore
spectra and correlation, the oxygen saturation (S0,) of the surrounding soft tissue was also
evaluated. Specifically, the SO, has been calculated from the normalized unmixed maps of HbO;
and Hb, obtained as the output of the SPAX analysis. When the implant is present (for Ti and Mg
groups), its normalized unmixed map has been used to exclude the pixels of the implanted area,
if any, from the HbO; and Hb maps. This ensures a more accurate SO, evaluation, since eventual
artifact pixels coming from the implant area in the HbOz and Hb maps are excluded.

Thus, the oxygen saturation has been evaluated from the unmixed maps of oxy/deoxy
hemoglobin, obtained in vivo via the SPAX, as follows:

mean (HbO,)

50, = [mean (HbO,) + mean(Hb)]

(1)

where the mean value of the non-zero pixels of the HbO, and Hb maps has been used. The SO,
values might be related to angiogenesis phenomena occurring during the healing process. In
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particular, the new vessel formation can be indirectly monitored as a function of the SO,.
Therefore, the correlation analysis and the SO, measures are used as possible biomarkers that
indicate the soft tissue remodeling in presence of the bone implant.

7.3. Results
7.3.1. Phantom imaging

Fig. 3 (A), shows the spectral curves of ICG and Mg pin in the wavelength range of 680 - 970nm.
The spectral absorption graphs within the NIR range clearly show that Mg has a broad absorption
spectrum, and the ICG has an absorption peak at around 880nm. Fig. 3 (B) shows the spectrally
unmixed 3D PA image, where green and red voxels represent the spatial distribution of ICG and
Mg, respectively. Since the chicken breast has limited absorption it is not detected but visible in
the ultrasound image and represented in grayscale. When imaging in PA-Mode, the standard US
transducer is combined with optical fibers fixed on the sides of the experimental setup. This
guarantees that the high-resolution US images are naturally registered to the laser-induced PA
ultrasonic signals during spectral PAIl acquisition. Therefore it is evident that the co-registration
of US-PA imaging demonstrates the feasibility of detecting anatomical, functional, and molecular
information.
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Fig. 3. Normalized intensity of PA absorbance spectral graphs of ICG and Mg pin (A). Spectrally unmixed
3D PA image (B); The scale bar size is 2 mm.

7.3.2. In vivo tissue monitoring

Here the longitudinal in vivo spectral data have been unmixed via SPAX and spectral variations as
well as SO, changes have been evaluated. Fig. 4 shows the US image (grayscale) and PA image at
800nm (red scale) extracted from the multispectral data set of the implanted rats with an Mg
pin. The US images in grayscale show the anatomy in detail. In particular, the image shows the
cross-sectional view of the diaphyseal region of the femur, three days after implantation. Often,
on day 3 after implantation, the hydrogen gas bubble generated by the degradation of the Mg
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pin interacting with living tissues is visible. As shown in Fig. 4 (A), the presence of the gas bubble
will cause an artifact that hides the tip of the pin, which is not visible. On contrary, Fig. 4 (B),
shows the case where the gas bubble is resorbed and the tip of the pin is distinguishable as well
as the surgical wound. Besides, the strong absorption from the tip of the pin might cause a
reverberation artifact which is visible at the bottom of the PA image. Usually, at later time points,
the bubble is resorbed and the US-PA view would be similar to the scenario shown in Fig. 4 (B).

Artifact

Fig. 4. Ultrasound (grayscale) and Photoacoustic (redscale) image of Mg implanted rat’s femur on day 3
after surgery in presence of hydrogen gas bubble (A), and in the case where the gas bubble is resorbed
(B); The scale bar size is 2mm.

The data-driven SPAX analysis has been applied longitudinally to the spectral data of Sham, Ti,
and Mg groups. From the automated unmixing the spectra of HbO;, Hb, and implant when
present have been identified. Fig. 5 longitudinally depicts the mean u (solid lines) and standard
deviation o (shaded area) of the identified source spectra for Sham, Ti, and Mg groups.

Fig. 6 (A-C) show only the mean of the source spectra obtained from Sham, Ti, and Mg groups,
respectively. The mean spectra of HbO; and Hb of all the groups have been used for the
correlation analysis. In particular, the correlation between each mean spectrum and the
respective theoretical absorption spectra of HbO, and Hb has been evaluated. Thus, Fig. 7 (A-C)
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show the correlation values obtained for HbO; (top row) and Hb (bottom row) for the Sham (n=6),
Ti (n=10), and Mg (n=10) groups respectively. While the HbO; spectra for Sham and Ti remain
similar to the theoretical spectra (correlation high and steady see Fig. 7 (A, B) top row), for the
Mg group there is a drop in correlation at Day 3 and Day 28, however, the respective standard
deviation is high. Besides, the correlation values of Hb (Fig. 7 (A-C) bottom row) for the Sham, Ti,
and Mg groups show steady high values except low values at day 45 for Sham, day 3 and 14 for
Ti, and day 3 for Mg. However, these low correlation values for the Hb spectra have a
correspondingly high standard deviation.
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Fig. 5. Absorption spectra identified via SPAX analysis of oxy-hemoglobin (HbO;) in red, deoxy-hemoglobin
(Hb) in green, and implant (Mg and Ti pin) in blue. The mean u (solid lines) and standard deviation o
(shaded arear) of the source spectra obtained from sPAl of the Sham, Ti, and Mg groups at days 3, 7, 14,
28, and 45 after surgery are included.
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and Mg (C) groups.
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Fig. 7. Longitudinal correlation between mean absorption spectra of oxy-hemoglobin (HbO,) and deoxy-
hemoglobin (Hb) with the respective theoretical absorption spectra, for Sham (A), Ti (B), and Mg (C)
groups.

Fig. 8 shows the unmixed abundance maps, obtained in a data-driven way via SPAX, where the
oxygenated hemoglobin (HbO,), deoxygenated hemoglobin (Hb), and the implant are
represented in red, green, and blue respectively. The blind unmixing analysis has been performed
longitudinally at days 3, 7, 14, 28, and 45 post-surgery. These maps enable enhanced visualization
of the HbO,, Hb, as well as Ti or Mg pin when present. The SPAX framework also includes a light
fluence compensation function to overcome the spectral unmixing misinterpretation caused by
spectral coloring artifacts, thus enabling accurate quantifications of the unmixed components.

From the unmixed maps of HbO, and Hb, the measures of tissue oxygen saturation (S0O,) have
been evaluated as shown in Fig. 9.

In particular, to accurately evaluate the SO, by using the HbO; and Hb maps the abundance map
of the implant, for Ti and Mg group, is used to exclude the pixels of the implant. Fig. 9 shows the
longitudinal SO values per each animal group evaluated by using Eq. (1). As shown from the box
plots, the solid black line connects the mean S0, values through time points, to highlight the SO,
the trend in average per each group. For all the groups (Sham, Ti, Mg) the mean SO, values range
between 75% — 80%, which is a normal oxygenation level range [43]. In particular, Fig. 9 (A-C)
depicts the longitudinal SO; distributions of the Sham (n=6), Ti (n=10), and Mg (n=10) groups,
respectively.
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HbO, Implant

Fig. 8. Distribution unmixed maps obtained via SPAX of oxy-hemoglobin (HbO,) in redscale, deoxy-
hemoglobin (Hb) in greenscale, and implant (Mg and Ti pin) in bluescale obtained for the Sham, Ti, and
Mg groups at days 3, 7, 14, 28, and 45 after surgery; The scale bar size is 2 mm.

The mean SO, values for the Sham and Ti groups (see Fig. 9 (A-B)) fluctuate within this normal
oxygenation level range over time. On contrary, for the Mg group (see Fig. 9 (C)), early time points
correspond to higher SO, values on average, while from day 14 the SO, shows a plateau. This
may suggest that immediately after implantation since the Mg-based implants immediately start
to react in contact with living tissues, the rise in SO, values may be related to inflammatory and
angiogenesis processes mainly. This is also in accordance with the degradation rate trend of Mg-
based implants that show a peak of degradation/interaction at early time points. While at later
stages, the steady SO, trend is in accordance with the decrease in the degradation rate as shown
from the analysis of the material elsewhere [44].

Longitudinally, the SO, values for Mg implanted group are in accordance with the degradation
rate of the Mg-based implants. Outliers can be explained by a slight misalignment of the imaging
spot or change in energy of the light source of excitation of sPAl, as well as a bruise caused by
the depilatory cream irritating the skin.
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Fig. 9. Box plot of the oxygen Saturation (SO>) values obtained from the unmixed maps of oxy-hemoglobin
(HbO,) and of deoxy-hemoglobin (HbO,) of the Sham (A), Ti (B), and Mg (C) groups at days 3, 7, 14, 28,
and 45 after implantation.

7.4. Discussion

We have investigated the use of spectral photoacoustic imaging (sPAl) and superpixel
photoacoustic unmixing (SPAX) method to non-invasively monitor possible biomarkers that can
indicate the soft tissue remodeling in the presence of biodegradable bone implants made of
Magnesium. Therefore, we herein studied whether photoacoustic may be used to image
functional and molecular parameters related to soft tissue remodeling in presence of
biodegradable implants through a tissue-mimicking study and in vivo murine implanted model.
Specifically, the in vivo longitudinal study included Ti- and Mg-based implants and Sham groups
imaged at days 3, 7, 14, 28, and 45 after surgery. sPAl and SPAX data-driven analysis has enabled
to automatically identify oxy/deoxy hemoglobin components and implants when present. Thus,
the correlation between the oxy/deoxy unmixed spectra and the respective theoretical spectra
has been evaluated longitudinally. This correlation might be used as an indication to detect
significant spectral changes related to hemoglobin variations during the inflammatory response.
Besides, the longitudinal SO, evaluation has been performed, as this might give information
regarding angiogenesis during tissue healing and remodeling.

In summary, spectral photoacoustic imaging and SPAX have shown promising initial results to
study angiogenesis and inflammation during tissue healing and remodeling in the presence of
biodegradable bone implants made of Magnesium. The proposed superpixel data-driven
unmixing framework outperformed the standard unmixing methods to automatically detect and
qguantify the molecular components and the implant. The measures obtained from the
framework have the potential to monitor the soft tissue remodeling and evaluate the implant
osseointegration. This innovative data-driven approach opens many opportunities for further
applications to non-invasively monitor tissue remodeling in presence of bone implants.

However, since the in vivo study was based on a limited number of animals (see Table 1) there
are still challenges to make significant evaluations from the performed analysis.

124



Current limitations of the study

The SPAX analysis has identified components such as HbO,, Hb, and Ti/Mg implants when
present as well as additional unidentified components that require further investigations.
Focused optical fibers have been used for sPAIl acquisition. Although the focused
illumination has effectively illuminated up to the tip of the implant, this has limited the
penetration of light to deeper regions. Therefore, even though light fluence
compensation has been applied, at deeper regions the correction enhances the signal and
also the noise which is more prominent at depth in this configuration. Thus, deeper
regions have not been considered. In future studies, changing the illumination setup
might guarantee the acquisition of images with a more uniform light fluence distribution.
High-frequency transducers enhance the image resolution limiting the imaging depth as
well. Thus, the possibility of using lower frequency transducers can enable to perform
photoacoustic imaging at depth.

Although the sPAIl unmixing provides highly sensitive results about the molecular tissue
components spectra and their distribution maps, the SO, evaluation is not an absolute
measure. Thus, to obtain the absolute quantification in PA imaging, improved
measurement of the system response, tissue optical properties, and Grineisen
parameters are required. In the future, we aim to address the absolute quantification, by
implementing deep learning approaches based on non-explicit light fluence estimation,
leading to high fidelity SO, estimations.

Only endogenous tissue components might be not enough for a complete tissue
component analysis. For example using exogenous contrast agents such as
Angiostamp800 that targets for avf3 — integrin, which is a regulatory factor within the
inflammatory response.

Further validations via soft tissue histology as multimodal imaging (using CT/PET) would
lead to a more robust analysis.
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Chapter 8

Multi-frequency photoacoustic imaging for tissue monitoring
in presence of biodegradable bone implants:

“En route to the clinics”*

Abstract:

In this chapter, we investigated the potential of multi-frequency bandwidth
ultrasound transducers for photoacoustic imaging to fuse multi-scale features with
unprecedented details. This approach has the potential to image biomarkers and
tissue structures with varying sizes, resolutions, and depths. Here, we characterized
an innovative open architecture system that enables the co-localization of low and
high-frequency photoacoustic signals within the frequency range of 1-71 MHz. The
technology showed to be adaptable for imaging small to large structures through
simulations and customized tissue-mimicking phantoms experiments. This could
facilitate the translation of photoacoustic technology for advanced applications
such as tissue monitoring in presence of biodegradable bone implants.

*Part of this chapter has been published as: Grasso, V., Willumeit-Rémer, R., & Jose, J. (2023,
March). “Development of an Al-assisted multi-spectral photoacoustic imaging for volumetric
molecular tissue composition: a multi-frequency translational approach”. In Photons Plus
Ultrasound: Imaging and Sensing 2023 (Vol. 12379, p. 1237902). SPIE.

*Part of this chapter has been submitted for publication as: Grasso, V., Willumeit-Romer, R., &
Jose, J. (2023) “Multi-frequency photoacoustic imaging for tissue monitoring in presence of
biodegradable bone implants: “En route to the clinics”.” Sensors.
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Abstract: Multi-scale assessment of tissue biomarkers via photoacoustic imaging (PAI) is crucial,
especially in clinical settings. Generally, photoacoustic signals have broadband frequency content
by nature, which can span from Kilohertz to several tens of Megahertz. However, the ultrasound
(US) transducers used in PAI are not ideal point detectors with infinite bandwidth. In PAI the lim-
ited frequency bandwidth has a significant impact on the resolution and depth of the reconstructed
image. Specifically, the use of lower frequency transducers (below 10 MHz), enables imaging at
depth and provides spatial resolutions in the range of 150 — 200 microns. On the other hand, high-
frequency transducers within the range of 15 — 50 MHz can enable spatial resolutions of around 40
microns. However, this results in increased acoustic attenuation, which limits the imaging depth.
Therefore, PAI may require the use of a low or high-frequency transducer depending on the appli-
cation. In general scenarios, it would be ideal to use the combination of photoacoustic imaging at
high-frequency to monitor superficial highly detailed features and low frequency for targets at
depth. To this end, here the use of multiple US transducers with different frequency bands for PAI
has been investigated through simulations and tissue-mimicking phantom studies. Besides the im-
pact of the frequency response of the US transducer on the PAI depth and resolution has been eval-
uated in detail, laying the fundamentals for the translation of PAI in clinics.

1. Introduction

In photoacoustic imaging (PAI), the hybrid combination of acoustic and optical prin-
ciples offers structural, functional, and molecular information based on either endoge-
nous chromophores (like oxygenated/deoxygenated hemoglobin, lipid, melanin, colla-
gen, and water) or a variety of exogenous contrast agents or both. In particular, as PAI
uses the same data acquisition process as ultrasound imaging, it can reveal various fea-
tures with strong optical contrast at acoustic resolution in deep tissue, non-invasively, and
without the use of ionizing radiations. These characteristics have contributed to PAI's
success in preclinical research and its use in advanced applications. Recently we have ex-
plored the use of PAI as a method of monitoring tissue regeneration in presence of biode-
gradable bone implants [1]-[4]. However further developments are still required to facil-
itate the translation of the technology into the clinical practice for this advanced applica-
tion.
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Over the last decades, various PAI system configurations have been optimized for
the rapidly expanding clinical potential of photoacoustic imaging [5] including dermatol-
ogy, vascular, musculoskeletal, gastrointestinal, breast, and adipose tissue imaging [6].
Hence, many clinical studies have been reported such as the use of PAI to differentiate
malignant and benign thyroid nodules by Kim et al. [7], [8]. Manohar et al. [9]-[11] have
reported the current and future trends of photoacoustic for breast imaging. Besides,
Malmsijo et al. [12], [13] have performed PAI for cutaneous microvasculature, melanoma,
and temporal artery applications. Kajita et al. [14], [15] have studied the use of PA for the
lymphatic system and peripheral vascular imaging in extremities. Petri et al. have been
monitoring tissue remodeling in wound imaging [16] and adipose tissue imaging of ca-
rotid vessels [17]. Recently, Ali et al. [18] have proposed the emerging application of a
photoacoustic endoscope for human gastrointestinal tract imaging. Furthermore, PAI has
also been used to monitor metallic implants, localize needles, and improve image-guided
surgical procedures in clinical applications [19]-[22].

However, further efforts are needed to expand PAI to cover a broader range of clin-
ical applications at multiple scales. In particular, photoacoustic signals have broadband
frequency content that includes information about structures of different sizes [23]. On
the other hand, the transducers used for measuring the PA signals are not ideal point
detectors with infinite bandwidth. Conventionally, the PAI systems typically work either
in the lower frequency or in the higher frequency due to the limited frequency bandwidth
of the transducers and data acquisition (DAQ) systems. In PAI the limited frequency
bandwidth has a significant impact on the resolution and depth of the reconstructed im-
age. Therefore, depending on the transducer frequency bandwidth, PAI can be scaled over
a wide range of imaging resolutions and depths [24]. Specifically, the use of lower fre-
quency transducers (below 10 MHz), enables imaging at depth and provides spatial reso-
lutions in the range of 150 — 200 microns. On the other hand, high-frequency transducers
within the range of 20 — 50 MHz can enable spatial resolutions below 80 microns. How-
ever, this results in increased acoustic attenuation, which limits the imaging depth.

Therefore, PAI may require the use of alow or high-frequency transducer depending
on the application. For instance, for skin cancer imaging, a high-frequency transducer may
be beneficial to retrieve high details of the angiogenesis processes at a superficial level.
While for breast cancer imaging, a low-frequency transducer might be preferred to access
bigger structures with lower resolution at a deeper level. Furthermore, advanced applica-
tions such as the use of biodegradable bone implants are becoming increasingly popular
for treating bone fractures in humans. In this case, it would be more effective the combi-
nation of photoacoustic imaging at high-frequency to monitor superficial revasculariza-
tion and low-frequency for implant osseointegration at depth. Thus, a multi-frequency
bandwidth imaging acquisition protocol that can be adapted to various applications in
biomedical imaging would be beneficial. Ideally, a flexible PAI system in terms of fre-
quency bandwidth and optical illumination would open many possibilities for transla-
tional photoacoustic imaging.

This study aims to characterize the performance of a newly developed open archi-
tecture imaging system, the Vevo-F2 LAZR-X (FUJIFILM VisualSonics), that enables the
detection of photoacoustic signals in the frequency range of 1 - 71 MHz. This is a unique
platform that provides complete flexibility to researchers to expand the range of applica-
tions in preclinical imaging and translational research, by customizing the use of multiple
transducers and specific optical fiber bundles. Due to the broadband nature of the PA
acquisition, the approach can create multiscale and multi-contrast images of structures
ranging from small to large and facilitate respective spatial resolutions.

Thus, we have evaluated the advantages of the multi-frequency bandwidth photoa-
coustic approach via numerical simulations first. Then, experimentally we characterized
the Vevo-F2 LAZR-X system at multiple frequency bands, by sequentially using different
compatible transducers, through customized tissue-mimicking phantoms. Thus, the effect
on image resolution, sensitivity, and penetration depth has been investigated in detail.

130



Sensors 2022, 22, x FOR PEER REVIEW 30f18

Finally, we have fabricated a human hand-shaped phantom to mimic a realistic clinical
scenario to prove the advantages of a multi-frequency bandwidth approach to reveal fea-
tures of different sizes and depths in photoacoustic imaging. This configuration was
demonstrated to be highly useful in understanding conditions related to human tissue
features, especially in presence of bone implants. Besides, a multi-frequency bandwidth
photoacoustic imaging protocol is also provided. Furthermore, the design and fabrication
of the ad hoc tissue-mimicking phantoms are described in detail.

2. Materials and methods

In the following sections, we describe the ultrasound-photoacoustic system specifi-
cation, by using multiple transducers with various frequency bandwidths. The character-
ization of the multi-frequency bandwidth approach for photoacoustic imaging aims to
show its suitability to reach multi-scale information at multiple imaging depths and reso-
lutions. The evaluation of multi-frequency bandwidth imaging demonstrates the rele-
vance to translate photoacoustic technology into clinical practice. The effect of multi-fre-
quency bandwidth acoustic sensors on the photoacoustic image resolution and depth has
been evaluated through numerical simulation and experimentally via customized de-
signed tissue-mimicking phantoms.

Thus at first, the k-wave [25] toolbox was used for the simulations of photoacoustics
signals as well as the reconstruction of the images to demonstrate the potential and limi-
tations of using sensors covering multi-frequency bandwidths. Finally, we experimentally
accessed the photoacoustic system’s performance through customized tissue-mimicking
phantoms including a realistic mimicking clinical scenario. This characterization opens
many translational possibilities for using the technology for future clinical applications,
especially with implanted patients where the combination of multi-frequency bandwidth
photoacoustic imaging can cover multi-scale imaging enhancing complementary features
at various resolutions from different depths.

2.1. Simulation of multi-frequency bandwidth photoacoustic image

Numerical simulations have been implemented to estimate the effect of varying the
frequency bandwidth of the acoustic detector to the degree of spatial resolution and depth
of the photoacoustic images. The k-wave MATLAB toolbox [25] was used to simulate
various domain configurations. This set of open-source MATLAB tools allows the time
domain simulation of photoacoustic as well as ultrasound wave propagation and image
reconstruction using the time-reversal technique. A pc with an Intel i7 processor and 16
GB RAM was used for all the simulations done in this study. Specifically, two sets of
photoacoustic simulations have been designed and implemented to show imaging
resolution and depth using sensors at multi-frequency bandwidths.

The first set of numerical phantoms was used to simulate the blurring and edge-
enhancing effects caused by the limited frequency bandwidth of the ultrasound detectors.
These effects are prominent when there is no matching between the frequency bandwidth
of the sensor and the spatial frequency content of the imaged target object. Thus, in this
set of simulations the target object size and transducer frequency bandwidth were varied
to see the effect on the photoacoustic signals and the spatial resolution of the reconstructed
photoacoustic image.

Specifically, Fig. 1 shows the numerical domains with multi-scale geometrical targets
used in the simulations. Fig. 1 (A) shows a geometrical domain that includes a circular
absorber of 1.5 mm in diameter that mimics the shape of a tumor. Fig. 1 (B) includes the
geometry of a blood vessel network with branches of various diameter sizes such as 0.1
mm, 0.15 mm, 0.2 mm, and 0.4 mm as pointed by the cyan, orange, green, and yellow
arrows respectively. Finally, Fig. 1 (C) depicts a domain that includes both structures such
as the tumor and the blood vessel network. Multi-scale objects, such as a tumor and a
blood vessel network, have low and high spatial frequency content respectively, while the
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domain where both structures are included has a broadband spatial frequency content.
These simulations with multi-scale domains aim to demonstrate the effect of the
transducer frequency bandwidth on the photoacoustic imaging resolution where target
objects with different sizes are included. The initial pressure rise in the tumor and in the
blood vessel network was assumed to be 3 Pa and 5 Pa respectively. The schematic
domains shown in Fig. 1 were simulated using a computational grid of 128 x 128 pixels
(pixel size 0.1 mm). A perfectly matched boundary layer (PML) was used to satisfy the
boundary condition.

(A)

0.1 mm
R J\ 0.2 m’,'"\J ®0.1mm

Y [mm]

r
= ¥ 0.4 mm
1 EEd )

0.15 mm .

0 3 6 9 12
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Figure 1. Simulated geometrical domains of a tumor (A), blood vessel tree (B), and their combination
(C). The dots in red represents the ultrasound sensors’ configuration. These geometries have been
implemented to demonstrate the effect of multi-frequency bandwidth transducers on image resolu-
tion, showing the effects of blurring and edge enhancement.

Besides, Fig. 1 (A-C) depicts in red the 50 ultrasound sensors placed at a 5.8 mm
distance from the center of the simulated domain. This sensor’s configuration of point
detectors placed in a circular shape surrounding the absorbing target is used to avoid any
influence of the depth as well as avoiding any influence from the size and shape of the
acoustic detectors. In order to quantitatively compare the resolution at multiple frequency
bandwidths, we used full-width at half-maximum (FWHM) as an indication of the reso-
lution of the reconstructed PA image.

The first set of simulations aims to demonstrate that using a multi-frequency band-
width approach has a positive effect of merging multi-scale information. In this set of sim-
ulations, the effect of the transducer frequency bandwidth on the photoacoustic imaging
depth has not been considered. This has been investigated in the second set of numerical
simulations.

Figure 2. Simulated geometrical domain of multiple point absorbers along the depth. This geometry
has been implemented to demonstrate the effect of multi-bandwidth frequency transducers on the
image depth and the respective sensitivity. For this simulation, a linear ultrasound transducer
placed at the surface of the domain, as depicted by the red dots, has been used.

Specifically, to demonstrate the sensitivity along the depth of sensors at multiple-
frequency bandwidth, we simulated a geometrical domain where several point absorbers
are positioned along a domain of 9 cm depth as shown in Fig. 2. Each absorber along depth
has a diameter of 2 mm and inter-distance between the absorbers of 7 mm. The initial
pressure intensity of the absorbers was assumed to be 1 Pa. The ultrasound sensors are
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placed linearly on top of the domain as depicted in red in Fig. 2. The size of the simulated
domain is 90 mm x 90 mm with a computational grid of 128 x 128 pixels. PML was used
here as well.

Finally, acoustic sensors with different frequency bandwidths have been used per
each simulated domain. Specifically, sensors with a central frequency of 8 MHz, 15 MHz,
20 MHz, and 30 MHz with a bandwidth of 80 % have been used. The time step chosen
was 10 ns with a total of 728 time steps. The simulations assumed a sound speed of
1500mv5. For simplicity, the medium was considered acoustically homogeneous and there
was no absorption or dispersion of sound. However, any other medium (acoustically and
optically inhomogeneous) can also be considered and similar results may be obtained. The
photoacoustic image reconstruction was done using the time-reversal method in k-wave
for both sets of simulations.

2.2. Multi-frequency bandwidth system characterization

After the numerical simulations, various experimental measurements by means of
customized tissue-mimicking phantoms have been performed. These aim to access the
suitability of photoacoustic multi-frequency bandwidth imaging for translational
applications. Here we focused on ultrasound and photoacoustic system characterization
in a frequency-dependent analysis. Specifically, real evaluations of photoacoustic
resolution and imaging depth have been conducted via tissue-mimicking phantom
experiments. Specifically, the design and fabrication of customized tissue-mimicking
phantoms have been conducted to characterize various aspects of the multi-frequency
bandwidth ultrasound and photoacoustic imaging approach with the ultimate goal to
translate the technology into clinical practice. In the following sections, the development
of three phantoms is described in detail. The phantoms are mainly used to assess the
spatial resolution and imaging depth as well as to mimic a realistic clinical scenario by
imaging with the use of multiple transducers, thus covering multi-frequency bandwidths.

All the tissue-mimicking phantoms designed for the multi-frequency bandwidth
system characterization were prepared by using the same base material made of agarose.
Specifically, the bulk material of the phantoms is made of 1.5% w/v Agar (Alfa Aesar,
Heysham, Lancaster) mixed with 2% w/v Intralipid (IL) (20%, Sigma-Aldrich, Canada).

2.3. Multi-frequency bandwidth ultrasound and photoacoustic imaging system

The photoacoustic data of the tissue-mimicking phantoms were acquired using the
preclinical Vevo-F2 LAZR-X technology (FUJIFILM VisualSonics, Toronto, Canada). This
system is a hybrid ultrasound and photoacoustic system that expand imaging capabilities
from ultra-high to low frequency within the range of 71-1 MHz. In this study, three
different linear array transducers have been used. Specifically, the L38xp, UHF22x, and
UHF29x operate at a central frequency of 8 MHz, 15 MHz, and 20 MHz respectively. Table
1 includes the technical specifications declared by the manufacturer for the linear
transducers used in this work.

Table 1. Ultrasound transducer frequency specifications.

Transducer Center Frequency Bandwidth
L38xp 8 MHz 5-10 MHz
UHF22x 15 MHz 10-22 MHz
UHF29x 20 MHz 15-29 MHz

The ultrasound and photoacoustic Vevo-F2 LAZR-X system includes a Q-switched
pulsed OPO laser pumped by a double Nd:YAG with 5 ns pulse width and 45 m] pulse
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energy. The laser was tuned to the wavelength of 750 nm and delivered at an angle of 30°
with the help of optical fiber bundles mounted on each side of the ultrasound transducer.
Before image acquisition, the laser calibration process has been performed, by using an
external energy sensor. The laser calibration is crucial to characterize the transmission
efficiency of the optical fibers and to ensure that data is normalized to the same energy
scale. Then the acquisition was done by placing the samples at a focal distance from the
transducer, as the image would show low contrast in the vicinity of the transducer.
Finally, the photoacoustic data have been acquired (RF and raw format) by sequentially
switching the different transducers in order to acquire the same target with multi-
frequency bandwidths.

2.4. Vessel-shaped phantom

A blood vessel network-shaped phantom has been designed to evaluate the image
resolution changes at a volumetric scale along the various transducers used for multi-
frequency bandwidth photoacoustic imaging. Fig. 3 shows the designed blood vessel
network with branches of different diameters. The object was 3D printed (Formlabs Form
3, Formlabs Inc., Somerville, MA, USA) in white resin (Formlabs Inc., Somerville, MA,
USA). Besides, the final 3D-printed object has been coated using black spray ink
(Liquitex). Once the dye has completely dried the vessel network has been fixed in a
chamber and filled with the bulk material till the solidification at 4°C has been completed.

To evaluate the resolution from the reconstructed photoacoustic images acquired
with multiple ultrasound transducers, the intensity profiles have been extracted and the
FWHM has been evaluated. Finally, these measurements have been compared with the
original design dimensions to evaluate the blurring effect induced by the different
transducers.

27 mm

16 mm

Figure 3. Geometrical design of the 3D printed blood vasculature, which has been included within
the tissue-mimicking phantom to experimentally investigate the photoacoustic image resolution
using multi-frequency bandwidth transducers.

2.5. X-shaped phantom

An X-shaped phantom has been designed to evaluate the changes in terms of
sensitivity along the depth, signal-to-noise ratio (SNR), and resolution by using multi-
frequency bandwidth transducers for photoacoustic imaging. A cubic open chamber
(12cm x 12cm x 12cm) has been 3D printed (Formlabs Form 3, Formlabs Inc., Somerville,
MA, USA) in white resin with corresponding holes in 2 parallel faces of the chamber in a
custom X-shaped design, as shown in Fig. 4. The holes have been designed to insert light
absorbing threads. Specifically, transparent nylon threads (Almega Nylon, Albatros) with
0.50 mm of diameter have been coated using spray ink (Liquitex) in a black shade. After
the ink has completely dried the black nylon threads have been inserted within the
respective holes to have the absorbers in 3D. Once the threads have been secured in the
phantom chamber using tape and hot glue in the holes to avoid leakage, the bulk material
has been poured into the chamber and left there till complete solidification at 4°C.

The image contrast is defined as a ratio of photoacoustic signal (S) and background
noise (N) intensity. To measure the signal and the noise along the depth, 8 regions of
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interest (ROIs) were placed where the image has a high photoacoustic intensity, such as
at the level of the absorbing threads along the depth, as depicted by the dotted regions in
Fig. 4. The mean values of the intensity of the pixels in these ROIs were calculated. The
same procedure was utilized to measure the background/noise intensity. An ROI was
positioned 2 mm away from the threads at the same depths, and the standard deviation
values of the background pixels' intensity were measured.

90 mm

25mm

Figure 4. Schematic representation of the cross-section of the X-shaped phantom used to
experimentally evaluate the photoacoustic image depth obtained with multi-frequency bandwidth
transducers.

The SNR has then been calculated in decibels (dB) per each ROI along depth as
follows:

SNR = 201l0g1 23, (1)

The X-shaped phantom has also been used to measure the lateral resolution along
depth at multi-frequency bandwidth. The lateral profile in correspondence of the threads
was extracted and fitted to a Gaussian distribution. The full width half maximum
(FWHM) was calculated using MATLAB software (MathWorks Inc.).

2.6. Human hand-shaped phantom

A human hand-shaped phantom has been designed and fabricated to test the multi-
frequency bandwidth photoacoustic imaging approach in a realistic clinical scenario. As
shown in Fig. 5 (A) a hand-shaped holder has been designed and 3D printed in 2
complementary parts, to fit into the 14.5cm x 14.5cm x 18.5cm build volume of the 3D
printer (Formlabs Form 3, Formlabs Inc., Somerville, MA, USA). After printing, washing,
and curing procedures, the two complementary parts of the hand-shaped holder have
been fixed together with hot glue.

(A)

273.5 mm

172.5 mm
Figure 5. Hand-shaped holder modeled in two complementary parts (A); 3D printed hand-shaped
holder with hand skeleton and implant (B); hand vessels representation printed on a white paper
used to mimic the superficial hand vasculature (C); assembled hand-shaped phantom including
vasculature, skeleton, and implant (D).
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The hand-shaped phantom includes a realistic human hand skeleton made of high-
quality plastic (size 15.5 cm x 10 cm) as well as a metallic screw fixed between the ring
proximal phalange and the ring metacarpal bone by using hot glue as shown in Fig. 5 (B).
The screw aims to mimic the presence of a bone implant. Besides, a representation of the
human hand vasculature has been printed on white paper using black ink as shown in
Fig. 5 (C). The blood vasculature paper has been embedded within the hand holder in
turbid bulk agarose material as a more superficial layer to mimic the skin vasculature.
Besides, the hand skeleton including the implant has been positioned deeper following
the real human hand anatomy. Finally, Fig. 5 (D) depicts the assembled hand-shaped
phantom.

2.6.1. Imaging acquisition protocol, registration, and 3D rendering of big volumes

Customized imaging acquisition protocol, registration, and 3D rendering have been
implemented for the multi-frequency bandwidth acquisition of the hand-shaped
phantom. The goal of the multi-frequency bandwidth photoacoustic imaging approach is
to fuse multi-scale features acquired with different resolutions and depths, thus
enhancing the imaging characteristics and opening future possibilities in clinics. In
particular, the transducers L38xp and UHF29x combined with wide- and medium-width
optical fibers respectively, have been sequentially used for the photoacoustic imaging
acquisition of the hand-shaped phantom. The sequential use of these two transducers
aims to guarantee the desired combination of depth and sensitivity of photoacoustic
imaging. Specifically, the low-frequency transducer (L38xp) aims to acquire bigger and
deeper structures, while the high-frequency transducer (UHF29x) can capture superficial
small structures with higher resolution. This combination results optimal to reveal the
bone surface with the implant at depth and the vasculature at the skin level with high

resolution.
oy Ay,

<« —

A

6z}

z
JE
Figure 6. Schematic of the sequential photoacoustic image acquisition setup for big volumes. The
green areas (6z,0y) refer to the overlapping areas between consecutive acquired imaging blocks
(indicated by the grid). A,, represents the width of the transducer and A, refers to the maximum
linear movement of 4.5 cm of the transducer done by the linear stepper motor along the Z direction.

As shown in Fig. 6, the acquisition of a big volume of interest, as the size of a human
hand (= 20 cm x 12 cm), requires sequential acquisitions of smaller blocks. The block size,
shown in Fig. 6 as A, x 4, is 4.5 cm x 3.6 cm at central frequency (f) fc =8 MHz or 4.5
cm X 2.6 cm at fo = 20 MHz. A,, represents the max length of the linear stepper motor
along Z direction, while A, is the image width, which is 3.6 cm for the L38xp and 2.6 cm
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for the UHF29x transducer. The motor guarantee to maintain an orthogonal angle
between the transducer and the object during the image acquisition. For coherent image
acquisition and registration, the motor has been fixed to linearly move only on the Z
direction. Thus, to acquire the whole hand-shaped phantom, the phantom has been fixed
into an open chamber filled with water, which maintains the acoustic coupling during the
image acquisition. Then the whole chamber was fixed on a moving plate that can linearly
shift along y and Z directions as shown in Fig. 6. ¥ indicates the imaging depth
direction.

The grid in Fig. 6 schematizes the series of imaging volumes acquired sequentially
to cover the entire big volume. Each volume is acquired by positioning the phantom
systematically on the grid and then the motor linearly moves the transducer to acquire
the data. Then, the phantom is manually moved to the next optimal position. Specifically,
the order of volumes acquisition proceeds per column of the grid by moving the phantom
of 6z steps till the complete column is acquired. Then the phantom is shifted of §y to
acquire the next column. This procedure continues till the whole phantom is acquired
following a customized grid design that is used as a guideline. The steps 6z, §y guarantee
an overlapping between consequent volumes, which finally facilitates the concatenation
of the acquired volumes. Delay and sum algorithm has been applied to reconstruct the
ultrasound and photoacoustic images per each imaging block [26].

Besides, the local structural similarity index has been calculated to find the
overlapping areas between the subsequent blocks and thus coherently register the various
imaging volumes to obtain the full view of the big volume. The same acquisition protocol
is repeated by using multiple transducers, by maintaining the whole setup mostly
unchanged, in order to guarantee consistent imaging of the same object with multi-
frequency bandwidth transducers.

3. Results

We present the results obtained using multi-frequency bandwidth transducers along
with simulation and tissue-mimicking phantoms studies. Besides, the system perfor-
mance in terms of resolution, sensitivity, and penetration depth is evaluated.

3.1. Simulation of multi-frequency bandwidth transducers’ effect on photoacoustic imaging spatial
resolution

Fig. 7 shows the three simulated domains, such as the tumor shape (A), the blood
vasculature network (B), and their combination (C). These are used as targets to investi-
gate the effect of multi-frequency bandwidth transducers on the multi-scale photoacoustic
features reconstruction and resolution. Fig. 7 shows the simulated domains, the 2D Fast
Fourier Transform (FFT2) of the target objects, and the reconstructed photoacoustic im-
ages obtained from the simulation by using acoustic transducers with central frequency
(f;) at 8 MHz, 15 MHz, 20 MHz, and 30 MHz respectively at 80% bandwidth.

The FFT2 has been applied to the simulated domains to inspect the actual frequency
content of the targets. This shows the transformation from the image spatial domain to
the frequency domain. The FFT2 decomposes an image into sines and cosines of varying
amplitudes and phases, which reveals repeating patterns within the image. Specifically,
low frequencies represent gradual spatial variations in the image, typical of large objects.
Essentially, the low frequencies contain the most information about the overall shape or
pattern in the image. On the other hand, high frequencies correspond to abrupt variations
in the image. These high frequencies contain more detail in the image, such as the edge of
the objects or thinner structures in the spatial domain.

Therefore, when applying the FFT2 to transform a large-size target, such as the tumor
shape in Fig. 7 (A), the FFT2 shows a high presence of low frequencies that are shown by
a high-intensity peak in the origin (0, 0) of the x- and y-frequencies shifted to the center. In
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Fig. 7 (B) the FFT2 of the blood vasculature domain shows that the amplitude of the fre-
quency components is increasing with distance from the origin, which represents high-
frequency content. Finally, when the FFI2 is applied to the combined domain where
multi-sized objects are included (see Fig. 7 (C)), the components in the frequency space
are both low and high.

Besides, for the different simulated domains, the reconstructed PA images show that
using multi-frequency bandwidth sensors can enable the differentiation of the varying-
sized optical absorbers. Thus, it is clear that where there is no matching between the spa-
tial frequency content of the target object and the transducer frequency bandwidth, then
the image results have blurring or edge enhancement effects. Specifically, if a low-fre-
quency object, such as the tumor shape target (Fig. 7 (A)), is acquired with high-frequency
transducers the smooth spatial characteristics of the target will be missing, while the edge
will be enhanced. The edge enhancement effect in the reconstructed photoacoustic images
was clearly evident and it gains by increasing the central frequency of the transducer.

On the other hand, when a high-frequency object, such as the blood vasculature tar-
get (Fig. 7 (B)) is acquired with a low-frequency transducer the fine structure will result
as blurred and spatially smoothed, thus losing its sharpness. The blurring effect in the
reconstructed photoacoustic images raises by decreasing the central frequency of the
transducer.

In a more realistic scenario where targets of different sizes coexist in the same do-
main, such as in the domain with combined targets (Fig. 7 (C)), then a singular transducer
will not be enough to acquire all the frequency components. Thus, the reconstructed im-
ages either preserve an accurate detection of low-frequency targets and maintain the fine
structures as blurred or enable to reveal high details of the small structures and maintain
only the edges of bigger objects.

Other features of the detectors such as the detector aperture can cause blurring in the
lateral direction, which becomes more severe near the recording surface. The finite band-
width, on the other hand, causes spatially invariant blurring.

Target FFT2 f,=8 MHz f.=15 MHz f.=20 MHz f.=30 MHz
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Figure 7. Simulated domains including the different geometrical targets such as the tumor (A), the
blood vessel network (B), and their combination (C). Per each domain, the FFT2 has been evaluated
to investigate the spatial frequency content of the target objects. Besides, the photoacoustic images
of the targets have been simulated using multi-frequency bandwidth sensors. Specifically elements
with central frequency (f;) of 8 MHz, 15 MHz, 20 MHz, and 30 MHz at 80% bandwidth have been
used.
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Here we calculated the FWHM along different profiles, referred to by the dotted yel-
low lines in Fig. 8, from the simulated photoacoustic images at multi-frequency band-
width. Fig. 8 (A) shows the intensity profiles obtained along the tumor shape target at
multi-frequency bandwidths depicted as a blue line in the plots and the ground truth is
shown as the black dotted line. When increasing the frequency of the sensor, from the
profiles it is evident the edge-enhancing effect. On the other end, the profiles obtained
from the blood vessel network target along two lines (see Fig. 8 (B-C)) show the blurring
effect caused by the low-frequency transducer when imaging sharp structures.

Table 2 reports the FWHM measures obtained from the profiles through the simu-
lated photoacoustic images at multi-frequency bandwidth. As confirmed by the profiles,
the measures are more accurate and similar to the reference size when the sensor fre-
quency is matching the frequency content of the target object. Therefore, a low-frequency
sensor (fc =8 MHz) can exactly image the tumor target, while high-frequency sensors (f.=
20 MHz, f. =30 MHz) can accurately capture the fine structures as the vessel branches of
the target.
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Figure 8. Intensity profiles (blue solid lines) obtained from the simulated photoacoustic images of
the different targets at multi-frequency bandwidths. The profiles have been extracted along the cen-
ter of the tumor (A), as well as along the blood vessel network (B-C) through the yellow dotted lines.
The reference profiles from the geometry used for the simulated domains are plotted as black dotted
lines.

Table 2. FWHM size estimation of the targets from the intensity profiles of the simulated photoa-
coustic images at multi-frequency bandwidth. All the measures are expressed in [mm].

Target Reference f=8 MHz f.=15MHz f.=20MHz f.=30MHz

Tumor 1.5 1.5 1.1 1.3 0.8
Vessel — line 1 0.1 0.6 - 0.1 0.3
0.1 0.6 0.1 0.2 0.2

0.2 0.9 0.5 0.3 0.3

0.1 0.6 - 0.3 0.2

Vessel — line 2 0.15 14 0.4 0.3 0.2
0.4 1 0.5 0.4 0.3
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3.2. Simulation of multi-frequency bandwidth transducers’ effect on photoacoustic imaging depth

The simulated domain shown in Fig. 2 has been used to evaluate the effect of multi-
frequency bandwidth transducers on the photoacoustic image depth. Fig. 9 depicts the
depth profiles obtained from the simulated photoacoustic images with multi-frequency
bandwidth sensors across the absorbers.

The blue line in the plots of Fig. 9 represents the photoacoustic intensity profiles
along depth while the ground truth, which refers to the position of the absorbers along
depths, is shown as a black dotted line. The minimum detectable photoacoustic intensity
has been set to 1.5 mPa. Thus, Table 3 reports the maximum detectable depth values ob-
tained by using multi-frequency bandwidth sensors.
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Figure 9. Intensity profiles obtained from the simulated photoacoustic images at multi-frequency
bandwidth using the domain including multiple absorbers along the depth.
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Thus, Table 3 reports the maximum depth detectivity values obtained by using
multi-frequency bandwidth sensors. The sensitivity in deeper regions increases by using
low-frequency transducers. In particular, from the simulated domain, the imaging depth
ranges between 84 mm to 27 mm by using sensors with central frequency within the range
of 8 - 30 MHz.

Table 3. Maximum depth detectivity from the simulated photoacoustic images obtained with multi-
frequency bandwidth transducers.

<=8 MHz f.=15 MHz f.=20 MHz «=30 MHz

Depth 84 mm 34 mm 32 mm 27 mm

3.3. Experimental multi-frequency bandwidth imaging resolution

After the simulation, we experimentally investigated the effect of multi-frequency
bandwidth transducers on photoacoustic image resolution.

Fig. 10 shows the photoacoustic images of the vessel-shaped phantom described in
Section 2.4., acquired using multiple transducers. Specifically, here we used the L38xp
(Fig. 10 (A)), UHF22x (Fig. 10 (B)), and UHF29x (Fig. 10 (C)) linear transducers at central
frequencies of 8 MHz, 15 MHz, and 20 MHZz respectively.

Fig. 11 (A) shows the 3D-printed vessel-shaped network that has been embedded in
the agarose-based material, which represents the absorbing target of the tissue-mimicking
phantom. The yellow dotted lines represent the two lines along with we evaluated the
intensity profiles from the photoacoustic images. Fig. 11 (B) shows the intensity profiles
along the top line extracted from the photoacoustic images obtained by using multiple
transducers. The top line intersects three branches of the vessel network with a reference
diameter of 2 mm, 1 mm, and 1.5 mm from left to right respectively. The vessel branch on
the right is positioned in 3D at a deeper location than the other two branches, therefore its
intensity profile reported with dotted blue lines in the graphs of Fig. 11 (B) shows a lower
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intensity. Fig. 11 (C) shows the intensity profiles along the bottom line extracted from the
photoacoustic images obtained by using multiple transducers. The bottom line intersects
only one branch of the vessel network with a reference diameter of 2 mm.

Figure 10. 3D Ultrasound (grayscale) and photoacoustic (red scale) images of the vessel-shaped
phantom acquired at 750 nm using L38xp (A), UHF22x (B), and UHF29x (C) transducers.

By observing the profiles, it can be noticed that broader peaks are obtained by using
a low-frequency transducer, which indicates the blurring effect. On contrary, sharper
peaks are obtained when using higher-frequency transducers. This shows the higher res-
olution obtained by using higher-frequency transducers.
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Figure 11. 3D printed blood vessel network coated with black ink, which represents the absorber
structure included within the vessel-shaped tissue-mimicking phantom (A). Intensity profiles from
the 3D photoacoustic images of the vessel-shaped phantom acquired using L38xp, UHF22x, and
UHF29x transducers along the top (B) and bottom (C) dotted yellow line.

Table 4. Size estimation of the diameter of the vessel branches from the intensity profiles of the
photoacoustic images of the vessel-shaped phantom acquired by using L38xp, UHF22x, and
UHF29x transducers. All the measures are expressed in [mm].

Vessel Reference L38xp UHF22x UHEF29x

Line 1 2 1 15|11 13 14045 0.7 0.55/0.34 0.5 0.43

Line 2 2 1.95 0.5 0.4
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The resolution is then estimated by measuring the FWHM from the peaks obtained
along the profiles. Table 4 reports these measures from the profiles extracted from the
photoacoustic images acquired with multiple transducers. As shown from the profiles and
estimated as FWHM, thicker branches, as reported from the reference sizes, are imaged
more accurately with a low-frequency transducer as the L38xp. On contrary, thinner
branches are accurately imaged via the higher frequency transducers.

3.4. Experimental multi-frequency bandwidth imaging depth

Here we experimentally investigated the effect of multi-frequency bandwidth trans-
ducers on photoacoustic image depth. Fig. 12 shows the photoacoustic images of the X-
shaped phantom described in Section 2.5., acquired using multiple transducers. Specifi-
cally, here we used the L38xp (Fig. 12 (A)), UHF22x (Fig. 12 (B)), and UHF29x (Fig. 12 (C))
linear transducers at the central frequencies of 8 MHz, 15 MHz, and 20 MHz respectively.

Figure 12. Photoacoustic 3D images of the X-shaped phantom acquired at 750 nm using L38xp (A),
UHEF22x (B), and UHF29x (C) transducers.
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Figure 13. Intensity profiles at the level of the inserted absorbing threads within the X-shaped phan-
tom obtained from the photoacoustic images acquired using L38xp (A), UHF22x (B), and UHF29x
(C) transducers.

From the photoacoustic image of the X-shaped phantom reported in Fig. 12 (A), im-
aging depth up to 90 mm can be achieved by using an L38xp low-frequency transducer.
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Lower imaging depths ranging from 39 mm to 30 mm can be achieved by using UHF22x
and UHF29x higher frequency transducers (Fig. 12 (B-C)).

Fig. 13 shows the intensity profiles obtained across the absorbing threads of the X-
shaped phantom along the depth, from the photoacoustic images obtained by using L38xp
(Fig. 13 (A)), UHF22x (Fig. 13 (B)), and UHF29x (Fig. 13 (C)) transducers. From the profiles
in Fig. 13, it is possible to observe that broader peaks are obtained by lower frequency
transducer and sharper peaks are detected at a higher frequency. Besides, observing the
profiles along the depth, these became noisy in deeper positions, especially for the L38xp
transducer that can image up to 90 mm.

Fig. 14 (A) shows the SNR measures from the photoacoustic images obtained by us-
ing the different transducers along the depth. As observed from the images and intensity
profiles the SNR decreases along the depth, thus the image sensitivity and specificity at
depth are reduced. This is not only caused by the frequency bandwidth of the transducer
but also depends on the non-uniform light fluence distribution along the depth. This effect
is also known as spectral coloring artifact [27].

Fig. 14 (B) shows the estimated size of the threads included within the X-shaped
phantom. The thread size has been evaluated as the FWHM value from the peaks along
the lateral profiles. The size of nylon threads declared by the manufacturer (Almega Ny-
lon, Albatros) is 0.50 mm. However, by using the lower frequency transducer (L38xp with
fe = 8 MHz), at deeper regions the estimated size error is higher as a result of the combi-
nation of blurring and spectral coloring effects. While higher frequency transducers show
high accuracy in imaging small objects, as for the nylon threads.

(A) (B)

35y * 8 MHz "
v 15 MHz al )
oy ¥ v 20 MHz
- m -
o E3 N
p=2 E ™
x 25 )
% - L] - % 2m .
[} u v
50 . v = 8 MHz
. r— * 15 MHz
* 20 MHz
15 . . . 0! .
0 20 40 60 80 100 0 20 40 60 80 100
Depth [mm] Depth [mm]

Figure 14. SNR measurements (A) and diameter estimation of the threads (B) obtained from the
photoacoustic images of the X-shaped phantom acquired by using L38xp, UHF22x, and UHF29x
transducers.

3.5. Multi-scale hand-shaped phantom imaging

Finally, by using the hand-shaped phantom (described in detail in Section 2.6.) we
evaluated the feasibility of multi-frequency bandwidth photoacoustic imaging in a more
realistic clinical scenario. The ultrasound and photoacoustic images of the hand-shaped
phantom have been acquired by using the L38xp and UHF29x transducers by following
the imaging protocol described in detail in Section 2.6.1.

Fig. 15 (A) shows the maximum intensity projection of the volumetric PA image
obtained by using the high-frequency transducer (UHF29x), where the vessel network at
a more superficial depth can be visualized with high resolution. Fig. 15 (B) shows the US-
PA volumetric low-frequency image (L38xp) of the region where the pin has been placed
within the hand-shaped phantom. The deeper structures such as the surface of the skele-
ton from the US image depicted in grayscale and the metallic pin from the PA image
shown in red scale can be visualized.
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The hand-shaped phantom and this initial attempt of acquiring multi-frequency
bandwidth US-PA images in a phantom that mimics a realistic clinical scenario demon-
strate the advantages of such an approach to reveal multi-scale features. This aims to open
further developments and optimizations for the real use of the technology in clinical prac-
tice.

Figure 15. PA image of the hand-shaped phantom obtained by using the UHF29x transducer at 20
MHz central frequency where the superficial vasculature is captured (A). US-PA image of the hand-
shaped phantom obtained by using the L38xp transducer at 8 MHz central frequency where the
skeleton and implant can be identified (B); the scale bar size is 1cm.

4. Discussion

In this work, we investigated multi-frequency bandwidth photoacoustic imaging to
cover multi-scale applications and facilitate the translation of the technology into the
clinics. Thus, we explored the effect of multi-frequency bandwidth transducers on the
reconstructed photoacoustic imaging of absorbers with various sizes and shapes. Specif-
ically, we have investigated the effect on image resolution and depth of PA signals gen-
erated by targets with different sizes and received by ultrasound transducers with vari-
ous frequency bandwidths. In general, larger structures are characterized by lower fre-
quency content whereas smaller structures are described by higher frequency signals.
The suitability of multi-frequency bandwidth photoacoustic to image objects at multi-
scale has been tested through simulations and experimentally on customized tissue-
mimicking phantoms. Besides, a realistic human hand-shaped phantom has been de-
signed and fabricated to replicate a realistic clinical scenario. The hand-shaped phantom
has been used to validate the multi-frequency bandwidth imaging approach and the im-
age acquisition protocol dedicated to big volumes.

The use of multi-frequency bandwidth transducers to acquire photoacoustic images
of the same object at multiple bands has shown the potential to enhance various aspects
of the target of interest, thus avoiding misinterpretations. Besides, this enables compro-
mising imaging depth and resolution, which are crucial aspects for the clinical translation
of photoacoustic imaging technology. Hence, the use of multi-frequency bandwidth
transducers can guarantee the ability to penetrate deep into tissue and the high resolu-
tion of superficial structures, which is important for many imaging applications in clini-
cal practice.

The study showed that multi-frequency bandwidth PA imaging is adaptable for
imaging small to large structures and provides unique opportunities for translational
research. However, further optimizations are still needed to improve the acquisition pro-
tocol and the image processing to enhance the visualization and fuse multi-resolution
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features at multiple depths in a real clinical scenario. This study is a proof of principle
that opens many possibilities to optimize the US-PA technology, on the hardware and
software side, to facilitate the multi-frequency bandwidth approach for clinical applica-
tions. Besides the resolution aspects related to the transducer frequency response, imag-
ing depth is also a crucial aspect. Apart from other several parameters such as excitation
source, excitation wavelength, and imaging target, the transducer specification has a sig-
nificant effect on photoacoustic penetration depth.

The current limitations of the approach and future developments are discussed in
detail in Chapter 9.
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Chapter 9

Conclusions and Outlook

Abstract:

This final chapter aims to discuss the conclusions of the research work conducted
throughout the dissertation. Besides, an overview of future developments is
provided.
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9.1. Conclusions

In this dissertation, we derived and implemented a novel method named Superpixel
Photoacoustic Unmixing (SPAX) framework. The SPAX enables the data-driven differentiation of
molecular tissue components, without any user interactions. The framework is also extended to
compensate for the spectral coloring artifact. Furthermore, we formulated and implemented an
advanced superpixel subsampling process that increases the detection of less prominent tissue
chromophores, those which are generally obscured from the most absorbing molecules. Besides,
the SPAX also includes an optimized visualization of the molecular components’ distribution with
unprecedented details. Extensive analysis has been conducted to benchmark the performance of
the formulated SPAX approach. To this end, the SPAX shows that data-driven approaches have
the potential to solve many of the challenges that still limit the sensitivity and specificity of
photoacoustic image unmixing.

In addition, established imaging techniques such as MRI, CT, PET, and Ultrasound (US) rely on
commercially available, well-characterized tissue-mimicking phantoms for technical validation
studies. In PAI there are currently no standard protocols for realistic durable phantoms. To this
end, here the design and fabrication of an anthropomorphic heterogeneous mouse phantom
compatible with PA have been conducted. To our knowledge, this is the first time of using 3D-
printing technology to establish an anatomically accurate, durable, and heterogeneous small
animal phantom for PAI. The proposed methodology can be adapted by researchers and clinicians
to construct realistic tissue-mimicking phantoms for the continued development of PAl
technology. The mouse phantom has enabled the testing of the newly developed image
processing tools, as well as the standardization of PA imaging protocols, thus leading to higher
chances of success during the in-vivo experiments.

Further, the SPAX approach has been used for different in vivo applications to automatically
monitor endogenous and exogenous tissue chromophores. Besides, the novel spectral superpixel
subsampling approach has shown great potential to identify less prominent tissue
chromophores, such as fat, that generally remain obscured by the most prominent absorbers
(like hemoglobin), during in-vivo studies. The conventional approach to detect the fat is to use
the wavelengths within the Far Infrared (FIR) range, where the absorption from the hemoglobin
is negligible. Since the PA excitation sources in the FIR range have lower energy compared to NIR,
the use of this range is constrained to superficial structures and microscopic applications. As the
SPAX framework is optimized in the NIR-I range of [680-970]nm, where we have more availability
of nanosecond pulsed laser sources, this can be used to detect the distribution of fat along the
whole-body of the small animals, without a priori information.

Besides, for the first time, spectral PAl and SPAX approach have been used for highly advanced
applications involving biodegradable bone implants made of magnesium (Mg) in preclinical
models. Mg-based implants are an innovative alternative to bio-inert implants to treat bone
fractures. Here the SPAX data-driven approach has shown great potential to reveal the tissue
components and oxygen saturation (502) tissue changes in presence of Mg-based implants in a
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data-driven way. These measures represent promising biomarkers to study inflammatory
response and tissue oxygenation function during bone regeneration. Thus, the SPAX opens many
possibilities for unbiased investigations of tissue composition and remodeling in presence of
biodegradable implants.

Finally, we have explored the possibilities of translating the approach in clinical settings.
Generally, photoacoustic signals have broadband frequency content by nature, which can span
from Kilohertz to several tens of Megahertz. However, the US transducers used in PAI are not
ideal point detectors with infinite bandwidth. In PAI, the limited frequency bandwidth has a
significant impact on the resolution and depth of the reconstructed image. Specifically, the use
of lower frequency transducers (below 10 MHz), enables imaging at depth and provides spatial
resolutions in the range of 150 — 200 microns. On the other hand, high-frequency transducers
within the range of 15 - 50 MHz can enable spatial resolutions of around 40 microns. However,
this results in increased acoustic attenuation, which limits the imaging depth. Therefore, PAl may
require the use of a low or high-frequency transducer depending on the application. In general
scenarios, it would be ideal to use the combination of photoacoustic imaging at high-frequency
to monitor superficial highly detailed features and low frequency for targets at depth. To this
end, the effect of using multiple US transducers with different frequency bandwidths on the
resolution and depth of PA imaging has been investigated through simulation and tissue-
mimicking phantom experiments. This was useful to lay the fundamentals for future
developments of the superpixel PAl method.

Herewith, we make the following conclusions:

Unsupervised machine learning algorithms have the potential to accurately unmix spectral
photoacoustic imaging without a priori information.

As described in Chapter 2, we have explored the feasibility of various unsupervised machine
learning methods classified as blind source separation (BSS) algorithms to identify and separate
the most prominent tissue components from spectral PAl. The BSS approaches enabled the
unmixing without a priori knowledge of the expected constituent tissue components as source
spectra. However, as shown in the comparative study, independent component analysis (ICA)
and principle component analysis (PCA) algorithms have shown a lower capability to accurately
unmix while non-negative matrix factorization (NNMF) has shown potential higher performance
for sPAI blind unmixing.

Non-negative constraints in the iterative optimization process have shown superior
performance for the blind unmixing of spectral photoacoustic imaging.

As described in Chapter 3, NNMF has shown promising unmixing performance to accurately
unmix sPAIl. This is thanks to the non-negativity constraints implemented within NNMF that are
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in accordance with the physical meaning of sPAIl. Here the NNMF approach has been tested and
validated through in vivo experiments. However, from the obtained results, the NNMF identifies
only the most prominent tissue chromophores such as oxy and deoxy hemoglobin and contrast
agents. While the NNMF approach has shown lower sensitivity in the detection of weaker
absorbers from sPAl. In addition, the NNMF is prone to unmixing misinterpretation at depths due
to the spectral coloring effect, and the user interaction is still required to select the number of
source components to unmix as a priori knowledge.

A standardized protocol for the fabrication of anthropomorphic phantoms compatible with
photoacoustic imaging facilitates the testing and validation of innovative imaging approaches.

In Chapter 4 we have described the need for a PA-compatible tissue-mimicking phantom to
facilitate the benchmarking of newly developed approaches for PAI. Thus, we have designed and
developed an anthropomorphic heterogeneous mouse phantom that uses a combination of
image modeling, copolymer in oil-based materials, and 3D printing techniques. The results have
shown the potential of the mouse phantom to be used for the optimization, validation, and
standardization of preclinical PAI techniques.

The newly developed superpixel photoacoustic unmixing (SPAX) framework has shown
improved sensitivity and specificity of the unmixed components at a volumetric scale without
any user interaction, by also compensating for the spectral coloring effect.

As described in detail in Chapter 5, to overcome the current limitation of blind unmixing, a novel
SPAX framework has been formulated and implemented. The results have shown that the
proposed data-driven SPAX algorithm differentiates, without any a priori information and user
interactions, the tissue components. The SPAX also includes an initial singular value
decomposition (SVD) analysis to reveal the number of significant components to detect. The
NNMEF is then applied to blindly reveal the prominent tissue components from sPAl. Besides, the
framework includes a novel spectral superpixel subsampling approach to also identify less
prominent tissue chromophores. Furthermore, the SPAX approach overcomes the spectral
coloring limitations and prevents unmixing misinterpretations at depth and it is also extended to
reveal molecular components at a volumetric scale.

Multi-spectral photoacoustic imaging and SPAX unmixing have the potential to in vivo monitor
endogenous and exogenous tissue chromophores.

As described in Chapter 6, the application through in vivo experiments of the SPAX framework
for tissue composition monitoring has shown promising results. In particular, during in vivo
experiments, the SPAX has shown the ability to detect endogenous and exogenous

150



chromophores with higher sensitivity and specificity at depth. Thus, the SPAX approach has the
potential to discern any spectral change that might occur in pathological conditions. Hence, the
SPAX framework could be used as a predictive and monitoring tool to identify early pathological
conditions and facilitate therapeutic follow-up.

Multi-spectral photoacoustic imaging and SPAX unmixing have the potential to in vivo monitor
tissue remodeling in presence of biodegradable bone implants without any user interaction.

After showing the potential of SPAX in healthy living tissues through chapters 5 and 6, spectral
changes and tissue oxygen saturation changes have been monitored in presence of
biodegradable bone implants made of Magnesium. This could be beneficial to predict the success
or failure of bone fixation as described in Chapter 7. Monitoring the soft tissue remodeling,
angiogenesis, and inflammation is crucial to evaluate the tissue healing in the surrounding of the
biodegradable bone implant used to fix a bone fracture. Thus, this has shown great potential to
use SPAX for these advanced applications.

A multi-frequency photoacoustic imaging approach has the potential to translate the
technology into clinical practice.

As described in Chapter 8, to expand the potential of using sPAl and SPAX in clinical applications,
a multi-resolution approach would be beneficial to merge information from the surface and at
depth with unprecedented details. Thus, this will also open many opportunities to translate the
findings into clinical practice. Here, we have provided the first in-depth characterization of using
multiple US transducers with different frequency bandwidths for photoacoustic imaging to
investigate tissue composition at multiple depths and resolutions.

Table 1 summarizes the novel aspects and respective scientific contributions achieved through
this thesis work.
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Table 1. Overview of the thesis chapters’ content and related scientific contribution.

Chapter

Novelty

Scientific Contribution

2,3

Unsupervised machine learning
unmixing methods for sPAI.

Grasso, V., Hassan, H. W., Mirtaheri, P., Willumeit-Rémer, R.,
& Jose, J. (2022). “Recent advances in photoacoustic blind
source spectral unmixing approaches and the enhanced
detection of endogenous tissue chromophores.” Frontiers in
Signal Processing, p.67.

Grasso, V., Holthof, J., & Jose, J. (2020). “An automatic
unmixing approach to detect tissue chromophores from
multispectral photoacoustic imaging.” Sensors, 20(11), 3235.

Published

Published

Anthropomorphic
heterogeneous durable
phantoms development.

Grasso, V., Raymond, J., Willumeit-Romer, R., Joseph, J., &
Jose, J. (2023, March). “Development and characterization of
a durable tissue-mimicking phantom for calibration and
standardization of photoacoustic imaging.” In Photons Plus
Ultrasound: Imaging and Sensing 2023 (p. PC123793D). SPIE.

Grasso, V., Raymond, J., Willumeit-Romer, R., Joseph, J. &
Jose, J., (2023). “Development of a morphologically realistic
mouse phantom for pre-clinical photoacoustic imaging.”
Medical Physics.

Published

Under
Review

Superpixel photoacoustic
unmixing (SPAX) framework.

Grasso, V., Willumeit-Romer, R., & Jose, J. (2022). “Superpixel
spectral unmixing framework for the volumetric assessment of
tissue chromophores: A photoacoustic data-driven approach.”
Photoacoustics, 26, 100367.

Published

6,7

Advanced applications of SPAX
for endogenous and exogenous
tissue chromophores detection,
as well as for tissue monitoring
in presence of biodegradable
bone implants made of
Magnesium.

Grasso, V., Willumeit-Rémer, R., & Jose, J. (2021, September).
“Unsupervised multi-spectral photoacoustic framework for
the detection and quantification of tissue chromophores.” In
2021 IEEE International Ultrasonics Symposium (IUS) (pp. 1-
4). IEEE.

Hassan, H. W., Grasso, V., Korostynska, O., Khan, H., Jose, J.,
& Mirtaheri, P. (2021). “An overview of assessment tools for
determination  of  biological =~ Magnesium  implant
degradation.” Medical Engineering & Physics, 93, 49-58.

Hassan, H. W., Mota-Silva, E., Grasso, V., Riehakainen, L., Jose,
J., Menichetti, L., & Mirtaheri, P. (2023). “Near-infrared
spectroscopy for the in vivo monitoring of biodegradable
implants in rats.” Sensors, 23(4), 2297.

Published

Published

Published

Multi-frequency PAI: “En route
to the clinics”.

Grasso, V., Willumeit-Rémer, R., & Jose, J. (2023, March).
“Development of an Al-assisted multi-spectral photoacoustic
imaging for volumetric molecular tissue composition: a multi-
frequency translational approach”. In Photons Plus
Ultrasound: Imaging and Sensing 2023 (Vol. 12379, p.
1237902). SPIE.

Grasso, V., Willumeit-Romer, R., & Jose, J. (2023) “Multi-
frequency photoacoustic imaging for tissue monitoring in
presence of biodegradable bone implants: “En route to the
clinics”.” Sensors.

Published

Submitted
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9.2. Outlook

Overall, the development of the superpixel spectral photoacoustic imaging method is a major
achievement in the field of tissue chromophores unmixing and its quantification. This would have
a positive impact on disease diagnosis, treatment, and monitoring for clinical applications.
However, when translating the technology, the hardware and software setup must be optimized
to image large areas of interest. Therefore, further efforts are needed to translate the technology
and the current developments into clinical practice. To this end, our future goal is to combine our
recent developments done on the data-driven unmixing side with the optimization of the
translational aspects to use the technology to monitor the tissue remodeling process in human
patients. At present, there still exist certain challenges that need to be addressed to broaden the
potential of the technology. Future developments aim to push the photoacoustic imaging
modality toward its limits, to monitor and diagnose undesired tissue changes that can occur in
presence of biodegradable bone implants, thus predicting implant-bone fixation failure. This will
result in increasing the level of safety for monitoring human patients currently treated with
biodegradable implants and will boost the further development of PAIl on a clinical level.

Listed below are some of the key factors that will be further investigated in the future:

Acquisition and processing computational time: To promote the clinical translation of the
superpixel sPAl technology real-time unmixing processing would be beneficial. Typically, spectral
unmixing techniques are not feasible for real-time applications due to the long acquisition time
associated with transmitting multiple laser wavelengths in sPAI. Thus, further efforts would be
required to adjust the tradeoff between acquisition time and spectral resolution. As already
demonstrated by Luke et al. [1], the implementation of advanced algorithms for the selection of
significant wavelengths could facilitate unsupervised unmixing and thus minimize the acquisition
time. Besides, the optimization of spectral Monte Carlo simulations for fluence compensation by
using GPU-based implementations would also speed up the computational processing time,
encouraging the use of sPAl in further applications.

Multi-frequency PAI imaging: Currently, preclinical high-frequency PAI technologies can image
structures up to several centimeters deep inside the tissue. Such penetration depth significantly
exceeds pure optical imaging techniques with a better spatial resolution (at comparable depths).
However, reliable and clinically useful PAI at depths exceeding 2—3 cm is still a challenge. Multi-
frequency photoacoustic imaging may mitigate this limitation, expanding the possibilities for
clinical applications. Recently, dual-frequency excitation-detection US transducers have been
demonstrated to minimize loss of information as broadband frequency content can be detected
[2]. Through this dissertation, we provided the proof-of-concept of implementing the multiple-
frequency imaging method by combining different US transducers to enable the acquisition of
complete PAI information. However, advanced software optimization to merge imaging with
multiple resolutions and depths would be required to fuse and co-localize imaging features of
vital importance for clinical applications.
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Hand-held PAI configuration: Besides, to facilitate the application in clinics, a hand-held PAI
configuration would be preferred. In particular, for many clinical applications, it is not feasible to
surround the area of interest with US detectors from all sides. To overcome this limited view in
PAI, proper hardware configuration and customized reconstruction techniques are necessary to
guarantee accurate image acquisition and formation. To this end, GPS-based tracking imaging
has the potential to convert a standard PAI system into a tomographic imaging device. This
combined with Al-based image rendering would enable 3D PAl imaging for a wide range of clinical
applications. Besides, the optimized setup for volumetric PA imaging should also consider the
patient comfort aspects and ergonomics of the hand-held technology. Furthermore, proper
acoustic coupling between bigger tissues and the ultrasound transducer must be always
maintained. This limitation can be overcome, or at least reduced, by a customized setup for
human patients using advanced bubble-free gel materials. Finally, the removal of artifacts arising
from the patient or operator motion during hand-held acquisition would enhance the robustness
to noise as well as imaging quality.

Safety aspects and FDA approval: Although a considerable volume of preclinical studies has
reported the potential of PAI in clinics, the availability of clinical PAI systems is still very limited.
However, there are several attempts for translating photoacoustic technologies into the clinic.
Improvements in hardware/software of the technology may facilitate the translation process,
leading to more PAI FDA-approved systems.

In summary, Superpixel Spectral Photoacoustic Imaging method has shown promising
achievements in a multitude of biomedical applications. However, further refinements and
optimizations, as listed above, are needed to expand its applicability for unexplored areas and
ensure its successful translation “En route to the clinics”. Ultimately, future goals include
additional developments of the technology so that it can be adapted to more preclinical and
clinical applications.
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