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Abstract

Methodological progress in the age of Artificial Intelligence (AI) is increasingly driven
by large-scale, high-quality datasets. Medical imaging is no exception. As the amount
of imaging data grows exponentially, the development and validation of data-driven al-
gorithms critically depend on realistic, well-annotated datasets. Photoacoustic imaging
(PAI), a hybrid modality combining optical contrast with ultrasound resolution, holds great
promise for non-invasive, functional biomedical imaging with the potential for quantitative
measurement of blood oxygen saturation. Prospective clinical applications range from
cardiovascular imaging to early diagnosis and treatment monitoring in oncology. However,
as a comparatively young modality, PAI faces a fundamental challenge: the absence of
sufficiently large, annotated datasets for the development and validation of quantitative
methods.
This thesis addresses the data scarcity problem in quantitative PAI through a comprehensive
pipeline for the generation and validation of synthetic spectral imaging data. First, the
thesis reviews the current role of deep learning in PAI, identifying the generation of
realistic simulated data and domain adaptation as key techniques to address data scarcity.
Consequently, SIMPA is introduced, the open-source simulation and image processing
for photonics and acoustics framework enabling large-scale and reproducible PA image
simulation. To overcome the remaining domain gap between simulated and experimental
data, a conditional invertible neural network-based method is proposed for unsupervised
domain transfer. For empirical validation of data-driven PA methods, anatomically realistic
tissue-mimicking phantoms are fabricated and characterized, enabling the creation of a
comprehensive dataset, including experimental and simulated multispectral images. This
resource allows, for the first time, rigorous benchmarking of quantitative methods such as
oximetry.
This thesis contributes not only technically through novel methods and validation strate-
gies, but also promotes reproducibility and open science by making all software tools and
datasets publicly available. In doing so, it lays the foundation for systematic and transpar-
ent development and validation of data-driven methods in PAI and supports the broader
translation of PAI into preclinical and clinical applications.
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Zusammenfassung

Methodologischer Fortschritt im Zeitalter der Künstlichen Intelligenz (KI) wird zunehmend
durch groß angelegte, qualitativ hochwertige Datensätze vorangetrieben. Die medizinische
Bildgebung bildet hierbei keine Ausnahme.Mit dem exponentiellenWachstum bildgebender
Daten hängt die Entwicklung und Validierung datengetriebener Algorithmen maßgeblich
von realistischen, gut annotierten Datensätzen ab. Die photoakustische (PA) Bildgebung,
eine hybride Modalität, die optischen Kontrast mit Ultraschallauflösung kombiniert, ver-
spricht eine nicht-invasive, funktionelle Bildgebung mit dem Potenzial zur quantitativen
Messung der Blutsauerstoffsättigung. Zukünftige klinische Anwendungen reichen von der
kardiovaskulären Bildgebung über die Frühdiagnostik bis hin zur Therapieüberwachung
in der Onkologie. Als vergleichsweise junge Modalität steht die PA Bildgebung jedoch
vor einer grundlegenden Herausforderung: dem Fehlen ausreichend großer, annotierter
Datensätze für die Entwicklung und Validierung quantitativer Verfahren.
Diese Arbeit widmet sich dem Problem der Datenknappheit in der quantitativen PA Bildge-
bung durch die Entwicklung einer umfassenden Pipeline zur Generierung und Validierung
synthetischer spektraler Bilddaten. Zunächst wird der aktuelle Stand der Anwendung von
Deep Learning in der PA Bildgebung systematisch aufgearbeitet, wobei die realistische
Simulation von Daten sowie Domänenantransfer als Schlüsseltechniken zur Bewältigung
der Datenknappheit identifiziert werden. In der Folge wird SIMPA (Simulation and Image
Processing for Photonics and Acoustics) vorgestellt, ein Open-Source Framework zur
umfangreichen und reproduzierbaren Simulation von PA Bildern. Zur Überbrückung der
verbleibenden Domänenlücke zwischen simulierten und experimentellen Daten wird ei-
ne auf konditionalen invertierbaren neuronalen Netzwerken basierende Methode für den
unüberwachten Domänen Transfer eingeführt. Für die empirische Validierung datengetrie-
bener PA-Methoden werden anatomisch realistische, gewebeähnliche Phantome gefertigt
und charakterisiert, wodurch der Aufbau eines Open-Source Datensatzes ermöglicht wird,
bestehend aus experimentellen und simulierten multispektralen Bilddaten. Dieser Daten-
satz erlaubt erstmals eine systematische Validierung quantitativer Verfahren wie etwa der
Oximetrie.
Diese Arbeit leistet nicht nur technische Beiträge durch neue Methoden und Validierungs-
strategien, sondern fördert durch die Veröffentlichung aller Softwaretools und Datensätze
auch Reproduzierbarkeit und Open Science. Damit legt sie das Fundament für eine transpa-
rente Entwicklung und Validierung datengetriebener Methoden in der PA Bildgebung und
unterstützt deren breitere Überführung in präklinische und klinische Anwendungen.

ix



x



Contents

Lists xiii
List of acronyms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii
List of figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiv

I Foundations and context 1

1 Introduction 3
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Current challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Research questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 Background 11
2.1 Photoacoustic imaging . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2 Computational modeling of photoacoustic imaging . . . . . . . . . . . . 22
2.3 Deep learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

II Scientific contributions 35

3 Concept overview 37

4 Publications 41
4.1 Review of deep learning in photoacoustic imaging . . . . . . . . . . . . . 42
4.2 Open-source simulation toolkit . . . . . . . . . . . . . . . . . . . . . . . 58
4.3 Unsupervised domain transfer . . . . . . . . . . . . . . . . . . . . . . . 80
4.4 Anthropomorphic phantoms . . . . . . . . . . . . . . . . . . . . . . . . 92
4.5 Open-source validation data . . . . . . . . . . . . . . . . . . . . . . . . 108

III Reflections and closing 125

5 Discussion and future perspective 127
5.1 Facilitating multiphysics simulations for photoacoustic image generation . 129
5.2 Closing the domain gap while preserving spectral fidelity . . . . . . . . . 131

xi



Contents

5.3 Design of phantoms for validation platform . . . . . . . . . . . . . . . . 134

6 Summary 137
6.1 Summary of contributions . . . . . . . . . . . . . . . . . . . . . . . . . 137
6.2 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

List of publications 141

7 Supplementary material 147
7.1 Open-source simulation toolkit . . . . . . . . . . . . . . . . . . . . . . . 148
7.2 Unsupervised domain transfer . . . . . . . . . . . . . . . . . . . . . . . 154
7.3 Anthropomorphic phantoms . . . . . . . . . . . . . . . . . . . . . . . . 156

Bibliography xv

Acknowledgements xxvii

xii



Lists

List of acronyms

1D one-dimensional . . . . . . . 26

2D two-dimensional . . . . . . . 26

3D three-dimensional . . . . . . 24

AI artificial intelligence . . . . . 9

cINN conditional invertible neural
network . . . . . . . . . . . 39

CNN convolutional neural network 31

CT computed tomography . . . 5

CycleGAN cycle-consistent generative
adversarial network . . . . . 7

DAS delay-and-sum . . . . . . . . 28

DE diffusion equation . . . . . . 16

DL deep learning . . . . . . . . 11

GAN generative adversarial network 29

GPU graphics processing unit . . . 23

HSI hyperspectral imaging . . . . 133

INN invertible neural network . . 29

IPASC International Photoacoustic
Standardisation Consortium . 5

LLM large language model . . . . xxix

MC Monte Carlo . . . . . . . . . 23

MCX Monte Carlo eXtreme . . . . 23
MLP multilayer perceptron . . . . 30
MR magnetic resonance . . . . . 40
MRI magnetic resonance imaging 5
MSE mean squared error . . . . . 30
NIR near-infrared . . . . . . . . . 11
PA photoacoustic . . . . . . . . 3
PAI photoacoustic imaging . . . 3
PINN physics-informed neural

networks . . . . . . . . . . . 127
ReLU rectified linear unit . . . . . 30
RGB red, green, and blue . . . . . 7
RQ research question . . . . . . 9
RTE radiative transfer equation . . 15
SGD stochastic gradient descent . 31
Sim2Real simulated-to-real . . . . . 7
SIMPA Simulation and Image Processing

for Photonics and Acoustics . 39
SPECTRE Simulated photoacoustic and

experimental data for comparing
tissue realism and quantitative
estimation . . . . . . . . . . 40

xiii



Lists

List of figures
1.1 PAI principle and applications . . . . . . . . . . . . . . . . . . . . . . . 4
1.2 Papers in the field of photoacoustic imaging (PAI) 2000-2024 . . . . . . . 6
1.3 Concept and contributions of this thesis . . . . . . . . . . . . . . . . . . 8

2.1 Light-tissue interactions . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2 Tissue chromophores and their respective absorption spectra . . . . . . . 14
2.3 Photoacoustic effect . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.4 Computational pipeline for photoacoustic imaging (PAI) . . . . . . . . . 22
2.5 Photon propagation in tissue . . . . . . . . . . . . . . . . . . . . . . . . 25
2.6 Acoustic wave propagation in tissue . . . . . . . . . . . . . . . . . . . . 27
2.7 Supervised vs. unsupervised learning . . . . . . . . . . . . . . . . . . . 29
2.8 Invertible coupling block . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.1 Publication concept overview . . . . . . . . . . . . . . . . . . . . . . . . 38

xiv



Part I

Foundations and context
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Introduction 1
1.1 Motivation
Photoacoustic imaging (PAI) is an emerging biomedical imaging modality that uniquely
combines the physics of light and sound. In biomedical PAI, tissue is illuminated with
short pulses of light, and the absorbed optical energy is converted into heat, causing rapid
thermoelastic expansion and the emission of ultrasonic pressure waves [1]. PAI bridges a
long-standing gap in imaging: it achieves the rich molecular contrast of optical imaging
while maintaining the spatial resolution of ultrasound, allowing clinicians and researchers
to peer several centimeters into tissue with high resolution [2]. This combination positions
PAI as a powerful tool for in vivo structural, functional, and molecular imaging beyond the
shallow limits of traditional optical microscopy.
The phenomenon underlying PAI is the photoacoustic (PA) effect, first observed by Alexan-
der Graham Bell in 1880. In a seminal experiment, Bell discovered that illuminating
materials with rapidly modulated sunlight could generate audible sound waves [3]. This
effect, initially a scientific curiosity, essentially laid dormant for decades. It was not until
nearly a century later, in 1976, that Rosencwaig and Gersho developed the field of PA
spectroscopy, providing a detailed theoretical understanding of PA signal generation in
gases and solids [4]. Even then, early PA experiments were limited by available technology.
Only the development of pulsed lasers enabled short, intense light pulses at selectable
wavelengths, which was “key to making PAI a viable imaging tool” [5]. In practical terms,
a modern PAI system typically consists of a pulsed laser for illumination and a set of
ultrasound detectors for capturing the generated acoustic waves, often arranged in a tomo-
graphic configuration. This straightforward hardware setup, essentially coupling a laser to
an ultrasound machine, means PAI can be relatively easily integrated into clinical settings.
One particularly compelling application of PAI is in functional imaging, where it can
noninvasively assess physiological parameters such as blood oxygenation [6]. The ability
to map blood oxygenation is crucial because oxygenation is a key indicator of tissue
function and pathology, making it highly relevant for cancer diagnosis and treatment
monitoring, particularly in breast and prostate cancer. Hypoxia, a condition of low oxygen
levels in tissue, is a well-known hallmark of many diseases, including cancer. Tumors
often have regions of inadequate blood supply and oxygenation; an estimated 50–60%
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1 Introduction

of advanced solid tumors develop hypoxic zones that can drive malignant progression
and therapy resistance [7]. Beyond oncology, PAI holds promise across a broad range
of clinical applications [8]. It shows strong potential in vascular imaging, including the
assessment of peripheral artery disease, microvascular complications in diabetes, and
cerebral hemodynamics. Dermatology and inflammation imaging, such as for arthritis or
skin lesions, are emerging areas of interest. Additionally, PAI is being explored for real-time
guidance during minimally invasive procedures and surgery, where its label-free nature
and depth penetration offer advantages over conventional optical methods. These diverse
applications underscore the modality’s potential impact on diagnostics, treatment planning,
and intraoperative decision-making. In Figure 1.1, a brief overview of the core principal
of PAI and potential applications is are illustrated. However, several challenges must
still be addressed to enable successful clinical translation of PAI. This thesis contributes
toward overcoming these obstacles, with the goal of supporting its mid-term integration
into clinical practice.

Light in

PAI principle

Sound out

Integumentary system:
Melanoma, Psoriasis

Endocrine system:
Thyroid cancer, Diabetes

Oximetry for cancer treatment 
planning and monitoring

Biological tissue

sO2

PAI applications

Reproductive system:
Breast cancer, prostate cancer

Muscoloskeletal system:
Rheumatoid arthritis, 
Duchenne Muscle Dystrophy

Figure 1.1: There are numerous potential applications for photoacoustic imaging (PAI). Left:
Illustration of the multispectral light in-sound out principle of biomedical PAI. Right: Potential
applications and previous imaging results of anatomic and physiological systems of the human body.
Applications and categorizations from Park et al. (2024) [8].
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1.2 Current challenges

1.2 Current challenges
PAI has demonstrated substantial potential in small-scale studies for applications such as
oximetry, cancer diagnosis, and treatment monitoring [8, 9, 10]. Yet, despite this promise,
PAI has not achieved widespread clinical adoption.
In a comprehensive assessment by the International Photoacoustic Standardisation Con-
sortium (IPASC), Assi et al. [11] outline several barriers to the clinical translation of PAI.
Among these, key limitations include the lack of reliable quantification of optical and
functional tissue properties and the difficulty in enabling data-driven PAI analysis.
Just like in the broader field of machine learning, progress in PAI is increasingly driven by
access to large, high-quality datasets. The same review emphasizes: “Data-driven methods
bring a wide range of potential benefits for PAI, however, the field is currently fragmented
and limited by a scarcity of openly available high-quality data.” [11] This is also reflected
in the PAI community’s efforts to explore data-driven approaches (cf. Figure 1.2).
Nonetheless, PAI remains a relatively young modality. Unlike more established imaging
techniques such as computed tomography (CT) or magnetic resonance imaging (MRI),
it lacks large-scale clinical datasets. More critically, PAI faces a unique challenge: the
absence of reference measurements for many of the properties it seeks to quantify, such as
optical absorption and blood oxygen saturation. This issue directly motivates the central
research focus of this thesis:

Central research challenge of this thesis

There is a fundamental lack of high-quality, openly avail-
able data with reference annotations for the development and
validation of data-driven photoacoustic imaging methods.

In this thesis, reference annotations can be understood as pixel-wise labels for optical or
functional properties of tissue such as blood oxygen saturation. Given the complexity of this
overarching limitation, the thesis addresses it through three interrelated key subchallenges
C.1 –C.3, introduced in the following section.

Key subchallenge 1 (C.1)

Need for an efficient and customizable
PA image simulation pipeline.

The development of data-driven methods in PAI is increasingly constrained by the limited
availability of annotated datasets, particularly in the context of emerging generative and
foundation models, which require large volumes of diverse, high-quality data. A key
bottleneck is the absence of reliable reference annotations needed to train and evaluate
robust algorithms for quantitative PAI.
In this setting, PA image simulation has emerged as an essential tool. Unlike experimental
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Figure 1.2: The number of publications in the PAI field is exponentially growing. The publi-
cations in the entire field are shown in blue, the fraction of learning-related papers within PAI in
green and the learning-related papers using some form of simulated data in purple. Results were
obtained by querying Google Scholar with the following search terms: PAI all: (”photoacoustic”
OR ”optoacoustic”) AND (”imaging” or ”tomography”), Deep Learning in PAI: PAI all AND
(”machine learning” OR ”deep learning” OR ”neural network” OR ”neural networks”), and Deep
Learning & Simulations in PAI: Deep Learning in PAI AND (”simulation” OR ”simulations”).

data, simulated datasets inherently include ground truth values for all underlying optical,
acoustic, and functional properties, making them uniquely valuable for supervised learning
and benchmarking. As noted by Park et al. [8], “Improved simulation pipelines, including
both optical and acoustic sides of the PAI problem, could add value in future algorithm
development.”
To be effective, however, simulation pipelines must satisfy several criteria. They must be
efficient enough to enable the generation of large-scale datasets within reasonable compu-
tational limits. They must be customizable, allowing adaptation to diverse experimental
conditions and application-specific requirements. And critically, they must be realistic,
producing synthetic data that enables trained models to generalize effectively to in vivo
scenarios.
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1.2 Current challenges

Key subchallenge 2 (C.2)

Remaining domain gap between
synthetic and real images.

Despite advances in simulation techniques, there is a broad consensus in the PAI community
that a significant domain gap remains between synthetic and experimental data [12] (also
referred to as simulated-to-real (Sim2Real) domain gap). Even highly realistic simulations
are typically distinguishable from real images by domain experts. More critically, data-
driven methods trained solely on simulated data have consistently shown poor generalization
to in vivo applications [13].
To address this, a variety of domain adaptation techniques have been proposed, most
commonly based on cycle-consistent generative adversarial networks (CycleGANs) [14].
While these methods have shown potential, they are prone to known issues such as mode
collapse and training instability, limiting their reliability in practice [15]. Moreover, unlike
conventional computer vision tasks that rely on three-channel red, green, and blue (RGB)
images, PAI involves rich spectral information across multiple wavelengths, necessitating
domain transfer methods that explicitly preserve spectral integrity.

Key subchallenge 3 (C.3)

Lack of comprehensive quantitative validation
strategy for data-driven PA methods.

Validating the faithfulness of synthetic PA data and quantitative PAI methods, particularly
those driven by data and trained on such synthetic data, remains a significant open problem
in the field. The development of such methods in the absence of validated reference data
presents a fundamental dilemma: when trying to benchmark data generation methods
without suitable datasets for benchmarking, progress becomes circular, a classic chicken-
and-egg problem. To break this cycle, researchers often turn to tissue-mimicking phantoms
that offer controlled, measurable properties for validation purposes [16]. Yet this subfield
faces its own challenges: faithfully replicating the anatomical and optical complexity of
biological tissues, ensuring structural and spectral stability, and achieving reproducibil-
ity across fabrication batches. Importantly, while various phantoms have been proposed
for system calibration or hardware testing, there has been no established framework or
consensus on how to design phantoms specifically for the development and validation of
data-driven photoacoustic methods [8].

Naturally, there are additional crucial challenges to be tackled towards clinical translation,
such as uncertainty estimation, detecting and mitigating biases and confounders, generaliz-
ability to other devices, cohorts, etc. This thesis, however, addresses the key subchallenges
C.1 - C.3 with the contributions outlined in Figure 1.3.
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Figure 1.3: Concept and contributions of this thesis. The contributions of this thesis can be
summarized by three main pillars, each addressing a different part of the central research challenge
of this thesis: the lack of annotated reference data. The first pillar represents a simulation framework
that combines digital twins for device and tissue with computational models to enable realistic
simulations of photoacoustic imaging (PAI) and hyperspectral imaging (HSI) data. In order to
bridge the domain gap between simulated and real data, a multispectral domain transfer method was
developed based on conditional invertible neural networks. The third pillar represents a validation
platform utilizing experimental data that was acquired after fabricating anthropomorphic phantoms
(based on magnetic resonance (MR) data) with known, measured material properties.

This thesis is presented in a cumulative form, meaning that publications carried out during
the thesis project make up the main body of this thesis. While the first publication featured
in this thesis (cf. 4.1) lays out the general landscape for data-driven methods at the time, the
other four publications can be specifically assigned to address one of the key subchallenges
C.1-C.3. The second featured publication (cf. 4.2) addresses C.1, the third publication (cf.
4.3) addresses C.2, and both the fourth and fifth publications (cf. 4.4 and 4.5) address C.3.
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1.3 Research questions

1.3 Research questions
The research questions (RQs) of this thesis have been specifically designed to match the
key subchallenges C.1 - C.3 summarized in the previous section. After identifying the
overarching challenge of this thesis, the fundamental lack of reference data in PAI, this
thesis tackles this challenge and its subchallenges with a sophisticated pipeline for synthetic
data generation, analysis, and quality assessment for validation. The three RQs guiding
this thesis address their corresponding numbered key subchallenge:

Research question 1 (RQ1)

How to facilitate multiphysics simulations for the generation of PA images?

Born from an extremely heterogeneous software landscape for the computational modeling
of PA images, this RQ involves investigating how various existing tools can be chained
together into a unified pipeline that is both user-friendly for the PA community and highly
customizable for domain experts. Additionally challenging is how to generate digital twins
for both PA devices and tissue, serving as additional input for such a pipeline. These digital
twins should ideally be usable across different simulators.

Research question 2 (RQ2)

How can unsupervised domain transfer close the domain gap between simulated and
experimental PA images while preserving spectral fidelity?

Generalizability of data-drivenmethods is an essential requirement for potential applications
in patient care. The remaining domain gap between simulated and experimental PA data
strongly limits this generalizability. In this thesis, this challenge is reframed as a distribution
matching problem. Each image can be viewed as a multidimensional sample from an
underlying image distribution. Since simulated and experimental data are drawn from
distinct distributions, domain transfer aims to bridge this gap by transforming samples from
the simulated distribution into the experimental distribution.
With the ever-increasing momentum of the artificial intelligence (AI) field in general and
generative models in particular, domain transfer methods have been shown to perform
exceptionally well in these problems [17, 18]. These methods, however, have been mainly
applied to natural images acquired with RGB cameras. Since one of the main advantages
of PAI lies in its potential for multispectral imaging, such domain transfer methods need to
take the spectral dimension into consideration. This RQ examines how they can be adapted
to function as a domain transfer method that is designed to be capable of handling spectral
data.
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1 Introduction

Research question 3 (RQ3)

How can anthropomorphic phantoms be designed to provide reliable validation for
data-driven methods in PAI?

Tissue-mimicking phantoms that are fabricated frommaterials whose optical properties have
been carefully measured provide the only possibility in PAI where experimental data can be
annotated with reference values. These references are crucial for a rigorous validation of any
method that estimates one or multiple of their properties. In the designing process of such
phantoms, many questions need to be answered, such that they can provide the validation
they are fabricated for. Essentially, it is a two-step process where two complementary
questions can be asked: First, where is the middle ground between the structural complexity
of the phantoms and large-scale reproducibility? Their complexity should be high enough to
mimic human tissue but low enough such that reproducible fabrication in a sufficient amount
is still possible to satisfy the needs of data-driven methods. Second, once the phantoms are
fabricated, how can data be extracted or generated and appropriately annotated such that
data-driven methods can be validated using this data?

10



Background 2
A central challenge in PAI is the lack of annotated reference data, which significantly
limits the development and validation of data-driven methods. This thesis addresses
that gap through the synthesis of PA images using computational modeling and machine
learning. To understand the approaches taken in this work, it is essential to first review the
underlying principles of PAI and used machine learning methods. This chapter is therefore
structured into three main parts: section 2.1 introduces the fundamental physics of the
photoacoustic effect, including interactions of light with biological tissue. Section 2.2
outlines the computational methods used to model PAI systems and simulate corresponding
data. Finally, section 2.3 provides an overview of data-driven approaches, with a particular
focus on deep learning (DL) techniques relevant to the methods employed in this thesis.
This chapter conceptually follows my Master’s thesis [19].

2.1 Photoacoustic imaging
This section details the underlying physics needed to understand the image formation
process of PAI. It starts by introducing the interactions of light with biological tissue, then
goes on to explain how light propagation within tissue is generally described. It finishes
by outlining how the PA effect generates acoustic waves and how these waves propagate
through tissue. This chapter follows the general concepts of the textbooks Biophotonics:
Concepts to Applications by Gerd Keiser [20] and Biomedical Optics: Principles and
Imaging by Wang and Wu [1].

Light propagation
For most biomedical PAI applications, the relevant wavelengths lie within the 600–1300 nm
range [21], which corresponds to the end of the visible and near-infrared (NIR) spectrum.
This is due to the increased penetration depth of light in this so-called NIR-window as
illustrated in Figure 2.1a. Within this range, the dominant interactions between light
and tissue include reflection, refraction, absorption, and scattering. These processes are
illustrated schematically in Figure 2.1.
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Figure 2.1: Light-tissue interactions. a) Wavelength-dependent penetration depth of light in
biological tissue in the visible and near-infrared (NIR) regions. These are generic values from
Clement et al. [22] and Pezzi et al. [23]. The exact penetration depth depends on the light source
and tissue properties. b) Light-tissue interaction phenomena in the relevant wavelength range.

Reflection and refraction

When light encounters the boundary between two media, such as air with refractive index
=0 and the biological tissue with refractive index =C , a portion of the incident light is
reflected, while the remainder is transmitted into the tissue. This process is known as
specular reflection, and the corresponding reflected fraction is referred to as the specular
reflectance 'sp. The value of 'sp depends on the angle of incidence \0 relative to the
surface normal and is described by the Fresnel equation [20]:

'sp(cos \0) =
1
2

(
=a cos \C − =t cos \0
=a cos \C + =t cos \0

)2
+ 1

2

(
=a cos \0 − =t cos \C
=a cos \0 + =t cos \C

)2
. (2.1)

Here, \C is the angle of the transmitted portion to the surface normal within the tissue. This
refracted angle can be determined using Snell’s law [24]

=t sin \C = =aB8= \0 . (2.2)

The transmitted fraction, ) = 1 − 'sp, is known as the transmittance. However, the Fresnel
equations only apply when the angle of incidence satisfies 0 ≤ \ < \c where \c is the
critical angle. For angles larger than \c, total internal reflection occurs:

'sp(cos \) = 1 for \c ≤ \ ≤ c

2
. (2.3)

Once inside the tissue, light can undergo multiple scattering and absorption events. The
portion of light that re-emerges after experiencing at least one scattering event is termed
diffuse reflectance 'diff . 'diff is also often used for reflections on uneven surfaces without
actually entering the tissue. For this thesis, however, 'diff is used for their combined effect
as most measurement devices can not distinguish these two.

12



2.1 Photoacoustic imaging

Absorption

Absorption occurs when photons transfer their energy to molecules, promoting them to an
excited state. These molecules may subsequently return to their ground state via radiative
relaxation, such as fluorescence, or non-radiative relaxation mechanisms, such as the
PA effect [25]. The extent of absorption is quantified by the absorption coefficient `a,
which defines the probability of photon absorption per unit path length. According to the
Lambert–Beer law, the attenuation of light intensity � over a path length G in an absorbing
medium is given by:

� (G) = �04−`aG , (2.4)

where �0 represents the initial intensity. The reciprocal of the absorption coefficient, `−1
a ,

corresponds to the mean free absorption path. Because biological tissue typically contains a
mixture of different absorbers, referred to as chromophores, the total absorption coefficient
at a spatial position ®A is computed as the sum of contributions from each chromophore at
the given wavelength _:

`a(®A, _) =
K∑

k=1
2k(®A)Uk(_). (2.5)

Here, 2k denotes the concentration of the k-th chromophore and Uk its absorption spectrum.
Figure 2.5 illustrates typical absorption spectra for major chromophores found in biological
tissue.

Scattering

Scattering arises from interactions between light and microscopic structures within bio-
logical tissue that exhibit a refractive index mismatch relative to the surrounding medium.
An exact theoretical treatment of light scattering by spherical particles is provided by Mie
theory, which reduces to Rayleigh scattering when the wavelength significantly exceeds
the particle size [1]. However, for the purposes of this work, it is sufficient to describe
scattering in analogy to absorption, using a bulk scattering coefficient `s. Given the highly
scattering nature of biological tissue, individual scattering events do not need to be modeled
explicitly.
The scattering coefficient `s represents the probability of photon scattering per unit path
length, with its reciprocal defining the mean free scattering path. In a purely scattering
medium of infinitesimal thickness, the attenuation of light intensity can again be described
by the Lambert–Beer law:

� (G) = �04−`sG . (2.6)

The angular distribution of scattering is characterized by the anisotropy factor g, defined as
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Figure 2.2: Tissue chromophores and their respective absorption spectra. The spectra of deoxyhe-
moglobin and oxyhemoglobin were calculated with a concentration of 150 g/L. Data from omlc.org.

the average cosine of the scattering angle \:

6 = 〈cos \〉

−1 ≤ 6 < 0 for mostly backward-directed scattering.
6 = 0 for perfectly isotropic scattering.
0 < 6 ≤ 1 for mostly forward-directed scattering.

(2.7)

In most human tissues, scattering is predominantly forward-directed, with typical anisotropy
values of 6 ¦ 0.9 [26]. To account for this behavior, the reduced scattering coefficient `′s
is introduced as:

`′s = (1 − 6)`s. (2.8)

This simplification allows multiple highly forward-directed scattering events described by
`s to be approximated as fewer isotropic events using `′s.
In media where both absorption and scattering occur, their combined effect is described by
the extinction coefficient `t, defined as:

`t = `a + `s, (2.9)

The reciprocal of `t corresponds to the mean free path, indicating the average distance a
photon travels before being either scattered or absorbed. For biological tissue, this is often
in the range of 0.1 - 1 `< [1].
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2.1 Photoacoustic imaging

Radiative transfer theory

The radiative transfer theory utilizes all the knowledge covered in the previous section in
order to describe light propagation in biological tissue. In this section, the scalar time-
independent radiative transfer equation (RTE) will be derived from energy conservation.
It is, however, also possible to derive it from Maxwell’s equations [27]. Also, as will be
described in more detail in section 2.1, the time scale of light propagation within tissue is
much shorter than the conversion of absorbed optical energy to heat, causing the PA effect.
Therefore, only the total absorbed energy density is of interest for the PA effect, thus, the
scalar time-independent RTE suffices for this thesis.
The RTE is formulated in terms of the radiance ! (®A, B̂, C)

(
,

<2BA

)
. It quantifies the energy

flux per unit normal area, per unit solid angle, and per unit time C. It is a directional
quantity that depends on the spatial position ®A and the propagation direction B̂, a unit vector
orthogonal to the local surface normal. The infinitesimal change in energy 3% within a
differential volume element 3+ , subtended by a differential solid angle 3Ω over a time
interval 3C, can thus be expressed as:

3% =
m! (®A, B̂, C)/2

mC
3+3Ω = −3%div − 3%ext + 3%scat + 3%src. (2.10)

Four contributions make up the change in energy, namely 3%div, 3%ext, 3%scat, and 3%src.
They will be explained in the following:

Divergence For non-collimated photon beams, the divergent energy 3%div radiating
outward from the considered volume element is given by:

3%div = B̂ · ∇! (®A, B̂, C)3Ω 3+. (2.11)

Extinction The energy loss 3%ext within the considered volume element due to extinction
(absorption and scattering processes) is given by

3%ext = (`C3B)! (®A, B̂, C)3� 3Ω. (2.12)

Scattering Photons scattered into the considered volume element from external directions
B̂′ within the solid angle 3Ω′ contribute to an energy gain, which can be expressed as:

3%scat = (`s3+)
[∫

4c
! (®A, B̂′, C) · %( B̂′, B̂)3Ω′

]
3Ω. (2.13)

Here, %( B̂′, B̂) denotes the scattering phase function. This phase function is usually modeled
as the Henyey–Greenstein phase function [28].

15



2 Background

Photon source The photon source ((®A, B̂, C)
(
,

<3BA

)
must also be included as an additional

term contributing to the energy gain:

3%src = ((®A, B̂, C)3+ 3Ω. (2.14)

Using the four contributions 2.11, 2.12, 2.13 and 2.14 and inserting them into 2.10 yields
the RTE:

m! (®A, B̂, C)/2
mC

= −B̂ · ∇! (®A, B̂, C) − `C! (®A, B̂, C)

+ `s

∫
4c
! (®A, B̂′, C) · %( B̂′, B̂)3Ω′ + ((®A, B̂, C). (2.15)

Solutions to the RTE exist for simplified cases analytically or are calculated numerically.
One popular approximation for the RTE is the diffusion approximation.

Diffusion theory

The diffusion equation (DE) relies on the assumption that the medium is highly scattering
(`a � `s) and that, after a sufficient number of scattering events, the radiance becomes
nearly isotropic. Under these conditions, the RTE can be simplified to the diffusion equation:

mΦ(®A, C)
2mC

+ `aΦ(®A, C) + −∇ · [�∇Φ(®A, C)] = ((®A, C). (2.16)

Here, � denotes the diffusion coefficient:

� =
1

3(`a + `′s)
=

1
3`′C

(2.17)

and ((®A, C) represents the isotropic source term.
The DE is expressed in terms of the fluence rate Φ(®A, C)

(
,

<2

)
which is defined as:

Φ(®A, C) =
∫

4c
! (®A, B̂, C)3Ω. (2.18)

The conditions for the DE are typically met in scattering-dominated media at distances
exceeding several scattering lengths from the light source. However, in many PAI applica-
tions, the imaging depth may be comparable to or even smaller than the average scattering
length. In such cases, the DE may no longer be an appropriate simplification.

Photoacoustic effect
The PA effect essentially describes the phenomenon of a material converting optical light
energy into acoustic waves. This principle is illustrated in Figure 2.3.
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2.1 Photoacoustic imaging

(a) Pulsed light absorption (b) Thermoelastic expansion (c) Acoustic wave generation

Figure 2.3: Schematic representation of the main steps in the photoacoustic effect: (a) light
propagation and absorption, (b) thermoelastic expansion, (c) acoustic wave generation.

For this thesis, it is sufficient to describe the PA effect within biological tissue, assuming
that the light energy comes from a pulsed laser. Therefore, in this section, the processes
that occur within a volume element 3+ within biological tissue when it absorbs light energy
will be described.
The analysis begins with the first law of thermodynamics for a simple compressible medium
in differential form [29]:

3* = )3( − ?3+, (2.19)

which expresses conservation of energy in differential form. Here, U is the internal energy,
T the temperature, S the entropy, and p the pressure. The first term on the right-hand
side represents the transfer of heat into the system, while the second term accounts for
mechanical work performed by the system through volume change. For the photoacoustic
effect, the laser pulse duration g? has to be chosen to be much shorter than the characteristic
thermal and stress relaxation times:

gth =
32

Uth
, gs =

3

Es
, (2.20)

where d is the characteristic size of the heated region, U is the thermal diffusivity, and EB is
the speed of sound in the medium. Thermal confinement (g? � CCℎ) ensures that negligible
heat diffuses out of the heated region during the laser pulse. Stress confinement (g? � CB)
ensures that negligible pressure-driven expansion occurs during this same interval. As
an example, for a target resolution of 0.1 mm, Uth = 1.3 · 10−7 m and Es = 1500 m/s, the
expected values are approximately gs ≈ 77 ms and gth ≈ 67 ns. Consequently, typical laser
pulse durations are on the order of a few nanoseconds.
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Under these confinement conditions, the optical energy deposited in the target during the
laser pulse is converted to internal energy without macroscopic volume change and eq.
2.19 simplifies to:

3* = )3(, 3+ ≈ 0. (2.21)
In absorbing media, part of the optical energy may be lost via radiative relaxation processes
such as fluorescence. The photoacoustic effect corresponds to non-radiative relaxation, in
which the absorbed photon energy is converted into vibrational energy of the lattice and
subsequently thermalized into heat. The fraction of absorbed energy converted to heat is
accounted for through a heating efficiency factor [th.
In thermodynamic equilibrium, the volume is a state function of temperature and pressure,
+ = + (), ?). Its total differential is

3+ =

(
m+

m)

)
?

3) +
(
m+

m?

)
)

3?. (2.22)

The two partial derivatives in eq. 2.22 can be related to the material properties of the
isothermal compressibility ^) and the thermal coefficient of volume expansion U [29] by:

^) = − 1
+

(
m+

m?

)
)

, V =
1
+

(
m+

m)

)
?

. (2.23)

Therefore, using 3+ ≈ 0 and these relations, eq. 2.22 expressed for 3? becomes:

3? =
V

^)
3). (2.24)

During the light pulse, the local temperature rise dT can be expressed as

3) =
[th`aΦ

d�V
3C. (2.25)

Here, [th describes the aforementioned efficiency with which internal energy is converted
to heat, called non-radiative relaxation, instead of radiative relaxation in e.g. fluorophores.
d denotes the mass density, �V the specific heat capacity at constant volume, and Φ the
optical fluence rate defined in eq. 2.18. Using the dimensionless Grüneisen parameter
describing the PA efficiency

Γ =
V

^) d�+
, (2.26)

which at body temperature is Γ(T0 = 37◦ C) ≈ 0.20 [1], eq. 2.24 becomes:

3? = Γ[th`aΦ3C. (2.27)

Finally, after integrating over the time of the light pulse, the so-called initial pressure
distribution ?0(®G) at C = 0 for a given position ®G after the laser pulse can be calculated with:

?0(®G) = ?(®G, C = 0) = Γ[th`aq(®G). (2.28)
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2.1 Photoacoustic imaging

Here, the optical fluence q(®G)
(
�

<2

)
is defined as

q(®G) =
∫
gp

Φ(®G, C)3C. (2.29)

As a general reference, the typical rises in pressure and temperature are on the order of
∼ 10 mbar and ∼ 10 mK, respectively, which are not harmful to biological tissue [30]. This
initial pressure rise causes an acoustic wave to propagate through the tissue.

Acoustic wave propagation
Acoustic waves are longitudinal in nature, propagating through alternating variations in
pressure ? and density d at the speed of sound EB [31]. As a first-order approximation,
their relationship can be expressed as:

? = E2
s d. (2.30)

For an isotropic medium without acoustic attenuation, the conservation of momentum
yields:

∇? + d m®E
mC

= 0 (2.31)

and the conservation of mass leads to:

d∇ · ®E + md
mC

= 0, (2.32)

where ®E represents the acoustic particle velocity. By taking the divergence of eq. 2.31, the
partial time derivative of eq. 2.32, and applying the relationship given in eq. 2.30, these
expressions can be combined to form the well-known acoustic wave equation [31]:

∇2?(®G, C) − 1
E2

s

m2?(®G, C)
mC2

= 0. (2.33)

The initial conditions given in eq. 2.28, along with mC ?(®G, C = 0) = 0, must be applied to
account for the source of the acoustic wave, namely, the initial pressure rise induced by
optical heating. Incorporating these conditions yields the PA wave equation:(

∇2 − 1
E2

s

m2

mC2

)
?(®G, C) = − Γ

E2
s

m� (®G, C)
mC

. (2.34)

Here, � (®G, C)
(
,

<3

)
is called the heating function and it is defined as

� (®G, C) = [th`aΦ. (2.35)

An acoustic wave generated by the initial pressure distribution propagates according to the
PA wave equation 2.34. Such a wave can be detected with a regular ultrasound transducer
on the surface of the tissue, based on which a PA image can be reconstructed by estimating
the initial pressure distribution ?0.
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2 Background

Inverse problems in photoacoustic imaging
Having discussed the physics underlying the forward processes in PAI, this section turns
to the steps required to extract the desired quantitative information. As outlined earlier,
PAI enables functional imaging and related applications; achieving this, however, requires
solving a sequence of inverse problems. Specifically, two main challenges arise: (1) the
acoustic inverse problem, and (2) the optical inverse problem. Both have been extensively
addressed and reviewed in previous literature [32, 33, 34, 35, 36, 37]. In the following, a
concise overview relevant to the context of this thesis is provided.

Acoustic inverse problem

The objective of the acoustic inverse problem is to reconstruct the initial pressure distribution
?0 in the spatial domain as accurately as possible from the recorded measurement data
((C). Recordings typically begin immediately after the excitation light pulse, capturing the
arrival of acoustic pressure waves at the detector.
In a tomographic setup, the recorded data take the form (= (C) for N detector elements,
commonly referred to as time-series data in the shape of an # ×) matrix, where T denotes
the number of recorded time steps. This establishes a relationship between the arrival time
of an acoustic wave at a detector and its point of origin in ?0:

((C) ∝ ?0 = Γ[th`aq. (2.36)

Several reconstruction approaches exist, including backprojection-based methods [38],
time-reversal techniques [39], model-based inversions [40], and data-driven methods [41].
However, all are subject to notable challenges:

1. Detection limitations and information loss: Most tomographic systems have a
limited view of the target region. For example, in handheld PA acquisition of a
vessel inside an arm, only the fraction of the acoustic wave propagating toward
the transducer is recorded. Furthermore, due to tissue heterogeneity, a portion of
the wavefront traveling toward the detector may be attenuated or reflected before
reaching it. Even for the portion that arrives, transducers possess a finite bandwidth,
so frequency components outside this range are not captured.

2. Device calibration: Accurate reconstruction requires precise knowledge of detector
element positions and characteristics, including bandwidth, acceptance angle, and
detection efficiency. Ideally, ?0 should be reconstructed quantitatively in pressure
units, which requires a well-characterized transfer function from the raw detector
output (digital counts) to physical pressure. In practice, these parameters are often
known only approximately or measured with uncertainty.

3. Model assumptions in reconstruction algorithms: Accurate modeling of the
relationship between time-series data and ?0 requires assumptions about tissue
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2.1 Photoacoustic imaging

properties, most importantly the speed of sound, but also density and acoustic
attenuation, as these influence reflection and refraction. Ideally, these parameters
should be known a priori for each location in the tissue, which is rarely the case in
practice.

Optical inverse problem

The optical inverse problem in PAI aims to recover the spatial distribution of `0 (®G) or
related functional parameters such as blood oxygen saturation sO2 from the reconstructed
initial pressure distribution ?0(®G). Here, the acoustic inverse problem is assumed to be
solved, i.e., ?0 is known, thus using the relationship in eq. 2.28, `0 can be calculated with

`0 =
?0
q Γ

. (2.37)

Approaches to solving the optical inverse problem include model-based spectral inversion
using light transport models (e.g., Monte Carlo simulations, diffusion approximation,
finite element solutions to the RTE) [42], as well as data-driven or hybrid techniques [43].
Regardless of the method, several major challenges remain:

1. Ambiguity and non-linearity: Multiple combinations of `0 and `B can yield the
same ?0, making the inversion inherently ambiguous. Furthermore, the fluence at a
given location ®G depends not only on the optical properties `0 and `B at that location,
but also on their distributions throughout the entire tissue volume. For example, a
highly absorbing layer located above ®G will reduce the amount of light reaching it.

2. Spectral coloring and noise: The fluence also depends on the illumination wave-
length, and wavelength-dependent absorption or scattering can further complicate
the inversion. Continuing the previous example, a highly absorbing layer might
attenuate certain wavelengths more strongly than others. This spectral dependence
is compounded by noise sources in the photoacoustic measurement chain, including
detector noise and fluctuations in laser pulse energy, both of which can introduce
additional uncertainty.

3. Model assumptions: Inversion typically requires prior assumptions about light
propagation, source characteristics, and optical or thermodynamic parameters such
as `B and Γ. In practice, these quantities are often assumed constant, despite known
dependencies on spatial position, temperature, and wavelength. For instance, Γ
varies not only with ®G but also with the local tissue temperature and wavelength.

Taking these dependencies into account, the relationship from eq. 2.28 can be reformulated
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Figure 2.4: Core pipeline elements for the computational modeling of photoacoustic imag-
ing (PAI). First, a digital tissue twin, the tissue geometry, optical, and acoustic parameters are
defined, serving as basis for the rest of the pipeline. Using a digital device twin, modeling of light
propagation yields the initial pressure distribution, which in turn, is the input for acoustic wave
propagation, resulting in recorded time series data. Finally, using an image reconstruction algorithm,
a photoacoustic (PA) image is formed.

as:

?0(®G, _) = `0 (®G, _)
· q(®G, _, `0 (®G, _), `B (®G, _))
· Γ(®G, `0 (®G, _), ) (®G))
· [<D; (®G, _)
+ [033 (®G, _), (2.38)

where [<D; (®G, _) represents multiplicative noise, such as light source variations, and
[033 (®G, _) represents additive noise, such as noise offsets in the detector. Eq. 2.38 high-
lights the intricate interdependencies between optical, thermodynamic, and illumination
parameters, illustrating the overall complexity of the optical inverse problem in PAI.

2.2 Computational modeling of photoacoustic imaging
Accurate computational modeling of PA image formation is essential for simulating ex-
perimental conditions, optimizing system design, or training and validating data-driven
algorithms. Relevant to this work are the numerical description of light propagation in
tissue, the generation of initial pressure distributions, and the simulation of subsequent
acoustic wave propagation and detection. The entire computational pipeline is illustrated
in Figure 2.4.
As can be seen in Figure 2.4, generating both a digital tissue twin and a digital device twin
is also crucial to the computational modeling pipeline of PAI. As this, however, is a major

22



2.2 Computational modeling of photoacoustic imaging

contribution of this thesis, this is omitted from this section and explained in more detail in
section 4.2. Furthermore, the exact thermodynamic modeling of heating as a result of light
absorption and non-radiative relaxation is usually neglected by assuming 100% efficiency
and a constant Grüneisen parameter Γ. In the following, the modeling of photon transport
is described first, followed by the modeling of acoustic propagation, noise characteristics,
and the transformation of recorded time series data into PA images.

Light propagation modeling

Light propagation in tissue is governed by the RTE introduced in section 2.1. As discussed
there, the RTE is computationally demanding to solve numerically. A common simpli-
fication is the DE, which approximates the RTE under conditions of highly scattering,
near-homogeneous media and can be computed with significantly lower cost [44]. The
fluence obtained from such models can be converted to the initial pressure ?0 via the laser
energy, the Grüneisen parameter Γ, and 2.28. However, the DE becomes inaccurate in
the quasi-ballistic regime, particularly near the photon source. For this reason, Monte
Carlo (MC) methods are considered the gold standard for modeling light transport [1].
Several open-sourceMC implementations exist with varying levels of anatomical and optical
complexity [45]. In this thesis, photon transport is simulated with Monte Carlo eXtreme
(MCX) [46], a graphics processing unit (GPU)-accelerated code capable of modeling
volumes with arbitrary spatial distributions of absorption and scattering coefficients. With
suitable modifications, arbitrary illumination geometries can also be implemented.
In MCX, photons are represented as energy packets with an initial weight F = 1, launched
from the defined source position and direction according to the illumination geometry.
Photon propagation is modeled in discrete steps:

1. The step size B8 between scattering events is sampled as Bi = − ln bi
`si

, where `si is the
scattering coefficient of the current voxel i and bi ∈ (0, 1] is a uniformly distributed
random number.

2. The photon packet is advanced by Bi+1 along its direction vector to the next voxel.

3. The residual step size is updated for the change in scattering coefficient from `si+1 to
`si+2: Bi+2 =

(Bi−Bi+1) `si+1
`si+2

.

4. Absorbed energy ΔF = F (1 − 4−`ai Bi) is deposited in the current voxel (,vox) and
the packet weight is reduced accordingly.

5. If F falls below a threshold Fth, a Russian roulette scheme is applied: the photon
survives with probability 1/< (weight set to < Fth) or is terminated otherwise,
preventing endless propagation with negligible energy.

6. Repeat from step 2 until B = 0.
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7. A new scattering direction is sampled. The azimuthal angle q is drawn as q = 2cb
with b ∈ [0, 1). The polar deflection angle \ is drawn from the Henyey–Greenstein
phase function:

cos(\) =
{

1
26

[
1 + 62 −

(
1−62

1−6+26b

)]
if 6 ≠ 0,

2b − 1 if 6 = 0,
(2.39)

with b ∈ [0, 1] and anisotropy factor 6 ∈ [−1, 1].

8. Continue until the photon is terminated or exits the simulation volume + .

The process is repeated until the desired number of photons is simulated. Energy leaving
the volume is accumulated in,exit. After all packets are traced, the deposited energy is
normalized by the total simulated energy:

,′
vox =

,vox∑
vox∈+

,vox +,exit
. (2.40)

The number of photons required depends strongly on voxel spacing. Halving the voxel size
increases the number of voxels by a factor of eight (in three-dimensional (3D)), leading to
increased computational load and higher photon counts to suppress photon noise, which is
a random fluctuation in voxel fluence due to insufficient photon sampling. The required
photon count for each spacing is determined empirically.
For accurate modeling of any PA system, an accurate model of the light source, a so-called
digital device twin, needs to be implemented as photon launching distribution.

Acoustic wave propagation modeling

As derived in 2.1, the PA wave equation 2.34 governs acoustic propagation resulting from
the PA effect. For absorption-free media, this equation is exact. Acoustic absorption can
be incorporated using a power-law frequency dependence:

U = U0 5
H, (2.41)

where U (dB/cm) is the absorption coefficient, U0 (dB/MHzH cm) its prefactor, and H the
power-law exponent.
To account for heterogeneity and attenuation, the governing equations (2.30)–(2.32) are
modified as:

? = E2
s

(
d + ®3 · ∇d0 − !d

)
, (2.42)

0 = ∇? + d m®E
mC
, (2.43)

0 = d∇ · ®E + ®E · ∇d0 +
md

mC
, (2.44)
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Figure 2.5: Time-resolved photon propagation in an example tissue model with photon fluence q
in the top parts and corresponding initial pressure ?0 in the bottom parts of each row. The time
starts after the light pulse incident on the tissue from the top.

25



2 Background

with particle displacement ®3 and absorption–dispersion operator !:

! = g
m

mC
(−∇2)

H+1
2 −1 + [(−∇2)

H+1
2 −1, (2.45)

where g = −2U0E
H−1
s and [ = 2U0E

H
s tan

(
c
2 H

)
are proportionality constants valid for 0 <

H < 3, H ≠ 1.
The MATLAB k-Wave toolbox [47] is widely used for solving (2.30)–(2.32) using a :-space
pseudospectral method. It supports one-dimensional (1D), two-dimensional (2D), and 3D
geometries (planar, cylindrical, spherical) and incorporates detector geometry and charac-
teristics. Spatial discretization 3G strongly influences computational cost: analogously to
MCX, halving 3G increases the number of grid points by 2� in � dimensions, raising the
cost correspondingly. The Nyquist criterion [48, 49] limits the maximum resolvable spatial
frequency:

5max =
min+ (Es)

2 3G
, (2.46)

with min+ (Es) the minimum sound speed in + .
Similar to the light propagation modeling, detector properties, including center frequency
and bandwidth, have to be modeled via a digital device twin to simulate time-series pressure
recordings.

Noise modeling

PA images are inherently affected by noise from laser pulse fluctuations, detector sensitivity
variations, and probe or target motion [50]. Here, noise is modeled as additive Gaussian
noise proportional to the peak amplitude of the measured time series [51]. To estimate
system-specific noise, in this thesis, 100 example images were acquiredwith an experimental
system over wavelengths 700–850 nm in 10 nm steps. The standard deviation BC3 of each
time series ?8 (_) was normalized by its peak value and averaged:

psnr(_)exp =
1

100

100∑
8=1

log
(
max(?8 (_))
std(?8 (_))

)
. (2.47)

Here, std(?8 (_)) is estimated by the estimate_sigma function provided by the Python scikit-
image package. The function is based on the work by Donoho and Johnstone (1994) [52].
This defines the wavelength-dependent noise fraction. Simulated noisy data are generated
as:

?noisy(_) = ?(_) + N?(_) (0, stdnoise) , (2.48)

where N?(_) (`, f) is a Gaussian random array matching the shape of ?(_) and stdnoise is
optimized such that psnr(_)sim of 100 randomly selected simulated images match psnr(_)exp
of 100 experimentally acquired images.
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Figure 2.6: Time-resolved acoustic pressure wave p(t) propagation in an example tissue model.
The time starts after the light pulse has ended. Notably, the pressure waves from the initial pressure
distribution (?0 = ?(t=0)) have almost fully exited the field of view at t=13.75 `s but are reflected
in the bottom left. This reflected wave travels toward the top right for the rest of the time steps.

27



2 Background

Image formation

The final step in the simulation pipeline reconstructs the initial pressure distribution ?0(®G)
from the recorded time series. The universal backprojection algorithm [38] is expressed as:

?0(®G) =
∫
Ω0

3Ω0
Ω0

[
2?(®G0, EsC) − 2EsC

m?(®G0, EsC)
m (EsC)

] ����
C=

| ®G− ®G0 |
Es

, (2.49)

with

3Ω0 =
3(0

| ®G − ®G0 |2
=̂(0 · (®G − ®G0)
|®G − ®G0 |

. (2.50)

This formulation assumes continuous detection, exact speed of sound, and ideal sensor
characteristics—conditions rarely met in practice. A simpler, robust alternative is delay-
and-sum (DAS) beamforming [53], also common in ultrasound imaging.

For an array of # elements at positions ®A 9 (G, H), 9 = 1, . . . , # , recording a signal from a
source at ®0(G, H), the spherical propagation delay is:

g(G, H, 9) =
‖®A 9 (G, H) − ®0(G, H)‖2

EB
. (2.51)

The reconstructed pixel value is then:

(DAS(G, H) =
#∑
9=1

(
(
9 , g(G, H, 9)

)
· �( 9), (2.52)

where (( 9 , g) is the time series data of sensor element 9 at time g and �( 9) ∈ [0, 1] is an
apodization weight to reduce side lobes and beamforming artifacts [54].

2.3 Deep learning
DL is a subfield of machine learning in which artificial neural networks with multiple layers
learn to represent data at multiple levels of abstraction. In DL, each layer of the network
learns a transformation of its input into a higher-level, more abstract representation. This
approach falls under representation learning, which means the system discovers the features
or representations needed for tasks directly from raw data. A major appeal of deep neural
networks is that they can learn these representations automatically without manual feature
engineering, often achieving state-of-the-art results in domains like image recognition,
speech, and language processing [55]. In this section, a concise introduction to the core DL
concepts relevant to this thesis is provided, drawing primarily on the review by LeCun et al.
(2015) [56] and the textbook by Goodfellow et al. (2016) [57]. First, learning paradigms
are outlined with emphasis on supervised and unsupervised learning. Then, the principles
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2.3 Deep learning

of representation learning that underpin modern image models are summarized. Next,
the network classes used in this work are reviewed. Finally, the generative architectures
employed in this thesis, generative adversarial networks (GANs) and invertible neural
networks (INNs), are introduced. Throughout, the focus remains on the concepts required
for the methods and experiments presented in later chapters.

Learning paradigms
DL models can be trained under different learning schemes depending on the availability
of labeled data. In supervised learning, the network learns from example input-output pairs
(-,. ), where it is given input data - along with the corresponding output labels or targets
. . The objective is to adjust the model’s parameters \ so that its predictions .̂ closely
match the known labels. In other words, the model is supposed to represent a function 5\
that maps - to . as accurately as possible. In this thesis, supervised and unsupervised
learning techniques are employed, the core principles of which are compared in Figure 2.7.
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Figure 2.7: Schematic illustration of supervised and unsupervised learning. In supervised
learning, models are trained on data x paired with corresponding labels y, as is typical in classification
tasks. In the example shown, a classifier learns to associate the labels ”apple” or ”pear” with
input data. During inference, an unseen apple is correctly assigned the label ”apple.” In contrast,
unsupervised learning operates without labeled data. Here, the model infers patterns within the
data structure. In the illustrated clustering scenario, the model identifies characteristic features of
apples and pears, forming two distinct clusters. A new apple sample is then placed closer to the
appropriate ”apple cluster”. Figure modified from Schellenberg 2024 [58].

Classic supervised tasks for deep networks include image classification, where a network
might take an image as input G ∈ - and predict a label H ∈ . (e.g., apple or pear). Training
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2 Background

proceeds by minimizing a loss function that measures error between predictions and true
labels across many examples. For classification, this could be, for example, the binary cross
entropy [59] or for regression, a simple and often used loss function is the mean squared
error (MSE), which is defined by

!MSE =
1
#

#∑
n=1

(Hn − Ĥn)2 with Ĥn = 5\ (Gn), (2.53)

where G= and are the =-th entries of #-dimensional vectors.

In unsupervised learning, by contrast, the model is not provided explicit labels. Instead, it
explores the structure of the input data itself to learn useful representations or to generate
new data. The goal might be to discover latent patterns, cluster similar inputs, or model the
data distribution [60]. For example, an autoencoder network [61] compresses input data
into a lower-dimensional code and then reconstructs the input, learning a representation in
the process.

Neural network types
Neural networks are inspired by the neurons in the human brain, which receive an input
signal from multiple other neurons. The received signals are then weighted according to
previously learned experiences and combined. The output signal of the neuron to one or
more other neurons is the combined signal after passing an activation potential.

Multilayer perceptron

The multilayer perceptron (MLP) is the quintessential DL architecture, consisting of layers
of interconnected neurons. An MLP is a feedforward neural network, meaning information
flows from the input layer through any number of hidden layers to the output layer in one
direction. Each neuron in an MLP performs a two-step computation: first, a weighted sum
of its inputs, then an application of a non-linear activation function. In mathematical terms,
for a single neuron, if G= are the inputs, F= the weights, and 1 a bias that form the model
parameters \ = {F=, 1}, the neuron computes its output I as follows:

I = f

(∑
=

F=G= + 1
)
, (2.54)

where f is an activation function like sigmoid [62] or rectified linear unit (ReLU) [63].
This basic building block, a linear combination followed by a non-linear activation, allows
even a simple two-layer network to approximate arbitrary continuous functions [64]. Using
multiple hidden layers (i.e., increasing the network depth) can be more parameter-efficient,
allowing the network to reuse and refine features at successive layers.
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2.3 Deep learning

Training an MLP involves finding the weights F< and biases 1 that minimize a chosen loss
function ! (e.g. MSE for regression or cross-entropy for classification) over the training
data. This is typically done with stochastic gradient descent (SGD) or its variants such as
Adam [65], using the backpropagation algorithm to compute gradients. Backpropagation
efficiently computes the derivative of the loss ! with respect to each weight in the network
by recursive application of the chain rule through the layers. In essence, the algorithm
calculates errors from the output layer backward to the input, layer by layer, hence “back-
propagating” the error. Each weight F (8+1)

< of a model with " weights is then updated from
its previous value F8< in the direction that most reduces the error (gradient descent step)
given by an n-dimensional loss function !n:

F
(8+1)
m = F

(8)
m − W8

#∑
n=1

m!=

mF
(8)
m
, (2.55)

where W is the learning rate. Backpropagation thus allows the network to learn from end to
end, adjusting all layers’ parameters to better achieve the output target. Through iterative
training, the deep network gradually discovers internal representations (in its hidden layers)
that are useful for mapping inputs to the desired outputs.

Convolutional neural networks

When working with image data, convolutional neural networks (CNNs) are the dominant
architecture. CNNs are specialized neural networks that leverage the spatial structure of
images through the convolution operation. In a convolutional layer, rather than connecting
every input pixel to every neuron (as in an MLP), a set of local filters is learned (also
called kernels) that are convolved with the image. A filter is typically a small matrix (for
example, 3×3 or 5×5) that is slid across the image. At each spatial location, an element-
wise multiplication is performed between the filter weights and the input pixels under the
filter, and the results are summed up to produce one output pixel. This process of moving
the filter and computing weighted sums is the convolution operation in the discrete case.
Formally, the convolution of an image I and a 2D kernel K can be discretely defined as

((<, =) = ( ∗ �) (<, =) =
∑
8, 9

� (< − 8, = − 9) (8, 9). (2.56)

Several key properties make CNNs powerful for image tasks. Local connectivity means
each filter operates on a small patch of the image, capturing local spatial patterns (like
edges, textures) which are meaningful in images. The same filter (set of weights) is used
over all image locations, so a single learned feature (e.g., “horizontal edge”) is detected
everywhere in the image. This so-called ”weight sharing” greatly reduces the number of
parameters compared to an MLP. As the network learns, filters in early layers typically
become detectors for simple patterns (edges, orientations), while filters in deeper layers
assemble those into higher-level features (corners, object parts), reflecting an increasingly
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abstract representation of the image. After one or more convolutional layers, CNNs often
include pooling layers that down-sample the feature maps (e.g., taking a maximum or
average over a small region) to reduce spatial resolution and achieve some invariance to
small translations.

Generative architectures
Generative architectures or models are classes of neural networks that model the distribution
of data ?data in a way that allows the generation of new samples following that distribution
Ĝ ∼ ?data. This section focuses on the generative models most relevant to this thesis, GANs
and INNs.

Generative adversarial networks

GANs are a class of DL models introduced by Goodfellow et al. (2014) [66] for unsuper-
vised learning of complex data distributions. A GAN consists of two neural networks, a
Generator (G) and a Discriminator (D), which are trained in tandem, effectively playing
a two-player game. The generator network takes random noise as input and produces a
synthetic data sample (for example, a fake image). The discriminator network takes an input
(real or generated) and outputs a probability (or score) indicating whether the input is real
(from the true data distribution) or fake (produced by the generator). During training, the
generator is trying to fool the discriminator by producing ever more realistic data, while the
discriminator is trying to become more accurate at telling generated fakes apart from real
data. There are multiple ways of phrasing this training scheme as an optimization problem.
In contrast to the original minimax optimization problem proposed by Goodfellow et al., in
this thesis, the least squares training scheme proposed by Mao et al. (2017) [67] is used
with the losses !

�
and !

�
for G and D, respectively:

!
�
= E
G∼?I (I)

[
(� (� (I)) − 1)2] (2.57)

!
�
= E
G∼?data (G)

[
(� (G) − 1)2] + E

G∼?I (I)

[
(� (� (I)))2] . (2.58)

Here, ?data(G) is the distribution of real data G and ?I (I) is the noise prior (e.g., uniform
or Gaussian) used as input to �. This training scheme has been shown to be more stable
than the original minimax objective. Notably, GANs have yielded impressive results in
image generation, creating photo-realistic images of faces, objects, and scenes after training
on datasets of examples. However, GANs training can be challenging; issues like the
aforementioned unstable convergence, mode collapse (where � produces limited varieties
of outputs), and hallucinations are common [15], requiring careful architecture design and
training heuristics.
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2.3 Deep learning

Invertible neural networks

Another approach to generative modeling is to design networks that are invertible, meaning
the transformation from input to output can be reversed. Normalizing flows are a family
of deep generative models based on INNs [68]. The core idea is to start with a simple
known probability distribution (e.g., a standard Gaussian) and apply a sequence of invertible
transformations to produce a more complex target distribution. Each transformation is
typically a relatively simple neural network layer that is invertible and has a tractable
Jacobian determinant. By chaining multiple such flows, a flexible yet exactly invertible
function 5 can be created that maps a latent variable I (drawn from the simple base
distribution ?(I)) to a sample G = 5 (I) in the space of the target distribution.

log ?(G) = log ?(I) + log
����detm 5mG ���� . (2.59)

This formula shows how an INN can exactly compute the likelihood of each data example
G by accounting for how volumes change through the transformation 5 .
In practice, normalizing flow architectures are designed so that both 5 −1(G) (the inverse
mapping) and the Jacobian determinant det(m 5 −1/mG) are efficient to compute. Common
architectures use coupling layers or autoregressive transformations that have triangular
Jacobian matrices, whose determinants are just the product of diagonal entries. Examples
of popular flow-based models include RealNVP [69], NICE [70], and Glow [71], which
employ such invertible coupling layers to model image data. An example for a coupling
block introduced by Dinh et al. (2016) [69] is illustrated in Figure 2.8.
Coupling blocks operate by splitting the input into two components, u → (u1, u2), which
are transformed via learnable functions B8 and C8 in an alternating fashion (see Figure 2.8).
In the forward pass, the transformed outputs are recombined to yield (v1, v2) → v. The
inverse pass is implemented by reversing the transformations using the same functions B8
and C8, applied to the corresponding parts of the output (v1, v2). Notably, the transformation
functions themselves do not need to be invertible; they can be arbitrary neural networks
trained via backpropagation. The element-wise division inherent to these transformations
may lead to numerical instability. This is typically addressed by applying an exponential
function to B8 and C8. In this procedure, (v1, v2) can be computed from (u1, u2) in the
forward pass:

v1 = u1 � exp(B2(u2) + C2(u2)) (2.60)
v2 = u2 � exp(B1(v1) + C1(v1)), (2.61)

and (u1, u2) from (v1, v2) in the backward pass:

u2 = (v2 − C1(v1)) � exp(−B1(v1)) (2.62)
u1 = (v1 − C2(u2)) � exp(−B2(u2)). (2.63)
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(a) Invertible coupling block in forward direction.

evaluation direction

u2 v2

v1u1

output inputt1s1 s2 t2

(b) Invertible coupling block in backward direction.

Figure 2.8: The fundamental building blocks of Invertible Neural Networks (INNs) are coupling
blocks. (a) These blocks divide the input into two components, u → (u1, u2), which are then
alternately transformed using the functions B8 and C8. (b) The inverse mapping is achieved by
reapplying the same functions in a rearranged computational order. Element-wise multiplication
and division are denoted by � and �, respectively. Figure inspired by Ardizonne (2023) [72].

A complete INN is formed by stacking multiple affine coupling layers. To prevent one part
of the split (e.g., D1) from consistently receiving the same input channels across layers, it is
standard practice to insert random channel permutations between coupling layers.
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Scientific contributions
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Concept overview 3
Quantitative PAI, particularly oximetry, holds great promise for various clinical applications.
However, its clinical translation remains limited. Traditional model-based approaches
struggle to capture the complexity of the inverse problem, and recent work has highlighted
the urgent need for data-driven discovery [11]. A fundamental barrier remains: the field
lacks high-quality, annotated datasets with reference values for the optical or functional
properties that PAI aims to quantify.
This thesis tackles that barrier through a pipeline of five key contributions as illustrated
in Figure 3.1. This chapter provides a conceptual overview of the thesis, outlining how
each of the five publications contributes to addressing the overarching challenge of data
scarcity in PAI. The purpose is to contextualize and summarize the individual works before
presenting each publication.
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3 Concept overview

Central research challenge of this thesis
Fundamental lack of high-quality 

PA data with reference values

Key subchallenge C.1
Need for a high-quality
PA simulation pipeline

Research question RQ1
How to facilitate 

multiphysics simulations 
for the generation of PA 

images?

Research question RQ2
How can unsupervised 

domain transfer close the 
Sim2Real domain gap of 

PA images while pre-
serving spectral fidelity?

Research question RQ3
How can anthropomorphic 
phantoms be designed for 
reliable validation of data-

driven methods in PAI?

Publication P.IV
Anthropomorphic
phantoms

Publication P.V
Open-source 
validation data

Publication P.III
Unsupervised 
domain transfer

Publication P.I
Review of deep
learning in PAI

Publication P.II
Open-source 
simulation toolkit

Key subchallenge C.2
Remaining Sim2Real

domain gap of PA images

Key subchallenge C.3
Need for a robust, open-

source validation platform

identified

&

Figure 3.1: This thesis addresses data shortage in photoacoustic imaging (PAI) with five key
paper contributions (P.I - P.V). P.I identifies the core challenge tackled by this thesis: The lack of
high-quality annotated data. P.II, P.III, and the combination of P.IV and P.V each tackle a specific
key subchallenge and address a corresponding research question (RQ) posed in this thesis.
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P.I: Review of deep learning in photoacoustic imaging

Establishing the core hypothesis: lack of reference data hinders progress in PAI.

The main body of this thesis begins by systematically investigating the role of deep learning
in PAI through a review of the field [12]. This review forms the conceptual foundation for
the thesis and identifies critical gaps:

• “One of the core bottlenecks of the application of deep learning algorithms to PAI is
the lack of reliable, high-quality experimental training data. For this reason, about
65% of deep learning papers in PAI rely on simulated data for supervised algorithm
training.”

• “... data-driven approaches to the optical inverse problem have primarily relied on
high-fidelity simulations and have not yet been successfully applied in vivo.”

• “This is most likely caused by the large domain gap between synthetic and experi-
mental PA images.”

• ”While the initial results are promising and encouraging, prospective clinical valida-
tion studies of such techniques, an integral part of method validation, have not been
conducted.”

These findings underscore the central hypothesis of the thesis: methodological progress in
data-driven PAI is fundamentally limited by the absence of well-annotated, realistic data.

P.II: Open-source simulation toolkit

Digital twin-based open-source simulation framework enables synthetic data genera-
tion based on state-of-the-art methods (SIMPA).

To address the first major challenge C.1, generating large-scale, annotated data, the Simulation
and Image Processing for Photonics and Acoustics (SIMPA) toolkit [73] was introduced, an
open-source framework for PA image simulation. Prior to this work, simulation workflows
were fragmented across disconnected toolkits for light transport, acoustic propagation,
and image reconstruction. Integrating them into a coherent pipeline was laborious and
error-prone.
SIMPA provides a unified, modular simulation pipeline with adapters for all core mod-
eling steps from digital device and tissue twin generation to optical modeling, acoustic
propagation, and reconstruction. It is accessible to non-experts while remaining highly cus-
tomizable for advanced users. As a result, SIMPA enables the efficient generation of fully
labeled simulated datasets, laying the groundwork for data-driven algorithm development.

P.III: Unsupervised domain transfer

Conditional invertible neural network (cINN)-based domain transfer closes the
simulation-to-real gap while preserving spectral fidelity.
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3 Concept overview

Although simulations provide ground truth data, they exhibit a domain gap to real mea-
surements, limiting the generalizability of trained models. The objective of this work is to
close the domain gap between simulation and experimental data.
To overcome limitations of CycleGAN-based domain transfer, such as mode collapse and
spectral distortion, an approach based on cINNs combined with GANs [74] was introduced.
Unlike adversarial training, cINNs use maximum likelihood estimation to ensure stable
training and cycle-consistency by design. The method is conditioned on the image domain
and structural features to preserve both realism and spectral fidelity. Applied to two
spectral imaging modalities, the approach substantially improves downstream classification
performance compared to model-based simulations.

P.IV: Anthropomorphic phantoms

Anthropomorphic phantoms enable reference data for experimental validation.

The third major challenge concerns the absence of a standardized validation strategy for
data-driven PAI methods. In vivo optical or functional properties can not be measured
directly, making rigorous validation difficult.
To address this, anatomically realistic, tissue-mimicking forearm phantoms [75] with five
sO2 levels are fabricated. These phantoms are designed specifically for algorithm validation,
enabling repeatable experiments with known measured reference. Starting from clinical
magnetic resonance (MR) data, a workflow is developed for generating stable phantoms
with blood-mimicking vessel inclusions and realistic optical and acoustic properties. This
represents a shift from generic phantom design toward application-specific, validation-
oriented fabrication.

P.V: Open-source validation data

Open-source dataset provides common framework for data-driven method validation
in PAI.

Building upon the fabrication of the phantoms, Simulated photoacoustic and experimental
data for comparing tissue realism and quantitative estimation (SPECTRE) is presented, the
first open-access, paired and unpaired multispectral dataset including functional references
comprising:

• Experimental PA images from ten anthropomorphic phantoms
• Matched simulations based on known optical properties from the same phantoms
• A probabilistic simulation dataset modeling physiological variability

Two exemplary use cases are demonstrated, domain transfer and oximetry, showing how
SPECTRE facilitates validation and performance analysis of data-driven methods.
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Publications 4
This thesis is presented in a cumulative form. In accordance with the rules and regulations
of the Department of Physics and Astronomy of Heidelberg University, as such, the five
publications (P.I - P.V) featured in this work constitute the main body of this thesis. In this
section, these five publications are presented with detailed contribution statements. I am
the principal or co-principal author of four of the publications. The content and format of
the publications have not been altered. For a full body of work published during the project
of this thesis, please refer to the List of publications.
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4.1 P.I: Review of deep learning in photoacoustic
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Review article 

Deep learning for biomedical photoacoustic imaging: A review 

Janek Gröhl a,b, Melanie Schellenberg a, Kris Dreher a,c, Lena Maier-Hein a,b,d,* 
a German Cancer Research Center, Computer Assisted Medical Interventions, Heidelberg, Germany 
b Heidelberg University, Medical Faculty, Heidelberg, Germany 
c Heidelberg University, Faculty of Physics and Astronomy, Heidelberg, Germany 
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A R T I C L E  I N F O   
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Image reconstruction 

A B S T R A C T   

Photoacoustic imaging (PAI) is a promising emerging imaging modality that enables spatially resolved imaging 
of optical tissue properties up to several centimeters deep in tissue, creating the potential for numerous exciting 
clinical applications. However, extraction of relevant tissue parameters from the raw data requires the solving of 
inverse image reconstruction problems, which have proven extremely difficult to solve. The application of deep 
learning methods has recently exploded in popularity, leading to impressive successes in the context of medical 
imaging and also finding first use in the field of PAI. Deep learning methods possess unique advantages that can 
facilitate the clinical translation of PAI, such as extremely fast computation times and the fact that they can be 
adapted to any given problem. In this review, we examine the current state of the art regarding deep learning in 
PAI and identify potential directions of research that will help to reach the goal of clinical applicability.   

1. Introduction 

Photoacoustic imaging (PAI) is a comparatively young and rapidly 
emerging imaging modality that promises real-time, noninvasive, and 
radiation-free measurement of optical tissue properties [1]. In contrast 
to other optical imaging modalities, PAI induces the emergence of 
acoustic signals to enable structural imaging of chromophores – mo
lecular structures that absorb light – up to several centimeters deep into 
the tissue. Typical reported penetration depths range from 1 cm up to 
6 cm [2–4], heavily depending on the imaged tissue. This high depth 
penetration is possible because the acoustic scattering of the arising 
sound waves is orders of magnitude smaller than the optical scattering of 
the incident light in biological tissue. The underlying physical principle 
for signal generation is the PA effect [5]. It is induced by extremely short 
light pulses that cause an initial pressure rise p0 inside the tissue. The 
initial pressure p0 = Γ ⋅ μa ⋅ ϕ is proportional to the optical absorption 
coefficient μa, the local light fluence ϕ, and the temperature-dependent 
Grüneisen parameter Γ. The deposited energy is released in form of 
sound waves that can be measured as time-series pressure data p(t) =A 
(p0, θ) with appropriate acoustic detectors, such as ultrasound trans
ducers. Here, acoustic forward operator A operates on the initial pres
sure distribution p0 taking into consideration the acoustic properties θ 
(such as the speed of sound, density, or the acoustic attenuation) of the 

medium. 
Due to its rapid development, PAI has seen various clinical applica

tion attempts over the last few years. Among these, cancer research is a 
field where PAI shows serious potential [3,6–15]. In this use case, he
moglobin is the enabling endogenous chromophore, due to amplified 
and sustained angiogenesis [16] being one of the hallmarks of cancer 
and due to the cancer cells’ increased metabolism, which potentially 
induces a decrease in local blood oxygenation [17]. Furthermore, 
because inflammatory processes also change the hemodynamic behavior 
of tissue, PAI is also used for imaging of inflamed joints [18–20] or 
staging of patients with Crohn’s disease [21–23]. To further increase the 
potential of PAI, it is also applied in combination with other imaging 
modalities, especially ultrasound imaging [15,24–28]. PAI is further 
used for brain imaging [29–33] or surgical and interventional imaging 
applications, such as needle tracking [34,35]. 

The signal contrast of PAI is caused by distinct wavelength- 
dependent absorption characteristics of the chromophores [36]. But to 
exploit information of μa for answering clinical questions, open research 
questions remain that can be categorized into four main areas. In the 
following, we explain these four major categories and summarize their 
principal ideas. 

Acoustic inverse problem. The most pressing problem concerns the 
reconstruction of an image S from recorded time-series data by 
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estimating the initial pressure distribution p0 from p(t). This problem is 
referred to as the acoustic inverse problem. To this end, an inverse 
function A− 1 for the acoustic operator A needs to be computed in order 
to reconstruct a signal image S =A− 1(p(t)) ≈ p0 = μa ⋅ ϕ ⋅ Γ that is an 
approximation of p0. Typical examples of algorithms to solve this 
problem are the universal back-projection [37], delay-and-sum [38], 
time reversal [39], or iterative reconstruction schemes [40]. While the 
acoustic inverse problem can be well-posed in certain scenarios (for 
example by using specific detection geometries) and thus can have a 
unique solution, several factors lead to considerable difficulties in 
solving it. These include wrong model assumptions [41], limited-view 
[42] and limited-bandwidth detectors [43], or device modeling [44] 
and calibration errors [45]. 

Image post-processing. PAI, in theory, has exceptionally high 
contrast and spatial resolution [46]. Because the acoustic inverse 
problem is ill-posed in certain settings and because of the presence of 
noise, many reconstructed PA images suffer from distinct artifacts. This 
can cause the actual image quality of a PA image to fall short of its 
theoretical potential. To tackle these problems, image post-processing 
algorithms are being developed to mitigate the effects of artifacts and 
noise and thus improve overall image quality. 

Optical inverse problem. Assuming that a sufficiently accurate 
reconstruction of p0 from p(t) has been achieved, the second principle 
problem that arises is the estimation of the underlying optical properties 
(most importantly the absorption coefficient μa). It is an inverse problem 
and is referred to as the optical inverse problem. Furthermore, the 
problem has proven to be exceptionally involved, which can be derived 
by the fact that methods to solve the problem have not been successfully 
applied to in vivo data yet. It belongs to the category of ill-posed inverse 
problems, as it does not necessarily possess a unique solution. Further
more, several other factors make it hard to tackle, including wrong 
model assumptions [41], non-uniqueness and non-linearity of the 
problem [47], spectral coloring [48], and the presence of noise and 
artifacts [49]. Quantification of the absorption coefficient has, for 
example, been attempted with iterative reconstruction approaches [50], 
via fluence estimation [51], or by using machine learning-based ap
proaches [52]. 

Semantic image annotation. Based on the diagnostic power of 
optical absorption it is possible to generate semantic image annotations 
of multispectral PA images and a multitude of methods for it are being 
developed to specifically tackle questions of clinical relevance. To this 
end, algorithms are being developed that are able to classify and 
segment multispectral PA images into different tissue types and that can 
estimate clinically relevant parameters that are indicative of a patient’s 
health status (such as blood oxygenation). Current approaches to create 
such semantic image annotations suffer from various shortcomings, such 
as long computation times or the lack of reproducibility in terms of 
accuracy and precision when being applied to different scenarios. 

Simultaneously to the rapid developments in the field of PAI, deep 
learning algorithms have become the de facto state of the art in many 
areas of research [53] including medical image analysis. A substantial 
variety of medical applications include classical deep learning tasks such 
as disease detection [54], image segmentation [55], and classification 
[56]. Recently, deep learning has also found entrance into the field of 
PAI, as it promises unique advantages to solve the four listed problems, 
thus promoting clinical applicability of the developed methods. One 
further prominent advantage of deep learning is the extremely fast 
inference time, which enables real-time processing of measurement 
data. 

This review paper summarizes the development of deep learning in 
PAI from the emergence of the first PA applications in 2017 until today 
and evaluates progress in the field based on the defined task categories. 
In Section 2, we outline the methods for our structured literature 
research. General findings of the literature review including the topical 
foci, data acquisition techniques, used simulation frameworks as well as 
network architectures are presented in Section 3. The reviewed 

literature is summarized according to the four principal categories in 
Sections 4–7. Finally, the findings are discussed and summarized in 
Section 8. 

2. Methods of literature research 

Above, we described the PAI-specific challenges that deep learning 
can be applied to and thus divided the topic into four major categories: 
I. Acoustic inverse problem, II. Image post-processing, III. Optical inverse 
problem, and IV. Semantic image annotation. We conducted a systematic 
literature review for the period between January 2017 and September 
2020 and assigned each identified paper to the most suitable categories. 
For the search, we used several scientific search engines: Google Scholar, 
IEEE Xplore, Pubmed, Microsoft Academic Search Engine, and the arXiv 
search function with the search string (”Deep learning” OR ”Neural 
Network”) AND (”photoacoustic” OR ”optoacoustic”). The search 
results were then refined in a multi-step process (see Fig. 1). 

First, potential candidates were identified based on an initial search 
using their title, as well as the overview presented by the search engine. 
The search results were complemented by adding additional papers 
found by means other than the named search engines. For this purpose, 
we specifically examined proceedings of relevant conferences, websites 
of key authors we identified, and websites of PA device vendors. Finally, 
non-relevant papers were excluded by removing Journal/Proceeding 
paper duplicates and by abstract scanning to determine whether the 
found papers match the scope of this review. Using the abstract, we 
excluded papers that did not apply deep learning, and those that did not 

Fig. 1. Overview of the literature review algorithm. First, potentially fitting 
papers are identified based on an initial search. The search results are com
plemented by adding additional papers found by other means than the search 
engines, and finally, non-relevant papers are excluded by removing duplicates 
and by abstract scanning. 
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match the scope of biomedical PAI. The remaining articles were sys
tematically examined by the authors using a questionnaire to stan
dardize the information that was to be extracted. While writing the 
paper, we continuously monitored the mentioned resources for new 
entries until the end of December 2020. 

In total, applying the search algorithm as detailed above, we iden
tified 83 relevant papers (excluding duplicates and related, but out-of- 
scope work) that have been published since 2017. 

3. General findings 

The application of deep learning techniques to the field of PAI has 
constantly been accelerating over the last three years and has simulta
neously generated a noticeable impact on the field. 

Topical foci. After categorization of the papers into the pre
determined four areas, the papers were arranged into thematic sub
categories (see Fig. 2). Papers related to the Acoustic Inverse Problem 
(Section 4) generally focus on the reconstruction of PA images from raw 
time-series pressure data but also related topics, such as dealing with 
limited-view or limited data settings, as well as the estimation of the 
speed of sound of tissue. The image post-processing (Section 5) category 
entails papers that deal with image processing algorithms that are being 
applied after image reconstruction. The aim of such techniques usually is 
to improve the image quality, for example by noise reduction or artifact 
removal. The three papers assigned to the optical inverse problem 
(Section 6) deal with the estimation of absolute chromophore concen
trations from PA measurements. Finally, papers dealing with semantic 
image annotation (Section 7) tackle use cases, such as the segmentation 
and classification of tissue types or the estimation of functional tissue 
parameters, such as blood oxygenation. 

Data. Data is key to successfully apply machine learning techniques 
to any given problem. We analyzed the usage of data in the reviewed 
papers and summarized the findings in Fig. 3. 

Training. The number of training data ranged from 32 to 286,300 
samples with a median number of training samples of 2000. As evident 
from these findings, one of the core bottlenecks of the application of 
deep learning algorithms to PAI is the lack of reliable experimental 
training data. This can in particular be caused by a lack of ground truth 
information on the underlying optical tissue properties or the underlying 
initial pressure distribution when acquiring experimental measure
ments. To address this issue, researchers make heavy use of simulated 
data and as a matter of fact, approximately 65% of papers relied 
exclusively on these for training the neural network. Table 1 shows the 
distribution of papers that use experimental data. The table shows that 
the lack of experimental training data is particularly emphasized for the 
optical and acoustic inverse problem. In contrast to the other tasks, 
where manual image annotations can be used as a ground truth 

reference, the underlying initial pressure distribution or optical tissue 
properties are generally not known in experimental settings. We have 
identified three main strategies for generating synthetic training data in 
this review: random, model-based, and reference-based data generation:  

1. Random data generation. The first and simplest strategy generates 
data by creating completely random distributions of the optical and 
acoustic properties that are necessary for the simulation framework 
[57]. Here, usually, a Gaussian distribution of the parameters in 
question is assumed and no dedicated structures are added to the 
data.  

2. Model-based data generation. Training data is created by defining 
geometrical structures that are assigned optical and acoustic prop
erties according to a hand-crafted model [58]. Such a model might 
include literature references e.g. for the size, shape, and properties of 
typical absorbers in tissue. For the generation of training data, many 
different instances of the model are created that all yield different 
distributions of chromophores.  

3. Reference-based data generation. For the reference-based approach, 
reference images of different imaging modalities are taken as the 
basis for data generation [59]. They are processed in a way that al
lows for their direct usage to either create distinct segmentation 
patterns of, for example, vessels or as the initial pressure distribution 
for subsequent acoustic forward modeling. 

Naturally, researchers also utilized combinations of these ap
proaches, including training on a large data set of simulated data and 
utilizing a smaller experimental data set to adjust the neural network to 
the experimental data distribution in a process called transfer learning 
[59,60]. 

Testing. In the field of medical imaging, only few prospective studies 
warrant reliable insights into the fidelity of deep learning methods [54]. 
One of the major problems is that algorithms are not directly usable by 
clinicians due to technical or bureaucratic limitations [61]. Given the 
fact that most approaches use simulated data to train their algorithms, 
there is a high probability that many of the presented algorithms – while 
yielding superb results on the publication data – could fail in a clinical 
scenario. This can be attributed to the fact that training data can suffer 
from several shortcomings compared to the data distribution in reality, 
such as a significant difference in the data (domain gap) [62], an 
insufficient number of samples (sparsity) [63], or a selection bias [64]. 
Fig. 3 shows that in PAI 50% of papers tested their deep learning ap
proaches on multiple data sets that are significantly different from the 
training data distribution. Nearly all of these papers test their ap
proaches on experimental data, and about 35% of the examined papers 
test on in vivo data. 

Neural network architectures. Convolutional neural networks 

Fig. 2. Overview over the topical foci of current research towards applying deep learning algorithms to problems in biomedical PAI.  
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(CNNs) [65] are currently the state-of-the-art method in deep 
learning-based PAI. Here, especially the U-Net [66] architecture is 
highly popular and has been used or compared to in most of the 
reviewed papers. 

Table 2 shows the frequency of the main model architecture 
employed in each paper. It should be noted that often modified versions 
of the base architectures have been used to specifically fit the target 
application or to encompass novel ideas. 

Simulation frameworks. Given the necessity to create synthetic 
data sets for algorithm training, it is crucial to realistically simulate the 
physical processes behind PAI. To this end, we have identified several 
eminent open-source or freely available frameworks that are being uti
lized in the field and briefly present five of them here:  

1) The k-Wave [39] toolbox is a third-party MATLAB toolbox for the 
simulation and reconstruction of PA wave fields. It is designed to 
facilitate realistic modeling of PAI including the modeling of detec
tion devices. As of today, it is one of the most frequently used 
frameworks in the field and is based on a k-space pseudo-spectral 
time-domain solution to the PA equations.  

2) The mcxyz [67] simulation tool uses a Monte Carlo model of light 
transport to simulate the propagation of photons in heterogeneous 
tissue. With this method, the absorption and scattering properties of 
tissue are used to find probable paths of photons through the me
dium. The tool uses a 3-dimensional (3D) Cartesian grid of voxels and 
assigns a tissue type to each voxel, allowing to simulate arbitrary 
volumes.  

3) The Monte Carlo eXtreme [68] (MCX) tool is a graphics processing 
unit (GPU)-accelerated photon transport simulator. It is also based 
on the Monte Carlo model of light transport and supports the simu
lation of arbitrarily complex 3D volumes using a voxel domain, but is 
also capable of simulating photon transport for 3D mesh models (in 
the MMC version). Its main advantage is the support of GPU accel
eration using a single or multiple GPUs.  

4) The NIRFAST [69] modeling and reconstruction package was 
developed to model near-infrared light propagation through tissue. 
The framework is capable of single-wavelength and 
multi-wavelength optical or functional imaging from simulated and 
measured data. It recently integrated the NIRFAST optical compu
tation engine into a customized version of 3DSlicer.  

5) The Toast++ [70] software suite consists of a set of libraries to 
simulate light propagation in highly scattering media with hetero
geneous internal parameter distribution. Among others, it contains 
numerical solvers based on the finite-element method, the discon
tinuous Galerkin discretization scheme, as well as the boundary 
element method. 

4. Acoustic inverse problem 

The acoustic inverse problem refers to the task of reconstructing an 
image of the initial pressure distribution from measured time-series 
pressure data. Reconstructing a PA image from time-series data consti
tutes the main body of work, either by enhancing existing model-based 
approaches (39% of papers) or by performing direct image reconstruc
tion (39% of papers). Furthermore, auxiliary tasks are being examined as 
well, such as the localization of wavefronts from point sources (13% of 
papers) and the estimation of the speed of sound of the medium (9% of 
papers). Information on these parameters is important to achieve 
optimal image reconstruction, thereby enhancing the image quality and 
improving the image’s usefulness in clinical scenarios. The evaluation 
metrics that were used to assess the quality of the reconstruction results 
and their relative frequencies are shown in Table 3. 

In total, we identified 23 papers that tackle the acoustic inverse 
problem, all of which use simulated PA data for training. Surprisingly, 
approximately 43% of papers presented results on experimental data 
either using phantoms or in vivo (animal or human) measurements. In 
the following, we summarize the literature partitioned into the already 
mentioned sub-topics: deep learning-enhanced model-based image 

Fig. 3. Analysis of the data used in the reviewed papers. (a) The distribution of the number of samples in the training data set, (b) the percentage of papers working 
with synthetic or experimental training data, (c) the percentage of papers that tested their approaches on multiple data sets including test data from a data dis
tribution different than the training data and (d) how many papers tested their approach on real data. 

Table 1 
Overview of the findings for training and test data used in the reviewed papers. 
The table shows the absolute and relative number of papers that use experi
mental data for testing or for training.  

Problem Exp. test data Exp. train data 

Acoustic inverse problem 10 (43%) 1 (4%) 
Image post-processing 23 (79%) 14 (48%) 
Optical inverse problem 1 (33%) 1 (33%) 
Semantic image annotation 14 (54%) 11 (42%)  

Table 2 
The frequency of the main deep learning architec
ture that was used in each paper. CNN = Con
volutional neural network; FCNN = fully-connected 
neural network; ResNet = residual neural network; 
DenseNet = dense neural network; RNN = recur
rent neural network; INN = invertible neural 
network.  

Architecture Frequency 

U-Net 43 (52%) 
CNN 18 (22%) 
FCNN 9 (11%) 
ResNet 5 (6%) 
DenseNet 3 (4%) 
RNN 1 (1%) 
INN 1 (1%) 
Other 3 (4%)  
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reconstruction, direct image reconstruction, point source localization, 
and speed of sound estimation. 

4.1. Deep learning-enhanced model-based image reconstruction 

The central idea is to leverage the flexibility of deep learning to 
enhance already existing model-based reconstruction algorithms [71, 
72], by introducing learnable components. To this end, Schwab et al. 
[73] proposed an extension of the weighted universal back-projection 
algorithm. The core idea is to add additional weights to the original 
algorithm, with the task of the learning algorithm then being to find 
optimal weights for the reconstruction formula. By learning the weights, 
the authors were able to reduce the error introduced from limited view 
and sparse sampling configurations by a factor of two. Furthermore, 
Antholzer et al. [74,75] and Li et al. [76] leveraged neural networks to 
learn additional regularization terms for an iterative reconstruction 
scheme. Hauptmann et al. [59] demonstrated the capability for CNNs to 
perform iterative reconstruction by training a separate network for each 
iteration step and integrating it into the reconstruction scheme. The 
authors showed that since their algorithm was trained on synthetic data, 
several data augmentation steps or the application of transfer learning 
techniques were necessary to achieve satisfactory results. Finally, Yang 

et al. [77] demonstrated the possibility to share the network weights 
across iterations by using recurrent inference machines for image 
reconstruction. 

Key insights: An interesting insight shared in one of the papers by 
Antholzer et al. [74] was that model-based approaches seem to work 
better for “exact data”, while deep learning-enhanced methods outper
form purely model-based approaches on noisy data. This makes the 
application of deep learning techniques very promising for the typically 
noisier and artifact-fraught experimental data [49,78]. On the other 
hand, currently employed deep learning models do not seem to gener
alize well from simulated to experimental data as evident from the fact 
that only 43% of papers tested their method on experimental data (cf. 
Table 1). Ideally, the algorithms would have to be trained on experi
mental data. 

4.2. Direct image reconstruction 

The principal idea of direct image reconstruction with deep learning 
is to reconstruct a photoacoustic image directly from the time series 
data. In addition to the time series data, some approaches also use hand- 
crafted features or reference reconstructions obtained from a conven
tional reconstruction algorithm for regularization. An overview of these 
principle ideas is summarized in Fig. 4. 

The first approaches to direct image reconstruction with CNNs were 
proposed in 2018 by Waibel et al. [42] and Anas et al. [79]. Modified 
U-Net architectures were used by Waibel et al. [42] and Lan et al. [80] to 
estimate the initial pressure distribution directly from time-series pres
sure data, whereas Anas et al. [79] used a CNN architecture with dense 
blocks. Furthermore, Lan et al. [81–83] proposed a method based on a 
generative adversarial network [84] approach that – in addition to 
time-series data – also uses a reconstructed PA image as additional in
formation to regularize the neural network. Guan et al. [85] compared 
implementations of all these techniques to assess their merit in brain 
imaging within a neurological setting. They compared an algorithm that 
directly estimates the reconstructed image from time-series data, a 
post-processing approach, as well as a custom approach with 
hand-rafted feature vectors for the model. Their results show that adding 
additional information improves the quality of the reconstructed image, 
that iterative reconstruction generally worked best for their data, and 
that deep learning-based reconstruction was faster by 3 orders of 
magnitude. Kim et al. [86] propose a method that uses a 
look-up-table-based image transformation to enrich the time series data 

Table 3 
Listing of the metrics that were reported in the 
literature to evaluate the quality of the image 
reconstruction. PSNR = Peak signal-to-noise ratio; 
SSIM = structural similarity; MSE = mean squared 
error; SNR = signal-to-noise ratio; MAE = mean 
absolute error; RMSE = root mean squared error; 
FWHM = full width at half maximum; CC = corre
lation coefficient.  

Metric Frequency 

PSNR 12 (52%) 
SSIM 9 (39%) 
Relative MSE 5 (22%) 
SNR 4 (17%) 
MAE 4 (17%) 
Relative MAE 3 (13%) 
MSE 2 (9%) 
RMSE 1 (4%) 
FWHM 1 (4%) 
CC 1 (4%)  

Fig. 4. Visualization of the principal approaches to deep learning-based PA image reconstruction. The time-series data is either given directly to a neural network, or 
after preprocessing steps, such as reference reconstructions or the calculation of hand-crafted feature maps. The goal of the reconstruction is to estimate the un
derlying initial pressure distribution. 
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before image reconstruction with a U-Net. With this method they are 
able to achieve convincing reconstruction results both on phantom and 
in vivo data sets. 

Key insights: In contrast to deep learning-enhanced model-based 
reconstruction, direct deep learning reconstruction schemes are 
comparatively easy to train and most of the papers utilize the U-Net as 
their base architecture. In several works it was demonstrated that the 
infusion of knowledge by regularizing the network with reference re
constructions or additional data from hand-crafted preprocessing steps 
led to very promising results [81,82], generalizing them in a way that 
led to first successes on in vivo data. Considering that deep 
learning-based image reconstruction outperforms iterative reconstruc
tion techniques in terms of speed by orders of magnitude (the median 
inference time reported in the reviewed papers was 33 ms), it is safe to 
say that these methods can be a promising avenue of further research. It 
has to be noted that, especially in terms of robustness and 
uncertainty-awareness, the field has much room for improvement. For 
example, Sahlström et al. [44] have modeled uncertainties of the 
assumed positions of the detection elements for model-based image 
reconstruction, but no comparable methods were applied in deep 
learning-based PAI as of yet. 

4.3. Point source localization 

The localization of the spatial position of point sources from time- 
series PA measurements was identified as a popular sub-task concern
ing PA image reconstruction. An algorithm for this could for example be 
used for the automatic detection and localization of point absorbers, 
such as needle tips, in a PA image. The general idea is to take time-series 
data to either regress numerical values for the pixel coordinates of the 
sources of the wavefronts or to output a two-dimensional map of the 
possible source locations (see Fig. 5). 

To this end, Reiter et al. [87] presented an approach that uses a CNN 
to transform the time-series data into an image that identifies the 
2-dimensional (2D) point localization of the wavefront origin. They 
further use this approach to distinguish between signals and artifacts in 
time-series data. Johnstonbaugh et al. [88] also use a CNN in an 
encoder-decoder configuration to reconstruct the PA signal into an 
image containing a single point source. A similar architecture proposed 
by the same group [89] is also used to process the time-series data and 
output cartesian coordinates of the point source location. 

Key insights: Similar to the deep learning-based direct reconstruction 
methods, methods for point source localization are exceptionally easy to 
train and can even be trained on in vitro experimental data. This ease of 
accessibility made this task the first application of deep learning in PAI 
[87]. However, the integrability of these methods into clinical practice 
and their future impact beyond certain niche applications is question
able because in vivo scenarios do typically not exclusively consist of 

point sources but comprise a very complex and heterogeneous distri
bution of chromophores. 

4.4. Speed of sound estimation 

A correct estimate of the speed of sound within the medium is an 
important constituent to successful image reconstruction. We identified 
two papers that explicitly incorporated the estimation of the speed of 
sound into their reconstruction. Shan et al. [90] used a CNN to recon
struct the initial pressure distribution as well as the speed of sound 
simultaneously from the time-series data and Jeon et al. [91] trained a 
U-Net to account for the speed of sound aberrations that they artificially 
introduced to their time-series data. 

Key insights: Automatically integrating estimates of the speed of 
sound into the image reconstruction algorithm can substantially 
enhance image quality and hence is an interesting direction of research. 
Nevertheless, the formulation of a corresponding optimization problem 
is inherently difficult, as it is not straightforward to assess the influence 
of a speed of sound mismatch on a reconstruction algorithm. Further
more, the validation of these methods is difficult, as there typically is no 
in vivo ground truth available. 

5. Image post-processing 

Being a comparatively young imaging modality, PAI still suffers from 
distinct artifacts [49]. These can have multiple origins and are primarily 
caused by hardware limitations such as light absorption in the trans
ducer membrane or fluctuations in the pulse laser energy [78]. Other 
issues can also lead to decreased image quality, such as under-sampling 
or limited-view artifacts, as well as other influences such as motion ar
tifacts or artifacts specific to the reconstruction algorithm (see Fig. 6). 
Research in the field of using post-processing algorithms can broadly be 
divided into two main areas: the elimination of artifacts (Section 5.1) 
which mostly encompass systematic error sources and the enhancement 
of image quality (Section 5.2) which is lost mainly through stochastic 
error sources. 

The evaluation metrics that were used to assess the quality of the 
post-processing results and their relative frequencies are shown in 
Table 4. 

5.1. Artifact removal 

One principal approach to speed up image reconstruction is to use 
sparse data that only contains a fraction of the available time-series data. 
While this potentially leads to a significant increase in reconstruction 
speed, it comes with a cost in form of the deterioration of the image 
quality and the introduction of characteristic under-sampling artifacts. 
Several groups [92–99] have shown that a large portion of these artifacts 

Fig. 5. Approaches for point source localization use time-series data as input to estimate either the pixel coordinates of the point of origin of the pressure wave or a 
heat map containing the probability of the source being in a certain location of the image. 
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can be recovered using deep learning techniques. A core strength of such 
approaches is that experimental PA data can be utilized for training, by 
artificially undersampling the available channels and training the al
gorithm to predict the reconstructions from (1) full data, (2) sparse data, 
or (3) limited-view data [100–106]. 

Reflection artifact can be introduced by the presence of acoustic 
reflectors in the medium (for example air). Allman et al. [107] showed 
that deep learning can be used to distinguish between artifacts and true 
signals and Shan et al. [108] demonstrated that the technology is also 
capable of removing such artifacts from the images. Furthermore, Chen 
et al. [109] introduced a deep learning-based motion correction 
approach for PA microscopy images that learns to eliminate 
motion-induced artifacts in an image. 

Key insights: For limited-view or limited-data settings, experimental 
training data can easily be created by artificially constraining the 
available data, for example, by under-sampling the number of available 
time series data. On the other hand, for the task of artifact removal, it 
can be comparatively difficult to train models on in vivo experimental 
settings for different sources of artifacts. This is, because artifacts can 
have various origins and are also dependent on the specific processing 
steps. Nevertheless, impressive results of the capability of learning al
gorithms to remove specific artifacts were demonstrated. 

5.2. Image quality enhancement 

The quality and resolution of PA images are also limited by several 
other factors including the limited bandwidth of PA detectors, the in
fluence of optical and acoustic scattering, the presence of noise due to 
the detection hardware, and fluctuations in the laser pulse-energy. 

To remedy this, Gutta et al. [110] and Awasthi et al. [111] proposed 
methods that aim to recover the full bandwidth of a measured signal. 

This is achieved by obtaining pairs of full bandwidth and limited 
bandwidth data using simulations that are used to train a neural 
network. Since experimental systems are always band-limited, the au
thors of these works rely on the presence of simulated data. On the other 
hand, more classical deep learning-based super-resolution algorithms 
were proposed by Zhao et al. [112,113] to enhance the resolution of PA 
devices in the context of PA microscopy. For training of super-resolution 
approaches, the authors are theoretically not restricted by the domain of 
application and as such can also use data from sources unrelated to PAI. 
In a similar fashion, Rajendran et al. [114] propose the use of a 
fully-dense U-Net architecture to enhance the tangential resolution of 
measurements acquired with circular scan imaging systems. To this end, 
they use simulated data for training of the algorithm and test their 
approach on experimental data in vivo. 

Several approaches have been proposed to enhance the image 
quality by improving the signal-to-noise ratio of image frames acquired 
with low energy illumination elements, such as LED-based systems. This 
has generally been done using CNNs to improve a single reconstructed 
image, for example by Vu et al. [115], Singh et al. [116], Anas et al. 
[117], Sharma et al. [118], Tang et al. [119], and Hariri et al. [120] or 
by using a neural network to fuse several different reconstructions into a 
higher-quality version, as proposed by Awasthi et al. [121]. 

Key insights: For the enhancement of image quality, common deep 
learning tasks from the field of computer vision [122] can be translated 
to PA images relatively easily, as the algorithms are usually astonish
ingly straightforward to train and validate. We believe that applying 
well-established methods from fields adjacent to PAI can be of excellent 
benefit to the entire field. 

6. Optical inverse problem 

The optical inverse problem is concerned with estimating the optical 
tissue properties from the initial pressure distribution. The first method 
proposed to solve this inverse problem was an iterative reconstruction 
scheme to estimate the optical absorption coefficient [50]. Over time, 
the iterative inversion schemes have become more involved [123] and 
Buchmann et al. [45] achieved first successes towards experimental 
validation. Recently, data-driven approaches for the optical inverse 
problem have emerged, including classical machine learning [52] as 
well as deep learning approaches. A tabulated summary of the identified 
papers can be found in Table 5. 

For the identified deep learning-based approaches, the key objective 
is to estimate the optical absorption coefficients and subsequently the 
absolute concentrations of chromophores from the initial pressure dis
tribution (see Fig. 7). 

Cai et al. [57] trained a U-Net with residual blocks to estimate the 
absolute concentration of indocyanine green (ICG) alongside the relative 
ratio of Hb and HbO2. To this end, they simulated random smoothed 
maps of optical tissue properties for training and tested their approach 
on several simulated data sets, including one created from a digital 
mouse model [126]. Gröhl et al. [124] trained a total of four U-Net 
models to estimate fluence and optical absorption from the initial 
pressure distribution as well as directly from time-series pressure data. 

Fig. 6. Post-processing techniques are tasked to improve the image quality of a reconstructed PA image. The image quality can be reduced by many factors including 
under-sampling, limited-view artifacts, low laser energy, or the presence of motion during the measurement. 

Table 4 
Listing of the metrics that were reported in the 
literature to evaluate the quality of the post pro
cessed images. SSIM = Structural similarity; PSNR =
peak signal-to-noise ratio; MSE = mean squared 
error; SNR = signal-to-noise ratio; CNR = contrast- 
to-noise ratio; MAE = mean absolute error; RMSE 
= root mean squared error; PCC = Pearson corre
lation coefficient; EPI = edge preserving index; NCC 
= normalized correlation coefficient.  

Metric Frequency 

SSIM 21 (72%) 
PSNR 19 (66) 
MSE 6 (21%) 
SNR 6 (21%) 
CNR 5 (17%) 
MAE 3 (10%) 
Relative MSE 3 (10%) 
RMSE 3 (10%) 
PCC 2 (7%) 
EPI 1 (3%) 
NCC 1 (3%)  
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They also presented a method to estimate the expected error of the 
inversion, yielding an indicator for the model uncertainty. Their 
approach was trained and tested on simulated data, which contained 
tubular structures in a homogeneous background. Finally, Chen et al. 
[125] trained a U-Net to directly estimate optical absorption from 
simulated images of initial pressure distribution. They trained and tested 
their model on synthetic data comprising geometric shapes in a homo
geneous background, as well as another model on experimental data 
based on circular phantom measurements. 

Key insights: Model-based methods to tackle the optical inverse 
problem suffer from the fact that many explicit assumptions have to be 
made that typically do not hold in complex scenarios [52]. With 
data-driven approaches, many of these assumptions are only implicitly 

made within the data distribution, leaving room for a substantial 
improvement. Obtaining ground truth information on the underlying 
optical tissue properties in vivo can be considered impossible and is 
exceptionally involved and error-prone even in vitro [124]. As such, 
there has been no application yet to in vivo data, leaving the optical 
inverse problem as one of the most challenging problems in the field of 
PAI, which is reflected by the comparatively low amount of published 
research on this topic. 

7. Semantic image annotation 

While the topical areas until now have mostly considered PA data at 
a single wavelength, the power of PAI for clinical use cases lies in its 

Table 5 
Tabulated overview of the identified literature regarding the optical inverse problem. The table shows the publication, the base network architecture, the range of 
absorption and scattering parameters used for the training data, and the type of data that the approach was validated with.  

Publication Base architecture Target μa [cm− 1] Background μa [cm− 1] Background μ′

s [cm− 1]  Validation data 

Cai et al. [57] U-Net with residual blocks N/A 0.2–0.4 5–10 In silico 
Gröhl et al. [124] U-Net 2–10 Const. 0.1 Const. 1.5 In silico 
Chen et al. [125] U-Net 0.1–2 0.1–0.4 Const. 10 In vitro  

Fig. 7. To solve the optical inverse problem, a neural network is tasked to estimate the underlying optical tissue parameters, primarily the optical absorption co
efficient, from the initial pressure distribution p0. 

Fig. 8. For semantic tissue annotation (typically multispectral) PA measurements are used as the input and the algorithm is tasked to estimate the desired pa
rameters, such as tissue oxygenation or segmentation maps of different tissue types. The black color in the oxygenation estimation denotes areas where oxygenation 
values cannot be computed. 
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ability to discern various tissue properties through analysis of the 
changes in signal intensity over multiple wavelengths (see Fig. 8). This 
allows for the estimation of functional tissue properties, especially blood 
oxygenation (Section 7.1), but also for the classification and segmen
tation (Section 7.2) of tissues and tissue types. 

7.1. Functional property estimation 

The estimation of local blood oxygenation sO2 is one of the most 
promising applications of PAI. In principle, information on the signal 
intensities of at least two wavelengths are needed to unmix the relative 
signal contributions of oxyhemoglobin HbO2 and deoxyhemoglobin Hb: 
sO2 =HbO2/(HbO2 +Hb). For PAI, wavelengths around the isosbestic 
point (≈800 nm) are commonly chosen for this task. Because linear 
unmixing should not directly be applied to the measured signal in
tensities due to the non-linear influence of the fluence, a lot of work has 
been conducted to investigate the applicability of neural networks to 
tackle this problem. Due to the unavailability of ground truth oxygen
ation information, the networks are currently being trained exclusively 
on simulated data. The problem was approached using fully-connected 
neural networks [58] as well as CNNs [127]. 

The use of feed-forward fully-connected neural networks was 
demonstrated by Gröhl et al. [58] to be capable to yield accurate 
oxygenation estimations in silico from single-pixel p0 spectra. In addi
tion, it was demonstrated that the application of the method to experi
mental in vitro and in vivo data yielded plausible results as well. This was 
also confirmed in an in silico study by Nölke et al. [128] using invertible 
neural networks, showing that using multiple illumination sources can 
potentially resolve ambiguity in the sO2 estimates. Olefir et al. [129] 
demonstrated that introducing prior knowledge to the oxygenation 
estimation can improve performance. Specifically, the authors intro
duced two sources of information for regularization. On the one hand, 
they introduced fluence eigenspectra which they obtained from simu
lated data and on the other hand, they also estimated their results based 
on spectra from a larger patch of tissue thus introducing spatial regu
larization. They demonstrated the applicability of the method to in vitro 
and in vivo data in several experiments. 

To make full use of the spatial context information, CNNs were 
employed to estimate blood oxygenation using the spectra of entire 2D 
images rather than single-pixel spectra. This was demonstrated by Yang 
et al. [130,131], Luke et al. [132], and Hoffer-Hawlik et al. [133]. 
Furthermore, Bench et al. [127] showed the feasibility to estimate 
oxygenation from multispectral 3D images. It has to be noted that there 
exists a trade-off regarding the spatial extent and number of voxels of the 
input images and the number of training images that can feasibly be 
simulated for algorithm training. The approaches demonstrate the 
feasibility of using CNNs for estimating oxygenation with high accuracy 
(for reported values in the publication see Table 6), however, a suc
cessful application of these methods in vitro or in vivo has not yet been 
shown, which is most probably caused by the large domain gap between 
simulated and experimental PA images. 

The estimation of other functional tissue properties has also been 
investigated, such as the detection and concentration estimation of 
glucose by Ren et al. [134] and Liu et al. [135], the size of fat adipocytes 
by Ma et al. [136], as well as the unmixing of arbitrary chromophores in 
an unsupervised manner by Durairaj et al. [137]. 

Key insights: The estimation of functional tissue properties is closely 
related to the optical inverse problem, as functional properties can be 
derived from the optical properties of the tissue. But the direct estima
tion of the desired properties without quantification of the optical 
properties in an intermediate step is very popular. One reason for this is 
that there exist reference methods that can measure the functional 
properties and can be used to validate the results [129]. This potentially 
also enables training an algorithm on experimental data, when using 
reference measurements as the ground truth. Taking the estimation of 
tissue oxygenation as an example showcases the potential rewards of 

comprehensively solving this family of problems, as it would enable a lot 
of promising applications, such as oxygen-level specific dosimetry in 
radiotherapy [138] or cancer type classification based on local varia
tions in blood oxygenation in the tumor’s microenvironment [139]. 

7.2. Tissue classification and segmentation 

Multispectral image information can also be used to differentiate 
between different tissue types or to identify and detect tissue pathol
ogies. In such cases, strategies for dataset curation differ depending on 
the use case but using experimental datasets is possible with manual 
data annotation. In the work of Moustakidis et al. [140] in vivo images of 
a raster-scan optoacoustic mesoscopy (RSOM) system were utilized to 
automatically differentiate between different skin structures, while Lafci 
et al. [141] used neural networks to segment the entire imaged object. 
Furthermore, Nitkunanantharajah et al. [142] used deep learning to 
automatically differentiate photoacoustic nailfold images from patients 
with systemic sclerosis and from a healthy control group, Wu et al. [143] 
imaged ex vivo tissue samples to monitor lesion formation during 
high-intensity focused ultrasound (HIFU) therapy, and Jnawali et al. 
[144–146] also analyzed ex vivo tissue to differentiate cancer tissue from 
normal tissue in pathology samples. 

On the other hand, we identified several papers that used simulated 
data to train their networks. Typically, simulations of acoustic waves are 
conducted using pre-processed images of a different modality, such as 
CT images, and treating the intensity distribution as the initial pressure 
distribution. This was done by Zhou et al. [147] to investigate the 
feasibility to differentiate healthy bone tissue from pathologies such as 
hyperosteogeny and osteoporosis. Further work by Zhang et al. [148] 
also examined the feasibility of DL-based breast cancer classification, 
Lin et al. [149] investigated the feasibility of endometrial cancer 
detection, and several groups including Zhang et al. [150], Luke et al. 
[132], Chlis et al. [151], and Boink et al. [152] examined the segmen
tation of blood vessels. Finally, Allman et al. [153] conducted feasibility 
experiments that demonstrated the capability of neural networks to 
automatically segment needle tips in PA images. Yuan et al. [154] 
proposed an approach for vessel segmentation based on manually an
notated images of mouse ear measurements, achieving best results with 
a hybrid U-Net/Fully CNN architecture and Song et al. [155] used a 
classification algorithm for the detection of circulating melanoma tumor 
cells in a flow cytometry setup. 

Key insights: Semantic image annotation enables intuitive and fast 
interpretation of PA images. Given the number of potential applications 
of PAI, we believe that semantic image annotation is a promising future 
research direction. Because the modality is comparatively young, high- 

Table 6 
Overview of some of the reported errors on sO2 estimation. Standard deviations 
or interquartile ranges (IQR) are shown if reported. It has to be noted that the 
used metrics as well as the conventions which pixels the error metrics are 
calculated on vary drastically between papers. As such the numbers are not 
directly comparable. For more detailed results, please refer to the linked papers. 
MedRE = Median relative error; MedAE = median absolute error; MRE = mean 
relative error; MAE = mean absolute error; RSME = root mean squared error; 
*depending on dataset.  

Publication Reported sO2 estimation error 

Bench et al. [127] 4.4% ± 4.5% MAE 
Cai et al. [57] 0.8% ± 0.2% MRE 
Gröhl et al. [58] 6.1% MedRE, IQR: [2.4%, 18.7%] 
Hoffer-Hawlik et al.  

[133] 
RSME consistently below 6% 

Luke et al. [132] 5.1% MedAE at 25dB SNR 
Olefir et al. [129] 0.9%, IQR [0.3%, 1.9%] to 2.5%, IQR [0.5%, 3.5%] 

MedAE* 
Yang et al. [131] 1.4% ± 0.2% MRE 
Yang and Gao [130] 4.8% ± 0.5% MAE 
Nölke et al. [128] 2%, IQR [0%, 4%] to 9%, IQR [3%, 19%] MedAE*  
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quality reference data for algorithm training that are annotated by 
healthcare professionals are very rare. Furthermore, the cross-modality 
and inter-institutional performance of PAI devices has to our knowledge 
not been examined as of yet. This makes validation of the proposed al
gorithms in vivo difficult, as reflected by some of the presented work. As 
discussed throughout this review, the image quality of photoacoustic 
(PA) images relies heavily on the solutions to the acoustic and optical 
inverse problems. This potentially introduces difficulties for manual 
data annotation and thus makes it more difficult to integrate developed 
methods into clinical practice. 

8. Discussion 

The clinical translation of deep learning methods in PAI is still in its 
infancy. Even though many classical image processing tasks, as well as 
PA-specific tasks, have already been tackled using deep learning tech
niques, vital limitations remain. For instance, many researchers resort to 
simulated data due to the lack of high-quality annotated experimental 
data. Accordingly, none of the proposed techniques were validated in a 
large-scale clinical PAI study. In this section we will discuss the chal
lenges for clinical translation of deep learning methods in PAI and will 
conclude by summarizing the key findings of this review. 

The challenges of clinical translation of spectroscopic optical imag
ing techniques have previously been extensively examined by Wilson 
et al. [156]. While their work focused primarily on the general chal
lenges and hurdles in translating biomedical imaging modalities into 
clinical practice, in this review, we focused on the extent to which the 
application of deep learning in particular could facilitate or complicate 
the clinical integration of PAI. To this end, we have summarized 
important features that a learning algorithm should fulfill, based on the 
findings in other literature [156–158]: 

Generalizability. In general, training data must be representative of 
the data encountered in clinical practice to avoid the presence of biases 
[159] in the trained model. The acquisition of high-quality experimental 
data sets in PAI is extremely problematic due to, for example, the high 
intra-patient signal variability caused by changes in local light fluence, 
the small amount of clinically approved PAI devices, and the lack of 
reliable methods to create ground truth annotations. 

The lack of experimental data can be attributed to the comparative 
youth of PAI, but also to the fact that semantic information for images is 
only available via elaborate reference measurement setups or manual 
data annotations, which are usually created by healthcare professionals. 
But even in commonplace imaging modalities like computed tomogra
phy (CT) or magnetic resonance imaging (MRI), high-quality annota
tions are extremely costly, time-consuming and thus sparse compared to 
the total number of images that are taken. Finally, annotations of optical 
and acoustic properties are intrinsically not available in vivo, as there 
currently exist no gold standard methods to non-invasively measure, for 
example, optical absorption, optical scattering, or the speed of sound. 

To account for the lack of available experimental data, approxi
mately 65% of models were trained on simulated photoacoustic data. 
This practice has led to many insights into the general applicability and 
feasibility of deep learning-based methods. But methods trained purely 
on simulated data have shown poor performance when being applied to 
experimental data. Systematic differences between experimental PA 
images and those generated by computational forward models are very 
apparent. These differences are commonly referred to as the domain gap 
and can cause methods to fail on in vivo data despite thorough validation 
in silico, since deep learning methods cannot easily generalize to data 
from different distributions. Closing this gap can make the in silico 
validation of deep learning methods more meaningful. We see several 
approaches to tackle this problem:  

1. Methods to create more realistic simulations. This comprises the 
implementation of digital twins of the respective PA devices or the 
simulation of anatomically realistic geometric variations of tissue.  

2. Domain adaptation methods that are currently developed in the field 
of computer vision [122] could help translate images from the syn
thetic to the real PA image domain.  

3. Methods to refine the training process, such as extensive data 
augmentation specific for PAI, the weighting of training data [160], 
content disentanglement [161] or domain-specific architecture 
changes [81], as well as the tight integration of prior knowledge into 
the entire algorithm development pipeline [59]. 

A promising opportunity could lie in the field of life-long learning 
[162,163]. This field strives to develop methods that have the ability to 
continuously learn over time by including new information while 
retaining prior knowledge [164]. In this context, research is conducted 
towards developing algorithms that efficiently adapt to new learning 
tasks (meta-learning) [165] and can be trained on various different but 
related tasks (multi-task learning) [166]. The goal is to create models that 
can continue to learn from data that becomes available after deploy
ment. We strongly believe that the integration of such methods into the 
field of PAI can have exceptional merit, as this young imaging modality 
can be expected to undergo frequent changes and innovations in the 
future. 

Uncertainty estimation. We strongly believe that methods should 
be uncertainty-aware, since gaining insight into the confidence of deep 
learning models can serve to avoid blindly assuming estimates to be 
accurate [167,168]. The primary goal of uncertainty estimation 
methods is to provide the confidence interval for measurements, for 
example, by calculating the average and standard deviation over a 
multitude of estimation samples [169]. On the other hand, such metrics 
might not be sufficient and a current direction of research is to recover 
the full posterior probability distribution for the estimate given the 
input, which for instance enables the automatic detection of 
multi-modal posteriors [170]. Uncertainty estimation and Bayesian 
modeling of the inverse problems is an active field of research in PAI 
[44,171,172]. While a first simulation study [124] has demonstrated the 
benefits of exploiting uncertainty measures when using deep learning 
methods, the potential of this branch of research remains largely 
untapped. 

Out-of-distribution detection. A major risk of employing deep 
learning-based methods in the context of medical imaging can be seen in 
their potentially undefined behavior when facing out-of-distribution 
(OOD) samples. In these situations, deep learning-based uncertainty 
metrics do not have to be indicative of the quality of the estimate [173] 
and methods that identify OOD situations should be employed to avoid 
trusting wrong estimations. In the field of multispectral imaging, OOD 
metrics were used to quantify domain gaps between data that a deep 
learning algorithm was trained on and newly acquired experimental 
data [174,175]. We expect the investigation of well-calibrated methods 
for uncertainty estimation and the automatic detection of OOD scenarios 
to be integral towards the clinical translation of deep learning-based PAI 
methodologies. 

Explainability. The goal of the field of explainable deep learning is 
to provide a trace of the inference of developed algorithms [176]. The 
estimates of a deep learning algorithm should be comprehensible to 
domain experts in order to verify, improve, and learn from the system 
[177]. In combination with techniques for uncertainty estimation and 
OOD detection, we believe that the explainability of algorithms will play 
an important role in the future of deep learning-based algorithms for 
PAI, especially in the biomedical context. 

Validation. Thorough validation of methods is an integral part of 
clinical translation and as such plays a crucial role in the regulatory 
processes of medical device certification [156]. To this end, algorithms 
can be validated on several different levels, including in-distribution and 
out-of-distribution test data, as well as clinical validation in large-scale 
prospective studies [178]. However, there is a systematic lack of pro
spective studies in the field of medical imaging with deep learning [54], 
and to our knowledge, there have been no such prospective deep 
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learning studies in the field of PAI yet. Some of the most impressive 
clinical trials in the field to date include the detection of Duchenne 
muscular dystrophy [179] and the assessment of disease activity in 
Crohn’s disease [21]. At least half of the reviewed papers have validated 
their methods on experimental data, but only approx. 35% of papers 
have validated their methods on in vivo data and even less on human 
measurements. This further demonstrates the vast differences in 
complexity within data obtained from phantoms versus living organ
isms. We expect that before deep learning methods for PAI can reliably 
be used in a clinical context, much more pre-clinical work is needed to 
mature the proposed methodologies. 

Another crucial aspect that we noticed during this review is the 
difficulty to compare many of the reported results. This is partly due to 
the fact that no standardized metrics or common data sets have so far 
been established in the field. Furthermore, the developed algorithms are 
tested only on in-house data sets that are usually not openly accessible. 
We have high hopes that these problems can be mitigated to a certain 
extent by the ongoing standardization efforts of the PA community, as 
promoted by the International Photoacoustic Standardisation Con
sortium (IPASC) [180]. Amongst other issues, this consortium is work
ing on standardized methods to assess image quality and characterize 
PAI device performance, on the organization of one of the first 
multi-centric studies in which PA phantoms are imaged all across the 
globe, as well as a standardized data format that facilitates the 
vendor-independent exchange of PA data. 

Computational efficiency. Depending on the clinical use case, time 
can be of the essence (with stroke diagnosis being a prominent example 
[181]) and the speed of the algorithm can be considered an important 
factor. PAI is capable of real-time imaging [182–184] and the inference 
of estimates with deep learning can be exceptionally fast due to the 
massive parallelization capabilities of modern GPUs. The combination 
of these two factors can enable the real-time application of complex 
algorithms to PAI. In the reviewed literature, it was demonstrated that 
entire high-resolution 2D and 3D images can be evaluated in a matter of 
milliseconds [185]. In comparison to model-based methods, deep 
learning-based methods take a long time to train and fully optimize 
before they are ready to use. We believe that the drastic run-time per
formance increase could enable many time-critical applications of PAI 
that might otherwise remain unfeasible. 

Clinical workflow integration. Deep learning methods have 
already found success in several medical applications, especially in the 
field of radiology [178,186,187]. Nevertheless, we believe that the 
integrability of deep learning methods in PAI heavily depends on the 
target clinical use case. The deep learning algorithm needs to have a 
clear impact on clinical practice, for example in terms of benefits for 
patients, personnel, or the hospital. Furthermore, the methods need to 
be easy to use for healthcare professionals, ideally being intuitive and 
introducing no significant time-burdens. PAI is very promising for a 
multitude of clinical applications [188], which are mostly based on the 
differences in contrast based on local blood perfusion and blood oxygen 
saturation. To unleash to the full potential of PAI, the inverse problems 
need to be solved to gain quantitative information on the underlying 
optical tissue properties. Deep learning can potentially enable an accu
rate, reliable, uncertainty-aware, and explainable estimation of the 
biomarkers of interest from the acquired PA measurements and thus 
provide unique opportunities towards the clinical translation of PAI. 
Nevertheless, thorough validation of the developed methods constitutes 
an essential first step in this direction. 

8.1. Conclusion 

This review has shown that deep learning methods possess unique 
advantages when applied to the field of PAI and have the potential to 
facilitate its clinical translation in the long term. We analyzed the cur
rent state of the art of deep learning applications as pertaining to several 
open challenges in photoacoustic imaging: the acoustic and optical 

inverse problem, image post-processing, and semantic image 
annotation. 

Summary of findings:  

• Deep learning methods in PAI are currently still in their infancy. 
While the initial results are promising and encouraging, prospective 
clinical validation studies of such techniques, an integral part of 
method validation, have not been conducted. 

• One of the core bottlenecks of the application of deep learning al
gorithms to PAI is the lack of reliable, high-quality experimental 
training data. For this reason, about 65% of deep learning papers in 
PAI rely on simulated data for supervised algorithm training.  

• A commonly used workaround to create suitable experimental 
training data for image post-processing is to artificially introduce 
artifacts, for example, by deliberately using less information for 
image reconstruction.  

• Because the underlying optical tissue properties are inherently 
difficult to measure in vivo, data-driven approaches towards the op
tical inverse problem have primarily relied on the presence of high- 
fidelity simulated data and have not yet successfully been applied in 
vivo. 

• While direct image reconstruction with deep learning shows excep
tional promise due to the drastic speed increases compared to model- 
reconstruction schemes, deep learning methods that utilize addi
tional information such as reconstructions from reference methods or 
hand-crafted feature vectors have proven much more generalizable.  

• Nearly 50% of papers test the presented methods on simulated data 
only and do not use multiple test sets that are significantly different 
from the training data distribution.  

• A successful application of oxygenation estimation methods using 
entire 2D or 3D images has not yet been shown in vitro or in vivo. This 
is most probably caused by the large domain gap between synthetic 
and experimental PA images.  

• Deep learning in PAI has considerable room for improvement, for 
instance in terms of, generalizability, uncertainty estimation, out-of- 
distribution detection, or explainability. 
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Abstract

Significance:Optical and acoustic imaging techniques enable noninvasive visualisation of struc-
tural and functional properties of tissue. The quantification of measurements, however, remains
challenging due to the inverse problems that must be solved. Emerging data-driven approaches
are promising, but they rely heavily on the presence of high-quality simulations across a range of
wavelengths due to the lack of ground truth knowledge of tissue acoustical and optical properties
in realistic settings.

Aim: To facilitate this process, we present the open-source simulation and image processing
for photonics and acoustics (SIMPA) Python toolkit. SIMPA is being developed according to
modern software design standards.

Approach: SIMPA enables the use of computational forward models, data processing algorithms,
and digital device twins to simulate realistic images within a single pipeline. SIMPA’s module
implementations can be seamlessly exchanged as SIMPA abstracts from the concrete implemen-
tation of each forward model and builds the simulation pipeline in a modular fashion. Furthermore,
SIMPA provides comprehensive libraries of biological structures, such as vessels, as well as optical
and acoustic properties and other functionalities for the generation of realistic tissue models.

Results: To showcase the capabilities of SIMPA, we show examples in the context of photo-
acoustic imaging: the diversity of creatable tissue models, the customisability of a simulation
pipeline, and the degree of realism of the simulations.

Conclusions: SIMPA is an open-source toolkit that can be used to simulate optical and acoustic
imaging modalities. The code is available at: https://github.com/IMSY-DKFZ/simpa, and all of
the examples and experiments in this paper can be reproduced using the code available at: https://
github.com/IMSY-DKFZ/simpa_paper_experiments.
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1 Introduction

Optical and acoustic imaging techniques enable real-time and noninvasive visualisation of
structural and functional tissue properties without exposing the patient to harmful ionizing
radiation. Nevertheless, the applicability of purely optical and acoustic imaging techniques
is limited, for example, by the low penetration depth of near-infrared spectroscopy1 or by the
difficulties of measuring functional tissue properties with ultrasound imaging.2 Furthermore,
quantitative measurements are challenging as the state-of-the-art model-based approaches to
solve the underlying inverse problems rely on assumptions that might not hold when applied
to in vivo measurements.

Data-driven approaches can be chosen to address these inverse problems. To this end, high-
quality well-annotated data are needed, for example, to train deep learning algorithms3–5 or to
optimize device design.6,7 In living subjects, the acquisition of such data is extremely difficult
because the underlying optical and acoustic tissue properties are generally not well known.8 As
such, for algorithm training, many researchers instead use simulated data, which are compara-
tively easy to obtain, have known underlying optical and acoustic properties, and can be used for
both algorithm training and validation.9–13 Nevertheless, the application of algorithms trained
exclusively on synthetic training data to experimental measurements is challenging due to sys-
tematic differences between synthetic and experimental data.14

Photoacoustic imaging (PAI) combines the advantages of optical and acoustic imaging by
exploiting the photoacoustic (PA) effect, resulting in optical contrast with scalable high spatial
resolution down to microns as a function of imaging depth, which can be up to several
centimeters.15 PAI enables the recovery of functional tissue properties, such as blood oxygen
saturation.16 To quantitatively recover such parameters, two inverse problems have to be solved:
the acoustic inverse problem, which constitutes the accurate and quantitative reconstruction of
the initial pressure distribution, and the optical inverse problem, which constitutes the quanti-
tative recovery of the optical absorption coefficient.8 To generate realistic PA simulations for the
purpose of training a data-driven method, all physical and computational aspects of signal for-
mation need to be considered;17 these include synthetic volume generation, photon propagation,
acoustic wave propagation, and image reconstruction.

In recent years, a heterogeneous software landscape has emerged with various open-source or
free-to-use tools to cover each of these physical and computational aspects. For example, for
volume generation, there exist open access resources, such as the Digimouse18 annotated digital
mouse phantom, digital breast phantoms (available at: https://github.com/DIDSR/VICTRE,
last visited March 22, 2022),19,20 and the multimodal imaging-based detailed anatomical model
of the human head and neck atlas MIDA.21 But usually, researchers use pseudorandom distri-
butions of light-absorbing molecules (chromophores) to create tissue-mimicking in silico
phantoms.13,22 For optical modeling of photon transport in tissue, numerous approaches have
been established; these focus in general either on (1) Monte Carlo methods including, for exam-
ple, mcxyz,23 MCX,24 or ValoMC,25 which uses a Monte Carlo approach to light transport to
simulate the propagation of photons in heterogeneous tissue, or (2) analytical methods to solve
the radiative transfer equation, including diffusion approximation or finite element solvers as
implemented in, for example, NIRFAST26 or Toast++.27 For acoustic modeling, there exists the
popular k-Wave28 toolbox, which is a third-party MATLAB toolbox for the simulation and
reconstruction of PAwave fields and is one of the most frequently used frameworks in the field.
For image reconstruction, there are many different approaches, including backprojection
algorithms,29–31 model-based algorithms,32,33 and fast Fourier transform-based reconstruction
algorithms.34,35

To navigate these tools and integrate them into a complete pipeline, the user must transform
the output of each toolkit into an appropriate form for input to the next36,37 or model the entire
process in a joint computational framework.38,39 Each step in assembling these pipelines can be
time-consuming or error-prone, especially including correct consideration of the physical quan-
tities and their units. They are typically limited to the toolkits that are currently integrated in their
respective framework and thus lack broad applicability to other simulators. Furthermore, a seam-
less exchange from, e.g., a finite element method optical forward simulator to a Monte Carlo
simulator is not straightforward in existing frameworks.
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To tackle these challenges, we developed the open-source simulation and image processing
for photonics and acoustics (SIMPA) Python toolkit, which features a modular design that allows
for easy exchange and combination of simulation pipeline elements. In its first version, the tool-
kit facilitates the simulation and processing of PA data and provides a straightforward way to
adapt a simulation to meet the specific needs of a given researcher or project. It can easily be
extended to support simulations corresponding to other optical and acoustic imaging modalities.
The core idea of the framework is to standardize the information flow between different com-
putational models by providing a central software architecture that abstracts from the individual
requirements of external libraries. SIMPA achieves this by defining abstract implementations of
the simulation steps based on adapters that can be implemented, such that specific toolkits can
easily be integrated into the SIMPA ecosystem. SIMPA is tested using both Windows (specifi-
cally Windows 10) and Linux (specifically Ubuntu 20.04) operating systems. Third-party tool-
kits are executed on the GPU by default if this is supported by the respective toolkit and a
compatible GPU is installed. Furthermore, SIMPA offers the possibility of exporting simulated
time-series data compliant to the data format proposed by the International Photoacoustic
Standardisation Consortium (IPASC).40

In this paper, we first outline the purpose and the software details of SIMPA in Sec. 2.
Here, we give an overview of the software development process, the software architecture, the
modeling of digital device twins, and computational tissue generation. Afterward, there is an
extensive simulation and image processing examples section (Sec. 3) in which we show the
possibilities that SIMPA offers. We demonstrate the modularity of SIMPA by showcasing the
results of example simulations including an overview of how parameter choices can affect
the results and the degree of realism of the simulations that is achievable with SIMPA.

2 SIMPA Toolkit

SIMPA aims to facilitate realistic image simulation for optical and acoustic imaging modalities
by providing adapters to crucial modeling steps, such as volume generation, optical modeling,
acoustic modeling, and image reconstruction (Fig. 1). SIMPA provides a communication
layer between various modules that implement optical and acoustic forward and inverse
models.

Non-experts can use the toolkit to create sensible simulations from default parameters in
an end-to-end fashion. Domain experts are provided with the functionality to set up a highly
customisable pipeline according to their specific use cases and tool requirements.

The following high-level requirements are key to meeting the above purpose:

1. Modularity: The different modules of the simulation pipeline should be implemented such
that each of them can be paired with arbitrary implementations of preceding or succeeding
modules. Specific module implementations can seamlessly be exchanged without

Fig. 1 The simulation and image processing for photonics and acoustics (SIMPA) toolkit.
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breaking the simulation pipeline. The user has the freedom to arrange the elements of the
simulation pipeline in exactly the way that they choose.

2. Extensibility: The user should have the freedom to add any custom elements to the pipe-
line and to implement custom module adapters. There should exist documentation that
shows how custom adapters for each module and completely new modules can be
implemented.

3. Physical correctness: Each module implementation should have a single purpose,
produce plausible results, and not alter other parts of the pipeline. Physical quantities
(i.e., units) should be correctly handled by the information flow between separate
modules.

4. Independence: Arbitrarily many sequentially executed SIMPA simulations should not
influence the results of subsequent simulations.

5. Usability: The entry for new users must be as easy as possible such that sensible PA
images can be simulated without prior knowledge. A simulation with default parameters
can be started using only a few lines of code.

The following sections of this paper introduce the software development life cycle in Sec. 2.1
and SIMPA’s software architecture in Sec. 2.2, as well as another prominent contribution of
SIMPA: a volume creation adapter that enables the user to create diverse spatial distributions
of tissue properties as detailed in Sec. 2.4.

2.1 Software Development Life Cycle

SIMPA is developed using the Python programming language (Python Software Foundation),41

version 3.8 because it is currently one of the most commonly used programming languages. We
use git42 as the version control system, and the code is maintained on GitHub (available at:
https://github.com/IMSY-DKFZ/simpa, last visited March 22, 2022). Stable versions of
the develop branch are integrated into the main branch and then form a release with an
increase in the version number according to the Semantic Versioning Specification (SemVer)
scheme.43

SIMPA code is written using a quality-controlled development process. Every feature request
or bug fix is assigned an issue on the SIMPA GitHub page (available at: https://github.com/
IMSY-DKFZ/simpa/issues, last visited March 22, 2022). Issues can be opened and commented
on by any SIMPA user, and the code is written in separate branches that are only integrated into
the develop branch after a successful code review by a member of the SIMPA core developer
team. To ensure good code quality, the code reviews are designed to check whether
the code follows the SIMPA developer guide:

1. The code is executable and yields the expected result in a typical use case.
2. The code is accompanied by an automatic or manual test.

3. The code is written using the Python Enhancement Proposal (PEP) 8 style guide for
Python code.44

4. The code documents its intended use case, input parameters, and expected output.

More specifically, each new feature and bug fix must add a unit test that tests the functionality
of the feature. If automatic unit testing is not possible (e.g., because required third-party binaries
are not available in the integrated testing environment), then a manual integration test is defined
in which the feature is being used within a SIMPA simulation run. The output of the manual test
is then reviewed by a SIMPA developer as a sanity check. Using such a mixture of automatic and
manual tests, we aim to provide tests for every intended use case of SIMPA to ensure that the
toolkit is stable and working as intended.

2.2 Software Architecture

SIMPA provides a unified abstract data structure that combines existing simulation tools to
represent the full signal generation process of a given optical and/or acoustic imaging
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modality. Specifically, SIMPA handles the data/information flow from and to each simulation
tool and provides an infrastructure to use these tools in an integrated pipeline. Figure 2 shows
the main components of SIMPA and visualises their interactions in an example simulation
pipeline.

SIMPA contains two primary Python modules: core and utils. Furthermore, the toolkit
features several smaller Python modules: io_handling, log, visualisation, algo-
rithms, examples, and tests. The SIMPA core defines a centralized structure to provide
simulation tool-specific adapters to the abstract modules for each step in the simulation process.
The utils package provides a collection of libraries and convenience methods to help a
researcher set up a customized simulation pipeline.

2.2.1 Core

The core is organized into three Python submodules. The SimulationModules
submodule provides interfaces for all simulation modules (e.g., the ones that are required
for complete PA forward modeling). To meet the modularity criterion (Sec. 2), it contains
abstract module definitions for the major parts: VolumeCreationModule,
OpticalForwardModule, AcousticForwardModule, and Reconstruction
ForwardModule. Furthermore, the core contains a ProcessingComponents

Fig. 2 Software components of SIMPA. (a) The main software components of SIMPA’s software
architecture. The toolkit consists of two main components, core and utils, as well as several
smaller components (e.g., io_handling, visualisation), which are each composed of sev-
eral subcomponents. The core contains all SimulationModules, DeviceDigitaltwins,
and ProcessingComponents. The utils component contains the Settings dictionary, a
standardized list of Tags, various Libraries, and other utility and helper classes to facilitate
using the toolkit. (b) An example simulation pipeline. The pipeline is defined via a Settings
dictionary using a standardized list of Tags. During the pipeline execution, each pipeline
element (which can be either a SimulationModule or a ProcessingComponent) is called
sequentially. After each step, the new results are amended to a hierarchical data format 5
(HDF5) file. The pipeline is repeated for each wavelength; afterwards, all multispectral
ProcessingComponents are executed, and the results can be visualised. In this example,
the included pipeline elements are volume generation, optical modeling, acoustic modeling,
noise modeling, image reconstruction, field of view (FOV) cropping, linear unmixing, and result
visualisation.
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submodule that contains a base for components that supplement the main simulation modules,
such as a component for noise modeling, which currently supports a number of noise models:
salt and pepper noise, Gaussian noise, Poisson noise, uniform noise, and Gamma noise. Finally,
the DeviceDigitalTwins submodule also contains base classes that enable the definition of
digital twins of PA imaging devices such as slit or pencil illuminations combined with circular or
linear detector geometries. Details on the digital device representation in SIMPA can be found
in Sec. 2.3.

The main entry point for the user is the simulate method that is contained in the core.
This method is responsible for the execution of all desired simulation modules and processing
components (referred to as pipeline_elements).

To meet the extensibility criterion (Sec. 2), a developer has the freedom to add custom new
simulation module adapters, processing components, or digital device twins. Each pipeline
element in the simulation pipeline has to be fully self-contained and thus handle its produced
result correctly within the information flow of SIMPA. To ensure this, each of the Python sub-
modules provides an abstract class that encapsulates parts of the functionality. For example, a
user can define a custom simulation module using the abstract SimulationModule class as a
blueprint. To implement a Python adapter, it has to inherit from this class and overwrite the
implementation method. Internally, the representation of the computational grid is defined
by isotropic voxels. This does not necessarily exclude external tools that work on differently
defined grids such as anisotropic voxels or mesh-based methods if the according adapter trans-
lates one into another. The edge size of the voxels is generally defined by the user attribute
SPACING_MM, but this would not prevent an adapter from resampling the voxel sizes. The grid
uses the default unit for length within SIMPA, which is mm. The default unit for time in
SIMPA is ms.

2.2.2 Utils

The utils Python module contains utility classes such as the Tags and Settings classes.
The Settings class is a dictionary that contains key-value pairs defining the simulation
parameters. To assert standardized naming conventions of the dictionary keys, these keys are
globally accessible via the Tags class. Furthermore, there is the Libraries package that
provides both LiteratureValues as well as collections of classes that represent, e.g., geo-
metrical shapes and biochemical molecules. The LiteratureValues are used to instantiate
these classes for the purpose of generating synthetic tissue models. The Libraries package
provides the following collections:

LiteratureValues: Reference values for optical, acoustic, and morphological tissue
properties including the respective online source.

SpectrumLibrary: Classes based on a Spectrum. A Spectrum represents wave-
length-dependent tissue properties such as optical absorption or scattering defined for
a specific set of wavelengths (depending on the reference literature).

MoleculeLibrary: Classes based on a Molecule. The Molecule class is used to
represent the optical and acoustic properties of biochemical molecules such as melanin
or hemoglobin.

TissueLibrary: Predefined MolecularComposition classes. A Molecular
Composition is a linear mixture of different Molecules. The elements of the
TissueLibrary are defined such that the optical and acoustic properties of the mixed
Molecules agree with the literature references (e.g., skin or blood).

StructureLibrary: Classes based on a Structure. Each Structure defines the
geometry of a certain volumetric shape (such as cuboids, tubes, or vessel trees) in a
voxelized grid.

The interplay of these libraries is described in greater detail in Sec. 2.4. All libraries are
designed such that they are easily customisable by the user, for example, by allowing for the
addition of spectra, molecules, or tissue types.
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2.2.3 IO and data format

SIMPA uses the Hierarchical Data Format 5 (HDF5)45 as it comprises a hierarchical data struc-
ture, has interfaces in many commonly used programming languages, and features the possibility
of adding metadata. All inputs, settings, and outputs of a SIMPA simulation are stored in a
central HDF5 file, and at the end of the simulation, the file contents can be repacked to be saved
in a compressed manner. The SIMPA io_handling Python module abstracts from the com-
munication with the h5py package46 and contains functionality to save and write data to the hard
drive (Fig. 3).

SIMPA also offers the feature to export simulated time-series data into the data format pro-
posed by IPASC.47 This data format is based on HDF5 as well and defines a standardized list of
metadata parameters to include.48

2.3 Digital Device Twins

SIMPA enables the definition of digital twins of optical and acoustic devices by providing
abstract base classes for the implementation of detectors and illuminators (cf. Fig. 4).
To this end, SIMPA contains the DetectionGeometryBase and Illumination
GeometryBase classes, both of which inherit from the DigitalDeviceTwinBase
class. The DigitalDeviceTwinBase class defines the device position and the field-of-
view (FOV). The DetectionGeometryBase and IlluminationGeometryBase
classes are responsible for defining the necessary parameters and abstract methods for the
implementation of custom devices. To define a detection geometry or an illumination geometry,
a class that inherits from the fitting base class and implements the necessary abstract methods
needs to be written. A PA device is defined by having both a detection and an illumination
geometry.

Fig. 3 The SIMPA file data structure is hierarchical. The output file of SIMPA uses the Hierarchical
Data Format 5 (HDF5). The top-level fields are (1) Settings in which the input parameters for the
global simulation pipeline as well as for all pipeline elements are stored in. (2) The Device
describes the digital device twin with which the simulations are performed. (3) The
Simulations field stores all of the simulation property maps that serve as input for the pipeline
elements, such as the optical absorption (μa), scattering (μa), and anisotropy (g). These properties
are wavelength-dependent and therefore are saved for each wavelength respectively. The density
(ρ), acoustic attenuation (α), speed of sound (ν), Grüneisen parameter (Γ) or blood oxygen sat-
uration (sO2) are wavelength-independent and therefore only stored once. The Simulations
field also stores the outputs for each wavelength of each processing component and simulation
module such as optical fluence (ϕ), initial pressure (p0), time series pressure data (pðtÞ), or the
reconstructed image (precon

0 ). (4) The simulation pipeline is a list that stores the specific module
adapters that have been combined and their order to form the simulation pipeline.
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SIMPA predefines some commonly used detection and illumination geometries, as well as
some PA devices. Currently, SIMPA provides classes for curved arrays, linear arrays, and planar
array detection geometries, as well as disk, Gaussian beam, pencil beam, pencil array, and slit
illumination geometries. Using these classes, the user can freely combine detection and illumi-
nation geometries as well as their relative positions to accurately represent real devices. SIMPA
also provides digital twins of some PA devices: the multispectral optoacoustic tomography
(MSOT) Acuity Echo, the MSOT InVision 256-TF, or the raster-scan optoacoustic mesoscopy
(RSOM) Xplorer P50 from iThera Medical (iThera Medical GmbH, Munich, Germany).
Because SIMPA currently only supports MCX as the optical forward model, and MCX only
has a limited amount of supported illumination geometries, the MSOT Acuity Echo and the
MSOT InVision 256-TF illumination geometries are represented by individual classes, and a
version of MCX that supports these geometries is provided as a fork at: https://github.com/
IMSY-DKFZ/mcx, (last visited March 22, 2022).

2.4 Diverse Tissue Modeling

A core prerequisite for the simulation of realistic PA images is the modeling of diverse tissue
geometries by generating plausible distributions of optical and acoustic parameters in a virtual
volume. In this context, diversity comprises not only a wide variety of geometrical shapes that
might occur in biological tissue but also the accurate modeling of optical and acoustic properties
of different tissue types such as skin, blood, or fat. These tissue types are usually mixtures of
molecules each with distinct properties, which can be difficult to represent computationally. To
meet this need, SIMPA provides a VolumeCreationmodule that enables the convenient gen-
eration of custom tissue models. The backbone of the module is the way that the optical and
acoustic tissue properties are represented using flexible MolecularCompositions (see
Fig. 5). Using a hierarchical listing of predefined structures, the user can then create custom

Fig. 4 Unified modeling language (UML) class diagram of the digital device representation in
SIMPA. Each box represents a class with the class name in bold. The first set of elements are
the fields defined by these classes with their types shown in red, and the italic fields refer to
abstract methods. A PA device comprises a detection geometry and an illumination geometry.
All classes inherit from the DigitalDeviceTwinBase class, which defines common attributes:
the device position and the FOV.
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spatial distributions of these molecular compositions. The ability to create realistic tissue models
depends on several factors, which include (1) the availability of high-quality reference measure-
ments for the optical and acoustic properties, (2) information on the molecular composition of
various tissue types, and (3) an accurate representation of their spatial distributions within the
region of interest.

2.4.1 Optical and acoustic molecule properties

A full list of all tissue properties considered in SIMPA is given in Tables 1–2. Within the SIMPA
codebase, these molecular properties are integrated as inherent parts of a Molecule. While
most properties can be approximated as singular values, the optical absorption, scattering, and
anisotropy are wavelength-dependent and therefore represented by a Spectrum that linearly
interpolates between the nearest known wavelengths to approximate the full spectrum during
simulation.

For wavelength-dependent information on the optical properties of the chromophores most
commonly found in human tissue, Jacques published an invaluable review article49 and made
information available via the OMLC website.50 We decided to follow the system of units intro-
duced in the cited literature in SIMPA. For the tissue properties relevant for acoustic forward
modeling, we used the IT’IS database for thermal and electromagnetic parameters of biological
tissues51 as it provides information on the mean value and distribution of these properties for
many different tissue types. Other literature sources that are being used by SIMPA for represent-
ing molecular properties are Kedenburg et al.52 for heavy water, Zhang et al.53 for water, or
Antunes et al.54 for the optical properties of bone.

Fig. 5 Overview of the steps involved for modeling an in silico vessel tree with SIMPA. The dia-
gram shows the resources that SIMPA provides for users to create custom tissue models.
Wavelength-dependent properties such as the optical absorption (μa), scattering (μs), or scattering
anisotropy (g) are provided in the SpectrumLibrary, whereas wavelength-independent proper-
ties such as the speed of sound (ν), the tissue density (ρ), or the Grüneisen parameter (Γ) are
provided by the LiteratureValues. A MolecularComposition corresponds to a linear
mixture of Molecules that can be used in combination with a geometrical molecular distribution
from the StructureLibrary to create an in silico model.

Table 1 Overview of all optical properties that are represented in a SIMPA
molecule with their respective units.

Optical properties Unit

Absorption coefficient cm−1

Scattering coefficient cm−1

Scattering anisotropy Unitless

Grüneisen parameter Unitless
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2.4.2 Molecular tissue compositions

To represent the properties of a tissue type, SIMPA uses a MolecularComposition,
which is a linear combination of Molecules. In the TissueLibrary, SIMPA provides
several predefined tissue types such as blood, skin, muscle, and bone that are compiled from
literature sources. However, the framework can also be used to easily define custom user-
specific molecular compositions.

Information on the molecular composition of tissue types is sparse and scattered throughout
the literature. SIMPA models the properties of different skin layers and muscle tissue using the
review article of Bashkatov et al.,55 melanin content in the epidermis using Alaluf et al.,56 the
water volume fractions of different tissue types in the human body using Timmins andWall57 and
Forbes et al.,58 and the distribution of arterial and venous blood oxygenations using Molnar and
Nemeth59 and Merrick and Hayes.60

2.4.3 Spatial tissue distribution

Taking the creation of an in silico forearm as an example, specialized clinical papers can be used
to obtain information on aspects such as the distribution of sizes of the radial and ulnar artery61

and their accompanying veins,62 the thickness of skin layers such as the dermis and epidermis,63

the separation of the radius and ulna bones,64 and the depth of subcutaneous vessels.65

SIMPA offers the ability to create voxelized volumes of molecular compositions and pro-
vides two main ways to create their spatial distributions.

Model-based volume generator. The purpose of this Adapter is to enable a rule-based
creation of voxelized simulation volumes. The generator is given a list of structures that are each
represented by a voxelized definition of their shape, a molecular composition, and a priority. In
the case of two structures occupying the same voxel, the molecular composition of the structure
with the higher priority is chosen for that voxel. Based on their shape and priority, all structures
are then merged into a single distribution of optical and acoustic parameters.

SIMPA provides a StructureLibrary that contains many basic 3D shapes
(Structures), such as layers, spheres, elliptical tubes, cuboids, parallelepipeds, or vessel
trees. These Structures can be mixed to create arbitrary simulation volumes. For the gen-
eration of vessel trees, we have integrated a random walk-based algorithm into SIMPA, in con-
trast to other work that uses Lindenmayer systems to build a grammar with the inclusion of
stochastic rules.66

Segmentation-based volume generator. The purpose of this Adapter is to take vox-
elized segmentation masks as input and map them to specific tissue types, which allows for the
easy inclusion of spatial tissue property distributions from other sources. The user themself is
responsible for loading a segmentation mask from a file into memory and transforming it into a
numpy array as an input for the SIMPA pipeline.

3 SIMPA Use Cases

The functionality spectrum covered by the SIMPA toolkit is best demonstrated by exemplary use
cases. The use cases in this section build upon each other with increasing complexity. Section 3.1

Table 2 Overview of all acoustic properties that are represented in a
SIMPA molecule with their respective units.

Acoustic properties Unit

Speed of sound ms−1

Density kgm−3

Acoustic attenuation dBcm−1 MHz−1
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introduces the initiation of a basic simulation pipeline. Section 3.2 shows the convenience of
changing smaller hyperparameters of an existing pipeline and the impact on the outcome of the
pipeline, and Sec. 3.3 analogously illustrates this for the change of whole simulation modules as
well as digital device twins. Section 3.4 showcases the diversity of possible tissue geometries,
and Sec. 3.5 compares simulation outcomes of SIMPA with a real PA image. Finally, Sec. 3.6
combines the previous sections to exemplify the generation of a diverse dataset of PA images.
The optical and acoustic modeling toolkits used for all experiments in this section were MCX24

and k-Wave,28 using SIMPA-provided adapters. MCX uses the Monte Carlo method that repeat-
edly draws random variables from an underlying model distribution to reach high accuracy.67

MCX approximates a light transport model using this method. K-Wave is based on the k-space
pseudospectral method for modeling nonlinear ultrasound propagation in heterogeneous
media.68 All experiments were conducted using a workstation with an AMD(R) Ryzen
3900x 12-core central processing unit, 64 GB of RAM, and NVIDIA RTX 3090 GPU running
Ubuntu 20.04., and they can be reproduced using the code available at https://github.com/IMSY-
DKFZ/simpa_paper_experiments. The run times for each executable experiment are mentioned;
however, a detailed analysis of SIMPA’s run times, computational requirements, and postpro-
cessing examples69,70 can be found in the Supplementary Material.

3.1 Running a Simulation Out-of-the-Box

Simulations are run using the simulate function, which is located in the core Python module.
The function simulate takes three input arguments: (1) a list with a definition of the sim-
ulation pipeline, (2) a Settings dictionary, which contains all parameters for the simulation, and
(3) a Device, which represents a digital twin of a PAI device. The following listing shows how
these three input parameters are defined and given to the simulate function. For each of the used
simulation pipeline elements, a settings dictionary that contains the parameters needs to be defined.
An overview of the user-side pseudocode to set up a simulation with SIMPA is given by:

import simpa as sp

# Create general settings
settings = sp.Settings(general_settings)

# Create specific settings for each pipeline element
# in the simulation pipeline
settings.set_volume_creation_settings(volume_
creation_settings)

settings.set_optical_settings(optical_settings)
settings.set_acoustic_settings(acoustic_settings)
settings.set_reconstruction_settings(reconstruction_settings)

# Set the simulation pipeline
simulation_pipeline = [sp.VolumeCreatorModule(settings),

sp.OpticalForwardModule(settings),
sp.AcousticForwardModule(settings),
sp.ReconstructionModule(settings)]

# Choose a PA device with device position in the volume
device = sp.CustomDevice()

# Simulate the pipeline
sp.simulate(simulation_pipeline, settings, device)

3.2 Customising Simulation Parameters

SIMPA enables easy customization of simulation parameters according to the criterion usability.
Awide range of simulation outputs can be achieved by simply changing one parameter, such as
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the spacing or image reconstruction bandpass filter (Fig. 6), with the latter achieved, for example,
by setting Tags.RECONSTRUCTION_PERFORM_BANDPASS_FILTERING in the recon-
struction module settings to True instead of False as it is by default. To showcase this, a
simulation pipeline was executed with three different spacings (0.15, 0.35, and 0.55 mm) and
reconstructed with the default settings (delay-and-sum), with an applied bandpass filter, with a
“differential mode” (delay-and-sum of the first derivative of the time signal), and finally, with a
customized set of hyperparameters. For the bandpass filter, a Tukey window71 with an alpha
value of 0.5 and 1 kHz as high-pass and 8 MHz as low-pass frequencies was applied. The set
of hyperparameters was chosen such that the result is most similar to the underlying initial pres-
sure. For different phantom designs, illumination geometries, or detection geometries, a different
choice of parameters might be preferable.

The overall run time for these simulations was about 480 s. The run times of the optical and
acoustic forward modules as well as the image reconstruction for the specified hardware are
reported in Table 3. Only the mean for the different parameter combinations of these times are
reported; however, an extensive listing of the run times of each module in each pipeline can be
found in Tables S1-S4 in the Supplementary Material.

3.3 Rapid Prototyping with Multiple Pipelines

SIMPA facilitates simulation of phantom imaging, which is highly relevant for experimental
planning and rapid prototyping. To demonstrate this, a pipeline was executed with two

Fig. 6 Simulation results with different hyperparameter configurations using a digital device twin of
the MSOT Acuity Echo (iThera Medical GmbH, Munich, Germany). The results are shown for three
spacings (Δx ) in three rows (0.15, 0.35, and 0.55 mm), and from left to right, the columns show the
following: (a) the ground truth initial pressure distribution; (b) the default pipeline with delay-and-
sum reconstruction of the time-series pressure data (pressure mode); (c) delay-and-sum recon-
struction with a bandpass filter (Tukey window with an alpha value of 0.5 and 1 kHz as high-pass
and 8 MHz as low-pass frequencies) applied to the time-series data; (d) delay-and-sum recon-
struction with the first derivative of the time-series data (differential mode); and (e) delay-and-sum
reconstruction with a bandpass filter with the same configuration as in (c), the first derivative of
the time-series data and envelope detection.

Table 3 Mean run times of the optical and acoustic forward modules and image reconstruction for
simulation pipelines with different parameter combinations in seconds (s). The mean time was
calculated from the run times of the pipelines: default, bandpass filter, differential mode, and
custom. The times are reported for three different spacings: 0.15, 0.35, and 0.55 mm.

Spacing (mm)
Optical modeling

time (s)
Acoustic modeling

time (s)
Image reconstruction

time (s)

0.55 1.19 7.96 2.22

0.35 2.80 8.28 2.21

0.15 27.77 11.62 2.22
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commercial PAI systems (MSOT Acuity Echo and the MSOT InVision 256-TF devices, iThera
Medical GmbH). For each device, the optical and acoustic forward simulations were executed
only once. With the produced time-series data as a result, for each device, two different recon-
struction adapters were added to the pipeline to reconstruct the final PA images. Currently, the
following reconstruction algorithms are supported: delay-and-sum,29 delay-multiply-and-sum,31

signed delay-multiply-and-sum,72 and time reversal.73 The results that are shown in Fig. 7 are
reconstructed with delay-and-sum or time reversal. The overall run time for these simulations
was about 320 s with a spacing of 0.15 mm.

Not only does the user have the ability to easily exchange devices and module adapters in the
simulation pipeline but the pipeline can also be designed in such a way that the simulation is
executed efficiently. The optical and acoustic forward models had to be simulated only once for
each device, and the two image reconstruction algorithms were applied afterward, demonstrating
the modularity of SIMPA.

3.4 Generating Diverse Tissue Geometries

Awide range of in silico tissue models can be generated using SIMPA. For this, we specifically
showcase tissue structure distributions aligned to different use cases from the literature.
Figure 8(a) shows an arrangement of different geometrical shapes such as cuboids and spheres
as used by Cox et al.69 In Fig. 8(b), a cylindrical phantom with two absorbing inclusions, com-
parable to the one presented by Hacker et al.,74 is generated. Avolume containing complex vessel
trees can easily be generated similar to the human lung vessel dataset acquired from computed
tomography used by Bench et al.14 as shown in Fig. 8(c). Lastly, realistic tissue models such as a
human forearm used by Gröhl et al.13 are possible by combining the previously mentioned struc-
tures, which are shown in Fig. 8(d). The overall run time for these simulations was about 10 s.

Fig. 7 Demonstration of the versatility of the toolkit. From the same tissue phantom, two initial
pressure distributions and time-series data are simulated using completely different PA digital
device twin [in this case, the MSOT Acuity Echo and the MSOT InVision 256-TF (iThera
Medical GmbH, Munich, Germany)]. The simulated time-series data are then reconstructed using
different reconstruction algorithms (time reversal and delay-and-sum), resulting in four distinct
simulation results.
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3.5 Simulating Realistic Photoacoustic Images

Being as realistic as possible is key to many applications in which simulated data are needed.
Nevertheless, it has been reported multiple times that a domain gap exists between simulated and
real PA images.3–5,14 By its modular nature, SIMPA can be used to simulate PA images with a
high degree of realism. To visually demonstrate the capabilities of the current version of SIMPA
in this regard, an image of a human forearm was recorded from a volunteer using the MSOT
Acuity Echo. The measurement was conducted within a healthy volunteer study that was
approved by the ethics committee of the medical faculty of Heidelberg University under refer-
ence number S-451/2020, and the study is registered with the German Clinical Trials Register
under reference number DRKS00023205. Based on this real image, the model-based, as well as
the segmentation-based volume creators were used to synthetically recreate this image with
SIMPA to compare the results with the original image (Fig. 9).

For the segmentation-based volume creator, the original image was manually annotated, and
the different classes were assigned tissue properties by trial and error, so the image as a whole
looks as close to the original image as possible. Using the model-based volume creator, the
volume of the original image was recreated using the basic geometrical structures as described
in Sec. 2.4. It should be mentioned that the model-based recreation of high-quality images, such
as the one depicted in Fig. 9, is relatively time-consuming as it requires substantial manual inter-
action. To address this resource bottleneck and thus pave the way for the generation of large
(training) data sets as required by modern machine learning algorithms, SIMPA also offers
the option of generating the simulation volumes from predefined sets of rules (see Sec. 3.6).
The results show that both of these methods can lead to images that closely resemble the real
PA image. The overall run time for these simulations was about 80 s.

(a) Real image (b) Segmentation-based image (c) Model-based image a.u.

Fig. 9 Comparison of simulations using SIMPA with a real PA image of a human forearm. From
left to right, the panels show: (a) the normalized reconstructed PA image of a real human fore-
arm acquired with the MSOT Acuity Echo; (b) a simulated image using SIMPA’s segmentation-
based volume creator with a reference segmentation map of (a); and (c) a simulated image
using SIMPA’s model-based volume creator. For both volume creators, a digital device twin of
the MSOT Acuity Echo was used. For easier comparison, all images were normalized from 0 to
1 in arbitrary units.

(a) Geometrical shapes (b) Phantom (c) Vessel tree (d) Forearm model

Fig. 8 Examples of chromophore distributions that can be created using the SIMPA volume gen-
eration module. (a) Arbitrarily placed and oriented geometrical structures, i.e., a tube (green), a
sphere (blue), a parallelepiped (yellow), and a cuboid (red); (b) a cylindrical phantom (yellow) with
two tubular inclusions (red); (c) a vessel tree with high blood oxygen saturation (red) and a vessel
tree with lower blood oxygen saturation (blue); and (d) a forearm model including the epidermis
(brown), dermis (pink), fat (yellow), vessels (red), and a bone (gray).
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3.6 Generating a Diverse Dataset of Photoacoustic Images

For the training and the generalization ability of a complex deep learning model, a large and
diverse dataset is crucial. In PAI, however, a vast amount of real PA images with ground truth
annotations for their underlying properties such as optical absorption in vivo is not feasible. To
remedy this, SIMPA can be used to generate an arbitrarily large dataset of simulated PA images
with a degree of realism that can be seen in the previous section. In Fig. 10, 12 diverse PA images
were simulated using randomized tissue mimicking settings of SIMPA’s model-based volume
creator.

These randomized settings allow for controlled distributions of, for example, amount of ves-
sels, vessel locations, skin curvature, and blood oxygen saturations. The overall run time for the
generation of these 12 images was about 570 s with a spacing of 0.15 mm. An investigation of
adverse programming effects in SIMPA when generating such a dataset can be found in the
Supplementary Material.

4 Conclusion and Discussion

In this work, we present SIMPA, an open-source software library that allows for the simulation
and image processing of optical and acoustic imaging modalities taking into account user-spe-
cific requirements common in the community. Core to the toolkit is its modular design, which
allows for a flexible definition of simulation and processing pipelines. To this end, SIMPA
defines abstract interfaces for the necessary forward modeling steps that allow for the integration
of arbitrary third-party simulation tools in addition to modules already implemented in SIMPA.
It already includes interfaces to toolkits that are commonly used in the field, such as MCX24 and
k-Wave,28 is open-source, and is actively maintained and improved. Furthermore, a strong
emphasis has been placed on tissue modeling as the basis for each simulation. SIMPA provides
methods and functionalities to generate numerical tissue models that incorporate optical and
acoustic tissue properties by means of a dynamic definition of molecular compositions.
Using PAI as an example, we show the simulation results for several typical SIMPA use cases.
By generating a diverse dataset of PA images, we demonstrate that SIMPA can create simulations
with a high degree of flexibility suitable for, e.g., training of deep learning algorithms.

The images simulated with SIMPA look realistic (Fig. 9); however, because of the vast num-
ber of modeling assumptions both within SIMPA and within the used forward models, through-
out all forward modeling steps, there remains a domain gap between simulated and experimental
measurements. Steps toward increasing the realism of simulated images have already been taken
by including various noise models and diverse tissue geometries such as the deformability of
structures. This enables horizontal layers to more closely resemble the deformation of skin and
vessels can thus also be squeezed analogously to applying pressure with an imaging device.

a.u.
0.0

1.0

0.8

0.4

0.2

0.6

Fig. 10 Example of a diverse dataset of simulated PA images. With randomized settings of
amount, location, size, shape, and blood oxygen saturation of vessels as well as the curvature
of the skin, 12 diverse PA images were generated and normalized between 0 and 1 in arbitrary
units (a.u.). The spacing of all images was 0.15 mm. For all simulations, a digital device twin of the
MSOT Acuity Echo was used.
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Despite these efforts, computational modeling inaccuracies such as device-specific artifacts or a
heterogeneous background with, e.g., varying blood volume fraction and oxygen saturation are
not yet included.

SIMPA’s modular design also facilitates the exchangeability of simulation algorithms with-
out affecting the integrity of the simulation pipeline. Because of the modular design, arbitrary
pipeline elements can be added to the simulation. SIMPA provides example scripts to achieve
this and comprises an extensive test suite that incorporates unit tests for the code, as well as
manual test scripts that can be used to test the integration of forward models. Analysis of over
100 subsequent runs shows that sequential simulations do not affect each other; the detailed
results can be found in the Supplementary Material.

Decreasing the potential for user error and lowering the barrier to entry for PA simulation is
one of the core ideas behind SIMPA; hence, we show here the simulation and customization of
specific use cases. SIMPA itself also contains many example scripts and documentation. The
SIMPA developers try to ensure high code quality through its software development life-cycle,
which includes the presence of tests, as well as internal code reviews before changes are inte-
grated. Using SIMPA lowers the barrier of entry into the field of PA image simulation by taking
over many of the researchers’ responsibilities in navigating the respective simulation tools. At
the same time, this increased ease of use comes at the cost of a reduced amount of flexibility, as
users are limited to the SIMPA interface and do not directly control the third-party tools. Despite
the high level of abstraction, there is still room for user errors that can potentially be hard to
identify. For support, researchers can open issues in the SIMPA GitHub repository and can also
join the SIMPA Slack channel upon request.

Two major contributions of this work are the model-based volume creator that enables the
user to create diverse spatial distributions of tissue properties and the segmentation-based vol-
ume creator that loads segmentation masks. The model-based approach includes features such as
the simulation of partial volume effects and the rendering of the model in different spacings.
Furthermore, it is straightforward to create diverse tissue geometries using random variables
during the creation process (see Sec. 3.6). SIMPA provides many utility functions that make
the model-based volume creator easy to use. Rendering the scene description into a voxelized
grid, however, can become computationally expensive for small spacings, and the user is limited
by the SIMPA-defined structure primitives (unless they want to implement their own
Structure classes). The segmentation-based approach addresses this issue by featuring great
flexibility in the shapes that it can simulate. Moreover, the creation of the voxelized grid is
generally much faster. On the negative, the spacing of the simulation is limited to the spacing
of the segmentation, which can lead to hard edges and staircase artifacts.

In addition to the signal simulation steps detailed in this paper, SIMPA also provides post-
processing modules for image processing. SIMPA currently provides two algorithms: (1) an
iterative qPAI algorithm, implemented based on the publication of Cox et al. from 200669

(cf. Fig. S3 in the Supplementary Material 4.1), and (2) a linear spectral unmixing algorithm
based on singular value decomposition (cf. Fig. S4 in the Supplementary Material 4.2).

Future work will include supporting more forward models, such as numerical approxima-
tions of the radiative transfer equation for photon transport in biological tissue;75 supporting
other optical imaging modalities such as multi-/hyperspectral diffuse reflectance imaging; the
addition of more reconstruction algorithms; the capabilities for ultrasound simulation; and the
provision of more digital commercial PA devices from a variety of vendors including distinct
artifacts that are introduced by different devices. The IPASC is working on a standardiszed data
format for PAI (Ref. 48) and has a digital device definition embedded in its format. They are
currently planning to integrate support for their definition of the devices into MCX (available at:
https://github.com/IPASC/PACFISH/issues/15, last visited March 22, 2022). Once this is
achieved, we will support arbitrary illumination geometries within SIMPA. Furthermore, the
variety of structures that can be used will be increased by including heterogeneous backgrounds
that more closely represent the irregularities within tissue as well as larger, more complex, and
connected structures that can represent organs or tumors. A great current challenge is the steep
increase of needed computational resources, especially RAM and hard drive space, when
decreasing the spacing of the computational grid. To this end, optimization strategies will be
investigated to minimize the achievable spacing for a given hardware configuration. We only
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tested SIMPAwith NVIDIA GPUs for GPU acceleration, but we plan to support a wider variety
of computing platforms in the future. We are currently also working toward an interactive visual-
isation tool for the data and the addition of a graphical user interface for SIMPA, which could
further flatten the learning curve. Other interesting avenues of future work could be the con-
sideration of heterogeneous molecular distributions within the structures or the integration of
state-of-the-art deep learning-based processing components or module adapters.
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Abstract. Synthetic medical image generation has evolved as a key
technique for neural network training and validation. A core challenge,
however, remains in the domain gap between simulations and real
data. While deep learning-based domain transfer using Cycle Genera-
tive Adversarial Networks and similar architectures has led to substan-
tial progress in the field, there are use cases in which state-of-the-art
approaches still fail to generate training images that produce convincing
results on relevant downstream tasks. Here, we address this issue with
a domain transfer approach based on conditional invertible neural net-
works (cINNs). As a particular advantage, our method inherently guar-
antees cycle consistency through its invertible architecture, and network
training can efficiently be conducted with maximum likelihood training.
To showcase our method’s generic applicability, we apply it to two spec-
tral imaging modalities at different scales, namely hyperspectral imaging
(pixel-level) and photoacoustic tomography (image-level). According to
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comprehensive experiments, our method enables the generation of realis-
tic spectral data and outperforms the state of the art on two downstream
classification tasks (binary and multi-class). cINN-based domain trans-
fer could thus evolve as an important method for realistic synthetic data
generation in the field of spectral imaging and beyond. The code is avail-
able at https://github.com/IMSY-DKFZ/UDT-cINN.

Keywords: Domain transfer · invertible neural networks · medical
imaging · photoacoustic tomography · hyperspectral imaging · deep
learning

1 Introduction

The success of supervised learning methods in the medical domain led to count-
less breakthroughs that might be translated into clinical routine and have the
potential to revolutionize healthcare [6,13]. For many applications, however,
labeled reference data (ground truth) may not be available for training and vali-
dating a neural network in a supervised manner. One such application is spectral
imaging which comprises various non-interventional, non-ionizing imaging tech-
niques that can resolve functional tissue properties such as blood oxygenation in
real time [1,3,23]. While simulations have the potential to overcome the lack of
ground truth, synthetic data is not yet sufficiently realistic [9]. Cycle Generative
Adversarial Networks (GAN)-based architectures are widely used for domain
transfer [12,24] but may suffer from issues such as unstable training, hallucina-
tions, or mode collapse [15]. Furthermore, they have predominantly been used
for conventional RGB imaging and one-channel cross-modality domain adapta-
tion, and may not be suitable for other imaging modalities with more channels.
We address these challenges with the following contributions:

Domain Transfer Method: We present an entirely new sim-to-real transfer
approach based on conditional invertible neural networks (cINNs) (cf. Fig. 1)
specifically designed for data with many spectral channels. This approach inher-
ently addresses weaknesses of the state of the art with respect to the preservation
of spectral consistency and, importantly, does not require paired images.

Instantiation to Spectral Imaging: We show that our method can gener-
ically be applied to two complementary modalities: photoacoustic tomography
(PAT; image-level) and hyperspectral imaging (HSI; pixel-level).

Comprehensive Validation: In comprehensive validation studies based on
more than 2,000 PAT images (real: ∼1,000) and more than 6 million spectra for
HSI (real: ∼6 million) we investigate and subsequently confirm our two main
hypotheses: (H1) Our cINN-based models can close the domain gap between
simulated and real spectral data better than current state-of-the-art methods
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Fig. 1. Pipeline for data-driven spectral image analysis in the absence of
labeled reference data. A physics-based simulation framework generates simulated
spectral images with corresponding reference labels (e.g. tissue type or oxygenation
(sO2)). Our domain transfer method based on cINNs leverages unlabeled real data to
increase their realism. The domain-transferred data can then be used for supervised
training of a downstream task (e.g. classification).

regarding spectral plausibility. (H2) Training models on data transferred by our
cINN-based approach can improve their performance on the corresponding (clin-
ical) downstream task without them having seen labeled real data.

2 Materials and Methods

2.1 Domain Transfer with Conditional Invertible Neural Networks

Concept Overview. Our domain transfer approach (cf. Fig. 2) is based on the
assumption that data samples from both domains carry domain-invariant infor-
mation (e.g. on optical tissue properties) and domain-variant information (e.g.
modality-specific artifacts). The invertible architecture, which inherently guar-
antees cycle consistency, transfers both simulated and real data into a shared
latent space. While the domain-invariant features are captured in the latent
space, the domain-variant features can either be filtered (during encoding) or
added (during decoding) by utilizing a domain label D. To achieve spectral con-
sistency, we leverage the fact that different tissue types feature characteristic
spectral signatures and condition the model on the tissue label Y if available.
For unlabeled (real) data, we use randomly generated proxy labels instead. To
achieve high visual quality beyond spectral consistency, we include two discrimi-
nators Dissim and Disreal for their respective domains. Finally, as a key theoret-
ical advantage, we avoid mode collapse with maximum likelihood optimization.
Implementation details are provided in the following.

cINN Model Design. The core of our architecture is a cINN [2] (cf. Fig. 2),
comprising multiple (i) scales of Ni-chained affine conditional coupling (CC)
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Fig. 2. Proposed architecture based on cINNs. The invertible architecture trans-
fers both simulated and real data into a shared latent space (right). By conditioning
on the domain D (bottom), a latent vector can be transferred to either the simulated
or the real domain (left) for which the discriminator Dissim and Disreal calculate the
losses for adversarial training.

blocks [7]. These scales are necessary in order to increase the receptive field
of the network and are achieved by Haar wavelet downsampling [11]. A CC
block consists of subnetworks that can be freely chosen depending on the data
dimensionality (e.g. fully connected or convolutional networks) as they are only
evaluated in the forward direction. The CC blocks receive a condition consisting
of two parts: domain label and tissue label, which are then concatenated to the
input along the channel dimension. In the case of PAT, the tissue label is a
full semantic and random segmentation map for the simulated and real data,
respectively. In the case of HSI, the tissue label is a one-hot encoded vector for
organ labels.

Model Training. In the following, the proposed cINN with its parameters θ
will be referred to as f(x,DY, θ) and its inverse as f−1 for any input x ∼ pD
from domain D ∈ {Dsim,Dreal} with prior density pD and its corresponding
latent space variable z. The condition DY is the combination of domain label D
as well as the tissue label Y ∈ {Ysim, Yreal}. Then the maximum likelihood loss
ML for a training sample xi is described by

ML
D

= Ei

[ ||f(xi,DY, θ)||22
2

− log|Ji|
]

with Ji = det

(
∂f

∂x

∣∣∣∣
xi

)
. (1)

For the adversarial training, we employ the least squares training scheme [18]
for generator GenD = f−1

D ◦ fD′ and discriminator DisD for each domain with
xD′ as input from the source domain and xD as input from the target domain:

L
GenD

= E
xD′ ∼pD′

[
(DisD(GenD(xD′) − 1))2

]
(2)

L
DisD

= E
xD∼pD

[
(DisD(xD) − 1)2

]
+ E

xD′ ∼pD′

[
(DisD(GenD(xD′)))2

]
. (3)
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Finally, the full loss for the proposed model comprises the following:

L
TotalGen

= ML
real

+ ML
sim

+ L
Genreal

+ L
Gensim

and L
TotalDis

= L
Disreal

+ L
Dissim

. (4)

Model Inference. The domain transfer is done in two steps: 1) A simulated
image is encoded in the latent space with conditions Dsim and Ysim to its latent
representation z, 2) z is decoded to the real domain via Dreal with the simulated
tissue label Ysim: xsim→real = f−1(·,DrealYsim, θ) ◦ f(·,DsimYsim, θ)(xsim).

2.2 Spectral Imaging Data

Photoacoustic Tomography Data. PAT is a non-ionizing imaging modality
that enables the imaging of functional tissue properties such as tissue oxygena-
tion [22]. The real PAT data (cf. Fig. 3) used in this work are images of human
forearms that were recorded from 30 healthy volunteers using the MSOT Acuity
Echo (iThera Medical GmbH, Munich, Germany) (all regulations followed under
study ID: S-451/2020, and the study is registered with the German Clinical Trials
Register under reference number DRKS00023205). In this study, 16 wavelengths
from 700 nm to 850 nm in steps of 10 nm were recorded for each image. The
resulting 180 images were semantically segmented into the structures shown in
Fig. 3 according to the annotation protocol provided in [20]. Additionally, a full
sweep of each forearm was performed to generate more unlabeled images, thus

Fig. 3. Training data used for the validation experiments. For PAT, 960 real
images from 30 volunteers were acquired. For HSI, more than six million spectra corre-
sponding to 460 images and 20 individuals were used. The tissue labels PAT correspond
to 2D semantic segmentations, whereas the tissue labels for HSI represent 10 different
organs. For PAT, ∼1600 images were simulated, whereas around 210,000 spectra were
simulated for HSI.
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amounting to a total of 955 real images. The simulated PAT data (cf. Fig. 3)
used in this work comprises 1,572 simulated images of human forearms. They
were generated with the toolkit for Simulation and Image Processing for Pho-
tonics and Acoustics (SIMPA) [8] based on a forearm literature model [21] and
with a digital device twin of the MSOT Acuity Echo.

Hyperspectral Imaging Data. HSI is an emerging modality with high poten-
tial for surgery [4]. In this work, we performed pixel-wise analysis of HSI
images. The real HSI data was acquired with the Tivita R© Tissue (Diaspec-
tive Vision GmbH, Am Salzhaff, Germany) camera, featuring a spectral resolu-
tion of approximately 5 nm in the spectral range between 500 nm and 1000 nm
nm. In total, 458 images, corresponding to 20 different pigs, were acquired (all
regulations followed under study IDs: 35-9185.81/G-161/18 and 35-9185.81/G-
262/19) and annotated with ten structures: bladder, colon, fat, liver, omentum,
peritoneum, skin, small bowel, spleen, and stomach (cf. Fig. 3). This amounts
to 6,410,983 real spectra in total. The simulated HSI data was generated
with a Monte Carlo method (cf. algorithm provided in the supplementary mate-
rial). This procedure resulted in 213,541 simulated spectra with annotated organ
labels.

3 Experiments and Results

The purpose of the experiments was to investigate hypotheses H1 and H2 (cf.
Sect. 1). As comparison methods, a CycleGAN [24] and an unsupervised image-
to-image translation (UNIT) network [16] were implemented fully convolution-
ally for PAT and in an adapted version for the one-dimensional HSI data. To
make the comparison fair, the tissue label conditions were concatenated with
the input, and we put significant effort into optimizing the UNIT on our data.

Realism of Synthetic Data (H1) : According to qualitative analyses (Fig. 4) our
domain transfer approach improves simulated PAT images with respect to key
properties, including the realism of skin, background, and sharpness of vessels.

Fig. 4. Qualitative results. In comparison to simulated PAT images (left), images
generated by the cINN (middle) resemble real PAT images (right) more closely. All
images show a human forearm at 800 nm.
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Fig. 5. Our domain transfer approach yields realistic spectra (here: of veins).
The PCA plots in a) represent a kernel density estimation of the first and second
components of a PCA embedding of the real data, which represent about 67% and 6%
of the variance in the real data, respectively. The distributions on top and on the right
of the PCA plot correspond to the marginal distributions of each dataset’s first two
components. b) Violin plots show that the cINN yields spectra that feature a smaller
difference to the real data compared to the simulations and the UNIT-generated data.
The dashed lines represent the mean difference value, and each dot represents the
difference for one wavelength.

A principal component analysis (PCA) performed on all artery and vein spectra
of the real and synthetic datasets demonstrates that the distribution of the syn-
thetic data is much closer to the real data after applying our domain transfer
approach (cf. Fig. 5a)). The same holds for the absolute difference, as shown in
Fig. 5b). Slightly better performance was achieved with the cINN compared to
the UNIT. Similarly, our approach improves the realism of HSI spectra, as illus-
trated in Fig. 6, for spectra of five exemplary organs (colon, stomach, omentum,
spleen, and fat). The cINN-transferred spectra generally match the real data
very closely. Failure cases where the real data has a high variance (translucent
band) are also shown.

Benefit of Domain-Transferred Data for Downstream Tasks (H2): We examined
two classification tasks for which reference data generation was feasible: classifi-
cation of veins/arteries in PAT and organ classification in HSI. For both modal-
ities, we used the completely untouched real test sets, comprising 162 images
in the case of PAT and ∼ 920,000 spectra in the case of HSI. For both tasks,
a calibrated random forest classifier (sklearn [19] with default parameters) was
trained on the simulated, the domain-transferred (by UNIT and cINN), and real
spectra. As metrics, the balanced accuracy (BA), area under receiver operating
characteristic (AUROC) curve, and F1-score were selected based on [17].

As shown in Table 1, our domain transfer approach dramatically increases
the classification performance for both downstream tasks. Compared to physics-
based simulation, the cINN obtained a relative improvement of 37% (BA), 25%
(AUROC), and 22% (F1 Score) for PAT whereas the UNIT only achieved a
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Fig. 6. The cINN-transferred spectra are in closer agreement with the real
spectra than the simulations and the UNIT-transferred spectra. Spectra for
five exemplary organs are shown from 500 nm to 1000 nm. For each subplot, a zoom-in
for the near-infrared region (>900 nm) is shown. The translucent bands represent the
standard deviation across spectra for each organ.

Table 1. Classification scores for different training data. The training data
refers to real data, physics-based simulated data, data generated by a CycleGAN, by a
UNIT without and with tissue labels (UNITY), and by a cINN without (cINND) and
with (proposed cINNDY) tissue labels as condition. Additionally, cINNDY without GAN

refers to a cINNDY without the adversarial training. The best-performing methods,
except if trained on real data, are printed in bold.

Classifier training data PAT HSI

BA AUROC F1-Score BA AUROC F1-Score

Real 0.75 0.84 0.82 0.40 0.81 0.44

Simulated 0.52 0.64 0.64 0.24 0.75 0.18

CycleGAN 0.39 0.20 0.16 0.11 0.57 0.06

UNIT 0.50 0.44 0.65 0.20 0.72 0.20

UNITY 0.64 0.81 0.77 0.24 0.74 0.25

cINND 0.66 0.73 0.72 0.25 0.72 0.20

cINNDY without GAN 0.65 0.78 0.76 0.28 0.75 0.26

cINNDY (proposed) 0.71 0.80 0.78 0.29 0.76 0.24

relative improvement in the range of 20%-27% (depending on the metric). For
HSI, the cINN achieved a relative improvement of 21% (BA), 1% (AUROC),
and 33% (F1 Score) and it scored better in all metrics except for the F1 Score
than the UNIT. For all metrics, training on real data still yields better results.

4 Discussion

With this paper, we presented the first domain transfer approach that com-
bines the benefits of cINNs (exact maximum likelihood estimation) with those
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of GANs (high image quality). A comprehensive validation involving qualita-
tive and quantitative measures for the remaining domain gap and downstream
tasks suggests that the approach is well-suited for sim-to-real transfer in spectral
imaging. For both PAT and HSI, the domain gap between simulations and real
data could be substantially reduced, and a dramatic increase in downstream task
performance was obtained - also when compared to the popular UNIT approach.

The only similar work on domain transfer in PAT has used a cycle GAN-
based architecture on a single wavelength with only photon propagation as PAT
image simulator instead of full acoustic wave simulation and image reconstruc-
tion [14]. This potentially leads to spectral inconsistency in the sense that the
spectral information either is lost during translation or remains unchanged from
the source domain instead of adapting to the target domain. Outside the spec-
tral/medical imaging community, Liu et al. [16] and Grover et al. [10] tasked
variational autoencoders and invertible neural networks for each domain, respec-
tively, to create the shared encoding. They both combined this approach with
adversarial training to achieve high-quality image generation. Das et al. [5] built
upon this approach by using labels from the source domain to condition the
domain transfer task. In contrast to previous work, which used en-/decoders
for each domain, we train a single network as shown in Fig. 2. with a two-fold
condition consisting of a domain label (D) and a tissue label (Y ) from the
source domain, which has the advantage of explicitly aiding the spectral domain
transfer.

The main limitation of our approach is the high dimensionality of the param-
eter space of the cINN as dimensionality reduction of data is not possible due to
the information and volume-preserving property of INNs. This implies that the
method is not suitable for arbitrarily high dimensions. Future work will comprise
the rigorous validation of our method with tissue-mimicking phantoms for which
reference data are available.

In conclusion, our proposed approach of cINN-based domain transfer enables
the generation of realistic spectral data. As it is not limited to spectral data,
it could develop into a powerful method for domain transfer in the absence of
labeled real data for a wide range of image modalities in the medical domain
and beyond.
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neural networks for guided image generation (2020)

4.3 Unsupervised domain transfer

89



Unsupervised Domain Transfer with Conditional Invertible Neural Networks 779

3. Ayala, L., et al.: Spectral imaging enables contrast agent-free real-time ischemia
monitoring in laparoscopic surgery. Sci. Adv. (2023). https://doi.org/10.1126/
sciadv.add6778

4. Clancy, N.T., Jones, G., Maier-Hein, L., Elson, D.S., Stoyanov, D.: Surgical spectral
imaging. Med. Image Anal. 63, 101699 (2020)

5. Das, H.P., Tran, R., Singh, J., Lin, Y.W., Spanos, C.J.: Cdcgen: cross-domain con-
ditional generation via normalizing flows and adversarial training. arXiv preprint
arXiv:2108.11368 (2021)

6. De Fauw, J., Ledsam, J.R., Romera-Paredes, B., Nikolov, S., Tomasev, N., Black-
well, S., et al.: Clinically applicable deep learning for diagnosis and referral in
retinal disease. Nat. Med. 24(9), 1342–1350 (2018)

7. Dinh, L., Sohl-Dickstein, J., Bengio, S.: Density estimation using real nvp. arXiv
preprint arXiv:1605.08803 (2016)
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ABSTRACT. Significance: Optical imaging of blood oxygenation (sO2) can be achieved based
on the differential absorption spectra of oxy- and deoxyhemoglobin. A key challenge
in realizing clinical validation of the sO2 biomarkers is the absence of reliable sO2

reference standards, including test objects.

Aim: To enable quantitative testing of multispectral imaging methods for assess-
ment of sO2 by introducing anthropomorphic phantoms with appropriate tissue-
mimicking optical properties.

Approach: We used the stable copolymer-in-oil base material to create physical
anthropomorphic structures and optimized dyes to mimic the optical absorption
of blood across a wide spectral range. Using 3D-printed phantom molds generated
from a magnetic resonance image of a human forearm, we molded the material
into an anthropomorphic shape. Using both reflectance hyperspectral imaging (HSI)
and photoacoustic tomography (PAT), we acquired images of the forearm phantoms
and evaluated the performance of linear spectral unmixing (LSU).

Results: Based on 10 fabricated forearm phantoms with vessel-like structures
featuring five distinct sO2 levels (between 0 and 100%), we showed that the
measured absorption spectra of the material correlated well with HSI and PAT data
with a Pearson correlation coefficient consistently above 0.8. Further, the application
of LSU enabled a quantification of the mean absolute error in sO2 assessment with
HSI and PAT.

Conclusions: Our anthropomorphic tissue-mimicking phantoms hold potential to
provide a robust tool for developing, standardising, and validating optical imaging
of sO2.
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1 Introduction
Oxyhemoglobin (HbO2) and deoxyhemoglobin (Hb) are critical endogenous contrast agents that
enable noninvasive measurement of blood oxygen saturation (sO2), also referred to as oximetry,
due to their distinct optical absorption spectra. Oximetry methods are invaluable for a range of
clinical applications throughout the patient care pathway, from diagnosis to treatment planning
and monitoring of treatment response.1–5 Pulse oximetry is the most widely available of these
tools, which employs red and infrared light to noninvasively estimate sO2 for bulk tissue at a
single measurement site, such as a fingertip.1

To obtain spatially resolved information, for example, in image-guided surgery, imaging
modalities such as hyperspectral imaging (HSI) and photoacoustic tomography (PAT) are used.
HSI and PAT typically involve making wavelength-resolved measurements across the visible and
near-infrared spectral range.1 HSI uses light diffusely reflected from the tissue to map HbO2 and
Hb signals near the tissue surface,6,7 whereas PAT combines pulsed laser illumination and ultra-
sonic detection to probe deeper tissue layers.8,9 In both techniques, deriving sO2 from spectral
data commonly relies on linear spectral unmixing (LSU),10,11 assuming that the optical absorp-
tion responsible for the image contrast is a linear combination of the absorption spectra of all
contrast agents present at any given point weighted by their concentration.

Accurately quantifying sO2 in HSI and PAT is challenging because a range of assumptions
are made in both the datacube ðx; y; λÞ reconstruction and spectral analysis pipeline that can lead
to corruption of the measured tissue biomarkers. For example, in HSI, signals can be distorted
due to additional optical interactions, such as fluorescence, whereas in PAT, depth-dependent
signal attenuation arises, known as spectral coloring. In both modalities, patient motion and
skin tone bias can introduce further complexity.10,12 Consequently, developing robust oximetry
calibration methods for HSI and PAT remains an active area of research.13–16

For the development and rigorous validation of any scientific method, including oximetry,
a reliable performance measure or reference is essential. In oximetry, however, the principal
challenge is that an in vivo ground truth for sO2 is not available noninvasively with current
technology. Therefore, many studies only rely on qualitative visualizations or measurement
of relative changes in the same individual or specimen over time, rather than calibrating for
absolute sO2.

17–19 Validation approaches can take several forms. Validation can be developed
by comparison to simulated data; however, these often fail to generalize when applied to in vivo
tissue.20 Adding a level of complexity, experimental data obtained from bulk test objects (“phan-
toms”) made with a mixture of blood, hemoglobin, or other biological solutions21,22 can closely
mimic tissue spectra and facilitate validation, but typically do not allow well-controlled adjust-
ment of sO2, lack internal structure, tend to be unstable over time, and are prone to bacterial
contamination.23,24 Addressing some of these limitations, blood flow phantoms allow for chemi-
cal manipulation of sO2 as blood flows through a circuit while being imaged.25,26 Nevertheless,
blood flow circuits rely on ancillary reference measurements (e.g., partial pressure probes or
offline oximeters) to provide a gold standard reference. They are typically simple in their struc-
ture, e.g., a tube flowing through a slab of base material and thus lack anatomical variability,
which is not only beneficial to train deep learning methods but also allows for a detailed analysis
of oximetry methods in depth and their performance dependent on different amounts and posi-
tions of absorbing structures.

Structurally stable, anthropomorphic phantoms with tissue-mimicking optical properties
over a broad wavelength range remain rare.27 Obtaining oximetry estimations from anthropo-
morphic phantoms typically requires embedding a flow circuit within a complex material com-
position, which is prohibitively challenging. To overcome this limitation and tackle the challenge
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of oximetry validation in HSI and PAT, we introduce an anthropomorphic phantom design that
mimics the morphology of a human forearm and includes absorbing dyes that replicate the
absorption coefficient (μa) characteristics of HbO2 and Hb between 700 nm and 850 nm.
We first selected and optimized dye proxies for Hb and HbO2. We then created 3D-printable
molds derived from human forearm imaging to achieve morphologically relevant geometry,
which are available open-source. Using a copolymer-in-oil base material, we created structurally
stable anthropomorphic forearm phantoms with optical characteristics confirmed via simulation
studies and signal correlation analyses. Finally, we demonstrated the value of the created phan-
toms for oximetry validation in HSI and PAT. These phantoms provide a versatile, morphologi-
cally realistic test platform for oximetry validation in the near-infrared. We see another major
contribution of this work that in addition to the specific structures and absorptions we targeted,
this paper presents a general workflow from external data of human anatomy and a specific target
tissue, in our case, magnetic resonance imaging (MRI) data and blood vessels, respectively, to
structurally stable tissue-mimicking phantoms.

2 Materials and Methods
Combining dye proxies with anthropomorphic phantom designs in this study enables a new
approach to oximetry validation (Fig. 1).

2.1 Forearm Phantom Fabrication

2.1.1 Phantom material

The base phantom material was prepared according to protocols outlined by Hacker et al.28 and
Gröhl et al.29 Briefly, for each ∼80 mL batch of base material, 76.5 mg of titanium dioxide (TiO2,
Sigma Aldrich 232033-100 g) was sonicated in a water bath together with 50 mL of mineral oil
(Sigma Aldrich 330779-1L) until completely dispersed. Next, 12.57 g of polystyrene-block-
poly(ethylene-ran-butylene)-block-polystyrene (SEBS, Sigma Aldrich 200557-250G) and 1 g
of butylated hydroxytoluene (HT, Sigma Aldrich W218405-1KG-K) were added to the oil.
The mixture was heated in a silicone oil bath at 160°C for about 45 min, stirred every 10 min,
and allowed to liquefy fully. Finally, the beaker was placed in a vacuum chamber to remove any
residual air bubbles. A more detailed manufacturing protocol is provided in the Supplementary
Notes S1 in the Supplementary Material.

Fig. 1 Workflow and key contributions of this study. (Top) First, 26 dyes were investigated to mimic
the absorption spectra of oxyhemoglobin (HbO2) and deoxyhemoglobin (Hb) in the wavelength (λ)
range of 700 to 850 nm. After a selection and optimization process, two proxy dyes that could be
mixed to five levels of oxygen saturation (sO2) (0%, 30%, 50%, 70%, and 100%) were found.
Second, for realistic tissuemorphology, a 3D-printable mold was created based on an open-source
magnetic resonance (MR) image of a human forearm. (bottom) Third, ten forearm phantoms were
fabricated and finally, photoacoustic (PA) and hyperspectral (HS) images were acquired and we
show that example images of these can be used to validate oximetry methods.

Dreher et al.: Anthropomorphic tissue-mimicking phantoms for oximetry validation. . .

Journal of Biomedical Optics 076006-3 July 2025 • Vol. 30(7)

4.4 Anthropomorphic phantoms

95



2.1.2 Optical property characterization

The optical properties of the phantom materials were quantified using a double-integrating
sphere (DIS) system (according to the method of Pickering et al.30 with the system described
in Hacker et al.28). The DIS system measured total reflectance and transmittance over a wave-
length range of 700 to 850 nm, and the resulting data were processed with the inverse adding-
doubling (IAD)31 algorithm to obtain μa and scattering coefficient (μs).

32 The refractive index
was set to n ¼ 1.4, and the anisotropy factor to g ¼ 0.7, as suggested by Jones and Munro.33 For
each material batch, two optical sample slabs were fabricated. The thickness of each slab was
measured five times at three different locations (top, middle, and bottom) using a digital calliper
and provided as input to the IAD algorithm. Subsequently, each location was measured from both
the front and back with the DIS system, producing 12 individual data points per wavelength.

2.1.3 Proxy dyes for oxy- and deoxyhemoglobin

After starting with dyes that were already used in combination with gel-wax phantoms,34 a total
of 26 candidate dyes were evaluated for their optical properties in the abovementioned base
material between 700 and 850 nm (Figs. S1–S3 in the Supplementary Material, Table S1 in the
Supplementary Material). The μa spectra measured with the DIS system served as inputs to a
non-negative least square (NNLS) optimization, which aimed to identify a linear combination of
dyes whose summed absorption profiles closely match those of HbO2 and Hb. As target spectra,
we used the data available at Ref. 35. Based on these results, the most promising dyes were
selected and further refined by iteratively adjusting concentrations and re-measuring μa.

2.1.4 3D forearm model

A high-resolution MRI dataset of the human forearm was obtained from Kerkhof et al.36 From
these data, muscle and bone structures were segmented, and the segmentation was verified by a
physician (MDT). The outer hull and bones were then 3D-printed to serve as mold and embedded
features, respectively (Fig. 2). The digital model for the mold was designed and constructed
using Autodesk Inventor 2024 and Geomagic Freeform. An Objet 500 Connex (Stratasys, Ltd.,
Eden Prairie, Minnesota, USA) was used for 3D printing. Specifically, VeroCyan™ was used to

Fig. 2 3D-printable models were constructed from an open-source magnetic resonance (MR)
image for a structured phantom fabrication and annotation process. From top left to top right:
The MR image was manually segmented for bones, muscles, and fat. A physician performed
a quality check ensuring morphological correctness. Based on this segmentation, a 3D-printable
model of the outer hull of the forearm has been designed and printed including the two bones,
radius and ulna, that will stay in the mold as positives. From bottom right to bottom left: Each half
of the mold is filled successively with background material and vessels are placed, which are
annotated in a cross-sectional sketch of the mold. Finally, after acquiring photoacoustic (PA)
images from multiple angles, each vessel in the PA images can be assigned to its corresponding
oxygen saturation during manual annotation.
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fabricate the external mold, whereas VeroClear™ was chosen to print the bones, which remained
inside each phantom as positive structures. Visual inspections and photoacoustic measurements
of VeroClear™ indicate negligible μa and μs; thus, we did not opt for a challenging and expen-
sive full optical characterization.

2.1.5 Phantom fabrication process

Ten forearm phantoms were fabricated, each containing background material and 14 embedded
vessels. The vessels were created by drawing phantom material into tubes with diameters of 3, 4,
5, or 6 mm, producing 140 vessels in total (28 per sO2 level, 7 per diameter). The minimum
vessel diameter we could fabricate was 3 mm, which coincides with the upper range of the radial
artery, the largest superficial vessel typically visible in the forearm. Therefore, our vessel diam-
eters are larger than anatomically expected. At least one vessel for each sO2 level was positioned
near the surface (“superficial vessel”) in each phantom. Dye mixtures within the vessels were
determined based on the outcome of the NNLS optimization. Particular attention was paid to
achieving an isosbestic point near 800 nm. For mixing intermediate sO2 levels, the base dyes
were accurately weighed, and the resulting ratios were verified by measuring μa spectra and
applying LSU. This two-step approach ensured reliable verification of the intended mixing ratios.

Nine of the phantoms were manufactured with background materials spanning three sO2

levels (0%, 50%, and 100%) and their volumes as fractions of the respective material batch
(1%, 2.5%, and 4%), yielding 3 × 3 combinations. An additional out-of-distribution (OOD)
phantom was created with three distinct combinations of volume fraction and sO2 (0.5%,
100%), (5%, 0%), and (3%, 70%) (Table S2 in the Supplementary Material). Optical properties
were verified for each background material (Figs. S4–S7 in the Supplementary Material). The
fabrication proceeded by splitting the 3D-printed mold into two halves and pouring two 100-mL
batches of the phantom mixture in layers. Vessels were placed incrementally within each half
after each layer, and their approximate positions were documented. To ensure that the overall
coverage of vessel locations matches with human forearms, we compared them by plotting the
vessel locations in both humans from an in-house dataset37 and phantoms in Fig. S8 in the
Supplementary Material. Once both halves were filled and all 14 vessels were in place, the two
parts of the mold were joined, and any remaining cavity in the center was filled with the residual
phantom material.

2.2 Optical Imaging Techniques

2.2.1 Photoacoustic tomography

All phantoms were scanned using the MSOT Acuity Echo system (iThera Medical GmbH,
Munich, Germany) in a water bath using the wavelengths from 700 to 850 nm in steps of
10 nm. Each of the ten phantoms was imaged at three predefined locations, and for each location,
eight angular views were acquired in 45-deg increments around the phantom. This arrangement
resulted in 24 images per phantom, for a total of 240 images overall. The phantoms were
mounted on a rotational stage within the water bath to facilitate consistent data acquisition across
all angles and locations.

The acquired time-series data were corrected for laser energy (Fig. S9 in the Supplementary
Material) and filtered using a bandpass with cutoffs at 50 kHz and 20 MHz. The 700-nm wave-
length was excluded from subsequent analysis due to laser instability. Reconstructions were per-
formed with a delay-and-sum algorithm implemented in the open-source toolkit for simulation
and image processing for photonics and acoustics (SIMPA),38 specifying a speed of sound of
1497.4 ms−1 and a voxel resolution of 0.1 mm. After reconstruction, a Hilbert transform was
applied for envelope detection. The speed of sound was chosen to enable coregistration with
concurrently acquired ultrasound images. The photoacoustic (PA) images shown in this work
are the unnormalized results of this reconstruction algorithm.

2.2.2 Hyperspectral imaging

All phantoms were imaged using the Tivita 2.0 camera (Diaspective Vision GmbH, Am Salzhaff,
Germany). The wavelengths from 500 to 1000 nm in steps of 5 nm were imaged, but for con-
sistency with PAT, we used the wavelengths from 700 to 850 nm in steps of 10 nm for analysis in
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this work. Each phantom was placed on a rotational stage and scanned at eight angular positions
in 45-deg increments. Before each capture, the camera was refocused to ensure clear images.
This procedure yielded eight hyperspectral (HS) images per phantom, for a total of 80 images
across all phantoms. The acquired HS images were automatically corrected for white and dark
references using the open-source htc39 software.

2.3 Quality Assurance

To ensure that our phantoms faithfully replicate the intended optical and acoustic properties, we
performed two key evaluations: simulation studies to investigate the effects of air bubbles and
speed of sound variations on PA images and signal correlation analyses to confirm the relation-
ship between measured signals and the known absorption spectra at varying sO2 levels.

2.3.1 Simulation studies

Ultrasound segmentations including observed air bubbles were used to simulate phantom images,
comparing vessel spectra with and without air inclusions. In addition, a sensitivity analysis on
speed of sound variations (�50 and �100 ms−1 around the assumed speed of sound 1470 ms−1)
was performed. Because the main focus of this work is on the optical properties, refer to Sec. S3
in the Supplementary Material for detailed experiment descriptions and results in Figs. S16–S25.
Briefly, all simulations were conducted with SIMPA,38 employing MCX40 for photon transport
and k-wave41 for acoustic wave propagation. Each simulation used a digital device twin of the
MSOT Acuity Echo, and a digital tissue twin constructed from manual segmentations of five
representative phantom PA images. The vessels and background regions in these digital twins
were assigned the absorption and scattering coefficients obtained via the DIS system.

2.3.2 Signal correlation

PA signals (S) are proportional to the product of the Grüneisen parameter (Γ), μa, and the local
fluence (Φ): S ∝ ΓμaΦ.8 Because the Grüneisen parameter of the mixed dyes could be different
such that the PAT signal does not correlate linearly with the μa,

42 we investigated whether the mea-
sured μa for different sO2 levels correlates linearly with the PA signal. The processing steps included

• Vessel segmentation: Superficial vessels were segmented as regions of interest (ROIs), and
the top 5% of brightest pixels in each vessel region were averaged.

• Spectrum fitting: A linear regression (one multiplicative factor plus one offset) was applied
to match the expected absorption spectrum from 710 to 850 nm.

• Correlation analysis: The Pearson correlation coefficient (R value) between the measured
PA spectrum and the known absorption spectrum was determined for each vessel.

The HS signal (I) is formed from the diffusely reflected fraction of light that is neither
absorbed nor scattered out of the detection path. A common method to approximate μa from
reflectance data uses the Lambert-Beer law, where μa ∝ − logðIÞ.43 We therefore checked
whether the measured μa for different sO2 levels correlated with the HS signal. The processing
steps include

• Region selection: ROIs were chosen within superficial vessels, avoiding specular high-
lights and vessel edges to minimize cross-talk from the surrounding tissue.

• Lambert-Beer approximation: An approximate absorption spectrum was obtained by
applying μ̂a ¼ − logðIÞ.

• Spectrum fitting: A linear regression (one multiplicative factor plus one offset) was applied
to match the expected absorption spectrum from 700 to 850 nm.

• Correlation analysis: The R value was computed to assess the agreement between the
derived absorption spectrum and the known phantom absorption.

2.4 Oximetry Method Validation

To quantify the accuracy of our phantom-based oximetry measurements, the derived spectra
(both with and without signal correlation) were used as inputs to an LSU algorithm.10,11 The
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performance of LSU was assessed by calculating the mean absolute error (MAE) in estimated
sO2 levels. In the PAT experiments, LSU performance was also evaluated as a function of depth.
In addition, for PAT data, a fluence compensation step was introduced before LSU in simulation
studies, where the reconstructed image was divided by the estimated fluence to account for opti-
cal attenuation effects in the PA signal. Finally, errors were computed at the most granular level—
individual tissue-type instances (e.g., each vessel)—to obtain the mean, confidence interval, and
standard deviation. These metrics were then successively aggregated following the hierarchical
data structure: across vessels, across tissue types, and ultimately across all phantoms.

3 Results

3.1 Two Dyes Were Found to Mimic the Optical Absorption of Hemoglobin
Across the Full Range of Oxygenations

Following the dye testing and optimization process, IR-1061 and Spectrasense-765 were iden-
tified as the closest proxies for blood absorption between 700 and 850 nm (Fig. 3, derived μs in
Fig. S10 in the Supplementary Material) with Spectrasense-765 closely reproducing key features
of Hb (local minimum at 730 nm, local maximum at 760 nm). Although IR-1061 exhibited a less
pronounced slope than HbO2, the measured absorption still increased monotonically with wave-
length. Notably, the isosbestic point for the two dyes was located at ∼800 nm, mirroring that of
HbO2 and Hb. The R values to their respective target spectra can be found in Table S3 in the
Supplementary Material.

3.2 Five Oxygen Saturation Levels with Characteristics Similar to Blood Were
Derived

By varying the mixing ratios of IR-1061 and Spectrasense-765, five levels of sO2 were created
that approximate blood-like characteristics (Fig. 4; DIS reflectance and transmittance in Fig. S11
in the Supplementary Material). Although the relationship between dye concentrations and
resulting μa spectra is highly nonlinear, a relatively linear trend was observed when transitioning
from a 90:10 to a 100:0 dye ratio (representing 0% to 100% sO2 levels). Intermediate mixing
ratios (e.g., 93:7, 95:5, and 97:3) then produced five distinct sO2 values: 0%, 30%, 50%, 70%,
and 100%. Taking 90:10 and 100:0 as LSU endmembers yielded intermediate values of 30.7%,
52.4%, and 67.4% sO2.

3.3 Signal Correlation Shows Good Agreement with Measured Absorption
Spectra

The HSI setup [Fig. 5(a)] captures a top-down view of each phantom [Fig. 5(b)]. Analysis of the
signal in the denoted ROI for the representative case with 50% sO2 demonstrated an extremely
close match with the expected spectra [Fig. 5(c)].

Fig. 3 IR-1061 and Spectrasense-765 can mimic the absorption characteristics of the blood.
Dashed lines indicate the absorption coefficient (μa) spectra of oxyhemoglobin (HbO2) and deoxy-
hemoglobin (Hb). Solid lines indicate the measured absorption spectra of the proxy dyes. Bands
around the measured spectra indicate the standard deviation across the 12 measurement points
for each optical sample slab. Mean absolute errors between targets and proxy dyes are 0.78 and
0.64 cm−1 for HbO2 and Hb, respectively.
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The PAT system [Fig. 6(a)] provides cross-sectional images of the phantoms [Fig. 6(b)]. The
PAT correlation analysis in Fig. 6(c) also shows high concordance with the expected absorption,
although a higher degree of noise is seen in the PAT data compared with HSI. Analogous results
were obtained from other imaged forearm phantoms across the range of defined sO2 levels,

(a) (b)

(c)

Fig. 5 Measurement setup for hyperspectral imaging (HSI) (a), corresponding image (b), and
signal correlation of the 50% oxygen saturation (sO2) superficial vessel (c). The phantoms were
mounted on a rotational stage, and the camera was adjusted for each phantom such that the
middle of the phantoms was in focus (red dot). Images from eight angles in steps of 45 deg were
acquired per phantom. Panel (b) shows an example of an RGB-reconstructed image using the
spectral range of 530 to 725 nm including a region of interest (ROI) indicated by yellow margins
in the middle of a superficial vessel. The black solid lines in panel (c) represent the resulting linear
regression function with the corresponding Pearson correlation coefficient (R value). The inset plot
shows the measured absorption (blue) and estimated absorption (green, using the correlation
function) as qualitative confirmation.

(a) (b)

Fig. 4 Five oxygen saturation (sO2) levels were used for forearm phantom fabrication. Based on
IR-1061 and Spectrasense-765, five sO2 levels (in %) were derived with the respective mixture
ratios of 100:0, 97:3, 95:5, 93:7, and 90:10. Panels (a) and (b) represent the absorption coefficient
(μa) and scattering coefficient (μs), respectively. Solid lines are the spectra that are used as end-
members (0% sO2 and 100% sO2) for linear spectral unmixing (LSU). Dashed lines represent the
intermediate levels, and the corresponding percentages in the legend are the LSU results when
using the solid lines as endmembers. Bands around the spectra indicate the standard deviation
across the 12 measurement points for each optical sample slab.
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including images with more than one embedded vessel in the cross-sectional image (Figs. S12–
S15 in the Supplementary Material). The correlation coefficient R value between the imaging
signals and the measured absorption spectra in superficial vessels across the five example phan-
toms all exceeded 0.8, indicating strong agreement (Table 1).

3.4 Dyes Do Not Exhibit Any Significant Long-Term Optical Degradation

To indirectly examine the long-term optical stability of the used dyes, we re-recorded the HS
images described above in Sec. 3.3 more than 1 year later and performed the same correlation
analysis between the original and the re-recorded HS signals. The R values in Table 2 all exceed
0.95 and thus show very strong agreement. Plots with all measured spectra and their correlations
are provided in the Figs. S26–S30 in the Supplementary Material.

Fig. 6 Measurement setup for photoacoustic tomography (PAT) (a), corresponding image (b), and
signal correlation of the 50% oxygen saturation (sO2) superficial vessel (c). The phantoms were
mounted on a rotational stage in a water bath, and images were acquired from eight angles in steps
of 45 deg in three distinct locations along the phantoms. For each measurement location, the PAT
probe, which was attached to a mechanical arm to minimize motion during image acquisitions, was
adjusted such that it was approximately in the middle of the phantoms and 2 mm above the upper-
most point of the phantom. Panel (b) shows an example PA image at 800 nm including a region of
interest (ROI) indicated by yellowmargins in the middle of a superficial vessel. The black solid lines
in panel (c) represent the resulting linear regression function with the corresponding Pearson cor-
relation coefficient (R value). The inset plot shows the measured absorption (blue) and estimated
absorption (green, using the correlation function) as qualitative confirmation.

Table 1 Pearson correlation coefficients (R value) for linear
regression of hyperspectral imaging (HSI) and photoacoustic
tomography (PAT) signal and absorption correlation.

0% sO2 30% sO2 50% sO2 70% sO2 100% sO2

HSI 0.85 0.99 0.98 0.90 0.97

PAT 0.85 0.83 0.87 0.93 0.99
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3.5 Forearm Phantoms Can Be Used for Validation of Oximetry Methods

The performance for the three tested oximetry methods (LSU, LSU with calibration from signal
correlation analysis, and LSU with prior fluence compensation) applied to both PATand HSI data
can be found in Table 3. On average, the calibrated versions of LSU showed lower MAE and
reduced standard deviation compared to the uncalibrated approach, suggesting improved perfor-
mance. Fluence compensation in PAT increased the accuracy of evaluation in vessels, although its
benefit for the entire phantom was similar to the uncalibrated method. A key consideration for
PAT is evaluation at a function of tissue depths (Fig. 7) through which our findings indicate that
the calibrated LSU outperforms the uncalibrated approach at most depths in the entire phantom;
the fluence compensation method particularly performs well for the first 5 mm.

4 Discussion
In this study, we presented a set of anthropomorphic forearm phantoms that were designed to
replicate the optical absorption of HbO2 and Hb at five distinct sO2 levels (0%, 30%, 50%, 70%,
and 100%) within a biologically relevant wavelength range (700 to 850 nm). By employing 3D-
printed molds and strategically selected dyes, these phantoms achieved a morphologically real-
istic geometry while reproducing the optical properties HbO2 and Hb.

Phantom designs of previous work often rely on simplified geometries such as tubular or
multilayer structures. Although flow-based setups for controlled sO2 exist, they generally lack
morphological accuracy or long-term stability. Our approach addresses these shortcomings by
incorporating forearm morphology and carefully chosen dyes. This strategy yields phantoms that
more closely match the morphology and absorption characteristics of human tissue and provides
a robust testing platform for oximetry methods across various imaging modalities. It also avoids
the need for an in situ assessment of ground-truth sO2, as would be required in a flow circuit.
Although there may be instances when testing with blood itself is vital, for example, for optical

Table 3 Mean absolute error for linear spectral unmixing (LSU) applied on photoacoustic tomog-
raphy (PAT) images and hyperspectral imaging (HSI) images.

PAT HSI

Entire phantom Vessels-only Entire phantom Vessels-only

LSU 33.4� 19.6 30.4� 18.4 39.9� 15.0 45.3� 19.0

[32.6, 34.1] [29.4, 31.3] [39.6, 40.3] [44.7, 46.0]

Calibrated LSU 29.9� 5.0 27.9� 4.9 32.0� 0.6 31.1� 0.8

[29.7, 30.1] [27.6, 28.1] [32.0, 32.0] [31.1, 31.1]

Fluence compensation 27.9� 17.9 24.2� 16.9 Not applicable

[27.2, 28.6] [23.3, 25.1]

Calibrated LSU indicates that the correlation function was calculated via linear regression in Sec. 3.3. For PAT,
fluence compensation means that the reconstructed image was corrected based on simulated fluence. The
standard deviation is indicated with “±” and the bounds of the 95% confidence intervals of the mean are in
square brackets: [low, high]. All values are in percentage points (p.p.).

Table 2 Pearson correlation coefficients (R values) for linear
regression of the original and re-recorded hyperspectral (HS) signal
(measured over 1 year later) correlations.

0% sO2 30% sO2 50% sO2 70% sO2 100% sO2

R-value 0.98 0.97 1.00 0.96 0.99
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systems that rely on scattering from moving red blood cells, for many target applications such as
intraoperative imaging, optical systems could be more easily and routinely tested using the
approach outlined here.

One core contribution of our work is the open-source data and code for both the phantom
molds and dye optimization process. Researchers can 3D-print their own molds derived from
high-resolution MRI data, ensuring consistent morphology across laboratories. They can also
adapt our dye optimization framework to derive new chromophore combinations, extending
the utility of our work to other tissue types. Moreover, our validation experiments with HSI and
PAT indicate that the fabricated phantoms produce signals in good agreement with measured
absorption, thereby offering a reliable, standardized environment not only for validation of differ-
ent imaging systems between sites but also for evaluating different oximetry algorithms. By
providing a standardized but anthropomorphic phantom, the approach described here could
accelerate the development and comparison of optical imaging methods, ultimately improving
clinical translation.

Our correlation analyses show that both HSI and PAT signals strongly match the known
absorption coefficients of each phantom, underscoring the fidelity of the phantoms for exper-
imental validation. In particular, Pearson correlation coefficients consistently exceeded 0.8, and
the analysis for the five example forearms demonstrated close alignment with the expected spec-
tral behavior. Some instability was observed when applying oximetry methods at depth, which is
likely due to various vessels being embedded at different positions, having substantially larger
absorption coefficients than their surroundings. Therefore, when going from background
material to vessel material, the error of the oximetry method might experience a sudden drop
or increase.

Despite these advantages, several limitations remain. First, the two dyes used exhibit highly
nonlinear mixing behavior, complicating the process of achieving intermediate sO2 levels.
Although we successfully generated five distinct levels, further refinement is needed to enhance
reproducibility and minimize iteration. Further, even though we showed that the HS signals did
not degrade over time, we did not explicitly test the long-term optical and chemical stability of
these dyes within the base copolymer-in-oil matrix. Second, the DIS system employed for optical
characterization is susceptible to measurement uncertainties, which have been reported in prior
studies.44 Although we attempted to minimize these uncertainties by verifying the mixing ratio
both by weighing the dyes and by using LSU on the measured μa, minor deviations are still

Fig. 7 Error analysis of three oximetry methods for photoacoustic tomography as a function of
depth. Mean absolute error (MAE) in percentage points (p.p.) of linear spectral unmixing (LSU)
without (blue) and with calibration (green) using a superficial vessel, and with fluence compen-
sation (pink) is plotted against the depth of the evaluation pixel for both the whole phantom (top)
and for the vessels only (bottom). The bands around the solid lines indicate the standard
deviation.
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possible. Because the focus of this paper was on the optical properties of the phantoms, a full
acoustic characterization was not performed, and only basic speed of sound measurements, bor-
rowed from previous work,28 were used. Finally, the phantoms contained small air bubbles
despite extensive vacuuming, which may cause acoustic reverberations, particularly for vessels
located deeper than 1.5 cm. Therefore, we recommend limiting the validation of oximetry meth-
ods with these phantoms to vessels whose centres lie at depths shallower than 1.5 cm. To simplify
fabrication and ensure reproducibility, we opted for a homogeneous background material without
an additional skin-mimicking layer. Although adding a realistic skin layer is conceptually valu-
able and would add more realism to the phantoms, it is technically challenging in a phantom of
this size without introducing more air entrapments. Finally, for visual comparison, we showed a
side-by-side view of a human forearm, an example forearm phantom, and its corresponding sim-
ulation in Fig. S31 in the Supplementary Material, including their unmixed images. As there are
still some very apparent differences such as the heterogeneity of the bulk background or the size
of vessels, future work will tackle these discrepancies.

5 Conclusion
By enabling accurate and repeatable performance assessments, our tissue-mimicking phantoms
provide a robust standard for oximetry validation, bridging the gap left by limited in vivo refer-
ence methods. Looking ahead, the fabrication strategies and dye selection processes described
here offer an initial step for developing even more complex phantoms, thereby fostering more
reliable and clinically translatable optical imaging techniques.
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Abstract. Photoacoustic imaging (PAI) holds significant clinical poten-
tial for its functional imaging capabilities, yet the lack of high-quality, ex-
perimental datasets with reference measurements for optical or functional
properties such as blood oxygenation has hindered the development and
validation of data-driven methods and thus the translation of PAI into
clinical routine. To support the validation of such methods, we present
SPECTRE (Simulated Photoacoustic and Experimental data for Com-
paring Tissue Realism and quantitative Estimation), a curated dataset
comprising three complementary components. First, a set of multispec-
tral PA images acquired from anatomically realistic tissue-mimicking
phantoms provides a controlled experimental reference for benchmark-
ing. Second, corresponding paired simulated images based on the seg-
mented phantom geometries with known optical properties enable pixel-
wise comparison and image quality assessment. Third, a probabilistic
simulation dataset models anatomical variability within the phantoms,
facilitating the training and testing of robust algorithms in analogy to
the real, unpaired use case. All simulated images are labeled with optical
and functional properties, enabling direct comparison with their experi-
mental counterpart and quantitative evaluation. This resource supports
a range of tasks, for two of which (domain transfer and oximetry) we
provide example applications. By offering the first open-access resource
with both paired and unpaired real and simulated multispectral photoa-
coustic data alongside known reference values for optical and functional
properties, SPECTRE establishes a foundation for benchmarking and
accelerating methodological advances in PAI.
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Keywords: Photoacoustic imaging · synthetic data · validation · oxime-
try · data-driven methods · deep learning.

1 Background

Photoacoustic imaging (PAI) is a hybrid imaging modality that combines optical
contrast with ultrasound resolution to visualize optical absorption deep within
biological tissue, offering the potential for real-time functional imaging [1,2,3].
Despite this promise, PAI has not yet been translated into clinical routine. Tra-
ditional model-based approaches for estimating functional parameters such as
blood oxygen saturation (sO2) have shown limited accuracy and robustness in
in vivo settings [4]. A primary cause is the wavelength- and tissue-dependent
attenuation of light, commonly referred to as spectral coloring, which renders
the inverse problem nonlinear and ill-posed [5,6].

In response, recent research has focused on the development of more ad-
vanced, data-driven methods that aim to learn the inverse mapping from multi-
spectral photoacoustic signals to physiological parameters [7,8,9,10]. However, a
major obstacle persists: the absence of reference values for optical and functional
tissue properties in vivo. This severely limits the ability to train and validate
data-driven methods under realistic conditions.

To overcome this limitation, researchers often fabricate tissue-mimicking phan-
toms with known optical properties [11]. While phantoms offer a controlled envi-
ronment for benchmarking and validation, their fabrication remains challenging
due to the complex, multiscale structure of biological tissues. Moreover, produc-
ing phantoms in sufficient quantity and variability to support training of data-
driven models is highly labor-intensive. Existing phantom-based datasets, such
as flow phantoms or static constructs, typically have predefined, low-variability
structures and do not adequately reflect the anatomical diversity needed to train
robust algorithms [12]. Another existing dataset has a high number of PA images,
the phantoms, however, only include geometrical shapes, thus are not anthropo-
morphic, and don’t enable oximetry as downstream task [13].

In previous work, we presented the fabrication of anatomically realistic tissue-
mimicking forearm phantoms and detailed the corresponding multispectral pho-
toacoustic data acquisition process [14]. We demonstrated that the recorded
photoacoustic signals reflect optical properties of blood and used the dataset to
validate quantitative oximetry methods.

An alternative approach involves the simulation of photoacoustic images us-
ing physics-based models that replicate the underlying light and acoustic prop-
agation processes [15]. Simulations provide access to complete ground-truth pa-
rameter maps and can, with sufficient computational resources, yield large-scale
datasets suitable for training data-driven models. However, a persistent domain
gap between simulated and experimental data limits the generalizability of mod-
els trained on purely synthetic datasets. This issue is typically addressed through
two strategies: (1) improving simulation fidelity by refining the underlying phys-
ical models and generating high-quality digital twins of tissue and device con-
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figurations [16,17,18]; and (2) applying domain transfer methods to enhance
the visual and spectral realism of simulated images. The latter are commonly
trained in an unsupervised fashion, given the lack of paired real and simulated
images [19,20,21].

In this work, we extend the foundation made in our previous work and ad-
dress the challenge of missing reference data through a combined approach that
leverages both experimentally acquired phantom data and simulations. Specifi-
cally, we introduce SPECTRE (Simulated Photoacoustic and Experimental data
for Comparing Tissue Realism and Quantitative Estimation), a curated dataset
comprising experimental and simulated photoacoustic images derived from ten
anthropomorphic forearm phantoms fabricated according to a standardized pro-
tocol [14]. SPECTRE includes: (i) experimental multispectral PAI data acquired
from the phantoms; (ii) paired simulations based on manually segmented geome-
tries with known optical properties; and (iii) a probabilistic simulation dataset
modeling anatomical and physiological variability within the phantom domain
for large-scale data-driven method training. An overview of the three datasets
and their generation process is provided in Fig. 1.

To demonstrate the applicability of SPECTRE, we provide example valida-
tions for two relevant tasks in quantitative PAI: (1) unsupervised domain transfer
and (2) blood sO2 estimation from multispectral photoacoustic images.

2 Methods

This section describes the three datasets comprising SPECTRE. Dataset I pro-
vides experimental measurements from tissue-mimicking phantoms. Dataset II
contains paired simulations for direct comparison and domain transfer. Dataset
III offers probabilistic simulations to model variability for training and validating
methods in an unpaired setting.

2.1 Dataset I: Experimental phantom dataset

To enable systematic validation of quantitative PAI methods, we previously in-
troduced a set of ten anatomically realistic, tissue-mimicking forearm phantoms
fabricated using a controlled protocol [14]. Nine of these phantoms, the standard
phantoms, contain a combination of three different blood volume fractions and
three different sO2-levels while one additional phantom (phantom 10) serves as
an out-of-distribution phantom outside of this 3 x 3 grid of combinations. Each
phantom was imaged using the MSOT Acuity Echo system (iThera Medical
GmbH, Munich, Germany) under standardized conditions. Specifically, to cap-
ture high anatomical and positional variability, each phantom was imaged at
three distinct longitudinal positions along the forearm and from eight angular
views (spaced at 45° intervals), yielding 24 multispectral images per phantom
and a total of 240 images across the dataset. The wavelength range is 710 nm -
850 nm in steps of 10 nm.
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Dataset II: Simulated PA images Dataset III: Prob. simulated PA images
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Fig. 1: SPECTRE contains three datasets, two of them paired and one
unpaired. Dataset I contains experimental photoacoustic (PA) images that were
acquired from ten anthropomorphic forearm phantoms with known optical pa-
rameters. As indicated by the label symbol, four of these phantoms were fully
annotated, resulting in 96 labeled (test split) and 144 unlabeled images (train
split). Based on these annotations, simulations could be generated via SIMPA,
making up the 96 paired images of Dataset II. A probabilistic model of the fore-
arm phantoms was generated, modeling anatomical and functional variability
with, for example, different vessel sizes and positions or oxygen saturations (sO2),
respectively. Based on this probabilistic model, randomized phantom tissue con-
stellations could be drawn and PA images simulated using SIMPA. Dataset III
contains unpaired, labeled simulated images of 500 digital forearm phantoms.
Blue corresponds to experimental data and manual annotations, and purple to
simulated data.

Of the full dataset, a subset of four phantoms, thus 96 images, was manu-
ally annotated to establish voxel-level ground truth. This subset was selected to
provide representative coverage of phantom properties, where three phantoms
had different blood volume fractions and sO2-levels, and one of these phantoms
(phantom 10) was the out-of-distribution sample for robustness evaluation. The
purpose of this subset is to serve as a test set throughout this work and thus to
enable an initial evaluation of the phantoms’ suitability for validating quantita-
tive imaging methods.

Annotations were made manually and the fabrication protocols were used to
assign vessels their corresponding sO2. This resulted in semantic segmentation
masks with nine tissue classes: (0) water, (1) bulk material, vessels at (2) 0%,
(3) 30%, (4) 50%, (5) 70%, and (6) 100% sO2, (7) bone, and (8) air bubbles.
In addition, sO2 maps were derived for blood-containing regions (labels 1–6),
while sO2 was set to undefined (“None”) for non-perfused classes. These labels,
in combination with the fabrication metadata reported in Dreher et al. [14],
allow for the complete assignment of optical and acoustic properties across all
annotated volumes.
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2.2 Dataset II: Paired simulated phantom dataset

The 96 annotated images from Dataset I served as the basis for generating simu-
lated images in Dataset II, thus enabling paired image comparison. Segmentation
maps were loaded into the SIMPA framework [22] using its segmentation-based
dataloader. Optical and acoustic properties, experimentally measured during
phantom fabrication, were assigned to each segmented class. SIMPA was used to
manage the simulation pipeline: Photon transport was modeled using MCX [16],
and acoustic wave propagation was simulated with k-Wave [17]. Noise was added
to the simulated time series data by iteratively optimizing Gaussian noise mag-
nitude until the peak signal-to-noise ratio matched that of the corresponding
experimental images for each wavelength. Image reconstruction was performed
using a delay-and-sum algorithm. For further details on the simulation process,
see [14]. This procedure yielded one multispectral simulated image per annotated
experimental image, resulting in 96 paired simulations.

2.3 Dataset III: Unpaired simulated phantom dataset

In in vivo applications such as forearm oximetry, reference values for optical and
functional tissue properties are not directly measurable. To address this limita-
tion, a probabilistic simulation approach is commonly employed [23,6] based on
anatomical priors from literature and statistics. Analogously, derived from the
statistics of the experimental phantoms, we designed a probabilistic model of
the phantoms to generate digital phantoms with high variability.

For each simulation, one of the three predefined imaging positions was ran-
domly selected, and a circular base geometry for the phantom was generated
using the mean radius observed in the corresponding subset of real phantoms.
Background optical properties were uniformly sampled from those of the nine
standard phantoms. With a probability of 40%, an elliptical structure represent-
ing a bone was inserted into the deeper region of the volume. This inclusion
was modeled with negligible optical absorption and scattering but with acoustic
properties approximating those of human cortical bone.

The number of blood vessels was randomly chosen between one and four,
reflecting the distribution observed in the experimental data. Vessel radii were
uniformly sampled between 3 and 6mm, and their optical properties were drawn
from the measurements obtained during phantom fabrication. Additionally, to
mimic fabrication artifacts observed in the real phantoms, a random number
(between 0 and 10) of small air inclusions was added, each with a diameter
sampled between 0.1mm and 0.25mm.

Using this model, 500 multispectral photoacoustic images were simulated
with the SIMPA framework, forming the unpaired, variability-rich Dataset III.

3 Technical validation

This section presents two example use cases demonstrating how SPECTRE can
be used to validate relevant tasks in the field of PAI. An overview of the exper-
imental design and validation strategy is provided in Fig. 2. First, the paired
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datasets (I and II) are qualitatively and quantitatively compared to assess the
visual and spectral realism of simulated images. Dataset II is transferred to the
real domain (called Dataset II: Sim2Real) by a domain transfer method that
was trained on datasets I (experimental) and III (unpaired simulations). Subse-
quently, Dataset II: Sim2Real is also compared analogously to Dataset I. Second,
two data-driven oximetry methods, one operating on 2D image-level input and
the other on 1D pixel-wise spectral information, are evaluated. Both models are
trained on Dataset III and Dataset III: Sim2Real, and tested on Dataset I to
assess real-world performance. Before presenting the results, the methods used
in these validations are briefly introduced.

Unlabeled exp. images
from Dataset I

Dataset II

Dataset II:
Sim2Real

Dataset I for paired 
image comparison

Dataset I as
oximetry test set

Labeled prob. 
simulations

from Dataset III

Validation of data synthesis
methods

Train 
cINN

Input for 
cINN

Domain transfer training Method validation

Unpaired
images

Dataset III Dataset III:
Sim2Real

Dataset I
4-fold

cross-val

Validation of data-driven oximetry
methods

sO2 sO2 sO2

Train oximetry methods

Fig. 2: Various tasks can be validated using SPECTRE. Domain trans-
fer or assessment of synthetic data and data-driven oximetry are exemplarily
validated. For domain transfer, first, unlabeled real data (Dataset I in purple)
and labeled prob. simulated data (Dataset II in blue) can be used to train a do-
main transfer model, in this case a conditional invertible neural network (cINN)-
based model. The model can use the simulated data to generate a more realistic
Sim2Real dataset (Dataset II domain transferred with purple-blue gradient). For
its validation, the generated dataset and Dataset II are compared to Dataset I in
a paired manner. Data-driven oximetry methods can be trained on Dataset III
and its domain transferred version as well as a 4-fold cross-validation of Dataset
I. These three models can be applied to Dataset I, and their performances can
be compared.

3.1 Data-driven methods

For domain transfer, we employed a method based on conditional invertible neu-
ral networks (cINNs), as introduced in [20]. Briefly, the cINN is trained to map
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both simulated (s) and real (r) images into a shared Gaussian latent space (zs
and zr), conditioned on the image domain. The segmentation maps are used as
additional conditioning for simulated data, whereas noise is used for the real
data. During inference, a simulated image is encoded into its latent representa-
tion zs, which is then decoded into the real domain zs→r using the real domain
conditioning. This process enables the generation of realistic, labeled images
aligned with the experimental data distribution.

For oximetry, two methods with different spatial modeling capacities were
evaluated. The first, learned spectral decoloring (LSD) [6], is a fully connected
neural network trained on 1D pixel-wise spectra extracted from vessels at various
depths. By learning from this variability, LSD captures the effects of spectral
decoloring implicitly. However, due to the inherent ambiguity in the mapping
between spectra and sO2 values caused by variations in depth and surrounding
tissue, multiple spectra may correspond to the same sO2 value, or vice versa.

To explicitly incorporate spatial context and improve robustness, we addi-
tionally trained a 2D U-Net [24] on the same oximetry task. This model, adapted
from the architecture proposed by Schellenberg et al. [23], processes full multi-
spectral image slices, allowing it to account for local spatial features that influ-
ence spectral appearance.

3.2 Realism of synthetic data
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Fig. 3:Domain transferred images look more similar to real images. The
images in the first, second, and third row correspond to the phantom image with
best, median, and worst mean absolute error (MAE) of the domain-transferred
images from Dataset II: Sim2Real compared to the real images from Dataset I. In
the middle, the real images are shown and on the left and right, the simulated and
Sim2Real images, respectively, are presented with their corresponding difference
to the real images. All images correspond to 800 nm.

Fig. 3 presents a qualitative comparison of the best, median, and worst cases,
ranked by mean absolute error (MAE) (of Dataset II: Sim2Real) between simu-
lated images from Dataset II, their domain-transferred counterparts from Dataset
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II: Sim2Real, and the corresponding experimental images from Dataset I. The
domain-transferred images show reduced error in background tissue regions and,
notably, exhibit lower signal intensity within vessels compared to their simulated
counterparts, aligning more closely with experimental observations.

Fig. 4 shows the quantitative MAE comparison between the simulated and
domain-transferred images to the experimental reference. While the domain-
transferred images achieve a slightly lower mean and comparable median of
the MAE distribution, they demonstrate substantially narrower 95% confidence
intervals and interquartile ranges, indicating improved consistency across the
dataset.
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Fig. 4: Domain transferred images have a smaller difference to real
images. The raw pixel distributions for absolute errors for both in the whole
phantom image (tissue) and in the vessels only are shown as violinplots left
and right, respectively, for both segmentation-based simulations (purple) and
domain-transferred data (green). For both domains, the mean absolute error
(squares), including 95% confidence intervals (CIs), as well as the median ab-
solute error (horizontal colored lines) with the interquartile ranges (IQRs), are
plotted. All descriptive statistics were calculated using hierarchical bootstrap-
ping.

3.3 Data-driven oximetry

This section presents the results of the data-driven oximetry methods described
in section 3.1 are presented. These methods share the lerning-based modeland
the difference in the following is introduced by the training datasets. In all cases,
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the experimental images of Dataset I are the test set to assess generalization to
real data.

Each method was trained on three different datasets: (1) Dataset I, (2)
Dataset III, and (3) Dataset III: Sim2Real. Training on Dataset I serves to
approximate an upper bound on model performance under in-distribution con-
ditions. As only four labeled forearm phantoms were available, four-fold cross-
validation was employed for experiments involving Dataset I to for robustness
while maximizing data use.

Oximetry on image-level 2D U-Nets were trained on each of the three
datasets to estimate blood sO2 from multispectral photoacoustic images with
15 wavelengths and a spatial resolution of 128 × 256 pixels. As shown in Table
1, the model trained on the Sim2Real dataset achieved the lowest absolute error
(AE) on the experimental test set. However, representative examples in Fig. 5
illustrate that none of the models reliably capture the anatomical structure or
accurately estimate sO2 across the image.

Training dataset Entire phantom Vessels-only

Simulated
Mean: 37.1, CI: 25.4, 49.3 38.5, CI: 32.4, 43.9
Median: 35.5, IQR: 11.8, 51.9 32.6, IQR: 12.5, 57.7

Sim2Real
Mean: 33.7, CI: 21.9, 46.9 31.4, CI: 27.6, 35.7
Median: 29.9, IQR: 15.8, 50.0 29.6, IQR: 14.0, 45.7

Real
Mean: 39.6, CI: 21.5, 55.1 32.8, CI: 29.5, 37.0
Median: 49.5, IQR: 12.9, 50.5 29.9, IQR: 19.5, 30.4

Table 1: Absolute errors in percentage points (p.p.) for U-Nets trained on sim-
ulated, Sim2Real, and real data for both the entire phantoms and vessels-only.
The top values for each row indicate the mean absolute error with correspond-
ing 95% confidence intervals (CIs), and the bottom values indicate the median
absolute errors with corresponding interquartile ranges (IQRs). All descriptive
statistics have been calculated using hierarchical bootstrapping.

4.5 Open-source validation data
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Fig. 5: Example of blood oxygen saturation (sO2) estimations by U-
Net models. In the top row, a representative exemplary PA image at 800 nm
is shown as input to the trained U-Net with its corresponding sO2 label. The
images in the second row are in order the sO2 estimations made by the U-Net
models trained on real data, simulated data, and Sim2Real data.

Oximetry on pixel-level Pixel-wise LSD models were trained on each of the
three datasets to estimate sO2 from spectra consisting of 15 wavelengths. As
shown in Table 2, the model trained on Sim2Real data achieved the second-
lowest AE, following the model trained on Dataset I.

Training dataset Vessels-only

Simulated
Mean: 59.4, CI: 48.4, 73.7
Median: 67.6, IQR: 29.4, 90.3

Sim2Real
Mean: 32.0, CI: 29.3, 34.8
Median: 27.0, IQR: 14.8, 46.7

Real
Mean: 29.5, CI: 26.9, 32.5
Median: 26.1, IQR: 13.1, 41.4

Table 2: Absolute errors for LSD models trained on simulated, Sim2Real, and real
data applied to spectra of vessels of real data only. The top values for each row
indicate the mean absolute error with corresponding 95% confidence intervals
(CIs) and the bottom values of each row indicate the median absolute errors
with corresponding interquartile ranges (IQRs). All descriptive statistics have
been calculated using hierarchical bootstrapping. All values are in percentage
points (p.p.).

A more detailed analysis of the LSD models was performed by first investi-
gating the estimated sO2 values for all test spectra, depending on their label,
as shown in Fig. 6a, where the pixel error distributions are plotted. Second, the
mean absolute error is plotted along depth for all LSD models in Fig. 6b.
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Fig. 6: Sim2Real training data yields results more similar to real data
compared to simulated data. In subfigure 6a, for each of the five sO2 levels
within the phantoms (0%, 30%, 50%, 70%, 100%), the estimated pixel distri-
butions for all three learned spectral decoloring (LSD) models are plotted. The
median and interquartile range (IQR) are indicated in white and black, respec-
tively. Subfigure 6b shows the mean absolute pixel error along depth within the
phantoms for all three LSD models including a random uniform estimator with
a mean absolute error (MAE) of 36.6 p.p. Bands around the mean indicate the
standard deviation.

Figure 6a illustrates that the LSDSim2Real model exhibits behavior more simi-
lar to the LSDreal model compared to the LSDsim model. The LSDsim model con-
sistently predicts 0% sO2 across all input spectra, indicating a complete failure
to generalize to experimental data. While the LSDSim2Real and LSDreal models
predominantly predict sO2 values near 50%, suggesting limited generalization,
the presence of additional modes near 30% and 100% in the LSDSim2Real pre-
dictions, and across most ground truth classes in the LSDreal model, suggests
improved but still insufficient performance.

4.5 Open-source validation data
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4 Discussion

In this work, we present SPECTRE, the first paired dataset of multispectral
simulated and experimental photoacoustic images designed for validating quan-
titative tasks in PAI. Until now, the lack of experimental data with voxel-level
annotations has made it challenging to rigorously evaluate data-driven methods.
Most existing approaches have relied exclusively on simulated data, limiting
their ability to generalize to real measurements. Domain transfer methods, in
particular, have often been validated either indirectly via downstream tasks with
available labels or solely on synthetic data.

SPECTRE addresses this limitation by leveraging data from anatomically
realistic, tissue-mimicking forearm phantoms described in previous work [14],
enabling paired and unpaired validation in a setting representative of in vivo
use cases. In addition to introducing the dataset, we demonstrated its utility
through two example tasks: domain transfer and sO2 estimation. The dataset
is also applicable to other tasks, such as segmentation or quantitative optical
property estimation.

From the validation experiments, we draw several observations. In the domain
transfer task, Sim2Real images consistently showed a moderate reduction in
absolute error compared to the original simulations in Dataset II. Qualitatively,
key discrepancies between simulated and experimental data, such as lower vessel
signal intensity, were partially mitigated by the domain transfer approach. In the
oximetry task, domain-transferred training data also yielded lower AE in sO2

estimation compared to models trained on purely simulated data, suggesting
improved generalization.

However, the results do not yet support definitive conclusions. The 2D U-Net
model exhibited limited generalization capacity, likely due to the small training
set size (72 images per fold) relative to the complexity of the input (15 × 128 ×
256 dimensions). The pixel-wise LSD model trained on simulated data failed to
generalize, consistently predicting 0% sO2. In contrast, the LSD model trained
on Sim2Real data produced a broader output distribution, with multiple modes
of the prior distribution. Notably, its behavior resembled that of the LSD model
trained on experimental data, suggesting that the domain-transferred and real
data distributions are more similar.

Still, both LSD models displayed broad sO2 distributions (cf. Fig. 6a), consis-
tent with prior observations in [6], where spectral ambiguity in complex forearm
tissue geometries limited the suitability of the LSD method. This further illus-
trates the intrinsic difficulty of the inverse problem and the need for methods
that explicitly account for spectral decoloring and model uncertainty.

Based on these observations, one main conclusion is that the original ex-
perimental design regarding data splits resulted in too few data points in both
training and test splits for the data-driven methods to be both trained and val-
idated on. A 70:30 train:test split is fairly common in the ML community, and
since in this work, an out-of-distribution sample was introduced as well, a 60:40
split was chosen. The 40% (96 images) were annotated and used as a held-out
test set, which is also common practice. Since the baseline method trained on
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these experimental data also could not perform substantially better than a ran-
dom guesser, we can conclude that this training data was not enough for this
task. Future work will focus on extending the annotated dataset to include all
ten phantoms, thereby addressing current data limitations. A different training
scheme for the Sim2Real models will also be explored. So far, only 60% of the
dataset was used for domain transfer. An alternative approach could involve
applying domain transfer to the full dataset while withholding ground-truth an-
notations for downstream tasks such as segmentation or oximetry during train-
ing. This would allow models to be trained on all domain-transferred data and
evaluated across the complete set of annotated experimental images, improving
statistical power without introducing data leakage.

In addition, we plan to evaluate more advanced oximetry models incorporat-
ing uncertainty estimation, such as those proposed by Nölke et al. [10], to better
handle the inherent ambiguities in spectral photoacoustic data.
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Seidlitz, S., Sellner, J., Studier-Fischer, A., Gröhl, J., Nickel, F., Köthe, U., Seitel,
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AI is advancing at an extraordinary pace, continuously reshaping scientific research and
technological development across disciplines. In the context of PAI, the influence of AI is
increasingly evident as shown by P.I, the first featured publication of this thesis. Among
the first comprehensive reviews on DL in PAI [13, 76, 77], it remains the most-cited review
of DL in the field. The review identified the lack of annotated, high-quality reference data
as the principal obstacle to the broader adoption and effectiveness of data-driven methods
in the field. Since the publication of P.I, interest in DL for PAI has grown significantly.
Numerous subsequent reviews have expanded on the landscape, covering both general
applications [78, 79] and domain-specific tasks such as artifact reduction or oximetry [80,
81].
Compared to traditional model-based methods, data-driven approaches offer several com-
pelling advantages. They excel at capturing complex, nonlinear relationships between input
and output, making them particularly effective for tasks such as solving partial differen-
tial equations in physics [82] or predicting protein folding in molecular biology [83]. In
the physical sciences, these models are often employed under the paradigm of physics-
informed neural networkss (PINNs), which integrate physical laws into the learning process
to varying degrees, from purely data-driven learning to tightly constrained physics-guided
inference [84, 85, 86]. Once trained, these models can serve as fast surrogate solvers for
complex simulations, achieving significant reductions in computational time [87]. More-
over, the rapid inference enabled by data-driven models is a major advantage for real-time
or intraoperative applications in medical imaging [88].
Recent breakthroughs, including diffusion models, transformer-based architectures, and
large-scale foundation models, are beginning to steer methodological innovation within the
PAI community. These models have already demonstrated promising results in a range of
tasks, including image synthesis, oximetry, artifact reduction, and image reconstruction [89,
90, 91, 92, 93, 94].
However, these advantages come with important limitations. Training large-scale models
often demands considerable computational resources, contributing to growing environmen-
tal concerns due to their substantial carbon footprint [95]. Additionally, many AI models
operate as “black boxes”, making it difficult to interpret their internal decision-making
processes. Despite the development of explainable AI techniques [96] and progress in
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reasoning-based modeling [97], the lack of transparency remains a critical concern, partic-
ularly in high-stakes domains such as medicine, where model interpretability is essential
for clinical acceptance [98].
Ultimately, there remains a broad consensus that the scarcity of high-quality data continues
to represent one of the primary obstacles in the field. This fundamental limitation emerged as
the central challenge addressed by this thesis. To address this challenge, three subchallenges
and their corresponding research questions have been derived resulting in a comprehensive
data-driven synthetic image generation pipeline including its validation. This section
discusses the contributions made towards each individual RQ in the broader context of
data-driven PAI.
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5.1 Facilitating multiphysics simulations for
photoacoustic image generation

The challenge of a comprehensive photoacoustic simulation pipeline

Computational modeling in PAI is fundamentally challenging due to the inherently multi-
physics nature of the modality. Simulating PA images requires accurate modeling of light
propagation through heterogeneous biological tissue, the conversion of absorbed optical
energy into initial pressure via the PA effect, and subsequent acoustic wave propagation to-
ward the detection system. Each of these steps involves complex, spatially varying physical
properties and nonlinear interactions across multiple scales.
One of the most significant difficulties does not lie in the availability of simulation al-
gorithms themselves. Highly capable simulators for photon transport [46, 99] (e.g., MC
methods or finite element methods) and acoustic wave propagation [47, 100] (e.g., k-space
pseudospectral methods) already exist. The problem lies in managing the complexity of
integrating these tools into a coherent and extensible simulation pipeline. Moreover, the
realism and generalizability of the simulations hinge critically on the quality of the input
data, including device configurations, anatomical structures, and tissue properties.
To address these challenges, SIMPA was introduced, an open-source simulation toolkit for
PAI, as described in P.V: Open-source simulation toolkit. SIMPAwas developed to facilitate
flexible, modular, and high-fidelity synthetic PA image generation. Rather than implement-
ing custom physical solvers, SIMPA integrates the state-of-the-art simulation backends
MCX [46] for light transport and k-Wave [47] for acoustic wave propagation, through a
modular architecture that ensures compatibility with updates and allows straightforward
substitution or extension with other simulation tools.
A core contribution of SIMPA is its standardized framework for defining digital twins
of both biological tissue and imaging devices. This abstraction layer enables the reuse
of complex anatomical models across experiments and fosters reproducibility. SIMPA
supports the composition of application-specific, heterogeneous tissuemodels by combining
literature-derived properties and analytical models (e.g., for vasculature).

Modeling realistic biological tissue and its photoacoustic effect

Significant limitations persist in modeling realistic tissue and device properties [37]. Creat-
ing anatomically plausible, multi-scale 3D tissue volumes remains a labor-intensive task,
requiring accurate structural information as well as detailed knowledge of spatially and
spectrally varying optical and acoustic parameters. Even widely used resources such as
Jacques (2013) [101] provide only limited spectral coverage and lack consistency across
tissue types. High-resolution in vivo characterization of tissue properties remains challeng-
ing, and even ex vivo measurements may not generalize due to differences in temperature,
perfusion, or structural integrity. As a result, soft tissue is often modeled as homogeneous
bulk, limiting physiological fidelity. To improve the multiscale modeling accuracy of bio-
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logical tissue in PA simulations, two key aspects must be addressed. First, the anatomical
realism of tissue geometries must be significantly enhanced. While procedural generation
of simple homogeneous regions is common, accurate modeling of complex structures,
such as vascular networks, remains a major challenge. Several specialized toolkits and
data-driven approaches have been developed to generate realistic vascular trees using paral-
lelized algorithms [102] and image-based realistic tissue [58], which could be integrated
into existing pipelines to enable more faithful modeling of features like tumor vasculariza-
tion or organ-specific microstructures. Second, the quantitative characterization of tissue
properties, particularly optical parameters, is critical. While ongoing research continues
to develop and refine measurement techniques for optical property estimation [103], each
method carries specific limitations in terms of accuracy or spatial resolution. In addition
to this, there is currently no open-source library providing a curated collection of tissue-
specific optical properties, annotated with detailed metadata about experimental conditions
and acquisition protocols. In contrast, such a resource does exist for acoustic properties,
offering a useful model for how an open, community-driven database of optical parameters
might be generated [104]. Establishing such a standardized, openly available database for
optical properties would represent a major step forward in enabling more physiologically
accurate and reproducible PA simulations.
Finally, accurate modeling of the PA effect itself, particularly the conversion of the absorbed
energy to initial pressure via the Grüneisen parameter, remains underexplored. In most
simulation pipelines, including SIMPA, this parameter is assumed constant and wavelength-
independent, despite known variability across tissue types and conditions. Incorporating
spatially and spectrally resolved models of the Grüneisen parameter represents a critical
future step for enhancing realism.

Addressing research question 1 (RQ1)

How to facilitate multiphysics simulations for the generation of PA images?

In summary, this thesis addresses RQ1 by presenting SIMPA, the first open-source
simulation toolkit tailored to the specific needs of PA image generation. By de-
coupling the simulation workflow from specific simulation toolkits and imaging
devices, SIMPA significantly lowers the technical barrier for building high-fidelity,
reproducible simulation workflows in PAI. SIMPA has proven to be a robust and ex-
tensible solution to facilitating multiphysics simulations in PAI. It has been adopted
in several international initiatives, including projects under the umbrella of the
IPASC [105, 106], and its growing impact on the community is also reflected by
over 100 stars on its GitHub repository. While challenges such as accurate modeling
of anatomical complexity and tissue-specific properties persist, SIMPA provides a
flexible and robust foundation on which increasingly realistic simulations can be
constructed.

130

https://github.com/IMSY-DKFZ/simpa


5.2 Closing the domain gap while preserving spectral fidelity

5.2 Closing the domain gap while preserving spectral
fidelity

Domain transfer methods

The limited generalizability of data-driven methods from simulated to experimental data
in PAI is largely attributed to the domain gap between these two distributions. In this
thesis, this problem is addressed through the use of unsupervised domain transfer, aiming to
align the distributions of simulated and experimental data. Domain adaptation techniques
have shown notable success in bridging such distributional gaps, particularly in the field
of natural image processing [17, 18]. Consistent with this, the results presented here
demonstrate that, following domain transfer, simulated PA images more closely resemble
experimental data in terms of visual characteristics and spectral behaviour.
However, whether this improved similarity corresponds to physicallymeaningful corrections
or merely reflects superficial adjustments remains uncertain. Given the complexity of PA
image formation, governed by nonlinear light propagation, absorption, thermal expansion,
and acoustic wave propagation, it is unlikely that the model has captured the underlying
physics. Instead, it may have learned distribution-level features and introduced generalized
patterns, such as redistributing intensities across channels or adding background clutter,
which improve statistical resemblance but may lack physiological or physical plausibility.
A domain transfer model’s capability of automatically learning to transform samples from
a source distribution to a target distribution without direct supervision is not restricted
to the transfer from simulated to real images. Their general applicability extends well
beyond this use case. In principle, such models can be trained to align any two data
distributions that share underlying structural or statistical commonalities. This flexibility
could be particularly relevant for addressing systemic biases in PAI, such as those introduced
by variations in skin tone, sex, or population-specific features. For instance, it is well-
documented that differences in melanin absorption can result in skin tone bias in PAI [107,
108]. The cINN-based method has already shown promising capabilities in addressing
structured domain shifts, as demonstrated in P.XXV, where simulated differences in skin
tone and blood volume in soft tissue between toy datasets were successfully mitigated.
Similarly, imbalances in training datasets, for example, due to underrepresentation of
certain demographic groups, can lead to shortcut learning and biased model behavior in
deployment [109]. Furthermore, shifts in prevalence or data distribution at test time are
common challenges in real-world clinical applications that could be addressed by such
models [110].
The practical utility of such domain transfer models lies in their demonstrated ability to
improve downstream performance. In preliminary results from the SPECTRE dataset,
oximetry models trained on domain-transferred data (Sim2Real) produced outputs more
consistent with those trained on experimental data. Additionally, in P.III, substantial
performance gains were achieved in artery-vein and organ classification tasks. In this light,
domain transfer may even be viewed as an advanced data augmentation strategy: If it
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improves task performance, it is useful. Ultimately, if domain transfer methods can reliably
boost the performance or reliability of clinical tasks and thereby contribute to better patient
outcomes, they hold clear value. Moving forward, however, integrating stronger physical
priors, beyond the image data and segmentation masks, into the domain transfer process
may foster more interpretable and trustworthy models that better respect the underlying
physics of PA image formation.

Recent generative model developments

The cINN- and GAN-based domain transfer approach introduced in P.III: Unsupervised
domain transfer represents the first method to combine the exact maximum likelihood
training of cINNs with the high image fidelity typically associated with GANs. At the time
of publication, GANs were still on the verge of being considered to be the state-of-the-art
image generation, while the release of DALL-E 2 in late 2022 marked a turning point in
generative modeling towards diffusion models and transformer architectures [111, 112,
113]. While recent ChatGPT models or emerging foundation models are likely still too
data-hungry to be applied to a low-data modality such as PAI [114], methods that are
specifically developed for low data regimes [115] hold promise. However, a systematic
comparison between the cINN-based method and these emerging alternatives is needed to
establish their relative advantages in the context of domain transfer for spectral imaging.
With the speed of developments, it remains only a matter of time before newer network
architectures or training strategies can outperform the proposed approach.

Sepctral fidelity

One of the main advantages of PAI in comparison to other modalities like ultrasound
imaging lies in its potential for functional imaging due to its multispectral capabilities.
Naturally, all image processing methods in PAI need to be designed in a way that they
accommodate this multispectral data. For domain transfer from simulated to experimental
PA images, this means that tissue types might have different spectral signatures depending
on the domain. For instance, as shown in P.III, a systematic spectral shift between simulated
and experimental vessel data was observed. This is likely due to differences in skin tone
modeling or bulk tissue properties, both of which contribute to spectral coloring through
light-tissue interactions.
Ideally, a domain transfer method would detect these differences and infer meaningful
and physically plausible transformations without direct supervision. As discussed before,
asserting that a domain transfer model understands this process correctly is challenging.
Therefore, specific attention has to be paid to this spectral fidelity, which is not common in
the general field of computer vision working with natural images where most innovations
originate from.
The cINN-based method demonstrated the ability to transfer spectral information across
domains, learning domain-specific differences such as subtle spectral shifts of arteries and
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veins between experimental and simulated data. Its successful application to pixel-level
spectra in the hyperspectral imaging (HSI) domain also suggests the method’s potential
generalizability not only beyond PAI to other spectral imaging modalities but also to natural
RGB images.

Addressing research question 2 (RQ2)

How can unsupervised domain transfer close the domain gap between simulated and
experimental PA images while preserving spectral fidelity?

Until simulations reach a level of realism sufficient for direct generalization, there
will remain a need to bridge the gap between domains. Domain transfer techniques
provide a practical and effective means of doing so, enabling the use of abundant
synthetic data to support model development. Overall, this thesis addresses RQ2
by demonstrating that unsupervised domain transfer models can improve the visual
and statistical alignment between synthetic and experimental PA images without
requiring paired training data. While these models do not explicitly learn the un-
derlying physics, they effectively capture domain-specific differences and introduce
corrections that enhance downstream task performance. The cINN-based method
was able to adjust spectral characteristics in a manner that aligns better with ex-
perimental observations, suggesting a promising degree of spectral preservation.
Although perfect spectral fidelity cannot be guaranteed, the results indicate that such
methods can serve as a powerful tool to reduce the domain gap and improve model
generalization in low-data settings.
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5.3 Design of phantoms for validation platform
Phantom design

Designing anthropomorphic phantoms for the validation of quantitative PAI methods is
a highly complex task, requiring careful consideration of both biological realism and
practical feasibility [116]. In addition to the challenges already discussed in the context
of computational tissue modeling, such as accurately capturing anatomical geometry and
assigning tissue-specific optical and acoustic properties, physical phantom fabrication is
considerably more demanding and intricate.
Fortunately, prior advances in phantom material development [117] and community-driven
initiatives, such as IPASC’s efforts to disseminate standardized practices through work-
shops and seminars, have enabled more consistent and reproducible fabrication protocols.
Leveraging these developments, the phantoms introduced in this thesis were created within
a use case-specific workflow: anatomical data were acquired through MRI of a human
forearm, from which a 3D digital model was extracted and subsequently 3D printed to en-
sure anthropomorphic accuracy. The optical properties of the embedded tissue-mimicking
regions were tailored by adjusting dye concentrations to reproduce the absorption spectra of
oxygenated and deoxygenated hemoglobin. These phantoms incorporate five distinct levels
of blood oxygen saturation sO2 in both the background material and vessel-like inclusions.
While the presented workflow was specifically developed for oximetry in forearm-based
applications, broader adoption across the field will require further refinement due to several
limitations. One notable challenge is the presence of small air bubbles, which can introduce
acoustic artifacts and significantly degrade signal quality, particularly at greater imaging
depths. These artifacts are primarily caused by air inclusions at material interfaces, such as
between surrounding soft tissue and vessels or bones. Addressing this issue will require
improvements in degassing procedures, such as more effective vacuuming techniques, as
well as redesigning the phantom molds to minimize air entrapment during casting. Another
potential area for improvement is the integration of contrast agents for MRI or CT into
the phantom material. In the current workflow, PA images were manually annotated by
matching visible vessel structures to the fabrication protocol. This process was both time-
consuming and prone to human error. Embedding MRI- or CT-visible contrast agents
would allow high-resolution structural imaging of the internal phantom architecture, thereby
enabling more accurate and semi-automated annotation of corresponding PA data.
Overall, further advances in phantom fabrication are needed to enable the development of
reproducible, scalable, and stable anthropomorphic phantoms. Data-driven methods require
large quantities of high-quality data for both training and validation, and the correspond-
ing acquired images must closely resemble the intended clinical use case, in this thesis,
oximetry in human forearms. The phantoms used here were fabricated using 3D-printed
molds, similar to the approach described by Grasso et al. (2023) [118], into which the
phantom material was cast. A promising future direction lies in the direct 3D-printing of
phantom materials, as demonstrated by Ragunathan et al. (2025) [119], which could enable
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the fabrication of highly complex and anatomically detailed 3D structures within larger,
heterogeneous phantoms.

Validating data-driven photoacoustic methods

In the broader computer vision community, segmentation and classification have been
studied since at least the 1960s. However, the pace of innovation in machine learning has
recently outstripped the development of equally robust validation frameworks. Only recently,
in 2024, a large consortium proposed a general framework for selecting performance
measures for classification and segmentation tasks [120]. These tasks, which involve
assigning discrete labels to entire images, regions, or individual pixels, are relatively well-
structured in terms of evaluation. In contrast, regression-based tasks in PAI, such as image
reconstruction or oximetry, require continuous value prediction at the pixel level and are
more difficult to validate due to the absence of reliable in vivo reference.
Efforts like IPASC’s standardised image reconstruction project have attempted to stan-
dardize evaluation for reconstruction algorithms. However, findings suggest that optimal
metrics vary considerably by use case [121]. Some applications may require high contrast,
while others prioritize structural accuracy.
A recent approach by Gröhl et al. [122] and Breger et al. [123] introduced a dataset in
which domain experts rated reconstructed images based on visual interpretability. These
were acquired from optically characterized phantoms, offering a promising quantitative
validation method that integrates both expert opinion and controlled reference conditions.
Quantitative tasks such as oximetry present even greater challenges. Accurate ground truth
requires reference values for each pixel, which current in vivo imaging cannot provide.
Tunable flow phantoms can serve as validation tools, but their limited structural diver-
sity restricts generalizability. To address this, this thesis introduces SPECTRE, the first
comprehensive validation framework for quantitative PAI, based on anatomically realistic,
tissue-mimicking phantoms with reference annotations.
Although initial oximetry results from SPECTREwere inconclusive, they provide a valuable
foundation. It remains to be determined whether performance limitations arise from model
shortcomings or residual fabrication artifacts. Upon completion of annotations for all ten
phantoms, the evaluation presented in P.XII: Open-source validation data will be repeated
on a larger and more diverse dataset. The final release of SPECTRE is intended to serve
as a standardized benchmark for the community to rigorously compare state-of-the-art
quantitative PAI methods.
Ultimately, further research is required to bridge the gap between phantom-based validation
and in vivo applicability. Faithfully modeling the structural, optical, and acoustic complexity
of biological tissue remains a significant challenge. However, until accurate reference values
can be obtained in vivo, well-characterized phantoms will remain indispensable for the
rigorous validation of quantitative PAI methods.
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Addressing research question 3 (RQ3)

How can anthropomorphic phantoms be designed to provide reliable validation for
data-driven methods in PAI?

This thesis addresses RQ3 by presenting an initial, reproducible workflow for the
design and fabrication of anatomically informed phantoms, tailored for the validation
of quantitative PAI methods. Built on established phantom materials and guided by
patient-specific imaging, the approach enables the generation of complex structures
with defined sO2 levels for voxel-level annotation. The resulting SPECTRE dataset
offers a first-of-its-kind platform for benchmarking data-driven models for functional
tissue property estimation. This thesis provides a foundational contribution toward
systematic validation in PAI, offering a practical and extensible approach on which
future work can build.
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Summary 6
6.1 Summary of contributions
As in many areas of modern research, data availability increasingly drives methodological
progress and PAI is no exception. While PAI holds great promise for functional and
molecular imaging, the scarcity of annotated reference data remains a major barrier to
developing and validating robust data-driven methods. The primary objective of this
thesis is to address this central challenge in PAI. Given the inherent complexity involved,
the overarching problem is subdivided into three interrelated key subchallenges (C.1–3).
Addressing these subchallenges, this thesis provides three contributions, each building
sequentially upon the preceding one:

Contribution 1: Simulation framework

The toolkit for simulation and image processing for photonics and acous-
tics, or short, SIMPA, is a modularly designed framework that allows efficient
simulation of spectral images while being both user-friendly and highly cus-
tomizable. SIMPA is the first open-source PA simulation pipeline enabling
users to generate large-scale, state-of-the-art simulations with minimal setup ef-
fort. It is easily extendable, as shown by the straightforward addition of diffuse
reflectance imaging simulations. Further possible extensions are learning-
based modules for the synthesis of realistic tissue geometries and a surrogate
model for the model-based photon transport simulator. Both were published
in peer-reviewed journals (VI and VII) [91, 124]. Despite the comparatively
small PAI and optical community, the SIMPA GitHub repository has more than
100 stars with users and contributors from around the world. The pypi package
has been downloaded in 45 countries within 2024. Additionally, it has been
used by multiple projects of the IPASC, proving that it has a significant impact
on the community.

Contribution 2: Domain transfer method
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6 Summary

The domain transfer method presented in this thesis is the first cINN- and
GAN-based method, combining their advantages of exact maximum likelihood
training and high image quality, respectively. It could be shown that the method
can synthesize data that can help to improve the performance of data-driven
methods for various tasks compared tomodel-based simulations. Even though it
was originally designed for PA images, it could be easily adapted to reflectance
imaging. This generalizability was also acknowledged by MICCAI 23 poster
chairs who picked it as a poster highlight for having ”the potential to impact
other applications of AI and computer vision”.

Contribution 3: Validation platform

The presented anthropomorphic phantoms, combined with the corresponding
data from SPECTRE that will be open-sourced as soon as possible, represent
the first multispectral validation platform using experimental data with optical
and functional reference annotations in PAI. They have the potential to pave
the way for rigorous performance assessments of data-driven methods. Clinical
translation of PAI can only happen if both a clear use case and a corresponding
scientifically sound validation are provided. This thesis makes a substantial
step towards this goal.
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6.2 Conclusion

6.2 Conclusion
The PAI research community is in desperate need of experimental annotated data for algo-
rithm development and validation. To address this critical need, this thesis has introduced
a comprehensive approach for data-driven PA image synthesis. Beginning with the devel-
opment of the modular and efficient simulation framework SIMPA, it advanced towards
enhancing data realism through development of a domain transfer method and concluded
with establishing a broadly applicable validation strategy using anthropomorphic phantoms.
Although initially tailored for PAI applications, the methods developed, including SIMPA,
the cINN-based domain transfer, and fabricated validation phantoms, are versatile and can
be generalized to other imaging modalities, such as HSI. Specifically, the cINN-based
domain transfer approach demonstrated significant potential for unsupervised adaptation
across diverse imaging domains beyond its original context.
All tools, code, and datasets presented in this thesis have been or will be released open-
source to ensure broad accessibility and transparency. Notably, the wide adoption of SIMPA
within the research community exemplifies the impact and utility of these contributions,
facilitating external quality checks and reproducibility. While ongoing improvements in
simulation fidelity, advancements in deep learning techniques, and increasingly complex
phantom designs are necessary for further progress, the outcomes of this thesis constitute a
substantial advancement in methodological development, thereby supporting the transition
of PAI methods towards clinical application.
To further advance PAI, several factors contribute to a successful clinical translation.
Improving accuracy and robustness of methods for quantification of tissue parameters, such
as blood oxygen saturation, will stay important with data-driven approaches increasingly
dominating research efforts. High-quality simulations will continue to be essential for
developing these data-driven quantitative methods due to their unique ability to provide
ground truth reference. Finally, more complex, stable, and tissue-mimicking phantoms
must be developed to ensure reliable validation and benchmarking of methods intended
for clinical PAI applications. Ultimately, adoption of PAI in clinical routine warrants
demonstration of competitiveness compared to established medical imaging modalities and
is thus highly reliant on methodological advancements as presented in this thesis. The path
toward clinical validation of PAI will likely involve iterative and mutual advancements in
data availability, computational modeling, machine learning, and phantom fabrication, each
driving improvements and validation in the others, supported by a continued commitment
to open science practices.
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simulation and image processing for Photonics and Acoustics. The experiments conducted in this paper do
not require any external data. The latest release of the SIMPA code can be downloaded from GitHub (https:

//github.com/CAMI-DKFZ/simpa, last visited 14th December 2021). The code used to generate the results and
figures is available in a GitHub repository (https://github.com/CAMI-DKFZ/simpa_paper_experiments) and
via zenodo (made available upon publication).

*Send correspondence to K.K.D. k.dreher@dkfz-heidelberg.de
†These authors contributed equally
‡Shared last authorship
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1. SIMPA MEMORY AND TIME SCALING

One major use case of SIMPA is to simulate large training datasets for machine learning algorithms. As such,
the computational costs for the SIMPA simulations is of special interest. All experiments in this section were
conducted using a workstation with an AMD(R) Ryzen 3900x 12-core central processing unit (CPU), 64GB of
RAM, and NVIDIA RTX 3090 GPU running Ubuntu 20.04.

Generally, a higher resolution in medical imaging is advantageous for a physician to be able to differentiate
between small structures maybe even in the submillimeter regime. For simulation of PA images, a finer com-
putational grid can simulate higher frequencies of the acoustic waves∗. Unfortunately, with a higher resolution,
the computational costs can be extreme, such that it is not possible even for advanced scientific computers to
simulate PA images arbitrarily highly resolved. The resolution of a SIMPA simulation is given by the isotropic
voxel size or spacing. A simulation pipeline with the same parameters as the default simulation in section 3.2 of
the main paper has been executed ten times each with decreasing spacing from 0.4mm to 0.1mm and the RAM
usage, as well as the run time, for each pipeline element has been recorded. These simulations indicate what
the SIMPA user can expect of the scaling of Random Access Memory (RAM) usage, as well as the run time of
an example simulation pipeline of SIMPA with decreasing spacing (Figure S1). It is important to note that the
absolute numbers of the run times of the simulation runs can vary vastly from device to device, however, the
scaling of both RAM usage and run time with decreasing spacing should be consistent.

(a) Scaling of peak RAM usage with spacing. (b) Scaling of simulation run time with spacing.

Figure S1: Analysis of the random access memory (RAM) and run time requirements of SIMPA. S1a shows the
scaling of the peak RAM usage and S1b shows the scaling of the simulation run time with decreasing spacing
from 0.4mm to 0.1mm. Both the peak RAM consumption in GigaBytes (GB) (S1a) and the run time scaling
in seconds (s) (S1b) for each of the pipeline elements are shown on a logarithmic scale. The pipeline elements
are colour-coded as follows: volume creation (red), optical modelling (purple), acoustic modelling (green), image
reconstruction (orange), and field of view cropping (pink).

It should be noted that the first initialisation of any tensor on the GPU using PyTorch takes a lot longer
(around two seconds) than the actual reconstruction algorithm. Because of this, the image reconstruction time
including tensor initialisation is constantly around two seconds. As the actual reconstruction algorithm only
takes about 20 ms, a reconstruction frame rate of 50 Hz can be achieved if the user initialises the PyTorch
framework prior to executing the reconstruction algorithm.

∗http://www.k-wave.org/manual/k-wave_user_manual_1.1.pdf, last visited 14th December 2021
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2. CUSTOMISING SIMULATION PARAMETERS - RUN TIMES

In section 3.2 of the main paper, a simulation pipeline has been customised with various hyperparameters with
the aim of reaching the most similar reconstruction result compared to the underlying initial pressure. In Tables
S1, S2, S3, and S4 the run times for different parameter combinations can be found. The reconstructions in the
different pipelines were performed with the default settings (delay-and-sum), with an applied bandpass filter,
with a ”differential mode” (delay-and-sum of the first derivative of the time signal), and finally, a customised set
of hyperparameters. These times are reported for the spacings 0.15mm, 0.35mm, 0.55mm.

Spacing [mm] Optical modelling time [s] Acoustic modelling time [s] Image reconstruction time [s]
0.55 1.16 7.92 2.16
0.35 2.77 8.47 2.20
0.15 27.89 11.64 2.20

Table S1: Run times of the optical and acoustic forward modules and image reconstruction for the default
simulation pipeline in seconds (s). The times are reported for three different spacings: 0.15mm, 0.35mm,
0.55mm.

Spacing [mm] Optical modelling time [s] Acoustic modelling time [s] Image reconstruction time [s]
0.55 1.17 7.91 2.28
0.35 2.77 8.15 2.20
0.15 28.05 11.70 2.25

Table S2: Run times of the optical and acoustic forward modules and image reconstruction in seconds (s) for
a simulation pipeline with an applied bandpass filter (Tukey window with an alpha value of 0.5 and 1 kHz as
high-pass and 8MHz as low-pass frequencies). The times are reported for three different spacings: 0.15mm,
0.35mm, 0.55mm.

Spacing [mm] Optical modelling time [s] Acoustic modelling time [s] Image reconstruction time [s]
0.55 1.19 7.99 2.18
0.35 2.80 8.24 2.21
0.15 27.87 11.63 2.21

Table S3: Run times of the optical and acoustic forward modules and image reconstruction in seconds (s) for
a simulation pipeline with delay-and-sum reconstruction with the first derivative of the time-series data . The
times are reported for three different spacings: 0.15mm, 0.35mm, 0.55mm.

Spacing [mm] Optical modelling time [s] Acoustic modelling time [s] Image reconstruction time [s]
0.55 1.15 7.89 2.25
0.35 2.86 8.27 2.24
0.15 27.27 11.51 2.23

Table S4: Run times of the optical and acoustic forward modules and image reconstruction in seconds (s) for
a simulation pipeline with delay-and-sum reconstruction with a bandpass filter (Tukey window with an alpha
value of 0.5 and 1 kHz as high-pass and 8MHz as low-pass frequencies), the first derivative of the time-series
data and envelope detection. The times are reported for three different spacings: 0.15mm, 0.35mm, 0.55mm.
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3. INVESTIGATION OF ADVERSE PROGRAMMING EFFECTS

To simulate a large data set consisting of multiple photoacoustic images such as in section 3.6 of the main paper,
the simulation of each image should run as fast as possible without influencing the simulation of a succeeding
image of the dataset. This is relevant because the existence of dependencies within sequential runs would
potentially lead to unusable or heavily biased data. The risk that this happens is high, as such dependencies
could be introduced by minor software bugs (e.g. naming conventions are not kept, file access is not handled
properly, instance variables are not reset properly, etc). It is therefore important to examine the behaviour of
the toolkit in subsequent executions.

(a) Simulation run time differences. (b) Simulation result differences.

Figure S2: Analysis of the independence of subsequently executed simulations. Simulation run times of 100
sequential simulation executions are shown, where the pipeline was newly initialised every run. S2a shows the
difference of the run times for each simulation in seconds (s). S2b shows the absolute differences between the
simulation results, in this case the reconstructed images, where each image has been normalised between 0 and
1 in arbitrary units (a.u.). The dashed purple lines denote the 2σ interval around the mean and the red line
denotes the mean difference.

To investigate a possible existence of adverse effects from subsequent simulations runs, 100 simulations with
the same parameters are sequentially executed (with a spacing of 1mm). The simulation run times are highly
comparable (Figure S2); the simulation of the largest outlier took 0.17 s longer which is about 2% of the mean
simulation time (≈ 7.95 s). As for the resulting simulated PA images, the difference between the mean image
and largest outlier is about 1.5e-7 a.u. which is negligible since the images are normalized between 0 and 1 a.u.
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4. PHOTOACOUSTIC IMAGE PROCESSING

Currently, there are two widely used image processing algorithms implemented in SIMPA and are demonstrated
below.

4.1 Iterative quantitative photoacoustic imaging

The qPAI method introduced by Cox et al. 2006 uses a simple iterative scheme to recover optical absorption
coefficients of a known initial pressure distribution by repeatedly simulating the optical fluence based on previous
assumptions of the absorption coefficients and updating them accordingly until the algorithm converges. In
comparison to the 2D method presented in the original paper, in SIMPA, a slightly advanced 3D method was
implemented with MCX as the optical forward model. To reproduce the results obtained by Cox et al., one of
the example volumes was recreated and the optical model was simulated. The initial pressure and the optical
scattering were then used as input for the iterative qPAI algorithm. The ground truth and estimated absorption
coefficient distributions, a difference image and the estimated fluence are shown in figure S3 where the same
colour map has been chosen to make a comparison to the original paper easier. The results are surprisingly
similar to the original paper even though we use a different optical forward model.

(a) Ground truth absorption
[cm−1]

(b) Recovered absorption
[cm−1]

(c) Difference of ground
truth and recovered absorp-
tion [cm−1]

(d) Recovered fluence [a.u.]

Figure S3: Recreation of the Cox et al. 2006 quantitative PA imaging experiment within SIMPA. From left
to right, the panels show S3a the ground truth absorption coefficients in cm−1; S3b the absorption coefficients
recovered by the algorithm in cm−1; S3c the absolute difference of S3a and S3b; and S3d the recovered light
fluence of the last iteration step normalised between 0 and 1 in arbitrary units (a.u.). It has to be noted that
while the original study was conducted using a 2D photon propagation model, a 3D model (MCX) was used in
this case.

4.2 Linear unmixing

“Spectral unmixing is the decomposition of a mixed pixel into a collection of distinct spectra, or endmembers,
and a set of fractional abundances that indicate the proportion of each endmember.” (Keshava et al., 2002) Linear
spectral unmixing (the word spectral is often omitted) assumes that the pixel spectrum is a linear combination
of the spectra of the endmembers. A version of linear spectral unmixing using singular value decomposition to
reduce computational cost is implemented in SIMPA. To show the capabilities of this processing component, an
example simulation was performed including linear unmixing using the wavelengths 750 nm, 800 nm, and 850 nm
to provide an estimation of blood oxygen saturation (Figure S4). Notably, the errors of the estimated blood
oxygen saturation are comparably low within the two ellipses especially in the upper area of the ellipses. The
error is higher in the background because the signal of the highly absorbing structures dominates the spectrum
of the reconstructed image.
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(a) Reconstructed image at
750 nm [a.u.]

(b) Ground truth blood oxy-
gen saturation at 750 nm [%]

(c) Estimated blood oxygen
saturation [%]

(d) Absolute error [%]

Figure S4: An example application of linear unmixing on the reconstructed images within SIMPA. From left
to right, the panels show: S4a the normalised reconstructed PA image at a wavelength of 750 nm which serves
as input for the algorithm; S4b the ground truth blood oxygenation, where the background has 0%, the left
structure 50%, and the right structure 100% oxygen saturation; S4c the estimated blood oxygenation after linear
unmixing using 750 nm, 800 nm and 850 nm; and S4d the absolute error of the estimation when comparing S4b
and S4c.
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1

Supplementary Material for: Unsupervised Domain
Transfer with Conditional Invertible Neural Networks

Table S1: Simulated ranges of physiological parameters of a three-layer
tissue model for HSI. vHb[%] represents the blood volume fraction, sO2 the
blood oxygenation, amie the reduced scattering coefficient at 500 nm, bmie the
scattering power, g the scattering anisotropy, n the refractive index, and d the
layer thickness. Parameters were uniformly sampled within the specified range.

vHb[%] sO2[%] amie[cm
−1] bmie[a.u.] g[a.u.] n[a.u.] d[cm]

layers 1 to 3: 0− 30 0− 100 5− 50 0.3− 3 0.80− 0.95 1.33− 1.54 0.002− 0.2

simulation framework: GPU-MCML, 106 photons per simulation
simulated samples: 5.5× 105 in wavelength range: 500 nm-1000 nm, step size 2 nm

labeled 
real 

HSI data
50/50 split

labeled
real data

(pig set S1)

find nearest
neighbors

simulations
closest to
real data

remove 
ambiguous
simulations

unique 
simulations

use labels
from nearest
neighbors

labeled 
simulations

train domain 
transfer
method

unlabeled 
simulationslabeled

real data
(pig set S2)

Fig. S1: HSI data generation. Real data is leveraged to reduce a large set of
simulations to a set of plausible spectra with unambiguous labels.

Unsupervised domain transfer

7.2 Unsupervised domain transfer
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Fig. S2: Our domain transfer approach yields realistic spectra. Figures
a) and b) are the artery-equivalent of veins in Fig. 5 of the main paper. c) and d)
represent the real, simulated, and domain-transferred vein and artery spectra.

Table S2: Hyperparameters of cINN models and discriminators (Dis)
for PAT and HSI. The hyperparameters have been optimized to yield best
spectral consistency and classification performance. The networks have been
implemented in PyTorch. Here, “lr” represents the learning rate and “WD” the
weight decay. The code and pre-trained models are available at: GITHUB LINK.
Hyperparameter PAT cINN HSI cINN

Epochs 300 300
Batch size 2 10,000
Optimizer Adam (lr=0.001) Adam (lr=0.0001)
Optimizer parameters β1=0.4,β2=0.999,WD=0.001 β1, β2, WD=0.9, 0.95, 0.0001
Scales 5 1
Blocks per scale 4, 2, 1, 1, 2 40
Conditions per scale DY, D, D, D, D 30×DY + 10×None
Exponential clamping 1 1

Subnetwork
3×(2D Conv + ReLU)

256 hidden features

2×(Linear + ReLU)

512 hidden features

Hyperparameter PAT Dis HSI Dis

Scales 3 1
Layers per scale 4×(2D Conv + LeakyReLU) 3×(Linear + LeakyReLU)
Hidden features 64 256
Dropout prob. 0.2 0.2
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S1 Supplementary Notes

The phantom manufacturing protocol used for quality assurance during phantom production is

embedded below.
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Measurement Protocol for Multispectral Photoacoustic Inclusion 
Materials 
 
 

Date:  

Operator:  

Experiment ID:  

Colour:  

 
Phantom preparation protocol 
Please check the boxes when a step has been finished! 
 

​Step 1: Prepare 30 ml stock solution with 2 mg/ml 
Check? Instruction Comment 

​ Weigh 30 ml (25.14 g) of mineral oil in a skirted tube Mmeasured:  g 

​ Weigh 60 mg of the dye powder Mmeasured:  mg 

​ Mix the mineral oil and the dye in the vortexer (30 s) Tvortexed:  s 

​ Sonicate in the water bath sonicator for 10 s and 
then shake the tube by hand. (repeat ~10 times) 

Nrepetitions:   

​ Crush the little bits and clumps of the dye with a 
spatula. 

   

​ Repeat the previous 3 steps until there are no 
clumps left that are bigger than a granule of sugar. 

   

​ Label the tube with the dye ID and the date of 
production 

   

 
​Step 2: Prepare phantoms according to multicentre study 

The following steps are meant to briefly summarise and amend the IPASC multicenter 
phantom material verification study 2022 Protocol. This means that the steps are adjusted to 
a 50 ml volume of mineral oil (conversion ratio of 0.5 from 100 ml to 50 ml). In doubt, please 
refer to the full study protocol! 
Check? Instruction Comment 

​ Prepare a silicone oil bath, set the temperature to 
160°C 

   

​ Weigh 50 ml (41.90 g) of mineral oil in a beaker 
(beaker 1) 

Mmeasured:  g 

2
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​ Vortex the stock solution for 1 min Tvortexed:  min 

​ Pipette 12.8 ml of the stock solution Stock 
solution:  

  

​ Add the stock solution to beaker 1    

​ Weigh 76.5 mg of TiO2 and add to beaker 1 Mmeasured:  mg 

​ 
Sonicate and sway beaker 1 until no TiO2 is 
settled at the bottom. This will take roughly 20 - 
30 min. In the meantime, the following 3 steps 
can be performed. 

Tsonicated:  min 

​ Weigh 1.0 g of Butylated Hydroxytoluene Mmeasured:  g 

​ Weigh 12.57 g of SEBS Mmeasured:  g 

​ Add SEBS and Butylated Hydroxytoluene with a 
magnet stirrer in a new beaker (beaker 2) 

   

​ When there is no settled TiO2 left in beaker 1, 
pour the content of beaker 1 into beaker 2 

   

​ Heat beaker 2 in the oil bath for about 45 min 
with aluminium foil on top 

Tin oil:  min 

​ After 10 min, take off the aluminium cover and stir 
the mixture with a metallic spoon/spatula. 

   

​ When the mixture has become liquid, put in 
vacuum chamber for at least 1 min 

Tin vacuum:  min 

​ Scratch residual bubbles from surface and repeat 
the previous step if necessary 

   

​Step 3: Casting the phantom material into the mold for optical 
samples 

This step is for fabricating the optical samples used to measure absorption and scattering of 
the material. For this, take four microscopy glass slides, put a metallic frame on two of the 
slides and pour the material in it. Try to be quick when covering the material and the metallic 
frame so that the material is still fluid and can be compressed into shape. 
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S2 Supplementary Figures
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Fig S1: Optical properties of investigated dyes with low absorption. In total, 26 dyes were
examined for their optical absorption (a) and scattering (b) in a copolymer-in-oil solution using a
double-integrating sphere setup. 10 dyes were identified with relatively low absorption coefficient:
Process Yellow, Light Orange, White, Naphthol Red, Diarylide Yellow, Rubine Red, Process Red,
SS Red, Hemoglobin. For manufacturers and product names, refer to Table S1. Bands around the
measured spectra indicate the standard deviation across the 12 measurement points for each optical
sample slab.
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Fig S2: Optical properties of investigated dyes with high absorption. In total, 26 dyes were
examined for their optical absorption (a) and scattering (b) in a copolymer-in-oil solution using a
double-integrating sphere setup. 8 dyes were identified with relatively high absorption coefficient:
Black, Raw Umber, Burnt Sienna, Prussian Blue, SS Black, IR-895, Nigrosin, IR-1048. For man-
ufacturers and product names, refer to Table S1. Bands around the measured spectra indicate the
standard deviation across the 12 measurement points for each optical sample slab.
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Fig S3: Optical properties of investigated dyes with high range. In total, 26 dyes were ex-
amined for their optical absorption (a) and scattering (b) in a copolymer-in-oil solution using a
double-integrating sphere setup. 8 dyes were identified with a relatively high range of absorption
coefficient: Phthalo Green, Process Blue, Carbazole Violet, Ultramarine, Yellow Ochre, Phthalo
Blue, IR-1061, Spectrasense-765. For manufacturers and product names, refer to Table S1. Bands
around the measured spectra indicate the standard deviation across the 12 measurement points for
each optical sample slab.
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Fig S4: Optical absorption (a) and scattering (a) coefficients for forearms 1-3. For scattering
anisotropy (g), a value of g=0.7 was assumed.
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Fig S5: Optical absorption (a) and scattering (a) coefficients for forearms 4-6. For scattering
anisotropy (g), a value of g=0.7 was assumed.
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Fig S6: Optical absorption (a) and scattering (a) coefficients for forearms 7-9. For scattering
anisotropy (g), a value of g=0.7 was assumed.
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Fig S7: Optical absorption (a) and scattering (b) coefficients for all three background com-
positions of forearm 10 (10A, 10B, and 10C). For scattering anisotropy (g), a value of g=0.7 was
assumed.

5 mm

(a) Human forearm vessel locations

5 mm

(b) Phantom forearm vessel locations
Fig S8: Heatmap comparison of vessel locations in an in-house human forearm dataset and
our forearm phantoms. The vessels in our phantoms cover the broad area that the human forearm
vessels cover with similar hotspot locations. They also extend out into depth more to provide more
versatility as we expect more vessels in depth but they were not annotated in the human forearms
due to low signal.
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Fig S9: Measured laser energies in mJ for each of the example phantoms’ 27 photoacoustic
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scattering µs spectra of the proxy dyes. Bands around the measured spectra indicate the standard
deviation across the 12 measurement points for each optical sample slab.
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Fig S11: Raw reflectance and transmission spectra from the DIS system for the five oxy-
gen saturation levels were used for forearm phantom fabrication. Based on IR-1061 and
Spectrasense-765, five oxygen saturation levels (in %) were derived with the respective mixture
ratios of 100:0, 97:3, 95:5, 93:7, 90:10. (a) and (b) represent the double integrating sphere mea-
surements of reflectance and transmission, respectively. Solid lines are the spectra that are used
as endmembers (0% oxygen saturation and 100% oxygen saturation) for linear spectral unmixing
(LSU). Dashed lines represent the intermediate levels and the corresponding percentages in the
legend are the LSU results when using the solid lines as endmembers. Bands around the spectra
indicate the standard deviation across the 12 measurement points for each optical sample slab.
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Fig S12: Examples of signal correlation of the 0% oxygen saturation superficial vessel for
both (a) photoacoustic (PA) tomography (PAT) and (b) hyperspectral (HS) imaging (HSI).
Top pictures show (a) PA image with region of interest (ROI) boundary (green outline) and (b)
RGB- (red blue green) rendered HS image with its ROI boundary. Lower pictures show the corre-
lation of measured spectra (green dots as explained in sec. 3 of the main paper) with the measured
absorption coefficients. Black solid lines represent the resulting linear regression function with
corresponding R values. The inset plots show the measured absorptions (blue) and estimated ab-
sorptions (green, using the correlation function) as qualitative confirmation.
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Fig S13: Examples of signal correlation of the 30% oxygen saturation superficial vessel for
both (a) photoacoustic (PA) tomography (PAT) and (b) hyperspectral (HS) imaging (HSI).
Top pictures show (a) PA image with region of interest (ROI) boundary (green outline) and (b)
RGB- (red blue green) rendered HS image with its ROI boundary. Lower pictures show the corre-
lation of measured spectra (green dots as explained in sec. 3 of the main paper) with the measured
absorption coefficients. Black solid lines represent the resulting linear regression function with
corresponding R values. The inset plots show the measured absorptions (blue) and estimated ab-
sorptions (green, using the correlation function) as qualitative confirmation.
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Fig S14: Examples of signal correlation of the 70% oxygen saturation superficial vessel for
both (a) photoacoustic (PA) tomography (PAT) and (b) hyperspectral (HS) imaging (HSI).
Top pictures show (a) PA image with region of interest (ROI) boundary (green outline) and (b)
RGB- (red blue green) rendered HS image with its ROI boundary. Lower pictures show the corre-
lation of measured spectra (green dots as explained in sec. 3 of the main paper) with the measured
absorption coefficients. Black solid lines represent the resulting linear regression function with
corresponding R values. The inset plots show the measured absorptions (blue) and estimated ab-
sorptions (green, using the correlation function) as qualitative confirmation.
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Fig S15: Examples of signal correlation of the 100% oxygen saturation superficial vessel for
both (a) photoacoustic (PA) tomography (PAT) and (b) hyperspectral (HS) imaging (HSI).
Top pictures show (a) PA image with region of interest (ROI) boundary (green outline) and (b)
RGB- (red blue green) rendered HS image with its ROI boundary. Lower pictures show the corre-
lation of measured spectra (green dots as explained in sec. 3 of the main paper) with the measured
absorption coefficients. Black solid lines represent the resulting linear regression function with
corresponding R values. The inset plots show the measured absorptions (blue) and estimated ab-
sorptions (green, using the correlation function) as qualitative confirmation.

S3 Phantom quality assurance

S3.1 Air bubble investigation within phantoms

Our forearm phantoms are considerably larger than many conventional tissue phantoms, making

it difficult to achieve uniform fabrication without entrapping air. Indeed, in our experiments, we

frequently observed air bubbles within the phantoms. To assess how these inclusions might affect

the photoacoustic signal, we performed a small simulation study. First, we segmented example

forearms (including visible air bubbles) from ultrasound images. We then simulated photoacoustic

images for two conditions, one with and one without the air bubbles, and qualitatively compared

the resulting vessel spectra.
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Figure S16 illustrates two simulation outcomes for a digital twin of a forearm phantom, de-

picting scenarios with and without air bubbles. Two vessels, along with their respective oxygen

saturation levels, are highlighted, and the mean spectra within each vessel are plotted for both

conditions. In superficial vessels, the spectra agreed closely across both models, whereas deeper

vessels showed noticeable distortion in the presence of air bubbles. Similar findings were observed

in additional forearm phantoms (see Figures S17, S18, S19, and S20). Overall, vessels with cen-

tres located deeper than approximately 1.5 cm from the surface appear susceptible to reverberation

artefacts caused by the embedded air bubbles.
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Fig S16: Image and spectrum comparison of simulations with and without air bubbles. Pho-
toacoustic images of the forearm phantom 1 were simulated with (top right) and without (top
left) air bubbles. Images are shown at 700 nm. Two vessels with different oxygen saturations are
marked in the images and their mean spectra are plotted below. The solid lines represent the spec-
tra without air bubbles and the dashed lines represent the spectra with air bubbles.
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Fig S17: Image and spectrum comparison of simulations with and without air bubbles. Pho-
toacoustic images of the forearm phantom 2 were simulated with (top right) and without (top left)
air bubbles. Images are shown at 700 nm. Three vessels with different oxygen saturations are
marked in the images and their mean spectra are plotted below. The solid lines represent the spec-
tra without air bubbles and the dashed lines represent the spectra with air bubbles.
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Fig S18: Image and spectrum comparison of simulations with and without air bubbles. Pho-
toacoustic images of the forearm phantom 3 were simulated with (top right) and without (top left)
air bubbles. Images are shown at 700 nm. Four vessels with different oxygen saturations are
marked in the images and their mean spectra are plotted below. The solid lines represent the spec-
tra without air bubbles and the dashed lines represent the spectra with air bubbles. Small purple
circles indicate air bubbles.
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Fig S19: Image and spectrum comparison of simulations with and without air bubbles. Pho-
toacoustic images of the forearm phantom 4 were simulated with (top right) and without (top left)
air bubbles. Images are shown at 700 nm. Three vessels with different oxygen saturations are
marked in the images and their mean spectra are plotted below. The solid lines represent the spec-
tra without air bubbles and the dashed lines represent the spectra with air bubbles.
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Fig S20: Image and spectrum comparison of simulations with and without air bubbles. Pho-
toacoustic images of the forearm phantom 5 were simulated with (top right) and without (top left)
air bubbles. Images are shown at 700 nm. Three vessels with different oxygen saturations are
marked in the images and their mean spectra are plotted below. The solid lines represent the spec-
tra without air bubbles and the dashed lines represent the spectra with air bubbles.
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S3.2 Speed of sound investigation

We assumed a speed of sound of approximately 1470 ms−1 in our forearm phantoms. To evalu-

ate whether this approximation is reasonable or significantly off, we conducted a small simulation

study using segmentations from the previously described air-bubble investigation. First, we sim-

ulated photoacoustic images of the phantoms at 1470 ms−1 and then repeated the process with the

same segmentations at ±50 ms−1 and ±100 ms−1 from this baseline value.

Next, we manually segmented superficial vessels in each simulated image according to the pre-

viously described protocol, computed the segmented vessel area (A), and derived an approximate

vessel diameter (D) from D = 2
√
A/π. We compared these diameters to a reference diameter in

the image Dim, calculated using the fabricated diameter (Dfab) and the ratio between the assumed

phantom speed of sound (sosref) and the reconstruction speed of sound (sosrecon). Specifically, the

reference diameter is given by Dim = sosrecon
sosref

Dfab.

Figure S21 shows the simulation results for a digital twin of a forearm phantom, assuming an

sos of 1470 ms−1 and variations of ±50 ms−1 and ±100 ms−1 (for the other phantoms, cf. Fig-

ures S22, S23, S24, and S25. In Fig. S21, the fabricated vessel diameter was 5 mm. Under the

assumption of 1470 ms−1 with a reconstruction at 1497.4 ms−1, we would expect an imaged diam-

eter of 5.09 mm. For the other sos values of -100 ms−1, -50 ms−1, +50 ms−1, and +100 ms−1, the

respective imaged diameters were 5.46 mm, 5.27 mm, 4.93 mm, and 4.77 mm. Given the simulated

image resolution of 0.1 mm, these findings align closely with theoretical expectations, suggesting

that 1470 ms−1 is a sufficiently accurate estimate for our phantom material.
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Simulation without changed sos (sosoriginal = 1470 ms )
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Fig S21: Vessel diameter comparison for different speeds of sound. Photoacoustic images of
the forearm phantom 1 were simulated with a phantom material speed of sound of 1470 ms−1 (top)
and then with speeds of sounds that differ from 1470 ms−1 by -100 ms−1, -50 ms−1, +50 ms−1,
+100 ms−1 (from left to right). As the manual segmentations of the superficial vessel were not
perfectly circular, the segmentation area A for all images was computed and their diameter D was
calculated via D = 2

√
A/π. D is indicated in all images by the major axes of the segmented

areas.

Simulation without changed sos (sosoriginal = 1470 ms )
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Fig S22: Vessel diameter comparison for different speeds of sound. Photoacoustic images of
the forearm phantom 2 were simulated with a phantom material speed of sound of 1470 ms−1 (top)
and then with speeds of sounds that differ from 1470 ms−1 by -100 ms−1, -50 ms−1, +50 ms−1,
+100 ms−1 (from left to right). As the manual segmentations of the superficial vessel were not
perfectly circular, the segmentation area A for all images was computed and their diameter D was
calculated via D = 2

√
A/π. D is indicated in all images by the major axes of the segmented

areas.
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Simulation without changed sos (sosoriginal = 1470 ms )
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Fig S23: Vessel diameter comparison for different speeds of sound. Photoacoustic images of
the forearm phantom 3 were simulated with a phantom material speed of sound of 1470 ms−1 (top)
and then with speeds of sounds that differ from 1470 ms−1 by -100 ms−1, -50 ms−1, +50 ms−1,
+100 ms−1 (from left to right). As the manual segmentations of the superficial vessel were not
perfectly circular, the segmentation area A for all images was computed and their diameter D was
calculated via D = 2

√
A/π. D is indicated in all images by the major axes of the segmented

areas.

Simulation without changed sos (sosoriginal = 1470 ms )
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Fig S24: Vessel diameter comparison for different speeds of sound. Photoacoustic images of
the forearm phantom 4 were simulated with a phantom material speed of sound of 1470 ms−1 (top)
and then with speeds of sounds that differ from 1470 ms−1 by -100 ms−1, -50 ms−1, +50 ms−1,
+100 ms−1 (from left to right). As the manual segmentations of the superficial vessel were not
perfectly circular, the segmentation area A for all images was computed and their diameter D was
calculated via D = 2

√
A/π. D is indicated in all images by the major axes of the segmented

areas.
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Simulation without changed sos (sosoriginal = 1470 ms )
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Fig S25: Vessel diameter comparison for different speeds of sound. Photoacoustic images of
the forearm phantom 5 were simulated with a phantom material speed of sound of 1470 ms−1 (top)
and then with speeds of sounds that differ from 1470 ms−1 by -100 ms−1, -50 ms−1, +50 ms−1,
+100 ms−1 (from left to right). As the manual segmentations of the superficial vessel were not
perfectly circular, the segmentation area A for all images was computed and their diameter D was
calculated via D = 2

√
A/π. D is indicated in all images by the major axes of the segmented

areas.
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Fig S26: Signal correlation between the original measured hyperspectral (HS) signal and the
re-recorded signal of the 0% oxygen saturation superficial vessel. Green dots represent the
reproduced HS signal and the black solid line represents the resulting linear regression function
with corresponding R value. The inset plot shows the normalised re-recorded signal and original
signal (blue) as qualitative confirmation.
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Fig S27: Signal correlation between the original measured hyperspectral (HS) signal and the
re-recorded signal of the 30% oxygen saturation superficial vessel. Green dots represent the
reproduced HS signal and the black solid line represents the resulting linear regression function
with corresponding R value. The inset plot shows the normalised re-recorded signal and original
signal (blue) as qualitative confirmation.
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Fig S28: Signal correlation between the original measured hyperspectral (HS) signal and the
re-recorded signal of the 50% oxygen saturation superficial vessel. Green dots represent the
reproduced HS signal and the black solid line represents the resulting linear regression function
with corresponding R value. The inset plot shows the normalised re-recorded signal and original
signal (blue) as qualitative confirmation.
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Fig S29: Signal correlation between the original measured hyperspectral (HS) signal and the
re-recorded signal of the 70% oxygen saturation superficial vessel. Green dots represent the
reproduced HS signal and the black solid line represents the resulting linear regression function
with corresponding R value. The inset plot shows the normalised re-recorded signal and original
signal (blue) as qualitative confirmation.
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Fig S30: Signal correlation between the original measured hyperspectral (HS) signal and the
re-recorded signal of the 100% oxygen saturation superficial vessel. Green dots represent the
reproduced HS signal and the black solid line represents the resulting linear regression function
with corresponding R value. The inset plot shows the normalised re-recorded signal and original
signal (blue) as qualitative confirmation.

22

177



Veins
Ambiguous

Arteries

5 mm

sO2: 0%
sO2: 30%

sO2: 50%
sO2: 70%

sO2: 100%

5 mm 5 mm
[a.u.]

0.0

0.5

1.0

Human forearm

5 mm

Phantom forearm

5 mm

Simulated forearm

5 mm
sO2 [%]

0

50

100

Fig S31: Side-by-side comparison of a human forearm, an example forearm phantom and
its corresponding simulation. In the upper row, photoacoustic (PA) images with their segmented
vessels are presented and in the lower row, the corresponding unmixed images. As we do not have
a ground truth for the annotations in the human forearm image, we divided the type of vessels in
arteries, veins and ambiguous vessels where we were uncertain. For phantom and simulated fore-
arm, we could annotate with ground truth. We used deoxyhaemoglobin (Hb) and oxyhaemoglobin
(HbO2) as endmembers for the human forearm and our dye proxies as endmembers for the phan-
tom and simulated image.
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S4 Supplementary Tables

Dye name Manufacturer/Vendor Product name
Black Cranfield (Jackson’s art) RCR2501860
Process Blue Cranfield (Jackson’s art) RCR25025291
Process Red Cranfield (Jackson’s art) RCR25063827
Process Yellow Cranfield (Jackson’s art) RCR25091884
Arylide Yellow Cranfield (Jackson’s art) RCR25091630
Diarylide Yellow Cranfield (Jackson’s art) RCR25091759
Light Orange Cranfield (Jackson’s art) RCR25091637
Rubine Red Cranfield (Jackson’s art) RCR25063254
Naphthol Red Cranfield (Jackson’s art) RCR50063266
Carbazole Violet Cranfield (Jackson’s art) RCR50071139
Ultramarine Cranfield (Jackson’s art) RCR50024283
Prussian Blue Cranfield (Jackson’s art) RCR25024309
Phthalo Blue Cranfield (Jackson’s art) RCR25024760
Phthalo Green Cranfield (Jackson’s art) RCR25043104
Yellow Ochre Cranfield (Jackson’s art) RCR25091737
Burnt Sienna Cranfield (Jackson’s art) RCR50032371
Raw Umber Cranfield (Jackson’s art) RCR25032211
White Cranfield (Jackson’s art) RCR25083391
SS Black Culture Hustle (Stuart Semple) BLACK 1.0 Pigment- 50g
SS Red Culture Hustle (Stuart Semple) THE WORLD’S PINKEST PINK - 50g
Hemoglobin Sigma-Aldrich (Merck) H2625-100G
Nigrosin Sigma-Aldrich (Merck) 211680-100G
IR-895 Sigma-Aldrich (Merck) 392375
IR-1048 Sigma-Aldrich (Merck) 405175-500MG
IR-1061 Sigma-Aldrich (Merck) 405124-250MG
Spectrasense-765 Sun Chemical Colors & Effects GmbH Spectrasense™ IR 765

Table S1: Dyes that were investigated for their optical absorption and scattering spectra. The
column ”Dye name” indicates the name which is used in this work to refer to the specific dye and
the ”Product name” indicates the name that is used by the manufacturer/vendor.
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1 2 3 4 5 6 7 8 9 10A 10B 10C
sO2 0% 50% 100% 100% 50% 0% 100% 50% 0% 100% 0% 70%
Bvf 2.5% 2.5% 2.5% 4% 4% 4% 1% 1% 1% 0.5% 5% 3%

sO2

vessel
50% 30% 0% 70% 100% 100% / / / / / /

Table S2: Oxygen saturation (sO2) and blood volume fraction (Bvf) levels for the background
material of each forearm phantom. Bvf refers to the percentage of the total volume that is made up
of the dye mixture. While all the others have as uniform as possible properties, the 10th forearm
was separated into three parts, with different properties, named 10A, 10B, and 10C. Six of the
forearms have a superficial vessel, the oxygen saturation level of which is also reported.

Hb dye HbO2 dye 30% sO2 50% sO2 70% sO2

R-value 1.00 0.90 1.00 1.00 1.00

Table S3: Pearson correlation coefficients (R-values) of the absorption spectra of proxy dyes and
consequent oxygen saturation (sO2) levels with the target absorption coefficients. The proxy dyes
were directly correlated with the absorption spectra of Hb and HbO2. The sO2 levels 30%, 50%,
and 70% were correlated with their target spectrum generated by µtarget

a = sO2 ∗ µHbO2 dye
a + (1 −

sO2) ∗ µHb dye
a .

25

Anthropomorphic phantoms

180



Bibliography

[1] L. V. Wang and H.-i. Wu. Biomedical Optics: Principles and Imaging. en. Google-
Books-ID: RKukklVYAY4C. John Wiley & Sons, May 2007 (cit. on pp. 3, 11, 13,
14, 18, 23).

[2] V. Ntziachristos. “Going deeper than microscopy: the optical imaging frontier in
biology”. en. In: Nature Methods 7.8 (Aug. 2010), pp. 603–614. doi: 10.1038/
nmeth.1483 (cit. on p. 3).

[3] S. Manohar and D. Razansky. “Photoacoustics: a historical review”. EN. In: Ad-
vances in Optics and Photonics 8.4 (Dec. 2016), pp. 586–617. doi: 10.1364/AOP.
8.000586 (cit. on p. 3).

[4] A. Rosencwaig and A. Gersho. “Theory of the photoacoustic effect with solids”.
In: Journal of Applied Physics 47.1 (Jan. 1976), pp. 64–69. doi: 10.1063/1.322296
(cit. on p. 3).

[5] Shining a Light on Photoacoustic Imaging. en. Tech. rep. Radiological Society of
North America (RSNA) (cit. on p. 3).

[6] M. Taylor-Williams et al. “Noninvasive hemoglobin sensing and imaging: optical
tools for disease diagnosis”. In: Journal of Biomedical Optics 27.8 (Aug. 2022),
p. 080901. doi: 10.1117/1.JBO.27.8.080901 (cit. on p. 3).

[7] H. J. Knox et al. “A bioreducible N-oxide-based probe for photoacoustic imaging
of hypoxia”. en. In: Nature Communications 8.1 (Nov. 2017), p. 1794. doi: 10.
1038/s41467-017-01951-0 (cit. on p. 4).

[8] J. Park et al. “Clinical translation of photoacoustic imaging”. en. In: Nature Reviews
Bioengineering (Sept. 2024), pp. 1–20. doi: 10.1038/s44222-024-00240-y (cit. on
pp. 4–7).

[9] T. L. Lefebvre et al. “The Potential of Photoacoustic Imaging in Radiation Oncol-
ogy”. English. In: Frontiers in Oncology 12 (Mar. 2022). doi: 10.3389/fonc.2022.
803777 (cit. on p. 5).

[10] J. J. M. Riksen, A. V. Nikolaev, and G. v. Soest. “Photoacoustic imaging on its
way toward clinical utility: a tutorial review focusing on practical application in
medicine”. In: Journal of Biomedical Optics 28.12 (June 2023), p. 121205. doi:
10.1117/1.JBO.28.12.121205 (cit. on p. 5).

xv

https://doi.org/10.1038/nmeth.1483
https://doi.org/10.1038/nmeth.1483
https://doi.org/10.1364/AOP.8.000586
https://doi.org/10.1364/AOP.8.000586
https://doi.org/10.1063/1.322296
https://doi.org/10.1117/1.JBO.27.8.080901
https://doi.org/10.1038/s41467-017-01951-0
https://doi.org/10.1038/s41467-017-01951-0
https://doi.org/10.1038/s44222-024-00240-y
https://doi.org/10.3389/fonc.2022.803777
https://doi.org/10.3389/fonc.2022.803777
https://doi.org/10.1117/1.JBO.28.12.121205


Bibliography

[11] H. Assi et al. “A review of a strategic roadmapping exercise to advance clinical
translation of photoacoustic imaging: From current barriers to future adoption”.
In: Photoacoustics 32 (Aug. 2023), p. 100539. doi: 10.1016/j.pacs.2023.100539
(cit. on pp. 5, 37).

[12] J. Gröhl et al. “Deep learning for biomedical photoacoustic imaging: A review”.
In: Photoacoustics 22 (June 2021), p. 100241. doi: 10.1016/j.pacs.2021.100241
(cit. on pp. 7, 39).

[13] A. Hauptmann and B. T. Cox. “Deep learning in photoacoustic tomography: current
approaches and future directions”. In: Journal of Biomedical Optics 25.11 (Oct.
2020), p. 112903. doi: 10.1117/1.JBO.25.11.112903 (cit. on pp. 7, 127).

[14] J.-Y. Zhu et al. “Unpaired Image-to-Image Translation Using Cycle-Consistent
Adversarial Networks”. In: 2017 IEEE International Conference on Computer
Vision (ICCV). ISSN: 2380-7504. Oct. 2017, pp. 2242–2251. doi: 10.1109/ICCV.
2017.244 (cit. on p. 7).

[15] K. Li et al. “Adversarial Feature Hallucination Networks for Few-Shot Learning”.
In: 2020, pp. 13470–13479 (cit. on pp. 7, 32).

[16] L. Hacker and J. Joseph. “Technical Validation of Photoacoustic Imaging Systems
Using Phantoms”. en. In: Biomedical Photoacoustics: Technology and Applications.
Ed. by W. Xia. Cham: Springer Nature Switzerland, 2024, pp. 213–227. doi:
10.1007/978-3-031-61411-8_7 (cit. on p. 7).

[17] R. Tachet des Combes et al. “Domain Adaptation with Conditional Distribution
Matching and Generalized Label Shift”. In: Advances in Neural Information Pro-
cessing Systems. Vol. 33. Curran Associates, Inc., 2020, pp. 19276–19289 (cit. on
pp. 9, 131).

[18] Y. Zhang et al. “Exact Feature Distribution Matching for Arbitrary Style Transfer
and Domain Generalization”. en. In: 2022, pp. 8035–8045 (cit. on pp. 9, 131).

[19] K. K. Dreher. “Efficient Simulation of Realistic Photoacoustic Images with Unsu-
pervised Domain Adaptation”. MA thesis. Heidelberg, Germany: Ruprecht-Karls-
Universität, July 2020 (cit. on p. 11).

[20] G. Keiser. Biophotonics: Concepts to Applications. en. Graduate Texts in Physics.
Singapore: Springer Nature, 2022. doi: 10.1007/978-981-19-3482-7 (cit. on pp. 11,
12).

[21] P. Beard. “Biomedical photoacoustic imaging”. In: Interface Focus 1.4 (June 2011),
pp. 602–631. doi: 10.1098/rsfs.2011.0028 (cit. on p. 11).

[22] M. Clement, G. Daniel, and M. Trelles. “Optimising the design of a broad‐band
light source for the treatment of skin”. In: Journal of Cosmetic and Laser Therapy
7.3-4 (Jan. 2005), pp. 177–189. doi: 10.1080/14764170500344575 (cit. on p. 12).

xvi

https://doi.org/10.1016/j.pacs.2023.100539
https://doi.org/10.1016/j.pacs.2021.100241
https://doi.org/10.1117/1.JBO.25.11.112903
https://doi.org/10.1109/ICCV.2017.244
https://doi.org/10.1109/ICCV.2017.244
https://doi.org/10.1007/978-3-031-61411-8_7
https://doi.org/10.1007/978-981-19-3482-7
https://doi.org/10.1098/rsfs.2011.0028
https://doi.org/10.1080/14764170500344575


[23] L. Pezzi et al. “Antimicrobial Effects of Chemically Functionalized and/or Photo-
Heated Nanoparticles”. en. In: Materials 12.7 (Jan. 2019), p. 1078. doi: 10.3390/
ma12071078 (cit. on p. 12).

[24] N. Bloembergen and P. S. Pershan. “Light Waves at the Boundary of Nonlinear
Media”. In: Physical Review 128.2 (Oct. 1962), pp. 606–622. doi: 10 . 1103 /
PhysRev.128.606 (cit. on p. 12).

[25] A. J. Welch and M. J. Van Gemert, eds. Optical-Thermal Response of Laser-
Irradiated Tissue. en. Dordrecht: Springer Netherlands, 2011. doi: 10.1007/978-
90-481-8831-4 (cit. on p. 13).

[26] V. V. Tuchin. Tissue Optics: Light Scattering Methods and Instruments for Medical
Diagnosis. en. Society of Photo-Optical Instrumentation Engineers (SPIE), 2015.
doi: 10.1117/3.1003040 (cit. on p. 14).

[27] J. Ripoll. “Derivation of the scalar radiative transfer equation from energy conser-
vation of Maxwell’s equations in the far field”. EN. In: JOSA A 28.8 (Aug. 2011),
pp. 1765–1775. doi: 10.1364/JOSAA.28.001765 (cit. on p. 15).

[28] L. G. Henyey and J. L. Greenstein. “Diffuse radiation in the Galaxy.” In: The
Astrophysical Journal 93 (Jan. 1941). ADS Bibcode: 1941ApJ....93...70H, pp. 70–
83. doi: 10.1086/144246 (cit. on p. 15).

[29] W. Demtröder. Mechanics and Thermodynamics. en. Undergraduate Lecture Notes
in Physics. Cham: Springer International Publishing, 2017. doi: 10.1007/978-3-
319-27877-3 (cit. on pp. 17, 18).

[30] P. S. Yarmolenko et al. “Thresholds for thermal damage to normal tissues: An
update”. In: International Journal of Hyperthermia 27.4 (June 2011), pp. 320–343.
doi: 10.3109/02656736.2010.534527 (cit. on p. 19).

[31] J. Debus. “Grundlagen der Physikalischen Ultraschalldiagnostik und -therapie”. de.
In: Medizinische Physik 2: Medizinische Strahlenphysik. Ed. by W. Schlegel and
J. Bille. Berlin, Heidelberg: Springer, 2002, pp. 211–228. doi: 10.1007/978-3-642-
56259-4\_8 (cit. on p. 19).

[32] K. Wang and M. A. Anastasio. “Photoacoustic and thermoacoustic tomography:
Image formation principles”. In: Handbook of Mathematical Methods in Imaging.
Springer, Jan. 2015, pp. 1081–1116. doi: 10.1007/978-1-4939-0790-8\_50 (cit. on
p. 20).

[33] J. Poudel, Y. Lou, and M. A. Anastasio. “A survey of computational frameworks for
solving the acoustic inverse problem in three-dimensional photoacoustic computed
tomography”. en. In: Physics in Medicine & Biology 64.14 (July 2019), 14TR01.
doi: 10.1088/1361-6560/ab2017 (cit. on p. 20).

xvii

https://doi.org/10.3390/ma12071078
https://doi.org/10.3390/ma12071078
https://doi.org/10.1103/PhysRev.128.606
https://doi.org/10.1103/PhysRev.128.606
https://doi.org/10.1007/978-90-481-8831-4
https://doi.org/10.1007/978-90-481-8831-4
https://doi.org/10.1117/3.1003040
https://doi.org/10.1364/JOSAA.28.001765
https://doi.org/10.1086/144246
https://doi.org/10.1007/978-3-319-27877-3
https://doi.org/10.1007/978-3-319-27877-3
https://doi.org/10.3109/02656736.2010.534527
https://doi.org/10.1007/978-3-642-56259-4\_8
https://doi.org/10.1007/978-3-642-56259-4\_8
https://doi.org/10.1007/978-1-4939-0790-8\_50
https://doi.org/10.1088/1361-6560/ab2017


Bibliography

[34] B. T. Cox, J. G. Laufer, and P. C. Beard. “The challenges for quantitative pho-
toacoustic imaging”. In: Photons Plus Ultrasound: Imaging and Sensing 2009.
Vol. 7177. SPIE, Feb. 2009, pp. 294–302. doi: 10.1117/12.806788 (cit. on p. 20).

[35] B. T. Cox et al. “Quantitative spectroscopic photoacoustic imaging: a review”. In:
Journal of Biomedical Optics 17.6 (June 2012), p. 061202. doi: 10.1117/1.JBO.17.
6.061202 (cit. on p. 20).

[36] Z. Wang, W. Tao, and H. Zhao. “The Optical Inverse Problem in Quantitative
Photoacoustic Tomography: A Review”. en. In: Photonics 10.5 (May 2023), p. 487.
doi: 10.3390/photonics10050487 (cit. on p. 20).

[37] T. Tarvainen and B. Cox. “Quantitative photoacoustic tomography: modeling and
inverse problems”. In: Journal of Biomedical Optics 29.S1 (Dec. 2023), S11509.
doi: 10.1117/1.JBO.29.S1.S11509 (cit. on pp. 20, 129).

[38] M. Xu and L. V. Wang. “Universal back-projection algorithm for photoacoustic
computed tomography”. In: Physical Review E 71.1 (Jan. 2005), p. 016706. doi:
10.1103/PhysRevE.71.016706 (cit. on pp. 20, 28).

[39] B. E. Treeby, E. Z. Zhang, and B. T. Cox. “Photoacoustic tomography in absorbing
acoustic media using time reversal”. en. In: Inverse Problems 26.11 (Sept. 2010),
p. 115003. doi: 10.1088/0266-5611/26/11/115003 (cit. on p. 20).

[40] X. L. Dean-Ben et al. “Accurate Model-Based Reconstruction Algorithm for Three-
Dimensional Optoacoustic Tomography”. In: IEEE Transactions on Medical Imag-
ing 31.10 (Oct. 2012), pp. 1922–1928. doi: 10.1109/TMI.2012.2208471 (cit. on
p. 20).

[41] C. Dehner et al. “A deep neural network for real-time optoacoustic image recon-
struction with adjustable speed of sound”. en. In: Nature Machine Intelligence 5.10
(Oct. 2023), pp. 1130–1141. doi: 10.1038/s42256-023-00724-3 (cit. on p. 20).

[42] J. Laufer et al. “Quantitative determination of chromophore concentrations from
2D photoacoustic images using a nonlinear model-based inversion scheme”. EN.
In: Applied Optics 49.8 (Mar. 2010), pp. 1219–1233. doi: 10.1364/AO.49.001219
(cit. on p. 21).

[43] J. Gröhl et al. “Learned spectral decoloring enables photoacoustic oximetry”. en.
In: Scientific Reports 11.1 (Mar. 2021), p. 6565. doi: 10.1038/s41598-021-83405-8
(cit. on p. 21).

[44] X. Zhou et al. “Evaluation of Fluence Correction Algorithms in Multispectral
Photoacoustic Imaging”. In: Photoacoustics 19 (Sept. 2020), p. 100181. doi: 10.
1016/j.pacs.2020.100181 (cit. on p. 23).

[45] Monte Carlo Light Scattering Programs (cit. on p. 23).

xviii

https://doi.org/10.1117/12.806788
https://doi.org/10.1117/1.JBO.17.6.061202
https://doi.org/10.1117/1.JBO.17.6.061202
https://doi.org/10.3390/photonics10050487
https://doi.org/10.1117/1.JBO.29.S1.S11509
https://doi.org/10.1103/PhysRevE.71.016706
https://doi.org/10.1088/0266-5611/26/11/115003
https://doi.org/10.1109/TMI.2012.2208471
https://doi.org/10.1038/s42256-023-00724-3
https://doi.org/10.1364/AO.49.001219
https://doi.org/10.1038/s41598-021-83405-8
https://doi.org/10.1016/j.pacs.2020.100181
https://doi.org/10.1016/j.pacs.2020.100181


[46] Q. Fang and D. A. Boas. “Monte Carlo Simulation of Photon Migration in 3D
Turbid Media Accelerated by Graphics Processing Units”. EN. In: Optics Express
17.22 (Oct. 2009), pp. 20178–20190. doi: 10.1364/OE.17.020178 (cit. on pp. 23,
129).

[47] B. E. Treeby and B. T. Cox. “k-Wave: MATLAB toolbox for the simulation and
reconstruction of photoacoustic wave fields”. In: Journal of Biomedical Optics
15.2 (Mar. 2010), p. 021314. doi: 10.1117/1.3360308 (cit. on pp. 26, 129).

[48] H. Nyquist. “Certain topics in telegraph transmission theory”. In: Proceedings of
the IEEE 90.2 (Feb. 2002), pp. 280–305. doi: 10.1109/5.989875 (cit. on p. 26).

[49] C. Shannon. “Communication in the Presence of Noise”. In: Proceedings of the
IRE 37.1 (Jan. 1949), pp. 10–21. doi: 10.1109/JRPROC.1949.232969 (cit. on
p. 26).

[50] B. Stephanian et al. “Additive noise models for photoacoustic spatial coherence
theory”. EN. In: Biomedical Optics Express 9.11 (Nov. 2018), pp. 5566–5582. doi:
10.1364/BOE.9.005566 (cit. on p. 26).

[51] C. Bench, A. Hauptmann, and B. T. Cox. “Toward accurate quantitative photoa-
coustic imaging: learning vascular blood oxygen saturation in three dimensions”.
In: Journal of Biomedical Optics 25.8 (Aug. 2020), p. 085003. doi: 10.1117/1.
JBO.25.8.085003 (cit. on p. 26).

[52] D. L. Donoho and I. M. Johnstone. “Ideal spatial adaptation by wavelet shrinkage”.
In: Biometrika 81.3 (Sept. 1994), pp. 425–455. doi: 10.1093/biomet/81.3.425
(cit. on p. 26).

[53] T. Kirchner et al. “Signed Real-Time Delay Multiply and Sum Beamforming for
Multispectral Photoacoustic Imaging”. en. In: Journal of Imaging 4.10 (Oct. 2018),
p. 121. doi: 10.3390/jimaging4100121 (cit. on p. 28).

[54] I. K. Holfort, F. Gran, and J. A. Jensen. “Broadband minimum variance beamform-
ing for ultrasound imaging”. In: IEEE Transactions on Ultrasonics, Ferroelectrics,
and Frequency Control 56.2 (Feb. 2009), pp. 314–325. doi: 10.1109/TUFFC.2009.
1040 (cit. on p. 28).

[55] L. Alzubaidi et al. “Review of deep learning: concepts, CNN architectures, chal-
lenges, applications, future directions”. In: Journal of Big Data 8.1 (Mar. 2021),
p. 53. doi: 10.1186/s40537-021-00444-8 (cit. on p. 28).

[56] Y. LeCun, Y. Bengio, and G. Hinton. “Deep learning”. en. In: Nature 521.7553
(May 2015), pp. 436–444. doi: 10.1038/nature14539 (cit. on p. 28).

[57] I. Goodfellow, Y. Bengio, and A. Courville. Deep Learning. MIT Press, 2016
(cit. on p. 28).

[58] M. Schellenberg. Learning Tissue Geometries for Photoacoustic Image Analysis.
eng. Dissertation. 2024. doi: 10.11588/heidok.00034187 (cit. on pp. 29, 130).

xix

https://doi.org/10.1364/OE.17.020178
https://doi.org/10.1117/1.3360308
https://doi.org/10.1109/5.989875
https://doi.org/10.1109/JRPROC.1949.232969
https://doi.org/10.1364/BOE.9.005566
https://doi.org/10.1117/1.JBO.25.8.085003
https://doi.org/10.1117/1.JBO.25.8.085003
https://doi.org/10.1093/biomet/81.3.425
https://doi.org/10.3390/jimaging4100121
https://doi.org/10.1109/TUFFC.2009.1040
https://doi.org/10.1109/TUFFC.2009.1040
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1038/nature14539
https://doi.org/10.11588/heidok.00034187


Bibliography

[59] O. Elharrouss et al. Loss Functions in Deep Learning: A Comprehensive Review.
arXiv:2504.04242 [cs] version: 1. Apr. 2025. doi: 10.48550/arXiv.2504.04242
(cit. on p. 30).

[60] Y. Bengio. “Deep Learning of Representations for Unsupervised and Transfer
Learning”. en. In: Proceedings of ICML Workshop on Unsupervised and Transfer
Learning. JMLR Workshop and Conference Proceedings, June 2012, pp. 17–36
(cit. on p. 30).

[61] D. Bank, N. Koenigstein, and R. Giryes. “Autoencoders”. en. In: Machine Learning
for Data Science Handbook: Data Mining and Knowledge Discovery Handbook.
Ed. by L. Rokach, O. Maimon, and E. Shmueli. Cham: Springer International
Publishing, 2023, pp. 353–374 (cit. on p. 30).

[62] J. Pennington, S. Schoenholz, and S. Ganguli. “Resurrecting the sigmoid in deep
learning through dynamical isometry: theory and practice”. In: Advances in Neural
Information Processing Systems. Vol. 30. Curran Associates, Inc., 2017 (cit. on
p. 30).

[63] A. F. Agarap.Deep Learning using Rectified Linear Units (ReLU). arXiv:1803.08375
[cs]. Feb. 2019. doi: 10.48550/arXiv.1803.08375 (cit. on p. 30).

[64] K. Hornik, M. Stinchcombe, and H. White. “Multilayer feedforward networks are
universal approximators”. In: Neural Networks 2.5 (Jan. 1989), pp. 359–366. doi:
10.1016/0893-6080(89)90020-8 (cit. on p. 30).

[65] D. Kingma and J. Ba.Adam: A Method for Stochastic Optimization. arXiv:1412.6980
[cs] version: 1. Dec. 2014. doi: 10.48550/arXiv.1412.6980 (cit. on p. 31).

[66] I. J. Goodfellow et al. “Generative Adversarial Nets”. In: Advances in Neural
Information Processing Systems. Vol. 27. Curran Associates, Inc., 2014 (cit. on
p. 32).

[67] X. Mao et al. “Least Squares Generative Adversarial Networks”. In: 2017 IEEE
International Conference on Computer Vision (ICCV). ISSN: 2380-7504. Oct.
2017, pp. 2813–2821. doi: 10.1109/ICCV.2017.304 (cit. on p. 32).

[68] I. Kobyzev, S. J. Prince, and M. A. Brubaker. “Normalizing Flows: An Introduction
and Review of Current Methods”. In: IEEE Transactions on Pattern Analysis and
Machine Intelligence 43.11 (Nov. 2021), pp. 3964–3979. doi: 10.1109/TPAMI.
2020.2992934 (cit. on p. 33).

[69] L. Dinh, J. Sohl-Dickstein, and S. Bengio. Density estimation using Real NVP.
arXiv:1605.08803 [cs] version: 2. Nov. 2016. doi: 10.48550/arXiv.1605.08803
(cit. on p. 33).

[70] L. Dinh, D. Krueger, and Y. Bengio. NICE: Non-linear Independent Components
Estimation. arXiv:1410.8516 [cs]. Apr. 2015. doi: 10.48550/arXiv.1410.8516
(cit. on p. 33).

xx

https://doi.org/10.48550/arXiv.2504.04242
https://doi.org/10.48550/arXiv.1803.08375
https://doi.org/10.1016/0893-6080(89)90020-8
https://doi.org/10.48550/arXiv.1412.6980
https://doi.org/10.1109/ICCV.2017.304
https://doi.org/10.1109/TPAMI.2020.2992934
https://doi.org/10.1109/TPAMI.2020.2992934
https://doi.org/10.48550/arXiv.1605.08803
https://doi.org/10.48550/arXiv.1410.8516


[71] D. P. Kingma and P. Dhariwal. Glow: Generative Flow with Invertible 1x1 Con-
volutions. arXiv:1807.03039 [stat]. July 2018. doi: 10.48550/arXiv.1807.03039
(cit. on p. 33).

[72] L. Ardizzone. Conditional Invertible Generative Models for Supervised Problems.
eng. Dissertation. 2023. doi: 10.11588/heidok.00033932 (cit. on p. 34).

[73] J. Gröhl et al. “SIMPA: an open-source toolkit for simulation and image processing
for photonics and acoustics”. In: Journal of Biomedical Optics 27.8 (Apr. 2022),
p. 083010. doi: 10.1117/1.JBO.27.8.083010 (cit. on p. 39).

[74] K. K. Dreher et al. “Unsupervised Domain Transfer with Conditional Invertible
Neural Networks”. en. In: Medical Image Computing and Computer Assisted
Intervention – MICCAI 2023. Ed. by H. Greenspan et al. Cham: Springer Nature
Switzerland, 2023, pp. 770–780. doi: 10.1007/978-3-031-43907-0\_73 (cit. on
p. 40).

[75] K. K. Dreher et al. “Anthropomorphic tissue-mimicking phantoms for oximetry
validation in multispectral optical imaging”. In: Journal of Biomedical Optics 30.7
(July 2025), p. 076006. doi: 10.1117/1.JBO.30.7.076006 (cit. on p. 40).

[76] C. Yang et al. “Review of deep learning for photoacoustic imaging”. In: Photoa-
coustics 21 (Mar. 2021), p. 100215. doi: 10.1016/j.pacs.2020.100215 (cit. on
p. 127).

[77] H. Deng et al. “Deep learning in photoacoustic imaging: a review”. In: Journal of
Biomedical Optics 26.4 (Apr. 2021), p. 040901. doi: 10.1117/1.JBO.26.4.040901
(cit. on p. 127).

[78] J. Yang et al. “Recent advances in deep-learning-enhanced photoacoustic imaging”.
In: Advanced Photonics Nexus 2.5 (July 2023), p. 054001. doi: 10.1117/1.APN.2.
5.054001 (cit. on p. 127).

[79] X. Wei et al. “Deep learning-powered biomedical photoacoustic imaging”. In:
Neurocomputing 573 (Mar. 2024), p. 127207. doi: 10.1016/j.neucom.2023.127207
(cit. on p. 127).

[80] R. Wang et al. “Photoacoustic imaging with limited sampling: a review of ma-
chine learning approaches”. EN. In: Biomedical Optics Express 14.4 (Apr. 2023),
pp. 1777–1799. doi: 10.1364/BOE.483081 (cit. on p. 127).

[81] M. Kim, I. Pelivanov, andM. O’Donnell. “Review of Deep Learning Approaches for
Interleaved Photoacoustic and Ultrasound (PAUS) Imaging”. In: IEEE Transactions
on Ultrasonics, Ferroelectrics, and Frequency Control 70.12 (Dec. 2023), pp. 1591–
1606. doi: 10.1109/TUFFC.2023.3329119 (cit. on p. 127).

xxi

https://doi.org/10.48550/arXiv.1807.03039
https://doi.org/10.11588/heidok.00033932
https://doi.org/10.1117/1.JBO.27.8.083010
https://doi.org/10.1007/978-3-031-43907-0\_73
https://doi.org/10.1117/1.JBO.30.7.076006
https://doi.org/10.1016/j.pacs.2020.100215
https://doi.org/10.1117/1.JBO.26.4.040901
https://doi.org/10.1117/1.APN.2.5.054001
https://doi.org/10.1117/1.APN.2.5.054001
https://doi.org/10.1016/j.neucom.2023.127207
https://doi.org/10.1364/BOE.483081
https://doi.org/10.1109/TUFFC.2023.3329119


Bibliography

[82] S. Huang et al. “Partial Differential Equations Meet Deep Neural Networks: A
Survey”. In: IEEE Transactions on Neural Networks and Learning Systems 36.8
(Aug. 2025), pp. 13649–13669. doi: 10.1109/TNNLS.2025.3545967 (cit. on
p. 127).

[83] J. Jumper et al. “Highly accurate protein structure prediction with AlphaFold”. en.
In: Nature 596.7873 (Aug. 2021), pp. 583–589. doi: 10.1038/s41586-021-03819-2
(cit. on p. 127).

[84] M. Raissi, P. Perdikaris, and G. E. Karniadakis. “Physics-informed neural networks:
A deep learning framework for solving forward and inverse problems involving
nonlinear partial differential equations”. In: Journal of Computational Physics 378
(Feb. 2019), pp. 686–707. doi: 10.1016/j.jcp.2018.10.045 (cit. on p. 127).

[85] G. E. Karniadakis et al. “Physics-informed machine learning”. en. In: Nature
Reviews Physics 3.6 (June 2021), pp. 422–440. doi: 10.1038/s42254-021-00314-5
(cit. on p. 127).

[86] S. Cuomo et al. “Scientific Machine Learning Through Physics–Informed Neural
Networks: Where we are and What’s Next”. en. In: Journal of Scientific Computing
92.3 (July 2022), p. 88. doi: 10.1007/s10915-022-01939-z (cit. on p. 127).

[87] M. Tang, Y. Liu, and L. J. Durlofsky. “A deep-learning-based surrogate model for
data assimilation in dynamic subsurface flow problems”. In: Journal of Computa-
tional Physics 413 (July 2020), p. 109456. doi: 10.1016/j.jcp.2020.109456 (cit. on
p. 127).

[88] L. Ayala et al. “Spectral imaging enables contrast agent–free real-time ischemia
monitoring in laparoscopic surgery”. In: Science Advances 9.10 (Mar. 2023),
eadd6778. doi: 10.1126/sciadv.add6778 (cit. on p. 127).

[89] J. Zhang et al. “PAFormer: Photoacoustic reconstruction via transformer with mask
mechanism”. In: 2022 IEEE International Ultrasonics Symposium (IUS). ISSN:
1948-5727. Oct. 2022, pp. 1–4. doi: 10.1109/IUS54386.2022.9957348 (cit. on
p. 127).

[90] X. Song et al. “Sparse-view reconstruction for photoacoustic tomography com-
bining diffusion model with model-based iteration”. In: Photoacoustics 33 (Oct.
2023), p. 100558. doi: 10.1016/j.pacs.2023.100558 (cit. on p. 127).

[91] T. Rix et al. “Efficient Photoacoustic Image Synthesis with Deep Learning”. en.
In: Sensors 23.16 (Aug. 2023), p. 7085. doi: 10.3390/s23167085 (cit. on pp. 127,
137).

[92] J. Gröhl et al. “Distribution-informed and wavelength-flexible data-driven photoa-
coustic oximetry”. In: Journal of Biomedical Optics 29.S3 (June 2024), S33303.
doi: 10.1117/1.JBO.29.S3.S33303 (cit. on p. 127).

xxii

https://doi.org/10.1109/TNNLS.2025.3545967
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.1038/s42254-021-00314-5
https://doi.org/10.1007/s10915-022-01939-z
https://doi.org/10.1016/j.jcp.2020.109456
https://doi.org/10.1126/sciadv.add6778
https://doi.org/10.1109/IUS54386.2022.9957348
https://doi.org/10.1016/j.pacs.2023.100558
https://doi.org/10.3390/s23167085
https://doi.org/10.1117/1.JBO.29.S3.S33303


[93] I. Loc and M. B. Unlu. “Accelerating photoacoustic microscopy by reconstructing
undersampled images using diffusion models”. en. In: Scientific Reports 14.1 (July
2024), p. 16996. doi: 10.1038/s41598-024-67957-z (cit. on p. 127).

[94] X. Wang et al. “Residual-conditioned sparse transformer for photoacoustic image
artifact reduction”. In: Photoacoustics 44 (Aug. 2025), p. 100731. doi: 10.1016/j.
pacs.2025.100731 (cit. on p. 127).

[95] C.-J. Wu et al. “Sustainable AI: Environmental Implications, Challenges and Op-
portunities”. en. In: Proceedings of Machine Learning and Systems 4 (Apr. 2022),
pp. 795–813 (cit. on p. 127).

[96] R. Dwivedi et al. “Explainable AI (XAI): Core Ideas, Techniques, and Solutions”.
In: ACM Comput. Surv. 55.9 (Jan. 2023), 194:1–194:33. doi: 10.1145/3561048
(cit. on p. 127).

[97] Y. Chen et al.Reasoning Models Don’t Always Say What They Think. arXiv:2505.05410
[cs]. May 2025. doi: 10.48550/arXiv.2505.05410 (cit. on p. 128).

[98] E. Tjoa and C. Guan. “A Survey on Explainable Artificial Intelligence (XAI):
Toward Medical XAI”. In: IEEE Transactions on Neural Networks and Learning
Systems 32.11 (Nov. 2021), pp. 4793–4813. doi: 10.1109/TNNLS.2020.3027314
(cit. on p. 128).

[99] H. Dehghani et al. “Near infrared optical tomography using NIRFAST: Algorithm
for numerical model and image reconstruction”. en. In: Communications in Numer-
ical Methods in Engineering 25.6 (2009), pp. 711–732. doi: 10.1002/cnm.1162
(cit. on p. 129).

[100] B. Parvitte et al. “Quantitative simulation of photoacoustic signals using finite
element modelling software”. en. In: Applied Physics B 111.3 (May 2013), pp. 383–
389. doi: 10.1007/s00340-013-5344-2 (cit. on p. 129).

[101] S. L. Jacques. “Optical properties of biological tissues: a review”. en. In: Physics in
Medicine & Biology 58.11 (May 2013), R37. doi: 10.1088/0031-9155/58/11/R37
(cit. on p. 129).

[102] N. Rauch and M. Harders. “Methods for User-Controlled Synthesis of Blood Vessel
Trees in Medical Applications: A Survey”. In: IEEE Access 13 (2025), pp. 22300–
22313. doi: 10.1109/ACCESS.2025.3536998 (cit. on p. 130).

[103] R. Tao et al. “Tutorial on methods for estimation of optical absorption and scattering
properties of tissue”. In: Journal of Biomedical Optics 29.6 (June 2024), p. 060801.
doi: 10.1117/1.JBO.29.6.060801 (cit. on p. 130).

[104] Baumgartner C et al. Tissue Properties Database V5.0. 2025. doi: 10.13099/
VIP21000-05-0 (cit. on p. 130).

[105] IPASC. PACFISH. original-date: 2020-02-14T12:22:24Z. Jan. 2025 (cit. on p. 130).

xxiii

https://doi.org/10.1038/s41598-024-67957-z
https://doi.org/10.1016/j.pacs.2025.100731
https://doi.org/10.1016/j.pacs.2025.100731
https://doi.org/10.1145/3561048
https://doi.org/10.48550/arXiv.2505.05410
https://doi.org/10.1109/TNNLS.2020.3027314
https://doi.org/10.1002/cnm.1162
https://doi.org/10.1007/s00340-013-5344-2
https://doi.org/10.1088/0031-9155/58/11/R37
https://doi.org/10.1109/ACCESS.2025.3536998
https://doi.org/10.1117/1.JBO.29.6.060801
https://doi.org/10.13099/VIP21000-05-0
https://doi.org/10.13099/VIP21000-05-0


Bibliography

[106] IPASC. standardised-image-reconstruction. original-date: 2021-09-02T09:01:23Z.
June 2025 (cit. on p. 130).

[107] D. Martin et al. “Effect of skin tone on the accuracy of the estimation of arterial
oxygen saturation by pulse oximetry: a systematic review”. In: British Journal of
Anaesthesia 132.5 (May 2024), pp. 945–956. doi: 10.1016/j.bja.2024.01.023
(cit. on p. 131).

[108] T. R. Else et al. “Effects of skin tone on photoacoustic imaging and oximetry”. In:
Journal of Biomedical Optics 29.S1 (Dec. 2023), S11506. doi: 10.1117/1.JBO.29.
S1.S11506 (cit. on p. 131).

[109] M. Knopp et al. “Shortcut learning leads to sex bias in deep learning models for
photoacoustic tomography”. en. In: International Journal of Computer Assisted
Radiology and Surgery 20.7 (July 2025), pp. 1325–1333. doi: 10.1007/s11548-
025-03370-9 (cit. on p. 131).

[110] P. Godau et al. “Navigating prevalence shifts in image analysis algorithm deploy-
ment”. In: Medical Image Analysis 102 (May 2025), p. 103504. doi: 10.1016/j.
media.2025.103504 (cit. on p. 131).

[111] A. Ramesh et al. Hierarchical Text-Conditional Image Generation with CLIP
Latents. arXiv:2204.06125 [cs]. Apr. 2022. doi: 10.48550/arXiv.2204.06125
(cit. on p. 132).

[112] L. Zhang, A. Rao, and M. Agrawala. “Adding Conditional Control to Text-to-Image
Diffusion Models”. en. In: 2023, pp. 3836–3847 (cit. on p. 132).

[113] H. Chang et al. “Muse: Text-To-Image Generation via Masked Generative Trans-
formers”. en. In: Proceedings of the 40th International Conference on Machine
Learning. PMLR, July 2023, pp. 4055–4075 (cit. on p. 132).

[114] V. v. Veldhuizen et al. Foundation Models in Medical Imaging – A Review and
Outlook. arXiv:2506.09095 [eess]. June 2025. doi: 10.48550/arXiv.2506.09095
(cit. on p. 132).

[115] L. Zhang et al. “Generative AI enables medical image segmentation in ultra low-
data regimes”. en. In: Nature Communications 16.1 (July 2025), p. 6486. doi:
10.1038/s41467-025-61754-6 (cit. on p. 132).

[116] L. Hacker et al. “Criteria for the design of tissue-mimicking phantoms for the
standardization of biophotonic instrumentation”. en. In: Nature Biomedical Engi-
neering 6.5 (May 2022), pp. 541–558. doi: 10.1038/s41551-022-00890-6 (cit. on
p. 134).

[117] L. Hacker et al. “A Copolymer-in-Oil Tissue-Mimicking Material With Tuneable
Acoustic and Optical Characteristics for Photoacoustic Imaging Phantoms”. In:
IEEE Transactions on Medical Imaging 40.12 (Dec. 2021), pp. 3593–3603. doi:
10.1109/TMI.2021.3090857 (cit. on p. 134).

xxiv

https://doi.org/10.1016/j.bja.2024.01.023
https://doi.org/10.1117/1.JBO.29.S1.S11506
https://doi.org/10.1117/1.JBO.29.S1.S11506
https://doi.org/10.1007/s11548-025-03370-9
https://doi.org/10.1007/s11548-025-03370-9
https://doi.org/10.1016/j.media.2025.103504
https://doi.org/10.1016/j.media.2025.103504
https://doi.org/10.48550/arXiv.2204.06125
https://doi.org/10.48550/arXiv.2506.09095
https://doi.org/10.1038/s41467-025-61754-6
https://doi.org/10.1038/s41551-022-00890-6
https://doi.org/10.1109/TMI.2021.3090857


[118] V. Grasso et al. “Development of a morphologically realistic mouse phantom for
pre-clinical photoacoustic imaging”. en. In: Medical Physics 50.9 (2023), pp. 5757–
5771. doi: 10.1002/mp.16651 (cit. on p. 134).

[119] R. Ragunathan et al. “Direct 3-D printing of complex optical phantoms using
dynamic filament mixing”. en. In: Scientific Reports 15.1 (Mar. 2025), p. 9705.
doi: 10.1038/s41598-025-94390-7 (cit. on p. 134).

[120] L. Maier-Hein et al. “Metrics reloaded: recommendations for image analysis valida-
tion”. en. In: Nature Methods 21.2 (Feb. 2024), pp. 195–212. doi: 10.1038/s41592-
023-02151-z (cit. on p. 135).

[121] W. Choi et al. “Open-source implementation and systematic comparison of image
reconstruction algorithms for linear array transducers”. In: Photons Plus Ultra-
sound: Imaging and Sensing 2024. Vol. PC12842. SPIE, Mar. 2024, PC128421B.
doi: 10.1117/12.3001124 (cit. on p. 135).

[122] J. Gröhl et al. Digital twins enable full-reference quality assessment of photoacous-
tic image reconstructions. May 2025. doi: 10.48550/arXiv.2505.24514 (cit. on
p. 135).

[123] A. Breger et al. PhotIQA: A photoacoustic image data set with image quality ratings.
en. July 2025 (cit. on p. 135).

[124] M. Schellenberg et al. “Photoacoustic image synthesis with generative adversarial
networks”. In: Photoacoustics 28 (Dec. 2022), p. 100402. doi: 10.1016/j.pacs.
2022.100402 (cit. on p. 137).

xxv

https://doi.org/10.1002/mp.16651
https://doi.org/10.1038/s41598-025-94390-7
https://doi.org/10.1038/s41592-023-02151-z
https://doi.org/10.1038/s41592-023-02151-z
https://doi.org/10.1117/12.3001124
https://doi.org/10.48550/arXiv.2505.24514
https://doi.org/10.1016/j.pacs.2022.100402
https://doi.org/10.1016/j.pacs.2022.100402


Bibliography

xxvi



Acknowledgements

Die letzten (fast) fünf Jahre, in denen ich meinen Ph.D. gemacht habe, waren eine verrückte
Zeit, in denen ich nicht nur fachlich viel über mein Projekt und mein Thema gelernt habe,
sondern auch sehr viel über mich. An dieser Stelle möchte ich mich bei allen Menschen
bedanken, die mich während dieser Zeit auf verschiedenste Arten unterstützt haben.

Zu aller erst möchte ich mich bei Lena Maier-Hein bedanken, die mir erst die Chance
gegeben hat, Teil des wundervollen Teams IMSY sein zu dürfen, das sie über die Jahre
aufgebaut hat. Vielen Dank, Lena, für Deine kontinuierliche Unterstützung, für das Ver-
trauen, das Du mir jederzeit entgegen gebracht hast, für all die tollen Reisen, die ich als
Teil meines Ph.D.’s machen durfte, und einfach für die nicht nur fachlich sondern einfach
auch menschlich exzellente Betreuung! Dein schierer Enthusiasmus für Forschung hat
mich angesteckt und mich für meine bisherige und auch zukünftige Arbeit motiviert.

Vielen Dank auch an Jürgen Hesser, meinen Betreuer der Physik Fakultät. Die TAC Meet-
ings und Feedback Gespräche waren super hilfreich und haben mir immer wieder auch
einen neuen Blickwinkel auf einige Themen geöffnet.

Next, I would like to thank Sarah Bohndiek, who hosted me in her amazing lab for about
half a year. During that time, I got to learn so much and meet the amazing people in her
team, with whom I made new friends.

Ein Riesendank gilt Janek Gröhl, der nicht nur Betreuer meiner Masterarbeit war, sondern
auch über die komplette Zeit meines Ph.D.’s immer offen für Fragen war und mir Feed-
back gegeben hat, wann auch immer ich es gebraucht habe. Danke Dir, Janek, dass Du
durch deine entspannte Art und Deine unnachgiebig positive Einstellung mir nicht nur
einmal Sorgen nehmen konntest undmir immer wieder auch empathischen Rat gegeben hast.

Ein weiterer Dank gilt natürlich auch Alexander Seitel, dem Group Lead des Photoakustik
Teams, der durch seine riesen Erfahrung in der Wissenschaft an allen Ecken und Kanten
tatkräfig angepackt hat, auch wenn es mal um nervige Aufgaben ging. Deine Alex-Hours
waren immer mal wieder eine tolle Abwechslung, um entweder etwas Dampf abzulassen,
Dinge zu fragen, die man sonst vielleicht nicht so direkt fragen würde, oder einfach ein
chilliges Gespräch.

xxvii



Acknowledgements

Das gesamte Photoakustik Team ist einfach absolute weltklasse und ich wäre in keiner
anderen Gruppe lieber gewesen. Das geht an alle aktuellen und vergangenen Mitglieder,
insbesondere auch Thomas Kirchner, der mich bei meiner Bachelor Arbeit betreut hat und
mich von Anfang an für Photoakustik begeistern konnte. Aus unserem Büro möchte ich
mich auch nochmal bedanken bei Niklas Holzwarth als mein (fast von Beginn an) treuer
Photoakustik Begleiter, Melanie Schellenberg, die eine unglaubliche Wärme ins Team
gebracht hat, Jan-Hinrich Nölke, Tom Rix, Christoph ”CJ” Bender, und Marcel Knopp. Ihr
seid die besten Office- und random Gesprächsbuddies, die ich mir hätte wünschen können.
Vielen lieben Dank für den ”alle für einen und einer für alle”-Spirit!

A big thank you goes out to the whole IMSY team! The time I had during lunch and coffee
breaks, and all sorts of social events was amazing and I can definitely say that this is a team
with an overwhelming team spirit. I love talking to every single one in the team and forcing
my stupid puns on everyone is so much fun (mostly for me). I’ve met many amazing people
that I can truly call my friends. Special thank you to Leo for all the decafferonis that were
so much fun! At this point, also special thanks to the Mädels in the office who supported
me and all of us, even though I’m sure we can be a bit annoying at times, so thank you for
keeping up with us!

Auch nochmal lieben Dank an alle, die meine Thesis Korrektur gelesen haben: Alex, Janek,
Flo, Leo, Niklas, Jan und Tom.

Vielen lieben Dank an alle meine Freunde, ob in Heidelberg, Boston (Flo), oder aus dem
wunderschönen Saarland, die mich überall immer warm und willkommen fühlen lassen.
Für all die schöne Tage und Abende, in denen ich mal den Stress zur Seite schieben und
einfach entspannen konnte!

Zu guter letzt, möchte ich mich von ganzem Herzen bei meiner Familie bedanken, die
immer für mich da war und ohne die ich das alles so auf jeden Fall nicht geschafft hätte.
Mama und Papa, vielen Dank dafür, dass ihr mich in allem und jederzeit unterstützt habt,
mir den Rücken frei gehalten habt und dass ihr mir mein Studium überhaupt erst ermöglicht
habt! Ich weiß das sehr zu schätzen! Kim, vielen Dank dafür, dass du ein großartiger
Bruder bist und sicher gehst, dass ich immer geerdet bleibe. Tanja und Oma Hilde, vielen
lieben Dank, für die hunderten Kerzen, die ihr angemacht habt und dass ihr buchstäblich
jeden Tag an mich denkt!

Vielen Dank!

xxviii



Acknowledgements

Disclosure

During the writing of this work, I used the search engines Google Scholar, Semantic
Scholar, and ChatGPT Deep Research as research tools in order to identify related
existing literature and assess their relevance. I further used the large language models
(LLMs) OpenAI’s ChatGPT 4o and DeepL Write for linguistic and grammatical
improvements. The prompts I used were variants of:
”For the following text, improve the clarity, conciseness, and scientific tone. Use
academic language and avoid overly complex phrasing, but ensure precision and
objectivity. Do not change the meaning or content of the original text.”
Any generated content by these services has been carefully reviewed and verified.

Data-driven synthesis of photoacoustic images
Ph.D. Thesis

Supervised by Prof. Dr. Lena Maier-Hein
Prof. Dr. Jürgen Hesser

This work has been set using LATEX and KOMA-Script.

xxix


	Title page
	Contents
	Lists
	List of acronyms
	List of figures

	Foundations and context
	Introduction
	Motivation
	Current challenges
	Research questions

	Background
	Photoacoustic imaging
	Computational modeling of photoacoustic imaging
	Deep learning


	Scientific contributions
	Concept overview
	Publications
	Review of deep learning in photoacoustic imaging
	Open-source simulation toolkit
	Unsupervised domain transfer
	Anthropomorphic phantoms
	Open-source validation data


	Reflections and closing
	Discussion and future perspective
	Facilitating multiphysics simulations for photoacoustic image generation
	Closing the domain gap while preserving spectral fidelity
	Design of phantoms for validation platform

	Summary
	Summary of contributions
	Conclusion


	List of publications
	Supplementary material
	Open-source simulation toolkit
	Unsupervised domain transfer
	Anthropomorphic phantoms

	Bibliography
	Acknowledgements

