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ABSTRACT

Biophotonic diagnostics provide noninvasive access to structural and bio-
chemical information, yet their performance is often limited by uncon-
trolled light delivery, depth-dependent signal loss, and a lack of physiolog-
ical standardisation. This thesis builds on the hypothesis that diagnos-
tic accuracy can be significantly improved by engineering illumination
to actively direct photon transport rather than treating it as a static
constraint. A series of illumination strategies are therefore developed
across multiple platforms, progressing from fundamental beam control
to application-specific sensing systems.

The thesis begins by establishing a framework for structured illumi-
nation through multimode optical fibres using the transmission matrix
(TM). A real-valued intensity transmission matrix (RVITM) approach is
implemented to generate controlled circular symmetric output patterns
such as rings and combinations of rings without interferometric detection
using a 16 x 16 Hadamard calibration basis. The generated patterns,
including rings of tunable radius and composite double ring profiles, re-
main stable under fibre bending, demonstrating robustness against mode
scrambling and providing a compact, axicon free route to programmable
beam shaping at the fibre tip.

To address the need for spatially uniform illumination in quantita-
tive imaging, a Kohler integrator based laser microscope incorporating
dual microlens arrays (500 pm pitch, 13.8 mm focal length) is developed
to homogenise excitation across the sample plane, achieving a coefficient
of variation (CV) of approximately 1.2 to 1.5% across the field of view.
This system is applied to upconversion nanoparticle (UCNP) assisted
biomarker imaging for semi-quantitative assessment of HER2 expression
(scoring levels 0 to 3+) in breast cancer tissues. The UCNP labelled
samples achieved a signal to background ratio of 40, representing a 25
fold improvement over conventional 3,3’-diaminobenzidine (DAB) chro-
mogenic staining (ratio of 1.6), demonstrating substantially enhanced
contrast and quantification accuracy in widefield cancer diagnostics.

For subsurface biochemical detection, tailored illumination is applied
in Raman spectroscopy. A dual wavelength inverse spatially offset Raman
spectroscopy (DWiSORS) system is implemented using axicon based ring
illumination with excitation at 730 nm and 830 nm, enabling simultane-
ous access to the fingerprint (393 to 2195cm™!) and high wavenumber
(2043 to 3846 cm ™) spectral regions. A novel enhancement to noise ra-
tio (ENR) metric is introduced to determine the optimal spatial offset
for subsurface probing, yielding patient specific optimal offsets in the
range of 5 to 9mm. Validated through Monte Carlo simulations and two
layer tissue mimicking phantom measurements, the system demonstrates
sensitive detection of bone mineral and hydration markers at depths of
up to 14mm through overlying soft tissue, with in vivo measurements
performed on ten healthy volunteers.

Finally, to enable calibration of optical sensing systems under phys-
iologically relevant conditions, a light guided solid dynamic phantom is
constructed. By integrating a polymer optical fibre (3 mm diameter) with
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a liquid crystal display modulator, the phantom reproduces wavelength
specific pulsatile absorption changes across four wavelengths (455, 530,
660, and 940nm). The system accurately simulates photoplethysmog-
raphy (PPG) signals across a range of heart rates (80 to 120 bpm) and
oxygen saturation levels (SpO,: 86 to 100%), providing a controllable
and reproducible platform for pulse oximeter calibration and validation
that outperforms conventional liquid blood based phantoms in stability,
response time, and spatial controllability.

Across the different systems, analytical modelling frameworks are
used to guide illumination strategy and interpret photon transport be-
haviour. In the Raman studies, these are further supported by Monte
Carlo simulations to quantify depth sensitivity and validate experimen-
tal trends. Together, this work establishes illumination as a powerful
design parameter for enhancing sensitivity, selectivity, and reliability in
biophotonic diagnostics, paving the way for future platforms where light
delivery is adaptively matched to the sensing target.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Modern medicine is evolving from a reactive disease-centric model to
proactive and predictive patient-centric approaches [1]. Early detection
and continuous monitoring are critical to preventing illness, managing
chronic diseases, optimising overall health conditions, and reducing the
burden on both patients and healthcare infrastructures [2]. However,
conventional diagnostic methods present notable drawbacks. For ex-
ample, open surgical biopsy is invasive and can cause wound compli-
cations and tumour spreading [3]. Imaging techniques like computed
tomography (CT) and X-ray expose patients to ionising radiation, rais-
ing concerns in vulnerable populations such as children and pregnant
women [4, 5]. Magnetic resonance imaging (MRI) uses non-ionising elec-
tromagnetic radiation without exposure-related hazard. However, it is
expensive, time-consuming, and may be contraindicated in patients with
electrically, magnetically, or mechanically activated implants. In addi-
tion, the use of contrast agents in MRI is risky for people with allergies
or impaired renal function [6]. These limitations highlight the need for
alternative diagnostic approaches that are noninvasive, safe, and capa-
ble of providing high-resolution and molecular-level information without
compromising patient safety or comfort.

Biophotonics provides an alternative solution to the limitations of
conventional diagnostic modalities by enabling noninvasive, label-free,
and real-time characterisation of biological tissues at both structural and
molecular levels through the interaction of light with cells and tissues[7—
9]. For example, Optical Coherence Tomography (OCT) utilises low-
coherence interferometry to generate high-resolution cross-sectional im-
ages of biological tissues [10]. Diffuse optical imaging (DOI) uses near-
infrared (NIR) light to probe the absorption and scattering properties of
biological tissues. It enables functional imaging of tissue haemodynam-
ics and oxygenation at depths beyond the reach of conventional optical
microscopy [11]. Photoacoustic imaging is a hybrid biomedical imaging
technique that combines optical excitation with ultrasonic detection to
visualise the optical absorption properties of tissues. It provides high-
contrast, high-resolution images of vascular structures and tissue compo-
sition at greater depths than purely optical methods [12]. Raman spec-
troscopy is a label-free technique that investigates molecular vibrational
modes through the inelastic scattering of monochromatic light. In bio-
photonics, it enables non-invasive molecular analysis of biological tissues,
offering high specificity for detecting biochemical changes. This makes
it particularly valuable for applications such as cancer diagnostics, tissue
classification, and disease monitoring [13, 14].

While conventional biophotonics techniques have significantly ad-
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vanced non-invasive diagnostics by providing structural and molecular
insights, their performance is often constrained by factors such as lim-
ited spatial resolution and reduced imaging depth. To overcome these
limitations, structured illumination has emerged as a powerful approach
to improve imaging resolution, increase measurement sensitivity, and se-
lectively probe specific tissue volumes.

This thesis builds on the hypothesis that diagnostic accuracy in bio-
photonics can be improved through the optimisation of illumination pat-
terns. The goal for this thesis is to develop and evaluate structured,
optimised, and programmable illumination strategies that enhance sen-
sitivity, selectivity, and quantitative performance across a range of bio-
photonics modalities. To achieve this goal, the research addresses four
interconnected challenges that limit the performance of current biopho-
tonics techniques. The first challenge is the problem of nonuniform exci-
tation in quantitative imaging, which directly reduces the accuracy and
repeatability of biomarker quantification. The second challenge concerns
the limited sampling depth in Raman spectroscopy, where signals from
subsurface tissues are often obscured by stronger contributions from su-
perficial layers. A third challenge arises from the lack of physiologically
realistic calibration platforms, which makes it difficult to standardise op-
tical devices such as pulse oximeters and to evaluate their performance
under controlled and reproducible conditions. Finally, there is a need
for compact and flexible fibre based illumination shaping to support the
development of miniaturised instruments suitable for clinical translation.

Each of these challenges forms the motivation for one of the four sci-
entific papers included in the thesis, and together they demonstrate how
illumination engineering can improve biophotonic measurements at sev-
eral levels, including spatial uniformity, depth sensitivity, physiological
realism, and fibre scale control.

1.2 Structure of the thesis

This thesis explores various methods for manipulating illumination light
and their applications in precise biomedical sensing, along with the devel-
opment of a transmission matrix-based illumination system at the fibre
tip for flexible beam shaping.

This work was carried out as part of the Biophotonics@Tyndall team,
based at Tyndall National Institute in Ireland, and kindly supported
by Research Ireland (RI) grants SFI-12/RC/2276_P2 and SFI-22/RP-
2TF/10293.

The main results of this thesis are presented in four publications,
which will be referred to by their Roman numerals as Papers I, 11, ITI,
IV respectively, in the text. The main chapters of the thesis provide
a more comprehensive background to these papers, including detailed
discussions of the state-of-the-art, theoretical frameworks, experimental
strategies, and techniques employed, as well as a general discussion that
places the main results in the context of existing literature.

Chap. 2 — State of the art presents a state-of-the-art review of
structured illumination and light manipulation techniques in biophoton-
ics. It discusses approaches to achieve uniform illumination, and high-
lights advanced techniques including Structured Illumination Microscopy
(SIM), Spatial Frequency Domain Imaging (SFDI), and Stimulated Emis-
sion Depletion microscopy (STED). The chapter also explores the use of
ring illumination for deep-tissue Raman spectroscopy and the applica-
tion of spatial light modulators (SLM) with transmission matrix (TM)
methods for wavefront shaping and endoscopic imaging.

Chap. 3 — Transmission matrix and beamshaping presents the
transmission matrix (TM) framework for light manipulation through
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complex optical media. The chapter introduces the theoretical basis
of the TM in the linear regime and details experimental strategies for
its measurement using both phase-sensitive and intensity-only meth-
ods. It also describes how the real-valued intensity transmission matrix
(RVITM) enables practical beam shaping through multimode fibres with-
out interferometry, with applications in robust and compact biomedical
systems. The chapter complements Paper IV.

Chap. 4 — Concepts of biophotonics modalities for tissue
diagnostics presents the theoretical background of the biophotonics
modalities combined with beam shaping for various diagnostic applica-
tions. These concepts form the basis for all the papers included in this
thesis. The chapter introduces the use of upconverting nanoparticles
(UCNPs) for breast cancer detection, discusses the principles of Raman
spectroscopy and inverse spatially offset Raman spectroscopy (iISORS),
and explains the fundamentals of diffuse optics and pulse oximetry for
tissue characterisation and physiological monitoring.

Chap. 5 — Kohler integrator for wide field imaging presents the
theoretical background, design and implementation of Kohler integrator
in wide-field optical microscopy. It describes the construction and opti-
misation of a custom laser-based microscope system employing microlens
arrays to achieve spatially uniform excitation at the sample plane. This
illumination strategy is applied to enhance image quality and quantifi-
cation accuracy in UCNP-based imaging for breast cancer diagnostics.
The application is described in Paper I.

Chap. 6 — Ring illumination for dual wavelength inverse spa-
tially offset Raman spectroscopy presents the development and ap-
plication of an axicon-based ring illumination system, showcasing light
manipulation can enhance the sensitivity of inverse spatially offset Ra-
man spectroscopy (iISORS) for in-depth bone characterisation. Dual-
wavelength excitation at 730 nm and 830 nm is used to access both the
high wavenumber and fingerprint spectral regions, respectively. The tech-
nique is evaluated on tissue-mimicking phantoms, and through in vivo
measurements on healthy volunteers, demonstrating its potential for de-
tecting subsurface biochemical changes in bone. The development and
evaluation of a dual wavelength iISORS system are described in Paper ITI.

Chap. 7 — A light-guide based dynamic phantom for sys-
tem validation introduces the design and validation of a light-guided
solid dynamic phantom developed to simulate biologically relevant opti-
cal signals for system calibration. By integrating a liquid crystal display
(LCD) with a polymer optical fibre, the system enables controlled ma-
nipulation of light absorption, decouples angular dependence, and allows
for rapid, wavelength-specific modulation. The system was characterised
across four wavelengths (455, 530, 660, and 940 nm), and its performance
was demonstrated through photoplethysmography (PPG) signal genera-
tion at various heart rates and simulated oxygen saturation levels. The
phantom was further evaluated for its potential to calibrate and validate
pulse oximeters and other spectroscopy systems under dynamic physio-
logical conditions. This chapter forms the background to Paper 11, where
the development and characterisation of the dynamic solid phantom are
presented in detail.

To conclude, Chap. 8 — General Discussion discusses the key
findings of this work, compares them with related studies, and reflects
on the broader implications of light manipulation for sensitive detection.
Chap. 9 — Conclusions and future perspective summarises the
overall results presented in this thesis and outlines possible directions for
future research.






STATE OF THE ART

CHAPTER 2

This chapter reviews relevant structured illumination and light pattern
manipulation techniques applied in biophotonics. Most conventional light
sources emit light with a Gaussian intensity profile, resulting in non-
uniform illumination across the field. Obtaining uniform illumination is
essential for precise and quantitative microscopic imaging [15]. Struc-
tured illumination microscopy (SIM) improves spatial resolution beyond
the diffraction limit by projecting patterned light onto the sample and
computationally reconstructing high-frequency information [16]. Spatial
frequency domain imaging (SFDI) characterises tissue optical properties
by projecting spatially modulated light patterns and analysing the dif-
fuse reflectance at different spatial frequencies [17]. Stimulated Emission
Depletion (STED) microscopy uses ring illumination to selectively and
efficiently deactivate fluorescence around the excitation focus, allowing
emission only from a central sub-diffraction region and thereby achiev-
ing super-resolution imaging[18]. Ring illumination in biophotonics im-
proves the penetration depth and signal-to-noise ratio (SNR) in Raman
spectroscopy [19]. Spatial light modulators (SLMs) combined with the
transmission matrix approach enables dynamic wavefront shaping and
endoscopic applications [20].

Together, these techniques illustrate the central role of illumination
control in advancing biophotonics. They demonstrate how patterned and
structured light can enhance resolution, depth penetration, quantitative
accuracy, and contrast, thereby addressing fundamental challenges in
tissue characterisation and imaging. This context forms the foundation
for the research presented in Papers I-IV, where similar concepts of beam
shaping, structured illumination, and wavefront engineering are explored
and applied to improve diagnostic capabilities.

2.1 Uniform Illumination for Wide Field Imaging
System

Illumination uniformity is a critical parameter in wide-field biological
imaging applications. Non-uniform illumination typically arises from the
Gaussian intensity profile of light sources [21], as well as from vignetting
and optical misalignment. As a result, microscopic images often show a
brighter area towards the centre and a darker area towards the edges.
To address the challenges associated with non-uniform illumination in
microscopic imaging, a variety of approaches have been developed to
achieve more homogeneous light distribution across the field of view.
Diffractive diffusers are optical components with microstructured sur-
faces that modify the phase of incoming light, spreading it into a con-
trolled angular or spatial pattern [22]. They act as far-field beam shapers
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Figure 2.1: wShaper optical layout

by creating many diffracted orders that interfere with one another. When
specific spatial frequencies are encoded onto the phase of the laser beam,
the light undergoes self-interference as it propagates. This causes the
beam to form a defined pattern with a fixed divergence angle, deter-
mined by those spatial frequencies [23, 24].

While diffractive diffusers offer precise and compact solutions for far-
field beam shaping, their performance is wavelength dependent due to the
nature of diffraction, limiting their applicability in broadband systems.
An alternative achromatic approach is to use refractive beam shapers.
wShaper is a field mapping approach where the input intensity profile is
transformed into a uniform flat-top distribution through controlled ma-
nipulation of the wavefront[25]. The optical layout of the mShaper system
is shown in Figure 2.1. This method introduces a predetermined wave-
front aberration to achieve the desired energy redistribution, followed by
its compensation to preserve the collimated nature of the beam. As a
result, the mShaper enables a highly accurate and almost lossless trans-
formation, producing a collimated and speckle-free output beam suitable
for high-precision optical applications[26].

Although the mShaper provides precise beam shaping through field
mapping, its performance relies heavily on the quality and structure of
the input wavefront, typically requiring a well-collimated Gaussian beam
for accurate and efficient transformation. In contrast, Kohler illumina-
tion, developed by August Kdohler of the Carl Zeiss company in 1893,
offers a more tolerant and versatile solution for achieving uniform illumi-
nation, particularly in microscopy[27]. In this configuration, the image
of the light source is focused at the condenser aperture, while the field di-
aphragm is focused onto the sample plane. This setup ensures that each
point in the sample receives light from the entire light source, and each
point on the light source illuminates the entire sample uniformly. The
schematic layout of the Kohler illumination is illustrated in Figure 2.2.
Kohler illumination has been widely used in quantitative imaging, such
as fluorescence microscopy[28] and UCNP imaging[29, 30]. Although
Kohler illumination is generally considered uniform, it still shows an in-
tensity drop of approximately 10 to 20% towards the edges of the field
of view[31]. Better uniformity can be achieved by using only the centre
part of the illumination[32]. However, this approach reduces the field of
view and the illumination efficiency. To overcome these limitations, the
Kohler integrator has been developed. It combines beam homogenisation
optics, such as microlens arrays (MLA), with the Kohler configuration to
achieve highly uniform and efficient illumination across the entire field
of view[33, 34]. In this system, the first MLA splits the incident light
into multiple beamlets that are spatially superimposed by the second
MLA, producing a homogenised illumination with uniform intensity and
angular distribution. The schematic layout of the Kohler integrator is
shown in Figure 2.3, where LA; and LAj represent the first and sec-
ond microlens arrays, respectively. The parameter pra represents the
pitch of the microlens array, fr a1 refers to the focal length of the first
microlens array, s indicates the separation between the microlens array
and the Fourier lens, and fr represents the focal length of the Fourier
lens. This design enables the coefficient of variation (CV) of the illu-
mination to be reduced to approximately 1.2 to 1.5%, demonstrating
excellent homogenisation performance suitable for quantitative imaging
applications[35].

Even though uniform illumination is important for widefield imaging,
some biophotonics applications use structured illumination to go beyond
what conventional widefield imaging can achieve.
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Figure 2.3: Schematic layout of the Kohler integrator

2.2 Structured Illumination Microscopy

2.2.1 Conventional Structured Illumination Microscopy

Structured illumination microscopy (SIM), first proposed by Gustafsson
in 2000, is a widefield fluorescence microscopy technique that improves
spatial resolution beyond the optical diffraction limit of the conventional
microscopy|[16, 36]. The principle of SIM is to illuminate the sample with
a known spatially modulated light pattern, usually a sinusoidal fringe,
which interacts with sub-diffraction features in the sample to generate
Moiré fringes. These fringes encode structural details corresponding to
high spatial frequencies in the sample in low-frequency signals. By ac-
quiring multiple images with different phase shifts and orientations of the
illumination pattern, and applying computational reconstruction algo-
rithms, SIM recovers sub-diffraction spatial details, improves the resolu-
tion by a factor of two compared to conventional or confocal microscopy.
This enhancement increases the lateral resolution from approximately
290 nm to around 115 nm.

Figure 2.4 illustrates the basic configuration and imaging outcomes
of conventional SIM, highlighting its ability to enhance resolution. L;—
Lg represent the relay and imaging lenses used to guide and focus the
illumination and detection paths, QWP indicates the quarter-wave plate
used to control the polarisation state of the illumination beam, and DM
represents the dichroic mirror that separates the excitation and emission
light paths. The generated periodic illumination pattern is projected
onto the sample through the objective lens, and the resulting fluorescence
signal is collected and recorded by the camera. While conventional SIM
effectively improves spatial resolution, various advanced implementations
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Figure 2.4: The principle, instrumentation, and imaging results of SIM.
(A) Schematic layout of SIM. (B) The moiré pattern generated by pro-
jecting a periodic pattern on a sample. (C) Comparison of microtubule
imaging in HeLa cells using conventional fluorescence microscopy and
super-resolution SIM. (D) Comparison of pollen grain images acquired
using conventional bright-field microscopy and optical sectioning SIM.
The image has been adapted from [37].

have been developed to extend its capabilities.

2.2.2 Total Internal Reflection Fluorescence Structured
Illumination Microscopy

Total Internal Reflection Fluorescence Structured Illumination Mi-
croscopy (TIRF-SIM) integrates the principles of structured illumination
microscopy with total internal reflection fluorescence to achieve high-
resolution imaging confined to the region near the membrane of the
cell. The evanescent field is generated when excitation light is inci-
dent from an optically denser medium, such as a glass coverslip, onto
a optically rarer medium, typically an aqueous biological sample, at
an angle greater than the critical angle. The evanescent field excites
only the region within about 100 nm of the sample above the cover-
slip, providing excellent optical sectioning. Various optical configura-
tions have been developed to implement TIRF-SIM, including the use of
periodically nano-structured substrates[38], SLMs[39], 2D square mesh-
grid illumination patterns[40], scanning mirrors combined with Michelson
interferometers[41], and acousto-optic deflectors[42]. These diverse ap-
proaches broaden the flexibility and applicability of TIRF-SIM for high-
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resolution imaging of near-membrane biological processes in live cells.

2.2.3 Nonlinear Structured Illumination Microscopy

The principle of nonlinear SIM further improves the resolution by utilis-
ing the nonlinear response of fluorophores to the excitation light. This
response generates higher-order harmonics of the illumination pattern,
allowing the retrieval of finer structural information. One method to
generate higher-order spatial frequencies in structured illumination mi-
croscopy (SIM) is through saturated excitation. In this approach, intense
patterned illumination induces nonlinear fluorescence, shifting additional
high-frequency information into the observable range. This results in
higher resolution, achieving up to 50 nm[43]. However, saturated excita-
tion requires high power, which can accelerate photobleaching and cause
damage to biological samples. In contrast, reversible photoswitching of a
fluorescent protein offers the necessary nonlinearity while using light in-
tensities six orders of magnitude lower than those required for saturation
[44].

2.2.4 Spot-scanning Structured Illumination
Microscopy

Conventional SIM is a wide-field imaging technique that is often lim-
ited to thin samples less than 20 pm. SIM imaging of thick samples is
challenged by out-of-focus fluorescence, which contributes to background
noise and reduces image quality. The spot-scanning SIM overcomes these
issues by using a focused excitation beam which acts as a spot illumina-
tion scanned across the sample plane with greater penetration depth[45].
Several spot-scanning SIM modalities have been developed depending
on the system configurations. Since point-by-point scanning across the
sample plane results in prolonged acquisition times, Multifocal Struc-
tured Hlumination Microscopy (MSIM) improves imaging speed by using
a 2D lattice array of excitation spots to illuminate multiple locations si-
multaneously. To image the entire field of view, the multifocal excitation
pattern is sequentially shifted, and a fluorescence image is acquired after
each shift [46-49]. While MSIM requires post-processing to reconstruct
the final image, Optical Photon Reassignment Microscopy (OPRA) pro-
duces super-resolved images without the need for post-processing. Unlike
confocal microscopy, where detection is limited to the excitation focus,
OPRA reassigns photons to the point of maximum overlap between ex-
citation and detection probability distributions. Eventally, OPRA elim-
inates readout noise and reduces artifacts caused by mechanical drift
[50, 51].

Apart from the techniques discussed above, plasmonic SIM[52, 53],
photonic-chip SIM[54], speckle SIM[55], lattice SIM[56, 57], and 3D
SIM[58, 59] have been developed to address specific imaging challenges.
To support these modalities, several open source reconstruction algo-
rithms have also been introduced, including fairSIM[60], OpenSIM[61],
SIMcheck[62], SIMToolbox[63], and machine learning based reconstruc-
tion algorithms[64-66].

2.3 Spatial Frequency Domain Imaging

Optical properties can be characterised using spatial or temporal mea-
surements and analysed in either the real domain or the frequency do-
main. Spatial Frequency Domain Imaging (SFDI) is a non-contact,
widefield optical imaging technique used to quantitatively map tissue
optical properties, such as absorption and reduced scattering coeffi-
cients. It operates by projecting sinusoidal illumination patterns of
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Figure 2.5: Spatial frequency domain imaging setup, adapted from [17].

varying spatial frequencies onto the sample and measuring the dif-
fuse reflectance. The spatial frequency domain models were first ap-
plied to analyse Fourier-domain light transport signals by Dognitz and
Wagniéres in 1998[67], and Cuccia further developed the approach to-
ward native spatial frequency domain in 2009. Figure 2.5 shows the
typical SFDI setup. Reflected intensity images are first acquired un-
der multiple spatially modulated patterns with different spatial fre-
quencies and phases[17]. These images are then demodulated using
appropriate algorithms, such as three-phase demodulation[17], Gram-
Schmidt orthonormalisation[68], or the spiral phase transform[69], to re-
trieve diffuse reflectance at each spatial frequency. By fitting the fre-
quency dependent reflectance data to light transport models like the dif-
fusion approximation equation[70] or Monte Carlo simulations[71, 72],
and applying inverse parameter estimation methods, such as nonlin-
ear least square fitting[73] or look up table approaches[74, 75], SFDI
enables the separation of absorption and scattering effects. Moreover,
multispectral and hyperspectral SFDI systems have been developed
to enable wavelength dependent chromophores quantification, such as
haemoglobin, water, and lipid content[76-78]. SFDI has been widely used
in biomedical imaging for burn assessment[79-81], tumor detection[82—
84], skin characterisation[85-87], surgical guidance[88, 89], and brain tis-
sue imaging[78, 90, 91]. In addition, SFDI can also be combined with
other biophotonics modalities to enhance imaging accuracy and expand
functional capability. For example, SFDI can be integrated into fluo-
rescence imaging systems to quantify tissue scattering, thus improving
the accuracy of fluorescence signal localisation and quantification[92—
94]. Optical Coherence Tomography (OCT) can be integrated with SFDI
to complement widefield optical property mapping with high-resolution
depth-resolved structural information[95]. SFDI has also been combined
with laser speckle imaging to simultaneously measure blood flow, tissue
perfusion and oxygenation for burn assessment[96, 97].
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2.4 Ring Illumination in Biophotonics

While SIM and SFDI use stripe sinusoidal illumination patterns to en-
hance resolution or extract optical properties, other advanced techniques
utilise alternative beam geometries. For example, STED microscopy
and iSORS use ring-shaped illumination. In STED, the ring beam sup-
presses fluorescence around the excitation centre, enabling sub-diffraction
resolution[18]. In iSORS, the ring pattern enhances sensitivity to subsur-
face Raman signals by spatially separating excitation and collection[19].

2.4.1 Stimulated Emission Depletion Microscopy

Stimulated emission depletion microscopy (STED) is a fluorescence mi-
croscopy technique that overcomes the diffraction limit by selectively de-
activating fluorophores in the periphery of the focused excitation beam.
The concept was first proposed by Stefan Hell and Jan Wichmann in 1994
[18], and the first experimental implementation was demonstrated a few
years later by Thomas A. Klar and Stefan Hell in 1999[98, 99]. The pro-
cess involves two beams: the excitation beam that excites fluorophores
within the focal volume to an excited singlet state, the depletion beam,
shaped into a doughnut profile, with zero intensity at its centre, stim-
ulates excited fluorophores to return to the ground state via stimulated
emission. This approach effectively reduces the point spread function
(PSF) of the microscope, enabling the acquisition of images with spatial
resolution beyond the diffraction limit. The doughnut-shaped depletion
beam is generated using a vortex phase plate to introduce a 27 phase
shift to the depletion beam, leading to destructive interference at the fo-
cal point, resulting in zero intensity at the centre. The schematic layout
and working principle is shown in Figure 2.6. However, this approach is
highly sensitive to optical aberrations, which can distort the beam pro-
file and degrade the resolution. In STED microscopy, aberrations can be
grouped into two types. The first distorts the depletion beam shape while
preserving the central intensity minimum, which may reduce resolution,
but still allows some STED enhancement. Severe distortion can break
the ring structure, causing the system to behave like a confocal micro-
scope. The second type fills in the central minimum, leading to unwanted
depletion of central fluorophores. This results in reduced signal and res-
olution, similar to confocal imaging but with lower efficiency[100, 101].
To address these limitations, adaptive optics has been introduced to cor-
rect aberrations and restore image quality in real time[102, 103]. This
is typically implemented in a closed loop configuration, where aberra-
tions are continuously detected and compensated using a combination
of a wavefront sensing method and an adaptive optical element, such
as an SLM. To speed up the correction process, machine learning ap-
proaches are increasingly applied in adaptive optics systems, enabling
rapid identification and compensation of aberrations during imaging[104].
Adaptive optics techniques enable effective correction of aberrations in-
troduced by the sample, allowing three dimensional STED imaging at
greater depths, reaching up to 164 pm in fixed cells and 76 pum in living
cells[105]. Conventional STED microscopy typically achieves a spatial
resolution of approximately 15 - 20 nm[106], while the more advanced
MINSTED technique can reach 1 - 3 nm by localising single fluorophores
through precise steering of the STED doughnut minimum, which serves
as a movable reference point for determining the fluorophore’s position
based on minimal stimulated emission[107].

11
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Figure 2.6: (a) Jablonski diagram illustrating the process of excitation,
stimulated emission and fluorescence. (b) Schematic layout of a STED
microscopy and working principle of smaller PSF in STED microscopy.

2.4.2 Inverse Spatially Offset Raman Spectroscopy

Inverse Spatially Offset Raman Spectroscopy (iISORS), introduced by
Pavel Matousek in 2006, enhances subsurface Raman signal detection
by using an annular illumination and centralised collection, effectively
reducing surface contributions and improving sensitivity to deeper lay-
ers in turbid, layered media[19]. Numerous applications across health-
care, pharmaceuticals, and security require the ability to identify analytes
through barriers such as packages or biological tissue[108-110]. For exam-
ple, in medical diagnostics, the overlying fat or skin can obscure featured
signals. The presence of overlying barriers has limited the applicability of
Raman spectroscopy for probing subsurface features. This limitation was
addressed with the development of spatially offset Raman spectroscopy
(SORS) by Pavel Matousek in 2005[111]. This configuration introduces a
spatial separation between illumination and detection, enables the collec-
tion of Raman photons that have migrated from deeper layers within the
sample. The spatial offset in SORS can be realised through various con-
figurations, most commonly point-to-point or point-to-ring geometries,
where the excitation and collection regions are spatially separated either
along a line or across a circular arrangement to improve sensitivity to sub-
surface Raman signals[112]. For measurements on biological samples, the
excitation power must remain below the maximum permissible exposure
(MPE) to avoid photodamage. This limitation constrains the strength
of the Raman signal achievable with conventional SORS configurations.
To overcome this challenge, the iISORS approach has been introduced.
It reverses the conventional SORS geometry by using an annular illu-
mination combined with centralised point detection. This configuration
enables distributed delivery of optical power across a larger area, thereby
reducing local intensity while maintaining effective subsurface signal col-
lection. In iSORS, ring-shaped illumination is typically generated using
an axicon lens. Alternative approaches have demonstrated that ring illu-
mination can also be achieved without an axicon by using a multi-mode
optical fibre positioned at a non-zero angle relative to the optical axis of
a focusing lens. In this setup, the fibre tip produces concentric illumina-
tion rings of varying sizes on the sample surface, providing a compact and
flexible method for implementing ring illumination[113]. The configura-
tion of illumination and collection in iSORS is illustrated in Figure 2.7.
This technique has shown strong potential in biomedical applications,
particularly for non-invasive bone characterisation[114]. Its depth sensi-
tivity can be further enhanced by incorporating surface-enhanced Raman
scattering (SERS) techniques, allowing more effective detection of bio-
chemical markers in bone and other tissues[115].
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2.5 Transmission Matrix and Beamshaping

Beam shaping through scattering media has become an essential tool in
biomedical optics, enabling precise light control even in highly diffusive
environments. It was first demonstrated by Vellekoop and Mosk in 2007
to focus coherent light through an opaque scattering medium by shaping
the incident wavefront with an SLM[116]. A key approach to manipu-
lating light in complex environments is through the transmission matrix,
which characterises the relationship between input and output fields in
an optical system. Measuring the transmission matrix allows for precise
control of the incident wavefront, enabling the transmitted light to be
shaped into a specific pattern, even after passing through complex or dis-
ordered media. The first experimental method for measuring the optical
transmission matrix was developed by Sébastien M. Popoff in 2010 [117].
The transmission matrix is typically acquired by sequentially illuminat-
ing the system with a set of known input patterns, such as plane waves or
Hadamard bases, and recording the corresponding complex output fields
using an interferometric technique. Once the transmission matrix has
been acquired, it can be used to shape the output wavefront, enabling
precise control of beam propagation through scattering media[118, 119].
Techniques including phase conjugation, singular value decomposition
and eigenmode selection have been applied to shape the beam.

While conventional wavefront shaping relies on modulating the in-
cident light using devices such as SLM or digital micromirror devices
(DMD), recent research has introduced an alternative approach to ma-
nipulate the transmission matrix by applying controlled local bends along
the fibre using piezoelectric actuators. This approach provides a signifi-
cantly larger number of degrees of control, offering greater versatility for
complex beam shaping applications[120].

Full-field control through conventional transmission matrix tech-
niques usually requires phase retrieval using holographical methods,
which complicates the optical system and reduces its stability. To over-
come this, machine learning approaches have been explored to enable
reference-arm-free TM estimation using intensity-only data[121-123].
While deep learning has enabled image retrieval through MMFs without
phase information, these methods often require large training datasets,
iterative optimisation, and long computation times, limiting their practi-
cality. As an alternative, Bayesian phase retrieval algorithms have been
proposed to reconstruct the complex TM from noisy intensity-only mea-
surements in a reference-free setup. These methods provide reliable TM
estimation with moderate computational cost and can be parallelised for
speed, making them attractive for practical applications[124]. To further
simplify the system, a real-valued intensity transmission matrix (RVITM)
approach has been introduced. This approach assumes a pseudo-linear
relationship between input and output intensities. This enables fast and
robust multimode fibre (MMF) characterisation without iterative pro-
cessing or large datasets, offering a practical solution for applications
that do not require phase information[125].

Beam shaping through multimode fibre has been widely used in
imaging, spectroscopy, and microfabrication. In imaging, wavefront
shaping enables high-resolution fluorescence and reflectance endoscopy
through MMFs, allowing access to delicate tissues such as the brain
without mechanical scanning[126-128]. Beam shaping also facilitates the
generation of high-energy, temporally focused pulses for microfabrication
applications[129]. Moreover, beam shaping through multimode fibres
has enabled the implementation of three-dimensional optical tweezers
and the generation of customised optical force fields for advanced optical
trapping applications[130, 131].
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The development of structured illumination and beam shaping
techniques has significantly improved the performance of optical imaging
and spectroscopy in biophotonics. The transition from conventional
Gaussian illumination to structured light patterns such as top-hat,
sinusoidal fringes, and ring illumination has overcome limitations in
spatial resolution, depth sensitivity, and uniformity. This chapter has
outlined the state of the art in structured illumination and light ma-
nipulation techniques within biophotonics. Building on this foundation,
the following chapters will explore how these approaches are applied to
push the boundaries of optical imaging and spectroscopy, enabling new
capabilities in biomedical applications in my research.



TRANSMISSION MATRIX AND
BEAMSHAPING

CHAPTER 3

Light manipulation and engineering are important to enhance the sensi-
tivity in optical detection systems. Optical components such as lenses,
fibres, and scattering media can be understood as systems that transform
input optical fields into output fields. In the linear regime, where the re-
sponse of the medium is independent of the light intensity, this transfor-
mation can be fully described by a transmission matrix (TM). The TM
framework enables precise control and shaping of light through complex
media, which is essential for applications in sensitive optical measure-
ments. In this chapter, I provide an overview of the TM approach as
applied to scattering materials, covering its theoretical foundations, ex-
perimental implementation, and relevance to light shaping through mul-
timode fibres (MMF's) for biomedical applications. These concepts form
the basis for Paper IV, where the TM framework was employed to re-
alise structured illumination at the distal end of an MMF for biomedical
applications.

3.1 Theoretical Background

In a perfectly homogeneous medium, electromagnetic waves propagate
in a predictable manner according to their wave equations, with mini-
mal scattering or distortion. However, in disordered materials such as
biological tissue or MMFs, spatial inhomogeneities on the scale of the
wavelength give rise to multiple scattering events. These interactions
produce complex interference patterns at the output, which can be de-
scribed by the transmission matrix K:

Egﬂllt = Z kmnEiLn7 (3].)

where E;, and E.,; are the complex-valued input and output optical
fields, respectively. The element k,,, € C denotes the complex transmis-
sion coefficient that links the n-th input mode to the m-th output mode,
while E'™ represents the complex amplitude—including both magnitude
and phase—of the input field in the n-th mode.

The TM can be used to calculate an optimal input wavefront that
focuses light at a target output mode Eiarger. Assuming full knowledge
of K, the ideal input field under phase conjugation is given by:

Ein = K Eqarget, (3.2)
where KT is the Hermitian transpose of the TM. The resulting output
field is:

Eeg = KKTEtarget = OfocEtarget7 (33)
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where O, is the time-reversal operator.

3.2 Experimental Setup

This section introduces two commonly used experimental configurations
for measuring the TM of a scattering medium: one that enables full phase
and amplitude retrieval using interferometric detection, and another that
relies only on intensity measurements. Both approaches use SLMs for
input wavefront control and camera-based detection for measuring the
output field.

3.2.1 Phase Measurement Using Interferometric
Detection

A phase-sensitive transmission matrix measurement can be achieved us-
ing an interferometric approach that reconstructs the complex optical
field transmitted through the scattering medium. This method was
first demonstrated by S. M. Popoff[117], and has since become a widely
adopted technique due to its ability to recover both amplitude and phase
components of the TM.

The input wavefront is structured using a Hadamard pattern, which
offers orthogonality, binary values, and improved SNR compared to pixel-
by-pixel modulation. A coherent laser source is expanded and directed
onto an SLM. The polarisation configuration is optimised to ensure that
the SLM operates predominantly in a phase-modulation regime, allowing
for a full 27 phase shift while maintaining minimal amplitude modulation.
A reference beam can be generated by introducing a reference arm[132]
or keep part of SLM static[117]. The experimental setup is shown in
Figure 3.1.

The modulated beam is shined onto a strongly scattering medium,
and the transmitted speckle is collected and measured by a CCD camera
using a high-numerical-aperture objective. The output field is recon-
structed using a four-phase phase-shifting interferometry method. For
each input pattern, four intensity images are recorded with relative phase
delays of ¢ = 0,7/2, 7,37 /2. For the setup with a reference arm, the com-
plex field at the output mode m for a given input mode n is extracted
from:

o = (Iﬁ,‘p - I(’T)) + ii (Iﬁ;j’“/?) - IWZ)) , (3.4)

4 m m

where k., is the complex transmission coefficient relating the input mode
n to the output mode m.

If the unmodulated part of the SLM is used as the reference, a con-
stant is added to the TM:

1 1
e = — ( 70) _ I(w)) i ( 737/2) _ I(w/z>) , 3.5
where s,, is the complex amplitude of the static reference field at the
m-~th output mode. This procedure is repeated for all input modes.

3.2.2 Real-Valued Intensity Transmission Matrix
Measurement

In addition to full complex TM reconstruction, a simplified representation
known as the real-valued intensity transmission matrix (RVITM) can be
used to describe the input-output behaviour of a scattering medium[125].
The RVITM models the intensity response of the system under intensity-
only modulation and is particularly relevant in applications where phase
modulation is not available or not required.
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Light from a laser source was collimated and modulated using a digital
micromirror device (DMD) to project binary patterns. The patterned
light was then focused onto the scattering material. The scattered light
was collected and imaged by a camera.

In the characterisation step, a Hadamard matrix H € {—1,+1}V*¥
was used to construct binary input patterns. Since the DMD supports
only binary modulation between 0 and 1, each column of H was converted
into two binary matrices using;:

H+1
H1=—+, H,

 -H+1
. — :

; (3.6)

Each column of the concatenated matrix [Hj, Hs] was reshaped into
a square binary pattern and projected onto the sample using the DMD,
resulting in 2N binary Hadamard patterns. The intensities of the cor-
responding output speckles were recorded by a camera and assembled
into a measurement matrix. The RVITM links the input and output
intensities through the relationship:
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_[11 . Ipl
: =RVITM - [H, H], (3.7)
Ilm T Ipm

where I, represents the intensity at the m-th pixel in the p-th output
speckle pattern. Since the first Hadamard pattern corresponds to all
micromirrors switched “ON”, the formulation can be transformed into:

20 — Iy - 215 — Iy
: : = RVITM- [2H1 -1 2H,; - 1] = RVITM- [H —H] .
2Ly, — Ly o+ 2L — I
(3.8)
Owing to the orthogonality of the Hadamard matrix, the RVITM can

be calculated as:

2I — Iy - 20, —In
RVITM = : : H -H', (39
QIlm - Ihn e QIan - Ilm

where the transpose of [H, —H] equals its inverse due to the Hadamard
matrix properties.

The image retrieval from a new output speckle intensity pattern I,
can be achieved using the pseudo-inverse of the RVITM:

Iimage = RVITM+ . Iout ~ Iin; (310)

where Iimage is the reconstructed input intensity distribution and
RVITM™ is the Moore-Penrose pseudo-inverse.

3.3 RVITM Based Beamshaping for Biomedical
Applications

In addition to image reconstruction through multimode fibres, the
RVITM provides a practical framework for intensity-only beam shaping
through MMFs.  Unlike conventional methods that rely on phase
sensitive transmission matrix and interferometric setups, RVITM based
beam shaping operates only on intensity measurements, significantly
simplifying the optical system. Since no phase stability or reference
arm is required, the system maintains functional performance even in
dynamic environments such as handheld probes, flexible catheters, or
during patient motion. How this robust and compact configuration can
be applied to iISORS is explained in Paper IV.

The concepts of transmission matrix and beam shaping presented
in this chapter form the optical control foundation for the inverse spa-
tially offset Raman spectroscopy (ISORS) system developed in this work.
While these methods define how light can be precisely manipulated
to achieve the desired illumination profiles and detection geometries,
their full potential is realised when applied to specific biophotonics
techniques.  Therefore, the next chapter introduces the modalities
applied throughout this thesis, including upconversion nanoparticle
imaging, Raman spectroscopy, diffuse reflectance spectroscopy, and
pulse oximetry, along with the Monte Carlo simulations used to model
light—tissue interactions.

18



CHAPTER 4

CONCEPTS OF BIOPHOTONICS
MODALITIES FOR TISSUE DIAGNOSTICS

This chapter introduces key biophotonics modalities used for noninvasive
tissue diagnostics, with a focus on upconverting nanoparticles, Raman
spectroscopy, diffuse optics, and pulse oximetry, along with Monte Carlo
simulation as a modelling approach for analysing light-tissue interac-
tions in these techniques. Upconverting nanoparticles (UCNPs) serve as
advanced luminescent biomarkers that convert near-infrared excitation
into visible emission, enabling high-contrast, deep tissue imaging with
minimal background interference. Raman spectroscopy provides label-
free molecular characterisation based on vibrational signatures, offering
high specificity for detecting biological or biochemical changes. Diffuse
optical methods, particularly near-infrared spectroscopy, quantify tissue
properties by modelling light scattering and absorption. Pulse oxime-
try, a widely used clinical technique, determines arterial oxygen satura-
tion based on the distinct absorption spectra of oxygenated and deoxy-
genated haemoglobin. Monte Carlo simulation, a statistical technique for
modelling photon transport in scattering media, enables realistic predic-
tions of light—tissue interactions in complex geometries. These modalities
provide the foundational context in which illumination manipulation is
applied for sensitive tissue diagnostics, forming the basis for the light
engineering strategies developed in this thesis.

4.1 Upconverting Nanoparticles

Upconverting nanoparticles (UCNPs) are a class of luminescent nano-
materials that convert low-energy excitation into higher-energy emis-
sion through nonlinear optical processes. Owing to their sharp emission
peaks, high photostability, deep tissue penetration under NIR excitation,
and minimal autofluorescence, UCNPs have emerged as promising con-
trast agents in biomedical imaging and sensing. This section provides an
overview of the fundamental principles of upconversion process, material
composition of UCNPs, and their advantages in biomedical applications.

4.1.1 Upconversion Process

Photo upconversion is a nonlinear optical process in which two or more
incident photons of relatively low energy are absorbed and converted
into one single photon with higher energy. Five fundamental upconver-
sion mechanisms have been identified: excited state absorption (ESA),
energy transfer upconversion (ETU), cooperative sensitisation upconver-
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Figure 4.1: Principle of upconver-
sion process: (a) excited-state ab-
sorption (ESA), (b) energy trans-
fer upconversion (ETU), (c) coop-
erative sensitization upconversion
(CSU), (d) cross relaxation (CR),
and (e) photon avalanche (PA).
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sion (CSU), cross relaxation (CR), and photon avalanche (PA)[133]. The
upconversion process is illustrated in Figure 4.1.

Excited State Absorption

Excited state absorption (ESA) occurs when a single ion sequentially
absorbs two pump photons via a ladder-like energy level structure. This
process relies on equal or near-equal energy gaps between the ground
state (G) and the intermediate state (E1), and between E1 and the higher
excited state (E2), as well as the relatively long lifetime of the E1 state,
which serves as an energy reservoir. Once the ion is excited to E1, the
extended lifetime allows for the absorption of a second photon, promoting
the ion to E2 before it relaxes back to the ground state. As a result,
emission of upconverted photons occurs from the E2 level. Efficient ESA
requires a well aligned ladder-like energy level structure, and only a few
lanthanide ions have such energy level structures such as Er®t, Ho®™,
Tm*", and Nd**[134]. These ions also benefit from absorption bands at
wavelengths corresponding to commercially available near-infrared laser
sources (e.g., 975 nm or 808 nm), making them particularly useful for
upconversion applications. ESA occurs entirely within a single ion and
does not require high dopant concentrations. However, its relatively low
efficiency due to weak excited-state absorption cross sections.

Energy Transfer Upconversion

While ESA occurs entirely within a single ion, energy transfer upcon-
version (ETU) requires two neighbouring ions. In an ETU process, the
sensitiser ion (ion 1) is excited from its ground state to a metastable level
E1 by absorbing a pump photon. It subsequently transfers the excita-
tion energy to a neighbouring activator ion (ion 2), first exciting it from
the ground state to an intermediate state E1, and then from the inter-
mediate state to a higher-energy emitting level E2, while the sensitiser
ion returns to the ground state after each energy transfer step. Since
energy exchange in ETU occurs through dipole-dipole interactions, its
efficiency is highly dependent on the average distance between sensitiser
and activator ions, which is determined by dopant concentration.

Cooperative Sensitisation Upconversion

Cooperative sensitisation upconversion (CSU) involves the interaction
of three ions, with ion 1 and ion 3 typically being of the same type.
After absorbing excitation photons, both ion 1 and ion 3 are excited to
the excited state, and subsequently cooperate to simultaneously transfer
their energy to a nearby ion 2, and excite ion 2 to the excited state.
Ton 2 then relaxes to the ground state, emitting an upconverted photon.
The efficiency of CSU is significantly lower than that of ESA or ETU,
as it involves quasi-virtual intermediate states that require higher-order
quantum mechanical perturbation theory to describe the energy transfer
process.

Cross Relaxation

Cross relaxation (CR) is an energy transfer process that results from
ion—ion interactions, where an excited ion (ion 1) transfers part of its
energy to a neighbouring ion (ion 2) through the transition: E2 (ion 1)
+ G (ion 2) — E1 (ion 1) + E1 (ion 2). Since the CR process results
from ion-ion interaction, the efficiency strongly depends on the dopant
concentration.
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Photon Avalanche

Photon avalanche (PA) is an upconversion process that occurs only above
a specific excitation power threshold. Below this threshold, upconverted
fluorescence is minimal, but once exceeded, the photoluminescence in-
tensity increases by orders of magnitude. PA involves a feedback loop
combining excited-state absorption (ESA) and cross-relaxation (CR). Ini-
tially, the metastable level E1 of ion 2 is weakly populated through non-
resonant ground-state absorption. ESA then excites ion 2 from El to
the emitting state E2. An efficient CR process between ion 1 and ion 2
follows, after which ion 1 transfers its energy to ion 2, repopulating its
E1 level and completing the feedback loop.

4.1.2 Material Composition

The optical performance of UCNPs is largely determined by their mate-
rial composition. UCNPs typically consist of a host lattice doped with
sensitiser and activator lanthanide ions. The host provides a low-phonon
environment for efficient energy transfer, while dopants define the exci-
tation and emission characteristics[133, 135, 136].

Host Materials

The selection of host materials is critical for achieving high-efficiency
upconversion emission. An ideal host should be optically transparent
in the spectral region of interest, chemically stable, and have a high
threshold for optical damage. The host lattice affects the upconversion
efficiency in two ways: phonon dynamics and local crystal field. Non-
radiative multiphonon relaxations, which convert electronic excitation
energy into lattice phonons, are the major loss mechanism in upconver-
sion process. Fluorides, particularly NaYF,, are the most effective hosts
due to their low phonon cutoff energy (~ 350cm™!) and high chemi-
cal stability[137]. In contrast, oxides and vanadates have higher phonon
energies (> 500cm™1), which increase multiphonon relaxation and re-
duce the upconversion efficiency[138, 139]. In addition to phonon energy,
the local crystal field environment of the dopant ions strongly affects
the upconversion performance. A less symmetric crystal phase is gener-
ally favourable for upconversion efficiency, as it has stronger intermixing
between the 4f states of the lanthanide ion and higher electronic config-
urations, thereby increasing optical transition probabilities.

Dopants

Upconversion emissions are theoretically possible from most rare earth
ions, but under low excitation power, only a few such as Er3*, Ho%*,
and Tm3* produce efficient upconversion due to their ladder like energy
levels and spectral compatibility with commercial diode lasers. Among
them, Tm>* ions emit strongly in the near infrared around 800 nm. This
emission falls within the biological optical window, where tissue absorp-
tion and scattering are minimal, making Tm3* doped UCNPs particu-
larly attractive for deep tissue bioimaging. The doping concentration of
activators is generally kept low (typically below 2 mol%) to reduce cross-
relaxation energy losses. Single-doped nanoparticles often have relatively
low upconversion efficiency due to the difficulty in balancing reduced
quenching at low activator concentrations with sufficient pump energy
absorption at higher concentrations. To improve luminescence efficiency,
sensitisers with large absorption cross-sections in the near-infrared re-
gion are commonly co-doped with activators. Typical direct sensitisers
include Yb3*, which is the most widely used due to its strong absorp-
tion around 980 nm [140], as well as Nd** and Er3*, which can enable
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excitation at alternative wavelengths such as 808 nm [141]. Efficient en-
ergy transfer between the sensitiser and activator is required to achieve
strong upconversion emission. In addition to these direct sensitisers, in-
direct sensitisers such as Ce3™ and Mn?* can be introduced to modulate
energy transfer pathways and selectively enhance specific emission bands
[133].

4.1.3 Advantages for Biomedical Applications

UCNPs offer several advantages over conventional fluorescent biomark-
ers that make them highly attractive for bioimaging and sensing. First,
they are excited by NIR light rather than ultraviolet radiation, which
significantly reduces photo damage to biological tissue and increases the
penetration depth. Additionally, the anti-Stokes emission nature elim-
inates background autofluorescence, resulting in a high SNR and im-
proved detection sensitivity. Unlike other anti-Stokes processes such as
second-harmonic generation, multi-photon absorption or anti-Stokes Ra-
man scattering, upconversion are based on real, long lived intermediate
states within the lanthanide ion. This enables efficient frequency conver-
sion at the moderate light intensities that are suitable for biological sam-
ples and can be achieved using compact and cost-effective diode lasers.
UCNPs also have exceptional photostability: they do not blink under
continuous excitation, resist photobleaching and are chemically robust.
Their emission lines are narrow and well defined, they display a large
anti-Stokes shift, and their output colour can be tuned simply by ad-
justing dopant composition or excitation wavelength[142]. Surface func-
tionalised UCNPs can act as nanocarriers and fluorescent tags for drugs
and biomolecules[143-145]. By attaching antibodies, peptides, or other
ligands, they selectively target tumour cells, enabling precise imaging
and combined diagnostic and therapeutic applications. These properties
allow UCNPs to provide specific, high-contrast, and long-lasting imaging
of targets deep within biological tissue.

4.2 Raman Spectroscopy

Raman spectroscopy is a vibrational spectroscopic technique that pro-
vides molecular specific information based on the inelastic scattering of
photons. Raman spectroscopy enables non-invasive, label-free charac-
terisation of biological tissues by probing their biochemical composition
with high specificity. This section introduces the fundamental principles
of Raman scattering, categorises the spectral regions of interest and their
biomedical significance, and introduces key advancements that enhance
depth sensitivity and selectivity, including Spatially Offset Raman Spec-
troscopy (SORS), inverse SORS (iSORS), and Dual Wavelength Raman
Spectroscopy. These techniques expand the capability of Raman spec-
troscopy for deep-tissue analysis and clinical translation.

4.2.1 Fundamentals of Raman Scattering

Raman spectroscopy is a vibrational spectroscopic technique based on
the inelastic scattering of photons, a process known as the Raman ef-
fect. This phenomenon was first observed in 1928 by an Indian physicist
Chandrashekhara Venkata Raman, who discovered that when monochro-
matic light interacts with a material, a small portion of the scattered
light undergoes a frequency shift due to energy exchange with molecular
vibrations. This inelastic scattering reveals detailed information about
molecular structures, enabling non destructive and label free analysis.
When light encounters a sample, several interactions can occur, as
illustrated in Figure 4.2. Some light may be reflected directly from the
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surface through reflection, or it may be elastically scattered without a
change in energy, known as Rayleigh scattering. If the energy of the
incoming photons matches an electronic transition of a molecule, resonant
excitation can occur, followed by relaxation through the emission of a
photon at a longer wavelength, a process called fluorescence. Raman
inelastic scattering occurs when incident photons interact with molecular
vibrations, leading to an inelastic exchange of energy[146, 147]. In Stokes
Raman scattering, the molecule absorbs energy from the photon, leading
to a scattered photon with lower energy and a longer wavelength than
the incident light. The photon energy is given by:

EStokes - h(VO - VU) (41)

where vy is the frequency of the incident light, v, is the vibrational
frequency of the molecule, and h is Planck’s constant. If the molecule
is already in a vibrationally excited state, it can transfer energy to the
photon during relaxation, resulting in anti-Stokes scattering, where the
scattered photon has higher energy and a shorter wavelength:

Eanti—Stokes = h(VO + Vv) (42)

The difference between the incident and scattered photon energies
corresponds to a specific vibrational mode of the molecule. This energy
shift is commonly expressed as the Raman shift in wavenumber units
(em™1):

Av = (i — i) %107 (4.3)
)\O >\s
where Ao and A, are the wavelengths of the incident and scattered light
in nm, respectively. Since molecular vibrations are highly specific to
chemical bonds and molecular symmetry, the Raman spectrum provides
a unique molecular fingerprint of the sample.

The intensity of the anti-Stokes scattering is typically weaker than
that of the Stokes line because the population of vibrationally excited
states follows the Boltzmann distribution. The intensity ratio between
anti-Stokes and Stokes scattering is given by:

Ianti—Stokes ( hl/v )
——————— xexp| — 4.4
IStokes P k'BT ( )

where kp is Boltzmann’s constant and T is the absolute temperature.
This relationship allows Raman spectroscopy to be applied for tempera-
ture measurements at microscopic scales[148].

In classical mechanics, Raman scattering arises from the interaction
of the incident light’s electric field with the molecule’s polarisability. The
electric field of the incident light is expressed as:

E(t) = Egcos(2mvot) (4.5)

and induces a dipole moment P:
P=aF (4.6)
where P is the induced dipole moment and « is the molecular polaris-

ability.
The vibrational motion of the molecule can be described as:

Q = Qo cos(2my,t) (4.7

where @ is the vibrational displacement, () is the amplitude of vibration,
and v, is the vibrational frequency of the mode.
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As the molecule vibrates, its polarisability o changes periodically with
(). This variation can be expressed as a Taylor expansion about the
equilibrium position:

a=ap+ <5Q> Q + higher term (4.8)

where « is the equilibrium polarisability, and (g—g) is the rate of change

of polarisability with respect to the vibrational coordinate.
Substituting the expressions for «;, @, and F into the dipole moment
gives:

P= {ao + ( 5 Q) Qo cos(2mvnt )} Ey cos(2mwot) (4.9)

= agFEy cos(2mpt) + <§g> QoFEo cos(2mpt) cos(2mv,t)  (4.10)

This can be further expanded as:

Oa

P = agEy cos(2mvpt)+= <8Q

> QoEo [cos2m(vy + vy )t + cos 2w (vg — vy, )]

(4.11)
Where, the first term corresponds to Rayleigh scattering at the original
frequency vy. The second term corresponds to anti-Stokes scattering at
frequency vy + vy, and the third term to Stokes scattering at frequency
Vg — Vp.
For a vibrational mode to be Raman active, the polarisability must
change during the vibration. This condition is written as:

(25) £0 (4.12)

The efficiency of Raman scattering is described by the Raman cross-
section:
- vyt (22 (113)
or x (Vg — Av — .
R 0 90
where op is the Raman scattering cross-section, and (vp — Av)* reflects

the strong dependence on the frequency of the scattered light.
The overall Raman signal intensity is given by:

IR = KI()URCV (414)

where I is the Raman intensity, Iy is the incident laser power, C' is the
molecular concentration, V is the scattering volume, and K is a constant
depending on the collection geometry and instrument configuration.

In conclusion, Raman spectroscopy explores molecular vibrations by
detecting the inelastic scattering of photons. Although the likelihood of
this interaction is low, occurring in only one out of every 106, the tech-
nique offers highly specific insights into molecular structure. Its ability
to work effectively with water-based samples and its non-invasive charac-
teristics make it particularly suitable for biomedical uses, such as tissue
diagnostics and in vivo chemical sensing.

4.2.2 Raman Spectral Regions and Biomedical
Relevance

The Raman spectrum of biological samples contains rich molecular infor-
mation that varies across specific wavenumber regions, each associated
with characteristic vibrational modes of biomolecules. In biomedical Ra-
man spectroscopy, two spectral windows are of particular importance:



Concepts of biophotonics modalities for tissue diagnostics

the fingerprint region (approximately 400 to 1800 cm™!) and the high
wavenumber region (2800 to 3800 cm™1!).

The fingerprint region is so named because it contains numerous sharp
and molecule-specific peaks corresponding to fundamental vibrational
modes of proteins, lipids, nucleic acids, and carbohydrates. Key features
include the amide I band (1650 cm™!) and amide III around 1250 cm™?,
both arising from peptide backbone vibrations. The spectral range bet-
ween 800 and 1100 cm ™' contains contributions from phosphodiester
backbone vibrations of DNA and RNA. Bands due to C-C stretch, C=C
stretch, and C-H bending modes are typically observed throughout this
region and are particularly useful for characterising lipid, protein and
carbohydrate content [149, 150]. Owing to its high chemical specificity,
the fingerprint region is widely used for diagnostic applications, tissue
classification, and biochemical phenotyping.

The high wavenumber region, spanning from approximately 2800 to
3800 cm™!, is dominated by C-H, N-H, and O-H stretching vibra-
tions. Although it generally exhibits broader and less distinct bands
compared to the fingerprint region, it provides valuable insight into
lipid chain organisation, protein content, and the hydration state of tis-
sues [151, 152].The broad O-H stretching vibration band ( 3000-3800
ecm~1) is highly sensitive to hydrogen bonding. This allows researchers
to differentiate between the spectral signatures of bound water and
free/bulk water. This sensitivity makes the high wavenumber region
especially powerful for studying hydration dynamics, biomolecular inter-
actions, and the aqueous environments of live cells. .

Together, these spectral regions enable comprehensive molecular pro-
filing in biomedical contexts. The fingerprint region offers highly resolved
biochemical specificity, while the high wavenumber region provides robust
contrast related to hydration and lipid content. In applications such as
cancer detection, inflammation monitoring, and metabolic assessment,
the combined use of both spectral windows enhances diagnostic perfor-
mance.

4.2.3 Spatially Offset Raman Spectroscopy (SORS)

Spatially Offset Raman Spectroscopy (SORS) is a technique that en-
ables the recovery of Raman signals from subsurface layers of diffusely
scattering media by collecting scattered light at a lateral distance from
the point of laser illumination. In conventional Raman measurements,
signal collection is typically limited to superficial regions due to the dom-
inance of photons scattered near the surface. The spatial offset allows
deeper tissue signals to be detected while suppressing surface-dominated
spectra. By collecting the Raman signal at increasing spatial offsets,
contributions from deeper layers become more prominent relative to the
top layer, enabling analysis of subsurface components[111].

Two prevalent collection geometries utilised in SORS implementa-
tions are as follows: (1) Point Source-Point Collection Configuration: In
this configuration, both the excitation and collection points are discrete
and spatially separated. This arrangement facilitates depth-resolved
measurements by varying the offset distance between the two points al-
lowing the interrogation of subsurface layers within a turbid medium. (2)
Point Source-Ring Collection Configuration: This setup features a sin-
gle central excitation point surrounded by a circular array of collection
fibers. This geometry enables simultaneous acquisition of Raman signals
from multiple equidistant points, which significantly enhances the qual-
ity of the collected signal by improving the signal-to-noise ratio. The
advantages of this configuration are particularly relevant in applications
requiring high sensitivity and depth profiling such as biomedicine.[153].
These two configurations are shown in Figure 4.3.

Figure 4.3: (a) Point source point
collection. (b) Point source ring
collection. s: source, d: detector.
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SORS provides a non-destructive and label-free method to access
molecular information beneath the surface of biological samples, expand-
ing the diagnostic potential of Raman spectroscopy in clinical applica-
tions.

4.2.4 Inverse Spatially Offset Raman Spectroscopy
(iISORS)

Inverse Spatially Offset Raman Spectroscopy (iISORS) is a variation of
the SORS technique, developed to enable deeper and more sensitive non-
invasive probing of turbid, layered media such as biological tissues[19].
While conventional SORS collects Raman signals from spatially offset po-
sitions relative to a central laser excitation spot, iISORS adopts a reverse
geometry: Raman photons are collected from a central point while the
sample is illuminated by a ring-shaped laser beam. This configuration
minimises spectral distortions inherent to multiple collection offsets and
improves the signal-to-noise ratio by concentrating detection in a single
channel.

The ring illumination in iISORS can be generated using an axicon
lens, which transforms a collimated laser beam into an annular profile.
The spatial offset, defined as the illumination ring radius, can be tuned
by adjusting the distance between the axicon and the sample. This tun-
able geometry allows flexible control over the sampling depth and enables
high-power laser delivery while maintaining low power density, an impor-
tant consideration for in vivo applications where illumination intensity is
strictly limited.

4.2.5 Dual Wavelength Raman Spectroscopy

Dual wavelength Raman spectroscopy combines the strengths of the fin-
gerprint and high wavenumber regions by using two excitation wave-
lengths within a single system[154]. This approach enables simultaneous
or sequential acquisition of comprehensive biochemical information from
tissue samples, enhancing the diagnostic potential of Raman spectroscopy
in biomedical applications.

Traditional single excitation Raman systems often face limitations
in simultaneously accessing both regions due to detector sensitivity and
optical configuration. In contrast, a dual excitation setup using two
near-infrared laser sources, overcome these constraints. Both excitation
wavelengths can be integrated into a single laser module and delivered
through a fibre optic probe, enabling rapid switching between fingerprint
and high wavenumber acquisition without the need for realignment or
manual optical adjustment. This configuration maps the relevant Raman
shifts for each excitation wavelength onto the most sensitive detection
range of a silicon CCD, ensuring high spectral quality across the full
biochemical range.

4.3 Diffuse Optics and Pulse Oximeter

When light enters biological tissue, it interacts with the medium through
several mechanisms, including absorption, scattering, and fluorescence.
These interactions determine how light propagates within the tissue and
how much of it is eventually detected at the surface. In highly scattering
media such as skin, muscle, or brain tissue, the majority of photons un-
dergo multiple scattering events before either being absorbed or escaping
the tissue. Understanding these fundamental light—tissue interactions is
essential for interpreting optical signals and forms the basis of diffuse
optics.



Concepts of biophotonics modalities for tissue diagnostics

4.3.1 Scattering

Scattering occurs when photons interact with microscopic variations in
the refractive index within biological tissue, such as cell membranes, or-
ganelles, or collagen fibres, leading to changes in photon direction. Unlike
absorption, which results in energy loss, scattering redistributes photons
spatially and strongly influences how light propagates through tissue.

Two primary types of scattering are relevant in biological media:
Rayleigh scattering and Mie scattering. Rayleigh scattering occurs when
the scattering particles are much smaller than the wavelength of light and
its intensity scales with the inverse fourth power of wavelength (oc A=%),
making it more pronounced at shorter wavelengths. Mie scattering, in
contrast, is caused by particles that are comparable in size to the wave-
length, such as cellular structures and organelles, and shows a weaker
dependence on wavelength[155].

Biological tissues exhibit anisotropic scattering, meaning that pho-
tons are more likely to scatter in the forward direction than backward or
laterally. This directional preference is characterised by the anisotropy
factor, g, defined as the mean cosine of the scattering angle:

g = (cosb) (4.15)

where 6 is the scattering angle. In most tissues, g typically ranges from
0.8 to 0.95, indicating strong forward scattering.
To account for anisotropic behaviour, the reduced scattering coeffi-
cient, pl, is defined as:
ty = ps(l —g) (4.16)

where i, is the scattering coefficient [cm™!], representing the probability
of scattering per unit pathlength. The reduced scattering coefficient, p’,
reflects the effective rate at which photon direction becomes randomised
due to multiple scattering events.

In the NIR window (650-950 nm), scattering dominates over absorp-
tion (us > pa), causing photons to follow highly tortuous paths. The
actual distance travelled by photons is therefore much greater than the
source—detector separation. This behaviour forms the basis for applying
diffusion theory to model photon transport in tissue, as described in the
later subsection.

4.3.2 Absorption

Absorption refers to the process by which the energy of incident pho-
tons is transferred to tissue chromophores, resulting in attenuation of the
light signal. In the visible and near-infrared (NIR) region, the dominant
absorbers in biological tissue include oxyhaemoglobin (HbO), deoxy-
haemoglobin (Hb), water, melanin, and lipids. Each chromophore has
a characteristic absorption spectrum, and their concentrations influence
the spectral dependence of tissue absorption. The absorption coefficient,
ta [em™1], quantifies the probability of photon absorption per unit path-
length.

In diffuse optical measurements, changes in absorption are often used
to estimate physiological parameters such as blood oxygen saturation,
haemoglobin concentration, and tissue hydration. For instance, pulse
oximeters utilise the differential absorption of HbO5 and Hb at specific
wavelengths to estimate arterial oxygen saturation non-invasively.

The relationship between light attenuation, chromophore concentra-
tion, and pathlength is described by the Beer—Lambert law in exponential
form[156]:

I(\) = Ip(\) e=sM el (4.17)
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where Iy(A) and I(A) are the incident and transmitted light intensities,
respectively, £()) is the molar extinction coefficient [em~!-(mol/L)~!], ¢
is the chromophore concentration [mol/L], and [ is the optical pathlength
through the sample [cm].

In biological tissues, where scattering dominates and the path of light
is no longer straight, the Beer—Lambert law is extended to the modi-
fied Beer—Lambert law, which accounts for scattering-related pathlength
enhancement[157]:

I(\) = Ip(\) e #aN)-EQ)-DPEQY (4.18)

where I()\) is the detected intensity, u,(A) is the absorption coefficient,
L(A) is the source-detector separation, and DPF(\) is the differential
pathlength factor, which corrects for the increased effective pathlength
due to scattering. The modified Beer-Lambert law is commonly applied
in functional near-infrared spectroscopy (fNIRS) and pulse oximetry to
quantify relative changes in chromophore concentrations in vivo.

4.3.3 Diffusion Theory

In highly scattering media such as biological tissue, the propagation of
photons becomes randomised due to frequent scattering events. When
scattering significantly outweighs absorption (p!, > p,), light transport
can be effectively described by the diffusion approximation to the radia-
tive transport equation (RTE). This approximation treats photon fluence
as a diffusive process and provides the theoretical foundation for many
diffuse optical techniques.

The time-dependent diffusion equation for photon fluence rate in a
homogeneous, isotropic medium is expressed as[158]:

10®(r,t)

c Ot
where ®(r,t) is the photon fluence rate [W-cm~2] at position r and time
t, ¢ is the speed of light in the medium, D is the diffusion coefficient given
by D = 1/[3(pa + )], tta is the absorption coefficient [em™?], p’ is the
reduced scattering coefficient [em~!], and S(r,t) is the light source term
[W-em—3].

This equation is particularly relevant in time-resolved spectroscopy,
where the temporal spread of photons is measured to retrieve tissue op-
tical properties with high sensitivity and spatial resolution.

For continuous-wave (CW) or steady-state conditions, where the il-
lumination is constant over time, the time derivative term becomes zero.
The diffusion equation then simplifies to[147]:

2 Ha S(r)
Ve®(r) o) d(r) = D

This steady-state equation describes how photon fluence distributes
spatially within tissue under constant illumination. The solution depends
on the source configuration, boundary conditions, and the geometry of
the medium.

Diffusion theory is fundamental to the modelling and analysis of many
diffuse optical imaging and spectroscopy methods, including fNIRS, dif-
fuse optical tomography (DOT), and spatially resolved spectroscopy.
These techniques rely on the assumption of multiple scattering and use
solutions of the diffusion equation to interpret measured light attenuation
and recover the optical properties of tissue.

=V [DVO(r,t)] — pa®(r,t) + S(r,t) (4.19)

(4.20)
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4.3.4 Pulse Oximetry

Pulse oximetry is a widely used non-invasive method for estimating ar-
terial oxygen saturation (SpOs), providing insight into respiratory func-
tion by analysing changes in light absorption in pulsatile blood. The
technique is based on photoplethysmography (PPG), which detects the
periodic modulation of transmitted or reflected light caused by cardiac-
induced changes in arterial blood volume.

The principle of pulse oximetry relies on the different optical ab-
sorption spectra of oxygenated haemoglobin (HbOs) and deoxygenated
haemoglobin (Hb) in the red and NIR wavelength regions. Typically, red
light at approximately 660 nm and infrared light at around 940 nm are
used. At 660 nm, Hb absorbs more strongly, whereas at 940 nm, HbO,
is the dominant absorber. The absorption spectra of HbO5 and Hb are
shown in Figure 4.4. A photodetector measures the light intensity after
it has passed through or reflected from tissue, commonly a fingertip or
earlobe.

The measured PPG signal consists of a pulsatile component (AC),
attributed to arterial blood volume changes during the cardiac cycle,
and a non-pulsatile component (DC), due to absorption by static tis-
sues and venous blood. An example of measured PPG signal is shown
in Figure 4.5. The ratio of the normalised pulsatile signals at the two
wavelengths is defined as[159]:

o _(AC/DO)uea
(AC/DC)infrared

(4.21)

This ratio R is empirically correlated to arterial oxygen satura-
tion (SpOsz) using a calibration function derived from measurements in
healthy volunteers, where R, is recorded simultaneously with in vitro SaO9
using co-oximetry. A general form of this calibration is given by[160]:

k1 — k2R
ks — k4R
where k; are constants specific to the sensor and device.
Pulse oximeter is a crucial tool for detecting oxygen saturation and
is widely used in clinical settings due to its simplicity, portability, and
real-time monitoring capability.

SpO, = f(R) (4.22)

4.4 Monte Carlo Simulation

Monte Carlo (MC) simulation is a probabilistic computational method
that utilises random sampling to model complex physical systems. The
technique traces its origins to the mid-20th century, when it was de-
veloped during the Manhattan Project by scientists including Stanislaw
Ulam and John von Neumann. The method was named after the Monte
Carlo Casino in Monaco, reflecting its reliance on randomness and sta-
tistical sampling[161].

Monte Carlo simulation models light transport through a statistical
approach by simulating the propagation of a large number of photon
packets, each undergoing scattering and absorption events governed by
probabilistic rules. These rules are derived from the macroscopic optical
properties of the tissue, including the absorption coefficient p,, scattering
coefficient s, anisotropy factor g, and refractive index n.

Each photon packet is launched into a defined geometry, typically a
multilayered tissue slab, with an initial weight of unity. As it travels
through the medium, the photon undergoes a series of interactions. At
each step, its path length is sampled from an exponential distribution:
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5= 10 (4.23)
Mt
where £ is a uniformly distributed random number between 0 and 1, and
It = g + s is the total interaction coefficient.

Upon reaching an interaction site, a fraction of the photon’s weight is
absorbed and recorded in the associated voxel. The remaining weight is
updated, and the direction of the photon is altered based on a scattering
phase function, most commonly the Henyey—Greenstein function:

1—g°%
2(1+ g2 — 2gcos6)3/2

where 6 is the scattering angle. The azimuthal scattering angle ¢ is
uniformly sampled between 0 and 27. The photon’s directional cosines
are updated accordingly in a local spherical coordinate system aligned
with its previous direction.

When a photon reaches the boundary between two layers or the outer
interface with ambient media, Fresnel equations are applied to determine
the probabilities of reflection and transmission, depending on the refrac-
tive index mismatch and angle of incidence. If transmitted, the photon
continues in the adjacent layer with updated direction; if reflected, the
direction is modified accordingly.

Several computational implementations have been developed to effi-
ciently simulate photon transport in biological tissues. Two widely used
tools are Monte Carlo Modelling of Light transport in Multi-Layered tis-
sues (MCML), a classic and highly customisable CPU-based code, and
Monte Carlo eXtreme (MCX), a GPU-accelerated platform capable of
performing fast, three-dimensional simulations in highly complex tissue
geometries[162, 163].

In this thesis, the MCX platform was applied to model light prop-
agation in iSORS. By modelling photon transport in layered tissue
geometries, MCX enabled the estimation of Raman signal contributions
from subsurface regions at varying source—detector separations. This
approach was used to determine the optimal spatial offset that max-
imises signal recovery from the target layer, supporting the experimental
design and interpretation of iISORS measurements.

P(cos®) = (4.24)

The biophotonics modalities described in this chapter establish
the detection principles used throughout this thesis. Building on this
foundation, the next chapter focuses on the design and implementation
of a Kohler integrator—based top-hat illumination system optimised
for UCNP imaging. This approach enables uniform and efficient
excitation, improving both image quality and quantitative performance
in microscopic imaging.



CHAPTER D

KOHLER INTEGRATOR FOR WIDE FIELD
IMAGING

Uniform and controlled illumination is fundamental to the performance
and reliability of optical imaging systems, particularly in microscopy and
quantitative imaging applications. The Kohler integrator is an optical
beam homogeniser that uses two microlens arrays and a condenser lens
to produce uniform, spatially averaged illumination at the sample plane,
independent of the source’s spatial structure. This chapter presents the
theoretical foundation, optical design, and application of the Kéhler in-
tegrator for quantitative imaging of Human Epidermal Growth Factor
Receptor 2 (HER2) using UCNPs. The experimental validation of this
approach, along with its application to breast cancer biomarker quantifi-
cation, has been reported in our published work Paper I.

5.1 Theoretical Background

The Kohler integrator is an optical beam homogenisation system that
provides spatially uniform and angularly controlled illumination at the
sample plane. It originates from the Kohler illumination principle, which
was initially developed to enhance illumination uniformity in brightfield
microscopy. The Kohler integrator has been adapted to achieve flat-top
beam profiles, reduce speckle artefacts, and ensure consistent excitation
across the field of view.

The Kohler integrator consists of two microlens arrays (MLAs), LAl
and LA2, and a condenser lens. The schematic layout of the Kohler inte-
grator is shown in Figure 2.3. The first microlens array (LA1) splits the
incident beam into multiple beamlets, each representing a sub-aperture
of the incoming wavefront. These beamlets are then re-imaged by the
second microlens array (LA2). The condenser lens collects and overlaps
the images of these beamlets in the object plane, producing a spatially
uniform intensity distribution.

The diameter of the flat-top illumination Dgr at the object plane de-
pends on the geometrical configuration of the Kohler integrator. Specif-
ically, it is influenced by the pitch of the microlens arrays pra, the focal
lengths of the condenser lens frr,, and the focal length of two microlens
arrays fra1 and frao, as well as the axial separation a15 between LA,
and LA,. The general expression for the flat-top size is given by:

JrL (frar + fraz — ais)
Jra1 - fraz

Dpr = prLa (5.1)
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To satisfy the imaging condition of the Kohler integrator, the spacing
between the microlens arrays is typically set such that a;2 = fras. Under
this condition, Equation 5.1 simplifies to:

fFL

fraz

Dyt = pra - (5.2)

5.2 Experimental Setup Design

A custom widefield microscope was developed to provide spatially uni-
form excitation for quantitative HER2 imaging using UCNPs. The il-
lumination system uses a Kohler integrator to produce a homogenised
top-hat beam, critical for minimising variability in illumination across
the field of view. A schematic of the optical setup is shown in Figure 5.1.

A laser diode (DST11-T193-H20, Ostech) emitting at 976 nm was
first collimated using an achromatic doublet lens, L1 (AC254-050-B-ML,
Thorlabs), and directed into a K&hler integrator. The integrator con-
sisted of two identical MLAs (10 x 10 mm, 500 pm pitch, 1.2° divergence,
Edmund Optics), each with a focal length of 13.8 mm. The MLAs were
separated by a distance equal to their focal length to satisfy the imaging
condition for effective beam homogenisation.

Assuming the homogenised beam was directly focused by a 20x mi-
croscope objective (CFI60 TU Plan Epi ELWD, Nikon) with a focal
length of 10 mm, the resulting spot size at the sample plane would be:

fFL 10 mm

Dpp = == - =———.05 = 0.362 5.3
BT fLa PLa 13.8 mm i i (53)

The scientific CMOS camera used in the imaging system had a resolution
of 2048 x 2048 pixels and a pixel size of 6.5 pm. With a 20x objective,
the effective field of view at the sample plane was:

FOV qample = W = 665.6 yrm = 0.6656 mm (5.4)
Camera I
Fieldlens —/——=
Short pass filter ==——=
Mirror2 Dichroic
L3
Objective @
L2 = —= =
L1 MLA1 —
Laser Sample
Mirror1
MLA2

Figure 5.1: Schematic layout of the illumination system for the micro-
scope.
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To match the illumination spot with the camera’s field of view, a telescope
system was introduced after the Kohler integrator. This was achieved by
incorporating lenses L2 (LA1484-B-ML, Thorlabs) and L3 (L.A1433-B-
ML, Thorlabs), arranged to provide a magnification factor of 2x. This
adjustment ensured that the homogenised beam appropriately filled the
sample area imaged by the camera while maintaining sufficient irradiance
for quantitative UCNP imaging.

To support the optical design and validate the performance of the
Kohler integrator-based illumination system, ray-tracing simulations
were conducted using Zemax OpticStudio in non-sequential mode. This
approach was chosen because of the need to model beam propagation
through multiple discrete optical surfaces, including MLAs and their as-
sociated ray splitting and overlapping behaviour. The full optical path,
from the laser source through the MLAs and condenser optics to the
sample plane, was modelled to evaluate key parameters such as beam
homogenisation, spot size, and intensity distribution. Irradiance maps
were generated at the sample plane to evaluate uniformity and quantify
flat-top performance. The Zemax simulations also provided tolerance in-
sights related to microlens alignment, array pitch variation, and spacing
errors. These results were used to guide the physical alignment procedure
and helped to ensure that the experimental setup closely followed the de-
signed optical behaviour. The irradiance map is shown in Figure 5.2.

5.3 Sample Preparation and UCNP Labelling
Protocol

Formalin fixed paraffin embedded (FFPE) breast cancer tissue samples
were sectioned into 4 pm thin slices using a microtome (Microm HM-360,
Marshall Scientific, USA) and mounted onto SuperFrost™ Plus micro-
scope slides (HistoLab, Sweden). Dewaxing was performed by immersing
the sections twice for 5 min in xylene, followed by a graded rehydration
series consisting of two immersions of 5min in absolute ethanol, then
5min each in 96% ethanol, 70% ethanol, and distilled water. Heat in-
duced antigen retrieval (HIER) was subsequently performed to unmask
the HER2 epitopes. Slides were transferred into a container with antigen
retrieval buffer (250 mL, EnVision FLEX high pH, Agilent, USA) pre-
heated to 95°C in a water bath and incubated for 20 min at 95 °C. The
container was then removed from the water bath and allowed to cool for
20 min at room temperature.

All subsequent steps were conducted at room temperature. Depend-
ing on the size of the tissue section, 150 to 350 uL of reagent was applied
to ensure complete coverage of each sample. Slides were transferred into
Tris buffered saline containing 1 mM sodium fluoride (TBSF). Sections
intended for counterstaining with hematoxylin were immersed in Mayer’s
Hematoxylin for 3 min followed by washing in TBSF for 2 x 1 min. Sec-
tions intended for labelling with antibody horseradish peroxidase (HRP)
conjugates were quenched with 0.3% H2O5 in TBSF for 10 min followed
by a washing step in TBSF. All sections were then encircled with a lig-
uid blocker (ImmEdge Pen, Vector Laboratories, USA) and transferred
to a Coplin jar containing TBSF. A blocking buffer was applied to each
section and incubated for 45 min, followed by washing in TBSF for 1 min.

For UCNP labelling, endogenous biotin was first blocked using a
ready-to-use streptavidin solution (20min, SP-2002, Vector Laborato-
ries) followed by a biotin solution (20 min, SP-2002, Vector Laborato-
ries), with a wash of twice for 1min in TBSF after each blocking step.
Non-specific binding sites were then blocked using TBSF containing 10%
SuperBlock (37535, ThermoFisher Scientific), followed by the same wash-
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Figure 5.2: Irradiance map of the
Zemax simulation
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ing procedure. The primary anti-HER2 antibody (A0485, Agilent) was
diluted to 1ng/mL in dilution buffer (TBSF supplemented with 0.05%
Tween20 and 10% SuperBlock), applied to the sections, and incubated
for 60 min. Negative controls were incubated with dilution buffer with-
out the primary antibody to assess non-specific background. Following
a further wash of twice for 1min in TBSF, a biotinylated anti-rabbit
secondary antibody (711-005-152, Jackson Immunoresearch, USA) was
applied at a concentration of 2 pg/mL in dilution buffer and incubated
for 60 min. After washing twice for 1 min in TBSF, a UCNP strepta-
vidin conjugate (SCIZYS reagent, Lumito, Sweden) was applied in dilu-
tion buffer and incubated for 45 min. This conjugate binds selectively to
the biotinylated secondary antibody, forming a sandwich structure that
localises the UCNPs to HER2 expressing membrane regions. Three fi-
nal washes of 1 min each in TBSF were performed to remove unbound
UCNPs, after which sections were mounted using an aqueous mounting
medium (Fluoroshield™, Sigma Aldrich). Sections counterstained with
DAPI were instead mounted with a DAPI containing mounting medium
(ab104139, Abcam, UK).

For comparison with the conventional chromogenic method, paral-
lel sections were labelled using the HRP/DAB protocol. After primary
antibody incubation, slides were incubated with a ready-to-use anti-
rabbit secondary antibody HRP conjugate (ImmPress@® HRP Goat Anti-
Rabbit IgG Polymer Detection Kit Peroxidase, Vector Laboratories) for
45 min and washed three times for 1 min with TBSF. The DAB substrate
was prepared by adding one droplet of DAB substrate per millilitre of
substrate buffer (EnVision Flex Mini Kit, High pH, Agilent). Slides were
incubated with this substrate for 10 min, washed three times for 1 min
with TBSF, and dehydrated through a graded ethanol series of three
immersions for 1 min each in 70%, 96%, and absolute ethanol, followed
by 5min in xylene, before being mounted using Pertex as a mounting
medium. The signal to background ratio for DAB was calculated as the
ratio of the average intensity in an unlabelled background region to the
average intensity in a DAB labelled region of a HER2 3+ breast cancer
section, with the signal averaged across RGB channels, yielding a signal
to background ratio of 1.6.

5.4 Application for UCNP Imaging

Using the sample preparation and labelling workflow described above,
the Kohler integrator based microscope system was applied to widefield
UCNP imaging for semi quantitative HER2 assessment in breast cancer
tissues. The system provided spatially uniform excitation and high
contrast imaging, facilitating accurate visualisation of UCNP-labelled
HER2 in both control pellet arrays (CPAs) and tissue sections. A Fourier
transform-based image processing algorithm was developed to analyse
the spatial distribution and completeness of membrane-localised HER2
expression, enabling semi-quantitative assessment across four HER2
levels (0, 14+, 24, 3+). The high signal-to-background ratio achieved
with UCNPs, compared to conventional DAB (3,3’-Diaminobenzidine)
staining, demonstrated the potential of this method for digital pathol-
ogy. The detailed methodology and results of HER2 quantification are
presented in Paper 1.

This chapter introduces the uniform illumination through the Kohler
integrator system, which is beneficial for quantitative imaging of UCNPs.
In contrast, structured illumination techniques can retrieve subsurface
information that uniform illumination cannot access. Therefore, the
next chapter presents a ring-shaped structured illumination geometry
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designed for iISORS, enabling selective probing of bone beneath overlying
tissues with improved sensitivity.
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RING ILLUMINATION FOR DUAL
WAVELENGTH INVERSE SPATIALLY
OFFSET RAMAN SPECTROSCOPY

In vivo bone characterisation using Raman spectroscopy presents sig-
nificant challenges due to the complex tissue layers overlying the bone.
Inverse spatially offset Raman spectroscopy (iISORS) has emerged as a
powerful approach to selectively enhance signals from subsurface struc-
tures by collecting Raman photons from the central region while illu-
minating the surrounding area. To provide comprehensive biochemical
information of bone, a dual-wavelength configuration using 730 and 830
nm excitations is applied to access both finger print and high wavenum-
ber spectral regions. This chapter presents the theoretical basis of ring
illumination through axicon lenses and its implementation for iSORS to
enable label-free, non-invasive biochemical assessment of bone. The con-
cepts and methods described here provide the foundation for Paper ITI,
where ring-illumination iISORS was experimentally realised and applied
for in vivo bone characterisation.

6.1 Theoretical Background of Axicon Lens and
Ring Illumination

An axicon is a conical optical element that transforms a collimated beam L
into a focal line or a ring-shaped intensity distribution around the optical T
axis. The schematic layout is shown in Figure 6.1. When a collimated
Gaussian beam enters the axicon, each annular segment of the beam is 2R d,
refracted by a fixed angle determined by the axicon’s apex angle and the _/GDOF
refractive index of the material. The result is the formation of a Bessel-
like beam in the near field and a ring-shaped intensity distribution in
the far field. In the near field, the beam consists of a central bright core
surrounded by concentric rings and remains nearly non-diffracting over a
defined distance, known as the depth of focus (DOF). The DOF is given
by:

Figure 6.1: Schematic layout of an
axicon

RvV1—n2sin’a N R
sin a cos « (ncosa— V1—n? sin? a) (n—1a

where R is the input beam radius, n is the refractive index of the axicon
material, and « is the base angle of the axicon.

Beyond the Bessel beam region, the light propagates into a ring-
shaped distribution, the ring thickness remains approximately constant

DOF =

(6.1)

37



6.2 Experimental Setup for iSORS system

38

and is equal to the radius of the incident beam:

Rv1 — n2sin®
. n<sin” a ~R (6.2)

Cos o (n sin? a + cos av/1 — n2 sin® a>
where t is the thickness of the ring. The diameter can be calculated as:
sin @ (n cosa — /1 — n2sin? a)
nsin® a + cos ay/1 — n?sin? o

where d,. is the diameter of the ring formed at a propagation distance L
from the axicon.

d, =2L ~2Ltan[(n —1)a] (6.3)

6.2 Experimental Setup for iSORS system

Figure 6.2(a) illustrates the schematic of the DWiSORS system. A dual-
wavelength laser diode (model #0811A100-B Fat Boy, Innovative Pho-
tonics Solutions) provides excitation wavelengths of 730 nm and 830 nm.
The output from the laser is fibre-coupled (M43L02, Thorlabs) and colli-
mated using a fibre collimator C1 (CFC-2X-A, Thorlabs). The collimated
beam passes through a pair of achromatic doublets, L1 (AC254-030-A,
Thorlabs) and L2 (AC254-040-B-ML, Thorlabs), to focus the beam on
the sample plane.

Ring illumination is generated using an axicon lens (AX1220-B, Thor-
labs). The ring diameter on the sample plane can be tuned by adjusting
the axial position of the axicon. A short-pass filter (SP, FF01-842/SP-
25, Semrock) removes any longer wavelength background from the ex-
citation source. The cleaned excitation beam is reflected by a dichroic
mirror (DM, DI02-R830-25X36, Semrock) and projected onto the sample
to form a ring pattern, as shown in the inset photograph of Figure 6.2(a).

The Raman signal backscattered from the centre of the ring is col-
lected in an inverse-SORS configuration using a lens L3 (AC254-100-
AB-ML, Thorlabs) and filtered through a long-pass filter (LP, BLP01-
830R-25, Semrock, USA) to block residual Rayleigh scattered light. The
filtered signal is coupled into a custom fibre bundle (BFL200LS02, Thor-
labs) by a fibre coupler C3 (F810SMA-780, Thorlabs). The fibre bundle
transforms the circular collection area into a linear array suitable for the
spectrometer slit.

The signal is analysed by a spectrometer (Acton LS785, f/2,
Teledyne Princeton Instruments), equipped with a fixed grating and
a deep-depletion CCD camera (Blaze: 400HR, Teledyne Princeton
Instruments)[164]. The detection range of 858-1015 nm allows simul-
taneous coverage of both the fingerprint and high-wavenumber Raman
regions. As shown in Figure 6.2(b), this range corresponds to 393—
2195 em™! for 830 nm excitation and 2043-3846 cm™! for 730 nm ex-
citation. The detection configuration enables effective mapping of the
spectral content from both excitation wavelengths within the same ac-
quisition window.

6.3 Application for in vivo Bone Characterisation

The DWiSORS system was applied to assess its capability for non-
invasive in vivo bone characterisation. A metric, named enhancement to
noise ratio (ENR), was introduced to determine the optimal offset for
the SORS configuration. Measurements on tissue and bone mimicking
phantoms, together with Monte Carlo simulation, were conducted to
validate the proposed metric. The identified optimal offset was then
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applied to in vivo measurements on healthy volunteers to assess the
system’s performance under realistic physiological conditions. The
results are described in Paper III.

Having introduced all the modalities and the associated beam shaping
applications, the next chapter presents the design of a light-guided
dynamic phantom system for characterisation and validation. This
platform provides a controlled, reproducible environment for assessing
the performance of the developed systems and ensuring their reliability
in practical applications.



A LIGHT-GUIDE BASED DYNAMIC

CHAPTER [

PHANTOM FOR SYSTEM VALIDATION

Phantoms are artificial models that replicate the optical and physical
properties of biological tissues, providing a controlled and repeatable en-
vironment for the development, testing, and calibration of biophotonics
systems. As the precision of optical sensing increasingly relies on engi-
neered illumination and dynamic signal interpretation, the need for real-
istic and responsive validation tools has become more apparent. While
conventional static phantoms are useful for structural assessment, they
are inherently limited in their ability to reproduce physiological dynam-
ics such as pulsatile blood flow or fluctuations in oxygen saturation. To
address this limitation, this chapter introduces a light-guided dynamic
phantom capable of replicating time-varying optical signals, offering a
more realistic and standardised platform for the evaluation of advanced
optical detection systems. The design and characterisation of this system
have been reported in our publication Paper II.

7.1 Introduction on Optical Phantom

Biophotonics phantoms are artificial structures designed to simulate the
optical properties of biological media[165]. They are essential tools in
biomedical optics, enabling researchers to study light-tissue interactions
in a safe, controllable, and repeatable environment. By replicating pa-
rameters such as absorption, scattering, and fluorescence, phantoms allow
the simulation of light distribution with geometries of biological tissue
and provide a standard reference for validating and characterising the
performance of optical devices. They are widely used for system cali-
bration, optimisation, and quality control, offering a reliable approach to
benchmark instrumentation without relying on biological samples[166—
169].

Conventional optical phantoms are typically static, which means they
are designed to represent tissue properties that do not change over
time. These static models are well suited for characterising spatial
resolution, optical penetration depth, signal-to-noise ratio, and other
steady-state performance metrics of optical systems. However, many
biomedical optics applications involve time-varying physiological signals.
Haemoglobin concentration is a critical physiological parameter, reflect-
ing the oxygen-carrying capacity of blood. Monitoring haemoglobin lev-
els provides valuable clinical insights for disease diagnosis, preoperative
and postoperative care, treatment evaluation, and even athletic perfor-
mance assessment|[170-175]. With the emergence of portable and wear-
able health monitoring systems, there is an increasing demand for optical
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standards that can dynamically simulate changes in haemoglobin oxygen
saturation during physiological processes such as breathing and heartbeat
cycles.

Various liquid phantoms have been developed using materials such as
whole blood or extracted erythrocytes to replicate changes in oxygen sat-
uration. However, the use of blood components raises ethical and safety
concerns, while also reducing the stability and shelf life of the phantoms.
To ensure appropriate measurement conditions, both temperature and
pH must be continuously monitored throughout the experimental pro-
cess. The incorporation of temperature and pH sensors, along with peri-
staltic pumps and membrane oxygenators, significantly increases the cost
and complexity of the setup. Oxygen saturation levels in liquid phan-
toms are typically modulated by introducing oxygenating compounds
such as oxygen, and deoxygenating compounds such as yeast, nitrogen
bubbling, or enzymatic mixtures comprising D-glucose, glucose oxidase,
and catalase. Blood circulation within the phantom is maintained us-
ing a peristaltic pump, while a membrane oxygenator is used to regu-
late oxygenation levels. However, these methods are time-consuming;:
yeast requires approximately 20 to 30 minutes to gradually reduce oxy-
gen saturation[176], and nitrogen bubbling takes around 30 minutes to
achieve effective deoxygenation[177]. Such delays significantly limit the
feasibility of real-time control in dynamic phantom applications.

To overcome these challenges associated with liquid phantoms, solid
dynamic phantoms have been developed to offer more stable, controllable,
and reproducible alternatives for simulating dynamic optical responses.
Koh et al.[178] introduced a dynamic phantom design in which a mod-
ified liquid crystal display (LCD) is embedded between two solid epoxy
resin layers that mimic the absorption and scattering properties of biolog-
ical tissue. The LCD enables spatially and temporally modulations that
simulate haemodynamic responses. This design supports flexible control
over attenuation patterns, making it suitable for evaluating system reso-
lution, dynamic range, and sensitivity to different activation region sizes
and shapes. Funane et al.[179] developed a two-layer solid dynamic phan-
tom with independently driven absorbers mounted on motorised linear
stages. These absorbers are embedded within a polyoxymethylene matrix
and are positioned at depths corresponding to superficial and deep tis-
sues. The movement of each absorber modulates the optical path length
and, consequently, the effective absorption at specific depths. Hebden et
al.[180] introduced an electrically-activated solid dynamic phantom based
on thermochromic dye embedded in a resin matrix. This design enables
reversible, localised changes in optical absorption by heating regions con-
taining thermochromic pigment using internal resistive elements. The
pigment transitions from black to white around an activation temper-
ature of 47°C, mimicking variations in absorption. However, the per-
formance of the LCD-based phantom is influenced by the angular de-
pendence of the LCD’s optical attenuation, which is further affected by
the scattering properties of the top phantom layer. The phantom with
moving stages creates only macroscopic absorption changes and cannot
replicate microvascular complexity. The mechanical system also limits
speed and spatial fidelity, and its layered geometry does not fully reflect
the heterogeneity of in vivo tissue structures. For the thermochromic dy-
namic phantom, each activation cycle requires approximately 70 seconds
to transition from room temperature, which is too slow for rapid modu-
lation. In addition, the smallest allowable spacing between neighbouring
targets is 11.2 mm to prevent thermal crosstalk, which limits the spatial
resolution.

In this chapter, we introduce a novel light-guided solid dynamic phan-
tom that overcomes these limitations by decoupling the LCD from the
scattering layer using a polymer optical fibre light guide. This configura-
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tion avoids angular dependence, enables fine spatial control, and allows
rapid modulation of absorption properties. The phantom can generate
realistic biological signals such as photoplethysmography (PPG) wave-
forms at multiple wavelengths (455, 530, 660, and 940 nm), including
different heart rates and oxygen saturation levels, offering a solid plat-
form for standardising and validating biomedical optical devices such as
pulse oximeters, imaging systems, and spectroscopy platforms.

7.2 Design of the Light-guided Dynamic Phantom

A dynamic phantom system was developed to modulate light transmis-
sion through a static, tissue-mimicking silicone layer. The photo and the
optical design are shown in Figure 7.1. Light transmitted through the
static silicone phantom was collected using a 4 cm long, 3 mm diameter
polymer optical fibre (OMPF3000, The Optoelectronic Manufacturing
Corporation Ltd.). This light was subsequently collimated using a con-
denser lens (ACL2520U, Thorlabs), creating a parallel beam profile to
remove the angular dependence of the downstream modulation element.
The collimated beam was modulated by an LCD (FOS-NIR (1100), LC-
Tec Displays AB), which was electronically driven by a National Instru-
ments data acquisition device (USB-6212, National Instruments). The
modulated light was then reflected back through the phantom using a
silver mirror (PF10-03-P01, Thorlabs), enabling dynamic control of light
patterns incident on the tissue-mimicking layer.

The static superficial layer was a silicone-based tissue phantom fabri-
cated in a round shape with a 9 cm diameter and a thickness of 0.5 mm.
The phantom composition followed the protocol described in Ref. [169],
consisting of SiliGlass (MB Fibreglass) as the bulk matrix, polycraft black
silicone pigment (MB Fibreglass) as the absorber, and silica microspheres
(440345, Sigma-Aldrich) as the scattering agent. Optical characterisation
was performed using a time-domain diffuse optical spectrometer, target-
ing an absorption coefficient (y,) of 0.1 cm~! and a reduced scattering
coefficient (11%) of 10 ecm™1.

7.3 Dynamic Phantom Characterisation Using
Camera

To characterise and validate the dynamic phantom, two separate valida-
tion systems were developed. The first system used a camera for detection
and demonstrated the capability for multispectral imaging. The second
system used a photodiode as the detector and was designed to explore the
phantom’s application in pulse oximeter characterisation. This section
presents the design and results of the camera-based detection system.

Validation System Design

The design of the system is illustrated in Figure 7.2. The illumination
module comprised four light-emitting diodes (LEDs) with central wave-
lengths of 455, 530, 660, and 940 nm (LED1: M530L4, LED2: M45514,
LED3: M660L4, LED4: M94014; Thorlabs). These LEDs were optically
combined into a single beam using a set of dichroic mirrors: D1 (490 nm
longpass, DMLP490R, Thorlabs), D2 (605 nm shortpass, DMSP605R,
Thorlabs), and D3 (805 nm shortpass, DMSP805R, Thorlabs). Specific
illumination wavelengths were selected by selectively activating individ-
ual LEDs or defined combinations. Reflected light from the phantom
positioned above the light guide was captured by a monochrome camera
(Flea3 FL3-U3-3252M, FLIR) for analysis with a frame rate of 60 fps.

Static phontom

(a)

Mirror

Figure 7.1: (a) Photo of the dy-
namic phantom. (b) Scheme of the
dynamic phantom.

LED2
LED3
LED4

Dynamic
Phantom

Figure 7.2: Scheme of the valida-
tion system using the camera.
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Figure 7.3: (a) Flowchart of dynamic phantom characterisation. (b)
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Dynamic Signal Synthesis

The calibration procedure of the dynamic phantom is illustrated schemat-
ically in Figure 7.3(a). To characterise the optical response, the intensity
of diffusely reflected light was measured while varying the voltage applied
to the LCD from 0.5 to 3 V in 0.05 V increments. The voltage range
in which the reflected intensity exhibited a negative correlation with the
applied voltage was identified as the functional range. This response was
then normalised to its maximum value to generate a lookup table. The
signal synthesis process is summarised in the flowchart shown in Fig-
ure 7.3(b). The target signal was similarly normalised to its peak value
and mapped onto the lookup table to produce the corresponding modu-
lation pattern for the dynamic phantom. A PPG signal of 6 seconds
from a healthy person[181] was used to generate the modulation signal
for LCD.

Results

Figure 7.3 presents the characterisation and validation of the dynamic
phantom. As shown in Figure 7.3(a), the intensity of the reflected light
decreases with increasing voltage over a specific range. This range, where
attenuation is inversely related to the applied voltage, is defined as the
functional range of the system. In Figure 7.3(b), a target PPG signal is
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rescaled and normalised. By mapping this signal to the phantom’s re-
sponse curve in Figure 7.3(a), a corresponding input voltage sequence was
generated for the LCD, as shown in Figure 7.3. This input allowed the
phantom to reproduce the shape and dynamics of the original signal. Fig-
ure 7.3(d) shows the validation result acquired using the camera-based
detection system. The dynamic phantom successfully reproduced the
PPG signal, although higher noise levels were observed at 530 nanome-
tres and 455 nanometres. This is likely due to the limited modulation
performance of the LCD at shorter wavelengths.

This design demonstrates the phantom’s ability to simulate biological
signals in a controllable and repeatable way. With further development,
such as the integration of multiple light guides, the system has the poten-
tial to mimic vascular structures and support more advanced biomedical
optical testing.

7.4 Application on Pulse Oximeter Characterisation

In this section, the light-guided dynamic phantom was further de-
veloped to replicate PPG signals for the purpose of pulse oximeter
characterisation. The validation system used a photodiode for signal
detection to better simulate the sensing mechanism used in commercial
pulse oximeters. Synthetic PPG signals representing various heart rates
(80 to 120 beats per minute) and oxygen saturation levels (86% to
100%) were generated and validated using the photodiode-based system.
The results confirmed the phantom’s ability to accurately reproduce
dynamic biological signals in real time, demonstrating its potential for
standardising and validating pulse oximeters. The application on pulse
oximeter characterisation is described in Paper II.

The development of the light-guided dynamic phantom demon-
strates how a controllable and repeatable platform can be used for the
characterisation and validation of diverse biophotonics systems. Having
presented the individual modalities, beam shaping strategies, and
validation methods, the following chapter discusses these results in the
context of current methodologies, highlighting their impact, limitations,
and potential future directions.

45






PAPERS

47






PAPER 1

High contrast breast cancer biomarker
semi-quantification and immunohistochemistry
imaging using upconverting nanoparticles

S. Konugolu Venkata Sekar, H. Ma, K. Komolibus, G. Dumlupinar,
M. J. Mickert, K. Krawczyk and S. Andersson-Engels.

Biomedical Optics Ezpress 15, 900-909 (2024).







Paper 1

High contrast breast cancer biomarker semi-
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Abstract: Breast cancer is the second leading cause of cancer death in women. Current clinical
treatment stratification practices open up an avenue for significant improvements, potentially
through advancements in immunohistochemistry (IHC) assessments of biopsies. We report a
high contrast upconverting nanoparticles (UCNP) labeling to distinguish different levels of
human epidermal growth factor receptor 2 (HER2), in HER2 control pellet arrays (CPAs) and
HER2-positive breast cancer tissue. A simple Fourier transform algorithm trained on CPAs was
sufficient to provide a semi-quantitative HER2 assessment tool for breast cancer tissues. The
UCNTP labeling had a signal-to-background ratio of 40 compared to the negative control.

1. Introduction

Accounting for 0.5 million deaths per year internationally, breast cancer is the most common
form of cancer among women and constitutes a significant global health issue [1]. This high
death toll persists even though the majority of women are now diagnosed with early-stage breast
cancer, which is often curative with surgery, radiation therapy, and systemic therapy. Standard
immunohistochemistry (IHC) labeling of tumor tissue biopsies, obtained by imaging molecular
targets such as the estrogen receptor (ER), progesterone receptor (PR), and human epidermal
growth factor receptor 2 (HER2) facilitates oncologists in determining both prognosis and
treatment strategies for individual patients with breast cancer. The main advantages of the IHC
technique lie in its high sensitivity and specificity, application to routinely available formalin
fixed paraffin embedded samples, correlation to morphology and cost effectiveness [2].
However, despite its widespread use and incorporation into clinical practice guidelines,
standard IHC has inherent limitations including low dynamic range, issues with quantification,
subjectivity, multiplexing and co-localization [3-6].

For example, in a typical IHC workflow to determine the HER2 expression level a horseradish
peroxidase 3,3’-diaminobenzidine (DAB) staining is used. The enzymatic oxidation of DAB
generates an insoluble brownish precipitate at the location of the analyte. The completeness of
the DAB precipitation along the cell membrane and the strength of the brown color are analyzed
visually by pathologists to rather subjectively determine the HER2 level in a four category
scoring system (0 to 3+) according to the current guidelines of American Society of Clinical
Oncology/College of American Pathologists (ASCO/CAP) [7,8]. According to those
guidelines, only HER2 3+ case, with complete and intense circumferential membrane staining
for over 10% of the tumor cells, is considered HER2 positive. Currently, approximately 15%
of women are diagnosed with HER2 positive breast cancer and receive HER2-targeted
therapies such as trastuzumab, pertuzumab, or lapatinib [9]. The remaining 85% of diagnosed
women fall into the negative category despite the fact that they can express weak to moderate
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staining in over 10% of tumor cells (cases of HER2 1+ and 2+). Since the detection of HER2
3+ cases has been of greatest clinical significance so far, the optimization of HER2 testing has
always been focused on differentiating positive from negative cases rather than four distinct
categories [10, 11]. The recent introduction of new therapies, for example antibody conjugates
like trastuzumab-deruxtecan, successfully targeting the sub-group of patients with lower HER2
levels [10, 12-14], poses a new challenge of accurate and reproducible assessment of HER2
scoring at its lower end. The high rate of discordance among pathologist scoring lower HER2
levels (0, 1+, 2+) and poor interrater reliability suggest that traditional IHC doesn’t provide
sufficient accuracy for clinical decision making[5, 15].

The challenges associated with chromogenic staining, such as DAB, open up a new avenue for
improved quantifiable labling schemes and intelligent image analysis techniques to enable
extraction of previously hidden information. In the last decade vast efforts have been
undertaken to utilize machine learning (ML) and artificial intelligence (Al) algorithms based
on conventional histopathological staining to obtain more objective diagnostic results,
including prediction of diagnosis, prognosis and treatment response [16-22]. At the same time,
immunofluorescence (IF) using fluorophore-labeled antibodies has become an alternative
approach. Nevertheless, organic dyes typically used in IF exhibit quenching and broad
emission, which makes them not suitable for quantitative analysis and multiplexing [23].
Advances in nanoparticle functionalization and bioconjugation, however, has laid the
foundation for a new generation of fluorescent nanoprobes [24]. Numerous groups have
explored the possibility of using quantum dots (QDs) [25-28] and Raman probes [29,30] for
improved profiling of multiple biomarkers, but ideal label providing high contrast and high
dynamic range imaging has yet to be found.

Upconverting nanoparticles (UCNPs) have recently emerged as a versatile fluorescence
imaging platform with unique photophysical properties desirable in biomarker detection and
imaging applications [31-34]. Due to their anti-Stokes shift, the autofluorescence of the
background can be avoided yielding very high sensitivity, even down to single particle
detection [35, 36]. This, in turn, enables high contrast measurements providing quantitative
information about biomarker concentration and together with the narrow emission lines opens
up the possibility of biomarker multiplexing. Moreover, the extremely high photostability of
UCNPs is an advantage in comparison to other fluorescent dyes [37, 38]. These features make
UCNPs ideal candidates to explore the avenue of digital pathology with multiplexed, sensitive
and highly specific molecular detection. To date, the application of UCNP conjugates with
different breast cancer cell lines have demonstrated excellent results with highly specific
detection of the HER2 biomarker, yielding a 50-fold improvement in signal-to-noise ratio as
compared to conventional fluorescent labeling under the same experimental conditions [39]. In
addition, a multiplexed detection scheme of three common biomarkers, ER, PR and HER2, has
been successfully demonstrated by employing the UCNP platform on breast cancer cell lines
[40]. However, the majority of UCNP-biomarker labeling studies presented thus far use cancer
cell lines rather than more complex histological samples and do not address the issue of
biomarker quantification.

This study demonstrates the feasibility of using UCNPs as a promising candidate for high
contrast breast cancer tissue labeling and brings up the potential for quantification of HER2
expression as opposed to standard DAB labeling. The novelty of the present work lies in the
detection and semi-quantification of four distinct levels of HER2 (0, 1+, 2+, 3+) expressions in
HER?2 control pellet arrays (CPA), and in the demonstration of HER2 mapping in breast cancer
tissue slides. In addition, a Fourier-transform-based image analysis method was developed to
address the challenge of quantification of various levels of HER2 expressions. The imaging
contrast achieved in the UCNP-labeled breast cancer tissue is compared with DAB-labeled
slides and the contrast gain of UCNP over DAB is quantified.
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2. Experiment description

We will here give a brief description of the study, with full details provided in the
supplementary material S1. To investigate the suitability of UCNPs for the quantification of
HER?2 presence, CPAs (HistoCyte Laboratories Ltd, HCL028) with different levels of HER2
expression were incubated with anti-HER2 rabbit antibody, biotinylated anti-rabbit antibody,
and finally labelled with streptavidin-PEG-UCNPs (NaYF4, with 2% Tm3+ and 18% Yb3+
doping). The average size (diameter inner circle) of UCNPs were around of 54 nm + 1.7 nm (N
= 155) as verified by TEM (Figure 1a). The UCNP-streptavidin labeling scheme is depicted in
Figure 1b. In the first step, a primary rabbit anti-HER2 antibody binds to the HER2 antigen
localized in the cell membrane. A secondary anti-rabbit antibody modified with biotin acts as
an anchor to the UCNP-streptavidin conjugates. The excess UCNP labels are removed in a
washing step. In addition, samples were counterstained with DAPI. For demonstrating on real
HER?2 breast cancer tissue, HER2 3+ breast cancer tissue slides were used for this study and
they were labelled using the same process as described above.
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Fig. 1: a) TEM images of UCNPs used in this study b) scheme of the HER2 labeling with UCNP-streptavidin
conjugates ¢) multimodal laser illumination microscope system d) uniform beam profile (Zemax simulation) and
characterization of the beam profile of the 976 nm laser excitation line on the sample plane of the microscope.
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The slides are subsequently analyzed employing a Kohler-illumination type user-built
microscope system. The schematic of the microscope system is shown in Figure 1c. The system
and its optical components were optimized in the Zemax OpticsStudio software to provide a
uniform beam profile. Figure 1d shows the results of simulations and experimentally measured
uniform beam profile on a UCNP test sample. The microscope includes additional excitation
lines to perform H&E, DAPI, and DAB imaging.

To semi-quantify the UCNP labeling in the CPAs, the camera dark counts were first subtracted
from recorded luminescence images. A schematic layout of the subsequent steps for semi-
quantitatively assess the HER2 score in small sub-areas across the analysed images is shown
in Figure 2. First, a subset of macro images of 201 x 201 pixels with centre at each pixel to be
analysed were generated. The size of the macro images was selected to include a number of
neighbouring cells, minimize any distortion to the subsequent Fourier transform due to the
finite size of the image and to also have one center pixel. In step 1, each macro image was 2D
Fourier transformed and a band-pass filter was applied in the spatial frequency domain. This
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operation suppresses contributions of low frequency components, like background signals,
while retaining the high-frequency components like the UCNP labeling of the cell membranes,
and the completeness of UCNP HER?2 labeling around the cell membrane. The parameters of
the Fourier bandpass filter (inner and outer radius) were optimized to maximize the variation
among the HER2 expression levels and capture the frequencies corresponding to circular HER2
expression around the cell membrane. Hence, the circular, high HER2 expression like 3+ has a
relatively high contribution to filtered Fourier domain image as compared to non-circular lower
HER2 expression (e.g. 1+, 0).

Pixel score image X
Original
microscope
image

NS Area Score

o

F1 | Processed ~ Weight |
{Macroimage  filter |

Macro Bandpa
filter

Fig. 2: Flow chart of the Fourier-transform image processing algorithm for the semi-quantification of the HER2
expression.

In step 2, the information is subsequently transformed back to the spatial domain and multiplied
with a Gaussian weight filter with sigma value of 34 pixels. The weight filter ensures that the
contribution of centre pixels in the macro image are dominating. All the 201x201 pixel values
are then summed to create a single value for each macro image. This value is defined as the
pixel score for the centre pixel, and the corresponding image generated by processing all macro
images to pixel scores is called the pixel score image. Then area score is calculated as the mean
of all pixels in pixel score image.

3. Results and discussion

For the bandpass filter in the spatial frequency domain of the images, an inner radius of 0.015
pm! and an outer radius of 0.92 pm'. The lower limit was chosen to eliminate the zero DC
frequency and the upper limit is chosen as the highest frequency seen in HER2 3+ expression.
Figure 3 a-d shows the results of UCNP labeled CPAs with Fourier transformed image and line
profile of frequencies. Here, the completeness of the cell membrane and intensity of labeling is
decreased with declining HER2 level from 3+ to 2+ which decreases further in HER2 1+, 0
samples as expected by the ASCO/CAP guidelines [41]. In other words, fewer UCNPs are
bound to cells in the HER2 control pellets exhibiting lower HER2 expressions. The area score
with standard deviation across the pixel score images for different HER2 expressions in CPA
samples is shown in Figure 4. The area score provides a quantitative estimate of the HER2
expression for the entire CPA and increases with elevated HER2 expression levels. Thanks to
the choice of the bandpass filter, the difference in area score for HER2 3+ and 2+ takes into
account both the intensity of UCNP emission and the circular nature of HER2 expression as
required by ASCO guidelines [41]. A similar area score of HER2 1+ and 0 was obtained. This
can possibly be related to a minor amount of remaining UCNP clusters (non-specifically bound)
present in the HER2 0 sample. Another explanation is the similarity of HER 1+, 0 expression
making them hard to distinguish and quantify [10, 42]. Improved washing steps to remove the
UCNP clusters from the tissue slides and a better filtering procedure could help in optimizing
the quantification at low HER2 expression levels. Though these minor clusters are present in
all slides, they make more impact on results obtained for HER2 1+ and 0 as these slides have a
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minimal expression of HER2 receptors. However, our results in Figure 4 show that we can
measure the expression despite the presence of traces of UCNP clusters in the slides.
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Fig. 3 Microscope images, corresponding 2D Fourier transforms of the images, and cross sections line profile
through these transforms (band pass filter range is highlighted with a violet bar at the axis) for UCNP labeled HER2
CPA samples with different levels of HER2 expression a) 3+, b) 2+, ¢) 1+, and d) 0. Note: Top row images (c, d) has

different intensity scale as compared to a, b to improve visualization of the images

Area Score

3+ 2+ 1+ 0
HER2 Score

Fig. 4: Results of the HER2 quantification for different HER2 expression levels in a CPA with standard deviation as
error bars and thresholds for semi-quantification of HER2 expression.

To demonstrate the novel approach of the semi-quantified analysis of the HER2 expression in
breast cancer tissue, a HER2 3+ breast cancer tissue slide was labeled with UCNPs as described
in Figure 1b. The UCNP image of the slide is shown in Figure 5a. The cancer tissue was also
counterstained with 4',6-diamidino-2-phenylindole (DAPI), which stains the nuclei of cells. An
overlap between the UCNP labeling and the counterstain is provided in Figure 5b. UCNP
labeling along with DAPI staining helps to demarcate the HER2 overexpressed cells in relation
to HER2 negative cells. The HER2 expression in UCNP images was semi-quantified by the
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Fourier method developed on the CPAs (Figure 2). The pixel score image of breast cancer tissue
was generated using the data in Figure 5a. The pixel scores are further color coded based on
the HER2 expression thresholds estimated in Figure 4. These HER2 expression levels are color
coded and shown in Figure Sc. This provides a heat map of regions of different levels of HER2
expression. From this heat map it is evident that over 10% of cell area exhibits levels
corresponding to HER2 3+ area scores. This is in line with the expected result for the imaged
HER?2 3+ breast cancer tissue. In addition, the signal-to-background value was calculated by
taking the ratio of the peak counts in a UCNP labeled breast cancer image to the average of
unspecific binding signal from a negative control breast cancer image acquired under the same
experimental conditions. The signal-to-background value for the UCNP labeling was found to
be 40.

3+

2+

1+ &0

Fig. 5: a) UCNP labeled HER2 3+ breast cancer tissue image taken at 976 nm excitation of UCNP and 800 nm
emission b) overlay of UCNP (green) with DAPI (blue) emission. ¢) Area score assessment of a HER2 3+ breast
cancer tissue labeled with UCNP.

In order to make a meaningful comparison, the breast cancer tissue was also labeled with
classical DAB. The DAB precipitation was found in the cell membrane of HER2 positive breast
cancer cells. The signal-to-background for DAB was calculated by taking the ratio of average
background with no labeling to DAB labeled section of the breast cancer image. The signal-to-
background for DAB was found to be 1.6, more details regarding the calculation can be found
in the supplementary material S1. The current clinical practice for breast cancer treatment
stratification relies on gold standard IHC using the HRP/DAB visualization system to provide
information about the overexpression of HER2 and other biomarkers in breast cancer tissue41.
DAB is renowned for high thermal and chemical stability making it an ideal choice for labeling
in these aspects. However, in the DAB labeling, the signal is generated by the absorption of
white light by the chromogen. The light attenuated by the DAB is fundamentally limited by the
pathlength of white light in the tissue slide. Hence, at high DAB concentrations, no light gets
through the slide. The only way is then to reduce the primary antibody concentration and redo
the labeling but this influences the sensitivity on the lower end, thus the overall dynamic range
is limited. This implies that image contrast provided by any absorption-based agent is relatively
poor, requiring expert pathology experience and complicating the diagnosis and stratification
processes. DAB imaging with white light further complicates the quantification process as it
will require calibration of color, possibly drifting over time. On the contrary, the contrast in
UCNP-labeling is obtained by the emission process which allows it to be limited only by the
non-specific labeling of surrounding tissue. In this work, the contrast of the UCNP images with
respect to background was found to be 40. This gives an enhancement factor of 25 for UCNP
labeling as compared to DAB labeling. The signal-to-background, achieved in this work, can
be further improved by optimizing the labeling process.

In addition, breast cancer severity and treatment stratification is assessed based on the
expression levels of multiple receptors like ER, PR, HER2, Ki-67. It is difficult to co-localize
DAB labeling together with another chromogen to simultaneously provide expressions of
multiple receptors - a new way to interpret breast cancer types for treatment stratification [43].
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In contrast, the narrow emission lines of UNCPs can be designed to easily multiplex biomarkers
on the same tissue slide. Alternatively, fluorophores can be considered substitutes for DAB,
however, the key challenges constitute autofluorescence background and photo-bleaching.
Novel fluorophores like quantum dots can partially address photo-bleaching, but they still pose
the challenge of auto-fluorescence background [44]. On the contrary, UCNP anti-Stokes’
shifted emission eliminates the challenge of Stokes-shifted auto-fluorescence. UCNPs are also
known for their high photostability even at high excitation powers.

In recent times, the increase in computation power has given rise to the development of novel
AI/ML tools for pathological image analysis. The AI/ML tools are foreseen to create a new
paradigm in histopathology to provide accurate predictions and aid pathologists in decision-
making [8, 16, 45, 46]. The performance of AI/ML models is enhanced when the contrast is
high allowing models to effectively distinguish target receptors from the background. The
above discussion highlights some of the key advantages of UCNPs in terms of multiplexing for
multi-receptor labeling, high contrast for enhanced ML/AI training methods, zero auto-
fluorescence background and high photo-stability as compared to other emerging fluorophores
like quantum dots.

4. Conclusions

For the first time, we have reported the use of high contrast UCNP labeling to distinguish
different levels of HER2 expression in HER2 CPA and HER2 positive breast cancer tissue. A
simple Fourier transform algorithm trained on CPAs was sufficient to provide an objective
semi-quantitative HER?2 tissue assessment tool as demonstrated on a tissue sample. The UCNP
breast cancer labeling was found to have a signal-to-background of 40 compared to the negative
control, which is an enhancement of 25 times as compared to conventional DAB labeling. With
an urgent need for better biomarker quantification and multiplexing methods for improved
treatment stratification, the development of UCNP imaging and advancements in labeling
processes shows great promise to be included in the clinical practice in the future as a reliable
and accurate diagnostic tool.
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Abstract

Significance: Dynamic phantoms capable of changing optical properties by control are essential for standardizing and
calibrating spectroscopy systems such as the pulse oximeter. However, current liquid dynamic phantoms containing
human blood have a short shelf life and require complex experimental setups. Some solid dynamic phantoms are
influenced by the angular dependent performance of the liquid crystal display (LCD), some have a low spatial
resolution, and some have slow control of optical properties.

Aim: This work aimed to develop a solid dynamic phantom which can overcome these obstacles by changing the
optical properties rapidly and generating dynamic biological signals.

Approach: The absorption properties of the phantom can be controlled in real time by modulating an LCD. A light
guide was employed to avoid the angular-dependent performance of the LCD by isolating the scattering top-layer
tissue-mimicking silicone phantom from the LCD.

Results: The dynamic phantom were characterized at 940 nm, 660 nm, 530 nm, and 455 nm to create a lookup table.
Photoplethysmography signals of different heart rates from 80 to 120 beats per minute were synthesized and oxygen
saturation levels at 86%, 90%, 95%, and 100% were generated at multiple wavelengths.

Conclusions: The design, characterization, and potential applications of the dynamic phantom have been presented.
This dynamic phantom can simulate various biological signals by applying corresponding modulation signals and has
the potential of calibrating and validating pulse oximeter, imaging, and spectroscopy systems.

Keywords: dynamic phantom, pulse oximeter, photoplethysmography, standardization, near infrared spectroscopy,
diffuse optics

* Sanathana Konugolu Venkata Sekar, E-mail: sanathana.konugolu@tyndall.ie
Hui Ma, E-mail: hui.ma@tyndall.ie

1 Introduction

Biomedical sensing and imaging play a crucial role in modern clinical analysis, providing
visualizations of body tissues, facilitating non-invasive or minimally invasive diagnostic
information, and offering real-time surgical guidance'?. It helps to reduce the time and cost of

diagnosis and treatment, as well as improve patient satisfaction. However, the lack of standards

1
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40  for evaluating devices and comparing systems across the field hampers both technological
41  advancement and the clinical translation of optical sensing and imaging systems**. Hemoglobin
42  concentration in human blood is an important parameter to monitor the physiological condition. It
43 gives information on the capability of oxygen transportation in blood, provides preoperative and
44 postoperative care, helps to diagnose diseases like anemia, evaluates treatment response, and

45  assesses the performance of athletes>!”

. With the emergence of portable and wearable health
46  monitoring devices, there is an increasing demand for optical standards capable of dynamically
47  changing their optical properties to replicate changes in hemoglobin oxygen saturation during the
48  respiratory and heart-beat cycle. Biophotonics phantoms are artificial structures designed to
49  simulate the optical properties of biological media. They are essential tools for simulating light
50  distribution with the geometry of physical tissues, validating, and characterizing the performance
51  of optical devices, and recording reference measurements''. Many different phantoms with high
52 stability, controllability, and repeatability have been developed for device calibration,
53  optimization, and quality control'*®,

54 Researchers have developed liquid phantoms using whole blood or extracted erythrocytes to
55  mimic changes in oxygen saturation. However, the use of blood components could raise ethical
56  and safety concerns and limit the stability and shelf life of the phantoms. Also, biological
57  wvariability in blood components reduces the reproducibility of the phantom. To maintain the
58  appropriate conditions, temperature and pH must be monitored throughout the entire measurement
59  process. The use of temperature and pH monitors, peristaltic pumps and membrane oxygenators
60 increases the cost and complexity of the experimental setup. Oxygen saturation levels are

61  modulated by adding oxygenating compounds like oxygen and deoxygenating compounds such as

62  yeast or nitrogen bubbling or a mixture of D-glucose, glucose oxidase and catalase!’>. A
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peristaltic pump is used for blood circulation, and a membrane oxygenator is applied to control
blood oxygenation. Yeast takes 20 -30 minutes to gradually deoxygenate the phantom?!, and
nitrogen bubbling takes 30 minutes to effectively deoxygenate the phantom?, which limits the
potential for real-time control.

Several solid dynamic phantoms have been developed to control changes in the absorption
coefficient with high stability and reproducibility. Koh et al.>* designed a dynamic phantom with
a liquid-crystal display (LCD) sandwiched between the solid tissue-mimicking phantom. The

absorption at each pixel is electronically controlled to be on or off state. Funane et al.?

developed
a phantom with two stage-driven absorber layers to realize gradual absorption changes by tuning
the position of the absorber. Hebden et al.?® proposed a phantom with embedded targets comprising
a black thermochromic pigment. The pigment changes from black to white when heated to 47 °C.
However, the performance of the LCD-based dynamic phantom was largely influenced by the
scattering properties of the top layer phantoms since the attenuation of LCD is angular dependent.
The phantom with moving stages only creates macroscopic changes in tissue, it lacks the potential
of simulating complex structures such as vascular systems. For the thermochromic dynamic
phantom, the smallest spacing between targets is 11.2 mm to avoid crosstalk from the neighboring
target, thereby limiting the spatial resolution. Additionally, it takes approximately 70 seconds to
change the color from room temperature, which is not appropriate for fast control.

In this work, we implemented a novel light guide-based dynamic phantom to overcome the
challenges mentioned above?®’. This phantom utilized a polymer optical fiber to isolate the LCD
from the top layer tissue mimicking phantom and avoid angular dependent performance. The

absorption was tuned gradually by applying different voltages to the LCD. The phantom was

characterized at 4 wavelengths: 455 nm, 530 nm, 660 nm, and 940 nm, covering both visible and
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Fig. 1 c¢) Scheme of the validation system.

86  near-infrared ranges. As case studies, photoplethysmography (PPG) signals of different heart rates
87  and oxygen saturation levels were generated by the dynamic phantom and tested by a photodiode.
88  This dynamic phantom can be a helpful tool for calibrating and validating pulse oximeter, imaging
89  system, and spectroscopy devices.
90
91 2 Method and Material
92 2.1 Phantom Design
93  Fig. 7.1(a) from Chapter 7 shows the photo of the dynamic phantom. Fig. 7.1(b) from Chapter 7
94  illustrates the schematic layout of the dynamic phantom. The light passing through a static tissue-
95  mimicking silicone phantom was collected by a 4 cm long 3 mm diameter polymer optical fiber
96  (OMPF3000, The Optoelectronic Manufacturing Corporation (UK) Ltd.) and collimated by a
97  condenser lens (ACL2520U, Thorlabs) to avoid the angular dependent performance of the LCD.
98  The parallel beam was modulated by the LCD (FOS-NIR (1100), LC-Tec Displays AB) and then
99  reflected through the phantom by a silver mirror (PF10-03-P0O1, Thorlabs). The LCD was
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controlled by a NI DAQ (USB-6212, National Instrument). The thickness and optical properties
of the static superficial silicone phantom can vary depending on the application. In our
demonstration, a 9 cm diameter, 0.5 mm thick round shape silicone phantom was used based on
the recipe described in Ref. 15. Briefly, the silicone phantom consisted of SiliGlass (MB
Fibreglass, UK) as bulk material, polycraft black silicone pigment (MB Fibreglass, UK) as
absorber, and silica microspheres (440345, Sigma-Aldrich) as scatterer. The optical properties of
this silicone phantom were characterized by a time-domain diffuse optical spectrometer’®??. The
target absorption coefficient (ua) was 0.1 cm™!, and the reduced scattering coefficient (us’) was 10

cm’.

2.2 Phantom Characterization System

The full dynamic phantom was further characterized by an in-house system described in Fig. 1c¢).
The illumination part of the system consisted of four LEDs at 455 nm, 530 nm, 660 nm, and 940
nm (LED1: M530L4, LED2: M455L4, LED3: M660L4, and LED4: M940L4, Thorlabs). Dichroic
mirrors (D1: 490 nm longpass dichroic mirror (DMLP490R, Thorlabs), D2: 605 nm shortpass
dichroic mirror (DMSP605R, Thorlabs). D3: 805 nm shortpass dichroic mirror (DMSP805R,
Thorlabs)) were employed to combine these LEDs into one single beam. The illumination
wavelengths were selected by switching on or off any LED or any combination of LEDs. The
reflected light from the phantom above the light guide was collected by a two-lens system (L1:
AC254-050-AB-ML, L2: LB1676-ML, Thorlabs) and measured by a photodiode (S3590-08,
Hamamatsu Photonics) with an amplifier (DLPCA-200, FEMTO Messtechnik GmbH) and fed

into the DAQ (USB-6212, National Instrument).
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121 2.3 Dynamic Signal Synthesis

a)

Max normalization -
0 1

AN
m % | =i

0 0 1

Fig. 2 a) Flowchart of dynamic phantom characterization. b) Flowchart of modulation signal synthesis

122 The process flow of phantom calibration is schematically described in Fig. 2a). The intensity of
123 the diffusely reflected light from the dynamic phantom was characterized by applying a voltage
124 over the LCD from 0.5 V to 3 V with a 0.05 V step size. The range in which this intensity was
125  negatively correlated to the applied voltage was determined as the functional range. The response
126  of this functional range was normalized to the maximum value to create a lookup table. The
127  flowchart of the synthesis of the target signal is illustrated in Fig. 2b). The target signal was also
128  normalized to its maximum value to allow it to be mapped to the lookup table to get the modulate

129  signal for the dynamic phantom.

130 2.4 Photoplethysmography Simulation

131  Two application case studies were implemented to demonstrate the dynamic phantom’s ability to
132 reproduce different PPG signals at multiple wavelengths. One case study focused on generating
133 PPG signals at various heart rates, while the other showcased the generation of PPG signals at

134 different oxygen saturation levels.
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135 For the heart rate simulation case study, the target synthetic PPG signals with heart rates
136  ranging from 80 to 120 beats per minute (bpm) in steps of 10 bpm were generated using the Python
137 toolbox NeuroKit2*’. Each PPG signal contains 20,000 data points (20 seconds) sampled at 1000
138  Hz. The phantom modulation voltage signals were generated by mapping synthetic PPG signals
139  to the lookup table as described in Section 2.3. The dynamic phantom was modulated and
140  measured by the phantom characterization system as described in Section 2.2 at 50 Hz sampling
141  rate. The measured signals were then processed by NeuroKit2 to recover the heart rate*’.

142 For the oxygen saturation case study, the wavelengths 660 nm and 940 nm were selected for
143 the characterization to enable an evaluation of different oxygen saturation levels, as these
144  wavelengths are commonly used in commercial medical pulse oximeters. A single measured PPG
145  signal recording of six seconds from a healthy volunteer®' was used. It was normalized to the
146  maximum value. Targeted signal traces for two selected wavelengths and five tested blood
147  oxygenation levels were then generated from this normalized single trace by adjusting the
148  modulation depth according to the blood attenuation.

149 These traces were then mapped to the lookup table to generate the modulated voltage signal
150  for the dynamic phantom input. The phantom was measured by using the phantom characterization
151  system as described in section 2.2 at a 50 Hz sampling rate. The oxygen saturation can be obtained
152  from measured PPG signals at these wavelengths through a double ratio of the pulsatile and non-

153 pulsatile components of the measured red and near infrared light*>33

1 A
In max(1660)

154 R = —jmnieol (D

nlmax(1940)
Imin(1940)

155  where Ipa4(Ag60) is the maximum amplitude of the pulse at 660 nm, Ly, (Agg0) is the minimum
156  amplitude of the pulse at 660 nm, I;,,x(Ag40) is the maximum amplitude of the pulse at 940 nm,

157  and L, (Ag40) 1s the minimum amplitude of the pulse at 940 nm.
7
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In the region of 86% to 100%, oxygen saturation (SpO2) shows a linear correlation with the R
rate*
Sp0, = —24.87R + 113.8 . 2)
The R rate can thus simply be calculated by
R = (113.8 — Sp0,)/24.87 3)
The linear range was simulated in this case study. The R rate was calculated at every pulse,
and then the values were averaged over a 6-second sample. Target signals of different wavelengths
and oxygen saturation levels were measured one by one. The relative change in the absorption
coefficient of arterial component of blood at 660 nm is 130% when changing from 100% to 86%
oxygen saturation level, while at 940 nm, the relative absorption coefficient variation is only 6%.°
Since the extinction coefficient of blood does not change significantly from 86% to 100% SpO; at
940 nm, we kept the amplitude constant at 940 nm and modulated the amplitude at 660 nm to

simulate SpO; level at 86%, 90%, 95%, and 100%.
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Fig. 3 a) Characterization results of the dynamic phantom. b) Characterization results of the dynamic phantom
in the functional range. c) Lookup table for the dynamic phantom.
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171 3 Results

172 3.1 Dynamic Phantom Characterization

173 The results of the full dynamic phantom characterization are presented in Fig. 3a). Here the
174  diffusely reflected light intensity from the phantom was measured at four wavelengths as a
175  function of the voltage applied over the LCD. Within a certain voltage range (1.2 V - 2.4 V), this
176  intensity was negatively correlated to the applied voltage. This voltage range was identified as the
177  functional range, as illustrated in Fig. 3b). The lookup tables formed after normalizing the curve
178  within the functional range for each wavelength are shown in Fig. 3c). The maximal modulation

179  depths are 7% at 940 nm, 13% at 660 nm, 8% at 530 nm, and 2% at 455 nm. The measured optical

4
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— 'G \~_.
5 351 s
< £095 2154
= = [5)
£ 35 3 g
2 2 S
[ T 09 1.52
€ 349 £ =
£
= S
z
3.48 0.85 15
0 2 4 6 15 16 17 18 19 2 0 2 4 6
Timels Voltage/V Timels
d)> 1 e) .03 f
)%; ) § —Percentage error ZZ- 1 940 nm
5 0.998 o - - -Average percentage error » 0.99
c
b= 1 0.2 s !
= 0.996 £ 660 nm
° 8 = 0.99
& T g
= 0.994 - ] 530 nm
© € 0.1 N
g ] S 0.99
5 ; 5 AN
° o) F = 455 nm
)
Z 099 ., 2 0.99
0 2 4 6 0 2 4 6 0 2 4 6
Time/s Timels Timels

Fig. 4 a) Target PPG signal from literature. b) Normalized diffuse reflectance response at 660 nm. c)
Modulation signals for LCD at 660 nm to generate PPG signals. d) PPG signals generated by the dynamic
phantom and measured at 660 nm. ) Percentage error between target and measured signal after max
normalization of target signal and the average percentage error. f) PPG signals generated by the dynamic
phantom and measured at 940 nm, 660 nm, 530 nm, and 455 nm.
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180  properties of the static top-layer silicone phantom were found to be pa = 0.12 cm™, ps’ = 10.2 cm®

181  'at 660 nm, and pa=0.1 cm™, us’ = 6.5 cm™ at 940 nm, close to the targeted values.

182 3.2 Photoplethysmography signals synthesis

183 Next, we demonstrate the capability of the dynamic phantom to replicate a targeted PPG trace
184  using 660 nm as an example. Fig. 4 shows the steps taken to generate a PPG trace at 660 nm, using
185  the above-mentioned experimentally measured trace from Ref. 31 as a target (Fig. 4a). The
186  normalized diffuse reflectance response within the functional range of the dynamic phantom at
187 660 nm is shown in Fig. 4b). The resulting modulation signal required for the LCD to generate the
188  targeted diffuse reflectance from the dynamic phantom is presented in Fig. 4c). This trace is
189  generated by mapping the normalized original signal to the generated lookup table. Fig. 4d) shows
190  the reproduced PPG signals measured by the photodiode at 660 nm, while the percentage error and
191  average percentage error between the target signal (Fig. 4a) and the measured signal after max
192 normalization of the target signal are shown in Fig. 4e). The average percentage errors are 0.03%
193 at 940 nm, 0.03% at 660 nm, 0.05% at 530 nm, and 0.3% at 455 nm. Measured diffuse reflectance
194  traces at four wavelengths are given in Fig. 4f). The results demonstrate that the dynamic phantom
195  can successfully simulate PPG signals at multiple wavelengths.

196 To demonstrate the phantom’s ability to generate dynamic biological signals, two case studies
197  were conducted to generate PPG signals of different heart rates and oxygen saturation levels at

198  multiple wavelengths.

199 3.3 Case study 1: PPG signals of different heart rates

200 Fig. 5a) shows 20-second PPG-like signal traces measured from the dynamic phantom for

201  heart rates of 80, 90, 100, 110, and 120 bpm at 940 nm. Each trace shows clear periodicity

10
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Fig. 5 a) Offset plot of measured signals at 940 nm. Expected vs. measured heart rate at b) 940 nm, ¢) 660 nm,
d) 530 nm, and e) 455 nm.

corresponding to the designated heart rates, indicating the ability of the dynamic phantom to
realistic cardiac rhythms. Figs Sb-5¢) compare the expected heart rates to the measured heart rates
at 940 nm, 660 nm, 530 nm, and 455 nm. The R? values of the linear regression at these four
wavelengths are 0.999. The good agreement between the expected and measured values validates
the accuracy of the dynamic phantom in replicating various heart rates, demonstrating its potential

for calibrating and validating heart rate monitors.

3.4 Case study 2: PPG signal of different oxygen saturation levels

Fig. 6a) shows the target signals at different oxygen saturation levels. Fig. 6b) illustrates the
measurement results at different oxygen saturation levels. The measured signals demonstrate clear
amplitude variations that correlate with the specified oxygen saturation levels. Fig. 6¢) presents
the measured R-value as a function of the expected SpO; levels, indicating a linear decrease in the
R-value with increasing SpO2. This result aligns with the conclusion of Ref. 35, which states that
the R-value should be 1.12, 0.96, 0.76, and 0.55 at 86%, 90%, 95%, and 100% oxygen saturation

levels, respectively. Fig. 6.d) shows the measured SpO- against the expected SpO., confirming the

11
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216  accuracy of the dynamic phantom in simulating realistic SpO2 levels. These results validate the
217  capability of the dynamic phantom to accurately mimic hemodynamics signals and its potential
218  application in calibrating and validating pulse oximeters.
219 4 Discussion
220 Two case studies mentioned above demonstrate the ability of the dynamic phantom to generate
221 PPG signals at different wavelengths and different oxygen saturation levels. For the
222 characterization of the phantom, the functional range and contrast vary for different wavelengths
223 due to the wavelength-dependent performance of the LCD. The operational wavelength range of
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224 the dynamic phantom is thereby determined by the specifications of the LCD. In this setup, the
225  LCD provides broadband visual to near-infrared (400 — 2000 nm) operation with high open-state
226  transmittance optimized for wavelengths around 1100 nm. Consequently, the LCD response shows
227  larger contrast at 940 nm, 660 nm and 530 nm at 455 nm. It is also worth noting that only a small
228  fraction of the dynamic range of the functional voltage range has been used to generate the
229  modulation depth in the targeted PPG trace. The maximal modulation depth at 455 nm is 2% while
230  the perfusion index of the PPG signal from a health volunteer is around 1%?'. The noise levels are
231  similar at all wavelengths when simulating a 1% perfusion index. The modulation frequency of
232 the phantom is limited by the operation rates of the LCD (1000 Hz) and NI DAQ (400 kHz). In
233 this study, a 50 Hz modulation frequency was used to match the sampling rate in Ref. 31. However,
234 with an upper modulation frequency limit of 1000 Hz, the device can simulate any feasible human
235  heart rate. This allows accurate reproduction of PPG pulse shape features, including the systolic
236  peak, diastolic peak and dicrotic notch. These capabilities highlight the phantom’s potential to
237  simulate diverse PPG signal shapes for pulse shape analysis in cuffless blood pressure monitoring
238  applications®®. In addition to the PPG signal, other dynamic variations in biological tissue, such as
239  hemodynamics, can be simulated by applying the corresponding modulation signals. Compared to
240  the phantom described in Ref. 24 which only characterizes spatial differentiation in attenuation for
241  optical topography, our phantom demonstrates the ability to gradually modulate attenuation with
242 a 153 pV step size voltage modulation and simulate realistic biological signals, making it a more
243  flexible tool for various biomedical applications.

244 When simulating the PPG signals, various noise signals can be added to simulate motion
245  artefacts introduced by physical movement during the measurement or low intensity signals due

246  to low blood perfusion. If the phantom is tested using a commercial pulse oximeter, the

13
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247  transmission configuration should be used instead of the reflection configuration. Also, the
248  illumination and phantom modulation must be synchronized since the typical pulse oximeter
249  quickly switches between two wavelengths®2. This can be achieved by having a sync input from
250  the pulse oximeter to the phantom making it possible to dynamically change the phantom
251  modulation to the corresponding wavelength of the pulse oximeter. The other approach is to have
252 two individual light guides and LCDs, one for 660 nm modulation and the other for 940 nm
253 modulation, separately.

254 In addition to generating dynamic signals, this setup could be used to characterize the spatial
255  resolution of imaging or spectroscopy systems by varying the diameter of the light guide. Multiple
256  light guides can be integrated to create specific patterns to mimic complex biological structures,
257  such as vascular systems. There is no minimum space requirement between neighboring light
258  guides. Compared to the thermochromic dynamic phantom described by Ref. 26, which has a target
259  size of 4.5 mm, and requires 11.2 mm spacing between targets, and the phantom presented in Ref.
260 25, which only provides macroscopic absorption changes, our phantom shows better potential for
261  simulating small and structured biological features with various target size. In future research, we
262  intend to incorporate an additional thin-layer phantom with varying melanin concentrations to
263  create a multilayer phantom. This multilayer phantom would mimic different skin colors,
264  facilitating the characterization of skin color bias in pulse oximeters’’. The phantom's low cost
265  makes it widely applicable for both industrial and academic research. The estimated bill of material
266  cost of our demonstration setup is approximately 5000 euros, though this may vary depending on
267  the specifications of the LCD and NI DAQ. Currently, the dynamic phantom cannot simulate
268  vascular compliance during the cardiac cycle due to its fixed geometric structure. To address this

269  limitation, future enhancements could incorporate fiber bundles to mimic the vascular structure.

14
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The geometry of the dynamic area of the phantom can be controlled by activating or deactivating

specific fibers inside the fiber bundle.

5 Conclusion

In this study, we have reported the design, characterization, and potential applications of a dynamic
phantom capable of generating dynamic biological signals. The absorption properties of the
phantom can be controlled in real-time by modulating the LCD. The phantom was characterized
at four wavelengths: 940 nm, 660 nm, 530 nm, and 455 nm. This dynamic phantom can simulate
various biological signals by applying corresponding modulation signals. Clinically relevant case
studies were conducted to prove the ability to generate PPG signals of different heart rates and
oxygen saturation levels. This dynamic phantom shows the potential of calibrating and validating

pulse oximeter, imaging, and spectroscopy systems.
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Abstract

Bone-related disorders, including osteoporosis, lead to decreased bone density and altered
microarchitecture, significantly increasing the risk of fragility fracture. There is an urgent
need for innovative early detection methods, as conventional techniques like dual-energy
X-ray absorptiometry offer limited insights into bone quality, often overlooking critical
microstructural changes. In this study, we present a novel dual-wavelength inverse
spatially offset Raman spectroscopy (DWiSORS) system specifically designed to enhance
the assessment of transcutaneous bone signals. This innovative approach utilizes ring
illumination to deliver adequate power while minimizing the fluorescence background, and
dual-wavelength excitation to capture a broader molecular profile (spectral range). We
introduce a novel metric, enhancement-to-noise ratio (ENR),which provides a quantitative
and robust strategy to identify the optimal offset for accurate assessment at specified
depths, addressing a significant limitation in existing in-vivo SORS methodologies. The
metric efficacy was validated through in-vivo measurements on ten healthy volunteers,
where the ENR was analyzed against increasing source-detector offsets, with tissue
thickness determined by ultrasound imaging. Notably, optimal signal-to-noise ratio for
bone signals were achieved at offsets of 7 or 9 mm, even beneath 10-14 mm of overlaying
tissue, reinforcing increasing the offset beyond this threshold does not necessarily enhance
bone signals detection. In-vivo measurements demonstrate the technical feasibility and
robustness of the proposed DWiSORS framework for depth-resolved bone Raman
measurements. This study indicates the potential of Raman spectroscopy to complement
conventional imaging techniques and support future approaches for non-invasive
assessment and longitudinal monitoring of bone-related disorders.

1 Introduction

Bone-related conditions such as osteoporosis are characterized by reduced bone mineral density
(BMD) and changes in the matrix and microarchitecture, increasing the likelihood of fragility
fractures. This condition affects nearly 32 million people in Europe, resulting in 4.3 million
fractures annually and an economic burden of € 57 billion[1, 2]. The standard clinical method for
diagnosing osteoporosis is dual-energy X-ray absorptiometry (DEXA), which assesses BMD|[3].
However, relying solely on BMD does not fully reflect bone strength, leading to low accuracy in
predicting fracture risk, particularly in early postmenopausal women and patients with type 2
diabetes[4, 5]. Alternative methods like quantitative-computed tomography (QCT) and magnetic
resonance imaging (MRI) provide insights into bone microstructure but are limited by high
radiation doses, costs, and accessibility issues[6, 7]. These methods are also unsuitable for certain
implants and for monitoring in children and pregnant women|8]. While quantitative ultrasound
(QUS) is a safer option, it faces challenges related to precision and specificity[9]. Notably, studies
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show that 82% of women with fragility fracture had normal BMD per DEXA, missing the crucial
window for timely intervention[10]. Consequently, while DEXA remains the standard for
osteoporosis diagnosis, its sensitivity for predicting fractures in individuals is recognized as limited,
with meta-analyses reporting a wide range ( 35% to 75%) depending on the population and fracture
site studied[11, 12, 13]. Given the high prevalence and economic impact of fragility fractures, there
is a critical need for improved diagnostic approaches that can provide a comprehensive biochemical,
structural, and functional assessment of bone for the early detection of bone degeneration.

Optical techniques, such as Raman spectroscopy, are capable of providing biochemical profile by
simultaneous assessment of various components within bone, covering matrix elements and
mineral[14, 15]. Currently, Raman research in bone disorder diagnosis primarily focuses on the
fingerprint (FP) region (400-1800cm™') due to its rich biochemical information on proteins, lipids,
nucleic acids, and minerals[16, 17]. However, the high wavenumber (HW) region (2800-3800cm ™)
provides valuable information on biochemicals such as proteins, lipids, and especially water
content[18, 19, 20]. This is particularly critical for probing deep tissue, as the HW region offers a
spectral window less congested by overlapping peaks, enabling clearer isolation of key biomarkers
from subsurface layers. The integration of FP and HW spectra has shown potential in improving
early disease diagnosis in-vivo and will enable new insights into how age, gender, disease
conditions, and mechanical damage influence bone strength[20, 21, 15]. There are several ways to
acquire both FP and HW spectra with single wavelength near infrared excitation, generally used
for biological system. One is using low groove density grating, which results in low spectral
resolution[21], the other one is changing the setting (e.g. angle) of the grating when measuring
different spectrum regions. For in-vivo clinical applications, this is impractical as it necessitates
disengaging the probe from the sample to perform a wavelength recalibration after each move,
increasing measurement time and complexity. An expensive and complex dual transmission grating
has also been explored to acquire the FP and stretch regions onto different vertical segments of the
detector[22]. A dual-wavelength unit excitation is a simpler alternative solution to measure FP and
HW regions sequentially without compromising spectral resolution[23]. However, existing
dual-wavelength systems predominantly sample superficial tissue volumes, which limits their
in-vivo applicability and leaves a significant unmet need for reliable measurements of deep tissues
such as bone, where signals are overwhelmed by contributions from superficial layers. Inverse
spatially offset Raman spectroscopy (iISORS) addresses this by introducing a spatial offset between
excitation and collection, thereby enhancing sensitivity to subsurface signals while reducing surface
power density [24, 25]. A central challenge in iSORS is that while a larger offset probes deeper, the
signal-to-noise ratio (SNR) concurrently decreases [26]. Consequently, identifying the ideal offset
that balances penetration depth and SNR is critical for accurate depth-resolved assessment.

To address this, we developed a dual-wavelength iSORS (DWiSORS) system combined with a
novel, quantitative enhancement-to-noise ratio (ENR) metric. This work presents the first in-vivo
demonstration of a unified framework that: (i) objectively determines the optimal spatial offset for
deep-layer Raman measurements; (ii) simultaneously acquires both FP and HW spectra at high
resolution without hardware reconfiguration, enabling co-registered assessment of mineral, matrix,
and hydration biomarkers; and (iii) validates the robustness of the ENR metric against noise,
spectral processing parameters, and variability in tissue optical properties. Our results highlight
the potential of Raman spectroscopy as a non-invasive method for evaluating bone quality by
effectively probing locations with tissue thickness below 5 to 14 mm, as an increase in offset beyond
10 mm does not necessarily enhance the bone signals.

2 Method and material

2.1 Chemicals

Gelatine (G2500, Sigma-Aldrich USA), Intralipid 20% w/v (Fresenius Kabi, Ltd), India ink
(Higgins, 44201 Chartpak Inc., USA), Hydroxyapatite nano powder (677418, Sigma-Aldrich, USA),
Hydroxyapatite granules (912204, Sigma-Aldrich, USA) and Ammonium chloride (213330,
Sigma-Aldrich, USA) were used. All solutions were prepared using deionised water.

2.2 Phantom fabrication

Bottom layer bone phantom was prepared by mixing 25 g of hydroxyapatite (HA) granules and 25
g of ammonium chloride (NH4Cl), grinded by a mortar and pestle. The mixture was then placed in
a Petri dish and covered with a CaFy window (CAFP50-1R, Crystran, UK). Silicone-based B2
phantom (p, = 0.1ecm™! and g/ = 10cm™?) from MEDPHOT (BioPixS, Ireland)[27] matrix was
used as top layer tissue mimicking phantom. This phantom was chosen because its optical
properties closely match those of the tissue described in [28]. Hydration phantoms of water
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Figure 1. (A) Schematic layout of the DWiSORS system. SP: 830 nm short pass filter, LP: 830 nm long pass filter,
L: lens, C: collimator. (B) The mapping of fingerprint and high wavenumber regions on the detector corresponding
to each excitation wavelength. (C) Layout of adjoint Monte Carlo simulation.

concentrations at 82% and 89% (w/v) were made using gelatine, intralipid, and India ink. For
gelatine based bone phantom, 4% and 7% (w/w) hydroxyapatite nano power were dispersed in the
0.1 M HCI solution and vortexed and added to the bulk gelatine matrix described in [29].

2.3 Raman spectroscopy system design

Figure 1A illustrates the dual-wavelength inverse SORS system. The dual-wavelength laser source
(model #0811A100-B Fat Boy, Innovative Photonics Solutions, USA) provides 730 nm and 830 nm
laser excitations. The light from the laser diode was coupled into a fibre (M43L02, Thorlabs, USA)
and collimated by a collimator C1 (CFC-2X-A, Thorlabs, USA). Achromatic doublets L1
(AC254-030-A, Thorlabs, USA) and L2 (AC254-040-B-ML, Thorlabs, USA) were used to adjust
the focus of the laser on the sample plane.

The ring illumination was generated using an axicon (AX1220-B, Thorlabs, USA), and the ring
size could be adjusted by changing the position of the axicon [30]. The excitation light was cleaned
with a short-pass filter SP (FF01-842/SP-25, Semrock, USA). The light was then reflected by a
dichroic mirror (DI02-R830-25X36, Semrock, USA), and the ring illumination pattern was
generated on the sample plane (Figure 2A).

The backscattered light was collected from the centre of the ring by L3 (AC254-100-AB-ML,
Thorlabs, USA), then filtered by a long-pass filter LP (BLP01-830R-25, Semrock, USA), and
coupled into a (bundle-to-line) fibre (BFL200LS02, Thorlabs, USA) using a coupler C3
(F810SMA-780, Thorlabs, USA). The long pass filter has a high transmission efficiency (> 95%) for
wavelengths on and above 847 nm, corresponds to a Raman shift of roughly 250 cm™* at
Aex = 830 nm allowing the transmission of whole fingerprint region and ~ 1900 cm™! at
Aex = 730nm. The signal was detected by a Raman spectrometer (Acton LS785, {/2, Teledyne
Princeton Instruments, USA) equipped with a deep-depletion CCD camera (Blaze: 400HR,
Teledyne Princeton Instruments, USA) [31].

The spectrometer, equipped with a fixed grating, has a detection range of 858 - 1015 nm, which
corresponds to 394 - 2200 cm ™! relative to 830 nm excitation, and 2045 - 3850 cm ™! relative to
730 nm excitation. Figure 1B shows the mapping of FP and HW regions on the detector
corresponding to each excitation wavelength.

2.4 Raman measurement and data processing
The spectral axis of the system was calibrated with a NeAr lamp (IntelliCal, Teledyne Princeton
Instruments) and subsequently verified using a silicon reference featuring a line at 520.5 cm~!
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before obtaining the sample spectra. Raman spectra were acquired using a dual-wavelength system
with 830 nm and 730 nm excitation at 100 mW, with integration times of 8 s and 4 s, respectively.
All room lights were turned off during the measurements. (i) Different thicknesses of the B2
phantom were overlaid on top of the bone (HA + NH,4Cl) phantoms. The relation between the
penetration depth and the ring size was characterised using 3 mm, 5 mm, 7 mm, 9 mm, and 11 mm
radius ring sizes. (ii) To evaluate the sensitivity of the system towards changes in bone quality,
Raman data was measured from the (4% and 7%) HA and (82% and 89%) hydration phantoms
with and without 5 mm pork tissue using selected (ideal) offset. Five spectra were recorded for
each configuration.

Fluorescence background in the spectra was removed using the Asymmetric Least Squares
method with lambda = 1000000 and p = 0.00001 at 730 nm, and lambda = 5000 and p = 0.001 at
830 nm [29]. Next we would like to estimate the source-detector distance that would perform best
to measure bone signals. This was done by comparing the relative signal of the bone and
superficilal layer and compare that to the signal variation due to noise in the signal. First we
defined the signal variation as coefficient of variation 'CV’:

v std (1)

signal

where signal is the mean value of five measurements at each configuration and std is the standard
deviation. The CV provides a standardized measure of precision that is independent of absolute
signal intensity and allows for robust comparison across measurements with widely varying photon
counts. The metric enhancement-to-noise ratio (ENR) to define the ideal offset thus is:

Ibottom
ENR= ——FM———— 2
[top . C‘/bottom ( )

where Ipottom is the integrated intensity under the peak of the bottom layer (e.g. 955-969 em™ !,
3011-3101 cm™1), I;,, is the integrated intensity under the peak of the top layer (e.g.

684-694 cm~1t, 2960-2997 cm ™), and CVipstom is the CV at the peak location of the bottom layer.
The selected peaks are spectrally distinct, with a minimum overlap between the top and bottom
contributions. An ideal offset was selected based on the experimental data by plotting ENR against
spatial offsets.

For the in-vivo measurement, healthy participants were enrolled in a study approved by the
Clinical Research Ethics Committee (CREC) of University College Cork (CREC ref.: ECM 4 (s)
20062023 & ECM 5 (5) 20/06/2023 & ECM 3 (aaa) 15/05/2025). Written informed consent was
obtained from human participants and study was performed in accordance with the Guidelines of
Helsinki. The performance of the Raman system was evaluated with ten healthy participants, with
Raman spectra acquired from the tibia (8 cm below the knee head) at varying offsets between 0
and 11 mm. The integration time was set to 10 s at 730 nm and 30 s at 830 nm. The laser power
was adjusted for each ring size (i.e., offset) to remain below the maximum permissible exposure
(MPE) (see Supplementary Table S1) according to the American national standard for safe use of
lasers (ANSI Z136.1)[32]. The measurement site was shaved and wiped with Kimtech tissue. A
minimum of five measurements were collected for each offset. The thickness of the overlying tissue
at the tibia was measured using ultrasound (US) with a UHF22x transducer (10-22 MHz
bandwidth, FUJIFILM VisualSonics), operated at the lowest possible power (< 190, mW /cm? peak
power)[33]. Ultrasonic gel (Aquasonic, Parker Laboratories, USA) was applied to the tibia region,
and the US probe was gently placed to acquire images while avoiding excessive pressure. At least
six ultrasound images were acquired from each participant, and the median thickness value from
the four best images was used as tissue thickness on the tibia bone. The optical and US probe
heads were cleaned with isopropyl alcohol in between measurements.

2.5 Optical properties measurement

Optical properties of all the phantoms were measured using home built time doman diffuse optical
set-up as described by S. Kothuri et al [34]. Briefly, the powder phantoms were filled into a hollow
tube of 1-inch diameter, with the ends connected to two FC/PC (Thorlabs) connectors to house
the source and detector fibers, as shown in the Figure S1. Time-of-flight measurements were then
carried out in transmission mode.

2.6 Monte Carlo Simulation
Numerical simulations of light propagation in a two-layer model were performed using Monte Carlo
eXtreme V2024.2[35]. The model configuration was simplified to a ring source with a ring width
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(outer radius — inner radius) of 1 mm for excitation and a 1 mm diameter disk detector for
collection concentric to the ring. The bottom layer was modelled as a cube with a side length of 10
cm, with a voxel size of 0.5 mm used as the sample resolution. A top layer with variable thickness,
ranging from 1 to 10mm in 1 mm increments, was added above the bottom layer. The optical
properties used in the simulations for different excitation and emission wavelengths are based on
experimental phantom data as summarized in Table 1. The simulation process is illustrated in
Figure 1C. For each simulation, 10® photon packets were launched. For a given source-detector
separation, the net diffuse reflectance was estimated using the adjoint Monte Carlo (aMC) method,
by taking the product of the fluence maps generated with the source at its true position and at the
detector position (treated as a virtual source) [36, 37]. The fractional contribution of each layer to
this effective Jacobian was then used as a proxy for the relative Raman signal originating from that
layer. This is based on the assumption that the Raman-active material is uniformly distributed
within each layer. For high-performance Raman CCDs, the noise is assumed to be dominated by
photon shot noise, which is proportional to the square root of the total photon count. The total
simulated photon signal reaching the detector is then adjusted to account for Raman noise due to
fluorescence background photons by borrowing from experimental data, using the following relation:

Nlay,exp,Raman,peak + Nlayﬁexp,Raman,bkg (3)

NlayA,sim,total = Nlay.sim,R,aman : N
lay,exp,Raman_peak
where Njay sim,Raman 1S the value obtained from the aMC method described above, while
Niay,exp,Raman_peak a0d Niay exp Raman_bkg are the experimentally measured Raman peak and
background counts for that layer. Since experimental data were only available up to a 12.5 mm
offset, the Raman background fraction at larger offsets was estimated by extrapolating the
0-12.5mm data. This approach allowed us to simulate the ENR beyond the range measured
experimentally. To evaluate the robustness of the ENR trends to assumptions in experiment noise
extrapolation, a sensitivity analysis was performed by varying Niay exp,Raman_peak Py £20%.

Table 1. Optical properties of top and bottom layers.

Wavelength Bottom layer (HA + NH,;Cl) Top layer (silicone-based)
(corresponding wavenumber) 1 (em™1)  pg (em™T) g n ta (em™ 1)  pg (em™1) g n
830 nm 0.0472 96.1 0.9 141 0.102 9.07 09 1.34
730 nm 0.0500 99.2 0.9 141 0.113 10.7 09 1.34
Bottom peak at 830 nm (960 cm~1) 0.0425 91.1 0.9 141 0.165 7.47 09 1.34
Top peak at 830 nm (688 cm™') 0.0448 92.9 0.9 141 0.114 8.21 0.9 1.34
Bottom peak at 730 nm (3050 cm~1) 0.0638 92.1 0.9 141 0.105 6.96 09 1.34
Top peak at 730 nm (2971 cm™1) 0.0609 92.0 0.9 141 0.104 7.11 0.9 1.34

3 Results and discussion

In this study a dual-wavelength ring illumination system was developed to acquire transcutaneous
Raman spectrum of bone in-vivo for the first time. The system was optimized using bone and
tissue mimicking phantoms. The raw Raman spectra of the bone (HA + NH4Cl) phantoms
concealed beneath 5 mm thick tissue phantoms at various source-detector distances are presented
in the Supplementary Figure S2. The composition of the bottom layer (HA + NH4Cl) mixture was
carefully formulated to optimize signal acquisition from both (FP and HW) regions and keeping
the bottom layer 960 cm ™! band strength equivalent to weaker matrix Raman signal in bone. We
selected 5 mm thickness for the overlying tissue phantom to illustrate how the proposed ENR
framework behaves for a typical in-vivo scenario (e.g., metacarpal and tibial midshaft regions), as
indicated by the ultrasound measurements listed in Table S2. As the spatial offset increases, the
overall signal intensity decreases and to clearly visualize the percentage contribution from the
underlying bone phantoms, all spectra have been normalized to the integrated intensity of the
characteristic FP band region (684-694 cm~1) and HW band region (2960 — 2997 cm~1!) as
illustrated in Figures 2B and D, respectively. Enlarged views highlighting the peaks corresponding
to the bottom layer are shown in Figures 2C (961 cm™1) and E (3050 cm ™). As the offset
increased, the signal contribution from the top layer decreased more rapidly, while the signals from
the bottom layer decreased slowly and exhibited a trend toward levelling off (Figure 2F). This
trend is consistent with previously published SORS studies, and primarily occurs because the
average photon pathlength increases with offset, leading to greater exponential losses from
absorption and scattering. The key outcome is that the slower-decaying bottom-layer signal
becomes progressively dominant over the rapidly decaying surface signal, thereby providing the
enhanced depth contrast that is the basis of SORS techniques[26, 38, 39].
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at varying spatial offsets. (A) Experimental configuration illustrating the iSORS geometry and measured excitation
beam profile at the sample surface; the ring illumination exhibited an ellipticity of 0.99, indicating near-circular
symmetry. (B) Fingerprint Raman spectra normalized to the integrated intensity of the top-layer Raman peak in the
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Although the bottom-to-top layer ratio increased with offset, confirming the relative
enhancement of bottom layer signals, the SNR of the bottom layer at a 12.5 mm offset was poor
(sea-green curve in Figure 2C). This reduction in SNR is quantified by the increase in CV values
(Figure 2G). However, the maximum offset analyzed is limited by the dimension of the optical
components, 25.4 mm (one inch) lenses. Thus, to identify ideal offset metric a wide range of offsets
were analyzed using Monte Carlo simulations. Simulations were performed to analyse photon
migration at offsets between 0 to 20 mm with varying top layer thicknesses (1-10 mm) in a two
layers model. Figure 3 depicts the trends of top and bottom layer signals obtained through
simulations for a 5 mm top layer thickness, consistent with experimental data (Figure 2F). Raman
intensities from both layers decreased as the offset increased, with the top layer’s intensity
declining faster, thereby providing better contrast (enhancement) for visualizing the bottom layer
(Figure 3A). To account for both the enhancement of bottom layer signals and the increase in noise
level with increase in spatial offset (Figure 3B), an ideal offset metric was defined using simulated
data: ENR = enhancement/CV (Figure 3C and D). For fixed 5 mm thick top layer, the ENR
increased steadily at shorter offsets, indicating that signal enhancement dominated the noise as the
offset approached the optimal range. However, beyond this optimal point, ENR decreased due to
signal attenuation leading to increased CV. Thus, this metric provides a parabolic peak as the ideal
offset. Figure 3C and D shows how these parabolas change with different top layer thicknesses (1 to
10 mm) when the metric is plotted against spatial offset. As expected, smaller offsets, such as a 3
mm ring size, are optimal for detecting signals through a top layer thickness of 3 to 4 mm. To
penetrate a top layer thickness of 5 mm, 6 mm, 7 mm, and 8 mm, the optimal offset identified to
be approximately 6 mm, 7 mm, 8 mm, and 10 mm, respectively. With greater top-layer thickness,
a larger source-detector offset is necessary to retrieve information from the bottom layer, resulting
in an increase in the ideal offset value. However, in our set of simulation cases, increasing the offset
beyond 12 mm does not yield additional signals from the bottom layer in the detection channel,
while the CV values showed steep rise (Figure 3B). To assess the robustness of the identified
optimal offset to uncertainties in noise modeling, we performed a sensitivity analysis by varying the
experimentally derived noise level as described in Section 2.6. This analysis confirmed the
robustness of the optimal offset, as its location remained unchanged despite variations in noise that
altered the absolute ENR magnitude by less than £7%. The resulting ENR uncertainty bands are
shown as shaded regions in Figure 3D.

The contrast between the bottom/top layer and the SNR have been used independently for the
identification of optimum offset previously. Commonly used metric in SORS experiments to
determine ideal offset is the ratio of Raman band intensity from the bottom layer to that from the
top layer[39]. Other studies defined SORS ratio as the intensity from the bottom layer at a specific
offset divided by the corresponding ratio at zero offset[40]. As noise contribution is not accounted
here, these metrics may lead to the misconception that increasing the offset allows for signal
retrieval from any depth and that the SORS ratio turns out to be independent of the top layer
thickness. An SNR-optimal offset, that maximizes the bottom layer’s SNR, has also been suggested
previously that also depends on Raman (cross-section) peak strength[26]. This study used the
ordinary least squares fit coefficient which requires pure spectra from bottom and top layer as the
basis spectra for the fit that may not be applicable for in-vivo measurements.

The ENR metric defined here is balancing both bottom layer’s signal enhancement and its
quality (i.e. noise levels) and shows a significant match (alignment) to experimental findings for
both FP and HW regions (Figure 4A, B). The experimental results demonstrate a trend consistent
with the simulation data, showing that ENR increased with offset until reaching a peak value, after
which it declined with further increases in offset. The optimal offset for acquiring subsurface layer
data through a 5 mm top layer was determined to be approximately 6 mm for both the FP at
961 cm~! (Figure 4A) and HW at 3050 cm~! (Figure 4B) Raman bands. Our system demonstrates
improved depth sensitivity with adequate SNR compared to previous SORS systems. To evaluate
the robustness of the ENR metric, additional analyses were performed by varying the Raman peak
integration window by +5 cm™! for bottom layer peak and by applying alternative normalization
to total area under the curve. These variations resulted in minor changes to absolute ENR values
but did not alter the overall ENR trends or the optimal spatial offset, which varied by less than
10% change in integration window as well as normalization method (Figure S3).

The optimal spatial offset determined for probing through a 5 mm thick top layer was utilized
to assess the sensitivity of the DWiSORS system to variations in mineral and water content, with
validation conducted using gelatin based bone phantoms. The spectra were recorded with 830 nm
and 730 nm excitation wavelengths to acquire FP and HW regions respectively, covering the
comprehensive biochemical profile of bone. Raman spectra were obtained using a 6 mm ring




Paper 111

Journal vv (yyyy) aaaaaa Author et al
A B C
11mm 1
—_ — 9mm E
3 3 am ET
s S H ——3mm ° 9
E. g. A‘Iw ‘ —— O0mm g 8
2| sl prtagled S
[ o i ¥ ® 6
2 2 g [
= = ‘« T,
' 4
600 800 1000 1200 1400 1600 1800 3100 3200 3300 3400 3500 3600 4 6 8 10 12 14 16
Raman Shift (cm™) Raman Shift (cm™) Tissue thickness (mm)

Figure 5. Raman spectra recorded from tibia of healthy participants (A) fingerprint region, (B) high wavenumber
region. (C) Correlation between the tissue thickness measured by ultrasound and the ideal offset for Raman, the
solid line represents the linear regression fit with 95% confidence interval and significance of the non-zero slope (p <
0.05) was confirmed using ANOVA.

illumination (offset) from hydroxyapatite (HA) and hydration phantoms concealed beneath a 5 mm
thick pork-tissue layer to simulate in-vivo conditions. Raman spectra for phantoms containing 4%
and 7% HA showed differences in Raman band intensity at 961 cm™!, reflecting the increased HA
concentration (Supplementary Figure S4A). The system is able to detect a 3% difference in HA
concentration within the bone phantoms, suggesting that Raman-based mineral measurements
could be instrumental in the early detection of bone deterioration, particularly since the gold
standard DEXA method typically identifies changes in BMD only after a loss of 15-30%[41].
Additionally, Raman spectra for water phantoms with varying hydration levels indicated that the
intensity of the broad O-H band from water decreased as the hydration concentration dropped
from 89% to 82%[29] (Supplementary Figure S4B). Previous in-vivo studies on bone have primarily
focused on the FP Raman region, often overlooking the hydration region due to instrument
limitations such as detector size or static grating. However, Raman microscopy studies have
demonstrated significant correlation between hydration and bone strength/quality underscoring the
capability of Raman spectroscopy to differentiate between bound and unbound water[20]. The
DWiSORS measurements on these phantoms demonstrate that we can acquire hydration signals
with sensitivity of differentiation of 7% changes in hydration at 5 mm depth. This provides
valuable insights into the composition and hydration state of the bone phantoms.

To further validate the system’s performance, in-vivo Raman spectra were recorded from 10
healthy participants (Figure 5). Our modular DWiSORS system allows for the collection of SORS
signals with multiple spatial offsets (0-11 mm) from the point of collection, maintaining the same
illumination power density (0.23 Wem ™2 for 730nm and 0.36 Wem ™2 for 830nm) well within the
MPE. Ring illumination distributes laser power over a larger area, allowing for higher overall
power, which also helps to reduce the fluorescence background that predominantly originates from
skin melanin. Any superimposed background e.g. fluorescence introduce noise and limits detector
accumulation time [42]. The customized Raman probe employed, equipped with a hollow
cylindrical spacer on the head, was gently pressed against the skin over the tibia mid-shaft region
(Figure 1A). Overall, the measurement was completed in 45 minutes, including the FP and HW
regions at six offsets for each participant. Representative spectra from a participant are shown in
Figure 5, depicting Raman bands from both bone minerals, including 961 cm~! and 1030 cm ™!,
and bone matrix components, including 1260 cm™!, 1660 cm™!, and 3000 — 3600 cm~!. Although
noisier, the HW spectra are vital for quantifying key biomarkers in deep tissue, specifically
hydration (O-H stretch) and lipid/protein ratios (C-H/N-H stretch), which provide complementary
data to the FP region for characterizing tissue states.

Notably, the zero offset spectrum showed minimal signs of the bone mineral peak (961 cm™1),
which increases with spatial offset reaching its maximum around 5 mm spatial offset. From these
spectra, ENR metric curves (ENR as a function of spatial offset) were analyzed to identify the ideal
offset (Supplementary Figure S5), where the maximum ENR corresponds to the optimal offset
(Table S2). Interestingly, for 7 out of the 10 individuals, the ideal offset was identified as 7 mm
(Table S3). These values are fairly close to previous in-vivo studies, which identified an 8 mm offset
as optimal for the tibial region [11].

To investigate the effect of overlying tissue thickness, US measurements were performed by
taking four images from the tibial regions corresponding to Raman measurement sites, and the
median thickness was correlated with the ideal spatial offset. A significant correlation (Pearson
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r = 0.73,p < 0.05) was observed between median tissue thickness and ideal offset values(Figure
5C). Interestingly, bone signals were detected through 14 mm of thick tissue with adequate SNR,
where a 9 mm offset was found to be ideal, as increasing the offset further did not enhance the
contribution of bone signals but increased overall noise. This aligns with previous in-vivo SORS
studies on metacarpal and phalangeal bones, which show that thicker overlying tissue (e.g., in
higher-BMI individuals) necessitates larger spatial offsets to optimize the bone-to-noise ratio[43]. It
is known that increased tissue thickness marginally enhances superficial layer signals but drastically
attenuates deeper (bone) layer contributions. Penetration depth depends on both the fraction of
incident light reaching the bone and the detectable return signal from this layer[44, 42, 26].

It should be noted that the ideal offset for some participants with relatively thin overlying
tissue (~5 mm) was still found to be 7 mm, similar to the ideal offset for individuals with thicker
tissue (~7 mm). The discrepancy in optimal offsets for participants with similar tissue thicknesses
(e.g., 5 mm vs. 7 mm) is plausibly explained by variations in the optical properties of the overlying
tissue. The ideal offset metric value is also governed by the bulk optical properties (uq, p}, g, nn) of
the top layer and the relative strength of the bottom layer as described in Figure S6. Varying the
spatial offset in Raman spectroscopy directly influences the balance of signals from surface and
deeper bone layers, offering opportunities to isolate information from different depths. To assess
the influence of inter-subject variability in overlying tissue optical properties, a sensitivity analysis
was performed. The absorption coefficient 1, and reduced scattering coefficient ', of the top layer
were scaled simultaneously by +20% relative to their nominal values listed in Table 1 at both the
excitation (830 nm) and Raman emission wavelengths (880 nm). These variations resulted in
modest changes to the ENR magnitude and curve width. The optimal spatial offset shifted towards
a lower value (by < 1 mm) with reduced attenuation, and towards a higher offset (by < 1 mm)
with increased attenuation (Figure S6). This behaviour can be attributed to the fact that reduced
attenuation (i.e. decrease in p, and p.) allows deeper penetration at shorter distances, whereas
increased attenuation (i.e. increase in u, and ul) requires larger separations to achieve equivalent
sampling depth. Crucially, the minimal magnitude of this shift demonstrates that the identified
optimal offset is robust to realistic inter-subject variations in optical properties. In future work, we
plan to develop analytical models that separate these layer-specific signals while incorporating
scattering and absorption properties to address attenuation effects, thereby improving accuracy
and consistency for quantitative assessment in-vivo.

4 Limitations

While the DWiSORS measurements system developed in this study achieved superior SNR under
MPE limits compared to prior in-vivo work[43], enabling comprehensive molecular profiling, several
limitations persist. First, the optical properties of overlying tissue (e.g., melanin content, collagen
density) were not systematically characterized, despite their known impact on light absorption and
scattering. Second, the small cohort size restricts the generalizability of findings, and further
experimental work with larger, demographically diverse populations is required to disentangle the
effects of body mass, skin pigmentation, and tissue heterogeneity on bone signal acquisition.
Additionally, anatomical variations such as bone curvature or surface indents, which may introduce
local depth fluctuations exceeding the illumination ring’s spatial resolution, were not accounted for,
potentially confounding signal consistency. While the current fixed ring geometry and analysis
pipeline limit adaptability to such anatomical complexities, emerging advances in machine learning
(ML), flexible probe and spectral unmixing techniques, coupled with multi-distance SORS datasets,
could refine depth-resolved signal isolation and mitigate these challenges in future iterations.

5 Conclusion

This study demonstrates the design, validation, and application of a novel DWiSORS measurement
framework, enabling comprehensive in-vivo molecular profiling of biological tissues—including both
the fingerprint (400 — 1800 cm™!) and high-wavenumber (2500 — 3800 cm™!) spectral regions—in
the tibia of healthy volunteers. While validated in the tibial mid-shaft, this framework is
generalizable to other superficial bone regions with comparable overlying tissue thicknesses, such as
the phalanx, metacarpal, and ulna (key osteoporosis-related fracture site). The novel ENR metric,
which integrates bottom signal enhancement and noise, proved instrumental in identifying
patient-specific optimal spatial offsets. Overall, this study demonstrates the technical feasibility of
a novel DWiSORS framework for acquiring comprehensive, depth-resolved Raman spectra from
bone in-vivo. The introduced ENR metric provides a quantitative basis for optimal offset selection.
While validated here on a small cohort of healthy volunteers, the results are consistent with
simulations and phantom studies, supporting the robustness of the approach. Future studies
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involving larger cohorts with diverse body mass indices and skin tones are needed to disentangle
the effects of optical properties (e.g., melanin absorption) and tissue thickness on bone Raman
signals, advancing the translation of SORS to clinical practice. These findings pave the way for
future non-invasive approaches to complement conventional techniques and for the longitudinal
monitoring of bone-related disorders.
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We present a real-valued intensity transmission matrix
(RVITM) framework that enables phase-free structured
illumination control through multimode fibres, over-
coming long-standing challenges of modal scrambling
from dispersion and bending. Unlike previous TM-
based approaches that require complex-field measure-
ments or interferometric detection, our method relies
solely on 16 x 16 Hadamard intensity inputs, achieving
deterministic synthesis of circularly symmetric illumi-
nation patterns that remain stable under fibre bending.
As the first demonstration of intensity-only TM-based
structured illumination for Raman spectroscopy, we im-
plemented a 3 mm-radius ring pattern for inverse spa-
tially offset Raman spectroscopy (iSORS) of a two-layer
phantom. Compared with point illumination, the ring
enhanced subsurface Raman features, confirming im-
proved depth sensitivity without added system complex-
ity. RVITM thus offers a calibration-efficient and me-
chanically robust route to fibre-delivered structured il-
lumination, advancing minimally invasive spectroscopy
and imaging applications.

http://dx.doi.org/10.1364/a0. XX. XXXXXX

Endoscopes are widely used in biomedical imaging for mini-
mally invasive surgical guidance and diagnosis [1, 2]. Conven-
tional endoscopic systems often rely on fibre bundles to project
structured illumination patterns at the distal end [3]. While ef-
fective, these bundles constrain device miniaturisation due to
their physical size, limiting access to narrow regions such as
coronary arteries or cerebral vasculature. Reducing the foot-
print of structured illumination components is therefore critical
for advancing the next generation of high-resolution, ultra-thin
endoscopes. Multimode fibres (MMFs) provide a promising
alternative due to their flexibility and high information capac-
ity. However, light propagation in MMFs is strongly influenced
by modal dispersion and mode coupling, which can arise from

intrinsic fibre imperfections as well as external perturbations
such as bending or movement. These effects redistribute energy
among modes, scrambling spatial information and producing
seemingly random speckle patterns at the output [4, 5].

The transmission matrix (TM) approach has emerged as a
powerful method for characterising and controlling light prop-
agation through complex media. It maps the relationship be-
tween input and output fields in a linear optical system, allowing
imaging and beam shaping [6, 7]. Popoff et al. experimentally
measured the optical TM in 2010 using sequential input patterns
and interferometric detection of the corresponding output fields
[7]. Since then, TM-based techniques have advanced rapidly,
enabling applications such as focusing light through scattering
layers, high-resolution imaging with multimode fibres, and cus-
tomised beam shaping in disordered systems [8-10].

Full-field control through conventional transmission matrix
techniques usually requires phase retrieval using holographic
methods, which require stable reference arms, careful alignment,
and long acquisition times. These limitations compromise sys-
tem stability and restrict the applicability of such methods in
movement-prone or in vivo environments. To address this, alter-
native approaches have been explored. Adaptive optics-based
methods use devices such as SLMs or fibre bending actuators to
dynamically compensate for modal perturbations [11, 12]. How-
ever, these systems involve complex feedback loops and bulky
optics. Machine learning has also been applied to eliminate the
requirement for phase retrieval, enabling TM estimation or direct
image reconstruction from intensity-only data [13-15]. Although
these methods improve robustness, they typically require large
training datasets, iterative optimisation, and substantial compu-
tational resources, limiting their real-time clinical applicability.

To further simplify the system, researchers introduced the
real-valued intensity transmission matrix (RVITM), which as-
sumes a pseudo-linear relationship between input and output
intensities [16]. By relying only on intensity measurements,
the RVITM eliminates interferometric reference arms and phase
stability requirements, making it inherently more tolerant to
fibre motion and environmental perturbations. Building on this
framework, we propose a method to generate circularly symmet-
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ric illumination patterns through an MMF using RVITM. By dis-
tributing energy evenly along the azimuth, circularly symmetric
illumination is inherently tolerant to angular phase perturba-
tions induced by mode mixing. This rotational invariance sup-
presses local phase errors and smooths azimuthal fluctuations,
leading to more stable output patterns under fibre bending.

In addition, circularly symmetric (ring) illumination is partic-
ularly advantageous for biomedical spectroscopy and imaging,
as it distributes light azimuthally around the collection region,
providing uniform sampling across all radial directions. This
geometry naturally matches the cylindrical structures of many
tissues, such as bones or blood vessels, and enhances subsurface
sensitivity by increasing the average photon path length before
collection [17]. Compared with stripe or linear illumination,
which excites along a single direction and produces anisotropic
sampling, ring illumination offers improved depth selectivity
and robustness to local phase variations or speckle in multimode
fibres. Despite advances in transmission matrix—based fibre con-
trol, circularly symmetric illumination through MMFs has not
yet been demonstrated using a RVITM.

In this Letter, we present a method for calibrating a multi-
mode fibre (MMF) using a real-valued intensity transmission
matrix (RVITM) to generate circularly symmetric ring illumi-
nation at the fibre tip. We demonstrate that the illumination
remains robust under controlled bending (radius ~ 6 cm), and
as a proof-of-concept application, apply it to inverse spatially
offset Raman spectroscopy (iSORS) on a two-layer phantom,
achieving enhanced subsurface sensitivity compared with con-
ventional point-source excitation.

The experimental arrangement is shown schematically in
Fig. 1A. A 730 nm laser diode (0811A100-B Fat Boy, Innova-
tive Photonics Solutions) was collimated with a fibre collimator
(F220FC-780, Thorlabs) and directed onto a spatial light mod-
ulator (SLM, 1920 x 1080 pixels, L3C07U-85G13, Epson). The
SLM, consisting of a liquid crystal display (LCD) between cross-
polarisers, enabled binary amplitude modulation of the incident
beam. The modulated light was coupled into a multimode fibre
(MMEF, 400 pm core diameter, NA 0.22, length 1 m, M28L01, Thor-
labs) via a 20 x objective lens (0.4 NA, RMS20X, Thorlabs). At the
distal end of the fibre, the output intensity distributions were
recorded using a CMOS camera (CS165MU1, Zelux® 1.6 MP
Monochrome, Thorlabs).

To characterise the fibre, we employed the real-valued in-
tensity transmission matrix (RVITM), which assumes a pseudo-
linear relationship between input and output intensities [16].
A Hadamard basis of order 16 x 16 was selected as it offers
a balance between pattern complexity and acquisition speed,
resulting in 256 effective input channels. To match the aper-
ture of the coupling objective, SLM pixels were grouped into
macropixels of 37 x 37, with each macropixel corresponding to
one Hadamard element. Each binary Hadamard pattern was
sequentially displayed on the SLM, and the corresponding dis-
tal output speckle was recorded. Background subtraction was
applied to improve the signal-to-noise ratio. The RVITM was
obtained directly from these input-output pairs following the
procedure in Ref. [16].

The RVITM was then used for beam shaping. To generate
a desired target illumination pattern Ltarget, the corresponding

input distribution was computed as
Iin = RVITM™ - Itarget/ (W)}

where RVITM™ denotes the Moore-Penrose pseudo-inverse.
The calculated input pattern was displayed on the SLM to pro-
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Fig. 1. (a) Experimental setup for TM measurement and beam
shaping through a MMF (b) Principle and demonstration of
ring illumination synthesis using the RVITM.

duce the desired output at the fibre tip, as illustrated in Fig. 1
(b).

Using the RVITM, we first synthesised ring-shaped illumina-
tion at the distal end of the fibre. Figure 2 shows representative
patterns generated through the multimode fibre. Two single
rings with different radii are displayed in Fig. 2(a) and (b), il-
lustrating precise control over the output distribution. Similar
behaviour was observed for an intermediate radius (not shown),
confirming that ring size can be easily tuned. Figure 2(c) demon-
strates a double-ring pattern, highlighting the ability to generate
multiple concentric rings simultaneously with minimal cross-
talk. Finally, Fig. 2(d) shows a composite pattern featuring a
Gaussian-like bright centre, surrounded by a dark ring and an
outer halo. This illustrates the flexibility of the RVITM in creating
complex illumination profiles, combining central and periph-
eral structures in a single pattern. In all cases, the measured
intensity closely matches the target distribution, validating the
effectiveness of the RVITM-based beam shaping.

To evaluate robustness against perturbation, the fibre was
wound around a storage reel (FSR3, Thorlabs) with a bending
radius of approximately 6 cm. The resulting output patterns
were compared with those obtained using a straight fibre. Cap-
tured intensity distributions were normalised to [0-1]. Cosine
similarity and structural similarity index (SSIM) were calculated
on the full two-dimensional images. To account for the circular
symmetry, radial intensity profiles were extracted with respect
to the ring centre, and Pearson correlation and normalised root
mean square error (NRMSE) were computed.

As shown in Fig. 3(a), the ring pattern generated at the fibre
output prior to bending serves as the reference. After bending,
the output still exhibits a well-defined ring, as seen in Fig. 3(b),
although local speckle features appear altered. To quantify the
structural preservation, radial intensity profiles were extracted
from both images, shown in Fig. 3(c). These profiles overlap al-
most perfectly, confirming that the ring geometry is maintained.
Table 1 summarises the quantitative similarity analysis. The 2D
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Fig. 2. Beam shaping through a multimode fibre using the
RVITM. (a,b) Single rings of different radii, (c) double-ring
pattern, (d) composite pattern with a Gaussian-like bright
centre, a surrounding dark ring, and an outer halo.

image comparison yields a cosine similarity of 0.926, confirming
strong global agreement, while the SSIM value of 0.479 indicates
that pixel-wise fidelity is reduced by speckle fluctuations. In
contrast, the radial profile analysis demonstrates that the ring
geometry is preserved: the Pearson correlation reaches 0.9995, ..
and the NRMSE is as low as 0.034. These results highlight that, .
although local speckle varies, the overall ring structure remains ,,,
highly robust under fibre bending. 178

Table 1. Similarity metrics for robustness evaluation under
fibre bending (radius ~ 6 cm).

Metric Value
Cosine similarity (2D) 0.926
SSIM (2D) 0.479
Pearson correlation (radial) 0.9995
NRMSE (radial) 0.034

As a case study, the proposed method was applied to an in-
verse SORS configuration using a two-layer phantom prepared
following the protocol described in Ref. [18]. The bottom layer
consisted of a compacted mixture of hydroxyapatite (HA) gran-
ules (912204, Sigma-Aldrich) and ammonium chloride (213330,
Sigma-Aldrich) in a 1:1 weight ratio, ground using a mortar and
pestle and sealed with a CaF, window (CAFP50-1R, Crystran,
UK). The top layer was a 2 mm-thick MedPhot B2 silicone phan-
tom (MEDPHOT, BioPixS) [19]. Raman excitation was provided
at 730 nm through a multimode fibre, forming a ring illumina-
tion with a 3 mm radius at the phantom surface. The output
power at the fibre tip was 3 mW. Backscattered light from the 17
central region of the phantom was collected and delivered to 1a
a Raman spectrometer (Acton LS785, /2, Teledyne Princeton 1s:

—— Before

- — After

0.0 —
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800

Fig. 3. (a) Ring pattern before fibre bending. (b) Ring pattern
after fibre bending, showing that the overall structure is pre-
served despite local speckle variations. (c) Radial intensity

profiles extracted from (a) and (b), aligned to the same centre.

Instruments, USA) equipped with a deep-depletion CCD cam-
era. Spectra were acquired with an integration time of 80 s. For
comparison, measurements were also performed on the same
phantom using conventional point-source illumination.
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Fig. 4. Raman spectra from the two-layer phantom under ring
and point illumination, normalised to the 2973 cm~! silicone
peak.

Figure 4 shows the Raman spectra acquired from the two-
layer phantom under ring and point illumination. All spectra
were normalised to the 2973 cm ™! band, which arises from the
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silicone phantom and serves as a marker for the top layer. The
spectral region between 3000 and 3200 cm ™!, characteristic of
the hydroxyapatite-ammonium chloride mixture in the bottom
layer, is highlighted in gray. This region exhibited a stronger rel-
ative contribution when using ring illumination compared with
point illumination. This enhancement indicates that the ring
illumination geometry increased the sensitivity to subsurface
Raman signals while reducing the relative contribution from
the overlying silicone. The results therefore demonstrate the
capability of the inverse SORS approach to improve layer se-
lectivity in turbid media, while also highlighting one potential
application of the beam shaping system in generating tailored

illumination profiles. Beyond iSORS, the same platform could

be extended to other Raman modalities and multimodal bio-
photonics techniques where customised excitation patterns are
required.

The results demonstrate that RVITM-based beam shaping
provides a robust and flexible approach for controlling light
propagation through multimode fibres. Unlike conventional
transmission matrix techniques, which rely on interferometric
phase retrieval and are highly sensitive to fibre bending and
environmental perturbations [7, 8], the RVITM approach uses
intensity-only measurements, eliminating the need for reference
arms and holographic detection [16]. The robustness of the
system under fibre bending, verified through controlled tests,
ensures stable output patterns and enables reliable implemen-
tation in fibre-based Raman probes. Compared with conven-
tional iISORS systems that use fixed optical components such as
axicons [20], the RVITM-based method is entirely axicon-free,
simplifying the optical design and reducing the system foot-

print, which is critical for integration into minimally invasive

or in-vivo probes. In addition, in contrast to the fixed-angle
coupling approach reported in Ref. [21], RVITM allows inde-
pendent control over both ring radius and thickness, enabling
tailored illumination profiles to match specific tissue geome-
tries or target depths and optimise subsurface sensitivity. The
ability to generate complex patterns, including double rings or
composite structures, further expands the versatility of the sys-
tem and opens the door to customised excitation in a variety of
biomedical imaging and spectroscopy modalities.

Beyond the case study, the RVITM-based platform offers
broader applicability across multimode fibre-based biophoton-
ics. Circularly symmetric illumination enhances subsurface sen-
sitivity by distributing light uniformly around the collection
region, which is advantageous for transmission Raman, fluores-
cence imaging, or other multimodal techniques [17]. The com-
bination of compact design, bending robustness, and flexible
pattern control establishes a practical framework for ultra-thin
endoscopic probes and other minimally invasive imaging sys-
tems. Furthermore, the RVITM approach is inherently tolerant
to dynamic perturbations, suggesting potential for use in living
tissue or other movement-prone environments. While the cur-
rent implementation relies on sequential Hadamard patterns for
calibration, the method lays the groundwork for faster, adap-
tive, or real-time strategies, potentially combined with machine
learning, to further accelerate imaging and extend the range of
possible illumination profiles. Overall, RVITM-based beam shap-
ing provides a versatile, robust, and application-ready method
for generating customised illumination in complex turbid me-
dia, bridging the gap between high-fidelity fibre control and
practical in-vivo applications.

We have demonstrated a method for generating circularly °

symmetric illumination patterns through a multimode fibre us-

ing a RVITM. The approach enables flexible beam shaping with-
out interferometric detection, offering robustness against fibre
bending and environmental perturbations. Ring illumination
was shown to preserve its geometry under perturbation and,
when applied to inverse spatially offset Raman spectroscopy, en-
hanced subsurface sensitivity in a two-layer phantom compared
with conventional point-source excitation. The present work
therefore lays the groundwork for next-generation fibre-based
imaging systems capable of delivering customised illumination
profiles, supporting a range of biomedical applications from
deep-tissue spectroscopy to multimodal imaging.
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(GENERAL DISCUSSION

CHAPTER &

Structured illumination has emerged as a powerful strategy for enhancing
the performance of optical diagnostic techniques in biophotonics. This
chapter discusses the significance of the structured illumination and beam
shaping approaches developed and employed in this thesis. By comparing
the implemented systems with conventional technologies, the discussion
highlights how precise control over the spatial distribution of light, when
combined with various biophotonics modalities, can lead to significant
improvements in both imaging and spectroscopic performance.

The RVITM-based multimode fibre platform demonstrates that
intensity-only transmission matrix approaches can robustly generate
complex illumination patterns with minimal sensitivity to fibre bending
or environmental perturbations. Unlike conventional transmission ma-
trix methods that require interferometric phase measurements [117, 118],
RVITM eliminates the need for reference arms or holographic detection,
enabling practical and compact implementations. The ability to generate
rings of varying radius and thickness, double rings, and composite pat-
terns provides versatile illumination control, which is advantageous for
fibre-based Raman or fluorescence probes. Compared with fixed-angle or
axicon-based systems [19, 113], RVITM reduces optical complexity and
footprint while enabling tailored illumination to match specific tissue ge-
ometries, laying the groundwork for minimally invasive and bend-tolerant
optical probes.

The development and implementation of the Kohler integrator-based
illumination system proves that manipulating light enables sensitive and
reliable detection in optical imaging. For UCNP imaging, the uniform
illumination ensured that measured intensity variations came from differ-
ences in biomarker expression rather than fluctuations in the illumination
field. Using UCNPs as the labelling agent addressed several limitations
of conventional staining methods. The gold standard for breast cancer
diagnosis is using immunohistochemistry (IHC) with HRP (horseradish
peroxidase) /DAB staining. This method is absorption-based and limited
by the optical pathlength of white light through the sample. At high
DAB concentrations, the slide becomes opaque to white light. Reduc-
ing the primary antibody concentration and repeating the labelling can
prevent this saturation, but it lowers sensitivity for weakly expressed tar-
gets, thereby restricting the overall dynamic range. On the contrary, the
contrast in UCNP labelling is obtained by the emission process which
allows it to be limited only by the non-specific labelling of surrounding
tissue. In this study, the signal-to-background ratio was found to be
40, showing a 25-fold improvement over DAB. Additionally, UCNPs are
highly photostable and resistant to photobleaching compared to conven-
tional fluorescent dyes. Quantum dots can reduce photobleaching but
still suffer from autofluorescence background[182]. The UCNP imaging
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provides an anti-Stokes emission approach, which eliminates tissue aut-
ofluorescence.

While uniformity was key in imaging, selective illumination proved
essential for deep tissue spectroscopy. The DWiSORS system demon-
strates how manipulation of illumination pattern can enhance detection
sensitivity for in vivo measurement. By using axicon-based ring illumi-
nation, the system enhances subsurface bone signals while suppressing
contributions from overlying tissue layers. By systematically adjusting
the source-detector offset and introducing the enhancement-to-noise ratio
(ENR) metric, the system identifies the optimal illumination geometry
for different tissue thicknesses, achieving sensitive detection of hydrox-
yapatite concentration and bone hydration through 5-14 mm of tissue.
Compared with traditional SORS systems [183, 184], the ENR metric
accounts for both signal enhancement and noise, providing reproducible
quantitative assessment. These results highlight the critical role of tai-
lored illumination in balancing depth sensitivity and signal quality in
turbid media.

Finally, the dynamic phantom demonstrates that engineered illumi-
nation can support device calibration and standardization. By modulat-
ing light spatially and temporally, the phantom simulates physiologically
realistic PPG signals and vascular structures. Unlike previous designs
[178, 180], the system offers fine control over target size, modulation
depth, and multi-wavelength synchronization, enabling realistic repro-
duction of biological signals, motion artifacts, and perfusion changes.
This allows accurate evaluation of device performance under controlled
and reproducible conditions, illustrating how precise illumination can
translate into practical tools for both industrial and academic research.

Together, these findings demonstrate that the future of biophoton-
ics will depend not only on improved detectors, algorithms or labelling
agents, but on the degree to which illumination can be tailored to the
measurement context. Structured illumination provides a unifying frame-
work for achieving this control in multiple modalities, whether the goal is
to enhance subsurface signals, standardise clinical devices, or unlock new
regimes of minimally invasive diagnostics. By showing that illumination
can be adaptive, quantitative, and application-specific, this work lays the
foundation for next-generation optical systems where light is no longer
treated as a passive input, but as an actively engineered component of
the measurement itself.



CHAPTER 9

CONCLUSIONS AND FUTURE
PERSPECTIVE

9.1 Conclusion

This thesis establishes structured illumination and beam shaping as a
powerful strategy for improving performance, reproducibility, and depth
sensitivity in biophotonic diagnostics. Rather than treating illumination
as a passive experimental parameter, this work demonstrates that ac-
tive control of illumination can enhance both imaging and spectroscopic
measurements.

Across a diverse set of modalities, the thesis shows that tailored illu-
mination enables more selective, quantitative, and reliable signal gener-
ation without increasing invasiveness or system complexity. In imaging
applications, uniform and controlled illumination improves the accuracy
of biomarker quantification by ensuring that measured contrast originates
from the sample rather than from spatial variations in excitation. In spec-
troscopic applications, structured illumination geometries enhance sen-
sitivity to subsurface signals while suppressing unwanted contributions
from overlying layers. In addition, the use of programmable illumination
in dynamic phantoms demonstrates how optical control can be extended
beyond measurement to enable standardisation and calibration of diag-
nostic devices.

The key contribution of this thesis is the demonstration that illumi-
nation control provides a unifying framework across biophotonics. The
techniques developed here are modality agnostic, experimentally robust,
and compatible with translational constraints such as miniaturisation,
motion tolerance, and reproducibility. By avoiding reliance on complex
interferometric control or fragile alignment, the approaches presented are
well suited to real world biomedical environments.

From a broader perspective, this thesis contributes to a shift in how
optical systems for biomedical diagnostics are designed. It shows that
improvements in performance can be achieved by controlling how light
interacts with complex biological media spatially and temporally, rather
than by increasing optical power, acquisition time, or system complexity.
By demonstrating the impact of structured illumination across multiple
applications, this thesis contributes to the development of more robust,
quantitative, and clinically relevant optical diagnostic technologies.

9.2 Future Perspective

The systems developed in this thesis have demonstrated the potential
of structured illumination and beam shaping for enhancing optical diag-
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nostics across a range of biophotonics applications. At present, all ex-
perimental setups are implemented in benchtop configurations involving
bulky optical components, which limits their use in clinical or portable
applications. The direction for future work is to transform these systems
into miniaturised, fibre based implementations by using TM based con-
trol of the illumination patterns. The RVITM approach demonstrated for
beam shaping at the distal end of the MMF provides a promising foun-
dation for integrating various illumination patterns into a single platform
for endoscopic applications. For example, ring shaped illumination gen-
erated using TM control was applied in the iISORS system to enhance
subsurface signal sensitivity, while top hat illumination has potential for
endoscopic in vivo multispectral or fluorescence imaging. Future work
will explore the generation of additional structured patterns, such as si-
nusoidal profiles, to support advanced imaging techniques that require
spatial frequency modulation.

Future work of the dynamic phantom will focus on enhancing its phys-
iological realism and relevance for device characterisation. Multiple light
guides will be integrated within the phantom to replicate more complex
and anatomically accurate vascular geometries, enabling the simulation
of branching and pulsatile flow patterns that better represent the real
tissue vasculature. The optical properties of the static top layer will
be modified to mimic a range of skin tones. This will allow systematic
investigation of skin pigmentation effects on the performance of pulse
oximeters. By extending the functionality of the dynamic phantom in
this way, the system can serve as a more comprehensive and standard-
ised platform for the evaluation and calibration of wearable and clinical
optical devices.

Together, these future developments aim to bridge the gap between
advanced optical system design and clinical translation. By miniaturising
the beam shaping platforms and integrating them into fibre based probes,
and by enhancing the realism of the dynamic phantom, this research
forms the basis for practical, standardised, and sensitive diagnostic tools.
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High contrast breast cancer biomarker
semi-quantification and immunohistochemistry imaging
using upconverting nanoparticles

I am the shared first author of this paper. This paper presents a
Kohler-illuminated microscope for high-contrast imaging of upcon-
verting nanoparticles (UCNPs) in breast cancer tissues. A near-
infrared laser with beam-shaping optics provides uniform UCNP
excitation, while spectral filters isolate emissions captured by a sci-
entific camera. Integrated multimodal imaging (H&E, DAPI, DAB)
enables comprehensive tissue analysis. Optical optimisation min-
imises background interference, enabling precise HER2 biomarker
visualisation. The system demonstrates superior sensitivity over
conventional chromogenic methods, supporting semi-quantitative
HER2 assessment critical for clinical histopathology.

My contributions to this work included the complete design and im-
plementation of the Kohler integrator based microscope, and the
development of the imaging scheme. I was also responsible for ac-
quiring and analysing the imaging data, developing the algorithm
used for semi-quantitative HER2 assessment, and preparing the
manuscript in collaboration with co-authors.

Light-guided dynamic phantom to mimic
microvasculature for biomedical applications: an
exploration for pulse oximeter

This study presents a light-guided dynamic phantom mimicking
microvasculature. An LCD-polymer fibre integration enables real-
time absorption control, eliminating angular dependency. Char-
acterised at four wavelengths (455-940 nm), it synthesised PPG
signals with adjustable heart rates (80—120 bpm) and SpOs levels
(86-100%). Validation confirmed accurate physiological replica-
tion, outperforming blood-based phantoms. The design offers a
stable calibration tool for pulse oximeters, addressing limitations
in shelf life, resolution, and response time.

I was responsible for every stage of the project, including the plan-
ning, optical and mechanical design, selection and integration of
components. I developed the control system for modulating the
absorption properties and led the design of the experimental pro-
tocol for signal acquisition and physiological signal simulation. I
also performed all measurements and data analysis, including sig-
nal validation across different wavelengths and physiological con-
ditions. In addition, I authored the manuscript and coordinated
feedback from collaborators throughout the publication process.
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Raman Spectroscopy based framework for In-Vivo
Assessment of Bone Composition

This study introduces a dual-wavelength inverse spatially offset Ra-
man spectroscopy (DWiSORS) framework for in-vivo assessment
of bone composition. The system combines ring illumination with
dual excitation (730/830 nm) to acquire both fingerprint and high-
wavenumber regions, enabling comprehensive molecular profiling
beneath turbid tissue. A new enhancement-to-noise ratio (ENR)
metric was proposed to determine the optimal spatial offset for
subsurface sensing. The framework was validated through Monte
Carlo simulations, tissue-mimicking phantoms, and in-vivo mea-
surements on ten healthy participants. Results confirmed patient-
specific optimal offsets (59 mm), demonstrating the feasibility of
Raman-based bone assessment at depths up to 14 mm, with sensi-
tivity to mineral and hydration variations. This approach advances
clinical translation of SORS for osteoporosis diagnostics.

I led the full development of the system and methodology. I de-
signed the optical setup, selected and integrated all components.
I fabricated and characterised the tissue and bone phantoms, con-
ducted Monte Carlo simulations to derive the ENR metric, and es-
tablished the experimental protocol for both phantom and in-vivo
measurements. I performed all data acquisition and spectral pro-
cessing, including fluorescence background removal, ENR compu-
tation, and validation across different offsets and tissue conditions.
I coordinated the in-vivo ethical approval process and participant
measurements. In addition, I wrote the manuscript and managed
revisions and feedback from collaborators throughout submission.

Real-valued Intensity Transmission Matrix Based
Multimode Fibre Beamshaping for Biophotonics
Applications (Submitted for publication)

This study presents a real-valued intensity transmission matrix
(RVITM) framework for structured illumination through multi-
mode fibres, enabling controlled ring and composite beam profiles
without interferometric detection. By calibrating the fibre response
using a 16 x16 Hadamard basis, circularly symmetric patterns were
synthesised with tunable radii and demonstrated robustness under
fibre bending. As a proof-of-concept, a 3 mm ring was deployed in
an inverse spatially offset Raman spectroscopy (iISORS) configura-
tion using a two-layer tissue-mimicking phantom, enhancing sub-
surface Raman sensitivity compared with conventional point illumi-
nation. This axicon-free, software-defined beam-shaping strategy
offers a compact solution for fibre-based spectroscopy and imaging.
I took an active role in defining the problem and setting the re-
search direction. Noting the limitations of conventional axicon-
based iISORS systems, I proposed multimode fibre control as a com-
pact alternative and developed the RVITM strategy. I planned the
project, designed the optical architecture, built the experimental
setup, and implemented the Hadamard calibration and data pro-
cessing workflows. I fabricated the tissue phantoms, performed the
validation study, conducted all measurements and analysis, and
authored and coordinated the manuscript through publication.



REFLECTION AND PERSPECTIVE

Reflecting on my time as a PhD student, I see a journey defined not
only by the research presented in this thesis but also by the development
of skills, confidence, and perspective that have shaped who I am today.
When I began, I was hesitant to speak up in meetings, unsure of how
to present my work confidently, and reluctant to reach out to others.
Over time, this PhD became far more than a series of experiments. It
became a journey of self-discovery, learning how to communicate ideas,
seek collaboration, and situate my work within the broader scientific
community.

Attending events such as the Biophotonics Summer School and inter-
national conferences provided opportunities to connect with peers and
leading researchers across the globe. Initially, these environments felt in-
timidating, yet I gradually became comfortable asking questions in group
meetings, engaging in discussions, and giving oral presentations at con-
ferences. Reaching out for connections became not a source of anxiety
but a way to learn, share ideas, and broaden my perspective. These ex-
periences highlighted how meaningful conversations can ignite new ideas
and underscored the value of building connections beyond the confines
of the laboratory.

Throughout this journey, I have grown from a reserved researcher
focused solely on experiments into someone who embraces collaboration,
actively seeks feedback, and sees challenges as gateways to innovation
rather than obstacles. Looking back, I wish I had explored opportunities
for collaboration outside the institute sooner, as they often opened doors
to new perspectives and unexpected ideas.

This PhD has also shaped my ambitions. I aspire to bridge aca-
demic research with industry-driven innovation, developing technologies
that address real-world challenges while pushing the boundaries of sci-
entific understanding. The projects I have worked on, from advanced
beam shaping and Raman spectroscopy to dynamic phantom develop-
ment, have strengthened my conviction that impactful research must
remain closely tied to tangible applications. I am excited to continue ex-
ploring this space, combining rigorous research with translational impact,
and contributing to solutions that could improve human health.

Rather than seeing this thesis as an end point, I view it as a launch-
pad, a foundation for a career defined by curiosity, collaboration, and the
ambition to leave a meaningful mark on the field of biophotonics.
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HIGH CONTRAST BREAST CANCER BIOMARKER SEMI-QUANTIFICATION AND
IMMUNOHISTOCHEMISTRY IMAGING USING UPCONVERTING NANOPARTICLES

Supplementary Material (S1)

Formalin-fixed paraffin-embedded samples were sectioned in 4 um thin slices on a microtome
(Microm HM-360, Marshall Scientific, USA). The sections were placed on SuperFrost™ Plus
microscope slides (HistoLab, Sweden). Dewaxing was performed by immersing the samples
2x for 5 min in Xylene followed by rehydration in 2x 5 min absolute ethanol, 5 min 96%
ethanol, 5 min 70% ethanol, and 5 min in distilled H20. For heat-induced antigen retrieval
(HIER), the slides were transferred into a container with antigen-retrieval buffer (250 mL,
EnVision FLEX high pH, Agilent, USA) that was pre-heated (95 °C) in a water bath. The HIER
was conducted for 20 min at 95 °C. The container was removed from the water bath and allowed
to cool down for 20 min.

The following steps were conducted at room temperature. Depending on the size of the
sections 150-350 pL of the reagents were necessary to sufficiently cover the samples. The
slides were transferred into a container with Tris-buffered saline containing 1 mM sodium
fluoride (TBSF). Samples that were counterstained with hematoxylin were immersed in
Mayer’s Hematoxylin for 3 min followed by washing in TBSF (2% 1 min). Sections used for
labelling with antibody-horseradish-peroxidase (HRP) conjugates were quenched with 0.3%
H202 in TBSF for 10 min followed by a washing step in TBSF. All sections were encircled
with a liquid blocker (ImmEdge Pen, Vector Laboratories, USA) and transferred to a Coplin
jar with TBSF. The blocking buffer was applied to each section and incubated for 45 min
followed by washing in TBSF for 1 min.

UCNP Labelling

For UCNP labellings, endogenous biotin was blocked using a ready-to-use streptavidin solution
(20 min, SP-2002, Vector Laboratories) followed by a biotin solution (20 min, SP-2002, Vector
Laboratories). Non-specific binding sites were blocked using TBSF containing 10%
SuperBlock (37535, ThermoFisher Scientific) The slides were washed 2% for 1 min in TBSF
after each blocking step.

The primary anti-HER2 antibody (A0485, Agilent) was diluted to 1 pg/mL in dilution
buffer (TBSF + 0.05% Tween20, 10% SuperBlock) added to the sections, and incubated for
60 min. Negative controls were incubated with dilution buffer without the primary antibody.
The slides were washed 2x 1 min with TBSF.

Slides for traditional IHC labelling (HRP/DAB) were incubated with a ready-to-use anti-
rabbit secondary antibody-HRP conjugate (ImmPress® HRP Goat Anti-Rabbit IgG Polymer
Detection Kit Peroxidase, Vector Laboratories) for 45 min and washed 3x 1 min with TBSF.
For the DAB reaction, one droplet of the DAB substrate per milliliter substrate buffer
(EnVision Flex Mini Kit, High pH, Agilent) was prepared. The antibody-HRP labelled slides
were incubated for 10 min with substrate dilution and washed 3x1 min with TBSF. The DAB
slides were then dehydrated by immersing them subsequently for 3% 1 min in 70% ethanol,
96% ethanol, and absolute ethanol, and at the end in Xylene for 5 min. Mounting of the
coverslip was performed with Pertex as a mounting medium.

Slides for UCNP labelling were incubated with 2 pg/mL biotinylated anti-rabbit secondary
antibody in dilution buffer (711-005-152, Jackson Immunoresearch, USA) for 60 min. The
slides were washed 2x 1 min with TBSF and incubated for 45 min with a UCNP-streptavidin
conjugate (SCIZYS reagent, Lumito, Sweden) in dilution buffer. After 3x washing for 1 min
in TBSF, the slides were mounted with an aqueous mounting medium (Fluoroshield™, Sigma



Aldrich). Slides counterstained with DAPI were instead mounted with a DAPI-containing
mounting medium (ab104139, Abcam, UK).

A Kohler reflected light illumination and imaging microscope system was employed to
image the UCNPs labelled samples. A collimated 976nm laser (dst11-t193-h20, Ostech) beam
passed through two identical microlens arrays (10 x 10mm, 500um Pitch, 1.2° Divergence,
Edmund Optics), and then was magnified by a telescope system (LB1779-B, LB1676-B,
Thorlabs). After that, the beam was focused by the objective lens (20X Nikon CFI60 TU Plan
Epi ELWD, Nikon) of the microscope to form a 725x725 um spot to illuminate the sample.
The anti-Stokes emission from UCNPs was filtered by a 950 nm short-pass filter (FF01-950/SP-
25, Semrock) to block the reflected laser light.

Fig. S1. DAB labeled HER2 3+ breast cancer image with DAB signal (yellow box) and
background area indicated with a red box.

The signal-to-background for DAB was calculated by taking the ratio of average
background with no labeling (red box in Sup.Fig.1) to DAB (yellow box in Fig. S1.) labeled
section of breast cancer image. To perform the calculation, the signal was averaged across RGB
pixels and the signal-to-background for DAB was found to be 1.6.
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Table S1 Laser power for different ring sizes (offset) keeping the overall power below MPE for

both 730 nm and 830 nm. Laser power for different ring sizes (offset) keeping the overall power
below MPE for both 730 nm (0.23 W/cm?) and 830 nm (0.36 W/cm?) according to the American
national standard for safe use of lasers (ANSI Z136.1) [1]

Offset in mm Laser power (mW)
730 nm 830nm

3 433 68.6

5 72.1 114

7 101 160

9 130 206

11 159 252

MPE 230 mW/cm? 360 mW/cm?

Table S2 ENR values for all ten participants at different spatial offsets.

Spatial M1 M2 M3 M4 M5 F1 F2 F3 F4 F5
Offset( mm)

0 932 16.02 [553 [7.13 [7.18 |425 434 |4.11 [557 [4.03
3 75.8 1342 [264 (343 [412 428 |558 259 [43.5 [324
5 852 [43.3 [38.1 [80.6 |19.1 |443 |50.8 [37.7 [73.2 |66.5
7 121 359 |57.1 1623 (894 [77.8 1709 522 [58.3 [83.1
9 56.6 |17.0 [37.7 [46.5 [896 |61.3 |67.0 [44.8 [74.0 |58.6
11 181 161 [248 709 [104 [48.1 |52.7 338 [534 [475




Table S3 Ultrasound measured tissue (US-Tissue) thickness and maximum (Max)
enhancement-to-noise ratio (ENR): Ideal offset for participants.

Participants US-Tissue median thickness (mm) | Max. ENR: Ideal offset (mm)
Pl 5.02 7
P2 4.20 5
P3 5.34 7
P4 5.14 7
P5 14.9 9
P6 4.85 7
P7 8.69 7
P8 9.46 7
P9 4.84 5
P10 4.92 7

ttezaas

Figure S1 Sample holder for transmission mode time of flight measurements
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Figure S2 Raman spectra with a Smm top layer at different offsets for (A) fingerprint region and
(B) high wavenumber region. The spectra are baseline corrected but not normalised.
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Figure S3 Evaluation of the robustness of the ENR metric to analysis parameters: (A) effect of
shifting the bottom-layer peak integration window for the 961 cm™ band by +5 cm™, and (B)
effect of applying global area normalization. In both cases, the optimal spatial offset varied by
less than 10%.



A B

1.0 —— 4%HA —— 89% Water
—_ T T%RHA Ly —— 82% Water
308 3
L L

0.6
2 ,. 2,
" 0.4 w
c c |
D2 8
£ £

0.0 0-

900 950 1000 1050 1100 3000 3200 3400 3600 3800

Raman Shift (cm™)

Raman Shift (cm™)

Figure S4 Raman spectra of (A) 7% and 4% hydroxyapatite (HA) phantoms with a 5 mm top
layer under 6 mm ring illumination in the fingerprint region. (B) 89.1% and 81.7% water
phantoms with a 5 mm top layer under 6 mm ring illumination in the high-wavenumber region.
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Figure S5 In-vivo measurements results from ten participants where Enhancement-to-noise ratio
(ENR) is plotted against source-detector offset to identify ideal offset for (A) five female (F)
participants and (B) five male (M) participants.
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Figure S6 The absorption coefficient (p,) and reduced scattering coefficient (p") of the top layer
were scaled simultaneously by £20% relative to their nominal values at the excitation
wavelength (Aex=830 nm), p, =0.102 cm™ and p,’=9.07 cm’!, while at the Raman emission

wavelength (Aem=880 nm), p, =0.114 cm™ and p,’=8.21 cm’, as listed in Table 1. Variations in
optical properties result in modest changes to ENR magnitude and curve width, while

the optimal spatial offset shifts by less than 1 mm.

[1] Su, Joshua Weiming, et al. "Depth-sensitive Raman spectroscopy for skin wound evaluation
in rodents." Biomedical optics express 10.12 (2019): 6114-6128.
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