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RÉSUMÉ

La tomographie par cohérence optique (TCO) est une modalité d’imagerie médicale ayant
connu un essor considérable au cours des dernières décennies. Elle se distingue par sa ca-
pacité d’imagerie non invasive à haute résolution, bien que sa profondeur de champ demeure
limitée. Elle est particulièrement adaptée à l’imagerie des tissus épithéliaux et de la rétine, et
constitue un outil incontournable pour l’étude de l’angiographie rétinienne. Sa large adoption
a engendré de nombreuses innovations technologiques et applicatives. Toutefois, la TCO fait
encore face à plusieurs défis.

La TCO ne collecte généralement qu’une fraction de la lumière rétroréfléchie par l’échantillon
observé. La nécessité d’utiliser des fibres optiques monomodes implique une perte des modes
d’ordre supérieur de la lumière. Cela entraîne non seulement une perte de signal, mais surtout
une perte d’informations potentiellement pertinentes. Même les systèmes TCO n’utilisant
pas de fibres monomodes présentent cette limitation sous d’autres formes. De plus, bien
qu’elle soit un outil essentiel pour l’angiographie, la TCO éprouve encore des difficultés à
quantifier la vitesse du flux sanguin. Cette limite restreint ses capacités diagnostiques et sa
contribution à l’étude des pathologies. De nombreuses innovations ont été proposées pour
pallier ces lacunes, mais le défi demeure.

Les lanternes photoniques sont des composants optiques relativement récents qui offrent
une solution potentielle à ces problématiques. Initialement développées pour l’astronomie,
elles agissent comme des démultiplexeurs à fibre optique, répartissant les modes d’ordre
supérieur de la lumière en plusieurs canaux. Plus récemment, les lanternes photoniques à
mode-selectif (LPMS), une forme spécialisée de lanterne photonique, ont permis le démulti-
plexage sélectif de modes. Cette innovation a permis l’émergence d’un nouveau type de TCO
exploitant les modes d’ordre supérieur—une partie de la lumière auparavant perdue—désigné
sous le nom de tomographie par cohérence optique à quelques modes (TCO-QM).

Cette thèse présente les innovations développées lors de l’exploration des applications poten-
tielles de la TCO-QM, dont certaines ne requièrent pas l’utilisation d’une LPMS.

La combinaison des signaux issus de plusieurs modes de la TCO-QM permet d’augmenter
le rapport signal sur bruit et de réduire le bruit de tavelure, avec un impact limité sur la
résolution. Cette approche peut également être couplée à d’autres techniques de réduction
du speckle pour améliorer encore la clarté des images.

Il en résulte des images plus nettes avec des détails fins plus aisément observables, facilitant



vi

le diagnostic à l’aide de la TCO.

La contribution la plus significative de cette thèse réside probablement dans le développement
d’une nouvelle méthode de mesure du flux sanguin. Basée sur le rapport entre la corrélation
croisée et l’autocorrélation des différents canaux de la TCO-QM, cette méthode a démontré
une précision de trois à cinq fois supérieure à celle des approches existantes. La méthode
permet de mesurer des vitesses beaucoup plus faibles, rendant possible la distinction entre des
flux lents et des flux statiques. Elle ne nécessite aucune connaissance préalable des propriétés
de l’échantillon, telles que le coefficient de diffusion. Seules deux mesures consécutives sont
requises, ce qui confère à la méthode une grande flexibilité d’utilisation. Enfin, elle s’est
révélée nettement plus robuste face aux différentes sources de biais.

Cette technique ne se serait pas limitée au TCO-QM. Des résultats préliminaires ont été
démontrés avec un TCO standard. Le même principe pourrait également être étendu à
d’autres appareils d’imagerie.

Cette avancée répond à un besoin réel en TCO : mesurer avec précision le flux sanguin dans
la rétine. Dans cet organe, la majorité des vaisseaux sanguins sont orientés transversalement
à l’axe d’imagerie. Offrir une mesure fiable du flux ouvre la voie à une étude plus précise des
pathologies associées au développement vasculaire rétinien.
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ABSTRACT

Optical coherence tomography (OCT) is a medical imaging modality that has gained signif-
icant prominence in recent decades. Renowned for its high-resolution, non-invasive imaging
capabilities, OCT is particularly well-suited for visualizing epithelial tissues and the retina,
and is an indispensable tool for ophthalmic angiography. Its widespread adoption has driven
numerous technological and application-based innovations. Nevertheless, OCT continues to
face several challenges.

OCT is generally limited to collecting only a fraction of the light retroreflected from the
sample. The reliance on single-mode optical fibers (SMF) in system design results in the loss
of higher-order modes, leading not only to reduced signal strength but, more critically, to the
loss of valuable information. Even OCT systems that do not employ SMF encounter analo-
gous limitations. Additionally, although OCT is foundational for angiography, it continues
to face significant challenges in quantifying blood flow velocity. This limitation constrains
both its diagnostic utility and its ability to advance the study of various diseases. Numerous
innovations have sought to address these shortcomings, yet a comprehensive solution remains
elusive.

Photonic lanterns (PL) are a relatively recent innovation in optical components that offer
potential solutions to these challenges. Initially developed for astronomical applications, PL
functions as fiber-based demultiplexers, separating higher-order modes of light into multiple
fiber channels. More recently, mode-selective photonic lanterns (MSPL), a type of PL, have
enabled selective mode demultiplexing, paving the way for OCT imaging in higher-order
modes using previously discarded light—a technique known as few-mode optical coherence
tomography (FM-OCT).

This thesis presents innovations developed through the exploration of potential applications
of fiber-based FM-OCT. Notably, some of these applications do not require the use of an
MSPL.

Combining signals from multiple modes in FM-OCT results in increased signal-to-noise ra-
tio (SNR) and reduced speckle noise, with only a minimal compromise in resolution. Specif-
ically, speckle noise is diminished while SNR improves proportionally to the square root of
the number of FM-OCT channels. This approach can also be integrated with other speckle-
reduction techniques to further enhance image clarity.

The resulting images exhibit reduced speckle, making fine structural details more discernible
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and thereby facilitating improved diagnostic capabilities relative to conventional techniques.

The most significant contribution of this thesis is the development of an innovative method
for measuring flow velocity. This technique, based on the ratio of cross-correlation to autocor-
relation between FM-OCT channels, demonstrated a three- to five-fold increase in accuracy
relative to existing correlation-based methods. The system is capable of measuring substan-
tially lower flow velocities, enabling the distinction between slow and static flows. Moreover,
it requires no prior knowledge of sample properties and only two consecutive measurements,
unlike fitting-based approaches, thereby offering greater flexibility. The method has also
proven to be more robust against sources of bias in flow measurements.

Importantly, the technique may not be limited to FM-OCT, as preliminary results have been
demonstrated with standard OCT systems. The underlying principle could potentially be
extended to other imaging modalities.

This advancement provides a much-needed solution for accurately measuring lateral flow
velocity in OCT. While OCT excels at imaging the retina and its vasculature, most retinal
blood vessels are oriented laterally relative to the imaging axis, and accurate measurement
of their flow has remained a challenge. Reliable assessment of lateral blood flow introduces
new diagnostic capabilities for OCT in retinal imaging.
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CHAPTER 1 INTRODUCTION

1.1 Context

Biomedical imaging plays a critical role in both clinical research and the diagnosis and moni-
toring of diseases. Among the various imaging techniques available, photon-based modalities
are particularly valued for their high resolution, non-invasive nature, and relatively low op-
erational costs.

Optical coherence tomography (OCT) is distinguished by its non-invasive approach and high
spatial resolution (approximately 10 µm), although its penetration depth is limited to ap-
proximately 1–2 mm. This modality is exceptionally well-suited for retinal imaging [1], as
it exploits the optical properties of the eye to visualize distinct retinal layers and vascula-
ture without the need for exogenous contrast agents. The advent of three-dimensional OCT
imaging has profoundly transformed the field of ophthalmology. Between 2008 and 2015, the
technology is estimated to have saved 11.1 billion US dollars in the United States, providing
a return on investment of 21-fold [2].

OCT is not confined to retinal applications. Its high resolution is particularly advantageous
for imaging epithelial tissues, where visualizing thin layers is essential and limited penetration
depth is less problematic. Furthermore, OCT is compatible with fiber-based endoscopic
approaches, enabling imaging of the esophagus, intestines, and arteries [3–5]. The small
diameter of optical fibers (approximately 200 µm) also facilitates integration with probes
designed for brain imaging.

The restricted penetration depth of OCT arises from the limited number of photons that
can be collected during imaging. This constraint is partially attributed to the small fraction
of photons that are retroreflected toward the optical fiber. Additionally, the employment of
single-mode fibers (SMF) further reduces the amount of light that can be captured, as only
photons matching the fundamental mode are guided.

Despite its widespread adoption, OCT exhibits inherent limitations. As a coherent imaging
modality, it is susceptible to speckle noise, which can obscure fine structural details [6]. This
limitation is especially pronounced in retinal imaging, where speckle noise may mask subtle
anatomical features in the outer retina, such as the retinal pigment epithelium and Bruch’s
membrane [7].

Ophthalmology research has greatly benefited from OCT, which facilitates the longitudinal
assessment of disease progression by enabling detailed visualization of retinal morphology and
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vasculature. For instance, optical coherence tomography angiography (OCTA) can detect
abnormalities in choroidal blood flow and identify choroidal neovascularization, particularly
in cases of age-related macular degeneration [8,9]. However, while OCTA effectively highlights
vascular structures, obtaining accurate and reproducible quantitative measurements remains
a significant challenge [10,11], thereby complicating comparative studies.

In ophthalmic imaging, lateral resolution is fundamentally limited by the optical properties
of the eye, which functions as the imaging lens. The beam diameter is further restricted by
the pupil size, thereby limiting the achievable numerical aperture (NA). This constraint is
especially pronounced in studies involving small animal models, such as mouse pups [12].

Additionally, OCT predominantly generates image contrast from variations in sample reflec-
tivity. While alternative contrast mechanisms—such as polarization-sensitive OCT [1,13] and
OCTA for vascular imaging—have been developed to enhance its utility, the overall range
of intrinsic contrast remains limited. This constraint restricts OCT’s effectiveness in distin-
guishing between diverse tissue types and pathological conditions relative to other imaging
modalities.

Because OCT relies on interferometry, SMF are required to prevent modal mixing, which
would otherwise degrade depth resolution and image quality. However, due to the single-
mode nature of these fibers, even photons that are retroreflected toward the fiber may not
be efficiently coupled unless they match the fundamental mode. Photons corresponding to
higher-order modes are not guided by SMF and are therefore lost. Importantly, these higher-
order modes carry not only additional signal but also unique information distinct from that
present in the fundamental mode.

The photonic lanterns (PL) is a relatively recent innovation in optical fiber technology, orig-
inally developed for astronomical applications [14]. The term ’photonic lantern’ was inspired
by the resemblance of early prototypes to traditional lanterns. Functionally, a PL can be
described as an optical fiber coupler cleaved at the tapered region, forming an N-to-1 de-
multiplexer that distributes a complex wavefront among N fibers. A notable variation, the
mode-selective photonic lantern (MSPL), demultiplexes each linearly polarized (LP) mode
into a separate fiber, enabling the separation of higher-order modes at its tip into individual
SMF. This capability has garnered significant attention for its potential applications. Inte-
grating an MSPL with OCT allows for the collection of additional light that would otherwise
be lost.

Previous efforts to utilize higher-order modes in OCT have been reported [14–16]. In these
studies, the collection of higher-order modal light served as a novel source of contrast, en-
abling the differentiation of tissue composition and the identification of pathologies previ-
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ously undetectable by conventional OCT. More recently, our group developed a fiber-based
OCT system leveraging an MSPL—referred to as few-modes optical coherence tomogra-
phy (FM-OCT)—which demonstrated promising potential for new applications [17]. The
higher-order modes exhibited varying sensitivity depending on the sample’s diffuser size,
suggesting that this new contrast mechanism could exploit nuclear-to-cytoplasmic volume ra-
tios to distinguish between cancerous and normal tissues. Furthermore, the unique coherent
spread function (CSF) provided by FM-OCT may offer additional capabilities advantageous
for biomedical research.

As this technology remains in its early stages of development, many of its prospective ap-
plications have yet to be explored and warrant systematic investigation. Further research
is necessary to identify specific scenarios in which FM-OCT could augment the diagnostic
performance of conventional OCT.

1.2 Project statement

The MSPL has garnered significant interest for its potential to enable a wide range of novel
applications. Notably, it has been integrated with OCT to develop fiber-based FM-OCT.
The MSPL separates the optical modal content into multiple channels, each of which can be
used to generate an independent OCT image. The additional collected light can potentially
enhance the performance of conventional OCT. Prior studies on FM-OCT have demonstrated
its ability to produce distinct speckle patterns, enable new CSF, and potentially provide novel
contrast mechanisms through inter-channel comparisons.

However, the extent to which these new capabilities translate into impactful applications
remains unclear. Since the technology is still in its early stages of development, much of its
potential is yet to be realized. Consequently, additional research is required to determine
whether these promising concepts can yield practical and meaningful advances, rather than
remain primarily of academic or technological interest.

1.3 Project objectives

This thesis investigates the feasibility of applications for a novel OCT, the FM-OCT. The
primary aim is to determine specific applications for the FM-OCT and demonstrate their
usefulness.
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Specific Objective 1 [SO1]: Designing a multi-modal OCT system.

• Write the program for imaging with multiple channels for simultaneous multi-modal
detection.

• Design a way to hold the MSPL as well as minimize the back reflection coming from
its tip.

• Design, build, and align a two-mode FM-OCT.

• Upgrade the two-mode FM-OCT into a three-mode one.

Specific Objective 2 [SO2]: Developing tools to model OCT signal.

• Create a simulator capable of emulating multi-modal speckles and behaviors;

• Develop a theoretical model predicting multi-modal speckle behavior in the presence
and absence of flow;

Specific Objective 3 [SO3]: Improving image quality using multi-modal content.

• Find a way to ensure axial coregistration of the different OCT signal;

• Predict the signal-to-noise ratio (SNR) and speckle contrast after combining the signal
from multiple channels of an FM-OCT;

• Compare those predictions to a simulation;

• Image objects and in-vivo samples with an FM-OCT and observe the improvements to
SNR and speckle contrast, as well as analyse any deterioration of the resolution.

Specific Objective 4 [SO4]: Improving blood flow measurement.

• Image a static object, calculate the autocorrelation function of the signal in space, and
compare it to predictions, confirming both the MSPL quality and prediction correctness;

• Investigate the best way to exploit the new CSF to measure flow;

• Simulate to confirm the feasibility of the proposed method;

• Design and do a series of experiments comparing the new method to measure flow to
existing ones.
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1.4 Thesis outline

The thesis is presented in the following order:

• Chapter 1, Introduction: This part introduces the context of the problem statement. It
covers the emergence of needs and technologies that led to the project statement. After
the project statement, the thesis objective is introduced and decomposed into specific
objectives.

• Chapter 2, Literature review: A brief literature review is introduced to help the reader
understand the published articles in the thesis. The review covers introductory knowl-
edge of OCT, optical fibers, PL, and methods for modeling light, speckles, and cor-
relation in OCT. A deeper theoretical context is given in each article on the specific
subject.

• Chapter 3, Article 1 - Simulating OCT signal through Monte Carlo: The publication
presents the first experimental validation of an OCT signal simulated with a Monte
Carlo method. It compared absorption maps with the existing simulator to first validate
it as a light-propagation simulator, before comparing simulated OCT signal A-lines with
experimental ones measured on a sample with known optical properties.

• Chapter 4, Article 2 - Speckle noise reduction and increased SNR: The article presents
how combining the signals from two channels of an FM-OCT reduces the speckle noise
while improving the SNR. A resolution analysis also shows that it has minimal impact
on resolution.

• Chapter 5, Prior works on FM-OCT flow measurements: Unpublished prior results and
methods that led to the published flow article are presented. The reasons they were
ultimately abandoned and made obsolete are also presented.

• Chapter 6, Article 3 - Flow measurement: A novel method to measure flow using
FM-OCT is presented along with a comparison to existing methods and error analysis
on both precision and accuracy. The flow partial orientation capabilities of the new
method are demonstrated through an error analysis.

• Chapter 7, Discussion: Unpublished results on advancements are presented on varia-
tions of the flow measurement method with inconclusively explored avenues, as well as
a general discussion on the thesis contributions.
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• Chapter 8, Conclusion: Recommendations as well as insights are presented to those
interested in pursuing research in the same direction. The chapter summarizes the
thesis with its most important achievements.
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CHAPTER 2 LITERATURE REVIEW

This section provides an introductory literature review addressing topics not covered in the
published articles but essential to understanding the thesis.

2.1 Optical coherence tomography

OCT was originally developed for imaging the retinal structure of the eye [18]. Since its
inception, OCT has found new applications both within and beyond the biomedical field.
It operates as an interferometric technique, wherein light reflected from the imaged sample
(sample arm) interferes with light reflected from a reference mirror. Figure 2.1 illustrates a
fiber-based OCT system. A 90%/10% coupler divides the output from a laser source between
the reference and sample arms. Light is reflected from a mirror in the reference arm and from
various depths within the sample in the sample arm. Circulators (C1 and C2) redirect the
light toward a 50%/50% coupler, where interference between the two optical paths occurs.
A polarization controller (PC) is employed to optimize the polarization state for maximal
interference. A balanced detector then measures the resulting interference signal.

In contrast, a free-space OCT system employs beam splitters to divide the optical beam be-
tween the sample and reference arms. Such configurations generally exhibit lower dispersion
compared to their fiber-based counterparts. However, their incompatibility with fiber-based
catheters restricts their range of applications.

There are two principal types of OCT: time-domain and spectral-domain. Time-domain
OCT, now considered obsolete, utilized a moving reference arm mirror to control the depth

90/10
Reference arm

Laser
C1

C2

Balanced 

detector 
PC

50/50

Sample arm

Figure 2.1 Schematic of a fiber-based optical coherence tomography system employing a
90%/10% coupler to split the light between the reference and sample arms, circulators (C1
and C2) to redirect the returning light toward the detector, a polarization controller (PC)
to optimize polarization orientation for interference, a 50%/50% coupler to combine signals
from both arms, and a balanced detector to measure the resulting interference intensity.
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of interference, thereby achieving axial resolution. Spectral-domain OCT employs either a
broadband laser in conjunction with a spectrometer or a swept-source laser with time-encoded
wavelengths to simultaneously detect multiple wavelengths of light. The Fourier transform
of the resultant interference pattern provides information about the depths and amplitudes
of the sample’s reflectivity, thereby yielding axial resolution [1, 19].

2.1.1 Speckle noise

As a coherent imaging technique, OCT is inherently affected by speckle noise [1]. This noise
arises from the interference of light reflected by the several scatterers within a single pixel.
Because the positions of these scatterers are arbitrary, the resulting interference—and thus
the speckle pattern—is also arbitrary. The size of these patterns is directly related to the
system’s resolution and can obscure fine structural details or even larger features within the
image.

In OCT, speckles are considered fully developed, resulting in a speckle contrast equal to
one. The speckle amplitude adheres to a Rayleigh distribution, whereas its intensity is
characterized by an exponential distribution [20].

Speckle patterns exhibit spatial correlation because the system’s CSF typically extends
slightly beyond the pixel size. For a static sample, speckle patterns remain static over time.
However, when motion is present, such as during blood flow, the speckle pattern varies dy-
namically over time.

To address this challenge, multiple solutions have been proposed [21–52]. The most straight-
forward approach is to perform low-pass filtering of OCT images. However, this method
also suppresses small structures. Similarly, averaging consecutive B-scans acquired at dif-
ferent positions can reduce speckle noise and emphasize larger structures, but it degrades
resolution [21–34].

Alternatively, the sample can be scanned at different angles, resulting in different speckle
patterns that can then be averaged to reduce speckle noise [35–39]. However, the improve-
ment offered by this technique is limited and requires large differences in the measurement
angle, which can be technically challenging or infeasible to achieve depending on the context.
Certain algorithms attempt to distinguish and selectively remove speckle patterns, but these
methods may still blur or remove small structures [40–50].

Neural network-based methods have also been applied with some success [51, 52], but these
approaches require extensive datasets tailored to specific samples and, similar to the previous
algorithms, may blur or remove intrinsic structures.
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Despite the variety of proposed solutions, these approaches provide only partial mitigation,
and speckle noise remains a significant challenge in OCT imaging and other coherent imaging
techniques.

2.1.2 OCT signal

In spectral-domain OCT, the detected signal intensity arises from the interference between
light returning from the sample and reference arms and is given by [1]:

Idet(k) = IR(k) + IS(k) + 2
√

IRIS

∑
s=1

αncos(k∆zs) exp
− 1

4 ln 2

[
∆zsδωs

c

]2
 , (2.1)

where IR and IS represent the wavelength-dependent intensities reflected from the reference
and sample arms, respectively; k is the wavenumber; αn denotes the sample reflectivity at
depth ∆zn; δωs is the full width at half maximum (FWHM) of the measured wavelength;
and c is the speed of light. The depth ∆zn corresponds to the optical path length difference
between the reference and sample arms. The first two terms constitute the DC component
of the signal and do not contain relevant structural information.

The third term can be further separated into the AC component, which encodes depth
information, and the roll-off factor, represented by the exponential. The roll-off accounts for
signal degradation with increasing depth, independent of optical attenuation, and arises from
the system’s finite spectral resolution.

The AC component contains the relevant structural information, encoding the depth at which
light is reflected as a function of the wavenumber. The sample’s scattering and absorption
properties, as well as system transmission, are not included in this expression.

2.1.3 Resolution

Axial and lateral resolutions in OCT originate from distinct physical principles and are thus
independent parameters. The axial resolution is given by [53]:

δz = 2 ln 2
π

λ2
0

n∆λ
, (2.2)

where λ0 is the central wavelength, ∆λ is the spectral width of the light source, and n is the
refractive index of the medium. As a result, axial resolution improves in media with a higher
refractive index compared to air.

Lateral resolution, in contrast, is determined by the width of the incident beam on the sample,
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analogous to confocal microscopy [53]:

δx = 0.56 λ0

NA , (2.3)

where NA is the numerical aperture of the system. NA itself depends on the focal length of
the imaging lens and the beam width at the lens. In retinal imaging, the eye functions as the
imaging lens, and, particularly for small mammals, the pupil limits the maximum achievable
beam width. Accordingly, lateral resolution in retinal imaging is less easily controlled when
imaging small mammals’ retinas.

The system’s NA also affects the depth of field:

FOVz ≈ 0.9nλ

NA2 . (2.4)

An increase in NA results in a reduced depth of field. Therefore, a trade-off between lateral
resolution and depth of field is required when optimizing system parameters.

2.1.4 Sample scanning

To acquire two- or three-dimensional images, a scanning system is essential. An A-line is
produced by a single measurement at a specific point, resulting in a one-dimensional axial
line of pixels. A two-dimensional image, known as a B-scan, is obtained by translating the
beam across the sample. When scanning is extended into a third dimension, a C-scan is
generated [1, 19].

Scanning is typically accomplished using a galvanometrically mounted mirror. Two princi-
pal scanning schemes can be distinguished: telecentric and non-telecentric [1]. Telecentric
scanning translates the beam laterally across the sample and is the most commonly em-
ployed method. Non-telecentric scanning, predominantly utilized for retinal imaging, alters
the beam’s angle at the pupil, thereby projecting this angular change onto different regions
of the retina.

Alternatively, full-field OCT acquires an entire C-scan simultaneously using a camera to
image multiple A-lines in parallel, rather than by sequentially scanning the sample. This
approach enables faster C-scan acquisition. However, it is incompatible with fiber-based
catheters and is more susceptible to bulk tissue motion artifacts [1].
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2.1.5 Signal processing

OCT measurements produce an interferogram that requires signal processing to generate an
image. The first step is to linearize the spectrum with respect to k. While Equation 2.1
expresses the OCT signal as a function of k, in practice, the measured signal is not sampled
perfectly linearly. This nonlinearity arises because swept-source lasers do not sweep linearly
in k. A k-clock can be employed to synchronize measurements to a linear k-space. Alterna-
tively, calibration measurements can be performed to resample and linearize the data [54].
Spectrometer-based systems may also require k-linearization to address similar issues.

Because the wavenumber depends on the refractive index, dispersion within both the system
and the sample can distort the signal and degrade axial resolution. Several methods exist
for dispersion correction. The primary approach is to empirically balance dispersion between
the sample and reference arms as closely as possible. Residual system dispersion can then be
characterized through calibration and numerically corrected [54]. Sample-induced dispersion
may be mitigated using iterative numerical techniques that maximize image sharpness [55].

The DC component of the signal can also be removed, as it primarily introduces artifacts
at the top of the image. A low-pass filter can be applied to eliminate this component.
Alternatively, in fiber-based systems, balanced detectors are commonly used to suppress the
DC component and isolate the AC signal containing the relevant spectral information.

The system’s overall transmission, which may vary with wavelength, can introduce a wavelength-
dependent modulation of the signal. This effect can alter the axial point spread func-
tion (PSF) shape. To improve the PSF, the signal envelope can be measured and normalized
to mitigate these influences.

The FFT algorithm used for the Fourier transform requires the spectrum to approach zero
at both ends; otherwise, distortions can be introduced into the image. Therefore, a Hanning
window is typically applied to the spectrum prior to transformation. Other window functions
may also be used, each offering a specific trade-off between the sharpness of the central peak
and the magnitude of secondary lobes in the axial PSF.

After the Fourier transform is applied, the resulting complex signal contains both the image
and its mirror image, arising from negative-frequency components. Some systems utilize these
negative frequencies to extend the maximum imaging depth; otherwise, only the positive
frequencies are retained.

The magnitude of the resulting signal constitutes the OCT image, while its squared value
yields the OCT intensity image. Both representations are typically displayed on a logarithmic
scale.
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2.2 Optical fibers and higher-order modes

Light propagates within step-index optical fibers as LP modes, each describing a distinct
spatial distribution of the light’s amplitude when guided. The total optical field in the
fiber is a superposition of all guided, orthogonal modes. Figure 2.2 illustrates the amplitude
distributions of the first guided modes for a step-index fiber. Depending on the fiber’s core
size and NA, a theoretically infinite number of modes may be supported.

Different modes propagate through the fiber at varying velocities due to their distinct ef-
fective refractive indices. Mode mixing can occur when the fiber experiences mechanical
perturbations, such as pinching or bending, which induce modal coupling.

This modal mixing poses significant challenges for fiber-based interferometric systems. Be-
cause each mode has a unique effective refractive index, random switching between modes
alters the optical phase, rendering stable interference with a signal from another fiber unfea-
sible. SMF are typically employed to mitigate this problem.

SMFs are designated as such because only the fundamental mode (LP01) is guided, thereby
eliminating modal mixing. For this reason, fiber-based OCT systems utilize SMF. However,
an SMF can only collect the portion of light matching the LP01 mode distribution.

Any arbitrary wavefront of light can be mathematically decomposed into a sum of constituent
wavefronts, with LP modes forming a suitable basis set for this purpose. Since only the LP01
mode is guided by theSMF, only the portion of the light field that can be described by LP01
is collected, effectively limiting both the detected signal and the information content. As a
result, OCT signals are restricted, and information present exclusively in higher-order modes
is rejected.

Free-space OCT systems encounter analogous challenges. If certain modes are present in
the sample arm but absent in the reference arm, they will not interfere and, thus, will
not contribute to the OCT signal. One strategy to address this issue involves introducing
light with high modal content into the reference arm and employing a detector array, rather
than a single-pixel detector, to capture the spatial structure of the interference wavefront, as
implemented in full-field OCT [1]. In such configurations, the presence of higher-order modal
content enables enhanced transverse resolution, permitting parallel acquisition of multiple A-
lines. However, these systems are restricted to free-space operation and are incompatible with
fiber-based catheters or the demultiplexing of signals from distinct modes.
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Figure 2.2 Amplitude distributions of the first guided photonic lantern modes for a step-index
fiber. The illustration corresponds to a transverse cross-section of the fiber core.

2.3 Mode-selective photonic lantern

MSPL [16,56–58] are a specialized type of PL [14] that functions as modal multi/demultiplexers.
The term ’photonic lantern’ is somewhat of a misnomer, as these devices bear no relation to
actual lanterns. In essence, a PL is a fiber-based coupler that is cleaved at its tapered re-
gion. The tapered section, where fibers from multiple branches merge, facilitates the mixing
of optical modes from each branch. This is accomplished by tapering the coupler, thereby
reducing the radius of the combined fibers and effectively transforming the taper into a larger
single fiber that supports additional guided modes. These new modes closely resemble those
of step-index fibers, as depicted in Fig. 2.2, due to the geometric similarity between the taper
and step-index structures.

The tapered region can support higher-order modes beyond those supported by the individ-
ual connected fibers, and the mixing of these modes enables the coupling of light between
branches. By cleaving the coupler at its taper, higher-order modes can be introduced or ex-
tracted via the taper region. The resulting structure functions as a PL, capable of collecting
higher-order modes and distributing optical power among its output branches.

The MSPL is a variation in which the selection of fused fibers and the taper geometry are
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precisely engineered so that each higher-order mode is selectively transmitted to a designated
branch rather than being randomly distributed among all branches, as depicted in Fig. 2.3.
This figure illustrates the selective demultiplexing of light into different branches according
to modal content; conversely, the device can operate as a multiplexer in the reverse direction.
Each branch of the MSPL can be interfaced with parallel OCT systems, enabling imaging with
higher-order modes and facilitating FM-OCT [17]. Each collected mode thus corresponds to
a distinct OCT channel, producing parallel images.

2.4 Few-mode optical coherence tomography

Fiber-based OCT is typically performed with an SMF, which restricts signal collection to the
fundamental (first-order) mode. When a multi-mode fiber is employed, higher-order modes
can also be collected. Because these modes are orthogonal, interference occurs only when
light is carried by the same mode in both arms. If a multi-mode fiber is used in OCT,
higher-order modes are collected, but they will not interfere with the reference arm signal if
the reference arm supports only the first-order mode. Additionally, different modes exhibit
distinct effective refractive indices, resulting in varying propagation delays and producing
images at different depths. Finally, bending a multi-mode fiber can induce modal coupling,
which mixes and scrambles the signal. For these reasons, OCT systems are generally limited
to using only the fundamental mode.

In recent years, efforts have been made to exploit higher-order modes for OCT imaging.
Interference was achieved between the light emerging from a few-mode fiber in the sample
arm and an SMF in the reference arm [15, 59]. The two signals were combined in free space
using a lateral offset. Without this offset, the modes, being orthogonal, would not interfere.
The lateral displacement enabled partial overlap between different modes, allowing sufficient
interference to produce an OCT image.

Figure 2.3 Schematic illustration of light collection and emission in a mode-selective photonic
lantern. Different spatial modes, indicated by distinct colors, are selectively separated or
combined by the mode-selective photonic lantern.
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Because of differences in optical path length among the modes, images formed from each
mode appeared at distinct depths. Modal mixing was minimized by maintaining the few-
mode fiber in a fixed position during imaging.

Bright- and dark-field OCT images generated with this approach could distinguish micropar-
ticles of different sizes, even when they were below the system’s nominal resolution. The
utility of this new contrast mechanism was demonstrated on ex vivo tumorous tissue in
glioblastoma and on neuritic plaques in Alzheimer’s disease [15]. Another group developed
a few-mode fiber OCT system and demonstrated its angularly diverse imaging capability,
achieving a novel type of contrast [59].

Our group previously developed a fiber-based FM-OCT system using an MSPL [17]. The
MSPL serves as a modal demultiplexer in the sample arm, separating each collected mode
into individual SMF. The signal from each SMF is then imaged independently using parallel
OCT systems. A schematic of a two-mode FM-OCT setup is shown in Fig. 2.4.

FM-OCT was shown to provide a distinct contrast depending on microparticle size and to
yield different PSF characteristics for each mode.

2.5 Modeling light

There are several approaches to modeling light, each with specific advantages and limita-
tions. In the context of this thesis, two distinct methods were investigated: the Monte Carlo
technique and the randomly positioned particle mirror method. As Monte Carlo simulations
are discussed in detail in the subsequent chapter, the present section focuses on the second
approach.

A straightforward method to simulate speckle in imaging is to model the sample as an
ensemble of particles that perfectly retroreflect light toward the detector. This approach is a
variation of methods previously described in the literature [60, 61] and closely resembles the
modeling strategies employed in OCT autocorrelation studies [62–64].

The light field is modeled at the beam waist, where the wavefront is assumed to be perfectly
planar. The amplitude distribution in the transverse directions, corresponding to the system
PSF or CSF [65], can be specified arbitrarily—for instance, using a Gaussian profile for a
Gaussian beam. Scatterers are represented as particles randomly distributed in space, each
acting as a perfect retroreflector. The incident wave is approximated as neither absorbed,
attenuated, nor scattered during propagation through the medium. The measured signal is
then given by the sum of all retroreflected contributions:
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Figure 2.4 Schematic of the few-mode optical coherence tomography system, including the
mode-selective photonic lantern, illumination and detection components, and two reference
arms, one for each mode.

E =
N∑

n=1
e

x2
n+y2

n
w e−i2knzn , (2.5)

where E is the complex amplitude (magnitude and phase) of the electric field from a single
pixel, n indexes the simulated scatterers, N is the total number of scatterers, xn, yn, and zn

are the spatial coordinates of each scatterer, w is the width of the Gaussian distribution used
to model the field, and kn is the wavenumber of the simulated light. The first exponential
term in the summation defines the signal amplitude, while the second term encodes the phase.

The Gaussian distribution is provided as an example; any distribution appropriate to the
modeled scenario may be employed. For instance, xe

x2
n+y2

w can be used to simulate detec-
tion by the LP11 mode. The field distribution function may also depend on the axial (z)
coordinate, depending on the application.

Typically, 10 to 20 particles are sufficient to emulate speckle statistics [60]. Because the
field distribution is finite (i.e., the simulated beam is not infinitely large), particles should be
randomly distributed only within the region where the beam amplitude remains significant.

To simulate flow, the scatterer positions can be updated over time, leading to a time-varying
signal:

E(t) =
N∑

n=1
e

xn(t)2+y(t)2
w e−i2knzn(t), (2.6)
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where t is the time at which E is calculated, and each particle can move with distinct
velocities or directions. As particles migrate out of the PSF range, the signal amplitude
gradually decreases. To maintain a consistent simulation, additional particles are introduced
from the direction of flow, ensuring an average of 10 particles near the center of the PSF.

Similarly, multiple adjacent pixels can be simulated by translating the center of the PSF,
analogous to a system scanning its beam over the sample. This approach enables the genera-
tion of spatially correlated speckle patterns in the simulation. Shot noise can be incorporated
by adding a random complex value to each measurement independently.

While multiple scatterers are required to generate speckle patterns, a single scatterer is suffi-
cient for simulating signal correlation in flow studies [63,64]. In this case, instead of randomly
distributing many scatterers, the average signal is computed over all possible scatterer posi-
tions. As before, positions where the PSF approaches zero are excluded from the simulation
due to the finite extent of the modeled field.

This model has proven useful for validating theoretical predictions related to speckle phe-
nomena. It can be employed to investigate changes in the speckle autocorrelation induced
by flow or to assess how speckle contrast is affected when multiple PSF are combined.

2.6 Flow measurement

Although speckle noise is often considered detrimental, it can also be utilized advantageously.
OCTA leverages temporal variations in the speckle pattern to identify blood vessels [1]. This
process typically involves acquiring several consecutive B-scans and calculating the variance
for each pixel across these scans. While the variance values may be indicative of flow speed,
they do not provide quantitative measurements.

Some research groups have developed look-up tables associating variance measurements with
flow speed; however, these estimations depend on several other parameters which may com-
promise reliability [66, 67].

Doppler OCT enables precise and accurate measurement of flow velocity in the axial direc-
tion [68]. However, most retinal blood vessels are oriented in-plane and orthogonal to the
imaging axis. Some systems acquire images of the retina at three different angles to address
this limitation [69]. Implementing such systems can be technically challenging or even in-
feasible, particularly in the small eyes of mice [70]. Moreover, recent studies have shown
that this method can overestimate flow speed [10]. It also imposes a limit on the maximum
measurable flow speed [62].

Neural networks have also been applied to this problem, but they have achieved only limited
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success and tend to overestimate flow speeds [71].

Speckle decorrelation provides an alternative approach for quantitative measurements [62–
64]. This method is applied in a similar manner to speckle variance. Several consecutive
scans are acquired, and the temporal image correlation is calculated.

Speckle decorrelation can be used in conjunction with speckle variance, where variance is used
to locate blood vessels, and correlation provides a quantitative estimate of flow speed [67,72].

Although primarily used for angiography, correlation-based approaches have broader applica-
tions. For example, they can be employed to correct image distortions caused by non-uniform
rotational scanning speeds [4].

Flow velocity is determined by measuring decorrelation at a specific delay or at multiple
delays, with the latter approach involving fitting the correlation curve to estimate particle
speed. When using a single delay for flow measurement, parameters such as diffusion, signal-
to-noise ratio, and bulk motion must be accurately known; otherwise, they can introduce
bias. Fitting the correlation curve across multiple delays is more robust to these sources of
error, but it is also more challenging to implement, as it requires imaging the same point
at very short intervals. Even when these factors are adequately addressed, inaccuracies can
arise due to Axial gradient velocity (AGV) and shadow artifacts [10, 73]. AGV refers to the
non-uniform axial component of flow within a single pixel, with sub-resolution variations
resulting in an overestimation of flow speed. Additionally, estimating sub-diffusive blood
speed remains problematic [74].

A key advantage of correlation methods is their ability to be modeled with relative ease
and accuracy, facilitating quantitative flow measurements without reliance on potentially
inaccurate look-up tables.

Two main variants are commonly employed: first-order correlation (g(1)), which correlates
the complex field (E) of the OCT signal, and second-order correlation (g(2)), which correlates
the signal intensity (I). For fully developed speckle patterns [62], a fully correlated signal
yields g(1) = 1 and g(2) = 2, whereas a fully decorrelated signal yields g(1) = 0 and g(2) = 1.

The measured correlation approaches its theoretical expectation only as the sample size
becomes very large; smaller sample sizes introduce random fluctuations in the calculated
values. As the sample size increases, the measured correlation converges toward the expected
value. Although not widely discussed in the OCT literature, these fluctuations are most
pronounced at low correlation values and are absent for fully correlated signals, as observed
in the autocorrelation curves of moving samples.

Smaller correlation windows—defined by the number of pixels and the temporal span over
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which correlation is calculated—provide higher spatial or temporal resolution but decrease
correlation accuracy.

First- and second-order correlation methods are not equivalent. The first-order correlation
is more accurate and provides information about the Doppler effect, but requires phase
stability within the system, which may be technically challenging to achieve. The second-
order correlation is simpler and more robust, but offers lower accuracy.

Despite the range of proposed methods, achieving accurate quantitative flow measurements
in all dimensions remains a significant challenge.
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CHAPTER 3 ARTICLE 1 - MCOCT: AN EXPERIMENTALLY AND
NUMERICALLY VALIDATED, OPEN-SOURCE MONTE CARLO

SIMULATOR FOR OPTICAL COHERENCE TOMOGRAPHY

This publication presents the first experimental validation of a Monte Carlo simulator for
OCT image generation. Although several such simulators have been developed, prior val-
idations were limited to theoretical assessments. The project originated as a postdoctoral
project of Udayakumar Kanniyappan, with support from Raphaël Maltais-Tariant, and was
subsequently continued by Raphaël and ultimately completed by Khaliun Erdenedalai under
Raphaël’s supervision.

The objective of this study was to validate Monte Carlo methods for accurate OCT signal
simulation by reproducing experimental attenuation curves as functions of both the sample’s
optical properties and the system’s numerical aperture.

The potential applicability of this approach for simulating FM-OCT signals was not examined
in this publication.
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to the revision of the article.
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Abstract: Here, we present MCOCT, a Monte Carlo simulator for optical coherence tomog-
raphy (OCT), incorporating a Gaussian illumination scheme and a bias to increase backscat-
tered event collection. MCOCT optical fluence was numerically compared and validated
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against an established simulator (MCX) and showed concordance at the focus while diverg-
ing slightly with distance from it. MCOCT OCT signals were experimentally compared and 
validated against OCT signals acquired in tissue-mimicking phantoms with known optical 
properties, showing a similar attenuation pattern with increasing depth while diverging be-
yond 1.5 mm and proximal to layer interfaces. MCOCT may help in the design of OCT 
systems for a wide range of applications.

Article published: Biomedical Optics Express, January 2024

DOI: 10.1364/BOE.504061

Submitted: 06 septembre 2023

3.1 Introduction

Optical coherence tomography (OCT) is a high-resolution, non-invasive imaging technique 
increasingly used for medical and biological applications. It is based on the principle of low-
coherence interferometry, which relies on utilizing a light source with a broad wavelength 
bandwidth to ensure coherence gating, thus leading to a high axial resolution of a few mi-
crons [75]. In OCT systems, an interference spectrum is created by combining the reflected 
light from a reference mirror with that from the sample arm. This pattern is used to obtain 
a reflectance p rofile of  th e sa mple as  a fu nction of  de pth, na mely an  OC T A- line. OCT 
imaging primarily relies on detecting ballistic and quasi-ballistic backscattered photons from 
turbid environments, such as biological tissues. As light penetrates deeper into the tissue, 
its intensity decreases exponentially due to scattering and absorption, subsequently limiting 
the imaging depth to a few millimeters. OCT is now a standard diagnostic tool in the field 
of ophthalmology and a promising candidate in various other fields, i ncluding cardiology, 
dermatology, gastroenterology, and laryngology [76–79].
Light propagation in a turbid medium can be modeled in simple geometries by analytically 
solving the radiative transfer equation (RTE) [80]. However, when imaging biological tissue 
with high scattering properties, the mean free path of light within the tissue is short, which 
renders the RTE calculation and its inverse problem reconstruction too complex. In such 
cases, numerical simulation techniques using Monte Carlo (MC) methods have emerged as 
the gold standard for modeling photon interactions in biological tissue [81–86]. With MC, 
light is considered a collection of photon packets tracked as they undergo multiple events of 
reflection, refraction, absorption, and scattering while traveling through the turbid medium. 
Over the past years, several MC algorithms have been developed, amongst which Monte 
Carlo multi-layered (MCML) is the most widely known, forming the foundation of numerous

https://doi.org/10.1364/BOE.504061
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other simulators for biomedical applications [83]. In MCML, an ensemble of photon packets
is launched as a pencil beam and perpendicularly to the surface of a multi-layered medium,
with a simulated beam geometry that is cylindrically symmetric around the z-axis. The use
of voxels, tetrahedrons, and 3D volumetric meshes further allowed the extension of planar and
cylindrical geometries to model more realistic tissue structures [85,87–90]. To accelerate the
speed and improve computational efficiency, it was also proposed to use a graphics processing
unit (GPU), enabling simultaneous simulations of a higher number of photon packets [91,92].
Monte Carlo methods were previously applied to simulate OCT signals [84,93–100] and some
open-source OCT simulators recently became available [101–103]. Monte Carlo simulation
for tissue layers with embedded objects for OCT (MCEO-OCT) is a modified version of
MCML that embeds geometric shapes in the multi-layered tissue to mimic vessels and uti-
lizes the method of importance sampling to accelerate the computation time [101]. The
OCT massively parallel simulator (OCT-MPS) is based on an MC approach that exploits a
tetrahedron mesh and GPU programming [102]. These two simulators were developed for
time-domain OCT applications as only photons describing a path length difference with the
reference path length smaller than the coherence length of the OCT system are tagged as
contributing to the signal. For Fourier-domain applications, three MC simulators have previ-
ously been developed: one uses a layered tissue geometry with Gaussian beam focusing [104],
another exploits a 3D voxel system with a pencil beam [105], while the third tool proposed an
acceleration scheme based on importance sampling with a phase-function depend on wave-
length [103]. The latter tool is open-source. These tools can be used to understand OCT
signals better, aid in the instrumental design and development of OCT-based applications,
guide the development of OCT signal processing algorithms, and more recently train neural
networks to improve OCT image reconstruction [84,93–99,101,102,104–107].
In this work, we propose an open-source Fourier-domain simulator, MCOCT, modified from
MCML 3D voxel geometry mcxyz, in which we implemented modifications to accommodate
the particular requirements of Fourier-domain OCT. To achieve depth-resolved reflectometry
in addition to simulating photon propagation, photon packets are simulated at a single cen-
tral wavelength and tracked to record their traveled distance and extract phase as a function
of wavelength. This strategy allows mimicking coherence gating. A photon detection system
with an angle of acceptance was also implemented to mimic the numerical aperture of the
imaging system [84]. To achieve a significant signal-to-noise ratio and expedite computation
time, importance sampling was also employed [98, 108]. Gaussian illumination was further
incorporated to model the light intensity profile and better represent OCT imaging. For
numerical validation, the optical fluence rate generated by MCOCT was compared to the
one simulated by Monte Carlo eXtreme (MCX) [92] using the same optical properties and
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geometry. For experimental validation, OCT signals generated by MCOCT were compared
to OCT signals acquired at specific numerical apertures in synthetic phantoms with known
optical properties.

3.2 Material and methods

In the following subsections, we will sequentially describe the specific parts of the MCOCT
simulator.

3.2.1 Monte Carlo photon propagation

A standard MC simulation starts with the launch of a photon packet into a medium that is
defined by its index of refraction n, absorption coefficient µa, scattering coefficient µs, and
anisotropy coefficient g [83]. For voxel-based approaches, each voxel is associated with a
tissue type and its optical properties. Photon packets randomly propagating through the
geometry are associated upon launch with a weight W = 1 representing the packet intensity
that decreases as it undergoes events. At the site of an absorption interaction, W is updated
according to W = W · exp −(µa · s), where s is the distance traveled by the photon in that
step [83]. In the case of a scattering interaction, the diffusion direction is calculated from
the azimuthal angle ϕ and the deflection angle θs [80]. ϕ is uniformly distributed in the
range [0, 2π], whereas θs is typically modeled by the Henyey-Greenstein (HG) function fHG

that depends on the optical properties of the medium [109,110]. Since most biological tissues
have an anisotropy coefficient g ∈ [0.90, 0.95] at the clinically applied wavelengths of OCT,
the photons are more prone to scatter in the forward direction [111]. When W is below
a predetermined critical threshold, a roulette process begins in which the photon packet is
associated with a probability to continue its propagation, otherwise, the sequence is termi-
nated for this particular photon packet, and W is zeroed [83]. The simulation ends upon the
termination of all photon packets.

3.2.2 OCT signal simulation

In order to simulate OCT A-lines, we introduced a new beam-focusing method based on
Gaussian beams, used statistical methods to increase the probability of photon detection,
tracked photons path lengths, and incorporated a system mimicking photon illumination and
detection.
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Gaussian beam description

In OCT, beam focussing impacts both signal intensity and resolution. The diffraction-limited
focal spot of a Gaussian beam at a certain wavelength λ is determined by its beam waist w0.
Employing the paraxial approximation, the beam waist can be described as w0 = 2λf/(π ·D),
relative to the focal length of the imaging lens f , the beam center wavelength λ and the beam
diameter at the lens D [112]. In OCT imaging, light propagates through several layers of
different indices of refraction ni with each layer affecting the axial position and the width
of the beam waist, i.e., the beam curvature. Figure 3.1 illustrates the curved trajectory of
such a beam depicting the individual parameters where z = 0 corresponds to the sample
surface, described by the red line. The position of the focus in the tissue is given by zf and
the distance between the tissue surface and imaging lens by zf,I , presenting a more general
approach compared to assuming the focusing lens to be at z = 0 [112].
To implement this beam curvature in the MC method, the beam was focused by propagating
photons along the trajectory by a small step unit smin to the next position (x, y, z). Thereby,
the unit of the step size is defined by the optical properties of the tissue. After each step,
the direction unit vector û is updated to ensure precise photon tracking along the initial
trajectory. Considering a photon propagation through two layers of differing refractive indices
n1 and n2, the beam waist of the initial beam in a medium with n2 can be described as

w0,n2 = λ · n2

π · n1 · arctan
(

D
2f

) . (3.1)

The Rayleigh range of the beam zR in the medium of n2 is

zR,n2 =
π · w2

0,n2 · n2

λ0
(3.2)

and the radius of curvature of the beam R(z) in the medium at a position z can be expressed
as

Rn2(z) = −zf,L ·
(

1 + zR,n2

zf,L

)2

, (3.3)

where zf,L is the axial distance between the focal plane in the medium and the photon
position, which is updated after the photon moves. The resulting direction vector has an
orientation perpendicular to the radius of the curvature of the beam and is consequently
given by

û = 1√
1 + x2+y2

Rn2 (z)2

(
− x

Rn2(z) , − y

Rn2(z) , 1
)

. (3.4)
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The photon packet propagates by smin until it undergoes its first scattering event, after
which it propagates in accordance with a traditional MC simulation [83]. To allow the
photon packet to follow a curved path, the packet is moved by a distance smin before its
direction û is recalculated using Eq. 4. The photon is moved this way until it has traveled
the entire distance s. To assess the performance of the Gaussian illumination, simulations
were performed with a pencil beam and a geometric focused beam [83,92].
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w0,n2

wn2(z)
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θn1

f
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Figure 3.1 Description of the geometry and parameters used to simulate the Gaussian
focusing beam. The dashed lines show the trajectory in a crossing propagation. Variables

are described in Table 3.5 of the Appendix.
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Importance sampling and photon splitting methods

To increase the probability of backscattering events, the method of importance sampling was
implemented and combined with photon splitting (see flowchart in Fig. 3.2) [98,108]. Impor-
tance sampling is a probabilistic method to accelerate MC simulations for OCT by biasing
random events leading to backscattering, thereby increasing the probability of photon detec-
tion and thus enhancing computational efficiency. An updated biased scattering function fB

based on the HG probability density function fHG was then introduced. After a scattering
event, this function modified the photon propagation direction to be oriented towards the
detector, i.e., the collecting fiber system. The resulting bias was corrected by introducing a
corresponding likelihood ratio as

L(cos θB) = fHG(cos θS)
fB(cos θB) , (3.5)

where L expresses the ratio between the probability of observing the biased scattering angle
in an unbiased simulation θS and in a biased simulation θB. This likelihood ratio was tracked
throughout all scattering events to ultimately adjust the weight of collected photon packets.
Additional scattering, biased or unbiased, can be applied once the photon undergoes a first
biased scattering event. To ensure the forward scattering of some photons, photon splitting
was applied such that photons, who never experienced bias-scattering, were split into two
halves. One-half scattered in a biased manner towards the collecting fiber according to fB

with a likelihood of L and the other unbiased by continuing the forward propagation pursuant
to fHG with an assigned likelihood of L′ = 1 − L. This last packet is considered to have
never experienced bias-scattering in Fig. 3.2 and would thus split again at the next scattering
event.

Optical configuration and tracking algorithm

Optical illumination and detection configurations were simulated using illumination and pho-
ton collection modules with identical properties of numerical aperture (NA), geometry, and
spatial locations. Simulations of multiple A-lines were achieved by varying the lateral po-
sitions of the illumination and detection fibers. When the backscattered photon returned
within the fiber’s NA and radius, the photon was labeled as detected. The traveled distance
of the photon packet in each different layer was tracked as opposed to the fluence absorbed by
the sample. This strategy allowed us to adjust the phase of the signal for media with different
refractive indices afterward. Upon photon detection, the cumulative traveled distance (total
pathlength TP ), weight W , and likelihood L of each photon were saved.
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Figure 3.2 Flowchart describing the scattering process of the simulator. The randomly
generated number is noted ξi ∈ [0, 1] while p is the probability for biased versus unbiased

scattering.

This method was implemented by modifying an existing open-source C-language software
package that is available on the website of the Oregon Medical Laser Center [87]. The
MCOCT photon tracking algorithm flowchart is shown in Fig. 3.3 and describes the steps
of a standard MC simulation (gray background) as well as our methodological contribu-
tions (white background).

3.2.3 OCT signal reconstruction

For each A-line defined by a lateral (x) position of the illumination/detection fiber mod-
ule, a number N of detected photons with their corresponding weight, likelihood, and total
pathlength was acquired. These parameters were then used to reconstruct the OCT signal fol-
lowing a series of mathematical processes described in Fig. 3.4. To calculate the signal across
the spectral bandwidth ∆λ at a central wavelength λ0, a discrete k array corresponding to the
mth wavenumber (km = 2πn/λm) was created with λmin = λ0−∆λ/2 and λmax = λ0+∆λ/2. The
collected signal SS(km) from the sample was then reconstructed as a function of wavelength
and for all j detected photon packets using this expression:

SS(km) =
N∑

j=1

√
WjLj exp(−i · km · TPj). (3.6)
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Figure 3.3 MCOCT Flowchart. Variables are described in Table 3.5 of the Appendix.
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The reference arm signal amplitude SR(km) was calibrated as the average of the modulus | · |
of the signal amplitude of the sample arm to ensure comparable power in both arms :

SR(km) = mean(|SS(km)|). (3.7)

By emulating a balanced detection configuration, the signal at the detector was generated
by interfering the sample arm signals SS(km) with the reference arm signals SR(km) and
therefore creating the interference fringe signal I(km) defined by

I(km) = |SS(km) + SR(km)|2 − |SS(km) − SR(km)|2. (3.8)

Consequently, I(km) was defined as a function of the wavelength and required further Fourier-
domain processing to generate the OCT signal as a function of depth by applying a Hanning
window, zero padding, and discrete Fourier transform. These processes were performed in
Matlab (Version R2021a, Natick, MA, USA).

Save data: TPN ,WN , LN k-sampling
Reconstruct
sample signal

SS(km)

Compute
reference signal

SR(km)

Interfere sample
and reference
arm to receive
intensity I(km)

Apply Hanning
window

Zero paddingFourier
transform

OCT signal as a function of depth

Figure 3.4 Optical coherence tomography (OCT) signal reconstruction. Definitions of
variables: TPN , total pathlength; WN , weight; LN , likelihood; N , N th collected photon
packets; k, wavelength; SS(km), signal amplitude from the sample arm; SR(km), signal

amplitude from the reference arm; I(km), reconstructed OCT signal.

3.2.4 Tissue-mimicking optical phantoms

Optical phantoms based on the optical properties of biological tissues were fabricated and
characterized to validate this simulator.

Fabrication

To validate our simulator, optical phantoms mimicking biological tissue were developed with
polydimethylsiloxane (PDMS) matrices. PDMS was selected for an accurate representation
of the refractive index n ∼ 1.4 of biological tissue [113]. The matrix demonstrates good
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durability and is visible with the OCT system at a wavelength of 1310 nm. Nigrosine was
utilized as the absorbing agent and titanium dioxide powder as the scattering agent to mimic
biological tissue (see Table 3.1). Three one-layer phantoms and one bi-layer phantom were
fabricated with different optical properties by varying quantities of nigrosine and titanium
dioxide. The bottom layer of the bi-layer phantom was created using the same recipe as the
one-layer phantom #3, wherefore the properties of these layers are assumed equal.

Optical properties characterization

The absorption coefficient µa and reduced scattering coefficient µ′
s defined as µ′

s = (1 − g)µs

were determined for the one-layer phantoms. To acquire the transmission and reflection
spectra, a LAMBDA 1050 spectrophotometer from PerkinElmer (Waltham, MA, USA) was
used. This commercial device is equipped with a single integration sphere capable of receiving
both diffuse and specular lights. The collected spectra were processed using the inverse
adding-doubling method to estimate µa and µ′

s [114,115]. The determination of the anisotropy
coefficient g was unattainable through direct measurement and was thus estimated by fitting
OCT A-lines measured experimentally (see Sec. 3.2.4) to a theoretical model. In a first
approximation, assuming a homogeneous turbid medium, the signal amplitude I(z) at a
depth z can be modeled as a single exponential decay function following a variant of the
Beer-Lambert law [116–118]:

I(z) = I0 exp(−2(µa + µs) · z), (3.9)

where I0 is the incident light intensity. The factor 2 in the exponential decay accounts for
the round-trip photon propagation typical to OCT. Assuming a direct measurement of µa,
the fitting procedure allowed to extract µs. Visual inspection of the fit was performed in the
range of depths z = [0.2, 0.5] mm, where z = 0 referred to the sample’s surface. This range
was selected to avoid the impact of Fresnel’s reflection. This model is also called the single
scattering model, which assumes that the detected backscattered light undergoes only one

Table 3.1 Quantities of the scattering (titanium dioxide) and absorbing (nigrosine) agents
of the phantoms developed with polydimethylsiloxane (PDMS) matrices.

Phantom #
1 2 3 4: top layer 4: bottom layer

Titanium dioxide [mg/g of PDMS] 8.5 3 1.5 6 1.5
Nigrosine [mg/g of PDMS] 25 25 25 25 25



31

scattering event in the sample. Measured optical properties are described in Table 3.2 and
represent biological tissue for OCT imaging at 1310 nm [111,119].

OCT imaging of phantoms

OCT imaging was performed with a VCSEL Fourier-domain system (Thorlabs, NJ, USA) at
λ0 = 1310 nm with ∆λ = 130 nm. Two lenses of different focal lengths were used: a short
one with f = 30 mm and a long one with f = 75 mm. The position of the focus inside
each optical phantom zf was determined separately for each focal lens and summarized in
Table 3.3. For each experiment, OCT imaging generated 300 A-lines which were averaged
for comparison with MCOCT.

3.2.5 MCOCT simulations for comparison with MCX simulations

To validate the beam focusing performance, the flux output (optical fluence rate) generated by
MCOCT was compared to the one from MCX [92]. The accumulated energy was stored within
the 3D voxel matrix during the simulation. The 3D matrix with the deposited weight was
normalized relative to the input power, resulting in the local absorption rate per watt (W) of
the incident light in units of W/cm3/Wincident. Dividing this rate by the absorption coefficients
of the corresponding voxels resulted in the local fluence rate Φ in W/cm2/Wincident. The
tissue was represented in both simulators by a 200 × 200 × 300 voxel geometry with isotropic
voxels of 0.001 cm3. The distance between the imaging lens and tissue surface zf,I was set
at 0.85 cm with a beam width at imaging lens D = 0.1 cm. In MCOCT, the illumination
beam had a Gaussian profile at the imaging lens. In MCX, the trajectory was simulated
as a hyperboloid of one sheet and the photon packets propagated in straight lines along the
double-ruled surface, thereby mimicking a Gaussian-distributed photon launch [92]. For both
simulations, optical properties were µa = 0.001 cm-1, µs = 0.01 cm-1, n = 1, and g = 0.5.

Table 3.2 Optical properties of the phantoms characterized by spectrophotometry: µa,
absorption coefficient; µ′

s, reduced scattering coefficient; n, refractive index; g anisotropy
coefficient.

Phantom # Geometry µa [cm-1] µ′
s [cm-1] n g

1 one-layer 0.0922 16.79 1.4303 0.7
2 one-layer 0.147 6.58 1.4240 0.8
3 one-layer 0.118 2.55 1.4409 0.9

4 top layer of bi-layer 0.0912 13.23 1.3844 0.5
bottom layer of bi-layer 0.118 2.55 1.4409 0.9
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Table 3.3 Position of focus zf [mm] below the phantom surface for each focal lens f .

Focal length f [mm] Phantom #
1 2 3 4

f = 30 0.618 0.552 0.602 0.9
f = 75 1 1.16 1.14 0.9

MCOCT and MCX simulations were executed using 106 photon packets and were run on a
desktop computer equipped with an Intel(R) Xeon(R) E5 CPU at 3.50GHz, 16GB RAM and
an NVIDIA TITAN Xp card.

3.2.6 MCOCT simulations for comparison with OCT imaging in phantoms

Optical properties from Table 3.2 were used to generate OCT A-lines with MCOCT. Impor-
tance sampling was incorporated with a bias coefficient of a = 0.9 and an additional bias
probability of p = 0.8, as defined in [98, 108]. A minimum step smin = 10−4 cm was used for
these simulations. A scheme of 1000 equidistant illumination and detector pairs along the
x-axis from x = −1 cm to x = 1 cm was used and resulted in simulating 1000 A-lines for
a single B-scan. To minimize simulation time, a one-voxel slab of 2 × 2 × 0.5 cm3 was used
to model the one-layer phantoms. For comparison with the bi-layer phantom, the medium
was modeled as a two-voxel slab of 2 × 2 × 1.8 cm3. For all simulations, the incident light
beam diameter at the focusing lens D was set to 0.07 cm for imaging at λ0 = 1310 nm.
For OCT signal reconstruction, λmin = 1245 nm and λmax = 1375 nm. Optical properties
were approximated to be constant over the OCT reconstruction spectrum. All simulations
were executed using between 108 and 109 photon packets and were ran on the same desktop
computer as above. Simulated A-lines are further averaged among detectors (1000) to reduce
speckle contrast.

3.3 Results

Figure 3.5 (a) and (b) show the optical fluence rates Φ at y = 0 mm generated by MCOCT
and MCX, respectively. In both simulations, the beam appears curved as expected for a
Gaussian distribution. The simulation time was 60 seconds for MCOCT and one second using
MCX. Figure 3.5 (c) shows a very good agreement between optical fluence rates simulated
along the x-axis at the depth of the beam focus (z = 1.5 mm) by MCOCT (red) and MCX
(blue). Figure 3.5 (d) presents the optical fluence rates simulated along the z-axis at a fixed
x-position (x = 0 mm) by MCOCT (red) and MCX (blue). Both curves progress similarly
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around the beam waist but show more discrepancies with distance including a fastest decrease
for MCX compared to MCOCT.
Figures 3.6 and Fig. 3.7 show the comparison between A-lines generated by MCOCT (blue)
and those measured in the 4 experimental phantoms (red) using an imaging lens with a focal
length of f = 30 mm and f = 75 mm, respectively. At f = 30 mm, the attenuation of the
MCOCT A-line follows a similar pattern to experimental data in the one-layer phantoms
except in a region close to the surface of the sample where the signal intensity is lower
in experimental data. In the bi-layer phantom (phantom #4, (d)), the change of optical
properties from the superficial layer to the deep layer is marked by a transient change in
signal intensity at a depth corresponding to the interface between layers (0.9 mm). A change
in the attenuation slope is also observed with the change of optical properties between layers.
For all comparisons, the accuracy of the simulated data also decreased with increasing depth
as a result of lower signal intensity due to fewer collected photons. At f = 75 mm, signal
intensity patterns were similar to that of f = 30 mm while signal intensity close to the surface
presented a more accurate qualitative match. For both focal lengths, A-lines obtained by
simulating a pencil beam and a geometric focused beam differed significantly from the A-line
simulated with the Gaussian beam as well as from experimental OCT signals acquired in
Phantom #1 (see Fig. 3.8 in Appendix).
Table 3.4 reports computation times for generating a B-scan of the phantoms presented in
Fig. 3.6 and Fig. 3.7 along with the quantity of simulated and detected photons. Detected
photons varied between 1.5 × 105 to 2.9 × 106 for a number of photons launched varying
between 108 to 109, yielding a ratio of detected/launched between 0.0525 and 0.33%.

3.4 Discussion

In this work, an OCT simulator (MCOCT) based on Monte Carlo methods was implemented
and validated. The simulator was based on a Gaussian illumination profile and the impor-
tance sampling method as well as signal reconstruction in the Fourier domain. The numerical

Table 3.4 Computation time and quantity of launched and detected photons for MCOCT
simulations presented in Fig. 3.6 and Fig. 3.7.

Figure
3.6a 3.6b 3.6c 3.6d 3.7a 3.7b 3.7c 3.7d

Photons launched 109 109 109 108 108 108 108 4 × 108

Photons detected 1.5 × 106 2.2 × 106 2.5 × 106 2.9 × 105 1.5 × 105 2.2 × 105 3.3 × 105 2.1 × 105

Total time (hours) 31.5 30.8 33.3 1.5 3 3 3.3 6.7
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(a) (b)

(d)(c)

Figure 3.5 Optical fluence rates ϕ [W/cm2/Wincident] comparison between (a) MCOCT and
(b) MCX simulated with the same optical properties. (c) Comparison of optical fluence

rates along x at z = 1.5 mm and y = 0 mm generated by MCOCT (red) and MCX (blue).
(d) Comparison of optical fluence rates along z at x = 0 mm and y = 0 mm simulated with

MCOCT (red) and MCX (blue).

comparison with MCX [92] and experimental comparisons with OCT imaging in phantoms
with known optical properties allowed us to assess and validate the performance of MCOCT.
This work proposes an experimental validation of an MC package for OCT combining bias
scattering, detection with various NAs, phase extraction from the photon’s traveled distance,
and Gaussian beam focusing.
In OCT systems, the high lateral resolution is achieved through tight focusing of the prob-
ing beam, which can be performed by the implementation of a Gaussian focusing profile. A
method considering the wave nature of photons was developed by focusing the light along the
curved trajectories in accordance with Gaussian optics to a diffraction-limited focal spot. In
the simulation, a low scattering coefficient was selected to better visualize the curved Gaus-
sian trajectory of photons. When compared to MCX hyperboloid [92], the diffraction-limited
spot size at the focus w0,n2 matched well. Optical fluence rates from the two simulators
showed an overlap in progression around the beam waist. With distance to the beam waist,



35

(a) (b)

(d)(c)

Figure 3.6 Experimentally obtained (red) vs. simulated (blue) OCT A-lines using an
imaging lens of f = 30 mm of (a) Phantom #1, (b) Phantom #2, (c) Phantom #3,

and (d) Phantom #4.

the fluence rates varied, which may be due to the different approaches used for mimicking
the Gaussian photon trajectory (hyperboloid vs. Gaussian optics). The fluence generated
by MCOCT was similarly higher at the surface of the medium (z = 0 mm) and in-depth
(z = 3 mm) compared to MCX. Using the importance sampling method in MCOCT reduced
the number of photons that scattered in the forward direction, which also includes photons
that should have exited the bottom boundary of the medium but were biased back to the
surface. While this number is reduced for MCOCT, the fluence was corrected by the biased
likelihood ratio and therefore does not explain the higher fluences observed with distance
from the beam waist. If the likelihood ratios were not corrected for the biased scattering, the
disparity between fluences calculated by MCOCT and MCX at the sample’s surface would be
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(a) (b)

(c) (d)

Figure 3.7 Experimentally obtained (red) vs. simulated (blue) OCT A-lines using an
imaging lens of f = 75 mm of (a) Phantom #1, (b) Phantom #2, (c) Phantom #3,

and (d) Phantom #4.

different from that of the bottom. When focusing the light in MCOCT, the photon packet
propagated by minimal steps allowing us to track the voxel in which the photon packet
was located more accurately and adapt the direction in case of changing optical properties.
This strategy allowed us to bypass the need to solve an equation of motion previously pro-
posed [104, 112]. Then, only smin needs to be adapted and mainly depends on the voxel
geometry. In MCOCT, the importance sampling method was used to increase the occurrence
of backscattering, thereby reducing computational costs for OCT signal simulation, while in
MCX all photons scattered according to the HG function. The difference in computation
time between the two tools is mainly due to the computational architecture as MCX uses
GPU resources while MCOCT uses CPU resources. The performance of the Gaussian illu-
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mination was also clear when comparing it with simulations performed with a pencil beam
and a geometric focused beam.
When compared with OCT A-lines acquired in phantoms using a short focal length (30 mm),
A-lines reconstructed by MCOCT differed within the first ∼0.2 mm. This pattern was not
observed at a longer focus (75 mm), where MCOCT matched OCT imaging in the four phan-
toms. This discrepancy is likely due to the reflection of light at the phantom surface, which
is not considered in the simulator. When the surface has slight tilts, the coupling of reflected
light with the incident light is higher for shorter focal lengths, leading to enhanced distortions
in the A-line at the surface. It is also possible that a more accurate detection scheme [104]
and scattering function [100,103] would provide a better match between MCOCT and exper-
imental A-lines. The decrease in OCT signals with increasing penetration depth is expected
as the probability of photon absorption also increases with greater propagation. A gradual
deviation between A-lines generated by MCOCT and phantoms imaging occurred beyond
a depth of about 1 to 1.5 mm. This difference is likely due to the fact that fewer photons
reached these depths and were detected. The deviation was more prominent in one-layer
phantoms imaged at the focal length of 30 mm compared to 75 mm. The reason behind this
is unclear to us at present and is a current limitation of the simulator. For OCT applications
in biological tissue, this limitation may not be a significant concern as typical OCT systems
are designed to provide an imaging depth of approximately 1.5 mm [80].
The accurate characterization of signal intensity at interfaces is challenging when modeling
complex geometry with multiple layers. When the change in refractive index occurs at the
interface of two layers, photons undergo either reflection or refraction, which are mathemat-
ically described by Fresnel’s equation [80]. MCOCT signal intensity simulated proximal to
the interface of the two layers in the bi-layer phantom did not match the one from OCT
imaging at either focal lengths. Fresnel reflection was not implemented in MCOCT and this
discrepancy may be mitigated by considering such reflections as in previous works [104].
Minimizing computational costs is challenging when considering complex media with optical
properties mimicking biological tissue. The computation time was higher for phantoms with
higher scattering coefficients as these simulations presented more scattering events. For ex-
ample, generating the OCT signal with the same quantity of detected photons for phantom
#1 required higher computational resources than for phantom #3 as scattering was ∼6 times
higher (see Table 3.4). Also, the quantity of photon packets launched when initiating the
simulation dictates the computation time as well as the ratio of detected photons (0.0525 to
0.33%) that contributed to the OCT signal. As expected, simulations that used 109 photon
packets (one-layer phantoms at f = 30 mm) were ∼10 times longer than simulations that
launched 108 photon packets (one-layer phantoms at f = 75 mm). For the bi-layer phantom,
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a similar pattern was observed as the simulation using 4×108 photon packets (at f = 75 mm)
took ∼4 times longer than one using 108 photon packets (at f = 30 mm).
In addition to the computational efficiency of the MC process, the number of voxels included
in the geometry also affected the computational time of MCOCT. Each time a photon packet
propagates by the distance prescribed by smin, MCOCT estimates its distance to the voxel
boundary, which represents several occurrences when considering a geometry with a high
number of voxels. This step is essential for geometry designed with multiple layers as optical
properties have to be modified when propagating through different tissues. The voxel size
also dictates the spatial resolution of the optical fluence rates. A strategy to minimize the
number of crossing-boundary events is to use one voxel for each layer with the voxel size in
the axial direction being equal to the layer thickness. This simple design can be used for sim-
pler geometry such as rectangular slabs but is less appropriate for complex media. The axial
resolution of the simulated OCT data is achieved through the imaging spectrum, whereas the
quantity of simulated source/detector positions dictates the lateral resolution of the B-scan.
The use of large voxels for simple geometry did not affect the lateral resolution of the OCT
image. Another factor that influenced the computation time was the minimal step used to
generate the Gaussian focusing beam. The selection of a short minimal step will increase
the accuracy of individual photon trajectories but also increase the occurrences with which
the trajectory has to be updated. Previous methods have been proposed to automatically
adjust the step size during the simulation [112]. In MCOCT, an adjustable step could be
implemented but it is not clear how it would reduce computation time while maintaining high
accuracy. Another time-consuming procedure in the Monte Carlo module was the random
number generation that is needed for each scattering event. Generating one random number
each time could be substituted with an a priori array of random numbers generated prior to
the simulation.
Our work has several limitations. MCOCT simulations were run on a single CPU thread,
which limited speed compared to GPU-based simulators [92, 100, 102, 103]. Accelerating
methods such as parallel computing by Compute Unified Device Architecture (CUDA) will
be explored for future versions of MCOCT. Using this architecture would also allow per-
forming the initialization, simulation running, postprocessing, and visualization entirely in
Matlab. Therefore, users would not need a separate UNIX-emulating console shell to run a
compiler and the MC executable, nor would there be a need for intermediate input/output
files, which additionally would save storage space. Parallelization would allow simulating a
higher quantity of photon packets leading to higher accuracy of the OCT signals at higher
sample depths. Noise and/or dispersion were not added to MCOCT signals before recon-
struction, but could be added to the reconstructed OCT signal in future works. MCOCT
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used a scheme of 1000 illumination and detectors along the x-axis to generate a B-scan image.
Since the geometry is described using a 3D voxel system, it is also possible to simulate a scan
over the y-axis to reconstruct 3D volumes. However, a 3D scan would currently result in a
significant increase in computation time. The demonstration of the ability to generate 3D
volumes would be more relevant with a code based on parallelization using GPU.
Monte Carlo methods are the gold standard for studying photon propagation in turbid me-
dia [81, 86, 120] and have been instrumental in investigating the relationship between tissue
optical properties and imaging results for several techniques including FD-OCT [100,121]. An
accurate analytical/numerical modeling of FD-OCT imaging is critical to study light-tissue
interactions, including speckle contrast [122,123], dispersion [124,125], and multiple scatter-
ing [126, 127]. A better understanding of these optical phenomena via accurate simulations
may help to design an instrument, optimize data acquisition specs and image reconstruction
parameters. Numerical and in vitro experiments are often used to produce preliminary results
that can guide the development of an in vivo experimental protocol to answer a scientific
question.
While further enhancements remain necessary, our open-source simulator can be employed
for model validation and system optimization by generating OCT signals across a wavelength
spectrum to ascertain the appropriate NA to achieve the desired contrast and its observable
depth. Simulating the impact of varying NA or different modes of a photonic lantern [128]
can determine the feasibility of achieving a substantial contrast. Our tool can also con-
tribute to the planning of in vivo experiments to provide preliminary estimates of specific
biomarkers such as changes in retinal layer thickness to characterize particular physiologi-
cal/pathological conditions [12]. Previous applications [84,93–99,101,102,104,105] and more
recent ones involve the generation of OCT image datasets that can be used in the train-
ing of neural networks aimed at tackling the inverse problem in OCT. Some groups already
proposed Monte Carlo simulation platforms to generate realistic OCT images for predictive
model training [106,107].

3.5 Conclusion

In this work, a novel Monte Carlo simulator for Fourier-domain OCT (MCOCT) was intro-
duced. The incorporation of a Gaussian light illumination scheme and the ability to increase
backscattered event collection allowed us to achieve a more realistic approach to OCT imag-
ing. Optical fluence rates generated by MCOCT were compared with an established MC sim-
ulator (MCX), which provided a numerical validation. OCT signals generated by MCOCT
were also compared to OCT signals acquired at specific focal lengths in tissue-mimicking
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phantoms with known optical properties, which provided experimental validation. Future
work involves leveraging GPU acceleration for enhanced computational efficiency and speed,
as well as considering Fresnel reflections proximal to interfaces in multi-layered geometries.
MCOCT may further allow the designing of OCT system hardware and image processing for
various medical and biomedical applications.
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Appendix

Table 3.5 Variables used to describe Fig. 3.1 and Fig. 3.3

Tissue optical properties OCT signal reconstruction
n refractive index of tissue k wavenumber
µa absorption coefficient SS(k) sample signal
µs scattering coefficient SR(k) reference signal
g anisotopy coefficient I(k) interference signal

Scattering Illustration
θS scattering angle λ wavelength
θB scattering angle f focal length

fHG Henyey-Greenstein function zf distance between tissue surface and focus in medium
fB bias function zf,I distance between tissue surface and imaging lens
L likelihood value zf,L distance between focus in medium and photon position
p probability value D beam width at imaging lens
ξi random generated number [0,1] ws beam width at tissue surface

Flowchart w0,n2 beam waist in medium
s1 propagating distance wn2(z) beam waist in medium at position z
s step size of photon packet zR,n2 Rayleigh range in medium

smin predefined step size Rn2(z) radius of curvature at position z
dV distance to voxel θn1 half divergence angle in medium of n1
N number of collected photon packets θn2 half divergence angle in medium of n2

TPN total pathlength û direction unit vector
WN weight x, y, z x, y, z position of photon
LN likelihood n1 refractive index of first layer

n2 refractive index of second layer
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Figure 3.8 Experimentally obtained (red) vs. simulated using a Gaussian beam (blue) vs.
geometric focused (orange) vs. pencil (green) beam OCT A-lines using an imaging lens of
with the focal length f = 30 in (a) and f = 75 in (b) of phantom 1.
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CHAPTER 4 ARTICLE 2 - SPECKLE CONTRAST REDUCTION
THROUGH THE USE OF A MODALLY-SPECIFIC PHOTONIC LANTERN

FOR OPTICAL COHERENCE TOMOGRAPHY

This article investigates the advantages and limitations of combining signal intensities from
different channels in FM-OCT. It introduces a novel approach for reducing speckle con-
trast, effectively minimizing speckle noise with negligible impact on resolution—an improve-
ment over existing techniques. Unlike other methods, this technique does not risk obscuring
speckle-sized anatomical structures; rather, it helps to accentuate them. The effectiveness of
the method is demonstrated through acquired images and quantified using a speckle contrast
metric. Theoretical analysis further demonstrates that incorporating additional channels
leads to further reductions in speckle contrast. The positive effect on SNR is also evaluated
and demonstrated. The article also addresses additional noise introduced by back reflections
from the MSPL tip and discusses strategies to mitigate it. This method is a novel means
of enhancing image quality with minimal impact on resolution and can be integrated with
existing techniques for further noise reduction.

Contribution: The lead author, Raphaël Maltais-Tariant, contributed approximately 90%
of the work, including literature review, system assembly, software development, experimen-
tal protocol design, data acquisition and analysis, and manuscript preparation. Rodrigo
Itzamna Becerra-Deana and Simon Brais-Brunet provided valuable input and contributed to
manuscript revision. Prof. Mathieu Dehaes, PhD, and Prof. Caroline Boudoux, Pr. Eng.,
PhD, served as principal investigators, offering guidance throughout the project and assisting
with article revision.

Authors: Raphaël Maltais-Tariant, Rodrigo Itzamna Becerra-Deana, Simon Brais-Brunet,
Mathieu Dehaes, and Caroline Boudoux.

Abstract: A few-mode optical coherence tomography (FM-OCT) system was developed
around a 2 × 1 modally-specific photonic lantern (MSPL) centered at 1310 nm. The MSPL
allowed FM-OCT to acquire two coregistered images with uncorrelated speckle patterns gen-
erated by their specific coherent spread function. Here, we showed that averaging such images
in vitro and in vivo reduced the speckle contrast by up to 28% and increased signal-to-noise
ratio (SNR) by up to 48% with negligible impact on image spatial resolution. This method is
compatible with other speckle reduction techniques to further improve OCT image quality.

Article published: Biomedical Optics Express, November 2023
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4.1 Introduction

Optical coherence tomography (OCT) is a coherent imaging technique with a spatial resolu-
tion of ∼10 µm and an imaging penetration depth of ∼2 mm [18]. Due to its coherent light de-
tection scheme, OCT suffers from speckle patterns that can mask tissue structures [131–133].
Several techniques have been previously proposed to reduce speckle noise [21–52]. These tech-
niques however either compromised image spatial resolution [21–34], required multiple illumi-
nation and detection angles for limited improvement [35–39] or can blur intrinsic speckle-size
structures of the image by removing speckles [40–50]. Neural network methods in OCT are
emerging and can also be used to reduce speckle noise [51,52]. While these methods are per-
formant, they are limited by the need for available training datasets and may blur intrinsic
structures as previously described.

Few-mode OCT (FM-OCT) is an all-fibered version of bright and dark field (BRAD) OCT [15].
In FM-OCT, the few-mode tip of a modally-specific photonic lantern (MSPL) [14, 16, 17] is
coupled to an OCT imaging head allowing the collection of both the fiber fundamental mode
(i.e. the linearly polarized (LP) mode LP01) and the first higher-order mode LP11. The
MSPL then demultiplexes the two modes into two single-mode fibers connected to indepen-
dent OCT systems [17]. Illumination is otherwise performed through the fundamental mode.
This approach allows FM-OCT to create two OCT images (or a composite one) from the
backscattered light coupled into LP01 and LP11, respectively.

Here, we demonstrate how the two distinct OCT images create specific speckle patterns that
can further be averaged to reduce the speckle contrast while increasing the signal-to-noise
ratio (SNR) with minimal impact on the image’s lateral resolution.

4.2 Material and Methods

4.2.1 Instrumentation

The FM-OCT system used for data acquisition is illustrated in Fig. 4.1 (a) and is similar
to the one used in our previous work [17]. The custom-built MSPL used to separate the
modes was centered at 1310 nm. A wavelength-swept laser (Thorlabs SL1310V1, USA) and
two balanced detectors (Thorlabs PDB430C, USA) were used for illumination and detection,
respectively. The system allowed for simultaneous measurement of both MSPL channels (i.e.

https://doi.org/10.1364/BOE.504861
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LP01 and LP11 modes). The MSPL was further replaced by a single-mode fiber (SMF) for
comparing the performance of the FM-OCT with a conventional OCT setup. The collimator
was changed to compensate for the difference in numerical aperture (NA) between MSPL
and SMF and to obtain the same collimated beam diameter, resulting in a system NA of
∼0.05 after the imaging lens (Thorlabs LSM02, USA). The resulting theoretical coherent
spread functions (CSF) [19, 134] in each channel are illustrated in Fig. 4.1 (b) and (c). For
the CSF in the LP11 mode, the negative response (in blue) was due to a π rotation of the
detected phase signals. The symmetry and anti-symmetry between Channel 1 (LP01) and
Channel 2 (LP11) allow to generate uncorrelated speckle patterns. This characteristic is key
to reducing speckle contrast after averaging.

4.2.2 Imaging metrics

Following previous studies [20,21], speckle contrast (Cs) was defined as :

Cs = σs

⟨Is⟩
, (4.1)

where σs and ⟨Is⟩ are, respectively, the standard deviation and the average of the OCT speckle
signal intensity in the absence of noise. More specifically, the OCT signal intensity is defined
as the absolute values of the square of the complex signal of the field obtained by applying
the Fourier transform [1]. Here, we define noise as the signal measured in the absence of
a sample and is thus dominated by shot noise. Since noise is also uncorrelated between
the two channels, it does not affect Cs. It was previously shown that for a fully developed
OCT speckle contrast, Cs = 1 [20, 62]. For FM-OCT, theory informs that averaging two
uncorrelated speckle intensity patterns allows to reduce speckle contrast such that [20]:

Cr =
√

1 + r2

1 + r
with r = ⟨I1⟩

⟨I2⟩
, (4.2)

where ⟨I1⟩ and ⟨I2⟩ are the average OCT speckle intensities of Channels 1 and 2, respectively
and Cr is the expected reduced speckle contrast. When considering r = 1, Cr is minimum
and equals 1/

√
2. In our work, the signal (Ia) averaged from signals measured in the two

channels was calculated in linear scale as follows:

Ia = I1

⟨I1⟩
+ I2

⟨I2⟩
. (4.3)

Intensity averaging instead of complex field averaging is necessary to have a reduction in
speckle contrast. When considering an FM-OCT system of N uncorrelated channels, the
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Figure 4.1 (a) Schematic of the few-mode optical coherence tomography (FM-OCT) system
including the modally-specific photonic lantern, the illumination and detection components,
and two reference arms; one for each mode. (b, c) Coherent spread functions of the LP01
and LP11 modes, respectively.

expected speckle contrast is given by Cr = 1/
√

N [20]. To ensure that two speckle patterns
are uncorrelated, their cross-correlation was calculated using the second-order correlation
function [61,62,135]:

g(2) = ⟨I1 ⊗ I2⟩
⟨I1⟩⟨I2⟩

, (4.4)

where ⟨I1 ⊗ I2⟩ is the ensemble average of the Hadamard product between I1 and I2.

Combining signals I1 and I2 also affects the SNR, which can be assessed with different ap-
proaches [1,21,136–138]. In this work, an approach considering the OCT signal intensity [137]
was selected:

SNR =
⟨IOCT⟩

σBN
, (4.5)

where IOCT is the OCT signal intensity measured from the sample while σBN is the stan-
dard deviation of the OCT signal intensity measured in the absence of a sample, i.e. the
background noise. With this approach, σBN was dominated by shot noise, and not by speckle.

The maximum SNR of the system (SNRmax) was also assessed [136] for both the SMF and
MSPL configurations. A mirror was used as a sample and placed at the focal plane to
maximize the OCT signal. A tilted attenuator (Thorlabs NE40A, USA) was added to avoid
saturating the balanced detector. One A-line was acquired to calculate SNRmax using a
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modified version of Eq. 4.5 to account for the presence of an attenuator:

SNRmax =
⟨IOCT⟩/RmT 2

σBN
, (4.6)

where T is the attenuation transmission that was measured experimentally using a power
meter (Thorlabs S145C, USA) and Rm is the mirror power reflection coefficient, approximated
as 1.

Furthermore, the retro-reflection power was measured using the same power meter by adding
an extra circulator between the MSPL and circulator C1. To confirm the origin of the retro-
reflection power, the reference arm length was adjusted to permit OCT imaging at the MSPL
tip and determine where the retro-reflection occurred.

An A-line was acquired from the reflection of a mirror to assess the system axial resolution
of all system configurations. The full width at half maximum (FWHM) was evaluated by
fitting a Gaussian curve on the linear intensity signal of the mirror. The mirror was tilted to
avoid the saturation of the balanced detectors. Dispersion was measured using an approach
described previously [54].

To evaluate the lateral resolution, a C-scan of 840 by 920 A-lines (field-of-view of 1093 µm
by 954 µm) of a negative reflective USAF-1951 resolution test chart was acquired. The
resolution target was placed at the focal plane of the imaging lens by maximizing the OCT
signal originating from the test chart layer. The resulting en face image (1 pixel thick)
was displayed in dB scale. The edge response was also extracted from this image in dB
scale and displayed on a normalized scale to facilitate the comparison between the different
MSPL channels. The 10-90% edge response distances were calculated using the resolution
chart measurement in the horizontal and vertical axes. Cubic spline interpolation was used
to measure the signal transition more precisely. The edge response was not calculated for
Channel 2 since its CSF does not have a Gaussian response [17]. The image spatial resolution
was also assessed by measuring the smallest distinguishable USAF-1951 groups of elements
(bars) in the vertical and horizontal directions. Measurements were performed for both SMF
and MSPL configurations.

4.2.3 In vitro and in vivo imaging

The definition of speckle contrast from Eq. 4.1 considers that signal variability is explained
only by the speckle effect. Experimentally, signal variation is caused by other processes,
including, but not limited to, signal attenuation and sample heterogeneity. Because of this
consideration, speckle contrast values are calculated locally, where speckle dominates signal
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variability. For both in vitro and in vivo experiments, the region of interest (ROI) was
subdivided in homogeneous subregion blocs of 4 by 4 pixels. Cs and SNR were calculated
for each such subregion and then averaged. The metrics were calculated for the combined
MSPL channel (Ia) as well as for individual MSPL Channels 1 (I1) and 2 (I2).

In vitro imaging was performed on a plastic cap engraved with the number “8” (Thorlabs, NJ,
USA) and consisted of a C-scan composed of 840 by 920 A-lines (field-of-view of 8912 µm by
8137 µm). Speckle contrast and SNR were measured in an en face section within the cap (1
pixel thick) displayed in dB scale. The ROI for Cs and SNR calculations included the entire
840 by 920 en face image. The normalized second-order cross-correlation between Channel
1 and Channel 2 was evaluated to assess their intensity-intensity correlation.

In vivo imaging was further performed near the free edge of an index fingernail. It consisted
in a single B-scan comprising 1000 A-lines. Cs and SNR were measured on a rectangular
ROI of 40 pixels per 62 pixels.

4.3 Results and Discussion

Table 4.1 presents SNRmax and retro-reflection optical power measured for the SMF and
MSPL optical configurations, respectively. Table 4.1 also shows the FWHM of the Gaussian
fit of an OCT A-line of a mirror in intensity in linear scale. Compared to the SMF configura-
tion, a 10-20 dB decrease in SNRmax is observed for the MSPL system. This decrease is due
to increased retro-reflection power at the air-MSPL interface. Typically, fiber connectors for
angled physical contact (FC/APC) are used in OCT as their tip is polished at an angle to
minimize retro-reflections at the air-fiber interface. In its current configuration, the MSPL
tip, however, has a minute diameter of 8 µm, which is too fragile for polishing. Cleaving the
tip at a controlled angle is also challenging. An elegant solution involves splicing the MSPL
tip to a few-mode fiber large enough to sustain polishing. It was successfully achieved by
another group [56], albeit using equipment not currently available to our research group.

The SNRmax for Channel 2 is also significantly lower than that of Channel 1. This difference
may be explained by the coupling model previously suggested by our group [17] where light
reflected off a mirror was coupled back into LP11 with reduced efficiency. Indeed, if illumi-
nation was performed with LP11 instead of LP01, we expect a larger SNRmax for Channel 2.
However, as the speckle reduction demonstration was performed under LP01 illumination, we
present SNR data under the same experimental conditions. SNRmax was not measured when
considering the combination of Channel 1 and Channel 2 since they reached a maximum
SNR for their specific alignments [17]. Additionally, the power transmission of each optical
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component from one channel to the other can vary, which affects SNR.

Table 4.1 Measurement of SNRmax, retro-reflection power and the full width at half
maximum (FWHM) of an OCT A-line of a mirror in intensity in linear scale for the

single-mode fiber (SMF) and modally-specific photonic lantern (MSPL) optical
configurations.

Metrics SMF MSPL
Combined Channel 1 Channel 2

SNRmax [dB] 111.2 – 98.2 91.1
Retro-reflection [µW] 0.02 – 77.8 35.5
FWHM [µm] 12.8 12.0 11.2 12.8

Fig 4.2(a) shows A-lines of a mirror comparing axial resolutions for the SMF and MSPL
optical configurations. The normalized intensity is displayed in linear scale. The peaks were
aligned and normalized for ease of comparison. In terms of FWHM (Table 4.1), Channel 1
shows a slightly higher resolution than the SMF configuration and Channel 2. This observa-
tion is likely due to the combined channels having a slightly better resolution than the SMF
configuration but slightly worse than that of Channel 1. We believe these variations are due
to physical compensations of the respective dispersion profiles. Fig. 4.2(b) indeed shows that
Channel 1 exhibits less dispersion than Channel 2. Combining the two channels resulted
in an average of the resolutions of Channel 1 and 2. The MSPL did not induce significant
dispersion, nor did combining the channels deteriorate the axial resolution significantly.

-20 -10 0 10 20
Axial position (µm)

0

0.2

0.4

0.6

0.8

1

L
in

e
a

r 
n

o
rm

a
liz

e
d

 i
n

te
n

s
it
y
 (

a
.u

.)

(a)

SMF

Combined

Channel 1

Channel 2

4.6 4.7 4.8 4.9 5

Wavernumber ( 106  m-1)

0

2

4

6

D
is

p
e

rs
io

n
 (

ra
d

)

(b)

SMF

Channel 1

Channel 2

Figure 4.2 (a) Axial normalized intensity profiles (linear scale) of a mirror acquired by the
single-mode fiber (SMF, green), combined modally-specific photonic lantern (MSPL) chan-
nels (purple), MSPL Channel 1 (blue), and MSPL Channel 2 (red). In (b), the associated
dispersion curves (before digital compensation).

Fig. 4.3 shows en-face OCT images of a negative reflective USAF-1951 test chart (first row),



49

SMF

(a)

Combined

(b)

Channel 2

(d)

Channel 1

(c)

(e) (f) (h)

-20

-15

-10

-5

0

5

(g)

0 50

Position (µm)

0

0.5

1

N
o
rm

a
liz

e
d

in
te

n
s
it
y (i)

0 50

Position (µm)

0

0.5

1 (j)

0 50

Position (µm)

0

0.5

1 (l)

0 50

Position (µm)

0

0.5

1 (k)

Figure 4.3 En-face OCT images of a negative reflective USAF-1951 resolution test chart (a–
d) with a zoom-in of the region delimited by the red square (e–h) for the specific modes of
collections: single-mode fiber (SMF), combined modally-specific photonic lantern (MSPL)
channels, MSPL Channel 1, and MSPL Channel 2. The system’s edge responses in dB (i–l)
for the vertical (corresponding to signals normalized from the green region, first row) and
horizontal (corresponding to signals normalized from the blue region, first row) axes. The
fields of view of the first and second rows are 1093 µm by 954 µm and 283 µm by 247 µm,
respectively.
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zooms of the smaller groups (second row), and normalized intensity signals (third row) mea-
sured in ROIs (blue and green regions located in the squared element of the first row). Images
are displayed in dB scales. The characterization of the system’s lateral resolution was per-
formed for the following optical configurations (Fig. 4.3): SMF (a, e, i), combined MSPL
channels (b, f, j), MSPL Channel 1 (c, g, k), and MSPL Channel 2 (d, h, l). MSPL Channel
1, combined MSPL channels, and SMF configurations generated similar images in terms of
spatial resolution. For the SMF configuration, the smallest distinguishable elements in the
vertical and horizontal directions were Group 7, Element 1 (with a bar thickness of 3.91 µm)
and Group 6, Element 6 (with a bar thickness of 4.38 µm), respectively. Both the combined
channels and Channel 1 resolved Group 6, Element 6 (with a bar thickness of 4.38 µm) in
both the vertical and horizontal directions. The difference in bar thicknesses measured for
Group 6, Element 6 by the SMF and MSPL configurations might be explained by varia-
tions in the system NA as described in Sec. 4.2.1. More interestingly, the combined channels
and Channel 1 could resolve the same element, suggesting that averaging the speckle with
our method did not affect the image spatial resolution. Fig. 4.3 (j-l) displays the 10-90%
edge response distances horizontally and vertically. The horizontal and vertical SMF edge
response distances were 5.3 µm and 5.9 µm, respectively. For the combined MSPL channels,
the horizontal and vertical distances were 3.0 µm and 4.0 µm, respectively, while for Channel
1, the distances were 3.0 µm and 3.6 µm, respectively. The SMF spatial resolution assessed
by the quantitative method was lower than for the MSPL system, while it was the opposite
observation for qualitative measurements of the smallest distinguishable elements. This in-
consistency is likely due to the limitation to obtaining a perfect Gaussian response in the
MSPL configuration (Fig. 4.3 (i-l)). Both the quantitative and qualitative methods to assess
the MSPL spatial resolution suggest that combining the channels had limited impact on it.
Fig. 2 (l) suggests that the MSPL Channel 2 acts as an edge detector in the vertical axis of
the image. This is likely due to the CSF shape mimicking the application of a Sobel filter
used for image edge detection [139]. In Fig. 2 (i), a dip in the signal was observed, which
is not occurring in Fig. 2 (j–l). It is probably due to a speck of dust on the test chart that
was not present in the other images since the alignment was slightly changed when changing
from the SMF to the MSPL configurations.

Fig. 4.4 shows an OCT C-scan of the plastic cap with values of the speckle contrast (Cs)
and SNR (a–c) averaged from signals in the red ROI, zoom-in images of the speckle pattern
from the red ROI (d–f), and B-scans of a fingernail with corresponding Cs and SNR (g–i) for
the combined MSPL channels (left column), MSPL Channel 1 (middle column), and MSPL
Channel 2 (right column) calculated over the red ROI. Images are displayed in dB scale.
The normalized second-order cross-correlation measured between MSPL channels was 1.04,
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Figure 4.4 En-face OCT images of within a plastic cap engraved with the number 8 acquired
with (a) the combined MSPL channels, (b) Channel 1, and (c) Channel 2. Speckle contrast
(Cs) and SNR values are provided for each case. (d-f) Corresponding zoom-in images of
the speckle pattern for each optical configuration. (g-i) In vivo B-scans of a fingernail and
corresponding speckle contrast and SNR for each case. All images are displayed in dB scale.
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suggesting that the two speckle patterns are uncorrelated. The engraved shape (number 8)
of the cap becomes more visible when the speckle contrast is reduced, i.e. for the combined
MSPL channels (Cs = 0.713) compared to separate channels (Cs = 0.979 and Cs = 0.984 for
MSPL Channel 1 and 2, respectively). This represents a reduction of 27% and 28%, respec-
tively. This improvement corresponds to what was predicted by Eq. 4.2. SNR also improves
when combining MSPL channels (SNR = 16.9) compared to MSPL Channel 1 (SNR = 14.5)
and Channel 2 (SNR = 11.4), respectively. This represents an SNR improvement of 17% and
48%, respectively. In the zoom-in images, the averaged speckle pattern becomes smoother for
the MSPL combined channels configuration, which indicates a lower speckle contrast. This
observation also applies to the in vivo images of the fingernail, where the MSPL combined
speckle contrast patterns (Cs = 0.722) is reduced compared to that of individual channels
(Cs = 0.976 and Cs = 0.991 for MSPL Channel 1 and Channel 2, respectively). This rep-
resents a reduction of speckle noise of 26% and 27% and an increase in SNR of 40% and
16%, for Channel 1 and Channel 2, respectively. A higher SNR was observed for in vivo
images with respect to in vitro images. This difference is likely due to the depth of the ROI,
which was higher for in vitro images. Furthermore, a higher SNR was observed in Channel
2 compared to Channel 1 in in vivo images compared to in vitro images. This is consistent
with biological tissues containing a wide variety of scatterer geometries which were shown by
our group to have a strong effect on modal coupling efficiencies [17].

These results show a reduction of speckle noise in both in vitro and in vivo experiments
when using an MSPL optical configuration for OCT imaging. The results also suggest that
adding additional higher modes would further decrease speckle noise as long as additional
CSFs are orthogonal. In addition, the MSPL could be combined with other speckle-reduction
techniques for more effectiveness. These capacities have to be demonstrated in a future study.

Aside from managing the retro-reflection from the tip of the MSPL, described earlier, lim-
itations in this study included the SMF and MSPL having different NAs which required
adapting the imaging head, namely the collimating lens, to compare the lateral resolution
for each configuration properly. An additional challenge came from properly choosing the
subregion size for speckle contrast measurement. The subregion size was chosen by simulat-
ing a range of phasors until speckle contrast yielded values consistent with that of a fully
developed speckle pattern.

4.4 Conclusion

We have demonstrated how an MSPL can be used in an OCT system to reduce the speckle
contrast and increase SNR with negligible impact on image spatial resolution. We have
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measured a significant decrease in speckle contrast in both in vitro (27-28%) and in vivo (26-
27%) experiments. Combining the two channels into a composite image increased the SNR
over Channel 1 and Channel 2 by 17% and 48%, respectively in vitro, and by 40% and 16%,
respectively, in vivo. Further improvement is expected in speckle reduction by adding modes
through a 3 × 1 or 4 × 1 MSPL, and by integrating common speckle reduction techniques to
the resulting OCT image. However, as several reference arms are necessary to account for
different modal propagation constants, photon budgeting must be adjusted accordingly with
a more powerful laser.
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CHAPTER 5 PRIOR WORKS ON FEW-MODE OPTICAL COHERENCE
TOMOGRAPHY FLOW MEASUREMENTS

The article on flow measurement in Chapter 6 summarizes and concludes multiple iterations
and innovations aimed at utilizing an MSPL for flow measurement. This chapter details the
prior work and experimental developments that culminated in the innovation described in
Chapter 6.

5.1 Prior methods

Initial experiments utilized a two-mode MSPL. The second-order autocorrelation of the
LP11 channel, g

(2)
22 , was leveraged to measure flow. Figure 5.1 displays the second-order

autocorrelation curves obtained at various positions within an OCT image of diluted milk
flowing through a cylindrical tube. The color gradient from dark to light blue corresponds to
measurements at 0 µm, 80 µm, 120 µm, and 160 µm from the tube center, respectively. The
vertical lines correspond to the positions of the second peak. The estimated average flow
speed in the tube is also displayed.

The first peak occurs at zero delay and is fully correlated since it corresponds to the autocor-
relation of the same image. The second peak arises when a particle moves from under one of
the LP11 lobes to the other. By knowing the fixed distance between the lobes and recording
the delay associated with the second peak in Fig. 5.1, the flow speed can be calculated.

This approach, however, tended to overestimate flow speed due to diffusion effects. Diffu-
sion reduced the height of the second peak, complicating its measurement, and shifted its
position to higher delay values, resulting in an overestimation of flow speed. Additionally,
the broadness of the peak rendered the maximum position less reliable, further diminishing
measurement accuracy.

The second approach involved using the cross-correlation between the two channel signals,
g

(2)
12 . Figure 5.2 presents g

(2)
12 for simulated particles moving at 8 mm/s with diffusion coeffi-

cients of 0 µm2/s, 2 µm2/s, 4 µm2/s, 6 µm2/s, and 8 µm2/s. As in the previous method, the
delay between the two peaks was used to determine the transit time of a particle from one
lobe to the other, thereby allowing calculation of flow speed.

This method offered the advantage of higher correlation peak values, facilitating the mea-
surement of peak positions and reducing the likelihood of inconclusive flow measurements.
Early results indicated that this approach was more accurate than other correlation methods,
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Figure 5.1 Second-order autocorrelation curves (g(2)
22 ) measured at lateral positions of 0, 80,

120, and 160 µm from the center of a cylindrical tube containing flowing milk. The color
gradient from dark to light blue corresponds to increasing distance from the tube center.
Dashed vertical lines indicate the positions of the second-peak maxima, which are used to
estimate the flow speed. The estimated average flow speed in the tube is 16.7 mm/s.

such as vsp and vfit, discussed in Chapter 6.

However, diffusion continued to cause overestimation of flow speed, as shown in Fig. 5.2,
where increasing diffusion coefficients result in closer peak positions. Additionally, this tech-
nique required M-mode scans to obtain correlation measurements at multiple delays for ac-
curate peak localization. Unlike g

(2)
22 , cross-correlation necessitated coregistration of signals

from both channels, introducing additional complexity. While the MSPL ensured lateral
coregistration, axial coregistration had to be addressed separately, as described in Chapter 6.

The concept of employing a ratio was motivated by the goal of eliminating the diffusion
contribution observed in the previous methods. Because the second-order correlation func-
tion exhibits a nonzero offset for completely decorrelated signals, first-order correlation was
adopted. The relationship g(2) = |g(1)|2 + 1 allows translation from second- to first-order
correlation; however, the offset d discussed in Chapter 6 complicated the use of ratios in this
context.

The ratios between all combinations of auto- and cross-correlation were calculated theoreti-
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Figure 5.2 Cross-correlation curves (g(2)
12 ) for simulated particles moving at 8 mm/s, with

diffusion coefficients of 0, 2, 4, 6, and 8 µm2/s shown in blue, orange, yellow, purple, and
green, respectively.

cally and are presented in Fig. 5.3. The ηij/kl represents the correlation between Channels i
and j divided by the correlation between Channels k and l.

Any of these ratios could, in principle, be used to calculate flow; however, η12/11 was selected
due to its linear relationship with flow speed. This linearity obviated the need for curve
fitting or M-mode scans. The implementation of first-order correlation, however, introduced
additional complexity, as it required phase stabilization of the system.

5.2 The polarization issue

The correlation ratio method was initially tested using a two-mode MSPL. Numerous mea-
surements were performed as the experimental methodology was refined. Additional results
not included in the published manuscript include measurements using alternative liquid me-
dia and those obtained with polarization-sensitive MSPL.

Early two-mode MSPL devices exhibited partial polarization sensitivity. The orientation of
the LP11 lobes could rotate slightly depending on the incident light polarization, as illustrated
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Figure 5.3 Theoretically possible correlation ratios (ηij/kl) calculated from all auto- and cross-
correlation combinations when using two channels. Here, ηij/kl denotes the ratio of the cor-
relation between channels i and j to that between channels k and l.

in Fig. 5.4. This figure shows an en face image of the absolute value of |g(1)
22 | for a static object,

where delays along the two axes correspond to translations of the object. The polarization
controller was used to alter the detected polarization between images (a) and (b), resulting
in the observed tilt in (b).

Figure 5.4 En-face images of |g(1)
22 | for a static object, with both axes corresponding to trans-

lations in the x and y directions. The detected polarization was altered between (a) and (b)
using a polarization controller, resulting in the observed change in lobe orientation.
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This polarization dependence introduced errors due to uncertainty in the measured direction,
which varied with polarization. To address this, a polarization beam splitter was placed in
front of the lantern to ensure consistent polarization collection, albeit at the expense of some
signal loss.

A similar phenomenon occurs with three-mode MSPL devices, which may also exhibit polar-
ization sensitivity. While the two LP11 modes remain orthogonal, their orientations rotate
with changing polarization. Unlike the two-mode case, the measured velocity remains accu-
rate because both orthogonal directions are assessed; thus, the total velocity is the sum of
speed measurements in both directions, irrespective of orientation. The preferred solution
was to employ a non-polarization-sensitive MSPL.

5.3 Measurements on blood

To validate that diluted milk served as an adequate blood surrogate, the method was also
tested with pork blood. The corresponding experiments, shown in the figure, mirror those
in Chapter 6 but utilize a two-mode MSPL and pork blood. The blue dots represent flow
measured by vtot, the green circles by vsp, and the black line indicates the expected flow
speed. The blood, obtained from a butcher, had already begun to coagulate, making it an
imperfect analogue for human blood and resulting in a low SNR image (SNR ≈ 3).

The various diffusers exhibited behavior similar to that observed with milk, confirming
that diffuser size and shape do not generally affect correlation methods, as previously sug-
gested [73]. Further tests with Intralipid yielded the same conclusion. Consequently, ex-
periments continued with milk due to its availability and higher SNR. Notably, the blood
measurements demonstrated that the ratio method remains effective for flow quantification
even at SNR values as low as 3.
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Figure 5.5 Measured flow velocities of pork blood in a cylindrical tube using a two-mode
mode-selective photonic lantern. The black line represents the expected flow, while blue dots
and green circles correspond to flow measurements obtained by vtot and vsp, respectively. The
experiment demonstrates effective flow quantification even at low SNR values (≈ 3).



60

CHAPTER 6 ARTICLE 3 - ACCURATE FLOW SPEED MEASUREMENT
THROUGH CORRELATION RATIOS USING A MODE-SELECTIVE

PHOTONIC LANTERN IN OPTICAL COHERENCE TOMOGRAPHY

This article presents a novel method for flow measurement using OCT. The work described
constitutes the most significant contribution of this PhD and has resulted in a patent. The ar-
ticle begins by developing the theoretical framework for the correlation ratio method, followed
by a description of the experimental methodology. Flow measurements are performed under
various conditions, and the results are compared with existing techniques, demonstrating en-
hanced accuracy. Additionally, the method provides information on flow direction. Further
results explore the relationship between measurement precision and integration time.

Accurately and quantitatively measuring blood flow transverse to the axial direction has long
been a challenge for OCTA. This article proposes a novel solution to this problem.

Contribution: The lead author, Raphaël Maltais-Tariant, contributed approximately 90%
of the work, including literature review, system assembly, software development, experimen-
tal protocol design, data acquisition and analysis, and manuscript preparation. Rodrigo
Itzamna Becerra-Deana and Simon Brais-Brunet provided valuable input and contributed to
manuscript revision. Prof. Mathieu Dehaes, PhD, and Prof. Caroline Boudoux, Pr. Eng.,
PhD, served as principal investigators, offering guidance throughout the project and assisting
with article revision.

Authors: Raphaël Maltais-Tariant, Rodrigo Itzamna Becerra-Deana, Simon Brais-Brunet,
Mathieu Dehaes, and Caroline Boudoux.

Abstract: A novel method for measuring non-axial flow speed using optical techniques such
as optical coherence tomography is introduced. The approach was based on the use of a
modally-specific photonic lantern, which permits simultaneous probing of the sample with
three distinct coherent spread functions. Transverse flow speed is measured from the ratio
between the cross-correlation and autocorrelation of the signals. It achieved a 3 to 5 times
higher accuracy than common autocorrelation approaches and measured flows as slow as
0.5 mm/s for an integration time of 1 second. Additionally, the method gives information
on the flow’s three-dimensional orientation, does not require information about the diffusion
coefficient, and is more robust to bias errors such as a gradient in the axial flow velocity.
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6.1 Introduction

Optical coherence tomography (OCT) is an imaging technique that has revolutionized the
field of ophthalmology by providing non-invasive, high-resolution (∼10 µm), three-dimensional
visualization of the retina and its vasculature without the need for contrast agents [1, 18].
Monitoring of blood flow in the retina is key for diagnosing several ophthalmologic patholo-
gies [141,142], avoiding damage to important blood vessels during surgery or ensuring vascular
integration during transplant [143, 144]. As such, many techniques have been developed to
image blood vessels and quantify their flow [62,66,68,69,145–154]. Although qualitative flow
measurement is readily achieved, accurate quantitative measurements remain challenging and
are needed for accurate monitoring and comparative studies.

Doppler OCT can precisely and accurately measure axial flow velocity even at subdiffusion
speed [68]. However, for the retina, most blood vessels are located in-plane and orthogonal
to the imaging axis. Some systems image the retina at three angles to overcome this limi-
tation [69]. Such systems are technically challenging to implement, particularly for imaging
small eyeballs such as found in mouse pup models of pediatric diseases [70]. Furthermore,
studies have shown how Doppler OCT can produce inaccurate measurements [10] and its
particular limitation to quantify high flow speeds [62].

Neural networks, which are increasingly popular, have also been applied to the challenge [71],
with limited accuracy. Alternatively, calculating variance is used to highlight blood flow.
Accurate estimation of the blood flow remains challenging [66,67]. To remedy this, it is often
used in conjecture with other techniques such as speckle decorrelation for more quantitative
results [67, 72].

Many techniques rely on measuring blood flow-induced speckle pattern decorrelation [62–64].
The flow velocity is calculated by measuring the decorrelation at a specific delay or for mul-
tiple delays, in which case a fit of the correlation curve provides the particle speed. When
measuring flow with a single delay, diffusion, signal-to-noise ratio, and bulk motion from the
sample need to be accurately known or will otherwise induce a bias in the measurement.
While fitting on a correlation curve is more robust to those errors, implementing the fitting
approach is more challenging since it requires imaging the same point in very short intervals.
Even when all those factors are adequately considered, inaccuracies occur due to axial gra-
dient velocity (AGV) and shadow artifacts [10, 73]. AGV refers to the axial component of
the flow in a single pixel that is not uniform across the pixel. The sub-resolution variation



62

of the axial flow causes an overestimation of the flow speed. Estimating sub-diffuse blood
speed also remains problematic [74].

This work introduces a technique to accurately quantify flow using a 3-mode, mode-selective
photonic lantern (MSPL) in OCT [14,56–58]. MSPLs are fiber-based n-by-1 couplers acting
as a demultiplexer for higher-order fiber spatial modes such as LP01 and the two LP11 modes.
Once demultiplexed into distinct single-mode fibers, the modes are imaged by independent
OCT systems, creating a few-mode OCT (FM-OCT) [14–17].

This technique is based on the calculation of correlation ratios from 3 distinct complex
spread functions (CSF) [65]. This approach has shown promising results using two modes of
photonic lanterns [155] and other CSF engineering methods, giving improved measurements
than just using correlation [11]. Here, the technique shows that using 3 modes provides more
accurate measurements of flow velocity compared to other correlation-based approaches. It
also determines the flow direction in three dimensions. Furthermore, such a CSF-engineered
approach is not limited to OCT and could be applied to other imaging devices based on
coherent light detection such as laser speckle imaging [156–159].

6.2 Theory

In this section, we derive an expression for the ratio of correlations using an OCT system
with three distinct coherent spread functions.

6.2.1 Coherent spread function in optical coherence tomography

The OCT signal (E) of a single pixel can be approximated by the light reflectance from
multiple particle scatterers randomly distributed in space such as [63,64]:

E =
N∑

i=1
ri · hxy(xi, yi) · hz(zi), (6.1)

where N is the number of scatterers, ri is the reflectivity of each ith scatterer, xi, yi, and
zi describe the 3D position of a scatterer, and hxy and hz are the CSF in the lateral and
axial directions, respectively. For simplicity and without impacting the accuracy, ri can be
approximated to 1 [63]. At the beam focus location, the axial CSF is often approximated as
a Gaussian curve by [64]:

hz(z) =
√

2√
πwz

· exp [−iqz] · exp
[
−2 z2

w2
z

]
(6.2)
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where q = 2k0n, k0 is the central wavenumber, n is the refractive index, z is the axial position
in depth orientation, and wz is the beam waist. The first term is a normalization factor, the
second is the phase response, while the last is the amplitude response. The lateral CSF is
defined by a combination of the imaging lens, collimating lens, and the optical fiber-guided
modes used for illumination and collection. The system is assumed to be free of aberrations.
Since OCT typically uses single-mode fibers, the illumination and collection are performed
by the LP01 mode which can be approximated by a Gaussian function [160] :

fLP01(x, y) = exp
[
−x2 + y2

w2
xy

]
(6.3)

where x and y are the lateral positions and wxy is the beam waist size.

The system was based on a 3-mode MSPL replacing the single-mode fiber used for both
illumination and collection of light [14,56–58]. These optical components have been used with
OCT before to reduce speckle noise and explore a new type of contrast [17,140]. Illumination
was performed through the LP01 mode while light was collected from all 3 modes including
LP01 and the two orthogonal LP11 modes: horizontal (LP11h) and vertical (LP11v). To
simplify notation, the OCT signal collected by the LP01 mode is defined by Channel 1 (Ch1)
while the ones collected by LP11h and LP11v are defined Channel 2 (Ch2) and Channel 3
(Ch3), respectively.

The lateral CSF is then defined by the product of the illumination and collection modes [161]:

hxy(x, y) = fLP01(x, y) · fLP01(x, y) = exp
[
−2x2 + y2

w2
xy

]
. (6.4)

To facilitate further mathematical calculations, hxy can be normalized as follows:

hxy(x, y)|Ch1 = 2√
πwxy

exp
[
−2x2 + y2

w2
xy

]
. (6.5)

Similarly to the approximation of fLP01 from Eq. 6.3, the horizontal and vertical fiber mode
distributions of the higher order modes fLP11 are expressed as:

fLP11,h(x, y) = x

ζ · wxy

exp
[
− x2 + y2

(γ · wxy)2

]
and fLP11,v(x, y) = y

ζ · wxy

exp
[
− x2 + y2

(γ · wxy)2

]
(6.6)

where the fitting parameters ζ = 0.7036 and γ = 0.9279 were obtained by fitting fLP11 over
the Bessel and modified Bessel functions used to define LP11. The resulting normalized
lateral CSF for Ch2 (hxy,2) and Ch3 (hxy,3) were obtained by multiplying the fLP01 (for
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illumination) and fLP11,h or fLP11,v (for collection), respectively. This is expressed as:

hxy(x, y)|Ch2 =
√

2
π

ξ

w2
xy

·x ·exp
[
−ξ

x2 + y2

(wxy)2

]
and hxy(x, y)|Ch3 =

√
2
π

ξ

w2
xy

·y ·exp
[
−ξ

x2 + y2

(wxy)2

]
(6.7)

where ξ = (1 + γ2)/γ2.

6.2.2 Signal correlation

The first-order correlation can be calculated as follows:

g
(1)
AB(τ) = ⟨E∗

A(0) ⊙ EB(τ)⟩√
⟨|E∗

A(0)|⟩ · ⟨|EB(τ)|⟩
, (6.8)

where A and B are the signals being correlated and acquired by an unspecified channel A

and B, τ is the correlation delay, E is the OCT tomogram complex signal, E∗ is the complex
conjugate of E, ⊙ is the Hadamard product, and ⟨...⟩ is the ensemble average. The subscripts
1, 2, and 3 are used to refer to Ch1, Ch2, and Ch3, respectively, when the correlated channels
A and B are specified. The theoretical expected value of Eq. 6.8 is affected by flow and can
be determined as follows. The correlation values of a single moving scatterer are calculated
over all possible initial positions (x0, y0, z0) and averaged using an integral with normalized
CSFs [63,64]. By following this approach, we obtain this expression:

g
(1)
AB(τ) =

∫∫∫ ∞

∞
h∗

xy(x(0), y(0))
∣∣∣
A

· hxy(x(τ), y(τ))|B · h∗
z(z(0)) · hz(z(τ))dx0dy0dz0, (6.9)

where x, y, and z stand for the scatter position at a particular time τ . Those positions vary
in time as follows:

x(τ) = x0 + vx · τ + x′(τ),

y(τ) = y0 + vy · τ + y′(τ), (6.10)

z(τ) = z0 + vz · τ + z′(τ),

where vx, vy, and vz are the flow velocity components along those axes and x′, y′, and z′

are the displacements caused by diffusion. Thus, x0, y0, and z0 are possible positions of the
scatterer at time τ = 0.

Separating the decorrelation signal generated by the flow (g(1)
AB(τ)|f ) and diffusion (g(1)

AB(τ)|D)
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into two terms was previously proposed since they are uncorrelated phenomena [64]:

g
(1)
AB(τ) = g

(1)
AB(τ)

∣∣∣
f

· g
(1)
AB(τ)

∣∣∣
D

, (6.11)

where g
(1)
AB(τ)|f can be calculated from Eq. 6.9, but without the diffusion motion in Eq. 6.10.

The decorrelation due to diffusion is primarily related to the random phase variations of the
signal of the scatterers caused by their axial motions instead of signal amplitude variations
caused by 3D motions [64]. Thus, the diffusion decorrelation is invariant between channels
and can be expressed by:

g
(1)
AB(τ)

∣∣∣
D

= exp
[
−q2D | τ |

]
, (6.12)

where D is the diffusion coefficient. Taking the absolute value of τ accounts for negative
delays. Equations 6.9, 6.11, and 6.12 can then be used to calculate the expected value for
the auto-correlation of Ch1 [63,64] as:

g
(1)
11 (τ) = exp [iqvzτ ] · exp

[
−

(v2
x + v2

y)τ 2

w2
xy

]
· exp

[
−v2

zτ 2

w2
z

]
· exp

[
−q2D | τ |

]
. (6.13)

The first term is the Doppler term, the second gives the decorrelation due to non-axial flow,
the third is the decorrelation due to axial flow, and the last is the decorrelation due to
diffusion. The cross-correlations of Ch1 with Ch2 or Ch3 are expressed by:

g
(1)
12 (τ) = exp [iqvzτ ] · 1.41vxτ

wxy

· exp
[
−1.04

(v2
x + v2

y)τ 2

w2
xy

]
· exp

[
−v2

zτ 2

w2
z

]
· exp

[
−q2D | τ |

]
,

g
(1)
13 (τ) = exp [iqvzτ ] · 1.41 vyτ

wxy

· exp
[
−1.04

(v2
x + v2

y)τ 2

w2
xy

]
· exp

[
−v2

zτ 2

w2
z

]
· exp

[
−q2D | τ |

]
,

(6.14)

where the factors 1.41 and 1.04 come from the constant ξ in Eq. 6.7 once integrated in Eq. 6.9.
More interestingly, we can calculate the ratios of the previous equations:

η12/11(τ) = g
(1)
12 (τ)

g
(1)
11 (τ)

= 1.41vxτ

wxy

exp
[
−0.04

(v2
x + v2

y)τ 2

w2
xy

]
,

η13/11(τ) = g
(1)
13 (τ)

g
(1)
11 (τ)

= 1.41 vyτ

wxy

exp
[
−0.04

(v2
x + v2

y)τ 2

w2
xy

]
,

(6.15)

and obtain a quasi-linear relationship that is independent of diffusion. A previous study
demonstrated how AGV introduces additional terms to Eq. 6.13, resulting in an increased rate
of decorrelation and, consequently, an overestimation in flow measurements [10]. A similar



66

effect is expected for Eq. 6.14, though the exact expression remains unknown. However, using
a correlation ratio cancels out such sources of error when the axial velocity is only determined
by the axial position: vz(z). In this case, the triple integral from Eq. 6.9 can be divided into
a double integral in the xy plane and a single integral for vz:

g
(1)
AB(τ) =

∫∫ ∞

∞
h∗

xy,A(x0, y0) · hxy,B(x0 + x(vx · τ), y(y0 + vy · τ))dx0dy0

×
∫ ∞

∞
h∗

z(z(0)) · hz(z0 + vz(z) · τ)dz0. (6.16)

The axial integral is invariant between channels and does not contribute to η12/11 nor η13/11.
Thus, an AGV solely defined in the axial direction, as is the case considered in this work,
will not affect the flow speed measurements.

Similarly to calculating statistics such as the standard deviation of a population, the more
independent measurements are used to calculate the correlation, the more the measured
value will converge toward its expected value (either from Eq. 6.13 or Eq. 6.14). Also, this
uncertainty is higher at lower correlation values [150,162,163]. Since g

(1)
12 (τ = 0) = 0, we can

expect an unknown complex number offset d. Assuming this offset, Eq. 6.15 becomes:

η12/11(τ) = g
(1)
12 (τ)

g
(1)
11 (τ)

= 1.41vxτ

wxy

exp
[
−0.04

(v2
x + v2

y)τ 2

w2
xy

]
+ d

g
(1)
11 (τ)

,

η13/11(τ) = g
(1)
13 (τ)

g
(1)
11 (τ)

= 1.41 vyτ

wxy

exp
[
−0.04

(v2
x + v2

y)τ 2

w2
xy

]
+ d

g
(1)
11 (τ)

.

(6.17)

The contribution of this offset can be canceled by calculating the variation around τ = 0,
while the exponential can also be neglected since its value is very close to 1. In this case, the
variations of η around τ = 0 can be defined by:

∆η12/11(τ) = η12/11(τ) − η12/11(−τ) = 2 · 1.41vxτ

wxy

, and

∆η13/11(τ) = η13/11(τ) − η13/11(−τ) = 2 · 1.41 vyτ

wxy

.
(6.18)

Thus, the flow speed in the x and y directions can be calculated using the following equations:

vx = wxy

1.41 · 2τ
|η12/11(−τ) − η12/11(τ)|,

vy = wxy

1.41 · 2τ
|η13/11(−τ) − η13/11(τ)|.

(6.19)

The application of the modulus operator is necessary since complex contributions remain
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after the subtraction. Because of this, Eq. 6.19 only gives us the amplitude of the flow speed.
It cannot differentiate between a positive or negative value of vx or vy. Finally, the total flow
speed can be calculated from its components such as:

vtot =
√

v2
x + v2

y + v2
z , (6.20)

where vz is the axial component of the velocity obtained through Doppler OCT [68]:

vz = ⟨∠E1(τ) − ∠E1(0)⟩ · 1
2k0n · τ

, (6.21)

where ∠E1(τ) is the phase of the signal at a time τ . Alternatively, the ratio variation can be
expressed independently of the flow direction as follows:

∆ηtot =
√

∆η2
12/11 + ∆η2

13/11. (6.22)

6.3 Material and methods

A few-mode OCT system was designed using a three-mode, mode-selective photonic lantern
to quantify the accuracy of the correlation ratio approach to estimate flow speed.

6.3.1 FM-OCT system and experiments

The FM-OCT system comprises a swept-source laser (SL1310V1, Thorlabs, NJ, USA) and
two balanced detectors (PDB460C, Thorlabs, NJ, USA). Fig. 6.1 (a) shows illumination
through Ch1 of the MSPL, and interferometric detection of the classical OCT image (Ch1
using balanced detector 1) and the higher-order modes (Ch2 and Ch3, using balanced detector
2). While the MSPL has three channels, and the DAQ board only two analog inputs, both
higher-order modes are collected with the same balanced detector using a 50:50 fiber splitter
and an adjustable free-space delay line to offset their signals. This combination of signals
decreases the SNR but allows acquisition with simpler electronics. The MSPL was held in
place with a 3D-printed holder, and an aspheric lens was positioned to collimate its LP01
and LP11 beams. A 2-galvanometer-mounted mirror set and a scan lens (LSM02, Thorlabs,
NJ, USA) completed the imaging head. Fig. 6.1 (b, c, and d) show the lateral CSFs for Ch1,
Ch2, and Ch3 of the MSPL, respectively.

The MSPL specifications were measured as explained in [58]. It has an operational wavelength
range of 500 nm centered around 1300 nm, with a modal isolation of 32 dB, and an excess
loss of less than 0.48 dB.
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Figure 6.1 A few-mode optical coherence tomography system acquiring interferograms from
all three channels of a mode-selective photonic lantern using two reference arms, one for
LP01 and one for LP11 modes. Circulators (C1, C2, and C3), polarization controllers (PC)
and a variable free-space delay line allow improved visibility and concurrent acquisitions,
respectively. Theoretical coherent spread functions for Channels 1 (Ch1), 2 (Ch2), and 3
(Ch3) are shown in (b), (c), and (d), respectively.

First-order correlation measurements require a phase-stable OCT system. Our system was
stabilized using the method suggested in a previous study [164]. As illustrated in Fig. 6.1 (a),
a 99/1 coupler was added to provide 1% of the signal reflected off a mirror. The calibration
signal was measured by Ch1 and numerically applied on the three channels. The calibration
A-line was placed above the sample instead of below to address the laser source’s phase
fluctuations. Cross-correlation required the precise co-registration of the different channels.
While the MSPL guarantees transverse co-registration, axial co-registration was achieved
numerically. Signal acquisitions were averaged in intensity instead of the complex field to
obtain a single speckle-free A-line. A-lines from Ch2 and Ch3 were then shifted in the
Fourier domain [165–167] to maximize the second-order correlation function [62] with Ch1.
The measured offset was then applied to co-register Ch2 and Ch3 with Ch1.

Three different experiments were performed. Initially, a C-scan of a homogenous piece of
plastic was acquired to calibrate the system on a static sample. Secondly, M-mode flow
scans were acquired to demonstrate the validity of the correlation ratio method and compare
its performance with existing correlation techniques. Finally, flow speed was measured on
B-scans to demonstrate the method with an image.
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6.3.2 Calibration

A C-scan of a piece of plastic was acquired to provide correlation values for a known dis-
placement in the absence of diffusion and flow. The measurement was used to validate the
prediction of the correlations and the ratio values and to calibrate our system by the measure-
ment of wxy. Data from all channels were recorded simultaneously. The oversampled scan
consisted of a 300 by 300 A-lines, resulting in a 0.15 mm by 0.17 mm scan region. Values of
g

(1)
11 , g

(1)
12 and g

(1)
13 were calculated on each en-face image as follows:

g
(1)
AB(∆x, ∆y) = ⟨E∗

A(0, 0) ⊙ EB(∆x, ∆y)⟩√
⟨|EA(0, 0)|2⟩ · ⟨|EB(∆x, ∆y)|2⟩

, (6.23)

where EA(0) refers to a 200 by 200 pixels sub-image centered from the original 300 by 300
pixels en-face image and EB(∆x, ∆y) refers to the sub-image with an offset of ∆x and ∆y on
the x and y axis, respectively. The correlation was calculated on 100 en-face images inside
the plastic piece, and then the absolute value was averaged axially, resulting in a single 101
by 101 pixels correlation map. Then, a fit was used to extract wxy, and ∆η12/11 and ∆η13/11

were calculated for a known displacement, allowing later flow speed calculations.

6.3.3 M-mode scans

A syringe pump connected to a plastic tube was used to emulate flow as shown in Fig. 6.2.
Diluted milk, one part 2% milk for three parts water, was used as a sample for its availability
and low absorption. A-lines were acquired in the middle of the tube with an integration time
of 1 second. To study the precision of the methods, the 1-second data was subdivided into
shorter integration time segments. The flow speed was measured for each segment, and the
standard deviation between them was calculated, giving us information about measurement
variability. This was done for integration time of 10, 20, 30, 40, and 50 ms.

The transverse angle of the tube θ was varied to 0°, 30°, 60°, and 90° to test the angular
measurement capability. The tube was also tilted axially at an angle ϕ = 15° to test the
effect of AGV. Due to refraction at the air-tube interface, the tilt resulted in an effective angle
ϕ = 10° between the flow direction and the transverse plane. While the tube’s curvature
induced optical distortion, those distortions were not on the same axis as the flow and did
not contribute to it. A previous study also showed no impact of tube curvature on flow
measurement [10].

The non-axial flow (xy plane) was measured using three distinct correlation-based methods:
our proposed method (vtot), a fitting approach in logarithmic scale (vfit), and a single sampled
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OCT imaging head

Figure 6.2 Setup used to emulate blood flow. A tube containing flowing scatterers was put
at the focus of the FM-OCT imaging head and tilted in plane (four values of θ), and out of
plane (one value of ϕ).

point (vsp), as described [62,64,147]. The correlation was calculated for time delays ranging
from -1 ms to 1 ms for each axial position. Noise correction was applied as described in a
previous study [138]. The noise floor was measured and was similar for all depths. It was
thus estimated by averaging the signal amplitude in a region without sample. To measure
vfit, a fit was applied on the log(|g(1)

11 |) curve using Eq. 6.13. The lateral velocity (
√

v2
x + v2

y)
was determined using the fit coefficients. The axial velocity (z direction) was added from
the Doppler measurement afterward. In parallel, vsp was calculated using the value of g

(1)
11 at

τ = 1 ms by isolating the lateral velocity from Eq. 6.13. A moving average of 11 temporal
points was applied on the g

(1)
11 curve to increase precision. The delay was selected post hoc

to optimize the accuracy. The diffusion coefficient needed for this method was measured
by fitting g

(1)
11 in the absence of flow and extracting the value from the fit coefficients. To

measure vtot, another moving average of 11 points was first applied on ∆η before calculating
vx and vy with Eq. 6.19, which also improved precision. The calculated vx, vy and vz were
then summed to obtain vtot.

The expected flow velocity in the tube (vth) was calculated from the known inner diameter of
the tube and the pump-controlled volumetric flow velocity, assuming laminar flow resulting in
a parabolic distribution of the flow speed from the center [168]. We compared the accuracy
of the measurements of the different methods by calculating the root mean square error
(RMSE). For the two existing methods, the RMSE was calculated over 1 mm in the center
of the tube to avoid erroneous contributions of the tube edges. Due to image overlap and
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limited SNR, Ch2 and Ch3 were imaged sequentially instead of simultaneously, as for the
calibration measurements. Ch1 was recorded in both of these measurements to calculate the
simultaneous cross-correlations. Only the first measurement was used for vsp and vfit.

6.3.4 B-scan

The flow speed was quantified with 200 B-scans, similar to the previous section. Scans were
acquired at 200 Hz and consisted of 500 A-lines covering roughly a region of 1.6 mm. Thus,
the shortest delay between two A-lines acquired at the same position was 5 ms. Using this
delay prevented the estimation of vfit as curve fitting required multiple points along the
correlation curve, and given the long minimum delay, most points were entirely decorrelated
and thus did not contribute to the fit. For the same reason, a moving average was not used
to calculate vsp or vtot. Both variables were measured with τ = 5 ms. The noise floor was
corrected as in the previous section. The average speed versus depth was calculated over 11
A-lines in the center of the tube to facilitate comparison.

Previously, we calculated correlation by comparing a single pixel in the A-line over time. Here,
given a 2D image in time, we correlated a 3×3 pixels in time, providing higher accuracy at the
cost of diminished spatial resolution. Furthermore, to highlight only the region with flow, two
conditions were applied: the SNR had to be higher than 2 and g

(1)
11 > 0.1. These restrictions

allowed the quantification of flow measurement in the absence of a sample or where the signal
decorrelated too rapidly. The velocity was measured at θ = 90°, corresponding to the fast
scanning axis, and was measured both without and with a tilt at the same angle as before
(i.e., ϕ = 15°).

6.4 Results

Figure 6.3 shows the experimental (top row, a-c) and theoretical (bottom row, d-f) auto- and
cross-correlation images between OCT channels. Figure 6.3 (a) shows the experimental first-
order auto-correlation of Ch1, while (b) and (c) show the cross-correlations of Ch1 with Ch2
and Ch3, respectively. This pattern is repeated for theoretical values in Figure 6.3 (d) to (f).
Minor differences in the experimental shape and background level are observed, but overall
the system acts as theorized. These small discrepancies are primarily due to imperfections
of the custom-built MSPL.

Figure 6.4 presents the experimental cross-correlation and auto-correlation ratios obtained
for a static object. Fig. 6.4(a-b) shows the ratios η12/11 and η13/11, respectively. In Fig-
ure 6.4 (d-e), the offset d was subtracted using Eq. 6.18 to produce ∆η12/11 and ∆η13/11
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Figure 6.3 Speckle correlation of an en-face image of a piece of plastic. The auto-correlation
amplitude of Ch1 is shown in (a), while the cross-correlation amplitude of Ch1 and Ch2, and
Ch1 and Ch3 are shown in (b-c), respectively. The second row (d-f) shows the respective
theoretical values.

images showing the linear trend between correlation ratios and delays. Figure 6.4 (f) shows
∆ηtot. As expected, it produces a cone with linearity highlighted in the two orthogonal
sections showed in Figure 6.4 (c). The minor astigmatism observed in Figure 6.4 (c) was
taken into account when calculating vx and vy. Random fluctuations on the contour are due
to low correlation values in those regions, as seen in Fig. 6.3. The fluctuations are present
only where the correlation is close to 0, and thus measurements for such displacement are
inaccurate. Compared to ratios η (Fig. 6.4(a–b)), the variation of ratios ∆η (Fig. 6.4 (d–e))
shows increased linearity, suggesting that the latter is more suitable for flow measurement.

Figure 6.5 shows comparisons between the measurement of laminar flow in a plastic tube at
different speeds and angles using our approach (vtot, blue crosses) and the existing techniques
described previously (vsp and vfit in red and orange dots, respectively). The pump flow
speeds in the center of the tube are 0.0 mm/s for sub-figures (a-d), 0.9 mm/s for (e-h),
2.7 mm/s for (i-l), 9.0 mm/s for (m-p), and 36.0 mm/s for (q-t). The flows measured by
the techniques were shown for transverse angles of θ = 0° (column 1), θ = 30° (column 2),
θ = 60° (column 2), and θ = 90° (column 4). An angle of θ = 0° corresponds to a flow in
the x axis, as illustrated in Fig. 6.2. Meanwhile, there is no axial tilt (i.e. φ = 0). The
solid black curve shows the expected flow speed. Two discrepancies are observed with the vfit

technique (yellow curve): in Fig. 6.5(m), flow measurement inaccuracy is observed for high
values, while in Fig. 6.5 d), no flow was recorded. We hypothesize a pump and an algorithm
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Figure 6.4 Experimental cross-correlation and auto-correlation ratios for (a) η12/11, and (b)
η13/11 obtained for a static object. Ratio variations for (d) ∆η12/11, and (e) ∆η13/11, and their
combination (f) ∆ηtot. Subfigure (c) plots cross-sections of ∆ηtot shown in (f).

failure, respectively. Table 6.1 compiles the RMSE of flow speeds measured in Fig. 6.5. Our
method shows increased accuracy (i.e. lower RMSE) for all flow speeds.

Table 6.1 Root-mean-square error (RMSE) of flow speed measurements (vtot compared to
previous published techniques (vsp and vfit) for the flow speeds used in Fig. 6.5.

max speed [mm/s]: 0.0 0.9 2.7 9.0 36.0

RMSE
vtot 0.22 0.14 0.43 1.13 3.99
vsp 0.97 0.48 0.61 4.17 5.19
vfit 1.20 0.86 0.84 4.63 10.2

Figure 6.6 shows comparisons between the measurement of laminar flow in a plastic tube
in the presence of an effective φ = 10° axial tilt to quantify the effects of AGV. Flow
measurements were performed at different speeds and at a transverse angle θ = 90°using our
approach (vtot, blue crosses) and the existing techniques described previously (vsp and vfit in
red and orange dots, respectively). Figure. 6.6 shows overestimated flow speeds generated by
vsp and vtot compared to the planar case, particularly for (d-e). Table 6.2 shows the RMSE
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Figure 6.5 Laminar flow as measured by vtot (blue crosses), vfit (orange dots), and vsp (yellow
dots) as compared to theoretical values (solid black curve) at θ = 0° (column 1), θ = 30° (col-
umn 2), θ = 60° (column 3), and θ = 90° (column 4), and for flow speeds of 0.0 mm/s (a–d),
0.9 mm/s (e–h), 2.7 mm/s (i–l), 9.0 mm/s (m–p) and 36 mm/s (q–t).

of flow speeds measured in Fig. 6.6 in the presence of an axial tilt (ϕ = 10°). The correlation
ratio method was shown to be more accurate (except at 12.6 mm/s in comparison to vfit).
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Figure 6.6 Laminar flow as measured by vtot (blue crosses), vfit (orange dots), and vsp (yellow
dots) as compared to theoretical values (solid black curve) at the center of the tube for
speeds of 0.0 mm/s (a), 0.9 mm/s (b), 2.7 mm/s (c), 9.0 mm/s (d), and 36 mm/s (e) with
an effective axial tilt of ϕ =10°.

Table 6.2 Root-mean-square error (RMSE) of flow measurements with a tilt angle ϕ = 10°
(vtot) compared to previously published techniques (vsp and vfit) for the flow speeds used in
Fig. 6.6.

max speed [mm/s]: 0.0 0.9 2.7 12.6 36

RMSE
vtot 0.61 0.18 0.53 8.37 13.4
vsp 0.91 0.76 1.12 57.2 103
vfit 0.89 1.06 0.97 7.31 24.1

Figure 6.7 (a) and (b) summarize the not tilted (Fig.. 6.5) and tilted cases (Fig. 6.6), respec-
tively, by plotting the measured velocities as a function of the expected velocities. Blue dots
represent our approach (vtot), while the existing techniques described previously (vsp and vfit)
are depicted by red and orange dots, respectively. The black line shows a perfect match with
the expected flow speed. To visualize all scales of flow speed, the figure is plotted on a log
scale; therefore, flow speeds of zero are excluded.

Figure 6.8 shows the standard deviation of the flow speed measurements for an integration
time of 50 ms at varying speeds (a) and in 21 pixels at the center region of the tube for a flow
speed of 3 mm/s for varying integration times for vtot (blue), vfit (orange), and vsp (yellow).

Figure 6.9(a-d) shows individual flow velocity components, including the axial z-direction
(dark blue), transverse x-direction (light blue), and y-direction (medium blue). The total
flow speed measured is also displayed (vtot, blue crosses) with the expected total flow speed
in a solid black line (vth). From these components, the orientation is calculated and shown
in Figure 6.9(e-h) with the measured angle (green dots) as well as its average value (dark
green dotted line). The measured difference from the expected angle is shown in (i) for all
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measurements from Fig. 6.5.
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Figure 6.9 Laminar flow as measured by the correlation ratio method in the x (light blue
dots), y (blue dots) and z (dark blue dots) axes for transverse flow orientations of θ = 0° (a),
θ = 30° (b), θ = 60° (c), and θ = 90° (d), with vtot (blue crosses) and expected flow speed
(solid black line). The corresponding measured angle is shown below in (e–h) respectively.
The absolute difference from the expected angles is shown in (i) for all measures made in
Fig. 6.5.

Figure 6.10 shows B-scans of flow speeds of the tube measured using vtot (a-d) vsp (e-h).
Figure 6.10 (i-l) displays flow speeds in the vertical section at the center of the B-scan
measured by vtot (dark blue) and vsp (orange), as well as the expected value (vth, solid black
line). The flow speed is displayed for a maximum pump flow speed at the center of the tube
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Figure 6.10 Laminar flow measured in a tube by vtot (a-d) compared to vsp (e-h) for flow speed
of 0 mm/s (column 1), 0.9 mm/s (column 2), 1.8 mm/s (column 3) and 2.7 mm/s (column 4).
The flow in the vertical axis of the tube is displayed in (i-l) with vtot (blue), vsp (orange),
and the expected result (black solid line).

of 0 mm/s (column 1), 0.9 mm/s (column 2), 1.8 mm/s (column 3) and 2.7 mm/s (column 4).
The white regions correspond to situations where either the flow could not be measured due
to poor SNR (SNR < 2) or complete B-scans decorrelation (g(1)

11 < 0.1). Given a delay of
0.005 seconds between each B-scan, the maximum measurable speed was 1.8 mm/s. The
correlation ratio method is more accurate on the edges, where the flow speed is lower.

Figure 6.11 shows similar flow speed measurements than Figure 6.10 but with the tube tilted
axially at an effective angle of ϕ = 10°. Again, (a-d) shows flow speed as measured by vtot

compared to (e-h), where vsp is used, and (i-l) displays the flow speed in the center of the
tube compared to the expected result in black. The results for both methods are less accurate
than with no tilt.

6.5 Discussion

We have demonstrated a novel method for measuring transverse flow by exploiting the OCT
signal obtained from three channels of an MSPL: the different channels resulting in distinct
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Figure 6.11 Laminar flow measured in a tube by vtot (a-d) compared to using vsp (e-h) for flow
speed at the center of 0 mm/s (a,e,i), 0.9 mm/s (b,f,j), 1.8 mm/s (c,g,k) and 2.7 mm/s (d,h,l).
The tube was tilted by an effective angle of ϕ = 10 °. The flow in the center axis of the tube
is displayed in (i-l) with vtot (blue), vsp (orange), and the expected result (black solid line).

CSFs. The method uses the ratios between the cross-correlation of Ch1 with either Ch2
or Ch3 and the autocorrelation of Ch1. This approach results in a linear relation between
the measured ratio and the transverse component of the measured flow speed, providing
more accurate measurements without a priori assumption on the diffusion coefficient value.
Furthermore, the method gives information on the angle of the transverse orientation of the
flow, which would allow for direct measurement of blood flow orientation.

In the following paragraphs, experimental results are further discussed. Figure 6.3 (a–c)
shows higher background correlation than its theoretical values (d–f), which could either
originate from the phase stabilization method [10], or from the statistical noise when calcu-
lating correlation around τ = 0. As described in Sec. 6.3.2, the correlation map were first
calculated for each depth and the absolute value was then averaged axially. Any negative
correlation value would thus be considered as positive and created the observed background
signal.

Figure 6.6 shows how accurately measuring flow with an axial tilt is much more challenging.
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This technical difficulty can be due to the faster decorrelation rates caused by the AGV and
the statistical noise due to the lower correlation values. However, the local overestimation
of vtot in (d) at depths around -0.5 mm and 0.5 mm greatly increased the RMSE, and
remains unexplained. The slight overestimation in (e) seems to match the deviation observed
in Fig. 6.5 and might be explained by pump instabilities. The underestimation of vfit in
Fig. 6.6(d-e) is due to the algorithm’s inability to fit the correlation curve and return a null
flow in the x and y directions. Speed is partially measured since the Doppler effect contributes
to the axial direction speed flow, although some bias due to the AGV is expected [10].
Furthermore, contrary to Fig. 6.5 (a–d), some flow was detected at a pump flow speed of
0 mm/s, possibly due to a minor leak in the pumping circuit. There is no reason why a tilt
in the tubing should affect flow measurement when there is no flow. Nevertheless, Fig. 6.7
highlights how our proposed method is more accurate, particularly at lower flow speeds and
in the presence of an axial tilt.

Figure 6.8 (a) shows that the uncertainty decreases for lower flow speeds, allowing distin-
guishing small velocities from static tissues. Furthermore, as expected, precision increases
inversely with longer integration times, but the exact order of the relation has yet to be
determined.

Figure 6.11 highlights again challenge associated with measuring tilted flow. The maximum
measurable speed decreases because of the signal decorrelating much faster due to AGV.
Interestingly, Fig. 6.11 (c,g) show a white ring for which flow cannot be measured, likely
resulting from higher AGV values close to the edges. At the tube’s extremity, despite the
AGV being at its highest value, since the flow is low, the signal does not decorrelate as fast
as in the white ring region, and flow remains measurable.

The method has two fundamental advantages. Firstly, the linear relationship between speed
and the correlation ratio (i.e., Eq. 6.19) allows very low values of flow to be measurable,
even while using small values of τ . Secondly, using the ratio causes cancellations of artifacts
impacting both channels, such as diffusion axial motions, or laser instabilities. A delay as
short as the A-line period can be used, opening the door to new scanning strategies for flow
measurements.

In this work, we used different scanning strategies. The first consisted of taking multiple A-
lines at the same position, allowing for the measurement of faster flow speeds from the smaller
τ value. However, measuring an entire B-scan or C-scan in such a way would take a long
time. Alternatively, A-lines were also correlated from one B-scan to the next. This allowed
us to measure the flow on an entire B-scan in the time it would take for a single A-line, which
greatly reduced the acquisition time. However, this has resulted in a decreased maximum
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measurable flow speed. Here, a 200 Hz scan rate resulted in a measurable maximum flow
speed of ≈2 mm/s. Higher flow speed would necessitate a faster scanning system or a larger
beam waist to avoid scatterers exiting the image field-of-view by the time of the next B-scan.

While a linear relationship was assumed in this work, a third-degree polynomial would have
been slightly more accurate. Inspection of Fig. 6.4 (c) reveals that a third-degree polynomial
or a look-up table could have improved the accuracy.

This approach has limitations. Like other correlation methods, the correlation ratio approach
still lacks precision, requiring significant integration times to be precise. The statistical nature
of correlation requires multiple independent measurements to converge towards the expected
value. However, this technique was more precise than previously published methods for lower
flow speeds [62,64,147].

Some issues were observed with the phase stabilization of our system. The issue was high-
lighted by comparing second-order correlation function (g(2)) to the first-order correlation
function (g(1)). Light intensity is used to calculate g(2), and thus, the phase is unnecessary.
Both correlations may be compared using the Siegert relation: g(2) = |g(1)|2 + 1 [169]. Since
g(1) decorrelated much faster, we hypothesize some phase instability originating from the
laser source.

Phase instabilities highlighted how the correlation ratio method was more robust regarding
phase disturbances. Since the phase instabilities affect g

(1)
11 and g

(1)
12 in the same way, calcu-

lating the ratio removed the error originating from phase instabilities. Such issues mainly
occured when calculating vsp and vfit.

Moreover, the absolute value in Eq. 6.19 prevents disambiguation of the velocity direction,
i.e., the left or right direction of the flow cannot be distinguished. As a consequence, negative
and positive angles could not be differentiated. Indeed, for |vx| = |vy|, two flow direction
exist: 45° or -45°. This also explains why in Fig. 6.9 (e, h), the measured angles were
overestimated and underestimated, respectively. In this case, a 94° angle could be measured
as 86°, leading to an underestimation. Something similar happened for the 0° angle but with
negative angles being measured as positive. Figure 6.5 (e–h) also shows higher inaccuracies
at the edges of the tube where flow speed approaches 0. Fig. 6.9 (i) illustrates it better
in showing how the error increases as the flow speed goes below 1 mm/s. Theoretically,
in Eq. 19, the phase variation inside the modulus operator should be indicative of the flow
direction (left or right), but experiments contradict this. More work is needed to understand
why and achieve complete measurement of flow direction.

From an experimental point of view, the most significant limitation originated from the
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reliability of the syringe pump, in which friction varied over time. While the pump provided
reliable flows in initial experiments, it became less reliable as experiments went on.

The technique presented in this paper faces similar difficulties to other correlation-based
methods already used in ophthalmology, from which solutions may be leveraged. Future work
involves implementing the method for in vivo imaging and solving associated challenges. For
instance, lower SNR is expected in vivo; however, previous work has shown that correlation
measurements are accurate at very low SNRs [138]. While this method has not yet been
tested using blood, previous work has shown that the shape of diffusers does not impact
measurements [73], and our own approach intrinsically compensates for diffusion. Bulk-
tissue motion, however, is a challenge, but one that has already been addressed in other
works [167, 170–173]. The method was successful in measuring flow through more than
1 mm of moving scatterers, but it remains to be seen whether this depth is enough for
ophthalmology.

Measuring flow speeds higher than those demonstrated here is a challenge. Increasing scan-
ning speeds, both spatially and spectrally, is a possible solution to expanding the range of
measured velocities. Alternatively, using a coarser resolution could increase the maximum
measurable speed as wxy is related to how fast the signal decorrelates. Indeed, using an M-
mode approach permits the measurement of higher velocities in a single region, as it allows
for shorter delay values. Since the minimum possible delay would be 500 times shorter than
for the B-scan case, we could expect 500 times faster (≈1 m/s) measurable flows.

The biggest unknown is how the anatomical shape and the small size of the capillaries will
affect measurement accuracy. Furthermore, the impact of varying flow speeds in arteries
due to heartbeats is unknown and needs to be investigated. Theoretically, the measurement
should return the average flow speed during the integration time.

While the MSPL holding an alignment was currently tricky in this work, another group [56]
has successfully managed to splice the lantern tip to conventional connectors, removing the
issue.

Furthermore, the analysis for AGV was limited to a single axial angle and only for a gradient
in the axial direction. However, the higher accuracy on the sides of the tube in Fig. 6.11
suggests that our method is more robust for gradients in transverse directions. Further
studies, both experimental and theoretical, are needed to determine with more accuracy how
it affects our method.
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6.6 Conclusion

In this work, we proposed a novel method for measuring flow speed using the ratios be-
tween the cross-correlation and auto-correlation of the signal acquired from two distinct
CSFs through the use of a modally-specific photonic lantern. The method proved to be more
accurate, particularly at low speeds, distinguishing flows as slow as 0.5 mm/s from static
ones for 1 second integration time. The technique was less sensitive to errors induced by
AGV in the axial component of the flow speed and did not require prior knowledge of the
diffusion coefficient. Furthermore, our approach could measure the transverse angle of the
flow direction, allowing, when combined with Doppler OCT, the knowledge of the 3D flow
orientation.

The mathematical framework presented in this work could also be extended to other CSFs as
demonstrated in a previous study [11]. Alternatively, such CSFs could be numerically assessed
in the same way deconvolution can change a system’s CSF. For example, an image could be
digitally shifted in the axial direction to artificially create a CSF similar to hxy(x, y)|Ch2.
The proposed ratio method could then be used to measure the axial component of the flow.
More interestingly, the approach could be extended to full-field imaging devices, where the
image is manipulated numerically to create an alternate CSF.
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CHAPTER 7 GENERAL DISCUSSION

As outlined in Chapter 1, this thesis explored the feasibility and potential applications of
FM-OCT. Several innovations were developed that were not included in the publications of
Chapters 3, 4, and 6. This section presents both promising and inconclusive avenues, along
with clarifications and commentary on the broader impact of the work.

7.1 Flow measurement alternatives

Research on flow measurement was ongoing, with continual innovations emerging throughout
the course of this project. The following section introduces alternative methods to the flow
measurement technique described in Chapter 6 and addresses questions that remain partially
unresolved.

7.1.1 Using second-order correlation

The approach outlined in Chapter 6 could, in principle, be implemented using second-order
rather than first-order correlations. This modification would eliminate the requirement for a
phase-stable system, thereby simplifying practical implementation. However, the use of g(2)

would necessitate twice the integration time to achieve comparable accuracy.

A key challenge in this implementation is the error term d in Eq. 6.17, which cannot be
readily subtracted. By applying the Siegert relation (g(2) = |g(1)|2 + 1) [169] and Eq. 6.14,
the expression for g

(2)
12 becomes:

g
(2)
12 (τ) =|g(1)

12 (τ)|2 + |g(1)
12 (τ)|a2 cos(θ) + a2 + 1, and

g
(2)
13 (τ) =|g(1)

13 (τ)|2 + |g(1)
13 (τ)|a2 cos(θ) + a2 + 1,

(7.1)

where a and θ arise from the unknown complex offset d = aeiθ in Eq. 6.17. This offset can
be removed as follows:

g
∗(2)
12 (τ) =g

(2)
12 (τ) + g

(2)
12 (−τ)

2 − g
(2)
12 (0) + 1, and

g
∗(2)
13 (τ) =g

(2)
13 (τ) + g

(2)
13 (−τ)

2 − g
(2)
13 (0) + 1,

(7.2)

where g
∗(2)
12 (τ) and g

∗(2)
13 (τ) represent the corresponding correlations without the random offset
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d. Here, it is assumed that d is independent of τ . The correlation ratios with the offset
removed can then be calculated as:

η∗
12/11(τ) =

√√√√g
∗(2)
12 (τ) − 1

g
(2)
11 (τ) − 1

= 1.41vxτ

wxy

exp
[
−0.04

(v2
x + v2

y)τ 2

w2
xy

]
, and

η∗
13/11(τ) =

√√√√g
∗(2)
13 (τ) − 1

g
(2)
11 (τ) − 1

= 1.41 vyτ

wxy

exp
[
−0.04

(v2
x + v2

y)τ 2

w2
xy

]
.

(7.3)

The flow speed can then be estimated as:

vx = wxy

1.41 · τ
η∗

12/11(τ), and

vy = wxy

1.41 · τ
η∗

13/11(τ).
(7.4)

Further work is required to evaluate the efficacy of this approach and to compare its perfor-
mance with existing methods.

7.1.2 Flow direction

As discussed in Chapter 6, the correlation ratio method provides only partial information
regarding flow direction; specifically, the signs of vx and vy cannot be determined. However,
in theory, the phase variation of η12/11 and η13/11 should encode precise information about
the direction of flow.

Figure 7.1 presents the phase values of the different first-order correlations and correlation
ratios for a static sample. This figure corresponds to Fig. 6.3 and Fig. 6.4 from Chapter 6,
but with phase values depicted in rows 2 to 4 instead of amplitude. Notably, the last row,
which displays ∠∆η12/11 and ∠∆η13/11, reveals a clear distinction in phase values depending
on the side of the spatial delay. In principle, this distinction could be leveraged to determine
the exact orientation of the flow.

However, when applied to flow measurements, this approach does not yield the expected
results. Figure 7.2 displays ∠∆η12/11 measurements for milk flowing through a cylindrical
tube at a maximum speed of 9 mm/s. The left panel shows results for two different depth
positions and multiple values of τ , while the right panel presents data across all depths for
a single value of τ . The flow orientation was set in the x direction, corresponding to the
direction measured by ∆η12/11. These datasets are identical to those presented in Chapter 6.

As illustrated in Figure 7.2, the phase variation appears random in the presence of flow.
On the left, two regions in close proximity display phase flips at zero delay, but in opposite
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Figure 7.1 First-order correlations and correlation ratios for a static sample. The first row
displays the absolute values of g

(1)
11 , g

(1)
12 , and g

(1)
13 , while the second row presents their corre-

sponding phase values. The third and fourth rows show the phase values of η12/11 and η13/11,
and ∆η12/11 and ∆η13/11, respectively.
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Figure 7.2 Phase values of ∆η12/11 measured on flowing milk in a cylindrical tube at a
maximum speed of 9 mm/s. The left panel illustrates results for two depth positions and
multiple values of τ ; the right panel aggregates data across all depths for a single value of τ .

directions, despite sharing the same flow direction. The right panel further demonstrates that
phase values are random and do not provide reliable information about flow direction. The
underlying cause of this phenomenon remains unclear and warrants further investigation.

7.1.3 Correlation ratio without photonic lantern

The flow measurement project underwent continual development, with new innovations emerg-
ing throughout its course, resulting in the delayed publication of the correlation ratio findings.
Progress continued beyond the writing of the original manuscript and this thesis. Notably,
the publication in Chapter 6 asserted that an MSPL is not strictly necessary for the appli-
cation of correlation ratios; alternative approaches might achieve comparable results. The
following section presents how such an alternative could be possible.

The central idea is to synthetically recreate the CSF observed in Channels 2 and 3. For
instance, in Chapter 6, the LP11 mode was approximated as a Gaussian multiplied by a
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linear term; here, it is instead represented as the difference between two Gaussian functions:

fLP11,h(x, y) ≈ exp
[
−(x − κ)2 + y2

w2
xy

]
− exp

[
−(x + κ)2 + y2

w2
xy

]
and

fLP11,v(x, y) ≈ exp
[
−x2 + (y − κ)2

w2
xy

]
− exp

[
−x2 + (y + κ)2

w2
xy

]
,

(7.5)

where κ is a fitting parameter to be determined and x and y are the two-dimensional po-
sition coordinates in the image transversal directions. Channel 2 and 3 CSF can thus be
approximated through Channel 1:

h̃xy(x, y)
∣∣∣
Ch2

= hxy(x − µ, y)|Ch1 − hxy(x + µ, y)|Ch1 and

h̃xy(x, y)
∣∣∣
Ch3

= hxy(x, y − µ)|Ch1 − hxy(x, y + µ)|Ch1 ,
(7.6)

where µ is an additional parameter subject to optimization. The tilde (̃ ) denotes that the
functions for Channels 2 and 3 are approximated solely from Channel 1. In principle, it
should be possible to recreate Channels 2 and 3 using two measurements from Channel 1;
however, two practical challenges arise.

Unless the en-face image is acquired simultaneously, as in full-field OCT or related en-face
imaging methods, the two Channel 1 measurements will necessarily occur at different times.
This temporal offset is suboptimal for time-dependent measurements such as flow. The
solution is to ensure that the interval between the two measurements is much shorter than
the delay (τ) used in the correlation calculation. For example, flow in the direction of a B-scan
can be assessed by using adjacent A-lines within the same B-scan to construct h̃xy(x, y)

∣∣∣Ch2
or h̃xy(x, y)

∣∣∣Ch3, and then correlating these with the subsequent B-scan. Although the small
delay between adjacent A-lines may introduce a minor error, it is negligible compared to the
much larger τ values used in the correlation analysis.

A second challenge is that, in practice, this approach does not yield the expected outcome.
Figure 7.3 displays |g(1)

12̃ |, the cross-correlation calculated with the recreated Channel 2 for
a static sample. The data and methodology are identical to those used in Fig. 6.3, except
h̃xy(x, y)

∣∣∣Ch2 is computed using Eq. 7.6. Rather than reproducing the characteristic two-
lobed pattern of Fig. 6.3, the result is an elongated Gaussian profile, as if the two Gaussian
components in Eq. 7.6 were added instead of subtracted. The cause of this discrepancy
remains under investigation.

However, an alternative workaround exists: instead of subtracting the Channel 1 signal to
reconstruct Channel 2 or 3, one can subtract correlations directly. This approach involves
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Figure 7.3 Cross-correlation between Channel 1 and the synthetically recreated Channel 2,
using Eq. 7.6, for a static object. The data and methodology match those of Fig. 6.3.
The result deviates from the expected two-lobed structure, instead displaying an elongated
Gaussian profile, the origin of which is still under investigation.

calculating a ratio between the difference of two correlations and an autocorrelation, all
derived from the same channel but at different time points:

g̃
(1)
12 (τ) = |g(1)

1L (τ)| − |g(1)
1R(τ)|

2 and

g̃
(1)
13 (τ) = |g(1)

1U(τ)| − |g(1)
1D(τ)|

2 ,

(7.7)

where g̃
(1)
12 (τ) and g̃

(1)
13 (τ) are the recreated g

(1)
12 (τ) and g

(1)
13 (τ), respectively, and g

(1)
1L , g

(1)
1R , g

(1)
1U

and g
(1)
1D are the correlation between Channel 1 and Channel 1 that has been shifted by µ in

a transverse direction left, right, up or down respectively:

g
(1)
1L (τ) = ⟨E∗

1(x, y, z, t) ⊙ E1(x − µ, y, z, t + τ)⟩√
⟨|E∗

1(x, y, z, t)|2⟩ · ⟨|E1(x − µ, y, z, t + τ)|2⟩
,

g
(1)
1R(τ) = ⟨E∗

1(x, y, z, t) ⊙ E1(x + µ, y, z, t + τ)⟩√
⟨|E∗

1(x, y, z, t)|2⟩ · ⟨|E1(x + µ, y, z, t + τ)|2⟩
,

g
(1)
1U(τ) = ⟨E∗

1(x, y, z, t) ⊙ E1(x, y − µ, z, t + τ)⟩√
⟨|E∗

1(x, y, z, t)|2⟩ · ⟨|E1(x, y − µ, z, t + τ)|2⟩
and

g
(1)
1D(τ) = ⟨E∗

1(x, y, z, t) ⊙ E1(x, y + µ, z, t + τ)⟩√
⟨|E∗

1(x, y, z, t)|2⟩ · ⟨|E1(x, y + µ, z, t + τ)|2⟩
.

(7.8)
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The new correlation ratios and its variation can then be calculated:

η̃12/11(τ) = g̃
(1)
12 (τ)

|g(1)
11 (τ)|

,

η̃13/11(τ) = g̃
(1)
13 (τ)

|g(1)
11 (τ)|

,

∆η̃12/11(τ) = η̃12/11(τ) − η̃12/11(−τ) and

∆η̃13/11(τ) = η̃13/11(τ) − η̃13/11(−τ).

(7.9)

Figure 7.4 compares the cross-correlation and correlation ratio with the reconstructed corre-
lation ratio calculated with Eq. 7.7 and Eq. 7.9. The used data and method are the same as
in Fig. 6.3. First row compares the cross-correlations (|g(1)

12 | and |g(1)
13 |), the second row com-

pares the correlation ratios (|η12/11| and |η13/11|), the third row compares the ratio variations
(|∆η12/11| and |∆η13/11|), and the last row shows a plot at the center of the previous row.

In addition to not requiring an MSPL, this approach would allow determination of the entire
flow direction. The sign of g̃

(1)
12 (τ) and g̃

(1)
13 (τ), as illustrated in Fig. 7.4, indicates the direction

of the flow.

Another advantage is that the second-order correlation function can be used in its place. The
system no longer needs to be phase-stable. The equations are essentially the same:

g
(2)
1L (τ) = ⟨I∗

1 (x, y, z, t) ⊙ I1(x − µ, y, z, t + τ)⟩
⟨|I∗

1 (x, y, z, t)|⟩ · ⟨|I1(x − µ, y, z, t + τ)|⟩ ,

g
(2)
1R(τ) = ⟨I∗

1 (x, y, z, t) ⊙ I1(x + µ, y, z, t + τ)⟩
⟨|I∗

1 (x, y, z, t)|⟩ · ⟨|I1(x + µ, y, z, t + τ)|⟩ ,

g
(2)
1U(τ) = ⟨I∗

1 (x, y, z, t) ⊙ I1(x, y − µ, z, t + τ)⟩
⟨|I∗

1 (x, y, z, t)|⟩ · ⟨|I1(x, y − µ, z, t + τ)|⟩ and

g
(2)
1D(τ) = ⟨I∗

1 (x, y, z, t) ⊙ I1(x, y + µ, z, t + τ)⟩
⟨|I∗

1 (x, y, z, t)|⟩ · ⟨|I1(x, y + µ, z, t + τ)|⟩ .

(7.10)

The Siegert relation (g(2) = |g(1)|2 + 1) [169] is then applied before calculating the cross-
correlation:

ĝ
(1)
12 (τ) =

√
|g(2)

1L (τ) − 1| −
√

|g(2)
1R(τ) − 1|

2 and

ĝ
(1)
13 (τ) =

√
|g(2)

1U(τ) − 1| −
√

|g(2)
1D(τ) − 1|

2 .

(7.11)

The hat is used to distinguish it from the version calculated from the first-order correlation
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Figure 7.4 Comparison between correlation ratios calculated using the signal from a mode-
selective photonic lantern and those reconstructed from Channel 1 alone. The first row
presents the cross-correlation between channels, the second row displays the correlation ratio,
the third row illustrates the variation of the correlation ratio, and the last row plots the central
profile from the previous row.

and the one from the MSPL extra channels. The correlation ratio and the ratio variation are
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calculated in the same way:

η̂12/11(τ) = ĝ
(1)
12 (τ)√

|g(2)
11 (τ) − 1|

,

η̂13/11(τ) = ĝ
(1)
13 (τ)√

|g(2)
11 (τ) − 1|

,

∆η̂12/11(τ) = η̂12/11(τ) − η̂12/11(−τ) and

∆η̂13/11(τ) = η̂13/11(τ) − η̂13/11(−τ).

(7.12)

Figure 7.5, similarly to Fig. 7.4, shows the previous equation when applied to a static object
that has been translated. It is the same method and dataset as in Fig. 6.3, but using Eqs. 7.11
and 7.12. The first and third columns compare the cross-correlation and correlation ratios
of Channels 2 and 3, respectively, to their reconstructed counterparts using the second-order
correlation function in the second and fourth columns, respectively. The first row shows
the cross-correlation; the second row shows the correlation ratios; the third row shows the
variation in correlation ratios; and the last row shows the center of the correlation ratio
variation in the plot.

Both approaches appear to reproduce the results from Chapter 6, while additionally en-
abling determination of the complete flow direction. Notably, this method does not require
an MSPL. However, it introduces the challenge of shifting the image by µ, which can be
addressed by using either an oversampled full-field image or oversampling adjacent A-lines.
Furthermore, the proposed methodology is not limited to OCT, but may also be applicable
to any imaging technique affected by speckle noise.

Further flow measurements are needed to validate the efficacy of this approach in the presence
of flow. Nevertheless, the results presented in Fig. 7.4 and Fig. 7.5 are highly promising.

A strictly linear relationship between the ratio and flow speed is not required. Instead of
relying on a closed-form equation, a look-up table derived from figures such as Fig. 6.3, 7.4,
or 7.5—which plot measured displacement as a function of the measured ratio—could be
used. This approach would allow for the adoption of custom CSF profiles that differ from
hxy(x, y)| Ch2 and hxy(x, y)| Ch3 and may otherwise be analytically intractable.
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Figure 7.5 Comparison between correlation ratios calculated from mode-selective photonic
lantern signals and those reconstructed from Channel 1 using the second-order correlation
function. The first row presents the cross-correlation between channels, the second row
displays the correlation ratio, the third row illustrates the variation of the correlation ratio,
and the last row shows the central profile of the previous row.
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7.2 Inconclusive avenues

This section presents ideas that were explored but ultimately found to be inconclusive, along
with explanations for why certain avenues were not pursued further.

7.2.1 Super-resolution

Given that the superposition of the two LP11 modes forms a disk, there was interest in using
the MSPL to achieve super-resolution. Subtracting this disk from a Gaussian beam could,
in principle, create a beam with a diameter below the Rayleigh criterion. However, this
subtraction of the LP11 modes is only feasible in the intensity domain.

OCT is inherently affected by speckle noise, which presents a significant challenge. When
two LP11 modes are combined and then subtracted in the intensity domain, speckle noise
prevents a true increase in resolution. The intention behind this subtraction is to remove
the signal originating from the edges of the beam, but this edge signal is randomly interfered
with by signal from the beam interior due to speckle. Since only the intensity is considered,
phase information is lost, making it impossible to selectively remove the edge contribution to
the speckle noise. Retaining phase information would be necessary for such selective removal.

Attempting this in the phase domain introduces a new problem: the two lobes of LP11 have
opposite phases. Subtracting LP11 from LP01 thus results in constructive addition in one
lobe and destructive subtraction in the other, necessitating a new CSF. Experiments were
conducted using both illumination and detection with LP11 simultaneously, which should
generate a CSF resembling LP11 with both lobes in phase. This approach was successfully
tested on a resolution target, producing a modest increase in resolution; however, the target
consisted of a glass surface and exhibited no speckle noise. When the same approach was
applied to a sample with speckle, it did not yield improved resolution for reasons that remain
unclear. Further investigation was discontinued in favor of more promising alternatives.

A colleague, Martin Poinsinet de Sivryl-Houle, proposed utilizing an even higher-order mode,
LP02, to interfere with the Gaussian mode, LP01, thereby creating a physically narrower
beam and potentially circumventing speckle noise issues. While this approach is theoretically
promising, it requires an MSPL capable of supporting higher-order modes, which are not
currently available, and thus remains speculative. Future investigation into this strategy is
warranted as a possible route to super-resolution, although phase alignment and polarization
matching between modes will present significant challenges.
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7.2.2 Axial gradient velocity simulations

AGV presents a significant limitation for flow measurement using correlation methods. Al-
though a model exists to describe its impact on conventional correlation schemes, it is not
readily adaptable to the correlation ratio approach proposed in Chapter 6. Attempts were
made to extend this model; however, the mathematics of the original work were neither
straightforward nor explicit, and the correlation-ratio case proved to be considerably more
complex.

Consequently, a simulation-based approach was attempted. Unfortunately, the simulation
produced questionable results that partially contradicted the experimental findings described
in Chapter 6. The source of this discrepancy was not identified, and the simulation results
remain uninterpreted.

7.2.3 Scatterer size contrast

Previous research on FM-OCT has highlighted mode-coupling sensitivity to scatterer size as
a potentially valuable source of contrast. This avenue was not pursued in the present thesis,
primarily due to the difficulty of obtaining suitable samples for testing and the prioritization
of other, more promising applications.

It is also challenging to attribute observed contrast reliably, as prior models considered only
spherical scatterers. Thorough investigation of this avenue would require extensive trial-and-
error experimentation to identify which pathologies could be diagnosed with this contrast
mechanism. Additionally, since similar approaches have been explored by other groups, it
was uncertain whether FM-OCT offered a distinct advantage. As a result, other applications
were prioritized in this work.
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7.3 Thesis-specific objectives

This section provides a critical reflection on the thesis-specific objectives, assesses the extent
to which the research objectives were achieved, and considers areas for potential improvement
and their impact.

7.3.1 Building the system

The design of the FM-OCT system was accomplished. Both hardware and software com-
ponents were adapted from a previous OCT setup, which was subsequently upgraded to a
fiber-based FM-OCT configuration. In the absence of a fiber connector, the tip of the MSPL
remained unconnectorized; however, its short length mitigated the risk of breaking or moving.
Nevertheless, the component was overall delicate and broke twice, necessitating replacement.
Specular reflection at the MSPL tip also posed a significant challenge, limiting SNR and
requiring the tip to be positioned farther from the imaging lens to reduce its impact on SNR.

While the fragility of the system limited its portability, the primary constraint was the laser
source, which was shared among multiple projects and therefore could not be transported
with the rest of the setup. This limitation prevented the system from being deployed in a
hospital setting for testing on biological samples. However, this restriction afforded additional
time to focus on theoretical work and the development of new innovations.

Overall, the system closely resembled the previous FM-OCT configuration, albeit operating
at a different wavelength, with increased signal strength and a faster A-line acquisition rate.
The broader impact of FM-OCT will likely remain constrained until a connectorized MSPL
devices become commercially available.

A similar system was also constructed for a four-mode FM-OCT as part of a separate project.

7.3.2 Modeling multi-modal signals

Several points from the publication presented in Chapter 3 warrant further discussion. The
comparison of optical fluence maps with MCX served to validate whether the developed code
and associated schemes functioned as intended. MCX is a widely used and validated Monte
Carlo simulator. Demonstrating that our simulator could reproduce similar results confirmed
its ability to accurately simulate photon distribution within the sample, even when employing
a biased scattering function. This finding supports the use of a biased scattering function in
combination with photon splitting and a likelihood ratio as a valid modeling strategy.

The OCT signal simulation was validated by comparing simulated data with experimental
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measurements. Specifically, the objective was to reproduce the experimental attenuation
curves based on the sample’s optical properties. For this comparison, amplitude normal-
ization was performed. After OCT signal processing and prior to displaying the signal on a
logarithmic scale, both simulated and experimental signals were divided by the average signal
amplitude just below the surface (approximately 60 µm). This region was chosen because it
is unaffected by strong Fresnel reflections at the air-sample interface and maintains a high
SNR.

A deeper understanding of the OCT signal can facilitate the development of advanced OCT-
based applications [84,93–99,101,102,104–107].

More specifically, in relation to this thesis, the objective was to investigate how altering
the detected mode influences the relative signal amplitude between modes. Similar ap-
proaches have been employed as contrast mechanisms for disease tissue identification by
other groups [14–16]. While normalization was necessary when comparing experimental data
to simulations, it should not be required for comparing simulations that employ the same
number of photons.

The publication presented in Chapter 3 did not fully achieve this objective, as other avenues
were prioritized, as explained in Sec. 7.2.3.

Although the work did not ultimately simulate an FM-OCT signal, it resulted in a pub-
lication that, for the first time, experimentally validated Monte Carlo methods for OCT
signal simulation. To extend this work further, one could consider switching the illumina-
tion and detection modes; for example, simulating both LP01 and LP11 illumination while
maintaining a consistent detection scheme. In such a scenario, the initial random Gaussian
distribution would be replaced by a random LP11 distribution.

Furthermore, the Henyey-Greenstein scattering function could be replaced with more modern
and accurate models that better represent the scattering properties of biological tissue.

Instead, to simulate FM-OCT—and specifically FM-OCT speckle signals—simple simulators,
such as the one described in Sec. 2.5, were utilized. Although this did not result in a
publication, modeling scatterers as particles contributed to understanding few-mode signals.
This approach aided in interpreting initial experimental results and informed the direction
of subsequent investigations. Even though these simulations are not included in the papers
published in Chapters 4 and 6, they were instrumental as an early testbed for developing
new methods.

Unfortunately, the overall impact of this effort is limited. The original Monte Carlo code un-
derlying the simulator should have been replaced earlier with a more modern, computationally
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efficient alternative. Instead, emphasis was placed on validating the modeling approach and
pursuing more productive research directions. Nonetheless, the published work contributes
to validating the methodologies used by other groups and introduces a novel illumination
scheme. Future research should focus on adopting faster simulation codes and integrating
innovations from multiple sources.

7.3.3 Improving signal quality

Several points from the publication presented in Chapter 4 merit further discussion. While
the MSPL guarantees transverse coregistration, axial coregistration must be performed sep-
arately. The axial mismatch arises primarily from differences in fiber length in the different
channels. Although different modes exhibit distinct effective refractive indices during fiber
propagation, higher-order modes are only present within the MSPL tip, which is approxi-
mately 3 cm long. Thus, the induced delay from modal dispersion is minimal compared to
the delay introduced by differences in fiber length.

Two reference arms were incorporated to coarsely adjust the axial delay, but they were insuf-
ficient for subresolution axial coregistration. Fine coregistration was achieved by measuring
the delay via correlation and applying subresolution translation to the image. B-scans from
both channels were averaged into a single A-line to reduce speckle noise. Subresolution
translation [167] was performed to maximize the cross-correlation between the two A-lines.
Figure 4.2 demonstrates the system’s response to a mirror after successful axial coregistration.

Due to differences in the collection mode, Channels 1 and 2 exhibit distinct responses. As
previously mentioned, Channel 2 functions analogously to a Sobel filter for edge detection, as
the LP11 mode closely resembles the Sobel filter in its mathematical form. This is equivalent
to applying the filter directly to the OCT complex signal in the transverse plane.

Accordingly, evaluating the edge response is challenging for Channel 2 because it lacks a
Gaussian profile. However, our main focus was on the edge response of the combined sig-
nals, as this configuration yields lower speckle contrast, and comparing it to the response
of Channel 1. The response of the combined channels was sufficiently close to Gaussian for
evaluation and closely matched that of Channel 1. An increase in transverse resolution of
11% was measured in one direction, while no change was observed in the other.

Speckle reduction is achieved because the speckle patterns in Channels 1 and 2 are uncorre-
lated. This results from the LP01 and LP11 mode functions being inherently uncorrelated,
and thus their associated transverse CSF are also uncorrelated. A second-order correla-
tion value of 1.04 was measured between the speckle patterns of both channels. The slight
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deviation from 1—which would indicate complete decorrelation—may be attributed to im-
perfections in the MSPL, which cause the actual CSF to be slightly correlated. Nevertheless,
strong decorrelation is demonstrated between the channels.

An improvement in SNR was observed, though its origin warrants clarification. As two
channels are imaged simultaneously, the signal is effectively collected twice within the same
integration time. Normalization does not affect the SNR, as it scales both the signal and
noise components proportionally. Combining the signals averages out the noise, similar to
the way speckle noise is reduced. This process is analogous to averaging two consecutive
A-lines to enhance SNR, with the distinction that the two channels may not possess identical
SNR as two A-lines acquired from the same channel.

Overall, the speckle reduction method was successful. Although some speckle remains, the
technique reduces speckle noise at only a minor cost to resolution and with an improvement
in SNR. It can also be combined with existing solutions to further reduce speckle noise. The
primary limitation is the requirement for an FM-OCT system. The method’s broader impact
is currently constrained by the limited availability of MSPL devices on the market, though
this is expected to change in the near future. Once such devices are readily accessible, image
quality should improve, facilitating the visualization of small structures.

It is suspected that the approach used is analogous to wavelet-based methods for speckle
noise reduction. The FM-OCT technique may serve as an empirical counterpart applied to
digital wavelet filtering.

Super-resolution would have been an interesting direction to pursue; however, at the time, it
was anticipated that an MSPL supporting LP02 would become available in the near future.
As a result, further work with LP11 was deprioritized in favor of awaiting LP02. Once
such an MSPL is accessible, this application should be revisited. Notably, lateral resolution
in OCT is often limited by the imaging lens, which must be selected based on the desired
Rayleigh length of the beam or, in ophthalmology, by the fact that the lens is the patient’s
eye. Super-resolution would permit going beyond this limit.

7.3.4 Flow measurement

Arguably, the most innovative contribution of this thesis is the correlation-ratio method
described in Chapter 6. This technique was successfully demonstrated as a more accurate
alternative to existing methods. Table 6.2 indicates that vfit has a lower RMSE than vtot

in one specific case; however, inspection of Fig. 6.6 (d) reveals that vfit failed to accurately
measure transverse flow speed, whereas vtot provided results that were closer to the expected
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values. The higher RMSE observed for vtot is most likely attributable to outliers rather than
a lack of accuracy in the technique itself.

The technique was tested using both diluted milk and ex vivo pork blood. As no signif-
icant difference was observed when changing the sample—consistent with previous find-
ings [73]—diluted milk was selected for the experiments reported in Chapter 6. However, the
method has not yet been evaluated in vivo and therefore requires further investigation before
clinical implementation. Unfortunately, the system was not portable and did not operate at
the optimal wavelength for retinal imaging. Further research is also required to assess the
approach without an MSPL.

As with much of the work in this thesis, the broader impact of the correlation-ratio method
is currently constrained by the limited commercial availability of MSPL, a situation that
is expected to improve in the near future. Once this limitation is overcome, the method
could have a substantial impact, as it provides a much-needed tool for accurate lateral flow
measurement. Its high accuracy enables precise detection of sub-pixel displacements, and the
additional information it provides about flow orientation could facilitate studies of retinal
disease progression. Furthermore, the versatility of the method allows for its application in
devices beyond OCT.
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CHAPTER 8 CONCLUSION

This section provides a summary of the contributions made in this thesis, highlighting their
impact and limitations and offering an outlook on future research directions.

8.1 Summary of work and limitations

Technological innovations often serve as catalysts for further progress. This project began as
an investigation into the opportunities offered by a new optical component—the MSPL—for
the field of OCT, but ultimately expanded beyond this initial focus.

A fiber-based FM-OCT system and its accompanying software were developed, featuring
both two- and three-channel configurations. The three-channel configuration could image
Channels 2 and 3 simultaneously or independently. This system represented a significant
improvement over its predecessor, constructed by a colleague [17]. The imaging head was
made more robust by using a shorter, better-supported MSPL, and the system enabled faster
acquisitions with a more user-friendly software interface.

However, several limitations remain. The laser used in the system operates at a suboptimal
wavelength for retinal imaging due to absorption in the eye. While the system can image
small eyes, such as those of mouse pups, this comes at a high cost to signal quality. Addi-
tionally, although the system is faster than its predecessor, it remains somewhat slower than
contemporary clinical devices, limiting its clinical applicability. Finally, the system could not
be transported to the hospital, primarily because the laser was required for other projects in
the laboratory.

The constructed system demonstrated that FM-OCT can operate robustly despite the inher-
ent fragility of MSPL components.

Several methods for modeling light propagation in OCT signals were proposed. A Monte
Carlo approach was refined and experimentally validated to accurately replicate OCT A-
lines, representing the first experimental validation for reproducing OCT A-line attenuation
curves.

However, the simulator is limited by its underlying codebase. The modified code was CPU-
based rather than GPU-based, making it significantly slower than GPU-accelerated alterna-
tives and limiting its broader usability. Ideally, the original code should have been replaced
earlier with a GPU version, and validation should have been performed on the upgraded soft-
ware. Due to time constraints, the code was not sufficiently advanced to simulate FM-OCT
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signals and thus cannot be used to compare the sensitivity of FM-OCT channels to different
samples.

Nonetheless, the code validated the use of Monte Carlo approaches for simulating OCT
signals, thereby supporting the work of other groups using similar simulators and paving the
way for future research in this area.

To simulate FM-OCT speckle patterns, simpler speckle simulators were developed to sup-
port the validation and development of various theoretical models presented in the thesis.
These simulators did not result in publications, as the concept was not novel. Instead, their
main contribution was enabling the development and publication of new models for speckle
reduction and flow measurement.

A novel speckle-reduction method was demonstrated, which also improves SNR. This method
relies on detecting signals from higher-order modes collected by the MSPL to generate simul-
taneous images with distinct speckle noise patterns. The speckle noise can then be reduced
by averaging these images. Unlike other approaches, this method incurs only a 0 to 10% cost
in resolution for a speckle contrast reduction factor of 1/

√
2. Furthermore, it does not rely

on distinguishing between variations due to speckle and those due to anatomy, as some other
approaches do.

This approach enables improved image quality, particularly for small structures near the
resolution limit of OCT, which are often difficult to distinguish from the speckle pattern.
Conventional speckle-reduction methods rely on averaging neighboring pixels, which sup-
presses both speckle noise and small structural details. In contrast, angled detection may be
the only way to reveal structures that would otherwise be obscured by speckle. Moreover,
this method is complementary to alternative approaches and can be combined with them to
further enhance speckle reduction.

The method is conceptually similar to wavelet-based techniques used in the literature for
speckle noise reduction; however, unlike wavelets, it constitutes an empirical rather than a
numerical solution.

The method was demonstrated only with a two-channel FM-OCT. Increasing the number of
channels could yield further speckle reduction and greater SNR improvement, as predicted
in Chapter 4. However, adding more channels introduces scalability challenges, as additional
OCT systems would be required to detect each channel.

Once MSPLs become commercially available, this speckle-reduction method could be readily
implemented in clinical applications to enhance image quality.

Finally, a novel method for flow measurement was developed and demonstrated. This method
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relies on a ratio of correlation measurements to achieve greater accuracy than existing alter-
natives. It measures flow (or displacement) perpendicular to the imaging axis—an orientation
that has traditionally been challenging to assess. The technique provides previously unavail-
able information on flow orientation, although it yields only the absolute values of vx and vy,
not their signs. While the method was demonstrated using an MSPL, alternative approaches
employing standard OCT systems were also proposed, yielding promising preliminary results
and enabling determination of full flow direction.

Ultimately, the most significant advantage of this method over alternative approaches is that
it relies on signal re-correlation rather than decorrelation to measure flow. While signal
decorrelation can result from multiple sources—such as flow, diffusion, and shadow arti-
facts—signal re-correlation is specifically attributed to scatterers moving from one location
to another, thereby minimizing sources of bias.

This method addresses a critical need in OCTA by enabling flow measurement in the trans-
verse direction. A direction most retinal blood vessels are. It can also differentiate between
blood diffusion and flow, as well as facilitate measurement of much slower flow rates. Reli-
able quantitative measurements remain a challenge for OCTA, limiting the scope of studies
on retina-related diseases. The correlation-based approach may also be applicable to other
organs where accurate blood flow measurement is required.

The scope of this contribution is limited by the fact that it has not yet been demonstrated in
vivo. Further work is required to implement the method in vivo and to evaluate its feasibility
in this challenging context.

The alternative implementation without MSPL also requires validation on dynamic samples,
as it has only been demonstrated on static data. Furthermore, it has not yet been compared
to alternative methods, so its relative performance remains unknown.

In summary, the correlation ratio approach has the potential to change the paradigm of flow
measurement in the retina by providing a more accurate alternative. Its initial impact is
likely to be in research, supporting the study of diseases and determining whether improved
measurement accuracy can offer diagnostic benefits.

8.2 Outlook

While the current impact of the work presented here is primarily limited by the market
accessibility of MSPL, this situation is evolving. MSPLs are inherently fragile due to their
small tip diameter (approximately 10 µm), making them susceptible to movement when
suspended in air. This fragility also complicates the creation of a standard fiber connector at
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the tip, resulting in an uncontrolled cleave angle. Significant backreflection from this cleave
can introduce considerable noise into the OCT signal, as was observed with the MSPLs
used in this project. However, another group [56] has addressed this by splicing a short
multimode fiber to the tip, and such solutions are now being adopted in the industry. The
commercialization of connectorized MSPL devices is imminent, which will address issues of
availability, reduce backreflection, and improve integration with optical systems.

As a result, FM-OCT systems will become much easier to construct. However, as MSPLs with
increasing channel counts are developed, it will become costly to use a parallel OCT setup for
each channel. Employing a swept-source laser OCT is a more economical solution, as extra
balanced detectors are generally less expensive than additional spectrometers. Another cost-
effective alternative is to combine the signals from multiple channels into a single detector,
as demonstrated in Chapter 6. Since the axial imaging range of OCT typically far exceeds
the imaging depth, it is feasible to add multiple OCT images within one axial imaging range.
However, this approach does not improve SNR, as the signal lost through the coupler used
to combine channels offsets the gain from adding an additional channel.

Future work on Monte Carlo simulation for OCT should focus on integrating the various
methods developed by different research groups into a unified, GPU-based codebase. The
code could also be upgraded to simulate FM-OCT signals, as proposed by adapting the
illumination scheme. This enhancement would enable the comparison of different types of
modal collection and NA, helping to determine which combinations offer the most promising
contrast for specific clinical applications.

Regarding the simulation of speckle dynamics, the method presented in Sec. 2.5 remains
appropriate, though further development is possible. For example, it could be utilized to
calculate the convergence rate of correlation calculations, thereby providing better estimates
of the integration time required to achieve a desired precision in flow measurements.

The most immediate impact is likely to arise from the speckle-reduction method, which
is straightforward to implement once MSPLs become available. Future work should focus
on applying this approach to FM-OCT systems with a greater number of channels and on
evaluating its performance in clinical applications. However, as the number of channels
increases, higher-order LP modes will broaden, which may gradually affect resolution.

Alternatively, PL could be used instead of MSPL. PL devices typically support a greater
number of channels than MSPL. Although the LP modes are mixed in PL, this may not
pose a problem if the main objective is speckle noise reduction through signal combination,
making this avenue worth investigating.
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Alternatively, a similar strategy employing wavelets could be explored. Using wavelets for
speckle noise reduction appears to be a numerical analogue to the empirical approach pre-
sented here. The fiber LP modes could inspire the construction of a wavelet basis, enabling
numerical reproduction of the empirical results. This concept is reminiscent of the previ-
ously proposed correlation ratio method for flow measurement without a PL. While such an
approach would avoid the need for a PL, wavelets with higher spatial frequencies could intro-
duce SNR challenges, similar to those encountered in deconvolution-based super-resolution
methods.

The most impactful contribution of this thesis is the new flow measurement method. The
logical next step is to test the method in vivo. The primary objective should be to determine
whether the method can be successfully applied to retinal imaging in a clinical context.
However, several challenges remain for implementation. The first is compensating for sample
motion in in vivo applications. The most significant challenge, however, is to identify an
appropriate scanning strategy.

Correlation methods require temporal comparison of images. If the time delay between cor-
related pixels is too long, the signal becomes fully decorrelated and flow speed cannot be
measured. This necessitates a sufficiently rapid scanning scheme. The most straightforward
approach is to perform B-scans as quickly as possible. While feasible, capturing the fastest
anatomical flow speeds demands the fastest available systems. An alternative, only briefly
explored, involves acquiring two consecutive A-lines at each position in a B-scan. This ap-
proach is difficult to implement with conventional galvanometer-mirror scanning systems, as
maintaining the mirror in a fixed position before moving at OCT scanning speed is challeng-
ing.

The M-mode approach may be well-suited for other applications. For example, a recurrent
challenge in surgery is determining when a surgeon is about to cut or pierce a region with
significant blood flow. A fiber equipped with a MSPL could readily assess blood flow at
a specific location. Surgical applications requiring point-specific blood flow measurements
warrant further exploration.

Subsequent validation of the measurement in vivo will be challenging, as there is no direct
reference standard available for verification; the presented method aims to provide a more
accurate alternative to existing techniques. The method should also be evaluated in capillary-
sized tubing ex vivo with a known flow velocity.
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