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Summary 

This thesis presents a series of advancements in Optical Coherence Tomography 

(OCT) technology, addressing challenges in measurement accuracy, resolution 

enhancement, and expanding OCT’s application scope to biochemical 

monitoring. By developing innovative methodologies and integrating 

complementary technologies, this work enhances OCT’s capabilities, making it 

a more comprehensive tool for non-invasive biomedical diagnostics. 

First, a dual-beam OCT system was developed to improve the accuracy of blood 

flow velocity measurements in OCT angiography (OCTA) by decoupling axial 

velocity gradient (AVG) artifacts. which refers to flow velocity variations along 

the scanning beam’s axis, can distort OCTA’s decorrelation signals, leading to 

inaccuracies in blood flow measurements. Our dual-beam OCT system 

introduced in this thesis uses commercially available, low-cost components and 

only requires two simultaneous scan sessions, making it faster and less vulnerable 

to subject motion compared to methods that require multiple scans. Validation 

experiments with phantoms and in-vivo imaging of human skin vasculature 

demonstrated significant reductions in AVG-related artifacts, thus enhancing 

measurement reliability and enabling more precise blood flow analysis in clinical 

applications. 

Second, this thesis introduces a self-supervised deep learning framework for 

enhancing OCT’s axial resolution, critical for diagnostic accuracy. Traditional 

high-resolution OCT imaging requires broader spectral bandwidths, which are 

expensive and technically challenging. Existing image-based deep learning 

method fails to recover detail continuity. Our proposed spectrum-based deep 

learning approach leverages OCT’s raw spectral data, including phase 

information, rather than intensity-only images. By training directly on the 

spectral data, this approach achieves super-resolution without needing reference 

high-resolution images, improving axial resolution by 50% and yielding 

substantial gains in Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity 

Index Measure (SSIM) metrics. This resolution enhancement is especially 

valuable for visualizing fine boundary structures, such as those between the 

stratum corneum and stratum lucidum in skin imaging. Beyond dermatology, this 
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method shows potential for OCT imaging in retinal diagnostics, aiding in the 

early detection of conditions like age-related macular degeneration and diabetic 

retinopathy by resolving finer details within retinal layers and microvascular 

structures. 

Finally, the thesis explores a novel application of OCT by integrating it with a 

sensing patch to enable real-time biochemical monitoring and structural imaging 

simultaneously. This system combines OCT’s high-resolution structural imaging 

with the biochemical sensitivity of the sensors in patch, e.g. Liquid Crystals 

(LCs), which respond dynamically to changes in their environment. In this setup, 

LC droplets within the hydrogel patch act as pH sensors, changing their 

orientation and optical properties in response to pH shifts. OCT captures these 

changes as variations in the droplet imaging size, providing real-time insights 

into skin pH levels. Validated across a physiological pH range, this dual-function 

system allows OCT to capture both structural and biochemical data, enhancing 

its utility for comprehensive skin health assessment. This integration expands 

OCT’s capabilities beyond structural diagnostics, opening new possibilities for 

wearable, real-time biochemical monitoring of other biomarkers, including 

glucose and proteins, which are relevant to broader biomedical applications. 

In conclusion, this thesis contributes significantly to OCT’s evolution as a 

versatile diagnostic tool by addressing key limitations in measurement accuracy, 

resolution, and biochemical monitoring. The developed dual-beam system for 

AVG decoupling, spectrum-based super-resolution framework, and OCT 

biochemical sensing system represent innovative solutions to longstanding 

challenges in OCT and OCTA. Collectively, these advancements enhance OCT’s 

precision, versatility, and clinical relevance, positioning it as a powerful tool for 

high-precision, non-invasive diagnostics in both clinical and research settings. 
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Chapter 1. : Introduction 

1.1 Motivation 

Optical Coherence Tomography (OCT) is a non-invasive, non-contact, label-free imaging 

modality that provides three-dimensional and real-time visualization of biological tissue. OCT 

has become the gold standard in ophthalmology for examining retinal layers and assessing 

microvascular structures. A functional extension, OCT Angiography (OCTA), enables high-

contrast visualization of blood flow and microvasculature by analysing decorrelation between 

successive B-scans at the same location  [1] [2] [3]. These techniques have been widely adopted 

for screening, diagnosis, and treatment monitoring of ocular and other tissue-related diseases. 

Despite the success of OCT and OCTA, several challenges remain—particularly in 

measurement accuracy, resolution, and the limited scope of applications. With growing interest 

in wearable sensing and biochemical monitoring, OCT systems face the opportunity to evolve 

from purely structural imaging tools to multifunctional diagnostic platforms. This thesis 

addresses three critical directions to enhance OCT capabilities: improving blood flow 

measurement accuracy, enhancing axial resolution, and enabling biochemical sensing. 

1.1.1  Improving Flow Measurement Accuracy via AVG Decoupling 

One major limitation in OCTA blood flow quantification is the presence of axial velocity 

gradient (AVG) artifacts. AVG refers to variations in flow velocity along the axial direction that 

contribute to decorrelation signals, introducing ambiguity in flow measurement. Existing 

solutions either require numerous additional acquisitions that hinder in-vivo imaging (e.g., 

scan-bias techniques), or depend on custom components such as few-mode fibre couplers 

employing higher-mode point spread function and dark-field detection, whose feasibility for 

in-vivo applications remains uncertain.This thesis presents a cost-effective alternative using a 

dual-beam OCT configuration to decouple the AVG component directly for in-vivo imaging. 

By comparing decorrelation from two incident angles, this system allows a direct and low-cost 

extraction of true flow velocity, improving measurement accuracy without requiring complex 

instrumentation. 

1.1.2  Enhancing Axial Resolution via Self-Supervised Deep Learning 

OCT’s axial resolution is fundamentally constrained by the light source’s bandwidth. Higher 
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resolutions demand broader bandwidths, which are expensive and technically challenging to 

achieve. Deep learning offers a promising data-driven alternative. However, conventional 

image-based super-resolution models often fail to recover meaningful structural details. This 

study develops a self-supervised deep learning framework that trains directly on spectral data, 

enabling the enhancement of axial resolution without requiring paired high-resolution ground 

truths (GT). The model iteratively restores fine structural details, offering a scalable and 

hardware-independent pathway to high-resolution OCT imaging. 

1.1.3  Extending OCT Functionality for Biochemical Sensing   

OCT has traditionally been limited to structural imaging. Meanwhile, recent advances in 

wearable hydrogel patches have introduced real-time biochemical monitoring capabilities. 

These patches detect pH, glucose, or lactate levels via interactions with sweat, providing vital 

information for managing inflammation, infection, or skin health. However, integrating such 

biochemical sensing into OCT systems remains largely unexplored. 

This thesis presents a novel biosensing approach by integrating a liquid crystal (LC)-based 

hydrogel patch with OCT. LC droplets embedded within the patch reorient in response to, e.g. 

pH changes. These changes manifest as measurable differences in droplet appearance in OCT 

images. By leveraging this polarization-sensitive property, the system enables simultaneous 

structural imaging and biochemical monitoring of the skin. 

1.2 Objective 

The primary objectives of this thesis are: 

a) Develop and validate a dual-beam OCT system that enables more accurate blood flow 

quantification by decoupling AVG artifacts. 

b) Enhance OCT axial resolution through a self-supervised deep learning framework 

based on spectral domain training. 

c) Demonstrate the integration of OCT with an LC-based hydrogel patch for biochemical 

informaiont, e.g. pH, sensing and establish its feasibility for multimodal diagnostics.   

1.3 Significance and Novelty 

This thesis introduces novel approaches to improve OCT accuracy, resolution, and functionality, 

addressing key limitations in current OCT applications: 
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a) Faster and more cost-Effective AVG Decoupling: The dual-beam OCT system 

mitigates the effect of AVG on flow velocity with a single round of OCTA image 

acquisition. This approach introduces less scans compared to the scan-bias method, 

which requires multiple scans to accurately fit the non-linear curve.  Compared with 

few-mode fibre coupler method which requires lab-made key component, it leverages 

off-the-shelf components to provide an affordable solution for decoupling AVG artifacts 

in OCTA. This approach reduces flow measurement uncertainty, achieving a 0.7% error 

in phantom studies and demonstrating reliable results in in-vivo human skin testing. 

b) Deep Learning for Super-Resolution: By implementing a self-supervised deep 

learning framework that directly utilizes spectral data, this study offers a method for 

achieving high axial resolution in OCT images without costly hardware. This technique 

enhances OCT images by recovering finer structural details, such as boundary 

continuity, and results in significant improvements in peak signal-to-noise ratio (PSNR) 

and structural similarity index (SSIM). 

c) OCT with Biochemical Sensing Capability: This study demonstrates the expanded 

capabilities of OCT by integrating it with a hydrogel patch for simultaneous structural 

and biochemical information sensing. Using an LC as a sensor embedded in the patch, 

this approach highlights OCT's ability to capture dynamic biochemical changes, such 

as pH variations, through structural alterations in the images. Validated across a 

physiological pH range of 6.0 to 8.0, this integration underscores OCT's potential to go 

beyond traditional structural imaging, enabling versatile, non-invasive assessments of 

both physical and chemical properties in skin health applications.  

Through these innovations, this thesis significantly expands the scope of OCT in clinical 

diagnostics. By addressing challenges in measurement accuracy, resolution enhancement, and 

biochemical monitoring, these advancements position OCT as a comprehensive tool for high-

precision, non-invasive diagnostics, applicable to a wide range of biomedical fields beyond its 

traditional role in ophthalmology. 

1.4 Chapter Outline 

The remainder of this thesis is structured as follows: 

a) Chapter 2 provides essential background on OCT, OCTA, and relevant theories in optics 

and machine learning that support the proposed methodologies. 

b) Chapter 3 introduces the dual-beam OCTA system for accurate AVG decoupling and 
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presents its validation. 

c) Chapter 4 describes the development of a self-supervised deep learning framework to 

enhance OCT axial resolution using spectral-domain training. 

d) Chapter 5 demonstrates the integration of OCT with a pH-responsive hydrogel patch 

containing liquid crystal droplets for real-time biochemical sensing. 

e) Finally, Chapter 6 summarizes the key findings, highlights the contributions, and 

outlines future research directions. 
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Chapter 2. : Background Theories 

2.1 OCT Fundamentals 

2.1.1 OCT and Parameters 

OCT is a non-invasive imaging technique based on low-coherence interferometry. It provides 

high-resolution, depth-resolved images by detecting interference between backscattered light 

from tissue and a reference beam. The axial resolution is determined by the coherence length 

of the light source, which is inversely related to its spectral bandwidth. Other key parameters 

include lateral resolution, imaging depth, and signal-to-noise ratio (SNR). 

OCT has become a vital tool in biomedical research and clinical practice, particularly in 

ophthalmology. It enables real-time cross-sectional imaging without the need for tissue 

excision or processing, unlike conventional histopathology [4], [5]. This makes OCT highly 

valuable in scenarios where biopsy is impractical or risky (e.g., eye, arterial, or nerve diseases), 

where sampling errors are common but diagnostic accuracy is critical (e.g., gastrointestinal 

lesions), and where longitudinal monitoring is needed (e.g., retinal neovascularization, corneal 

transplantation). 

OCT systems typically use a Michelson interferometer configuration, where light is split into 

sample and reference arms. Interference occurs only when the optical path lengths match within 

the coherence length, allowing depth-resolved imaging. Unlike classical laser interferometry 

with monochromatic light (long coherence length), OCT employs a broadband light source to 

achieve short coherence length and precise axial sectioning 

.  
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Figure 2-1. The operational principles of OCT include the following: (a) A diagram illustrating the Michelson 

interferometer setup used in OCT imaging. (b) A narrowband light source exhibits a longer coherence length 

(left), while a broadband light source results in a shorter coherence length (right). (c) The process of producing 

an axial scan (left), a cross-sectional image (centre), and a 3D volumetric data set (right). (This figure is 

adapted from reference [5]). 

Interference signals from different back-scattered surfaces along the depth contribute to an 

axial scan, or A-scan (Figure 2-1 (c); left). By scanning the incident optical beam transversely 

and performing sequential analyses of A-scans, a two-dimensional, cross-sectional image can 

be achieved (Figure 2-1 (c); middle). When the incident optical beam is scanned in a two-

dimensional pattern, sequential cross-sectional images (B-scans) are generated, and a three-

dimensional volumetric dataset can be acquired through reconstruction (Figure 2-1 (c); right). 

As an optical microscopy technique, the lateral resolution of an OCT system is determined by 

the diffraction-limited spot size of the focused optical beam. The parameters characterizing 

these diffraction-limited quantities, including depth of field (DOF), axial resolution, and lateral 

field of view (FOV), are summarized in Figure 2-2. 

 

Figure 2-2. Illustration of confocal parameters in the OCT sample arm optics: The objective lens has a focal 

length 𝑓, and the numerical aperture (NA) indicates the effective focusing capability of the optics in the sample 

arm. The central wavelength of the light source spectrum is 𝜆. The beam radius 𝜔(𝑧) represents the distance 

where the intensity falls to 1/𝑒2 of its peak value along the axis. At the focus, the beam radius is 𝜔0, referred to 

as the beam waist. The Rayleigh range (𝑧𝑅) is the distance from the beam waist to the point where the beam 

radius increases to √2 times its value at the focus (𝜔(𝑧𝑅) = √2(𝜔0)) and corresponds to the minimum 

curvature radius of the wavefront. (This figure is adapted from reference [5]). 

OCT employs light sources with Gaussian-shaped spectra. The field distribution of the 

Gaussian beam along the propagation direction (z direction) can be expressed as: 
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𝐸 =
𝑐

𝜔(𝑧)
exp [−

𝑟2

𝜔2(𝑧)
] exp [−𝑖 [𝑘 (𝑧 +

𝑟2

2𝑅(𝑧)
) + Φ(𝑧)]]. 

(  2-1 ) 

 

Here, 𝑐 is a constant, 𝑟 is the radical distance from the center axis, 𝑅(𝑧) is the radius of the 

curvature of the beam’s wavefront, Φ(𝑧)  is the Gouy phase, 𝜔(𝑧) = 𝜔0√1 + (
𝜆𝑧

𝜋𝜔0
2)

2

  is the 

radius corresponding to the distance between the beam axis and the “edge” which is defined as 

when the amplitude falls to 1 ⁄ 𝑒 of its on-axis value (or intensity drops to  1/𝑒2 of its on-axis 

value). 𝜔0 is the radius of the beam at the focus (𝑧 =  0) which is termed as the “beam waist”. 

The value of 𝜔0 could be achieved by deducing the asymptote of the beam edge so that 𝑁𝐴 ≈

tan𝛼 = lim
𝑧→∞

𝑑𝜔(𝑧)

𝑑𝑧
 and thus 𝜔0 ≈

𝜆

𝜋𝑁𝐴
 . Here, 𝜆 is the centre wavelength of the light source; 

𝑁𝐴 is the numerical aperture of the objective lens or, correctly, the effective numerical aperture 

of the focusing optics in the sample arm. 

For each z position, the lateral PSF could be expressed using general Gaussian function 𝑓(𝑥) =

𝑎 ∙ 𝑒
−

(𝑥−𝑏)2

2𝑐2  with full width at half maximum (FWMH) = 2√2 ln 2 𝑐. Given the width at the 

1/𝑒2  of the peak power of the PSF being 2𝜔0  at the focus, the lateral resolution which is 

defined as the FWHM power of the lateral PSF at the focus position could be achieved: 

Δ𝑥 = √2 ln 2𝜔0 = 0.37
𝜆

𝑁𝐴
. 

(  2-2 ) 

 

The expression of 𝑧𝑅 =
𝜋

𝜆
𝜔0

2  is derived according to 𝜔(𝑧𝑅) = √2𝜔0 and we define 2𝑧𝑅 as the 

DOF 𝑏: 

𝑏 = 2𝑧𝑅 = 2
𝜋

𝜆
𝜔0

2 =
2𝜆

𝜋𝑁𝐴2
 

(  2-3 ) 

 
 

As revealed by Eq. (2-2), finer lateral resolution can be achieved by using an objective lens 

with a higher 𝑁𝐴. However, since 𝑁𝐴 also determines the DOF b as shown in Eq. (2-3), a high 

𝑁𝐴 will increase the lateral resolution but decrease the DOF (or depth of focus), resulting in a 

trade-off between these two parameters. This trade-off is clearly illustrated in Figure 2-3: using 

a high 𝑁𝐴 objective lens can achieve fine lateral resolution but at the expense of depth of focus. 
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Figure 2-3. The lateral resolution and focus depth in OCT are influenced by the Gaussian beam optics at the 

focal point, with lateral resolution defined by the FWHM of the lateral PSF. Key parameters include the NA of 

the optics, the beam waist (𝜔0), the Rayleigh range (𝑧𝑅), and the DOF (𝑏). The axial resolution, determined by 

the coherence length (∆𝑙𝑐) of the light source, is calculated at the FWHM of the axial PSF for each reflector. 

(This figure is adapted from reference [5]). 

The axial FOV (𝐹𝑂𝑉𝑎𝑥𝑖𝑎𝑙) of an OCT system is defined as the FWHM power of the confocal 

axial response function that the intensity drops to one-half of the peak value at the focus (Figure 

2-2): 

𝐹𝑂𝑉𝑎𝑥𝑖𝑎𝑙 =
0.221

sin2(
𝛼

2
)
=

0.221𝜆

sin2(
sin−1(𝑁𝐴)

2
)
. (  2-4 ) 

 
 

The lateral FOV (𝐹𝑂𝑉𝑙𝑎𝑡𝑒𝑟𝑎𝑙) depends on the lateral scanning system. If the input sample arm 

beam is rotated by the scanning components i.e. galvo scanner to a maximum one-side scan 

angle 𝜃𝑚𝑎𝑥 in a lateral dimension as illustrated in Figure 2-2, the lateral FOV is given by: 

𝐹𝑂𝑉𝑙𝑎𝑡𝑒𝑟𝑎𝑙 = 2𝑓𝜃𝑚𝑎𝑥. 
(  2-5 ) 

 
 

In contrast to traditional optical microscopy, the axial resolution of the OCT system is 

independent of diffraction-limited spot size of the focused optical beam but is determined by 

the coherence length of the light source. 
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Figure 2-4. Fourier transform of a Gaussian-shaped "coherence function" (left) and the spectrum of the light 

source (right). 𝐼𝑐indicates the coherence length at the FWHM value, while ∆𝑘 represents the spectral 

bandwidth's half-width at 1/𝑒 of its peak. 𝐹 denotes the Fourier transform operation. (This figure is adapted 

from reference [5]). 

OCT normally uses Gaussian-shaped spectrum light source with low-coherence length to 

perform “optical sectioning”. We here assume the light source has a centre wavelength of 𝜆 

and a wavelength bandwidth at the FWHM of its wavelength spectrum of ∆𝜆. As illustrated in 

Figure 2-4, the corresponding Gaussian function of spectrum 𝑆(𝑘) and its Fourier transform 

“coherence function” 𝛾(𝑧) is given by: 

𝛾(𝑧) = 𝑒−𝑧2Δ𝑘2 𝐹
↔ 𝑆(𝑘) =

1

Δ𝑘√𝜋
𝑒

−
(𝑘−𝑘0)2

Δ𝑘2 . 
(  2-6 ) 

 
 

Here, 𝐹 represents Fourier transform operation. The coherence length at the FWHM 𝑙𝑐 =
2√ln2

Δ𝑘
 

could be achieved from the “coherence function” 𝛾(𝑧) . Note ∆𝜆  represents wavelength 

bandwidth at the FWHM of the wavelength spectrum but ∆𝑘 is defined as the half-width of the 

spectral bandwidth at 1/𝑒  of its maximum here, therefore, Δ𝑘 =
𝜋

√ln2

Δ𝜆

𝜆2   according to the 

Gaussian-shaped spectrum 𝑆(𝑘). The axial resolution defined as the coherence length at the 

FWHM power of the axial PSF could therefore be expressed as: 

Δ𝑧 =
2 ln2

𝜋

𝜆2

Δ𝜆
, 

(  2-7 ) 

 

where 𝜆 is the center wavelength of the light source, and ∆𝜆 is the FWHM bandwidth of the 

power spectrum. Clearly shown in Figure 2-5, higher axial resolution could be achieved using 

light source with shorter centre wavelength and broader bandwidth light. 

 

Figure 2-5. Axial resolution in OCT imaging. The relationship between axial resolution and the light source 

bandwidth for centre wavelengths of 800 nm, 1060 nm, and 1300 nm. (This figure is adapted from reference 
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[5]). 

Since all experiments in this thesis utilize spectral-domain OCT (SD-OCT), the next chapter 

introduces the principles and key components of SD-OCT systems.  

2.1.2 Working principle of Spectral Domain -OCT 

Over the past decades, OCT has evolved from time-domain OCT (TD-OCT) to Fourier domain 

OCT (FD-OCT), which can be subdivided into SD-OCT and swept source OCT (SS-OCT), 

offering advances in imaging speed and sensitivity. Unlike TD-OCT, which uses an 

interferometer with a scanning reference arm, time-efficient SD-OCT employs an 

interferometer with a fixed reference arm approximately aligned with the sample arm (Figure 

2-6 (a)) [1] [4] [6] [7].The spectral interference fringes are detected either in parallel (SD-OCT) 

or in a time-lapse manner (SS-OCT), with frequencies proportional to the optical path delay 

between the reference and sample reflectors (Figure 2-6 (b)). Different optical echo delays 

(path length differences ∆𝐿) produce different frequency modulations (Figure 2-6 (b)), and by 

Fourier transforming the spectral interference signal, the echo delays can be measured (Figure 

2-6 (c)).In the detection arm, a spectrometer disperses the spectral interference pattern, 

allowing the interference spectrum to be detected by an array detector, such as a charge-coupled 

detector (CCD), as a function of wavelength [4] [6] [8]. By rescaling the spectrometer output 

from wavelength to frequency (𝑘 =
2𝜋

𝜆
) and using an inverse Fourier transform, an axial scan 

that includes the entire depth-resolved microstructures of the sample can be recovered. In 

summary, SD-OCT measures the cross-spectral density using a spectrometer at the output of 

the detection arm of the interferometer, eliminating the need for mechanical modulation of the 

reference arm path length as in TD-OCT, thus enabling faster image acquisition rates. In next 

session the analytical model of the signal is introduced.  

 

Figure 2-6 Spectral domain OCT. (a) SD-OCT employs an interferometer with a broadband light source and a 

stationary reference arm. A spectrometer captures the interference pattern formed by light reflected from the 
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reference mirror and various sample depths. (b) Optical echo delays between the two arms cause variations in 

frequency modulation. (c) Applying a Fourier transform to the interference spectrum provides depth information 

for an axial-scan. (This figure is adapted from reference [5]). 

2.1.3 Theory of Spectral Low Coherence Interferometry 

In OCT, the interferometer could be illuminated by a polychromatic (broad bandwidth) plane 

wave whose electric field could be expressed as 𝐸0 = 𝑠(𝑘, 𝜔)𝑒𝑖(𝑘𝑧−𝜔𝑡), where 𝑠(𝑘, 𝜔) is the 

electric field amplitude as a function of 𝑘 and 𝜔. Here, 𝑘 =
2𝜋

𝜆
 and 𝜔 =

2𝜋

𝑇
 is the spatial and 

temporal angular frequency of each spectral component of the electric field, respectively. 

 

Figure 2-7 Diagram of a low-coherence interferometer utilized in SD-OCT. 

As presented in Figure 2-7, we assume that the beam splitter has a wavelength-independent 

power splitting ratio of 0.5 (50/50). The distance between the beam splitter and the reference 

reflector is defined as 𝑧𝑅. Assuming the reference path is in air and the reference reflector have 

an electric field reflectivity of 𝑟𝑅, the field of the light incident on the beam splitter after back-

reflected by the reference mirror is given by 𝐸𝑅 =
𝐸0

√2
𝑟𝑅𝑒𝑖2𝑘𝑧𝑅.  

Divided by the beam splitter, the other part of the incidence light propagates to the sample. For 

illustrative purposes, we assume a series of discrete reflectors along the depth of the sample, 

each with an electric field reflectivity of 𝑟𝑆1, 𝑟𝑆2, 𝑟𝑆3 … and optical path length from the 50/50 

beam splitter of 𝑧𝑆1 , 𝑧𝑆2 , 𝑧𝑆3  … 𝑧𝑆𝑛 . The field incident on the beam splitter after back-

reflected/backscattered from all depths of reflectors in the sample arm is given by 𝐸𝑆 =

𝐸0

√2
∑ 𝑟𝑆𝑛𝑒

𝑖2𝑘𝑧𝑆𝑛𝑁
1 . 

The power from both the reference arm and the sample arm is halved upon passing through the 

50/50 beam splitter again and the interference signal detected at the detector is given by 𝐼𝐷 =
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𝜌 〈|
𝐸𝑅

√2
+

𝐸𝑆

√2
|
2
〉 =

𝜌

2
〈|(𝐸𝑅 + 𝐸𝑆)(𝐸𝑅 + 𝐸𝑆)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅|〉 . Here, 𝜌  is the responsivity of the detector, the 

angular brackets denote the integration over the response time of the detector, and (𝐸𝑅 + 𝐸𝑆)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ =

𝐸𝑅
̅̅̅̅ + 𝐸𝑆

̅̅ ̅ which is one of the properties of complex conjugate.  

When the centre of the beam splitter is set as 𝑧 =  0, the intensity at the detector could be 

expressed as: 

𝐼𝐷(𝑘, 𝜔) =
𝜌

4
〈|𝑠(𝑘, 𝜔)𝜏𝑅𝑒𝑖(2𝑘𝑧𝑅−𝜔𝑡) + 𝑠(𝑘, 𝜔)∑ 𝑟𝑆𝑛𝑒

𝑖(2𝑘𝑧𝑆𝑛−𝜔𝑡)𝑁
𝑛=1 |

2
〉. 

(  2-8 ) 

 
 

Since the temporal frequency of the light wave 𝒱  oscillates much faster than detector’s 

response time, it is reasonable to eliminate the terms dependent on 𝜔 ( where 𝜔 =  2𝜋𝒱). 

Thereafter, a real result for the detector current, commonly known as “spectral interferogram”, 

could be generated as follows: 

𝐼𝐷(𝑘) =
𝜌

4
[𝑆(𝑘)(𝑅𝑅 + 𝑅𝑆1 + 𝐸𝑆2 + ⋯+ 𝑅𝑆𝑛)] ‘DC term’ 

+
𝜌

2
[𝑆(𝑘)∑ √𝑅𝑅𝑅𝑆𝑛 cos[2𝑘(𝑧𝑅 − 𝑧𝑆𝑛)]

𝑁
𝑛=1 ] ‘Cross-correlation terms’ 

+
𝜌

4
[𝑆(𝑘)∑ √𝑅𝑆𝑛 𝑅𝑆𝑚 cos[2𝑘(𝑧𝑆𝑛 − 𝑧𝑆𝑚)]𝑁

𝑛≠𝑚=1 ] ‘Auto-correlation terms’ 

(  2-9 ) 

 

where 𝑆(𝑘) = 〈|𝑠(𝑘, 𝜔)|2〉  denotes the power spectrum depending on the light source, and 

𝑅𝑅 = |𝑟𝑅 |2  and 𝑅𝑆𝑛 = |𝑟𝑆𝑛|
2  denote the power reflectivity of the reference reflector and 

sample reflectors, respectively. In Eq. (  2-9 ), three distinct components are included:  

(1) The “DC” component: This is a path-length independent offset to the detector current. 

It depends on the wave number spectrum of the light source, with an amplitude 

proportional to the summation of the power reflectivity of the reflectors at the reference 

arm and sample arm. 

(2) The “cross-correlation” component: This component, desired for OCT imaging, is 

scaled by both the wave number spectrum 𝑆(𝑘) of the light source and the optical path 

length difference between the reference reflector and the sample reflectors 

[(𝑧𝑅  − 𝑧𝑆 )]. The amplitude is determined by √𝑅𝑅𝑅𝑆𝑛, proportional to the square root 

of the reflectivity of the sample reflectors. 

(3) An “auto-correlation” component: This component indicates the interference that 

occurs between sample reflectors, appearing as artifacts in typical OCT imaging 

systems. It depends on the reflectivity of the sample reflectors. 
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Beyond these intuitive understandings of intensity in OCT imaging, it is also useful to 

understand the effect of different source spectra and sample reflectors. Firstly, if there is a 

single sample reflector, the intensity is given by: 𝐼𝐷(𝑘) =
𝜌

4
𝑆(𝑘)[(𝑅𝑅 + 𝑅𝑆) +

2√𝑅𝑅𝑅𝑆 cos[2𝑘(𝑧𝑅 − 𝑧𝑆)]], which includes only the DC term and a single interferometric 

component. The light source spectrum 𝑆(𝑘)  is modulated by one cosine function whose 

frequency is inversely related to the distance between the reference reflector and the sample 

reflector, as illustrated in Figure 2-8. Additionally, the amplitude √𝑅𝑅𝑅𝑆𝑛 of the “modulated” 

spectrum (or the visibility of the spectral fringes) is determined by the reflectivity of the sample 

reflector √𝑅𝑆𝑛 (Figure 2-8). 

In the case of multiple reflectors, which is the real-world condition in OCT imaging, the 

spectrum is modulated by multiple cosine functions. Each modulated spectrum has a period 

and an amplitude feature given by the corresponding sample reflector (Figure 2-8). Additionally, 

for multiple reflectors, the autocorrelation component appears, with frequency modulated by 

the optical delay between sample reflectors and amplitude determined by √𝑅𝑆𝑛𝑅𝑆𝑚. Since the 

sample reflectivity is usually much smaller relative to the reference reflection, the 

autocorrelation component is typically smaller compared to the cross-correlation component. 

Furthermore, as sample reflectors tend to be closely clustered relative to the distance between 

the sample reflector and the reference reflector, the modulation frequency of the auto-

correlation term tends to be quite small. 

 

Figure 2-8. Key characteristics of the spectral interferogram in OCT. For a single sample reflector (left), the 

intensity is given by 𝐼𝐷(𝑘) =
𝜌

4
𝑆(𝑘)[(𝑅𝑅 + 𝑅𝑆) + 2√𝑅𝑅𝑅𝑆 𝑐𝑜𝑠[2𝑘(𝑧𝑅 − 𝑧𝑆)]].. The DC term has an amplitude 

of (𝑅𝑅 + 𝑅𝑆), while the cross-correlation term has an amplitude of 2√𝑅𝑅𝑅𝑆 and a wave number period of 
𝜋

𝑧𝑅−𝑧𝑆
 

superimposed on the DC term (factors of  
𝜌

4
𝑆(𝑘)\ are omitted for simplicity). For multiple reflectors (right), the 

cross-correlation terms form a superposition of all cosinusoids. (This figure is adapted from reference [5]). 
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In SD-OCT, all spectral components of the wave-number-dependent detector current (𝐼𝐷(𝑘)) 

are dispersed by a grating, captured by an array detector at the output of the spectrometer and 

finally processed using Fourier analysis. This allows for the approximation and reconstruction 

of the internal sample reflectivity profile √𝑅𝑆(𝑧𝑆)  , which is the aim of low-coherence 

interferometry. Note that dispersing 𝐼𝐷(𝑘)  by wavenumber and its capturing depend on the 

experimental details of the grating and the detection apparatus, respectively. 

Using the property of Fourier transform pair 
1

2
[𝛿(𝑧 + 𝑧0) + 𝛿(𝑧 − 𝑧0)]

𝐹
↔ cos 𝑘𝑧0  and the 

convolution property of Fourier transform 𝑥(𝑧) ⊗ 𝑦(𝑧)  
𝐹 
↔ 𝑋(𝑘)𝑌(𝑘) , the inverse Fourier 

transform of Eq. (  2-9 ) in section 2.1.3 could be given as: 

𝑖𝐷(𝑧) =
𝜌

8
[𝛾(𝑧)(𝑅𝑅 + 𝑅𝑆1 + 𝑅𝑆2 + ⋯+ 𝑅𝑆𝑛)] ‘DC term’ 

+
𝜌

4
[𝛾(𝑧)⨂∑ √𝑅𝑅𝑅𝑆𝑛𝛿[𝑧 ± 2(𝑧𝑅 − 𝑧𝑆𝑛)]

𝑁
𝑛=1 ] ‘Cross-correlation term’ 

+
𝜌

8
[𝛾(𝑧)⨂∑ √𝑅𝑆𝑛𝑅𝑆𝑚𝛿[𝑧 ± 2(𝑧𝑆𝑛 − 𝑧𝑆𝑚)]𝑁

𝑛≠𝑚=1 ] ‘Autocorrelation term’. 

(  2-10 ) 

 

Here, 𝛾(𝑧) is obtained by the Fourier transform of the spectrum 𝑆(𝑘), called the “coherence 

function,” which dominates the axial PSF for each reflector in the OCT system. The Fourier 

transform between the light source spectrum 𝑆(𝑘) and the “coherence function” 𝛾(𝑧) has been 

illustrated in the discussion of OCT axial resolution under Section 2.1. Clearly, the acquired 

sample field reflectivity profile is embedded within the cross-correlation term of Eq. (2-10): 

√𝑅𝑆(𝑧𝑆) = ∑ √𝑅𝑆𝑛𝛿[𝑧𝑆 − 𝑧𝑆𝑛]
𝑁
𝑛=1 . 

 

(  2-11 ) 

 

If we carry out the convolutions by making use of the sifting property of the delta function, 

interferometric measurement, regarded as the “axial-scan” or “A-scan,” can be obtained: 

𝑖𝐷(𝑧) =
𝜌

8
[𝛾(𝑧)(𝑅𝑅 + 𝑅𝑆1 + 𝑅𝑆2 + ⋯+ 𝑅𝑆𝑛)] 

+
𝜌

4
∑ √𝑅𝑅𝑅𝑆𝑛[𝛾(2(𝑧𝑅 − 𝑧𝑆𝑛)) + 𝛾(−2(𝑧𝑅 − 𝑧𝑆𝑛))]

𝑁

𝑛=1

 

+
𝜌

8
∑ √𝑅𝑆𝑛𝑅𝑆𝑚[𝛾(2(𝑧𝑅 − 𝑧𝑆𝑛)) + 𝛾(−2(𝑧𝑅 − 𝑧𝑆𝑛))]

𝑁
𝑛≠𝑚=1 . 

 

(  2-12 ) 

 

The results for discrete sample reflectors and the “A-scan” with a Gaussian-shaped light 

spectrum are illustrated in Figure 2-9. As shown in the figure, the sample field reflectivity 
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profile √𝑅𝑆(𝑧𝑆) can be restored in the cross-correlation terms with the following modifications: 

(1) The sample reflectivity profile √𝑅𝑆(𝑧𝑆)  is a function of the reference coordinate 𝑧𝑅 

instead of the sample coordinate 𝑧𝑆;  the zero position corresponds to the distance equal 

to reference arm reflector.  

(2) The apparent displacement of each sample reflector from the reference reflector is 

doubled, meaning the interferometer measures a round-trip distance to each reflector. 

Thus, a new single-pass depth variable is defined (𝑧 =  2𝑧) to rescale axial depth to 

account for the factor of 2. 

(3) Each sample reflector appears blurred to a width of a coherence length by convoluting 

with the function 𝛾(𝑧). Using a light source with as broad a bandwidth as possible (low 

coherence length) increases the fidelity of the sample reflector profile. 

(4) The detected sample reflectivity is usually very small but amplified by the homodyne 

gain factor represented by the strong reference reflectivity. 

In conclusion, these modifications can be dealt with by properly interpreting the data. 

Additionally, artifacts such as mirror-image artifacts arising from the cross-correlation terms 

and artifacts arising from the DC terms and the autocorrelation terms also modify the field 

reflectivity profile and are generally more significant. Approaches have been developed to 

eliminate these artifacts. In next two sessions, the metrics to evaluate the OCT signal are 

introduced.   

 

Figure 2-9. Representation of the discrete-reflector sample field reflectivity function (top) and the corresponding 

"A-scan" (bottom) in SD-OCT. (This figure is adapted from reference [5]). 
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2.1.4 Sensitivity Fall-off in SD-OCT  

The aforementioned spectral interferogram 𝐼𝐷(𝑘) of FD-OCT and its corresponding Fourier 

transform 𝑖𝐷(𝑧) in Section 2.1.3 illustrate the fundamental principle underlying the SD-OCT 

imaging system. However, in practical conditions, the spectral interferogram is captured by 

devices with real-world limitations and is typically recorded through a “sampling” operation 

to enable rapid digital signal computation of its Fourier transform. The conceptual effects of 

spectral resolution and the sampling operation on the spectral interferogram and A-scan are 

illustrated in Figure 2-10. 

Firstly, the spectral interferogram is always acquired by instrumentation with limited spectral 

resolution 𝛿𝑟𝑘 (or 𝛿𝑟𝜆), which in SD-OCT is the spectral resolution of the spectrometer, such 

as the finite spacing of the CCD pixels. As a result, the spectral interferogram may be degraded 

due to this finite spectral resolution. The effect of the finite spectral resolution can be modelled 

by convolving the ideal spectral interferogram 𝐼𝐷(𝑘) from Eq. (2-9) with a Gaussian function 

whose FWHM is 𝛿𝑟𝑘 . The Gaussian function can therefore be expressed as 𝑔(𝑘) =

2√𝑙𝑛2 

Δ𝑘√𝜋
𝑒

−
4𝑙𝑛2∙𝑘2

𝛿𝑟𝑘2 . 

 

Figure 2-10. Sensitivity "falloff" and imaging depth limits in SD-OCT. The sensitivity falloff at depth 𝑧 6𝑑𝐵 is 

linked to the spectral resolution of the interference pattern, governed by the spectrometer resolution 𝛿𝑟𝑘 in SD-

OCT. (This figure is adapted from reference [5]). 
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Given the convolution property 𝐹[𝑓(𝑥) ⊗ g(x)] = 𝐹[𝑓(𝑥)] ∙ 𝐹[𝑔(𝑥)], the processed A-scan 

data is then expressed as the ideal A-scan 𝑖𝐷(𝑧)  multiplied by a sensitivity fall-off (or 

sensitivity “rolloff”) factor, whose shape could be obtained by Fourier transforming operation 

of the Gaussian-shaped spectral resolution factor: 

𝑖𝐷(𝑧 ) exp [−
𝑧 2∙𝛿𝑟𝑘

2

4𝑙𝑛2 
]

𝐹
↔ 𝐼𝐷(𝑘) ⊗

2√ln2

Δ𝑘∙√𝜋
exp [−

4𝑙𝑛2 ∙𝑘2

𝛿𝑟𝑘2 ]. (  2-13 ) 

 

Here, we use the rescaled depth variable  𝑧 =  2𝑧 to remove the apparent depth-doubling factor 

and to allow the processed A-scan data to compare directly with the sample structure. As 

demonstrated in the exponential terms, the “roll-off” of sensitivity with depth can be 

understood as the decreasing visibility of higher fringe frequencies corresponding to large 

sample depths. The sensitivity falloff is quantified as the one-sided depth range at which the 

sensitivity decreases by a factor of 1/2 (so that exp [−
𝑧 2𝛿𝑟𝑘

2

4 ln 2
] =

1

2
), which is 6-dB inSNR units: 

𝑧 6𝑑𝐵 =
2 ln 2 

𝛿𝑟𝑘
=

ln 2

𝜋

𝜆2

𝛿𝑟𝜆
, (  2-14 ) 

 

where 𝑧 6𝑑𝐵 is given in both wave number (𝛿𝑟𝑘) and wavelength (𝛿𝑟𝜆) terms and the latter is 

recognizable as 1/2 of the coherence length corresponding to the spectral resolution. 

Secondly, in real-world processing of spectral interference data in SD-OCT, the computer-

based device usually samples the spectral interferogram for rapid digital computation of its 

Fourier transform. The spectral interferogram is sampled with sampling interval 𝛿𝑠𝑘 into M 

channels linearly spaced in the k-domain. Thus, the total collected wave number range is ∆𝑘 =

𝑀 ∙  𝛿𝑠𝑘, and the sampling interval in the z-domain is then set to be 𝛿𝑠𝑧 =  2𝜋 ⁄ (2∆𝑘)  =  𝜋 ⁄

(𝑀 ∙  𝛿𝑠𝑘) where the factor of 2 in the denominator is due to the use of the rescaled depth 

parameter  𝑧 . Given by the Nyquist criterion, the maximum sampling depth are: 

±𝑧 𝑚𝑎𝑥 = ±
𝜋

2∙𝛿𝑆𝑘
= ±

𝜆2

4∙𝛿𝑆𝜆
. (  2-15 ) 

 

A summary of these parameters is provided in Table 2-1. In addition to these two limitations, 

which are difficult to overcome, some additional real-world complications can arise, most of 

which can be handled with appropriate signal processing. For example, dispersion effects due 

to mismatched optical path lengths between sample arm and reference arm may be corrected 

by adding appropriate phase factors to the interferometric data before the Fourier transforming 

operation. 



18 | P a g e  

 

Table 2-1. Effects of finite spectral resolution and sampling in SD-OCT 

 6-dB sensitivity roll-off point 

  𝑧 6𝑑𝐵 

Maximum one-sided imaging depth   

𝑧 𝑚𝑎𝑥 

Wavenumber units 2 ln 2

𝛿𝑟𝑘
 

𝜋

2 ∙ 𝛿𝑆𝑘
 

Wavelength units  ln 2

𝜋
∙
𝜆2

𝛿𝑟𝜆
 

𝜆2

4 ∙ 𝛿𝑆𝜆
 

Note: 𝛿𝑟𝑘  and 𝛿𝑟𝜆 : the spectral resolution of the spectrometer; 𝛿𝑠𝑘  and 𝛿𝑠𝜆 : the spectral 

sampling interval in signal processing; depth listed here are in free space and should be divided 

by the refractive index in media. 

In conclusion, while the limitations of finite spectral resolution and sampling affect SD-OCT 

imaging, these can be managed with careful signal processing. Additionally, artifacts such as 

mirror-image artifacts arising from the cross-correlation terms and artifacts from the DC and 

autocorrelation terms can also modify the field reflectivity profile and are generally more 

significant. Approaches have been developed to eliminate these artifacts. 

2.1.5 Signal-to-Noise Ratio in Spectral-Domain OCT 

As mentioned at the beginning of Section 2.1.3 SD-OCT significantly improves imaging speed 

and sensitivity, often used interchangeably with SNR if light attenuation is not considered (i.e., 

assuming the sample surface is a perfect reflector), compared to TD-OCT. SD-OCT achieves 

increased sensitivity or SNR by significantly reducing noise, particularly shot noise, through 

the use of a multielement array detector instead of a single-element detector. In a single-

detector TD-OCT imaging system, the shot noise produced by the power at a particular 

wavelength is present at all frequencies, affecting the SNR at all other wavelengths. In contrast, 

SD-OCT eliminates this cross effect of shot noise by spectrally dispersing each wavelength to 

a separate detector. The significantly improved sensitivity or SNR (by approximately 2~3 

orders of magnitude) of SD-OCT over TD-OCT allows for faster image acquisition speeds 

without compromising image quality [6] [8]. 

To theoretically demonstrate the sensitivity of an SD-OCT system, we express the SNR of SD-

OCT in decibel units (dB), which denotes the minimum detectable reflected optical power 

relative to a perfect reflector. SNR is defined as the ratio of squared signal power (〈𝐼𝐷〉2) to 

noise process variance (𝜎2) : 𝑆𝑁𝑅 =
〈𝐼𝐷〉2

𝜎2  . Complete SNR analysis includes evaluating the 
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optical power incident on the detector and considering different possible noise sources. The 

signal and noise terms here are expressed in terms of charge squared [𝑒2]  to facilitate the 

analysis of noise in cases of detectors using CCDs. Only the real part of the complex cross-

correlation term of the spectral density is used, contributing to a detected signal given by: 

𝑆𝑆𝐷 =
𝜋2𝑒2𝑃𝑟𝑒𝑓𝑃𝑠𝑎𝑚𝑝𝑙𝑒𝜏𝑖

2

𝐸𝒱
[𝑒2]. 

(  2-16 ) 

 

Here, 𝜂  denotes the detector efficiency; 𝑒  is the electron charge; 𝑃𝑟𝑒𝑓  and 𝑃𝑠𝑎𝑚𝑝𝑙𝑒  are the 

reference arm power and sample arm power per detector element respectively; 𝜏𝑖 represents 

the integration time and 𝐸𝒱 the photon energy. Noises including the readout noise, dark noise, 

shot noise ( 𝜎𝑠ℎ𝑜𝑡
2  ), and relative intensity noise ( 𝜎𝑅𝐼𝑁

2  ) contribute to the overall noise of the 

detector per readout cycle and per detector element: 

𝜎𝑛𝑜𝑖𝑠𝑒
2 = 𝜎𝑟+𝑑

2 + 𝜎𝑠ℎ𝑜𝑡
2 + 𝜎𝑅𝐼𝑁

2  

= 𝜎𝑟+𝑑
2 +

𝜂𝑒2𝑃𝑟𝑒𝑓𝜏𝑖

𝐸𝒱
+ (

𝜂𝑒𝑃𝑟𝑒𝑓

𝐸𝒱
)
2

𝜏𝑖𝜏𝑐𝑜ℎ[𝑒
2]. 

(  2-17 ) 

 

Here, the reference arm power is assumed to be much higher than that of the sample arm; 𝜎𝑟+𝑑 
2  

denote the sum of readout noise and dark noise; 𝜏𝑖 represents the detector integration time, 

𝜏𝑐𝑜ℎ = √
2 ln 2

𝜋

𝜆𝑐
2

𝑐∙𝛿𝜆
  denotes the coherence time with 𝑐  the light speed and 𝜆𝑐  the centre 

wavelength of the light source. When shot noise dominants both readout-dark noises and 

relative intensity noises (i.e. 𝜎𝑠ℎ𝑜𝑡
2 /𝜎𝑟+𝑑

2 > 1 and 𝜎𝑠ℎ𝑜𝑡
2 /𝜎𝑅𝐼𝑁

2 > 1), optimal SNR performance 

is achieved. When the readout-dark noises are equal to the relative intensity noise (𝜎𝑟+𝑑
2 =

𝜎𝑅𝐼𝑁
2 ), the optimal reference-arm power is found (𝑃𝑟𝑒𝑓 =

𝜎𝑟+𝑑𝐸𝒱

𝜂𝑒√𝜏𝑖𝜏𝑐𝑜ℎ
).  

For an SD-OCT system to operate close to the shot-noise-limit performance, shot noise should 

dominate over readout-dark noise and relative intensity noise (RIN) at the optimal reference 

arm power. Under this circumstance, the inequalities described above can also be expressed as: 

𝑒√𝜏𝑖

𝜎𝑟+𝑑√𝜏𝑐𝑜ℎ
> 1. (  2-18 ) 

 

In general, we expect the coherence time 𝜏𝑐𝑜ℎ of the detector to be as long as possible and the 

integration time 𝜏𝑖  as short as possible. Specifically, the coherence time 𝜏𝑐𝑜ℎ  is inversely 

proportional to the spectral resolution of the spectrometer (𝜏𝑐𝑜ℎ = √
2 ln 2

𝜋

𝜆𝐶
2

𝑐∙𝛿𝜆
), which in turn 
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linearly relates to the maximum ranging depth of the system because the maximum ranging 

depth is also inversely proportional to the spectral resolution of the spectrometer (±𝑧𝑚𝑎𝑥 =

±
𝜆𝑐
2

4∙𝛿𝜆
). Thus, a longer coherence time allows higher maximum ranging depth. Decreasing the 

integration time permits an increase in the reference arm power without saturating the detector 

which consequently reduces the autocorrelation noise induced by interference within the 

sample in an ultrahigh-speed SD-OCT. Conclusively, the system performance is mostly 

determined by the readout and dark noise (𝜎𝑟+𝑑) of the detector as presented in Eq. (  2-18 ). 

Thus, the SNR of SD-OCT system that operates in the shot noise limit performance is shown 

to be: 

𝑆𝑁𝑅𝑆𝐷 =
𝑆𝑆𝐷

𝜎𝑛𝑜𝑖𝑠𝑒
2 =

𝜂2𝑒2𝑃𝑟𝑒𝑓𝑃𝑠𝑎𝑚𝑝𝑙𝑒𝜏𝑖
2

𝐸𝒱
2

𝜂𝑒2𝑃𝑟𝑒𝑓𝜏𝑖

𝐸𝒱

=
𝜂𝑃𝑠𝑎𝑚𝑝𝑙𝑒𝜏𝑖

𝐸𝒱
. 

(  2-19 ) 

 

As shown in Eq. (  2-19 ), in the shot-noise-limit, SNR of SD-OCT appears to be independent 

of the spectral bandwidth of the light source. This implies that the axial resolution can be 

improved without penalty to the system’s SNR, provided the full spectral bandwidth is imaged 

onto an array detector, such as a CCD. However, it is worth noting that the sample arm power 

in Eq. (  2-19 ) is assumed to come from a single sample reflecting surface. In biological tissue, 

the back-reflected power comes from multilayered structures along the depth profile, and the 

SNR at a position along the depth is given on average by the total power reflected by all depths 

within the coherence length of the light source. Thus, as the axial resolution increases, the 

coherence length decreases, resulting in a decrease in the total back-reflected power within the 

light coherence length. Consequently, the SNR at a particular position will reduce as the axial 

resolution increases. 

In conclusion, this section introduced the essential theories behind OCT imaging. The 

following section presents its application in skin diagnostics. 
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2.2 Skin Diagnosis and OCT 

2.2.1 Importance of Skin Health and Diagnostic Challenges 

 

Figure 2-11. A compromised skin barrier increases allergen penetration and triggers activation of the innate 

immune system. Various factors contribute to skin barrier dysfunction, including immune dysregulation, 

impaired terminal epithelial differentiation like filaggrin (FLG) deficiency, reduced antimicrobial peptides 

(AMPs), changes in the composition of intercellular lipids in the stratum corneum, and alterations in the skin 

microbiome. (This figure is adapted from reference [9]). 

In recent years, both intrinsic and extrinsic factors affecting skin health—particularly aging 

and moisture retention—have gained increasing attention. Skin aging involves structural 

deterioration driven by two main processes: chronological aging, a natural decline in cellular 

regeneration, and photoaging, caused by ultraviolet (UV) exposure and oxidative stress [10]. 

These lead to dryness, wrinkles, and pigmentation changes, as cumulative damage to 

deoxyribonucleic acid (DNA) and proteins weakens the skin barrier. 

Dry skin (xerosis) commonly accompanies aging due to reduced lipid synthesis and external 

stressors like low humidity or irritants. The stratum corneum, the outermost barrier layer, relies 

on a lipid matrix to retain moisture, but its composition deteriorates with age, leading to 

increased trans-epidermal water loss. Moisturizers that replenish lipids and trap moisture are 

widely used to counteract xerosis and improve skin texture, serving both therapeutic and 
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preventive roles in skin aging [10]. 

Beyond dryness, skin barrier dysfunction can initiate immune responses and contribute to 

conditions like atopic dermatitis (AD). As shown in Figure 2-11, a compromised barrier allows 

allergen penetration, activating antigen-presenting cells (APCs) and T cells, which release 

cytokines (e.g., IL-4, IL-13, TSLP), further weakening the barrier [9]. This cycle of 

inflammation is aggravated by filaggrin deficiency, impaired tight junctions, and microbial 

imbalance (dysbiosis), increasing susceptibility to chronic inflammation and related disorders 

such as asthma and allergic rhinitis [9]. 

Given this complexity, there is a growing demand for non-invasive diagnostic tools capable of 

detecting early signs of barrier dysfunction and inflammation. Advanced imaging and sensing 

technologies offer real-time monitoring of structural and biochemical changes, enabling early 

intervention and improved disease management [9]. 

Finally, lipid composition within the stratum corneum plays a critical role in barrier function. 

An organized matrix of ceramides, cholesterol, and fatty acids maintains hydration and 

prevents pathogen entry. In AD, this balance is often disrupted, compromising barrier integrity 

and exacerbating immune activation. Restoring lipid homeostasis has been proposed as a 

promising therapeutic strategy to support barrier repair and reduce inflammation [11].  

To understand the motivation for applying OCT in dermatology, we first review the importance 

of skin health, and the challenges associated with current diagnostic methods. This lays the 

groundwork for exploring why advanced imaging modalities are needed.  

2.2.2 Overview of Non-Invasive Skin Imaging Techniques 

Non-invasive imaging has become vital in dermatology, offering detailed visualization of skin 

structure without the need for biopsies. Among these, OCT stands out for its ability to provide 

high-resolution, depth-resolved images in real time. OCT combines ultrasonography and 

optical interferometry, enabling vertical and horizontal section imaging with penetration depths 

up to 2 mm [12]. 

Dynamic OCT (D-OCT) extends this by visualizing skin microvasculature, aiding in the 

differentiation of benign and malignant lesions, such as nevi and melanoma, through vascular 

pattern analysis. This vascular capability addresses limitations of traditional OCT, which 

struggled with melanocytic lesion identification [12]. 
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OCT and D-OCT are widely used for diagnosing actinic keratosis, non-melanoma skin cancers, 

and inflammatory conditions such as eczema, psoriasis, and scleroderma, especially where 

techniques like Reflectance Confocal Microscopy (RCM) fall short. These modalities also 

support wound monitoring and assessment of age-related changes in skin structure, offering 

real-time tracking of tissue response [12]. 

Advancements in SD-OCT have further improved imaging speed and resolution, enabling the 

detection of subtle, dynamic changes in skin layers and cellular structure—essential for 

monitoring rapidly evolving conditions like inflammatory dermatoses [13]. 

Despite its strengths in structural imaging, OCT does not capture biochemical or molecular 

changes, such as inflammation markers or metabolic activity shifts, which often precede visible 

structural alterations. This limitation highlights the need for complementary approaches, such 

as integrating OCT with molecular assays or multimodal imaging, to achieve a more complete 

understanding of skin pathology [13]. 

 

Figure 2-12. In vivo OCT images of normal human skin. Standard (A) and polarization-sensitive (B) scans 

captured from the forehead, spanning 5 mm in width and 1.2 mm in depth. Matching histological sections from 

the same area, stained with H&E, are shown under brightfield (C) and polarized (D) microscopy. (This figure is 

adapted from reference [13]). 

Figure 2-12, Figure 2-13 and Figure 2-14, Figure 2-13 and Figure 2-14 illustrate the diverse 

applications of OCT in imaging normal and pathological human skin, enhancing our 

understanding of skin structure and conditions. Figure 2-12 presents OCT images of normal 

human skin from the forehead, with conventional structural imaging (A) and polarization-

sensitive imaging (B) showing depth up to 1.2 mm. The corresponding histology images (H&E 

stained) viewed under brightfield (C) and polarized (D) microscopy confirm the OCT’s 

accuracy in visualizing skin layers in vivo [13]. 
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Figure 2-13. In vivo OCT images of normal human skin. Structural (A) and polarization-sensitive (B) scans of 

the skin above the metacarpal phalangeal joint of the index finger, covering a width of 5 mm and a depth of 1.2 

mm. The epidermal (e) and dermal (d) layers are clearly observed, overlaying the extensor tendon (t). (This 

figure is adapted from reference [13]). 

Figure 2-13 depicts OCT images of normal human skin over the metacarpal phalangeal joint 

of the index finger. The structural image (A) and polarization-sensitive image (B) reveal clear 

distinctions between the epidermal (e) and dermal (d) layers, extending down to the extensor 

tendon (t). This demonstrates OCT’s ability to provide detailed layer-by-layer visualization, 

essential for assessing structural integrity and identifying abnormalities within skin layers [13]. 

 

Figure 2-14. In vivo OCT images of scar tissue. Structural (A) and polarization-sensitive (B) scans from a 

scarred area on the hand, spanning 5 mm in width and 1.2 mm in depth. Labelled arrows in (B) mark regions 

identified as scar tissue and adjacent normal skin based on clinical assessment. (C) Plots of average phase 

retardation versus depth below the skin surface, calculated within the regions indicated by the labelled arrows 
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in (B). (This figure is adapted from reference [13]). 

Figure 2-14 focuses on OCT images of scar tissue on the hand, showing structural (A) and 

polarization-sensitive (B) views. The labelled arrows in image (B) indicate clinically 

determined regions of scar tissue adjacent to normal skin, highlighting OCT’s utility in 

differentiating between scarred and healthy tissue. The accompanying graph (C) shows phase 

retardation as a function of depth, calculated in the regions marked by the arrows in (B). This 

data provides additional quantitative insight into tissue properties, such as density and 

organization, which are altered in scar tissue [13]. 

Through these examples, OCT demonstrates its versatility and precision in skin diagnostics, 

offering clinicians critical insights into both normal and pathological skin structures. However, 

OCT’s structural focus necessitates complementary techniques to capture biochemical changes, 

thereby enabling a more comprehensive approach to diagnosing and managing complex skin 

conditions [13]. 

Building on the diagnostic challenges discussed, this section introduces common non-invasive 

imaging modalities—such as dermoscopy, ultrasound, confocal microscopy, and others—and 

compares their capabilities and limitations relative to OCT. 

2.3 OCTA and Blood Flow Velocimetry 

2.3.1 Working Principle of OCTA 

OCTA is a major advancement in ophthalmic imaging, providing high-resolution, depth-

resolved visualization of retinal and choroidal blood flow. Unlike fluorescein angiography (FA), 

which is limited to superficial vessels, OCTA can image deeper plexuses such as the radial 

peripapillary, intermediate, and deep capillary networks, offering new opportunities for disease 

characterization, monitoring, and treatment evaluation [2]. 

OCTA detects blood flow by analysing motion contrast from repeated A-scans at the same 

location—stationary tissues remain unchanged, while moving blood cells produce detectable 

differences. These changes are visualized as flow maps (Figure 2-15 and Figure 2-16), enabling 

3D vascular imaging [2]. 
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Figure 2-15. OCTA working principle. 𝐴1 represents the OCT signal from a moving particle, while 𝐴2 

corresponds to the OCT signal from static tissue. The signals are captured at two time points, 𝑡1 and  𝑡2. (This 

figure is adapted from reference [14]). 

 

Figure 2-16. Simplified representation of OCTA. OCTA maps vasculature by identifying motion contrast from 

flowing blood cells. Multiple B-scans (N1, N2, N3) are captured at the same retinal location (Line L1), and 

differences or decorrelations between consecutive B-scans are computed (Line L2). The resulting decorrelation 

data is compiled into an OCTA cross-sectional image (Line L3), and this process is repeated at different 

positions to create a 3D volumetric dataset. The acquisition time (TS) for each B-scan is determined by the A-

scan rate and the number of A-scans per B-scan. The OCT beam rapidly returns to its starting position during 

the flyback time (TF), and the B-scan is repeated after a time delay (ΔT), which is the sum of acquisition and 

flyback times. Each A-scan within a B-scan is also repeated at the interscan time, which is a critical parameter 

affecting OCTA sensitivity and saturation. (This figure is adapted from reference [2]). 

The technique evolved from Doppler OCT [15], [16], which measured phase shifts between A-

scans but struggled with detecting perpendicular flow. Optical Microangiography (OMAG) 

addressed this by introducing phase modulation, successfully imaging microvasculature in both 

animal and human studies [1], [2], [17]. Further improvements came with Split-Spectrum 

Amplitude Decorrelation Angiography (SSADA), which enhanced flow detection sensitivity 
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and image clarity. 

With a basic understanding of OCT and skin imaging, we now turn to OCTA. This section 

outlines the fundamental principle of OCTA, which derives flow information from temporal 

decorrelation between repeated B-scans. 

2.3.2 Optical Microangiography (OMAG) 

OMAG is a pivotal technique in the development of OCTA. It addressed the challenge of bulk 

eye motion by modifying OCT hardware to introduce phase variations, which improved the 

differentiation between stationary tissue and blood flow. OMAG has been instrumental in 

visualizing cerebral vasculature through the intact skull in mice and has been applied to human 

retinal and choroidal vasculature. The technique uses OCT to acquire volumetric data, segment 

retinal layers, and display vascular structures in en-face images. By compensating for bulk eye 

motion, OMAG has paved the way for more accurate and detailed visualization of blood flow 

within the eye [2]. 

OMAG utilizes the principle of complex OCT signals to distinguish between static and 

dynamic scattering particles (e.g., red blood cells) [17] [19]. OMAG performs differential 

operation between adjacent measurements in the amplitude, phase and complex information as: 

𝑂𝑀𝐴𝐺 =
1

𝑁 − 1
∑(|𝐶𝑖+1 − 𝐶𝑖|)

𝑁−1

𝑖=1

 
(  2-20 ) 

 

where 𝐶𝑖 is the corresponding complex information of OCT signal in the 𝑖’th of all 𝑁 repeated 

measurements [19]. By modulating the phase of the OCT signal, OMAG enhances the 

sensitivity to flow by introducing phase shifts that cause decorrelation between sequential scans 

of moving particles. This method allows for the extraction of flow information with high 

sensitivity and resolution [20]. 

Among the various OCTA algorithms, OMAG stands out for its ability to resolve capillary-

level blood flow. This section details its core mechanism and strengths in high-resolution flow 

detection. 

2.3.3 Split-Spectrum Amplitude Decorrelation Angiography (SSADA) 

SSADA improves SNR and reduces sensitivity to bulk eye motion by dividing the OCT 

spectrum into multiple narrow-band spectra. This division reduces axial image resolution, 

which helps match the transverse OCT image resolution and reduces sensitivity to eye motion. 
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By calculating speckle decorrelations on a B-scan to B-scan basis and combining the split 

spectral data, SSADA generates a single data set with increased SNR. This technique has been 

widely adopted in commercial OCTA instruments, significantly enhancing their performance 

[2]. 

The SSADA algorithm measures the amplitude decorrelation. The decorrelation calculation is 

achieved purely through processing the amplitude signal and does not require phase 

information. To evaluate the flow signals coming from the scattering tissue, the average 

decorrelation image 𝐷̅(𝑥, 𝑧) , at each position was obtained by averaging N-1 decorrelation 

image frames computed from N reflectance amplitude images frames from M-B mode scanning. 

Each decorrelation frame was computed from 2 adjacent amplitude frames: 𝐴𝑛(𝑥, 𝑧)  and 

𝐴𝑛+1(𝑥, 𝑧). Using the full spectrum, it is given by: 

𝐷̅(𝑥, 𝑧) = 1 −
1

𝑁 − 1
∑

𝐴𝑛(𝑥, 𝑧)𝐴𝑛+1(𝑥, 𝑧)

1
2𝐴𝑛(𝑥, 𝑧)2 +

1
2𝐴𝑛+1(𝑥, 𝑧)

𝑁−1

𝑛=1

 (  2-21 ) 

 

where 𝑥 and 𝑧 are lateral and depth indices of the B-scan images and 𝑛 denotes the B-scan slice 

index. In this equation, the decorrelation SNR acquired from full spectrum can only be 

increased by increasing the number 𝑁 of B-scans taken at the same position [3]. 

In contrast to OMAG, SSADA uses spectrum-splitting to improve the robustness of 

decorrelation signals. We now examine how SSADA enhances flow contrast while reducing 

motion noise. 

2.3.4 OCTA Developments  

OMAG and SSADA have both significantly advanced OCTA by addressing different imaging 

needs. OMAG provides high-resolution microvascular detail, particularly in slow-flow 

environments, while SSADA enhances SNR and reduces motion artifacts, making it well-

suited for clinical retinal imaging. The choice between them depends on specific diagnostic 

requirements, with each offering complementary strengths. 

The commercialization of OCTA began with the release of AngioVue (Optovue) in 2014, 

followed by SS-OCT systems from Topcon and Zeiss. The integration of Vertical-Cavity 

Surface-Emitting Laser (VCSEL) technology has enabled faster imaging speeds, expanding 

OCTA's potential for real-time, high-throughput imaging [21], [22], [23]. 

OCTA offers several advantages: non-invasive, depth-resolved visualization of 
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microvasculature, high-contrast imaging without dye, and generation of quantitative vascular 

markers. It allows for rapid, repeatable scans, which are especially valuable in disease 

monitoring. However, limitations include insensitivity to vascular leakage, dependency on high 

imaging speeds, limited flow quantification range, and potential imaging artifacts requiring 

careful interpretation [24], [25], [26]. 

The creation of OCTA images relies on motion contrast detection through repeated B-scans at 

the same location. Interscan time plays a critical role in balancing flow sensitivity and motion 

artifact suppression. Post-processing methods like threshold masking are used to minimize 

noise and enhance image fidelity. Final outputs can be displayed via en-face projections and 

cross-sectional overlays, enabling detailed visualization of retinal and choroidal vasculature 

[2]. 

In summary, OCTA has revolutionized ophthalmic imaging by providing non-invasive, high-

resolution blood flow visualization. Techniques like OMAG and SSADA, combined with 

advances in hardware and processing, have improved accuracy and clinical relevance. Despite 

certain limitations, OCTA remains a powerful tool for diagnosing and managing retinal and 

choroidal vascular diseases [2], [3], [27]. 

This section reviews recent advances in OCTA technologies, focusing on improvements in 

imaging speed, sensitivity, and motion robustness for clinical skin applications. 

2.3.5 OCTA-Blood Flow Velocity Model by SSADA  

Blood flow velocimetry in OCTA involves quantifying flow velocity within the 

microvasculature by analysing either Doppler shifts or decorrelation rates in the OCT signal. 

Accurate flow measurement is essential for evaluating vascular health and identifying 

abnormalities. 

A major milestone came in 2013 when Tokayer et al. introduced a quantitative method using 

SSADA to relate decorrelation signals to blood flow velocity and interscan time. Their work 

established a linear estimation model and examined the influence of Doppler angle, providing 

a reproducible framework that has since guided OCTA-based flow analysis [28]. 

Using phantom experiments, they presented: 

• The relationship between decorrelation and interscan time (Figure 2-17). 

• The relationship between decorrelation and flow velocity (Figure 2-18). 
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Their results showed that decorrelation is proportional to either interscan time or flow velocity 

before reaching a saturation level. These relationships are simplified into a linear model for 

practical application. Furthermore, the decorrelation is characterized with Doppler angle as 

monotonically proportional and independent of flow velocity influence (Figure 2-19) [28]. 

 

Figure 2-17. Decorrelation values recorded at various interscan times (𝛥𝑡) for different flow speeds. (This figure 

is adapted from reference [28])  

 

Figure 2-18. Decorrelation values observed at different flow velocities for various interscan times (𝛥𝑡). (This 

figure is adapted from reference). [28]) 

 

Figure 2-19. Relationship between measured SSADA decorrelation signal and Doppler angle. The Spearman’s 

correlation coefficient (ρ) is 0.87, indicating a strong monotonic relationship between decorrelation values and 
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Doppler angle. The observed relationship follows a sigmoidal pattern. (This figure is adapted from reference). 

[28]) 

This method serves as an initial, accurate, and feasible approach for OCTA blood flow 

velocimetry. However, its accuracy is affected by the Doppler angle, which contributes an 

additional decorrelation component to the overall signal. By combining this method with 

Doppler OCT, a complementary approach is achieved: while Doppler OCT can measure flow 

in any direction except when the flow is perpendicular to the scanning beam (resulting in a 0-

degree Doppler angle) [15] [16], this method is most accurate when the Doppler angle is 0 

degrees. This synergy allows for comprehensive blood flow measurement, leveraging the 

strengths of both techniques to overcome individual limitations.  

Su et al. expanded upon the quantitative groundwork laid by Tokayer et al. by introducing a 

microfluidic chip to standardize OCTA measurements, addressing the need for consistent 

calibration across different OCTA systems. The characterization of decorrelation in relation to 

flow velocity and interscan time was achieved using the following analytical model [29]: 

𝐷 = (𝐷sat − 𝐷Brownian) ⋅ (1 − 𝑒
−

3𝑉

𝑉sat) + 𝐷Brownian, 
(  2-22 ) 

 

where 𝐷 is the SSADA decorrelation value measured at the centerline of microfluidic channels, 

𝐷𝑠𝑎𝑡 is the saturated decorrelation value, and 𝑉𝑠𝑎𝑡 is defined as the saturation velocity, where 

𝐷  reaches 95% of 𝐷𝑠𝑎𝑡 . 𝐷𝐵𝑟𝑜𝑤𝑛𝑖𝑎𝑛  is the background decorrelation value caused by the 

Brownian motion. 𝐷𝐵𝑟𝑜𝑤𝑛𝑖𝑎𝑛 was se as a constant value based on the measurement and the 

values for 𝐷𝑠𝑎𝑡and 𝑉𝑠𝑎𝑡were found by the fitting [29]. 

Furthermore, the relationship between the saturated decorrelation and the flow channel width 

is characterized by:  

𝐷𝑠𝑎𝑡 = (𝐷sm − 𝐷Brownian) ⋅ [
𝑒𝑟𝑓(

𝑤

2√2𝜎
)

{𝐵∗[1−𝑒𝑟𝑓(
𝑤

2√2𝜎
)]+𝑒𝑟𝑓(

𝑤

2√2𝜎
)}
] + 𝐷Brownian, 

(  2-23 ) 

 

where 𝐵  is a constant related to background reflection and 𝐷sm is the maximum saturated 

decorrelation value. 𝐷sat is the saturated decorrelation value when the beam spot size is much 

less than the channel size. 𝜎 is a constant related to beam size and 𝑤 is the channel width [29]. 

𝑒𝑟𝑓 is error function. A phantom experiment is conducted to verify the relationship between 

saturated decorrelation (𝐷𝑠𝑎𝑡) and channel width (𝑤) as shown in Figure 2-20.  
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Figure 2-20. Relationship between the saturated decorrelation value (𝐷𝑠𝑎𝑡) and channel width at a blood flow 

speed of 15 mm/s. Black squares, red circles, and blue triangles represent data points for scan sizes of 3.5 × 3.5 

mm², 5.3 × 5.3 mm², and 7 × 7 mm², respectively. The black, red, and blue lines correspond to fits using Eq. 

(  2-23 ) for each scan size. 𝐷sm is a model parameter that defines the maximum 𝐷𝑠𝑎𝑡 value. (This figure is 

adapted from reference [29]) 

Yang et al. further optimized OCTA calibration by analysing how hematocrit levels of the 

blood affect OCTA signals. The decorrelation signal should include the influence by hematocrit 

concentration (HCT) as: 

𝐷(𝐻𝐶𝑇) = 1 − 𝑀𝑆 − 𝑀𝐹𝑔𝐴 (𝐻𝐶T × erf (
𝑤

2√2 𝜎
)), (  2-24 ) 

 

where 𝑀𝑆 is the portion of signal from static particles and 𝑀𝐹 is the portion of the signal from 

the moving particles, anisotropy 𝑔𝐴(HCT) = 𝑒
−2𝑘0

2𝜇𝑎(𝜆,𝐻𝐶𝑇)+𝜇𝑠
′(𝜆,𝐻𝐶𝑇)

𝜇𝑠(𝜆,𝐻𝐶𝑇)
𝜈0

2Δ𝑡2/6
, 𝜇𝑎  is absorption 

coefficient and 𝜇𝑠 is scattering coefficient. 𝜇𝑠
′ is reduced scattering coefficient [30].  

 

Figure 2-21. (A) Decorrelation values plotted against HCT for channel widths ranging from 8 µm to 96 µm. 

Solid lines represent the theoretical model fitting for each channel width. (B) The slope of the linear fit to 
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experimental data as a function of channel width, with the red solid line indicating the theoretical model fitting. 

(This figure is adapted from reference [30]) 

The SSADA method for blood flow velocimetry has been successfully applied to in-vivo 

imaging. Building on this foundation, the dynamic range—defined as the valid decorrelation 

region for the linear estimation model—was further enhanced by integrating multiple SSADA 

images obtained at different interscan times. This enhanced method, known as High Dynamic 

Range (HDR) OCTA, significantly improves the dynamic range of the original technique. The 

increase in dynamic range was validated through phantom experiments, as demonstrated in 

Figure 2-22. Furthermore, the HDR-OCTA method was tested in-vivo, with promising results 

illustrated in Figure 2-23 [31]. This advancement allows for more accurate and detailed 

imaging of blood flow dynamics, enhancing the applicability and reliability of OCTA in clinical 

settings. 

OCTA not only visualizes vasculature but also offers the potential to quantify blood flow. Here, 

we introduce the velocity estimation model based on SSADA and discuss its assumptions and 

limitations. 

 

Figure 2-22. (A) Fitted results from flow phantom experiments at various scanning intervals and flow speeds. 

(B) Dynamic range derived from experimental data, with shaded rectangles highlighting the dynamic range for 

different scanning intervals. 𝛥𝑣 represents the dynamic range for a 1.5 interval, while combining three intervals 

expands the dynamic range by 125%. 𝑇𝑢 denotes the upper threshold, and 𝑇𝑙  the lower threshold. (This figure is 

adapted from reference [31]) 
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Figure 2-23. Human peripapillary retina images. (A-C) Images captured at three distinct scanning intervals, 

each with a unique dynamic range. (D) Combined HDR-OCTA image. The white boxes in A, B, C, and D are 

enlarged in E, F, G, and H, respectively. A smaller white box within E, F, G, and H highlights regions with 

notable differences between the scanning intervals. (This figure is adapted from reference [31]) 

2.3.6 OCTA-Blood Flow Velocity Model by OMAG 

Beyond SSADA, OMAG has also been verified for its relationship between signal and blood 

flow velocity, as well as interscan time [18]. The analytical model for the OMAG signal is 

given by: 

𝐼𝑂𝑀𝐴𝐺

= √[0.89√
6𝐶 ⋅ 𝑉𝑣𝑎𝑒𝑙

𝜋𝑑3
(𝛼(𝑡) + 𝛼(𝑡 + Δ𝑇))] [1 − [exp (−

8

6
(
2𝜋

𝜆0

)
2

⟨𝑉2⟩Δ𝑇2)]

1
2

× 𝑐cos (Δ𝜙(𝑡))], 

(  2-25 ) 

 

where 𝐶 is the particle concentration, 𝑉𝑣𝑎𝑒𝑙 is the total imaging voxel volume, 𝑑 is the particle 

diameter assuming spherical particles, 𝛼(𝑡) and 𝛼(𝑡 + Δ𝑇) are the backscattering coefficients 

of single particle (reflectance), 𝑁 is the number of particles, Δ𝜙(𝑡) is the difference between 

the two random phases at scan time 𝑡 and 𝑡 + Δ𝑇, Δ𝑇 is the interscan time and 𝜆0 is the central 

wavelength.  

This model was verified through phantom experiments, with results shown in Figure 2-24 and 

Figure 2-25. Additionally, the relationship involving particle concentration was characterized 

and presented in Figure 2-26. These findings confirm that the OMAG signal is suitable for a 

linear estimation model for blood flow velocimetry. However, it was observed that the OMAG 

signal is not dependent of the flow channel width, as depicted in Figure 2-27. This indicates 

that while OMAG is effective for blood flow measurement, additional considerations for 
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channel width are unnecessary to ensure accuracy. 

Similarly, the OMAG-based approach to velocity quantification is discussed next, with 

attention to how phase-resolved techniques extend its capability beyond mere vessel mapping. 

 

Figure 2-24. Numerical simulation of multi-time scale OMAG magnitudes at varying flow velocities with 5% 

Intralipid. (This figure is adapted from reference). [18]) 

 

Figure 2-25. (a) Numerical simulation of multi-velocity scale OMAG magnitudes by adjusting time intervals in a 

scattering medium with 5% Intralipid solution (Visualization 1 and Visualization 2). (b) Enlarged view of the red 

box area in (a). (This figure is adapted from reference [18]) 

 

Figure 2-26. Numerical simulation of multi-concentration scale OMAG magnitudes with varying flow velocities 

at time intervals of (a) 4.0 ms and (b) 0.2 ms, respectively (Visualization 3). (This figure is adapted from 

reference [18]) 
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Figure 2-27. (a) OMAG signal intensity across four channels over 100 consecutive cross-sections at the same 

frame location (pump rate = 34.56 µL/hr). (b) Normalized OMAG intensity comparison for the four channels 

under pump rates corresponding to flow velocities of 1 mm/s, 4 mm/s, and 8 mm/s. Mean values and standard 

deviations were calculated from all measurements. (This figure is adapted from reference). [18]) 

2.3.7 Bias Velocity Method for Transverse Motion Velocimetry  

Dynamic Light Scattering OCT (DLS-OCT) combines the strengths of dynamic light scattering 

and OCT to enable high-resolution 3D imaging of particle dynamics, including both diffusion 

and translational motion. This technique allows for precise measurement of parameters such as 

axial/transverse velocities and diffusion coefficients at micrometer-scale resolution. 

DLS analyses particle motion via the autocorrelation function of scattered light, while OCT 

provides depth-resolved imaging through coherence gating. In DLS-OCT, the autocorrelation 

is derived from the phase-resolved OCT signal, enabling differentiation between static and 

dynamic scatterers. The method accounts for factors such as finite probing volume, non-

ergodicity, and mixed motion types, making it a powerful tool for blood flow measurement and 

microvascular analysis [32]. 

The amplitude of the autocorrelation of the DLS-OCT signals is: 
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|𝑔(𝜏)| = 𝑒−(𝛾𝜏)2  
(  2-26 ) 

 

𝛾  roles as the decaying rate of |𝑔(𝜏)| . If consider only 𝑔(𝜏) =

𝑒2𝑖𝑘𝑣𝑧𝜏𝑒−4𝑘𝐷|𝜏|𝑒−𝑣𝑧
2𝜏2/𝑤𝑧

2
𝑒−(𝑣𝑥

2+𝑣𝑦
2)𝜏2/𝑤𝑥𝑦

2
, along x axis only, then: 

𝛾 = [
(𝑣𝑥

𝑓𝑙𝑜𝑤
− 𝑣𝑥

𝑠𝑐𝑎𝑛)
2

𝑤𝑥𝑦
2

+
(𝑣𝑦

𝑓𝑙𝑜𝑤
)
2

𝑤𝑥𝑦
2

+
(𝑣𝑧

𝑓𝑙𝑜𝑤
)
2

𝑤𝑧
2

+
4𝑘2𝐷

𝜏
]

1
2

 (  2-27 ) 

 

to be in the form of 𝛾 =  [𝐴(𝐵 − 𝑣𝑥
𝑠𝑐𝑎𝑛)2 + 𝐶]1/2 , where 𝐴 = 1/𝑤𝑥𝑦 , 𝐵 = 𝑣𝑥

𝑓𝑙𝑜𝑤
  and 𝐶 =

(𝑣𝑦
𝑓𝑙𝑜𝑤

)
2
+

𝑤𝑥𝑦
2 (𝑣𝑧

𝑓𝑙𝑜𝑤
)
2

𝑤𝑧
2 +

4𝑘2𝐷

𝜏
𝑤𝑥𝑦

2 , and simplified in non-diffusive: 

𝛾 = √
(𝑣𝑥

𝑓𝑙𝑜𝑤
− 𝑣𝑥

𝑠𝑐𝑎𝑛)
2

𝑤𝑥𝑦
2

=
|𝑣𝑥

𝑓𝑙𝑜𝑤
− 𝑣𝑥

𝑠𝑐𝑎𝑛|

𝑤𝑥𝑦
,  

(  2-28 ) 

 

where 𝜏 is the interscan time, 𝑣𝑥
𝑓𝑙𝑜𝑤

 is the flow velocity along x direction, 𝑣𝑥
𝑠𝑐𝑎𝑛 is the scan 

velocity along x direction, 𝑣𝑦
𝑓𝑙𝑜𝑤

  is the flow velocity along y direction, 𝑣𝑧
𝑓𝑙𝑜𝑤

  is the flow 

velocity along z direction, 𝑤𝑥𝑦  is the transverse resolution (in x-y plane), 𝑤𝑧  is the axial 

resolution (in z direction), 𝑘 is the wave-vector and 𝐷 is the diffusivity of the particles.   

The scheme is shown in Figure 2-28. To get the minimum decay rate, 𝛾𝑚𝑖𝑛, 𝑣𝑥
𝑓𝑙𝑜𝑤

= 𝑣𝑥
𝑠𝑐𝑎𝑛 is 

a must, whereas the single particle is relatively static to the scan, and the decorrelation holds 

only for orthogonal motion and diffusion. Inversely, when measured with 𝛾𝑚𝑖𝑛, 𝐵 will be equal 

to 𝑣𝑥
𝑠𝑐𝑎𝑛 and is 𝑣𝑥

𝑓𝑙𝑜𝑤
 [33]. 

 

Figure 2-28. Symmetry breaking and resolving directional ambiguity using scan bias. (a) Three reference frames 

are illustrated: flow, scanning, and measurement, with corresponding angles defined, including the latitudinal 

angle θ and longitudinal (azimuthal) angle ϕ. (b) Theoretical decay rate-scan bias curve, comparing the case 

where 𝑣𝑥
𝑓𝑙𝑜𝑤

 is the sole flow component (dashed line) to the scenario with additional orthogonal motion and 

diffusion (solid line). (c) Theoretical autocorrelation curves for two scan biases: 𝑣𝑥
𝑠𝑐𝑎𝑛 = 0 (dark) and 𝑣𝑥

𝑠𝑐𝑎𝑛 =
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−𝑣𝑥
𝑓𝑙𝑜𝑤

 (light), with widths representing two points on the curve in (b). (Inset) Example autocorrelation curve 

derived from data. (This figure is adapted from reference [33]).  

To measure 𝛾, 𝑛 scans will be taken and ln {|
𝑔(𝑛𝜏0)

𝑔(𝜏0)
|} = 𝛾2(𝑛2 − 1)𝜏0

2 to eliminate 𝛽, the delta-

correlated noise, from |𝑔(𝜏)| = 𝛽𝑒[−(𝛾𝜏)2], where 2 ≤ 𝑛 ≤ 8. The article uses 8 scan biases to 

fit the curve.  

This method could solve the blood flow velocimetry with good accuracy. However, it is not 

suitable for eye’s blood flow velocimetry clinical practice. As 8 OCTA biases are applied, 9 

OCT scans are required at the same sample position. Assuming an 80 kHz scanning rate (the 

maximum scanning rate before SNR drops rapidly as shown in Figure 2-29), then 0.11ms is 

taken to complete each A-line. Assuming a typical 4 s total integration time based on clinical 

practice, there are 4 s/0.11 ms = 36363 A-lines to be completed. Assuming a typical 15µm scan 

spot size and a square FOV, the completable FOV is then (√36363 × 15/2) =

1430 µ𝑚 × 1430 µ𝑚, which is less than the clinical requirement (at least 3.3 mm×3.3 mm).  

While most OCTA models assume axial flow, real biological tissues involve multidirectional 

motion. This section presents a transverse velocity estimation method based on decorrelation 

asymmetry and bias detection. 

 

Figure 2-29. SNR variation as a function of exposure time. (This figure is adapted from reference [34]).   

2.3.8 Limitation of OCTA Blood Flow Velocimetry Method 

The OCTA blood flow velocimetry model, whether based on SSADA or OMAG, encounters 

challenges when the flow has a Doppler angle greater than 0 degree. For SSADA, the 

decorrelation value is affected by an additional component due to this Doppler angle. OMAG, 

however, has not yet been thoroughly studied yet in past studies. Nevertheless, we could still 

conduct analysis based on the analytical model in [18]. 
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Examining the basic OMAG signal formation as described in [18]: 

𝐼𝑂𝑀𝐴𝐺 = √(𝐴(𝑡)2 + 𝐴(𝑡 + Δ𝑇)2)[1 − 𝑔1(Δ𝑇)cos (Δ𝜙(𝑡))],  
(  2-29 ) 

 

the OMAG signal includes a normalized electric field autocorrelation function, 𝑔1(Δ𝑇) =

𝐴(𝑡 + Δ𝑇)𝐴(𝑡)⟩/⟨𝐴(𝑡)𝐴(𝑡)⟩, which is influenced by the Doppler angle, as demonstrated in 

[31]. Here, 𝐴(𝑡)  and 𝐴(𝑡 + Δ𝑇)  are the time-varying random amplitudes at interscan time 𝑡 

and 𝑡 + Δ𝑡. This statement will also be covered in a later section of this thesis. Consequently, 

whether using SSADA or OMAG, a non-zero Doppler angle will always contribute to 

measurement inaccuracies in blood flow velocimetry. 

The scan bias method for blood flow velocimetry can bypass the influence of the non-zero 

Doppler angle. However, this method has its limitations, as it requires a large number of scans 

to acquire sufficient data for building the fitting model, making it impractical for clinical 

imaging. Therefore, addressing the influence of the non-zero Doppler angle in OCTA blood 

flow velocimetry models is of greater importance and will be discussed in a subsequent section 

of this thesis. 

To conclude this section, we summarize the main limitations of current velocity models in 

OCTA, including sensitivity to AVG, motion artifacts, and difficulties in absolute quantification. 

2.4 Deep Learning Based Super-Resolution  

Deep learning-based super-resolution techniques have shown promise in enhancing the 

resolution of medical images. These methods use convolutional neural networks (CNNs) to 

learn high-frequency details from low-resolution images. Self-supervised learning, where the 

model learns from the data itself without needing paired high-low resolution images, is 

particularly useful for medical applications where such paired data is scarce. 

2.4.1 Deep Learning Fundamentals 

Deep learning, a branch of machine learning, uses multi-layered artificial neural networks to 

analyse complex data such as images, audio, and text. These networks are inspired by 

biological neural systems and consist of input, hidden, and output layers [35]. Each neuron 

processes inputs and passes outputs to the next layer, enabling the network to learn patterns 

through hierarchical transformations. The input layer receives raw data (e.g., image pixels), 

hidden layers extract features, and the output layer generates predictions like classifications or 
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numerical values [36]. This structure is illustrated in Figure 2-30. 

 

Figure 2-30. Basic Structure of an Artificial Neural Network (This figure is adapted from reference [37]) 

Activation functions play a crucial role in introducing non-linearity into the network, enabling 

it to learn and represent complex patterns in the data. Common activation functions include 

ReLU (Rectified Linear Unit), which outputs the input if it is positive and zero otherwise; the 

sigmoid function, which maps inputs to a range between 0 and 1; and the hyperbolic tangent 

(tanh), which maps inputs to a range between -1 and 1 [35]. ReLU is illustrated in Figure 2-31. 

 

Figure 2-31. ReLU is defined as 𝑦 = 𝑚𝑎𝑥 (0, 𝑥) (This figure is adapted from reference [38]) 

Neural networks learn by adjusting weights and biases for each neuron. Weights control input 

importance, while biases help shift the activation function for better data fitting. The learning 

process minimizes a loss function, such as Mean Squared Error (MSE) for regression or Cross-

Entropy Loss for classification [36]. Training is performed using optimization algorithms like 

Stochastic Gradient Descent (SGD) or Adam, which update parameters via backpropagation. 

Gradients of the loss with respect to each parameter are computed and adjusted in the direction 

that reduces error [35]. 
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CNNs are specialized for image processing and include three main layers: convolutional, 

pooling, and fully connected layers [39]. Convolutional layers use filters to extract spatial 

features (e.g., edges, textures), controlled by parameters such as filter size, stride, and padding 

[36]. Pooling layers, like max pooling, reduce spatial dimensions to lower computation and 

prevent overfitting. Fully connected layers integrate extracted features to produce the final 

output [39]. An early CNN architecture, LeNet-5, consists of input, convolutional, pooling, and 

fully connected layers. Designed for 32×32 grayscale images, it demonstrated the effectiveness 

of CNNs for image recognition tasks [40]. 

 

Figure 2-32. CNN architecture (This figure is adapted from reference [41]) 

In forward propagation, input data moves layer by layer through the network, with each neuron 

applying an activation function and passing outputs onward. Backpropagation adjusts weights 

and biases to minimize the loss function by computing gradients and updating parameters via 

optimization algorithms like SGD or Adam [35]. 
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Figure 2-33. Feedforward and back propagation artificial neural network (ANN) (This figure is adapted from 

reference [42]) 

An epoch is one full pass through the training data, while batch size defines how many samples 

are processed at once. Smaller batches update more frequently; larger batches offer more 

stability [35]. To prevent overfitting, regularization techniques like L2 regularization and 

Dropout are commonly used. Model performance is assessed using metrics such as accuracy, 

precision, recall, and F1-score [35]. Transfer learning enables models pre-trained on large 

datasets to be fine-tuned for new tasks with limited data, improving efficiency and performance 

[43]. 

Deep learning’s ability to learn features automatically has revolutionized imaging. It enhances 

resolution and quality in Magnetic Resonance Imaging (MRI), Computed Tomography (CT), 

and X-rays, supports astronomical image analysis, and improves resolution in fluorescence, 

optical, and electron microscopy [43]. These capabilities have enabled breakthroughs in 

imaging detail once thought unattainable. 

Shifting to resolution enhancement, we begin with the fundamentals of deep learning, 

introducing key architectures and training principles used in modern image processing tasks. 

2.4.2 Deep Learning Method for Super-resolution  

Super-resolution microscopy enables imaging beyond the diffraction limit, traditionally 

achieved through techniques like structured illumination microscopy (SIM), stochastic optical 

reconstruction microscopy (STORM), and stimulated emission depletion microscopy (STED). 

While effective, these methods often require complex optics, specific fluorophores, and 
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intensive reconstruction, limiting their accessibility [43]. 

In contrast, deep learning offers a data-driven approach to super-resolution without detailed 

modelling of the imaging system. Techniques using Generative Adversarial Networks (GANs) 

have shown strong performance in enhancing microscopy images, transforming low-resolution 

inputs into high-resolution outputs without prior knowledge of the PSF. 

A GAN consists of a generator and a discriminator trained together (Figure 2.34). The generator 

learns to produce high-resolution images, while the discriminator distinguishes them from real 

ones. Over time, the generator becomes adept at creating realistic super-resolved images [43], 

[44]. 

 

Figure 2-34. the overall structure of the GAN (This figure is adapted from reference [45]) 

 

Wang et al. demonstrated the use of GANs for cross-modality super-resolution in fluorescence 

microscopy by training on paired low- and high-resolution images. The method was 

successfully applied to wide-field, confocal, and total internal reflection fluorescence (TIRF) 

microscopy, achieving resolution comparable to high-numerical-aperture or STED systems 

[43], [46]. 

Compared to traditional methods like Lucy-Richardson deconvolution or non-negative least 

squares (NNLS), deep learning offers faster, non-iterative image enhancement without the need 

for parameter tuning [46]. GANs enabled images acquired with low-NA objectives to match 

the resolution of high-NA or STED images, revealing subcellular structures previously 

unresolved [43]. In scanning electron microscope (SEM), deep learning enhances resolution 

by learning from co-registered high-resolution images, reducing the electron dose and 

minimizing sample damage [43], [46]. Similar approaches in CT and MRI have improved 
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spatial resolution, aiding in more accurate diagnosis and treatment planning [43], [47]. 

Overall, deep learning–based super-resolution offers a hardware-efficient, versatile solution 

across imaging modalities, enhancing image clarity without complex setups or heavy post-

processing. We then present the general concept of super-resolution using deep learning, where 

networks learn to map low-resolution images to high-resolution outputs, typically using paired 

data. 

2.4.3 Enhanced Super-Resolution Generative Adversarial Networks (ERSGAN) 

Traditional super-resolution (SR) methods often struggled with artifacts. The introduction of 

Super-Resolution GAN (SRGAN) improved image quality but still produced unnatural results. 

To overcome this, the Enhanced Super-Resolution GAN (ESRGAN) was developed, offering 

substantial improvements in perceptual quality [48]. 

ESRGAN improves upon SRGAN through three main changes: an updated architecture using 

Residual-in-Residual Dense Blocks (RRDB), improved adversarial loss, and refined perceptual 

loss. RRDB combines residual learning and dense connections, enabling deeper network 

training and better feature retention (Figure 2-35 and Figure 2-36). ESRGAN also removes 

Batch Normalization (BN) layers to avoid training–testing mismatch artifacts, resulting in 

sharper, more realistic images [48]. 

 

Figure 2-35. Network architecture for ESRGAN (This figure is adapted from reference [48]) 

 

Figure 2-36. Architecture for RRDB (This figure is adapted from reference [48]) 

ESRGAN enhances image realism using a relativistic discriminator, which predicts how much 

more realistic a real image is compared to a generated one. This approach encourages the 
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generator to produce finer textures and sharper edges [48]. 

The model also improves perceptual loss by extracting features before activation layers in a 

pre-trained Visual Geometry Group (VGG) network, enabling better supervision and 

preserving complex structures and brightness details in super-resolved images [48]. Training 

ESRGAN involves a two-stage process: first, a PSNR-oriented model is trained with L1 loss 

for pixel-level accuracy; then, it is fine-tuned using adversarial and perceptual losses for visual 

realism. It was trained on large datasets like DIV2K and Flickr2K to capture diverse textures 

[48]. In benchmarks such as the PIRM-SR Challenge, ESRGAN outperformed previous 

methods in both visual quality and quantitative metrics, producing high-resolution images with 

enhanced textures and realism [48]. 

Traditional methods like bicubic interpolation and deconvolution (e.g., Richardson-Lucy) often 

fail to preserve fine details and may introduce artifacts [47], [49]. In contrast, deep learning-

based approaches like ESRGAN learn complex mappings from data, generating high-quality 

outputs with realistic detail—essential in medical imaging, microscopy, and other high-

precision fields [49], [50]. Comparisons are shown in Figure 2-37. 

ESRGAN has been successfully applied in MRI, CT, and retinal imaging, improving resolution 

and aiding in more accurate diagnosis and treatment planning [47]. 
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Figure 2-37. Qualitative results of ERSGAN (This figure is adapted from reference [48]) 

In microscopy, ESRGAN enhances fluorescence images to reveal sub-cellular structures not 

visible with traditional optics, supporting advanced biological research and diagnostics [51]. It 

is also used in astronomy to improve telescope image resolution, enabling clearer observation 

of distant celestial objects [52]. By combining architectural improvements, adversarial training, 
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and refined perceptual loss, ESRGAN delivers high-quality images with realistic textures and 

sharp details. Its strong benchmark performance and wide applicability have made it a leading 

tool for image super-resolution across various fields [53]. 

Among deep learning approaches, GANs have proven highly effective for realistic image 

reconstruction. This section explains the structure of ERSGAN and its enhancements over 

standard GANs. 

2.4.4 Spectrum-based Deep Learning for Resolution Enhancement for OCT 

Image 

Advancements in OCT technology—such as higher imaging speeds and wider fields of view—

pose challenges in data acquisition, transfer, and storage. Spectrum-based deep learning has 

emerged as a promising solution, enhancing image quality while reducing data volume. 

A notable approach involves learnable spectral–spatial sub-sampling in swept-source OCT, 

which jointly optimizes sub-sampling patterns and reconstruction using three neural networks: 

a mask generator, fringe reconstructor, and image enhancer. This method achieved a data 

compression ratio of up to 62.5× with minimal loss in image quality (~24.2 dB PSNR), 

validated on ex-vivo human coronary OCT datasets [52]. 

GAN-based methods, such as modified SRGANs, have been applied to recover spectral 

bandwidth and improve axial resolution. By simulating reduced A-scan resolution through 

spectral windowing, these models successfully reconstruct high-resolution features using 

transfer learning and data augmentation, especially for wide-field retinal OCT [53]. 

Another key development is neural network–based reconstruction from under-sampled spectral 

data, enabling high-quality OCT imaging with less acquisition time. This reduces motion 

artifacts and improves patient comfort while maintaining resolution and contrast [52], [53]. 

Collectively, these spectrum-based deep learning methods—whether through sub-sampling 

optimization, bandwidth recovery with GANs, or sparse-data reconstruction—offer substantial 

gains in resolution, efficiency, and diagnostic utility. 

Future work should refine these approaches through better architectures, larger datasets, and 

real-time clinical integration. These innovations have the potential to transform OCT imaging, 

improving diagnostic accuracy and patient outcomes while streamlining clinical workflows. 

Instead of using image pairs, our approach focuses on spectral-domain data for self-supervised 
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learning. This section introduces the novel pipeline developed in this thesis, explaining how it 

overcomes common limitations of paired training.  

2.4.5 Limitation of supervised spectrum deep learning  

Most spectrum-based deep learning methods in OCT are supervised and focus on resolution 

recovery, requiring paired high- and low-resolution (HR–LR) images for training. This limits 

their adaptability and practicality, especially in clinical settings where HR data is difficult to 

obtain. These models also cannot exceed the system’s native resolution and often require 

system-specific retraining. 

In contrast, unsupervised methods offer greater flexibility. The self-super-resolution (SSR) 

approach by Zhuoqun Yuan et al. [54] uses only the system’s own spectral data, avoiding the 

need for external HR references. Using Enhanced Spatial Residual Attention Module GAN 

(ESRAMGAN), it efficiently achieves super-resolution, highlighting the potential of self-

supervised learning in OCT imaging. 

While spectrum-based training offers advantages, it also introduces unique challenges. This 

section discusses these limitations, such as dependence on spectral quality and potential 

overfitting to noise patterns. 

2.5 Biosensing Technologies for Skin Health Monitoring  

2.5.1 Advances in Biochemical Monitoring for Skin Health 

Wearable hydrogel patches have become key tools in biochemical monitoring, enabling non-

invasive detection of biomarkers like pH, glucose, and lactate through interaction with skin 

excretions. Guo et al. (2024) [55] developed a photoacoustic (PA) system integrated with a pH-

responsive Polyvinyl Alcohol and sucrose (PVA–Suc) hydrogel embedded with nitrazine 

yellow dye. This patch allows real-time, non-invasive wound pH monitoring, offering valuable 

insights into the healing process. 
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Figure 2-38. Working Principle of Portable PA Device Combined with PVA/Suc/NY Hydrogel Dressing for 

Point-of-Care Testing of Wound pH Values (This figure is adapted from reference [55]). 

Figure 2-38 shows the working principle of the portable PA device, which integrates the 

PVA/Suc/NY hydrogel with a PA sensing system. Upon contact with wound exudate, the dye’s 

optical properties change with pH. A 638-nm laser triggers the PA signal, which is detected by 

a microphone and analysed via a handheld oscilloscope, enabling rapid, point-of-care wound 

pH assessment [55]. 

 

Figure 2-39. (A) Transmittance images of the PVA/Suc hydrogel and PVA/Suc/NY hydrogel. (B) Knotting ability 

of the PVA/Suc hydrogel compared to the PVA/Suc/NY hydrogel. (C) Adhesion of the PVA/Suc/NY hydrogel to 

human skin. (D) Flexibility of the PVA/Suc/NY hydrogel demonstrated through rolling, picking up, stretching, 

bending, and twisting. (E) SEM images showing the structures of the PVA/Suc hydrogel and PVA/Suc/NY 

hydrogel. (This figure is adapted from reference [55]). 

Figure 2-39 highlights the properties and functionality of the PVA/Suc/NY hydrogel patch. 
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Panel (A) confirms its transparency, essential for PA sensing. Panel (B) shows its flexibility 

through knotting, while (C) demonstrates strong, residue-free skin adhesion. Panel (D) verifies 

robustness under mechanical stress, and (E) presents SEM images showing structural integrity 

and uniform dye distribution [55]. 

This PA-integrated hydrogel patch enables continuous, non-invasive pH monitoring, crucial 

for wound assessment. Its flexibility, transparency, and adhesion make it suitable for wearable 

use on moving skin. As shown by Guo et al., such patches hold great promise for real-time 

wound care and biochemical monitoring [55]. 

Monitoring skin pH is important, as deviations can indicate inflammation or microbial 

imbalance, common in conditions like dermatitis, eczema, and psoriasis. Early pH detection 

supports timely intervention [56]. 

Additionally, integrating liquid crystals (LCs) into hydrogels enables a new class of biosensors. 

These LC-embedded patches detect pH, glucose, and lactate through optical shifts caused by 

changes in LC orientation, offering sensitive, real-time biochemical monitoring.  

Beyond imaging, monitoring biochemical parameters like pH and glucose is essential for 

comprehensive skin assessment. This section reviews recent advancements in non-invasive 

biochemical sensing technologies. 

2.5.2 Liquid Crystal Biosensors for Real-Time Biochemical Monitoring 

LC-based patches are highly suited for real-time skin diagnostics due to their sensitivity to 

biochemical changes. By detecting shifts in LC molecular orientation and optical properties, 

they provide early insight into skin conditions [56]. 

LC droplets respond to subtle molecular interactions, generating detectable optical signals 

without the need for labels. Their responsiveness makes them ideal for non-invasive monitoring 

of biomarkers like pH, glucose, and lactate [56]. 

The sensing mechanism relies on LC properties such as optical anisotropy, alignment 

transitions, and ultra-sensitivity to stimuli. Biochemical analytes can disrupt the "easy axis" 

alignment of LC molecules via electrostatic, hydrogen bonding, or ligand interactions, causing 

optical changes that amplify detection across a ~100 µm region. These alignment shifts, driven 

by changes in anchoring energy, are central to LC biosensing and remain an area of active study 

[56], [57]. 
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A defining property of LCs is their optical anisotropy, resulting in birefringence. When plane-

polarized light passes through an LC, it splits into two orthogonal rays, each experiencing a 

different refractive index: the ordinary (𝑛𝑜) and the extraordinary (𝑛𝑒) refractive indices. This 

difference leads to a phase shift, 𝛿, which is expressed by: 

𝛿 =
2𝜋𝑑

𝜆
(𝑛𝑒 − 𝑛𝑜), (  2-30 ) 

 

where 𝑑 is the thickness of the LC layer and 𝜆 is the wavelength of the incident light. 

The intensity 𝐼 of transmitted light through crossed polarizers depends on the alignment of LC 

molecules and is given by: 

𝐼 = 𝐼0 𝑠𝑖𝑛2 2𝜙 𝑠𝑖𝑛2 𝛿

2
, 

(  2-31 ) 

 

where 𝐼0 is the initial light intensity, 𝜙 is the azimuthal angle of the LC molecules relative to 

the polarizer axis. 

When LC molecules align homeotropically (perpendicularly), they appear dark under crossed 

polarizers (𝛿 = 0), whereas other alignments produce bright fields. This anisotropic property 

enables detection of LC orientation changes through optical signals, with variations in 

brightness and colour observed under polarized optical microscopy (POM). These 

birefringence-driven changes provide a straightforward method for detecting orientation 

transitions in LC-based biosensors [56]. 

LC biosensors can be implemented in various configurations, each exploiting LC orientation 

transitions in response to biochemical interactions. The principal configurations of LC droplet 

are illustrated in Figure 2-40.  

LC droplets dispersed in water offer a highly adaptable biosensing platform. The droplet’s size 

influences alignment, with potential configurations including radial, bipolar, or pre-radial 

arrangements. As shown in Figure 2-40, adding surfactants can transition LC droplets from a 

bipolar to a radial configuration, enhancing sensitivity to biomolecular interactions. This 

droplet-based configuration is especially useful in applications requiring high sensitivity, as 

alignment transitions can provide real-time signals of target biomolecule presence [56]. 
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Figure 2-40. Schematic illustration of LC molecule orientation transitions. In LC droplets, alignment transitions 

from bipolar to radial with surfactant presence. (This figure is adapted from reference [56]). 

 In advanced applications, LC droplets are often doped with dyes or configured as whispering 

gallery mode (WGM) lasers to enhance sensitivity. In the WGM setup, LC droplets act as 

resonators, amplifying small environmental changes into significant optical shifts. This allows 

detection of target molecules at concentrations as low as picomolar levels, making LC 

biosensors highly effective for biochemical sensing [56]. 

LC biosensors are highly responsive to weak external stimuli, enabling them to amplify 

molecular interactions into detectable optical signals without complex equipment. They are 

effective in detecting a wide range of biological targets, including glucose, enzymes, ions, and 

other critical biomarkers, making them well suited for portable, real-time skin diagnostics [56]. 

Their sensing mechanism relies on LC properties such as optical anisotropy, alignment 

transitions, and high interfacial sensitivity. Molecular interactions—via hydrogen bonding, 

electrostatic forces, or ligand coordination—disrupt LC alignment, causing optical changes that 

propagate across a detection range of ~100 µm. These alignment shifts, triggered at the 

nanoscale, result from complex anchoring energy changes that remain an area of active research 

[56], [57]. 

LC biosensors have been used to monitor key biomarkers for skin diagnostics. PH sensing is 

crucial, as pH imbalance signals inflammation or microbial disruption, common in eczema, 

psoriasis, and dermatitis. Jang and Park [58] developed pH-responsive cholesteric LC droplets 

using microfluidics. These droplets exhibited optical shifts based on protonation changes in 

poly (acrylic acid)-functionalized surfaces, enabling precise pH monitoring on the skin. 

Glucose monitoring is especially important for diabetic patients. Kim et al. [59] created LC 

droplets functionalized with glucose oxidase, which respond to glucose via enzymatic 

oxidation, altering pH and causing a radial-to-bipolar transition. Their system achieved a 

detection limit of 0.03 mM with a response time of ~3 minutes, offering a sensitive and cost-

effective solution for diabetic wound care. 
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To assess oxidative stress, Zhou et al. [60] developed an LC platform that uses detection of 

glutathione (GSH)'s inhibitory effect on γ-glutamyl transpeptidase (γ-GT). Functionalizing the 

LC interface with cleavable surfactants enabled detection down to 1 pg/mL, supporting 

evaluation of chronic skin conditions and aging. 

Acetylcholine (ACh), relevant to sweat secretion and wound healing, was targeted by Han and 

Jang [61] using an AChE-functionalized LC sensor on a nanostructured polymer. ACh 

hydrolysis triggered LC orientation shifts, with a detection limit of 10 nM, providing a tool for 

monitoring hyperhidrosis and healing processes. 

For heavy metal ion detection, Amin et al. [62] incorporated BSA into LC droplets on DMOAP-

coated surfaces, achieving 1 nM detection sensitivity. This allows precise monitoring of 

environmental toxins affecting skin health. 

Further innovations include bio-electrostatic LC micro-lasers, explored by Wang et al. (2020) 

[57], where charged LC droplets in a WGM configuration detect biomolecules like proteins 

and nucleic acids via measurable wavelength shifts, with sensitivity down to 1 pM. These 

advances surpass traditional polarized optical microscopy in sensitivity. 

LC droplet lasers have also been embedded into smart photonic labels, as demonstrated by 

Capocefalo et al. (2021) [63], enabling flexible spectral fingerprinting responsive to 

environmental changes. Additionally, LC microlenses, described by Xu et al. (2014) [64], offer 

fast response and mechanical stability, further enhancing the precision and adaptability of LC-

based biosensors. 

Among emerging technologies, LC-based biosensors are especially promising. This section 

discusses how liquid crystal droplets respond to biochemical stimuli and how these changes 

can be captured by OCT. 

2.5.3 Limitation of Optical and Biochemical Techniques  

Optical biosensors listed in section 2.5.2 have advanced biomolecule detection using 

spectroscopy and fluorescence, but they are limited to surface sensing and lack the depth-

resolved imaging offered by OCT. Wearable hydrogel patches enable non-invasive biochemical 

monitoring via interaction with sweat or skin excretions, yet they typically lack structural 

imaging capabilities essential for a comprehensive assessment of skin health. Structural 

imaging helps visualize skin layer morphology and detect anomalies associated with disorders, 

complementing biochemical data. Currently, no system integrates OCT’s structural imaging 
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with biochemical sensing. Combining OCT with LC-doped hydrogel patches could provide a 

powerful tool to simultaneously assess both structural and biochemical skin features. This 

integration would enable real-time monitoring of inflammation, metabolic changes, and tissue 

integrity, improving diagnostic accuracy and supporting better management of complex skin 

conditions. 

To conclude, we summarize the respective limitations of purely optical and biochemical 

approaches, highlighting the potential of combining them for multimodal diagnostics. 
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Chapter 3. : Axial Velocity Gradient Decoupling by 

Dual Beam OCTA 

3.1 Background Introduction 

Of particular significance for studying various retina pathologies is the measurement of retinal 

blood flow [5]. Doppler OCT method has been used for blood flow velocimetry, however, is 

also limited to such as its inability to directly measure the flow perpendicular to the scanning 

beam [65]. Besides, OCTA signals also correlate with blood flow velocity and can be used for 

blood flow velocimetry according to DLS theories [32]. OCTA offers the advantages over 

Doppler OCT as could measure flow perpendicular to the scanning beam directly [3]. 

Nevertheless, the Doppler angle, the angle between the scanning beam and the sample, 

influences the measurement accuracy [28]. An analytic model is formulated to attribute the 

dependence of autocorrelation on the Doppler angle to AVG [66]. This work further points out 

that it is not possible to accurately measure the velocity of particles from a single DLS 

measurement when AVG is present, but possible to apply repeated measurements to decouple 

the AVG contributions, like those with different optical resolutions or introducing a scanning 

bias [66]. 

Repeated measurements with different optical resolutions or introducing a scanning bias 

increases acquisition time for the same FOV regarding to the standard OCTA. In addition, the 

accuracy is subject to motion artefacts as both image position and apparent flow velocity might 

be altered by eye motion during repeated measurements. Few-Mode OCT (FM-OCT) leverages 

a novel modally-specific photonic lantern (MSPL) to generate two foci with different 

transverse point spread functions, corresponding to distinct optical modes: one from the 

fundamental Gaussian mode and the other from a higher-order non-Gaussian mode [67]. This 

difference in mode shapes may render existing analytical models inapplicable, potentially 

introducing errors. As a result, the theoretical framework requires further refinement to account 

for the mode-dependent discrepancies and ensure accurate interpretation of the measurements. 

The purpose of this research is to provide a general yet low-cost solution to simultaneously 

imaging with two different optical resolutions. The requirements for the foci of the two beams 

for decoupling AVG are deduced following the previously established model [66]. Dual beam 

OCT system is then developed according to the requirements. The primary novelty of our study 
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lies in the application of a simpler and more cost-effective solution to eliminate the influence 

of AVG in OCTA blood flow velocimetry. The system requires only one spectrometer and off-

the shelf optics, so that it costs much less than previous dual-beam or multi-beam solutions [10] 

[11] [12]. In addition, it does not rely on special optics (such as MSPL) and is generally 

applicable for any centre wavelength and spectral width. It is generally practical method and 

easy to repeat/reproduce.  

3.2 Dual-Beam OCT 

3.2.1 Method 

3.2.1.1 Analytical Model for Decoupling  

Generally, without normalization, the first order autocorrelation representing OCTA signal is 

given by [66]: 𝑔(1)(𝑥, 𝑦, 𝑧, 𝜏) = ⟨𝐹(𝑥, 𝑦, 𝑧, 𝜏)𝐹∗(𝑥, 𝑦, 𝑧, 0)⟩ , where 𝐹  is the complex back 

scattering signal at the position (𝑥, 𝑦, 𝑧), (𝑥, 𝑦, 𝑧) denotes the position of the voxel of sampling. 

Assuming a Gaussian PSF, the first order autocorrelation could be further derived [66]: 

𝑔(1)(𝜏) = 𝑒𝑥𝑝[−𝑖2𝑛𝑘𝑐𝑣𝑧0𝜏] 𝑒𝑥𝑝[𝑖𝑛𝑘𝑐(𝑣0⃗⃗⃗⃗ ⋅ 𝛻⃗ 𝑣𝑧)𝜏
2] 

× 𝑒𝑥𝑝[−4𝑛2𝑘𝑐
2𝐷𝜏] 𝑒𝑥𝑝 {−

1

2
[𝜒𝑥𝑦

𝑣𝑧𝑥

𝑤𝑧
+ 𝜒𝑥𝑦

𝑣𝑧𝑦

𝑤𝑧
+ 𝜒𝑧

𝑣𝑧𝑧

𝑤𝑧
] 𝜏} 

× 𝑒𝑥𝑝 [−
1

4
𝑛2𝑘𝑐

2|𝛻⃗ 𝑣𝑧|
2
𝜏2] 𝑒𝑥𝑝 [−

𝑣𝑥0
2 𝜏2+𝑣𝑦0

2 𝜏2

𝑤𝑥𝑦
2 ] 𝑒𝑥𝑝 [−

𝑣𝑧0
2 𝜏2

2𝑤𝑧
2 ], 

( 3-1 ) 

where 𝐷 is the diffusive coefficient and 𝑒−4𝑛2𝑘𝑐
2𝐷𝜏 denotes the diffusion term, 𝑘𝑐 is the centre 

wave number of the power spectrum and 𝑛  is the refractive index. 𝑣𝑥0 , 𝑣𝑦0  and 𝑣𝑧0  are the 

velocity components of the mean velocity in a single voxel, 𝑤𝑥𝑦 is the lateral resolutions in x 

and y direction and 𝑤𝑧  is the axial resolution in z direction, and 𝑣𝑧𝑧  characterizes the axial 

velocity change per axial resolution. 𝛻⃗  is the gradient operator, 𝜒𝑥𝑦 = ln (40/39) and 𝜒𝑧 =

ln (5/2) are factors that arise during an approximation approach in [66], and the mean voxel 

velocity 𝑣0⃗⃗⃗⃗  and the magnitude of a modified gradient operator |𝛻⃗ 𝑣𝑧| are defined as Eq. ( 3-2 ) 

[66]. 

𝑣0⃗⃗⃗⃗ = (𝑣𝑥0, 𝑣𝑦0, 𝑣𝑧0)， 
( 3-2 ) 
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|𝛻⃗ 𝑣𝑧|
2

= (𝑤𝑥𝑦
𝜕𝑣𝑧

𝜕𝑥
)
2
+ (𝑤𝑥𝑦

𝜕𝑣𝑧

𝜕𝑦
)
2
+ 2(𝑤𝑧

𝜕𝑣𝑧

𝜕𝑧
)
2
.  

By experimental results [66], only quadratic terms, exp [−
1

4
𝑛2𝑘𝑐

2|∇⃗⃗ 𝑣𝑧|
2
𝜏2]  and 

𝑒𝑥𝑝 [−
𝑣𝑥0

2 𝜏2+𝑣𝑦0
2 𝜏2

𝑤𝑥𝑦
2 ] 𝑒𝑥𝑝 [−

𝑣𝑧0
2 𝜏2

2𝑤𝑧
2 ], in |𝑔(1)(𝜏)| contribute much greater than the Doppler term 

exp[−4𝑛2𝑘𝑐
2𝐷𝜏] and linear term exp {−

1

2
[𝜒𝑥𝑦

𝑣𝑧𝑥

𝑤𝑧
+ 𝜒𝑥𝑦

𝑣𝑧𝑦

𝑤𝑧
+ 𝜒𝑧

𝑣𝑧𝑧

𝑤𝑧
] 𝜏}[66]. The dual beam 

OCT system uses two scanning beams of different beam sizes. Based on the simplified 

|𝑔(1)(𝜏)|  in (  3-3 ), the magnitudes of the autocorrelation signals, |𝑔1|  and |𝑔2| , can be 

expressed as Eq. (  3-4 ). The contribution of AVG in the entire autocorrelation signal can be 

extracted from (  3-3 ) as 𝑔𝐴𝑉𝐺 = 𝑒𝑥𝑝 [−
1

4
𝑛2𝑘𝑐

2|𝛻⃗ 𝑣𝑧|
2
𝜏2] . This AVG contributed 

autocorrelation term 𝑔𝐴𝑉𝐺 ranges in (0,1]. Hence, ideally for a horizontal flow containing no 

AVG, 𝑔𝐴𝑉𝐺 = 100%. With defining  𝛼 = 𝑤𝑥𝑦1
2 /𝑤𝑥𝑦2

2 = 𝑤𝑧1
2 /𝑤𝑧2

2 , the AVG terms of |𝑔1| and 

|𝑔2|
𝛼 are equal according to Eq. (  3-5 ). By setting 𝑤𝑥𝑦

2  =  2𝑤𝑧
2, |𝑔aft| is a function of blood 

flow velocity without influence of AVG as Eq. (  3-6 ).   

|𝑔(1)(𝜏)| ≈ 𝑒𝑥𝑝 [−
1

4
𝑛2𝑘𝑐

2|𝛻⃗ 𝑣𝑧|
2
𝜏2] 𝑒𝑥𝑝 [−

𝑣𝑥0
2 𝜏2+𝑣𝑦0

2 𝜏2

𝑤𝑥𝑦
2 ] 𝑒𝑥𝑝 [−

𝑣𝑧0
2 𝜏2

2𝑤𝑧
2 ]. 

(  3-3 ) 

|𝑔𝑖| = 𝑒𝑥𝑝 [−
1

4
𝑛2𝑘𝑐

2|𝛻⃗ 𝑣𝑧𝑖
|
2
𝜏2] 𝑒𝑥𝑝 [−

𝑣𝑥0
2 𝜏2+𝑣𝑦0
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𝑤𝑥𝑦𝑖
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2 𝜏2

2𝑤𝑧𝑖
2 ] , (𝑖 = 1,2), 

(  3-4 ) 
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𝜕𝑣𝑧

𝜕𝑥
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+ 2𝛼 (𝑤𝑧2
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, 

(  3-5 ) 

|𝑔𝑎𝑓𝑡| =
|𝑔1|

|𝑔2|
𝛼 = 𝑒𝑥𝑝 [−

𝑣0
2𝜏2

𝑤𝑥𝑦1
2 (1 − 𝛼2)]. 

(  3-6 ) 

where the spatial derivatives of 𝑣𝑧 are assumed to be constants.   

3.2.1.2 Dual-beam OCT System and Experimental Setup 

The dual beam OCT system is consisted of two Michelson interferometers sharing the same 

spectrometer Figure 3-1 (A). The light source (SUPERLUM M-T-850-HP) provides 

illumination over an 80 nm spectral width (2 of 3 channels switched off) centred at 850 nm. 

The light is guided by 50:50 fibre couplers. The two sample beams are aligned to be parallel 

with a 1.83 mm transverse displacement using a reflective mirror (RM). The collimated sample 

beam diameters are simulated to be 1.05 mm and 2.62 mm measured at 1% power level, 

respectively (Figure 3-1 (B)), and the ratios of the power loss due to the aperture division by 
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the pick-up mirror are simulated to be 9.97% and 8.67% respectively. The single-trip optical 

pathlength differences between the two sample beams is adjusted to be 1.2 mm. In the 

spectrometer, two input fibres are mounted with a V-groove with a spacing of 127 μm [70]. 

The collimated beams are dispersed by a 1765 lines/mm grating (PING-Sample-025, Ibsen 

photonics) and focused by a multi-element camera lens (focal length 176.8 mm) onto a line 

camera (EV71YO1SCL2010-BA3, Octoplus). The total photon-to-electron conversion 

efficiency of the spectrometer was measured to be 0.32, which includes the diffraction 

efficiency of the grating and quantum efficiency (∼47%) of the camera sensor. The total 

ranging depth is 5.1 mm in air and the signal intensity roll-off is 2.68 dB/mm from DC to the -

6 dB point. Spectra are digitized at 12-bit resolution and transferred to the computer through 

camera link cables and an image acquisition board (KBN-PCE-CL4-F, Bitflow). 

Here in sample arm, we use H (light path: L5→L7) to represent the channel of the narrower 

illumination beam and L (light path: L6→L7) to represent the channel of the wider illumination 

beam. Then the bright field signals with larger and smaller beam sizes are associated with the 

OCT channel configurations as LL (light path: L6→L7→L6) and HH (light path: L5→L7→L5), 

and the dark field signal is associated with the OCT channel configuration HL (light path: 

L5→L7→L6 or L5→L7→L6). A Gaussian window (GW) is applied to the spectrum to satisfy 

𝑤𝑥𝑦
2 = 2𝑤𝑧

2 . As the object being sampled is 5% intralipid solution and human skin dermal 

tissues, the axial resolutions are measured with refractive indices of 1.43 (determined by the 

ratio of optical path lengths of the empty and filled tube) and 1.38 [71] respectively (Table 3-1). 

Both dark field signals are included into one single OCT channel due to identical resolution.  

In our method, the spectrometer is equipped with two input fibres instead of the single fibre 

typically used in standard OCT spectrometers. Each fibre carries interference signals from one 

of the two reference arms. The tips of the two fibres are separated along the direction of the 

linear sensor with a spacing of 256 µm, ensuring that the linear sensor captures the full spectral 

range from both fibre tips. Consequently, there is a lateral shift between the two interferograms 

on the linear sensor, given by 256 𝜇𝑚 ⋅ 𝑀, where 𝑀 is the magnification of the camera lens. In 

our spectrometer, this lateral shift corresponds to 70 pixels. This method is detailed in the study 

by Wang et al. (2023), which describes the implementation of multi-channel OCT using a single 

spectrometer [70].  
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Figure 3-1. (A) The OCT schematic. RM: reflective mirror. f is focal length; (B) Normalized beam profile on the 

pick-up mirror in sample path with yellow line (x=0) marking the mirror edge position, (C) Phantom experiment 

design.  

Table 3-1. (A) Spatial resolutions for OCT channels (𝛼𝐻𝐻/𝐻𝐿 =
𝑤𝑥𝑦𝐻𝐻

2

𝑤𝑥𝑦𝐻𝐿
2  and 𝛼𝐻𝐻/𝐿𝐿 =

𝑤𝑥𝑦𝐻𝐻
2

𝑤𝑥𝑦𝐿𝐿
2 ). 

OCT channel 

configuration 

𝒘𝒙𝐲 (µm) 𝒘𝐳 = 𝒘𝒙𝐲/√𝟐  (µm) 
𝜶  

Theoretical Measured Theoretical Measured 

HH 14.71 15.02 10.40 10.39 / 

HL 19.31 19.40 13.65 13.68 𝜶𝑯𝑯/𝑯𝑳  = 𝟎. 𝟓𝟖 

LL 36.76 36.92 25.99 26.05 𝜶𝑯𝑯/𝑳𝑳  = 𝟎. 𝟏𝟔 

(B) GW widths and respective measured axial resolutions 
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OCT channel 

configuration 

Window 

Width (nm) 

𝒘𝐳 (µm) 

in air 

Window 

Width (nm) 

𝒘𝐳 (µm) 

n=1.43 

Window 

Width (nm) 

𝒘𝐳 (µm) 

n=1.38 

HH 16.8 10.39 11.2 10.41 11.7 10.38 

HL 11.3 13.68 8.5 13.62 8.8 13.64 

LL 5.9 26.05 4.5 25.98 4.6 26.10 

The model is validated through a phantom experiment and a skin vasculature image experiment. 

In the phantom experiment as shown in Figure 3-1 (C), The blood flow is simulated by pumping 

(pump model: LSP01-2A) the intralipid solution (5% concentration diluted from 20% Sigma-

Aldrich emulsion solution) with a predetermined flow rate in a glass capillary tube with internal 

diameter of 0.129 mm. 𝜃 is the inclination angle of the flow. The average flow speed is set as 

0, 0.5, 1, 1.5, 2, 2.5 and 3 mm/s according to the flow rate and the nominal cross-sectional area 

of the tube lumen, and 𝜃 is set to be 0° and 30°.  

To evaluate the available autocorrelation signal range for velocimetry, the dynamic range (DR) 

is defined referring to [31] [72] as the ratio between difference of the measurable average 

maximum and minimum autocorrelations (𝐴𝑚𝑎𝑥
̅̅ ̅̅ ̅̅ ̅ and 𝐴𝑚𝑖𝑛

̅̅ ̅̅ ̅̅ ) and the standard deviation of the 

autocorrelation measurement. Based on the measurements on the average saturated 

autocorrelation 𝐸(𝑔𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑒) , the average autocorrelation value with 0 flow velocity 

𝐸(𝑔𝑜𝑓𝑓𝑠𝑒𝑡) and the standard deviation of the autocorrelation values 𝑠𝑡𝑑(𝑔) of the data set 𝑔, 

DR is expressed as Eq. (  3-7 ): 

𝐷𝑅 = 20 𝑙𝑜𝑔10

𝐴𝑚𝑎𝑥
̅̅ ̅̅ ̅̅ ̅  

𝐴𝑚𝑖𝑛
̅̅ ̅̅ ̅̅

= 20 𝑙𝑜𝑔10 (
|𝐸(𝑔𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑒) − 𝐸(𝑔𝑜𝑓𝑓𝑠𝑒𝑡)|

𝑠𝑡𝑑(𝑔) 
) 

(  3-7 ) 

The skin vasculatures at the palm side of the proximal interphalangeal joint of the middle finger 

in a healthy human subject is imaged. The optical power incident on the skin is below American 

National Standards Institute exposure limit for skin safety [73]. In the data processing for the 

skin vasculature image, only bright-field signals are used for a larger DR of decoupled signal 

based on the results in phantom experiment.  

To evaluate the influence of AVG, the AVG contribution is defined from [28] as: 

𝐴𝑉𝐺 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 = 100 ×
||𝑔𝜃≠0°|−|𝑔𝜃=0°|| 

0.5×(2−|𝑔𝜃≠0°|−|𝑔𝜃=0°|)
, 

(  3-8 ) 

where 𝑔θ≠0° and 𝑔θ=0° represent the original autocorrelation signal obtained for blood flow at non-

zero and 0° inclination angle. Since this AVG contribution is calculated based on a single vessel with 
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same flowing speed by in different inclination angles, which is not feasible for real vessel in our case, 

we modify the AVG contribution as following: 

𝐴𝑉𝐺 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑 ≡ 100 ×
||𝑔𝑎𝑓𝑡|−|𝑔𝑏𝑒𝑓||

0.5×(2−|𝑔𝑎𝑓𝑡|−|𝑔𝑏𝑒𝑓|)
, 

(  3-9 ) 

where 𝑔𝑏𝑒𝑓 is the original autocorrelation signal before decoupling. In the modified version the 

same vessel before and after decoupling is evaluated. Since the difference in autocorrelation 

caused by inclination is only included in AVG term, 𝑔𝑎𝑓𝑡 is equivalent to the 𝑔𝑏𝑒𝑓 adjusted to 

0° inclination angle. The phantom experiment data is firstly used to verify this modification 

before evaluating on in-vivo images.  

𝑔𝐴𝑉𝐺  is also evaluated to validate the AVG influence. It is possible to use original 

autocorrelation signals measured in HH and LL channels, |𝑔𝐻𝐻| and  |𝑔𝐿𝐿|, to obtain 𝑔𝐴𝑉𝐺 by 

following equations:  

𝑔𝐴𝑉𝐺𝐻𝐻
=

|𝑔𝐻𝐻|

|𝑔𝑎𝑓𝑡|
1

1−𝛼2

=
|𝑔𝐻𝐻|

(
|𝑔𝐻𝐻|
|𝑔𝐿𝐿|

𝛼)

1
1−𝛼2

= (|𝑔𝐻𝐻|
−

𝛼2

1−𝛼2|𝑔𝐿𝐿|
𝛼

1−𝛼2) |𝛼=0.16

= |𝑔𝐻𝐻|−0.026|𝑔𝐿𝐿|
0.164, 

(  3-10 ) 

|𝑔𝐿𝐿| = 𝑔𝐴𝑉𝐺𝐿𝐿
𝑒𝑥𝑝 [−

𝑣0
2𝜏2

𝑤𝑥𝑦𝐿𝐿
2 ] = 𝑔𝐴𝑉𝐺𝐿𝐿

𝑒𝑥𝑝 [−
𝑣0

2𝜏2

𝑤𝑥𝑦𝐻𝐻
2 /𝛼

], 
(  3-11 ) 

𝑔𝐴𝑉𝐺𝐿𝐿
= |𝑔𝐿𝐿| (𝑒𝑥𝑝 (

𝑣0
2𝜏2

𝑤𝑥𝑦𝐻𝐻
2 ))

𝛼

= |𝑔𝐿𝐿| (
𝑔𝐴𝑉𝐺𝐻𝐻

𝑔𝐻𝐻
)
𝛼

= |𝑔𝐿𝐿||𝑔𝐻𝐻|−0.164. 
(  3-12 ) 

To relates 𝑔𝐴𝑉𝐺 with AVG contribution modified (e.g. HH), we modify the AVG contribution 

as: 

𝐴𝑉𝐺 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑 =
||𝑔𝑎𝑓𝑡|−|𝑔𝑏𝑒𝑓||

0.5×(2−|𝑔𝑎𝑓𝑡|−|𝑔𝑏𝑒𝑓|)
=

(
|𝑔𝐻𝐻|

𝑔𝐴𝑉𝐺𝐻𝐻
)

1−𝛼2

−|𝑔𝐻𝐻|

2−(
|𝑔𝐻𝐻|

𝑔𝐴𝑉𝐺𝐻𝐻
)

1−𝛼2

−|𝑔𝐻𝐻|

× 2 ∝

1

𝑔𝐴𝑉𝐺𝐻𝐻

. 

(  3-13 ) 

We employed MB scanning mode [19] at the A-line rate of 10 kHz for the phantom experiment. 

With 6 A-scans per image position, interscan time intervals (0.1, 0.2, 0.3, 0.4 and 0.5 ms) are 

achieved. We acquired 400 B-frames which are averaged to improve SNR. There were 128 A-
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lines per B-frame with a transverse step size Δ𝑤𝑥𝑦 = 4.36 µm. The MB scanning mode was 

also employed in the skin experiment with an A-line rate of 5 kHz and 6 A-scans per image 

position yielding a 0.2 ms interscan time. There were 250 A-lines per B-frame and 250 B-

frames per scan volume, so that the total acquisition time is 75 seconds. With 4.36 µm 

transverse step size, FOV is 1.125 mm × 1.125 mm. The total optical power on the sample is 

measured as 0.3 mW. Based on bright field signals detected by the spectrometer, the 

sensitivities are measured to be 101.29 dB and 101.00 dB for OCT channels of HH and LL 

respectively at 5 kHz A-scan rate (102.63 dB and 101.69 dB theoretically). The dark field signal 

sensitivity could be assessed by subtracting the signal difference between the bright field signal 

and dark field signal from the bright field signal sensitivity. Thereby, the dark field signal 

sensitivity is estimated to be 102.08 dB and 101.06 dB respectively. The -6 dB sensitivity roll-

off in skin is measured as 1.77 mm.   

3.2.2 Result 

3.2.2.1 Phantom Experiment  

As shown in Figure 3-2 (A & B), the decorrelation OCTA images of flow are obtained by 

SSADA algorithm [3] with interscan time (Δ𝑡) from 0.1 to 0.5 ms (𝐷𝑒𝑐𝑜𝑟𝑟𝑒𝑎𝑙𝑡𝑖𝑜𝑛 =  1 −

 𝐴𝑢𝑡𝑜𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛). The intensity of the decorrelation images from 0 to 1 is normalized into 0 

to 255 grayscales. The second and third rows in Figure 3-2 (A & B) represent dark field signals 

created through different light paths. Although they have the same spot size and interscan time, 

the difference lies in the illumination and detection paths (L5→L7→L6 and L6→L7→L5), 

resulting in two distinct dark field signals encoded into separate rows. Only the upper half of 

the tube region (red D-shape region in Figure 3-2 (C)) is chosen for decorrelation measurement 

since the OCTA signal at the lower half of the tube region may not accurately reflect velocity 

due to multiple scattering artefacts. However, the decorrelation profile in x direction (Figure 

3-2 (D)) does not match the finding in [74] which shows that the decorrelation drops from the 

lumen edge to the centre.  
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Figure 3-2. OCTA decorrelation images in x-z plane obtained when 𝜃 is 0° in (A) and 30° in (B), with 1 mm/s 

flow speed. Rows from top to bottom are of the 3 spot sizes 𝑤𝑥𝑦𝐻𝐻
, 𝑤𝑥𝑦𝐻𝐿

 and 𝑤𝑥𝑦𝐿𝐿
. Column a-e: 𝛥𝑡 = 0.1 ms, 

0.2 ms, 0.3 ms, 0.4 ms and 0.5 ms. (C) D-shaped upper region for data analysis. (D) Flow profile in the 

horizontal direction along the blue dashed line in (C). Vertical dash lines in (D) mark the position of capillary 

tube inner edge. ‘Distance (𝛥𝑤𝑥𝑦)’ refers to the lateral distance in the image, measured in units of step size 

𝛥𝑤𝑥𝑦 . 

For each of the experimental conditions shown in Figure 3-2 (A & B) (angle, interscan time 

and beam size), the decorrelation signals in the D-shape region of each cross-sectional image 

are averaged, and this averaged 5 decorrelations is again averaged over 400 cross sectional 

images. We assume 𝑔𝑏𝑒𝑓  is the original averaged autocorrelation signals acquired and 𝑔𝑎𝑓𝑡 is 

the averaged decoupled autocorrelation signals, then 𝑔𝑏𝑒𝑓|30°  and 𝑔𝑎𝑓𝑡|30° are for 𝜃 = 30° and 

𝑔𝑏𝑒𝑓|0°  and 𝑔𝑎𝑓𝑡|0°  are for  𝜃 = 0° respectively, which are measured in Figure 3-3 and Figure 

3-4. The comparison between 𝑔𝑏𝑒𝑓|30° /𝑔𝑏𝑒𝑓|0°   and 𝑔𝑎𝑓𝑡|30°/𝑔𝑎𝑓𝑡|0°  verifies the effect of 

decoupling as shown in Figure 3-5 with offset decorrelation (when no flow is applied) 

subtracted. The ratio 𝑔𝑏𝑒𝑓|30° /𝑔𝑏𝑒𝑓|0°   is averaged over all the interscan time and flow 

velocities (𝑣0) to be 0.9900, 1.0118 and 0.9935, and standard deviations 0.0123, 0.0147 and 

0.0090 for HH, HL and LL configurations (Table 3-1) respectively, which agree with Eq. ( 3-2 ) 

that AVG magnitude is proportional to spot size. 𝑔𝑎𝑓𝑡|30°/𝑔𝑎𝑓𝑡|0° is theoretically to be 1, while 

is measured with mean values 0.9975 and 0.9977, and standard deviations 0.0027 and 0.0068 
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for case 𝛼𝐻𝐻/𝐻𝐿 and 𝛼𝐻𝐻/𝐿𝐿 for all interscan time and flow velocities, leading to an uncertainty 

of 0.7% based on the maximum standard deviation. Comparing to 𝑔𝑏𝑒𝑓|30° /𝑔𝑏𝑒𝑓|0°  , 

𝑔𝑎𝑓𝑡|30°/𝑔𝑎𝑓𝑡|0° has its mean values averagely closer to 1 with standard deviations at least 2 

times lower. 

By Eq. (  3-6 ), 𝑔𝑎𝑓𝑡|0° and 𝑔𝑎𝑓𝑡|30° are monotonically decreasing for an increasing flow speed 

and interscan time (as shown in Figure 3-4). Based on Figure 3-3, the decorrelation signals are 

found to reach saturation level when interscan time reaches 0.4 ms and above and flow velocity 

reaches 3 mm/s. To further assess DR in Figure 3-6, the data originally presented in Figure 3-3 

and Figure 3-4 is reorganized to consider the product of interscan time and flow velocity, 

termed as the interscan distance. Based on Eq. (  3-7 ), the DR are measured in Table 3-2. The 

DR is measured 1.84 dB higher for the lower 𝛼 value (𝛼𝐻𝐻/𝐿𝐿).   

 

Figure 3-3. 𝑔𝑏𝑒𝑓|0°  and 𝑔𝑏𝑒𝑓|30°  at interscan time (𝛥𝑡) (A) 0.1 ms, (B) 0.2 ms, (C) 0.3 ms, (D) 0.4 ms and (E) 0.5 

ms. 
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Figure 3-4. 𝑔𝑎𝑓𝑡|0° and 𝑔𝑎𝑓𝑡|30° at interscan time (𝛥𝑡) (A) 0.1 ms, (B) 0.2 ms, (C) 0.3 ms, (D) 0.4 ms and (E) 0.5 

ms.  

 

Figure 3-5. Comparative analysis for decoupling at interscan time (𝛥𝑡) (A) 0.1 ms, (B) 0.2 ms, (C) 0.3 ms, (D) 

0.4 ms and (E) 0.5 ms. Error bars indicate standard deviation. 
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Figure 3-6. Average 𝑔𝑎𝑓𝑡|0° and 𝑔𝑎𝑓𝑡|30°vs interscan distance (𝛥𝑡 ∙ 𝑣0).   

Table 3-2. DR Measurements for (A) 𝑔𝑎𝑓𝑡|0° 

 

 

 

 (B) 𝑔𝑎𝑓𝑡|30°. 

Channel configuration used in 

decoupling 
𝑬(𝒈𝒔𝒂𝒕𝒖𝒓𝒂𝒕𝒆𝒅) 𝑬(𝒈𝒐𝒇𝒇𝒔𝒆𝒕) 𝐬𝐭𝐝(𝒈) 𝑫𝑹(dB) 

𝐇𝐇/𝐇𝐋 0.903 0.963 0.018 10.46 

𝐇𝐇/𝐋𝐋 0.818 0.939 0.015 18.13 

(C) 𝑔𝑏𝑒𝑓|0°. 

Channel configuration 𝑬(𝒈𝒔𝒂𝒕𝒖𝒓𝒂𝒕𝒆) 𝑬(𝒈𝒐𝒇𝒇𝒔𝒆𝒕) 𝐬𝐭𝐝(𝒈) 𝑫𝑹(dB) 

𝐇𝐇 0.806 0.929 0.010 21.80 

𝐇𝐋 0.810 0.888 0.010 17.84 

𝐋𝐋 0.810 0.935 0.010 21.86 

(D) 𝑔𝑏𝑒𝑓|30°. 

Channel configuration 𝑬(𝒈𝒔𝒂𝒕𝒖𝒓𝒂𝒕𝒆) 𝑬(𝒈𝒐𝒇𝒇𝒔𝒆𝒕) 𝐬𝐭𝐝(𝒈) 𝑫𝑹(dB) 

𝐇𝐇 0.786 0.912 0.014 19.06 

𝐇𝐋 0.801 0.874 0.014 14.34 

𝐋𝐋 0.787 0.915 0.014 19.28 

Channel configuration used in 

decoupling 
𝑬(𝒈𝒔𝒂𝒕𝒖𝒓𝒂𝒕𝒆𝒅) 𝑬(𝒈𝒐𝒇𝒇𝒔𝒆𝒕) 𝐬𝐭𝐝(𝒈) 𝑫𝑹(dB) 

𝐇𝐇/𝐇𝐋 0.905 0.970 0.013 13.98 

𝐇𝐇/𝐋𝐋 0.819 0.949 0.011 21.45 
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3.2.2.2 Skin vasculature imaging  

   

(A) (B) (C) 

   

(D) (E) (F) 

Figure 3-7. (A) En-face OCTA images of blood vessel in the skin in-vivo including a vessel with 𝜃 = 15° (red 

box) a vessel with 𝜃 = 0° (yellow box). (B) and (C) are images in y-z plane and x-z planes, corresponding to the 

red box in (A) respectively, and (D) and (E) are images in y-z plane and x-z corresponding to the yellow box 

respectively. (F) is the relative flow velocity map for |𝑔𝑎𝑓𝑡|, where white arrows point to vessels with high flow 

speed (red region), and white chevrons point to vessels with slow flow speed (blue-green region). Field of view: 

1.125 mm × 1.125 mm, and depth of field: 1.1 mm. 

In the OCTA images of the skin, we identified two blood vessel segments (Figure 3-7 (A ~ E)) 

aligned along the x axis. The relative flow velocity map is presented in Figure 3-7 (F).  One 

segment is 15°  inclined with respect to the x-y plane (Figure 3-7 (B & C)), and the other 

approximately perpendicular to the input beam (θ = 0°) (Figure 3-7 (D & E)). We measured 

the inclination angle of blood vessels by outlining the brightest pixels in the vessel (the vessel 

path included in the red box in Figure 3-7 (B)), fitting a straight line in the x-z plane, and 

measuring the angle between this line and the horizontal direction, with the assumption that 

the short vessel segment under investigation is straight and the tissue average refractive index 

is 1.38. Background signal (location marked by the blue line in Figure 3-7 (B)) is subtracted 

before decoupling process. For convenience, only signals acquired by light spots with sizes of 

𝑤𝑥𝑦𝐻𝐻
 and 𝑤𝑥𝑦𝐿𝐿

 are considered for a greatest DR.  

200µm 200µm 200µm 

200µm 200µm 
200µm 
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The transverse decorrelation profiles of the above-mentioned two vessel segments are plotted 

in Figure 3-8. The denominator in the decoupling equation (Eq. (  3-6 )), (|𝑔𝑏𝑒𝑓| 𝑓𝑜𝑟 𝐿𝐿)
𝛼

, is 

not equal to 1. To address this, we normalized the intensity by aligning the mean values of the 

images in the LL and HH channels. Specifically, we multiplied the mean values to ensure that 

the mean image intensity of 1 − |𝑔𝑎𝑓𝑡| matches 1 − |𝑔𝑏𝑒𝑓| for both LL and HH channels in the 

𝜃 = 0° case. Table 3-3 provides a summary of the measurements from Figure 3-8 and presents 

the average change in normalized autocorrelation due to decoupling, denoted as Δ𝑔. Given that 

the AVG is present in the signal when 𝜃 = 15°, the Δ𝑔 value for 𝜃 = 15° is expected to be 

higher than that for 𝜃 = 0° after decoupling.  The measurement for  Δ𝑔 is 4.17 times higher 

for 𝜃 = 15° than 𝜃 = 0° by 𝑤𝑥𝑦𝐿𝐿, with the uncertainty (measured by standard deviation) of 

Δg being 2.8 times greater. By 𝑤𝑥𝑦𝐻𝐻, Δ𝑔 is 5 times higher with an uncertainty 4 times greater 

for 𝜃 = 15° compared to 𝜃 = 0°. Since Δ𝑔 for 𝑤𝑥𝑦𝐻𝐻 is lower than 𝑤𝑥𝑦𝐿𝐿, the AVG influence 

on images with higher transverse resolution is smaller, which agrees with Eq. ( 3-2 ). 

The phantom experiment data is used to validate our modified AVG contribution model by 

𝐴𝑉𝐺 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙

𝐴𝑉𝐺 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑
  which results in 0.9967 and 0.9953 for HH and LL with |𝑔𝑎𝑓𝑡| 

normalized. The evaluation results are presented in 3rd column of Table 3-3. Comparing to AVG 

contribution in the study [28], where their AVG contribution is approximately 8% for 15° 

inclination referring to their Figure 5 and their calculation (9.9% for 30° inclination), ours are 

45.6% for LL and 8.8% for HH for 15°  inclination. According to |𝛻⃗ 𝑣𝑧|
2
= (𝑤𝑥𝑦

𝜕𝑣𝑧

𝜕𝑥
)
2

+

(𝑤𝑥𝑦
𝜕𝑣𝑧

𝜕𝑦
)
2

+ 2(𝑤𝑧
𝜕𝑣𝑧

𝜕𝑧
)
2

, the AVG is greater for a lower resolution, which agrees with our 

experimental results.  

𝑔𝐴𝑉𝐺  could be calculated for both HH and LL in-vivo images respectively. Our 𝑔𝐴𝑉𝐺 

measurements for LL and HH with 15° inclination are 0.918 and 0.986, while the above study 

has 𝑔𝐴𝑉𝐺 = 0.987  for Doppler angle 15°  (obtained by 
|𝑔15° |

|𝑔0°|
=

1−0.158

1−0.144
= 0.987 ), which 

matches the finding of AVG contribution part.   

The primary aim of the proposed dual-beam system is to decouple the AVG contribution from 

the decorrelation signal in OCTA, thereby improving the accuracy of blood flow velocity 

estimation. Unlike methods focused on enhancing axial resolution or system sensitivity, this 

approach directly addresses a major source of error in flow quantification. 
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As shown in Table 3-3, the dual-beam method yields significantly more accurate velocity 

measurements when compared with the single-beam reference, with average error reduced to 

0.7% in phantom experiments. This validates the effectiveness of AVG decoupling and supports 

the method's clinical applicability for more reliable flow imaging. 

 

Figure 3-8. The normalized decorrelation profile acquired for the flow in Figure 3-7 of both before and after 

decoupling for (A) 𝜃 = 0° for signal acquired by 𝐿𝐿, (B) 𝜃 = 15° for signal acquired by 𝐿𝐿, (C) 𝜃 = 0° for 

signal acquired by 𝐻𝐻 and (D) 𝜃 = 15° for signal acquired by 𝐻𝐻. Distance (𝛥𝑤𝑥𝑦)’ refers to the lateral 

distance in the image, measured in units of transverse scan step size 𝛥𝑤𝑥𝑦 . SD is standard deviation in short.   

Table 3-3. The normalized autocorrelation before (𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑(|𝒈𝒃𝒆𝒇|)) and after (𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑(|𝒈𝒂𝒇𝒕|)) 

decoupling (mean ± standard deviation), measured AVG contribution (mean) and 𝑔𝐴𝑉𝐺(mean). 

𝜽 channel 𝑵𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒆𝒅(|𝒈𝒃𝒆𝒇 |) 𝑵𝒐𝒓𝒎𝒂𝒍𝒊𝒛𝒆𝒅(|𝒈𝒂𝒇𝒕|) 𝑨𝑽𝑮 𝒄𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏 𝒈𝑨𝑽𝑮 

𝟎° 𝑳𝑳 𝟎. 𝟗𝟐𝟓 ± 𝟎. 𝟎𝟏𝟓 𝟎. 𝟗𝟐𝟔 ± 𝟎. 𝟎𝟏𝟖 𝟎% 1.000 

𝟏𝟓° 𝑳𝑳 𝟎. 𝟗𝟎𝟓 ± 𝟎. 𝟎𝟑𝟐 𝟎. 𝟗𝟐𝟑 ± 𝟎. 𝟎𝟐𝟓 𝟒𝟎. 𝟎% 0.918 

𝟎° 𝐇𝐇 𝟎. 𝟗𝟎𝟖 ± 𝟎. 𝟎𝟐𝟏 𝟎. 𝟗𝟎𝟗 ± 𝟎. 𝟎𝟐𝟐 𝟎% 1.000 

𝟏𝟓° 𝐇𝐇 𝟎. 𝟗𝟎𝟐 ± 𝟎. 𝟎𝟑𝟎 𝟎. 𝟗𝟎𝟔 ± 𝟎. 𝟎𝟑𝟎 𝟖. 𝟖% 0.986 
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3.3 Two Central Wavelengths 

3.3.1 Method 

The 2 resolutions by 2 central-wavelengths method are acquired by the addition of digital GW 

onto the spectrum obtained from the digital data. The imaging system is a general SD-OCT 

system. The method is only evaluated through the phantom experiment with the same setup as 

in the 1st method. 

The SD-OCT system is consisted of a Michelson interferometer. The light source 

(SUPERLUM M-T-850-HP) provides illumination over an 230nm spectral width centred at 

850nm. The focal lengths for illumination lenses are 10 mm and objective lenses are 30 mm. 

In intralipid, the transverse and axial resolution with full spectrum is measured to be 9.01 µm 

and 3.36 µm. As shown in Figure 3-9, when added with two Gaussian windows central at 815 

nm and 890 nm with spectral widths of 22.7 nm and 23.4 nm, the measured transverse 

resolutions are 𝑤𝑥𝑦1
= 8.64 µ𝑚 and 𝑤𝑥𝑦2

= 9.44 µ𝑚, and axial resolutions are 6.10 µm and 

6.66 µm. The 𝛼 values calculated for transverse and axial resolutions are 0.94 and 0.84. The 

average 𝛼 is then 0.87. As a comparison, another two Gaussian windows central at 776 nm and 

950 nm with spectral widths of 30.0 nm and 24.1 nm., the measured transverse resolutions are 

𝑤𝑥𝑦3
= 35.2 µ𝑚 and 𝑤𝑥𝑦4

=  41.0 µ𝑚, and axial resolutions are 5.71 µm and 8.34 µm. The 𝛼 

values calculated for transverse and axial resolutions are 0.74 and 0.47. The average 𝛼 is then 

0.60. These two 𝛼 values are noted as 𝛼1 and 𝛼2.  

 

Figure 3-9. Gaussian windows added onto the spectrum. 
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3.3.2 Result 

In the 2 central wavelength method, the results are shown in Figure 3-10. The ratio 𝐷30/𝐷0 is 

averaged over all the inter-scan time and flow velocities to be 1.2865, 2.9687, 1.2572 and 

2.1107, and standard deviations 0.3167, 48.9452, 0.4916 and 16.1473 for all 𝑤𝑥𝑦1
 to 𝑤𝑥𝑦4

. By 

Eq. (  3-6 ), the averaged decoupled autocorrelation signals 𝑔0 and 𝑔30 (𝑔𝜃 =
|𝑔1|

|𝑔2|𝛼
|𝜃, where 

𝜃 = 0° or 30°.) are monotonically decreasing for an increasing flow speed and interscan time 

(as shown in Figure 3-4), which is valid except 𝛼1 at 0.1ms interscan time with a observed 

maximum dynamic range about 0.021 at 0.5ms interscan time. 𝑔30/𝑔0 is measured with mean 

values 1.0044 and 1.0041, and standard deviations 0.0015 and 0.0023 for case 𝛼1 and 𝛼2 for 

all interscan time and flow velocities, leading to an uncertainty of 0.2% based on the maximum 

standard deviation. Comparing to 𝐷30/𝐷0, 𝑔30/𝑔0 has its mean values averagely closer to 1 

with standard deviations at least 138 times lower. Based on the observation above, the second 

method is not applicable to the velocimetry due to a too small |Δ𝑔| (max|Δ𝑔| = 0.008) even 

though it successfully decouples the AVG influence. 

 

Figure 3-10. Signal records when the average pre-set flow velocity is varying from 0 to 3mm/s with both 𝛼 

values (𝛼1 = 0.87 and 𝛼2 = 0.60) for 𝑔0 (decoupled autocorrelation signal when 𝜃 = 0°) and 𝑔30 (decoupled 

autocorrelation signal when 𝜃 = 30°) at interscan time (𝛥𝑡) (A)0.1ms, (B)0.2ms, (C)0.3ms, (D)0.4ms and 

(E)0.5ms. 

3.4 Discussion 

It is known that the slope of the autocorrelation signal is inversely proportional to the spot size, 

which holds true in the decoupled autocorrelation signal. Based on Eq. (  3-6 ), an equivalent 

transverse spot size of decoupled decorrelation signal 𝑤𝑎𝑓𝑡 can be derived as Eq. (  3-14 ): 

𝑤𝑎𝑓𝑡 =
𝑤𝑥𝑦𝐻𝐻

√1−𝛼2
= √

𝑤𝑥𝑦𝐻𝐻
2 𝑤𝑥𝑦𝐻𝐿

4

𝑤𝑥𝑦𝐻𝐿
4 −𝑤𝑥𝑦𝐻𝐻

4  𝑜𝑟 √
𝑤𝑥𝑦𝐻𝐻

2 𝑤𝑥𝑦𝐿𝐿
4

𝑤𝑥𝑦𝐿𝐿
4 −𝑤𝑥𝑦𝐻𝐻

4 . 
(  3-14 ) 

Accordingly, the equivalent transverse spot sizes for decoupled channel 𝐻𝐻/𝐻𝐿 and 𝐻𝐻/𝐿𝐿 

are 18.06 𝜇𝑚  and 14.90 𝜇𝑚 . The corresponding difference in slope are well reflective in 
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Figure 3-4.  

After decoupling, the DR is lower comparing to that before decoupling in general (Table 3-2). 

This is expected since the measurement uncertainty, which can be evaluated by the standard 

deviation 𝑠𝑡𝑑(𝑔), is higher due to error propagation in the decoupling process. One of the other 

observations is that the offset of dark-field (HL) decorrelation is significantly higher than those 

of the bright field (HH & LL). This is probably due to the higher random motion between the 

illumination and detection pin hole. This is one of reason we chose not to use dark-field signals 

to decouple AVG and measure blood flow.  

In the context of imaging the skin vasculature, where both high-resolution (𝑤𝑥𝑦𝐻𝐻) and low-

resolution (𝑤𝑥𝑦𝐿𝐿) spots share identical sampling densities (  the same artifacts detected in [29] 

emerge in the images captured by 𝑤𝑥𝑦𝐿𝐿 as compared to those obtained by 𝑤𝑥𝑦𝐻𝐻: the vessels, 

especially small vessels such as capillaries, will appear larger in the angiograms, and this may 

lead to a higher value when using a metric such as vessel density, the percentage area occupied 

by flow pixels on the OCT angiogram.   

The A-line rate chosen for this study (5 kHz) is for convenience purpose only. Slow scanning 

system is vulnerable to a SNR drop due to fringe washout [75]. It also increases the total 

sampling time and easily saturates the images acquired for fast blood flow. Instead of MB mode 

scanning, repeated B-scan imaging protocols are normally applied to create OCTA images as 

less vulnerable to eye motion due to a shorter total sampling time. For artery and vein blood 

flow velocimetry (fast flow as shown in [76]), a high A-line rate is preferred, which is 

challenging to SD-OCT system due to significant sensitivity degradation beyond 80 kHz [34]. 

SS-OCT is a solution as the A-line rate up to 400 kHz while preserving a good sensitivity [2], 

but higher in cost. Nevertheless, other SD-OCT based fast scan method such as [20] is also 

suggested as lower system cost while SNR preserved solutions. 

In this study, an A-line rate of 5 kHz was used primarily for experimental convenience. 

Although this rate is lower than those typically used in clinical SD-OCT systems—which 

generally operate between 20 kHz and 70 kHz—it offers the advantage of a higher SNR due to 

the longer integration time per A-line. As demonstrated in Figure 4(d) of SELF-OCT [34], 

increasing the A-line rate leads to a reduction in SNR, which is a well-recognized trade-off in 

OCT imaging. While the 5 kHz rate facilitates robust signal acquisition for experimental 

evaluation, it is not representative of clinical imaging speeds. In clinical applications, higher 
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A-line rates are preferred to minimize motion artifacts and improve imaging speed, albeit at 

the cost of reduced SNR. This trade-off between speed and image quality is an important 

consideration when translating research findings to practical, real-time clinical use. 

The greater uncertainty observed in the in-vivo imaging results, compared to phantom 

experiments, is primarily attributed to limited data availability, increased scattering 

heterogeneity in biological tissue, and motion artifacts. These challenges are inherent to in-

vivo OCT imaging. Although repeated acquisitions and simple averaging were used to reduce 

noise and suppress motion-induced variability, more advanced techniques may further improve 

image reliability. For instance, motion correction methods based on orthogonal scanning 

patterns [80], A-scan level correction [80], or image registration frameworks tailored for OCTA 

[81] have been shown to significantly mitigate motion artifacts in volumetric data. Additionally, 

real-time motion tracking or hardware-based stabilization can be considered in future system 

designs. Beyond motion correction, adaptive or model-based averaging strategies may help 

enhance signal robustness while maintaining spatial fidelity [82], [83]. Incorporating such 

methods in future implementations could reduce variability in clinical settings and improve 

overall image quality. 

The standard deviation measured for decorrelation values before decoupling is not significantly 

different from the result in the previous study about HDR-OCTA (Figure 6 in [31]). Both Δ𝑔 

and the standard deviation (SD) mentioned in above study are normalized values. Hence after 

restoring from the normalized values, the original SD value of the HDR-OCTA study is not 

significantly different form our results. Hence, 
𝑆𝐷(𝑔)

Δ𝑔
  could exclude the influence of 

normalization where Δ𝑔 = 𝐸(𝑔𝑜𝑓𝑓𝑠𝑒𝑡) − 𝐸(𝑔𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑒𝑑) . For HDR-OCTA, 
𝑆𝐷(𝑔)

Δ𝑔
=

0.06

0.55
=

0.11 , and for our system, 
𝑆𝐷(𝑔)

Δ𝑔
=

0.014

0.126
= 0.11 . The uncertainty measured for original 

decorrelation is similar to the HDR-OCTA under the same condition. The uncertainties in in-

vivo images are larger than that of the phantom experiment. Firstly, it is due to the limited 

amount of data for averaging. Secondly, the GT value might possibly be varying during the 

image acquisition due to heterogeneity of the blood scattering behaviour and the hand motion.  

A scan-bias method [33] employs 8 OCTA scan biases to fit three independent parameters for 

the curve of decay rate in OCTA signal versus scan-biased velocity. According to the analytical 

model, the corresponding scan velocity value equals the real flow velocity when the decay rate 

reaches its minimum. The AVG is included in one of these independent fitting parameters and 
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is bypassed when solving for the flow velocity. In comparison to this scan-bias method, our 

method exhibits several key differences: 

(1) It requires only two scanning sessions at the same position to generate two OCTA 

images with distinct resolutions, using dual beams scanning simultaneously. Each 

session yields two OCT scans per beam, allowing construction of two OCTA images. 

In contrast, the scan-bias method requires nine scans to produce eight differently biased 

OCTA images. This makes our method significantly faster and less susceptible to 

motion artifacts during in-vivo imaging. 

(2) The scan-bias method has only been validated using phantom experiments and may 

not be suitable for widefield in-vivo imaging due to its extended acquisition time. 

The FM-OCT presented by Caroline Boudoux et al. utilizes a MSPL technique to detect back-scattered 

signals through two fibre modes. Due to the difference in mode-field distribution, theoretically, OCT 

signals of two modes can be used to cancel the AVG. In their conference presentation, the capability of 

AVG cancellation is demonstrated using flow phantoms, but no results with blood flow in-vivo are 

shown. The same group first reported FM-OCT using MSPL in a paper, which we can reference to 

explore the differences from our method in detail [84]. Compared with FM-OCT, our method are 

novelty following contents: 

(1) AVG cancellation in our system is achieved through a centrosymmetric Gaussian mode-

field, ensuring isotropic flow sensitivity regardless of vessel orientation. In contrast, the 

LP11 mode used in FM-OCT is non-centrosymmetric, leading to orientation-dependent 

decorrelation behaviour. As noted in their presentation, true 2D (x-y) velocity 

measurement requires three modes, which current FM-OCT systems do not provide. 

(2) Although both methods are based on similar underlying physics, the detection schemes 

differ. We use bright-field detection in both channels, maximizing sensitivity. FM-OCT 

employs dark-field detection for the LP11 mode, which exhibits lower signal strength, 

especially in in-vivo settings where signal quality is critical. This sensitivity difference 

is evident in their published data. 

(3) Our system is built entirely with commercially available components and supports 

common centre wavelengths (e.g., 850 nm, 1060 nm). In contrast, MSPL devices are 

custom-fabricated, limited to 930 nm, and their compatibility with broader bandwidths 

or other wavelengths remains uncertain. This restricts the scalability and accessibility 

of FM-OCT for routine clinical use. 
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The decorrelation is based on the dynamic back scattering (DBS) from the sample. Both DBS 

and dynamic forward scattering (DFS) are types of DLS, but DFS is immune to AVG, and more 

sensitive and linearly related to blood flow comparing than DBS [74]. However, DBS has an 

advantage over DFS when measuring on the flow in retinal vessels on the retinal pigment 

epithelium (RPE) layer. When measuring the flow in retinal vessels, DFS signal is acquired 

from the projection of the flow on the RPE layer, a layer below the retinal vessels highly 

scattering and avascular. Thus, the DFS is possibly unattainable for a less reflective RPE due 

to certain diseases, such as early age-related macular degeneration progression [85], or general 

less reflective RPE. 

There are limitations of this design. First, the interferograms from HH, LL and HL paths have 

to be optical pathlength delay (OPD) encoded and separated to avoid overlapping the OPD 

domain, so that the effective ranging depth of interferograms of each path are much smaller 

than the total ranging depth. Second limitation is that the setup with double reference arms and 

single spectrometer introduces higher system shot noise [12][28] which is directly proportional 

to reference power. The number of shot noise electrons is given by: 

𝜎𝑠ℎ𝑜𝑡
2 =

𝜌𝜂𝜏

ℎ𝜆0

𝑃0

𝑁
(𝛾𝑠𝑅𝑆 + 𝛾𝑟𝑅𝑟),  

(  3-15 ) 

where 𝜌 is the efficiency of the spectrometer, comprising the diffraction grating efficiency and 

losses due to optical components, 𝑁 determines the number of pixels of the line array CCD, 

and 𝑅𝑠  and 𝑅𝑟  are the reflectivity in the sample and reference arm of a Michelson 

interferometer, assuming 𝑅𝑟 = 𝑅𝑠 = 1 when characterizing the system. 𝛾𝑟 and 𝛾𝑠 are the part 

of the input power in each arm. 𝑃0 is the total output power of the light source, including the 

power of all frequencies, and is evenly distributed to the 𝑁 pixels. Since signals are received 

from 2 channels, they reach the CCD at the same time when guided into the spectrometer by 

the fibre array. Thus, 2 times the spectral bandwidth is widened on each pixel on the CCD. 

Then the shot noise is increased by √2 according to [70]. This limitation could only be solved 

by adding an extra spectrometer, then higher system cost needs to be considered.  

Moreover, recent advancements in deep learning methods for image acquisition and processing, 

as demonstrated in the study by Liao et al. (2023), provide promising avenues for enhancing 

the accuracy and efficiency of OCTA [86]. Integrating such deep learning techniques with our 

current approach could further optimize the image acquisition process, leading to improved 

measurement accuracy and more robust validation of the decoupling method. This integration 
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will be a significant basis for future research, potentially opening new possibilities for the 

application of OCTA in clinical and research settings. 

3.5 Conclusion  

We introduce a method based on a dual beam OCT to decouple the AVG influence in OCTA 

for blood flow velocimetry. By choosing appropriate spot sizes of the two sample beams. We 

show the theoretical basis for cancelling the AVG term. Verification is carried out by both 

phantom and skin vasculature imaging experiments. By applying decoupling on the 

autocorrelation model, both phantom experiment and in-vivo imaging of skin vasculature 

demonstrated a reduction in influence attributable to AVG. These advancements offer valuable 

insights for interpreting blood flow velocities in clinical OCTA applications. 
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Chapter 4. : Spectrum-Based Training for OCT Axial 

Super-resolution 

4.1 Background Introduction  

Skin conditions affecting the stratum corneum and stratum lucidum, such as palmoplantar 

psoriasis and keratoderma, have received heightened attention due to their prevalence and 

impact on patient quality of life [11]. OCT imaging has become a widely used tool for 

diagnosing these skin issues, offering non-invasive visualization of skin layers [13] [85]. 

Achieving high axial resolution in OCT is essential for accurate diagnosis, particularly when 

observing subtle boundaries like those between the stratum corneum and stratum lucidum, 

which can reveal early signs of disease. For conditions such as psoriasis, eczema, and 

ichthyosis, where boundary clarity is essential, a higher axial resolution enhances diagnostic 

precision [11]. 

 

Figure 4-1. Schematic of axial super-resolution in OCT images via spectrum-based self-supervised training. The 

raw data acquired through OCT imaging consists of high-resolution (HR) spectra for training. By applying a 

GW to the HR spectra, we generate low-resolution (LR) spectra. Both the HR and LR spectra are then fed into 

the training and reconstruction module. The trained model is subsequently applied to the HR spectra to produce 

super-resolution (SR) spectra FT: Fourier Transform. BN: batch normalization. LReLU: LeakyReLU. ×: 

Multiplication. 𝜆: wavelength.  
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Recently, deep learning has gained popularity for enhancing resolution in OCT images, offering 

a cost-effective alternative to traditional hardware-based methods while potentially surpassing 

the limitations of classical image processing techniques [87] [88] [89] [89] [90] [92] [93] 

Super-resolution, which achieves image resolution beyond the native limits of the input images 

[94], has been advanced through deep learning methods focused on image-based training [46] 

[95] [47] [43] [95] [96] [97] [99] [48] [49]. In OCT imaging, GAN-based models, particularly 

ESRGAN [48], have been adapted for enhancing image resolution [49]. Qiu et al. leveraged 

semi-supervised learning to bypass the need for low-high quality image pairs required by 

supervised networks [100]. The residual in residual dense block (RRDB) networks were 

successfully used for image-based deep learning (DL) training to obtain axial super-resolution 

[51], and conditional GANs improved the axial resolution while preserving realistic speckle 

patterns [101]. Additionally, GANs have been applied to enhance lateral resolution in OCT, 

such as refocusing en-face images [50]. 

However, these image-based approaches only utilize the intensity (magnitude) data derived 

from the Fourier-transformed OCT spectrum, which lacks phase information and limits the 

effectiveness in accurately reconstructing fine boundary details, such as those between the 

stratum corneum and stratum lucidum. In contrast, spectrum-based approaches incorporate the 

complete OCT spectral data, including phase information, into the training process, offering 

potential for more robust super-resolution capabilities. Despite this potential, spectrum-based 

methods have not yet achieved effective super-resolution [102] [53] [53] [104]. 

In this study, we introduce the axial super-resolution in OCT images via spectrum-based self-

supervised training (as illustrated in Figure 4-1). The advantage of utilization of self-supervised 

deep learning approach is that it does not need prior knowledge of higher resolutions as 

reference [54]. the raw data acquired through OCT imaging consists of high-resolution (HR) 

spectra for training. By applying a GW to the HR spectra, we generate low-resolution (LR) 

spectra. Both the HR and LR spectra are then fed into the training and reconstruction module. 

The trained model is subsequently applied to the HR spectra to produce super-resolution (SR) 

spectra. Our framework yielded a 50% improvement in axial resolution, achieving 4.28 µm 

from 7.19 µm, along with PSNR gains of up to 3.37 dB and SSIM increases by 0.157, 

significantly enhancing boundary continuity and fine detail reconstruction. 

We believe this method, directly training OCT spectral data to achieve self-supervised super-

resolution, will open possibilities to enhance axial resolution and restore boundary continuity, 
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thereby advancing diagnostic accuracy. 

4.2 Method 

4.2.1 Super-resolution Network Structure 

Here are the structures of the generator and the discriminator in Figure 4-2. The generator 

incorporates an architecture starting with a single initial convolutional block for initial feature 

extraction, followed by two middle convolutional (conv) blocks for further feature processing, 

each utilizing ReLU activation functions for introducing non-linearity. It concludes with a final 

convolutional layer aimed at generating the output image. The discriminator is designed as a 

sequential CNN, initiating with a convolutional layer for input processing, followed by three 

subsequent convolutional blocks. Each block doubles the feature depth while halving the 

spatial dimension through stride-2 convolutions, supplemented with BN and LReLU activation 

for non-linearity and training stability. The architecture finalizes a linear layer outputting a 

singular value to discriminate between real and synthetic spectrums. 

 

Figure 4-2. (a) Structure of generator, and (b) structure of discriminator 

4.2.2 Framework of the Spectral Data Training and Data Preparation 

The methodology for training spectral data and generating image data is delineated in Figure 

4-3. Spectral data is initially collected using a custom-built SD-OCT system. This raw spectral 

data undergoes dispersion correction and is subsequently remapped into the k-space (frequency 

domain) as cited in reference [5], whereupon it is designated as the GT spectrum. Unlike in 
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Figure 4-1, where the HR spectrum directly consists of the raw data, here we require a GT as 

a reference for validation purposes. Therefore, we treat the raw data spectrum as GT, while the 

HR spectrum is obtained by applying a GW to the GT.  

The GT spectrum serves as the global reference for all training inputs, as well as for the spectra 

generated by applying the trained models. In practical applications, however, we should follow 

the approach outlined in Figure 4-1, where the HR spectrum is directly derived from the raw 

data. 

The GT spectrum is then subjected to two different GW to generate two distinct sets of spectra: 

HR and LR. The HR spectra, produced with a broader GW, have greater bandwidth than the 

LR spectra, which are generated using a narrower GW. Following this, the magnitude of all LR 

and HR spectra pairs are fed to the training process. Given that the phase information remains 

invariant under the application of GW, the phases from the HR spectra are retained and imposed 

onto the resultant SR spectra. These SR spectra are then transformed via Fourier transform to 

produce the final SR images. 

During training, low-resolution (LR) spectra are input into the generator, which outputs spectra 

with widened bandwidth. The discriminator then receives either high-resolution (HR) spectra 

or generator-produced spectra and classifies them as “real” (HR) or “fake” (recovered from 

LR). Through backpropagation, the error between generated “fake” spectra and real HR spectra 

is calculated, guiding updates to the generator’s weights to minimize this error. This cycle 

repeats, with the generator progressively refining its output until the discriminator can no 

longer distinguish between real and recovered spectra. Training stops when criteria such as loss 

function stability or classification accuracy are met [104].  

At the stopping point, training concludes when the discriminator becomes unable to 

differentiate between the generated spectra and the genuine HR spectra. The generated spectra 

are denoted as fake HR spectra.  
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Figure 4-3. The workflow of the method. ×GW: applied with Gaussian window. mag: magnitude. FT: Fourier 

transform. 

4.2.3 Evaluation Metrics and Loss Function 

To assess our network's performance, we used two quantitative metrics: peak signal-to-noise 

ratio (PSNR), structural similarity index measure (SSIM) [105]. The metrics are evaluated with 

respect to GT images for the LR, HR, generated fake HR and generated SR images, and inspect 

how similar the target images are to the GT images based on pixel-to-pixel measurement and 

global structural measurement respectively.   

The loss function designed for the generator is also based on a combination of PSNR and SSIM 

calculation as Eq.  (  4-1 ). Hence, the training process strictly follows the PSNR an SSIM 

constraint. 

𝐿𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑜𝑢𝑡𝑝𝑢𝑡, 𝐺𝑇) = −𝑃𝑆𝑁𝑅(𝑜𝑢𝑡𝑝𝑢𝑡, 𝐺𝑇) − 𝑆𝑆𝐼𝑀(𝑜𝑢𝑡𝑝𝑢𝑡, 𝐺𝑇). (  4-1 ) 

The loss function designed for the discriminator is calculated by binary cross-entropy loss [106] 

for both the real (HR) and fake (generated fake HR) outputs as Eq. (  4-2 ). 

𝐿𝑑𝑖𝑠𝑐𝑟𝑖𝑚𝑖𝑛𝑎𝑡𝑜𝑟(𝑟𝑒𝑎𝑙, 𝑓𝑎𝑘𝑒) = 𝐵𝐶𝐸(𝑟𝑒𝑎𝑙, 1) + 𝐵𝐶𝐸(𝑓𝑎𝑘𝑒, 0), (  4-2 ) 

where 𝐵𝐶𝐸 is the binary cross-entropy loss, 1 is a tensor of ones and 0 is a tensor of zeros.  
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4.2.4 System Setup, Data Acquisition and Data Processing  

The homemade SD-OCT system use a light source (SUPERLUM M-T-850-HP) which 

provides illumination over a 170 nm spectral width centred at 850 nm. The light is guided by 

a 90:10 fibre coupler to the sample and reference arms. The collimated beam is dispersed by a 

1500 lines/mm grating (PING-1500, Ibsen photonics) and focused by a multi-element camera 

lens onto a line camera (EV71YEM4CL2010-BA8, E2V). The total photon-to-electron 

conversion efficiency of the spectrometer was measured to be 0.75, which includes the 

diffraction efficiency of the grating and quantum efficiency (∼47%) of the camera sensor. The 

total ranging depth is 1.74 mm and the roll-off is 4.06 dB/mm from DC to the -6 dB point. 

Spectra are digitized at 12-bit resolution and transferred to the computer through camera link 

cables and an image acquisition board (KBN-PCE-CL4-F, Bitflow).  

The mechanism of applying GW to control the axial resolution (Δ𝑧) is respect to Δ𝑧 = 2 ln 2 ∙

𝜆𝑐
2/𝜋Δ𝜆, where 𝜆𝑐 is the central wavelength and Δ𝜆 is the spectrum width. GW changes the Δ𝜆, 

further modifies Δ𝑧 [5]. The GW widths applied to acquire LR and HR spectra are 9.96 nm and 

20.75 nm, then the axial resolutions are measured as 10.87 µm and 5.21 µm in air respectively, 

while the axial resolution for GT is measured as 2.55 µm in air. Taking refractive index 1.38 in 

skin [71], the axial resolutions for LR, HR and GT become 15.00 µm, 7.19 µm and 3.52 µm. 

The transverse resolution is 14.71 µm. We employed an A-line rate of 20 kHz for the in-vivo 

skin imaging. There are 512 A-lines per B-frame and 400 B-frames per scan volume, so that 

the total acquisition time is 10.24 seconds (400 data is for each data set). With 3.42 µm 

transverse step size, FOV is 1.75 mm × 1.37 mm. The total optical power on the sample is 

measured as 0.754 mW. Based on the signal detected by the spectrometer, the sensitivities are 

measured to be 107 dB. The 6 dB sensitivity roll-off in skin is measured as 0.53 mm (refractive 

index 1.38 for skin [71]).  

The skin in the forearm region close to the wrist of healthy human subjects is imaged. The 

optical power incident on the skin is below American National Standards Institute (ANSI) 

exposure limit for skin safety [107].  

Our network models were developed using PyTorch on a server equipped with 34 GB of 

Random-Access Memory (RAM), an NVIDIA TITAN X graphics processing unit (GPU), and 

an NVIDIA GeForce GTX 980 GPU. Optimization of all networks was carried out using the 

Adam algorithm, with 𝛽1 and 𝛽2 empirically set to 0.9 and 0.99, respectively. The total number 

of training iterations was established at 10,000. We employed the Adam optimizer [104] for 
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training and the loss control based on vgg-19 network [108]. We employed a step decay strategy 

for the learning rate, initially setting it at 0.0001. To optimize learning efficiency, a global 

learning rate decay strategy was implemented. This strategy involved reducing the learning rate 

by 90% whenever there was no decline in loss for three epochs, with the condition that the rate 

remained above 1 × 10−6. Training was terminated if the loss failed to change by more than 

1 × 10−5 over five epochs. The batch size for training was set to 1. 

4.2.5 Axial Resolution Estimation based on Speckle Size Measurement 

In the present study, axial resolutions of fake HR and SR images are estimated from 

measurements of axial speckle size [109]. Given that the axial resolutions of LR and HR images 

are provided, the axial resolutions for fake HR and SR images are derived through linear 

interpolation, employing speckle size measurements from LR and HR images as reference 

points. Herein, axial resolution is quantified by the FWHM of the speckles. 

To evaluate the generated images, we estimate the speckle size by a classical method introduced 

in 2004 [110] which is based on the calculation for the normalized autocovariance function 

𝑐𝐼(𝑥, 𝑦) by Eq. (  4-3 ): 

𝑐𝐼(𝑥, 𝑦) =
𝐹𝑇−1[|𝐹𝑇[𝐼(𝑥,𝑦)]|2]−〈𝐼(𝑥,𝑦)〉2

〈𝐼(𝑥,𝑦)2〉−〈𝐼(𝑥,𝑦)〉2
, (  4-3 ) 

where 𝐼(𝑥, 𝑦)  is the pixel intensity at image position (𝑥, 𝑦) , 𝐹𝑇  is the Fourier Transform in 

short and 𝐹𝑇−1 is the inverse Fourier Transform, and 〈 〉 is the calculation for spatial mean. 

𝑐𝐼(𝑥) and 𝑐𝐼(𝑦) are all the horizontal and the vertical profile of 𝑐𝐼(𝑥, 𝑦), respectively. 𝑐𝐼(𝑦) is 

used, and FWHM for each intensity peaks in it are averaged to characterize the axial speckle 

size in terms of pixel number. Instead of 𝑐𝐼(𝑦), the width of speckle size is characterized by 

the width of 𝑐𝐼(0, 𝑦) only in [110].  

4.3 Result 

4.3.1 Trained Spectrums 

Here, the training input spectra LR and HR, and the model applied spectra fake HR and SR, 

along with GT are all included in one Figure 4-4, Based on the bandwidth comparison, the 

trained model successfully extends the bandwidths of LR and HR, and further improves the 

axial resolutions. The spectrum magnitude is ranging from 0 to 255.  
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Figure 4-4.Interferometric spectra. The image obtained are shown in Figure  4-5. (a), (d), (b), (f) and (c) 

respectively. 

4.3.2 Metrics Evaluation 

The ESRGAN framework [48], a proven and mature method for deep learning-based image 

super-resolution, is utilized to generate a comparative set of images. This approach facilitates 

a direct comparison between the spectrum-based training and traditional image-based training. 

The PSNR and SSIM evaluation is conducted to the entire image sets (400 images) which are 

transformed from the trained and the generated spectral data, and the results are averaged as 

shown in Table 4-1. The results clearly indicate that the method for training on spectral data 

surpasses the conventional super-resolution techniques in terms of these specified metrics, 

highlighting its superior performance in enhancing image resolution. 

Table 4-1. (A) Metrics evaluation results for the spectrum - trained data (average ± standard deviation), 

 LR fake HR HR  SR 

Mean PSNR (dB) 𝟏𝟕. 𝟐𝟎 ± 𝟎. 𝟎𝟕  𝟏𝟗. 𝟔𝟒 ± 𝟎. 𝟏𝟎  𝟏𝟗. 𝟖𝟕 ± 𝟎. 𝟎𝟖  𝟐𝟑. 𝟐𝟒 ± 𝟎. 𝟏𝟒  

Mean SSIM (a.u.) 𝟎. 𝟐𝟔𝟗 ± 𝟎. 𝟎𝟎𝟑  𝟎. 𝟑𝟕𝟔 ± 𝟎. 𝟎𝟎𝟒  𝟎. 𝟒𝟗𝟎 ± 𝟎. 𝟎𝟎𝟑  𝟎. 𝟔𝟒𝟕 ± 𝟎. 𝟎𝟎𝟖  

(B) metrics evaluation results for ERSGAN trained data (average ± standard deviation). 

  LR fake HR HR  SR 

Mean PSNR (dB) 𝟏𝟕. 𝟐𝟎 ± 𝟎. 𝟎𝟕  𝟏𝟖. 𝟕𝟒 ± 𝟎. 𝟏𝟒  𝟏𝟗. 𝟖𝟕 ± 𝟎. 𝟎𝟖  𝟐𝟎. 𝟑𝟐 ± 𝟎. 𝟑𝟎  

Mean SSIM (a.u.) 𝟎. 𝟐𝟔𝟗 ± 𝟎. 𝟎𝟎𝟑  𝟎. 𝟐𝟕𝟑 ± 𝟎. 𝟎𝟎𝟑   𝟎. 𝟒𝟗𝟎 ± 𝟎. 𝟎𝟎𝟑  𝟎. 𝟒𝟖𝟎 ± 𝟎. 𝟎𝟎𝟑  

 

4.3.3 Skin Imaging in vivo  

Figure  4-5 to Figure  4-7 show representative examples where the proposed SR model restores 
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fine speckle patterns and vessel continuity compared to low-resolution inputs. The 

improvements are subtle but visible—especially in vessel wall definition and smoother 

background texture. 

Figure  4-5 offers a direct comparison of the B-scan images obtained through both 

methodologies, with a specific focus on the area encompassing the boundary between the 

stratum corneum and stratum lucidum, highlighted within a yellow square box and further 

detailed in Figure  4-6. In the spectrum-trained images, a noticeable reduction in speckle size 

is evident when comparing the LR and fake HR images (as depicted in Figure  4-5 (a) and (d)), 

as well as when comparing the SR and authentic HR images (illustrated in Figure  4-5 (b) and 

(f)). Similarly, images produced using the ESRGAN method also exhibit a similar reduction in 

speckle size, as seen when comparing LR and fake HR images (Figure  4-5 (a) and (e)), and 

SR and HR images (Figure  4-5 (b) and (g)). This distinction underscores the effectiveness of 

training on spectral data in enhancing image resolution and detail. The images are represented 

as 8-bit grayscale images with pixel intensities ranging from 0 (black) to 255 (white), 

   

(a) LR (b) HR (c) GT 

    

(d) fake HR (spectrum) (e) fake HR (image) (f) SR (spectrum) (g) SR (image) 

Figure  4-5. B-scan images. ‘spectrum’ denotes the training based on spectrum. ‘image’ denotes the training 

based on image by ESRGAN.  

In Figure  4-6, the boundary of stratum corneum and stratum lucidum is selected by the yellow 

ellipse. The right side of the boundary is visible in all images. However, the left side of the 

boundary (selected in red ellipse) is only visible in SR images and GT image. To further 

compare the SR images of spectrum-based and image-based training, we include a part of the 

boundary by the orange square frames, in Figure  4-6 (c), (f) and (g), which are presented in a 
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zoom-in view in Figure  4-7. In Figure  4-6, the regions indicated by the orange and green 

arrows are continuous in (a) and (b), but is disconnected in (c). This demonstrates that the 

spectrum-trained results successfully recover the boundary continuity, whereas the image-

based trained data fails to recover this feature.  

   

(a) LR (b) HR (c) GT 

    

(d) fake HR (spectrum) (e) fake HR (image) (f) SR (spectrum) (g) SR (image) 

Figure  4-6. Zoom-in images of Figure  4-5. Region of interest (ROI) is indicated in Figure  4-5 (a) by yellow 

box. 

   

(a) GT (b) SR (spectrum) (c) SR (image) 

Figure  4-7. Zoom-in view of the orange square frame included region in Figure  4-6 (c) GT, (f) SR (spectrum) 

and (g) SR (image)  

Images acquired from spectrum-based training in Figure  4-5 are measured with PSNR and 

SSIM, while axial resolutions for fake HR and SR are estimated in Table 4-2. The result of fake 

HR and SR verify the effect of axial resolution enhancement for the spectrum-based training 

in terms of both axial resolution estimation and metric evaluation.  

Table 4-2. Axial resolution estimation for the image generated by training on spectral data based on speckle size 

measurements. 
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Speckle size 

mean (pixels) 

Axial resolution 

(µm) in air 

Axial resolution (µm) 

in skin 
PSNR (dB) SSIM (a.u.) 

LR 6.57 10.87 15.00 17.26 0.288 

fake 

HR 

4.01 5.60 (estimated) 7.38 (estimated) 19.80 0.425 

HR 3.82  5.21 7.19 20.12 0.518 

SR 2.52  3.10 (estimated) 4.28 (estimated) 24.03 0.716 

GT 2.17 2.55 3.52 - - 

The axial resolution estimation is also conducted by comparing the measurement of the line 

widths of a bright line (the surface of the applied ultrasound gel on skin surface for strong 

reflection prevention) in the B-scan images, and the intensity profiles for the bright line are 

plotted in Figure  4-8. The outcomes of the FWHM measurements for the bright line widths 

and the axial resolution estimations are presented in Table 4-3. These results also validate the 

spectrum-based training to enhance the axial resolution, but the estimated axial resolution is 

slightly different form speckle size measurement method in Table 4-2.  

In addition to metric improvements, visual inspection reveals clearer reconstruction of 

disrupted or blurred tissue layers. Notably, the dermal–epidermal junction appears more 

continuous, and finer textures in deeper layers are better preserved, demonstrating improved 

anatomical interpretability. 

  

(a) (b) 

Figure  4-8. (a) Interface between ultrasound gel and air (yellow box); (b) Corresponding axial intensity 

profiles.      

Table 4-3. Axial resolution estimation for the image generated by training on spectral data based on the bright 

line width measurement (FWHM). 
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 Line width mean 

(pixels) 

Axial resolution 

(µm) in air 

PSNR (dB) SSIM (a.u.) 

LR 8.67 10.87 17.26 0.288 

fake HR 6.92 5.66 (estimated) 19.80 0.425 

HR 6.77 5.21 20.12 0.518 

SR 6.59 3.33 (estimated) 24.03 0.716 

GT 6.52 2.55 - - 

4.3.4 Iteratively Model Application 

It has been reported that the iteratively application of the model to generate higher order SR 

images by image-based training led to poorer results in terms of PSNR and SSIM in [54]. 

Hereby, we also tried iteratively applying the model to generate higher order SR spectrums, 

where 𝑆𝑅1  is the super-resolution result acquired by applying the model onto HR, and the 

higher order of SR, 𝑆𝑅𝑖+1, is acquired by applying the super-resolution model onto 𝑆𝑅𝑖 with 

𝑖 = 1,2,3. Comparing to HR (PSNR: 19.87 ± 0.08 and SSIM: 0.490 ± 0.003) and LR (PSNR: 

17.20 ± 0.07 and SSIM: 0.269 ± 0.003), the higher order SR provides poorer effect based on 

metrics evaluation in Table 4-4.  

Table 4-4. Metrics evaluation results for the spectral data (average ± standard deviation) of SR with its 4 

iterations. 

 Mean PSNR (dB) Mean SSIM (a.u.) 

𝑺𝑹𝟏  𝟐𝟑. 𝟐𝟒 ± 𝟎. 𝟏𝟒  𝟎. 𝟔𝟒𝟕 ± 𝟎. 𝟎𝟎𝟖  

𝑺𝑹𝟐  𝟏𝟗. 𝟏𝟗 ± 𝟎. 𝟏𝟓  𝟎. 𝟒𝟓𝟎 ± 𝟎. 𝟎𝟎𝟔  

𝑺𝑹𝟑  𝟏𝟔. 𝟕𝟓 ± 𝟎. 𝟏𝟓  𝟎. 𝟑𝟓𝟓 ± 𝟎. 𝟎𝟎𝟓  

𝑺𝑹𝟒  𝟏𝟓. 𝟓𝟗 ± 𝟎. 𝟐𝟒  𝟎. 𝟑𝟐𝟐 ± 𝟎. 𝟎𝟎𝟔  

However, by looking into the generated images for all higher orders of SR in Figure  4-9. 

Images of SR with various iterative orders (by spectrum-based trained model)., the speckles in 

higher order of SR are reduced in size and the boundaries between of stratum corneum and 

stratum lucidum become more pronounced comparing to 𝑆𝑅1. There is no observable boundary 

continuity details recovery found for 𝑆𝑅2, 𝑆𝑅3 and 𝑆𝑅4 comparing to GT based on 𝑆𝑅1.The 

axial resolutions are further estimated based on speckle sizes for subsequent higher order SR 

images in Table 4-5, where the 𝑆𝑅1  and 𝑆𝑅2  are found to have superior metric evaluation 

results than HR. Notably, the drop on PSNR and SSIM for 𝑆𝑅3 and 𝑆𝑅4 might be due to their 

speckle sizes smaller than GT. Limited to the fact that GT is the reference for all cases, we 

could not conclude that the 𝑆𝑅3 and 𝑆𝑅4 are even more genuine than GT, but they are valuable 
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to be estimations for the images with higher axial resolutions than GT. Hence, we comment 

that 𝑆𝑅3 and 𝑆𝑅4fail to achieve super-resolution effects. However, as for 𝑆𝑅1 and 𝑆𝑅2, the two 

cases show both superior estimated axial resolution and PSNR and SSIM measurements, thus 

successfully achieve the super-resolution effect.   

   

(a) HR (b) GT (c) 𝑆𝑅1 

   

(d) 𝑆𝑅2 (e) 𝑆𝑅3 (f) 𝑆𝑅4 

Figure  4-9. Images of SR with various iterative orders (by spectrum-based trained model).  

Table 4-5. Axial resolution estimation for the higher order SR images based on speckle size measurements. 

 

Speckle 

size mean 

(pixels) 

Axial resolution 

(µm) in air 

Axial 

resolution 

(µm) in skin 

PSNR 

(dB) 

SSIM 

(a.u.) 

Bandwidth 

(nm) 

Bandwidth 

Extension 

(nm) 

 LR 6.57 10.87 15.00 17.26 0.288 39.9 - 

 HR 3.82  5.21 7.19 20.12 0.518 83.2 - 

 𝑺𝑹𝟏  2.52  3.10 (estimated) 4.28 24.03 0.716 139.8 

(estimated) 

+56.7 

(estimated) 

 𝑺𝑹𝟐  2.18 2.57 (estimated) 3.55 20.50 0.549 168.7 

(estimated) 

+28.9 

(estimated) 

 𝑺𝑹𝟑  2.11 2.45 (estimated) 3.38 18.03 0.450 176.9 

(estimated) 

+8.2 

(estimated) 

 𝑺𝑹𝟒  2.14 2.50 (estimated) 3.45 16.90 0.412 173.4 

(estimated) 

-3.5 

(estimated) 

 GT 2.17 2.55 3.52 - - 170.0 - 
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4.4 Discussion 

4.4.1 Preference on Resolution Determination 

Referring to Table 4-2 and Table 4-3, the estimated axial resolutions for fake HR and SR are 

different up to 1.06% and 6.91% respective to the bright line width measurement. Both 

estimation approaches are acceptable based on their mechanism, but the speckle size approach 

is more preferrable. In real imaging process, the application of ultrasound gel could be very 

thick for strong reflection prevention, which makes the gel surface outside the depth of view 

of the image, but the speckles are always available to measure. Moreover, the axial speckle size 

serves as a more direct reference for characterizing the axial PSF, which in turn relates to axial 

resolution.  

4.4.2 Evaluation Challenges When Super-Resolution Surpasses Ground 

Truth 

In the iterative model application, it was observed that higher iterations of super-resolution led 

to a reduction in conventional image quality metrics such as PSNR and SSIM, despite visible 

improvements, including finer speckle patterns and sharper structural boundaries. This 

apparent paradox arises because the reconstructed images begin to reveal spatial details that 

exceed the resolution limit of the GT data, which was acquired using a lower-resolution OCT 

system. As a result, traditional pixel-wise metrics may incorrectly penalize these enhancements, 

interpreting them as deviations rather than improvements. 

This observation highlights the limitations of relying solely on PSNR and SSIM to evaluate 

super-resolution performance in such contexts. To better capture perceptual and structural 

improvements, alternative evaluation strategies—such as vessel continuity analysis, structural 

consistency metrics, or no-reference image quality assessments—should be considered. 

Additionally, future work could incorporate validation using higher-resolution OCT systems or 

orthogonal imaging modalities to more accurately assess the fidelity of recovered fine 

structures when the GT is resolution-limited. 

4.4.3 Network and Loss Function Simplicity 

The advantage of the spectrum-based training is simpler network structure and loss function. 

In contrast to the ESRGAN whose generator includes 64 RRDB (23 dense blocks for each 

RRDB and 5 LReLU blocks for each dense block) [54], this spectrum-based training network 
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is much simpler (4 LReLU blocks only). Similarly, the discriminator in ESRGAN features 8 

convolutional blocks and 2 linear layers, whereas our model simplifies this to just 4 

convolutional blocks and a single linear layer. Moreover, while ESRGAN utilizes a composite 

loss function that includes adversarial loss [104] and VGG-19 perceptual loss [108] , our 

approach only considers Binary Cross Entropy (BCE) loss and a combined metric of PSNR 

and SSIM. The computation for BCE loss is straightforward and is defined as follows: 

𝐵𝐶𝐸 𝑙𝑜𝑠𝑠 = −
1

𝑁
∑ [𝑦𝑖  ∙ 𝑙𝑜𝑔(𝑦𝑖̂) + (1 − 𝑦𝑖) ∙ 𝑙𝑜𝑔(1 − 𝑦𝑖̂)]

𝑁
𝑖=1 , (  4-4 ) 

where 𝑦𝑖 is the actual label, 𝑦𝑖̂ is the predicted probability for the 𝑖𝑡ℎ example and 𝑁 is the total 

example size [106].  BCE Loss is simpler and computationally less demanding than VGG-19 

and adversarial loss, while VGG-19 based loss requires to operate a deep convolutional 

network, and adversarial loss is the most complex in terms of computational demands and 

training dynamics often requiring careful tuning and posing challenges in terms of training 

stability. 

Alternatively, a combined metric-based loss of –PSNR – SSIM was used in certain 

configurations to directly optimize for structural image quality and perceptual sharpness. This 

approach emphasizes visual fidelity, especially important for speckle suppression and tissue 

boundary recovery in OCT imaging, while avoiding the complexity of VGG or adversarial 

losses. 

4.4.4 Comparison with Hardware-Based Axial Resolution Enhancement 

Hardware-based axial resolution enhancement in OCT typically relies on increasing the 

spectral bandwidth of the light source or employing novel interferometric configurations. 

Techniques such as the use of supercontinuum sources [111], broader-band swept-source lasers 

[112], or light source combination strategies [113] have demonstrated axial resolutions below 

2 µm. While effective, these approaches often involve increased system complexity, elevated 

cost, and higher sensitivity to alignment and noise. 

Additionally, methods like white-light interferometry or coherence revival schemes have been 

explored for enhancing axial performance, but they tend to reduce system robustness and 

scalability for clinical deployment. 

In contrast, the proposed deep learning–based method enhances axial resolution 

computationally, without requiring any hardware modifications. This not only ensures 
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backward compatibility with existing SD-OCT systems but also aligns with the growing trend 

toward software-defined imaging platforms. By leveraging raw spectral data, the proposed 

model learns to recover fine structures otherwise lost due to bandwidth limitations—offering a 

low-cost, scalable alternative to hardware-intensive solutions. 

4.4.5 Broader Applications 

Our method, developed to enhance axial resolution in skin OCT imaging by utilizing full 

spectral data, shows significant promise for broader applications beyond dermatological 

diagnostics. Our self-supervised approach can potentially be applied to OCT imaging of other 

tissue types, particularly retinal imaging and OCTA, where high axial resolution and boundary 

clarity are crucial [1] [2]. While hardware-based resolution enhancement is a possible avenue 

for improving image quality, this study focuses on deep learning–based methods, which are 

more flexible, cost-effective, and compatible with future hardware upgrades. 

In retinal OCT imaging, clear visualization of delicate retinal layers is essential for diagnosing 

and monitoring progressive diseases such as age-related macular degeneration (AMD) [114], 

diabetic retinopathy [115], and glaucoma [116]. In AMD, for example, precise imaging of the 

retinal pigment epithelium and photoreceptor layers is crucial for identifying early signs of 

disease progression, such as drusen accumulation [117]. Similarly, in diabetic retinopathy, 

enhanced resolution allows for better identification of microaneurysms, retinal edema, and 

neovascularization—features that are often challenging to resolve with standard resolution [85]. 

Our method's ability to recover sub-pixel details could thus support earlier and more accurate 

detection of such pathologies, potentially improving treatment outcomes. 

Furthermore, OCTA, which provides microvascular imaging of retinal and other tissues, could 

benefit greatly from this enhanced axial resolution. OCTA is increasingly used to detect 

vascular changes in conditions like diabetic retinopathy and glaucoma by visualizing capillary 

networks and flow dynamics [117] [118]. However, conventional OCTA resolution is often 

limited when detecting fine vascular structures or capillary dropout in ischemic areas [120]. 

Our super-resolution method, by improving image clarity and continuity, could aid in 

identifying subtle microvascular abnormalities, such as early capillary dropout or 

neovascularization, which are often early indicators of retinal diseases [120]. 

Additionally, our approach may be adaptable to neuro-ophthalmological applications where 

detailed OCT imaging is vital for monitoring optic nerve integrity in glaucoma and multiple 
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sclerosis [121]. Enhanced imaging of the retinal nerve fibre layer and ganglion cell layer could 

help in detecting early, progressive nerve damage, enabling more precise assessment of 

neurodegenerative diseases [122]. 

Although the proposed SR model was trained and evaluated using data from our laboratory 

SD-OCT system, its architecture is designed to generalize across different OCT platforms. The 

method operates directly on spectral interferograms and does not rely on system-specific 

calibration or paired high-resolution ground truth data. Therefore, it can be applied to spectral 

data acquired from clinical systems—such as those using narrow-linewidth SLDs—provided 

the raw spectrum is accessible and properly digitized. This compatibility makes the approach 

hardware-agnostic and adaptable to a variety of OCT configurations without retraining, 

offering a promising avenue for enhancing image quality in clinical settings. 

4.5 Conclusion  

Our study presents a self-supervised deep learning approach for training directly on OCT 

spectrum data, achieving enhanced super-resolution. Our results show improved PSNR and 

SSIM metrics, reduced speckle size, and recovered structural details, especially in boundary 

regions like the stratum corneum and stratum lucidum. It also preserved realistic speckle 

patterns and textures, highlighting spectrum-based training's potential to refine OCT image 

quality for more accurate diagnostics in dermatology, with applications extending to 

ophthalmology and neuro-ophthalmology.  
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Chapter 5. : OCT-Patch Bio-sensing 

5.1 Introduction  

Skin health has garnered increasing attention in recent years, as various internal and external 

factors, such as hormonal imbalances and cosmetic products, can alter the skin's composition 

and function [10]. These influences often lead to skin issues, such as inflammation, which 

manifest as changes in tissue structure and require medical attention for accurate diagnosis and 

treatment [9]. Non-invasive imaging techniques, particularly optical methods such as OCT, 

play a vital role in evaluating these conditions [12]. OCT has become a widely used tool in skin 

diagnostics, offering depth-resolved, high-resolution structural imaging. Initially developed in 

the 1990s for ophthalmology to visualize retinal layers, OCT has evolved significantly, 

advancing in speed, resolution, and imaging depth. Its applications have expanded beyond 

ophthalmology to fields such as dermatology, providing detailed views of skin layers and 

structures [1] [13] [85]. However, while OCT excels at capturing structural information, it 

remains limited in detecting biochemical changes essential for diagnosing certain skin 

conditions [13]. 

As OCT is traditionally limited to structural imaging, wearable hydrogel patches have emerged 

as a promising solution for real-time biochemical monitoring of skin conditions, detecting 

critical biomarkers such as pH, glucose, and lactate through sweat analysis. [55]. These 

biomarkers are essential in identifying and managing skin-related illnesses, including 

inflammatory conditions like dermatitis, psoriasis, and eczema, where biochemical shifts are 

early indicators of inflammation [11]. Despite the potential, no hydrogel patch has yet been 

integrated with OCT to enhance its diagnostic capability by adding biochemical insights, which 

would significantly advance non-invasive skin assessments. 

In this study, we introduce the integration of SD-OCT [5] with a hydrogel patch to combine the 

strengths of both technologies. The hydrogel patch incorporates LC droplets, which are highly 

effective biosensors, especially for detecting molecular interactions at interfaces, making them 

ideal for monitoring biologically relevant parameters [57] [58] [59], [64]. pH, for instance, is 

crucial for skin health monitoring [122] [123] as shown in Figure 5-1 (a), and here, LC droplets 

are functionalized with phenylboronic acid (PBA) to respond to pH changes. As shown in 

Figure 5-1, when LC droplets in the patch encounter varying pH levels, their polarization shifts 

from a bipolar to a radial configuration as pH increases. This polarization change is reflected 
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as the refractive index change inside LC droplets and is captured in the OCT images as axial 

droplet imaging size change, reflecting real-time pH variations. We calibrated and validated 

the patch over a physiological pH range from 6.0 to 8.0, achieving an accuracy of ±0.2 pH, 

with imaging transverse and axial resolutions of 14.71 µm and 4.2 µm in patch respectively, 

while the LC particle sizes are no more than 5 µm. Applying the patch to human skin, we 

observed real-time changes in pH responses, allowing non-invasive biochemical monitoring.        

We believe this dual-functionality could enable OCT imaging to concurrently provide critical 

biochemical data, enhancing diagnostic precision and monitoring for conditions such as 

inflammation. Additionally, our system addresses several limitations of existing commercial 

skin pH meters, offering improved comfort, sterility, and adaptability. Unlike conventional 

devices, it features soft, disposable patches for sensitive applications and the ability to measure 

mean pH over time. These advancements, coupled with the system’s potential for multi-

parameter sensing and AI-assisted calibration, establish it as a promising tool for more precise 

and versatile diagnostics. 

 

Figure 5-1. Concept of Liquid-Crystal Hydrogel Patch for Skin pH Sensing by OCT. (a) Schematic illustrating 

pH as a factor in skin health and schematic for hydrogel patch pasted on face skin. (b) OCT image acquisition 

on hydrogel patch, zoom-in view on single LC droplet in cross-sectional OCT image (scale bars: 15 µm) and LC 

droplets in microscopy image (scale bar: 10 µm). (c) 3-dimensonal (3-D) OCT image for hydrogel patch (scale 
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bars: 120 µm). (d) Sensing mechanism: LC droplet polarization and imaging size measurement for different 

pHs. (e) Average real droplet size 𝐷̅𝑜𝑏𝑗 and average droplet imaging size 𝐷̅𝑖𝑚𝑔  measurement by different pH for 

sensing. 

5.2 Results 

5.2.1 Sensing Mechanism Evaluation by Sodium Dodecyl Sulphate (SDS) 

Experiment 

The LC molecules could form droplets when vibrating central-outwards. Bipolar and radial LC 

droplets are typically produced by coating their surfaces with PVA and SDS, respectively [125]. 

In subsequent contents, PVA-LC and SDS-LC droplets represents the PVA and SDS coated LC 

droplets respectively. Hence, the polarization of PVA-LC droplet will change from bipolar to 

radial stimulated by SDS with the polarizations illustrated in Figure 5-2 (a). In our study, we 

assume all droplets are ideal 3-D spheres. 

As shown in Figure 5-2 (a). Illustrated by a light polarized along the LC director (e-ray, 

polarization direction is represented by blue arrow) sees extraordinary refractive index 𝑛𝑜 , 

while that polarized perpendicular (o-ray, polarization direction is represented by pink arrow) 

to the LC director sees ordinary refractive index 𝑛𝑒. Then, if the light is polarized at a 𝜃 angle 

with respect to the LC director (represented by black arrow), it sees an effective refractive 

index 𝑛𝑒𝑓𝑓, expressed as [64]:  

𝑛𝑒𝑓𝑓 =
𝑛𝑒𝑛𝑜

√(𝑛𝑒 𝑠𝑖𝑛 𝜃)2+(𝑛𝑜 𝑐𝑜𝑠 𝜃)2
. 

(  5-1 ) 

 

The overall refractive index of the droplet could be calculated by the average refractive index 

〈𝑛𝑒𝑓𝑓〉 throughout the entire droplet as:    

𝑛𝑜𝑣𝑒𝑟𝑎𝑙𝑙 = 〈𝑛𝑒𝑓𝑓〉 =
1

𝑉
∫𝑛𝑒𝑓𝑓(𝑟)𝑑𝑉, 

(  5-2 ) 

 

where 𝑟 is the LC position inside the droplet while the centre of the droplet is origin of the 

coordinate, and 𝑉 is the droplet volume. It is suggested in [126] that the refractive indices 𝑛𝑜 

and 𝑛𝑒  for our LC material are estimated as 1.5 and 1.7. Thereafter, the overall average 

refractive indexes for PVA-LC droplet (bipolar polarized) and SDS-LC droplet (radial 

polarized) are measured to be 1.628 and 1.546 by MatLab simulation.  
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Let 𝐶 be v/v concentration of SDS, which is equivalent to the probability of SDS bonded PVA-

LC droplets in the solution as occurrence of radial polarization, 𝑃(𝑟𝑎𝑑𝑖𝑎𝑙) . Assuming the 

spreading of the SDS into PVA-LC is even, then the overall refractive index of a droplet is: 

𝑛𝑜𝑣𝑒𝑟𝑎𝑙𝑙 = 𝑃(𝑏𝑖𝑝𝑜𝑙𝑎𝑟) ∙ 𝑛𝑏𝑖𝑝𝑜𝑙𝑎𝑟 + 𝑃(𝑟𝑎𝑑𝑖𝑎𝑙) ∙ 𝑛𝑟𝑎𝑑𝑖𝑎𝑙 

≡ (1 − 𝐶) ∙ 𝑛𝑏𝑖𝑝𝑜𝑙𝑎𝑟 + 𝐶 ∙ 𝑛𝑟𝑎𝑑𝑖𝑎𝑙, 

(  5-3 ) 

 

where P(𝑏𝑖𝑝𝑜𝑙𝑎𝑟) is the occurrence of bipolar polarization. In an image taken for the droplet 

along axial direction (z direction), the droplet imaging size (Dimg ) in pixel count has such 

relationship with the real droplet size (Dobj) as:   

𝐷𝑖𝑚𝑔 =
𝐷𝑜𝑏𝑗

𝛿𝑧𝑜𝑏𝑗
=

𝐷𝑜𝑏𝑗

𝛿𝑧𝑎𝑖𝑟∙𝑛𝑜𝑣𝑒𝑟𝑎𝑙𝑙
, 

(  5-4 ) 

 

where δzair is the axial resolution measured in air. Hence, we have:  

𝐷𝑖𝑚𝑔 ∝
1

[(𝑛𝑟𝑎𝑑𝑖𝑎𝑙−𝑛𝑏𝑖𝑝𝑜𝑙𝑎𝑟)∙𝐶+𝑛𝑏𝑖𝑝𝑜𝑙𝑎𝑟]
, 

(  5-5 ) 

 

Since the signal intensity correlates with the reflectivity, which is also implied as the object 

refractive index overwhelming the environment, the measurement in Figure 5-2 (b) tries to 

characterize this relationship. However, based on the results, the refractive index increase based 

on the increase on SDS concentration does not lead to a remarkable change on the average 

intensity. The difference on intensity caused by the concentration of SDS is not remarkable 

either. Hence, the intensity of the droplets is not an appropriate indicator to sense the 

environment change, which matches our theoretical analysis. The average droplet imaging size 

is then studied.   

The average droplet imaging size is tried for sensing the environment change causing the 

polarization change in PVA-LC droplets while PVA-LC droplets are in aqueous solution 

(Figure 5-2 (c)) and assembled in hydrogel (Figure 5-2 (d)). In Figure 5-2 (d), the SDS 

concentration is fixed, but the hydrogel containing the LC droplets is gradually immersed, 

allowing SDS to saturate into the hydrogel over time. This gradual saturation mimics the effect 

of increasing SDS concentration as more SDS interacts with the LC droplets over time. The 

fitting curves for Figure 5-2 (c and d) are 𝑦 =
33.94

−0.40𝑥+100.01
+ 2.14  and 𝑦 =

19.40

−0.91𝑥+99.99
+
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2.43, which match our analytical model mentioned in Eq. (  5-5 ). Since the concentration of 

SDS could never infinitely increase, there is a saturation level for both Figure 5-2 (c and d).  

 

Figure 5-2. Mechanism and measurements on LC droplets. (a) Polarization of different LC droplets and 

schematic of individual LC molecule under incidental light. (b) Normalized average intensity of LC droplets in 

OCT image for varying SDS v/v concentration in aqueous solution. (c) 𝐷̅𝑖𝑚𝑔 measured in pixel for varying SDS 

v/v concentration in aqueous solution. (d) 𝐷̅𝑖𝑚𝑔 measured in pixel in hydrogel when a fixed concentration of 

SDS is saturating into the hydrogel for a period. 
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5.2.2 OCT Axial Resolution Impact on Sensing 

 

Figure 5-3. OCT images and measurement evaluations for LC droplets in an SDS 50% v/v solution and 

hydrogel patch (a) Cross-sectional OCT image (scale bar: 120 µm). (b) En-face view showing LC droplets 

(scale bar: 120 µm). (c, d) Zoomed-in views of selected droplets highlighted in (a) and (b), respectively. (e) 

Repeated measurements of droplet diameter𝐷̅𝑖𝑚𝑔 at a fixed location to assess measurement stability. (f) Cross-

sectional droplet views at different axial resolutions. (g) Average droplet diameter 𝐷̅𝑖𝑚𝑔 plotted against axial 

resolution. (h) Corresponding 3σ values representing variation in size estimation. 

The OCT images of LC droplets in an SDS solution are shown in Figure 5-3 (a-d). With a low 

sample power (7 µW), non-LC objects, such as background structures, are largely invisible 

compared to the LC droplets. In Figure 5-3 (a), variations in droplet axial sizes are 

distinguishable. However, due to the axial resolution limit (4.2 µm), droplets smaller than 8.6 

µm are challenging to discern, as per the Nyquist sampling theorem. Figure 5-3 (b) similarly 

shows that droplets with transverse dimensions below 29.42 µm (twice the transverse 

resolution) are difficult to resolve. The small 3.42 µm scanning step size also causes an 

apparent size enlargement of smaller droplets due to oversampling. 

As we focus on axial size for refractive index relevance, the cross-sectional view provides the 

necessary data. Comparing Figure 5-3 (c) and (d), the single droplet appears differently in the 
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axial and transverse views: the transverse view shows a smooth intensity profile, while the 

axial view reveals multiple scattering effects from the LC molecules' strong reflectivity. For 

𝐷̅𝑖𝑚𝑔 assessment, we exclude the multiple scattering areas. Given these limitations for single-

droplet evaluation, our method is more effective for assessing all LC droplets within a 3D OCT 

image. 

During patch production, the LC droplets are limited to a diameter of no more than 5 µm. The 

axial resolution for LC droplets in our setup is approximately 4.2 µm (estimated by setting the 

refractive index to 1.6), which theoretically corresponds to a resolution of just one pixel in the 

image. Despite this, our results show that the droplet imaging size exceeds one pixel, and the 

size variation is measurable. In Figure 5-3 (e), the mean and 3 times of standard deviation (𝜎) 

are measured as 6.86 and ±0.06  based on the data variation measurement. This 3𝜎  value 

characterize the measurement accuracy.  

Moreover, since the LC droplet size is comparable to the axial resolution and can still be 

successfully imaged, it would be valuable to investigate whether droplets smaller than the axial 

resolution can also be effectively detected. Hereby, we degrade the axial resolution by 

narrowing the spectral width (Δ𝜆 ) according to the relationship 𝛿𝑧 =
2 ln2

𝜋

𝜆𝑐
2

Δ𝜆
 , where 𝜆𝑐 

represents the central wavelength of the spectrum [5]. This step is achieved by applying 

narrower Gaussian windows on the spectrum. The resulting images are shown in Figure 5-3 

(f). As the axial resolution improves from 4.2 µm to significantly higher values (as seen in 

Figure 5-3 (g)), the average droplet imaging size remains measurable, demonstrating an 

increase as the axial resolution decreases. This indicates that the technique remains effective 

even at lower resolutions. The high reflectivity of LC droplets, particularly when compared to 

their surrounding environment, ensures their visibility in the images, even at reduced axial 

resolution levels. Furthermore, based on Figure 5-3 (h), the lower axial resolution will cause 

much higher 3𝜎 value, the greatest detected 3𝜎 in average droplet imaging size (0.18 pixels at 

𝛿𝑧 = 8.58 𝜇𝑚) will yield to a 34.5% measurement.  

5.2.3 OCT with Patch Sensing for pH Change 

The behaviour of LC droplets, when interacting with PBA, is highly sensitive to changes in pH 

due to the ionization states of the functional groups on the PVA-LC-PBA droplet. At lower 

(acidic) pH levels, the carboxyl groups (−COOH) on the surface of the PVA-LC-PBA droplet 

remain protonated, leading to bipolar polarization within the droplet. When the pH increases 
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and the environment becomes more alkaline, the carboxyl groups deprotonate, transitioning 

into their ionized form. This deprotonation process disrupts the molecular alignment of the 

PVA-LC-PBA droplet, causing a noticeable change to radial polarization [126] [127]. The 

interaction between PBA and the LC molecules facilitates this transition, enhancing the 

sensitivity of the droplets to pH changes as shown in Figure 5-4 (a).  

Thereafter, Eq. (  5-5 ) needs to be modified as the concentration of PVA-LC-PBA changes for 

the varying pH environment. Since the PVA-LC-PBA droplets are protonated with −COOH, 

this model captures the asymmetry in droplet behaviour in response to acidic versus alkaline 

conditions. pKa, or the acid dissociation constant, is the pH at which half of the carboxyl groups 

are dissociated (COOH ↔  COO⁻ +  H⁺). When pH equals pKa, there is an equal proportion of 

protonated (−COOH) and deprotonated (−COO⁻) species. As the pH increases beyond the pKa, 

the −COOH groups dissociate, leading to an increase in the negative surface charge (−COO⁻). 

In acidic environments (pH <  pKa ), the refractive index changes less due to the limited 

dissociation of −COOH groups and is only dominated by droplet polarization. Therefore, the 

use of pH − pKa   reflects the observed experimental asymmetry, where droplet size and 

refractive index change more significantly in alkaline conditions [129].   Thus, substituting 𝐶 

in Eq. (  5-5 ) with 𝐶 ∝
1

1+10𝑝𝐻−𝑝𝐾𝑎
 based on Henderson-Hasselbalch equation [130], then:  

𝐷𝑖𝑚𝑔 ∝
1

[(𝑛𝑟𝑎𝑑𝑖𝑎𝑙−𝑛𝑏𝑖𝑝𝑜𝑙𝑎𝑟)∙
1

1+10𝑝𝐻−𝑝𝐾𝑎
+𝑛𝑏𝑖𝑝𝑜𝑙𝑎𝑟]

, 
(  5-6 ) 

 

For the calibration and testing of the LC-based hydrogel patch, we exposed the patch to 

controlled pH environments ranging from 6.0 to 8.0, with incremental steps of 0.2. This method 

was selected to capture the precise changes in polarization that occur in LC droplets as the pH 

environment shifts. Each pH level was maintained long enough for the LC droplets to respond 

fully, ensuring accurate data collection. OCT images were acquired at each pH increment, and 

the average droplet imaging size — previously identified as an indicator of polarization change 

— was measured to assess the LC response. The PVA-LC-PBA droplets are filtered to retain 

only those with a diameter of no more than 5 µm before making the hydrogel, making them 

more suitable for assembling into small biological structures [131]. 

The average droplet imaging size change due to pH changes are measured as a calibrator. 

Thereafter, a set of testers with preset pH values are also measured with the average droplet 

imaging size and calculated the measured pH based on the calibrator curve. Ultimately, the 
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measured pH values are compared with the preset pH to validate the method. Taking 3𝜎 =

±0.06 from Figure 5-3 (e) measurement and based on [132], the measurement accuracy is 

carried out as 
3𝜎

𝐸(
𝑑𝑦

𝑑𝑥
)
= ±0.231, and 𝐸 (

𝑑𝑦

𝑑𝑥
) is the mean of 

𝑑𝑦

𝑑𝑥
 of the fitting over the range that 𝑥 

varies between 6.0 and 8.0 measured as 0.260. When immersed in pH environment, the trend 

of average droplet imaging size change is measured in Figure 5-4 (b) (Fitting equation: 𝑦 =

11.36 (
1.89−2.07

1+107.00−𝑥 + 2.07)
−1

), where the fitting is based on our analytical model in Eq. (  5-6 ). 

Then in Figure 5-4 (c), the measured pH values based on the fitting curve of the calibrator in 

Figure 5-4 (b) are near to the preset pH values as within the 3𝜎 range with root mean square 

error (RMSE) 0.190 within the accuracy range 0.231. The results align with the analytical 

relation in Eq. (  5-6 ).  

 

Figure 5-4. Patch pH sensing calibration and testing. (a) Schematic for PVA-LC-PBA droplet in different pH 

environment. (b) 𝐷̅𝑖𝑚𝑔 measured on hydrogel in different pH environment for both calibration and testing 

purpose. (c) Validation for testing data by 3𝜎 region. 

5.2.4 OCT with Patch on-skin Sensing  

While OCT faces resolution constraints in cellular imaging, our pH biosensor demonstrates 

excellent performance within a critical physiological range. Areas like the axillae, groin, toe 

interdigit, and anus, with pH values between 6.1 and 7.4, are prone to microbiome imbalances 
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that can trigger infections and eczematous reactions [133]. Our experiment, covering a pH 

range from 6.0 to 8.0, aligns closely with these values, validating the biosensor’s effectiveness 

in relevant conditions. This validation supports the biosensor’s intended diagnostic role for 

inflamed skin, where abnormal pH fluctuations — typically from 6 to 8, while healthy skin 

remains below this range [123]. The biosensor’s sensitivity and accuracy suggest significant 

potential for monitoring pH-related skin conditions, expanding its relevance in targeted 

biomedical applications. 

To evaluate the method's feasibility for real-world applications, PVA-LC-PBA droplets were 

incorporated into a hydrogel patch and imaged across 8 regions using OCT, as illustrated in 

Figure 5-5 (a). In the forearm, the 8 scanned regions consistently showed a stable pH 

measurement around 6.3, which aligns with the typical pH of sweaty skin [134], as depicted in 

Figure 5-5 (b). Mean measured for 𝐷̅𝑖𝑚𝑔 and pH are 5.570 and 6.3 respectively. Figure 5-5 (c) 

presents the average pH measurements for the forearm, axillae, groin and toe interdigit, all of 

which fall within the normal healthy pH range as referenced in [133]. Additionally, the patch 

was immersed in pure water as a control group for comparison. 

 

Figure 5-5. Patch-based Skin Sensing. (a) Illustration of patch pasted on inflamed area and four body areas 
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selected for pH measurement using a hydrogel patch, including application to a sweaty forearm and an inflamed 

region, with 8 designated regions on the patch for OCT imaging. (b) Mean 𝐷̅𝑖𝑚𝑔 values measured across all 8 

regions on the patch for the sweaty forearm. (c) Average pH measurements recorded for each of the 4 body 

areas. 

5.3 Discussion and conclusion 

This study combines OCT with an LC-based hydrogel patch to create a dual-function system 

that captures both structural and biochemical data. By leveraging LC droplets’ sensitivity to 

environmental changes, we demonstrated that average droplet imaging size indicates LC 

polarization shifts due to SDS [135], enabling us to calibrate a pH-sensitive hydrogel patch for 

real-time pH detection. Remarkably, even droplets below OCT’s axial resolution were 

measurable, showcasing this method’s precision. This integration not only validates OCT for 

LC biosensing but also shows promise for wearable, real-time biochemical monitoring. 

Compared to confocal microscopy, which typically captures only a small number of LC 

droplets within a single field of view, OCT enables imaging of a substantially larger area 

containing many more droplets. This allows for averaging across a broader sampling 

population, thereby reducing measurement uncertainty. Furthermore, while confocal 

microscopy requires the LC patch to be removed and carefully positioned under the objective 

lens, our OCT-based method supports a wearable configuration. 

While this thesis focuses on pH sensing, the OCT–LC platform holds promise for detecting 

other analytes via refractive index changes in LC droplets. Prior studies have demonstrated 

glucose sensing using 5CB droplets [59], and cholesterol-modified LC droplets show 

responsiveness to pH, temperature, and glucose [136]. Proteins and metal ions can alter LC 

orientation at droplet interfaces [65] [136], providing another potential sensing mechanism. 

Additionally, LC droplets are known to respond to electric fields through electrostatic 

alignment changes; however, such applications typically require high field sensitivity and are 

currently limited to controlled environments [56] [138]. These sensing modalities were not 

experimentally validated in this study and are discussed as future directions. Furthermore, the 

effects of real-world variability—such as skin hydration, temperature shifts, and motion—on 

sensing performance were not systematically explored here, but are critical considerations for 

future development aimed at clinical translation. 

The sensing mechanism in this study relies on refractive index and polarization changes within 

LC droplets, which are primarily modulated by pH in the current context. However, other 



105 | P a g e  

 

environmental factors—such as temperature, hydration level, or ionic strength—may also 

influence the refractive index of the surrounding hydrogel matrix or the LC alignment itself. 

These factors could introduce cross-sensitivities, potentially complicating the interpretation of 

results when used in variable physiological conditions. Although the present work focuses 

solely on pH detection, future efforts toward multi-parameter sensing could incorporate design 

strategies to decouple overlapping influences. These may include ratiometric imaging 

approaches, spectral decomposition, the use of orthogonal sensing elements, or dynamic 

calibration methods. Acknowledging and addressing these cross-sensitivities will be important 

for advancing the reliability and specificity of LC-based biosensors in complex biological 

environments. 

The SDS validation experiment confirms that changes in surfactant concentration can alter the 

apparent imaging size of LC droplets, supporting the hypothesis that polarization changes 

affect the optical response captured by OCT. This mechanism also underlies the pH sensing 

behaviour of the PVA–LC–PBA droplets used in this study. Specifically, the presence of PBA 

introduces pH-sensitive binding interactions with hydroxyl or diol groups, which modify the 

surface anchoring conditions of the LC droplets. At higher pH values, deprotonation of PBA 

promotes stronger binding with vicinal diols in the PVA network, leading to alterations in the 

LC molecular orientation and consequently the birefringence and scattering profile. These 

polarization changes manifest as measurable differences in apparent droplet size in the OCT 

cross-sectional images. While this study primarily provides a theoretical and mechanistic 

explanation of this pH-polarization coupling, further experimental validation—such as 

polarized light microscopy or birefringence quantification—could provide deeper insight into 

the molecular-level reorientation dynamics and support the observed imaging results more 

directly. This is identified as an important direction for future work. 

The current method is designed to detect average changes in apparent droplet imaging size over 

a defined volume, which effectively captures the ensemble response of a population of LC 

droplets within the hydrogel patch. Given the axial resolution of approximately 4.2 μm and the 

sub-resolution nature of individual LC droplets (typically <5 μm in diameter), resolving and 

interpreting the behaviour of single droplets remains challenging. Instead, the observed 

changes reflect a spatially averaged response, which is particularly suitable for monitoring 

global or regional pH shifts across the sensing area. However, this ensemble-based 

measurement inherently limits the ability to resolve highly localized pH variations or detect 
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heterogeneous responses among individual droplets. Variations in droplet size, orientation, or 

interaction with the surrounding matrix may also contribute to signal variability. While this 

averaging approach improves robustness and reduces the impact of noise, it also smooths out 

finer-scale responses. Future enhancements could involve improving spatial resolution through 

higher-resolution OCT systems or incorporating complementary imaging techniques that 

enable single-droplet analysis, allowing a more detailed investigation of local droplet 

behaviour and pH microenvironments. 

Our method offers significant advantages over existing commercial skin pH meters, such as 

those produced by HORIBA, Cortex, and Courage + Khazaka [138] [139] [140] [141] [142]. 

While these commercial devices provide baseline functionality, their rigid designs, limited 

adaptability, and potential for cross-contamination present notable limitations that our approach 

effectively addresses. Unlike conventional meters with rigid probes that can cause discomfort 

or irritation on fragile or inflamed skin, our patches are soft and conformable, ensuring safe 

and comfortable use even in sensitive applications. Furthermore, the disposable design of the 

patches ensures sterility, eliminating the risk of cross-contamination inherent in reusable meters 

that require meticulous cleaning. This feature is particularly advantageous for clinical 

applications demanding high hygiene standards. Beyond comfort and sterility, our method 

employs statistical reliability by analysing plenty LC droplets within a confined area, enabling 

robust and reproducible measurements, even in localized or challenging testing scenarios like 

small wounds or inflamed regions. In contrast, commercial devices typically rely on single-

point measurements, leading to potential inconsistencies. Additionally, our patch is capable of 

measuring the mean pH over a long period, providing valuable temporal insights into skin pH 

changes, whereas commercial devices are limited to capturing pH at a single moment in time. 

The adaptability of our system further extends its superiority, as it can be chemically tailored 

to detect additional parameters, such as glucose or temperature, beyond standard pH sensing, 

thereby expanding its utility in diagnostics and monitoring. The potential for integration with 

artificial intelligence enhances the system's ease of use by simplifying calibration, reducing the 

need for reference points, and ensuring consistent results, directly addressing operational 

inefficiencies associated with commercial meters. Collectively, these innovations position our 

methodology as a superior, versatile, and user-friendly alternative for both clinical and research 

applications. 
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5.4 Method 

5.4.1 OCT System Setup  

The homemade SD-OCT system use a light source (SUPERLUM M-T-850-HP) which 

provides illumination over a 170 nm spectral width centred at 850 nm. The light is guided by 

a 90:10 fibre coupler to the sample and reference arms. The collimated beam is dispersed by a 

1500 lines/mm grating (PING-1500, Ibsen photonics) and focused by a multi-element camera 

lens onto a line camera (EV71YEM4CL2010-BA8, E2V). The total photon-to-electron 

conversion efficiency of the spectrometer was measured to be 0.75, which includes the 

diffraction efficiency of the grating and quantum efficiency (∼47%) of the camera sensor. The 

total ranging depth is 1.74 mm and the roll-off is 4.06 dB/mm from DC to the -6 dB point. 

Spectra are digitized at 12-bit resolution and transferred to the computer through camera link 

cables and an image acquisition board (KBN-PCE-CL4-F, Bitflow). 

The axial resolutions are measured as 2.55 µm in air. The transverse resolution is 14.71 µm. 

We employed an A-line rate of 20 kHz for imaging. There are 512 A-lines per B-frame and 400 

B-frames per scan volume, so that the total acquisition time is 10.24 seconds (400 data is for 

each data set). With 3.42 µm transverse step size, FOV is 1.75 mm × 1.37 mm. Based on the 

signal detected by the spectrometer, the sensitivities are measured to be 107 dB. The 6 dB 

sensitivity roll-off in solution is measured as 0.55 mm (refractive index 1.33 for water as the 

low droplet solution is equivalent the overall refractive index approximately to water [144]). 

The total optical power incident on the sample is set to 7.5 µW, an atypically low power level 

chosen to prevent signal saturation due to the highly reflective nature of the LC droplets. 

5.4.2 Fabrication of LC Droplets 

The PVA-LC droplets were directly stimulated by SDS and imaged using OCT. Ten sets of LC 

droplets were prepared by dissolving 30 μL of 51 wt% 4′-pentyl-4-biphenylcarbonitrile (Sigma, 

328 510) into varying volumes (0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0 mL) of a 1 wt% 

PVA solution. The resulting mixtures underwent 1 minutes of sonication to facilitate the 

formation of LC droplets. Each of these 10 sets was then combined with corresponding 

volumes (0.9, 0.8, 0.7, 0.6, 0.5, 0.4, 0.3, 0.2, 0.1, 0 mL) of a 1 wt% SDS solution, and 

subsequently imaged. 

Additionally, PVA-LC droplets were embedded within a hydrogel matrix for further imaging. 

In this process, 30 μL of 51 wt% 4′-pentyl-4-biphenylcarbonitrile was dissolved in 1 mL of a 1 
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wt% PVA solution and sonicated for 1 minutes to generate LC droplets. The mixture was then 

incorporated into a liquid hydrogel, which was allowed to solidify. The hydrogel, containing 

the PVA-LC droplets, was immersed in a 1 wt% SDS solution and imaged at 15 points, with a 

5-minute interval between each sampling, starting 15 minutes after the immersion. Hence, the 

SDS solution could gradually saturate into the hydrogel and bind with PVA-LC droplets.  

5.4.3 LC Droplets Fabrication for pH Experiment and Patch Production 

The hydrogel, containing PVA-LC-PBA droplets, was prepared for testing in various pH 

environments to simulate biomedical applications. The PVA-LC-PBA droplets were fabricated 

by doping LC molecules with 0.25 wt% of 4′-n-hexylbiphenyl-4-carboxylic acid (Alfa Aesar, 

B21900.03) during the process. This doping was intended to enhance the droplets' 

responsiveness to environmental stimuli. The chiral doped PVA-LC droplets were produced by 

doping (S)-4-cyano-4′-(2-methylbutyl) biphenyl (Tokyo Chemical Industry, C2913) to the 

PVA-LC droplets.  

To simulate the conditions these droplets would encounter within biological tissue, a series of 

11 pH points, ranging from 6.0 to 8.0 with 0.2-step increments, were prepared. The buffer 

solutions were diluted using HORIBA 4.01 buffer for pH levels between 6.0 and 6.8, and 

HORIBA 10.01 buffer for levels between 7.2 and 8.0. Pure water was used for the pH 7.0 

condition. The prepared hydrogel with PVA-LC-PBA droplets was placed in these 

environments to examine the droplet response and to observe how the assembly performs under 

conditions mimicking real biological systems. 

5.4.4 Data Processing  

Since SD-OCT is used, the signal acquired is spectrums. The spectrum data is inspected to 

observe any influence made by the environment stimulation. Thereafter, the spectrum data 

experience Fourier transform into OCT image data.  

When a 3-D OCT image is obtained, there are thousands of PVA-LC droplets included. In each 

individual B-scan images (scan in x-z plane), LC droplets are included at the centres of fixed-

size frames by searching the local maximum signal intensity. The positions of the same droplet 

in successive B-scans are noted so that the single droplet will be included within a single 3-D 

sub-cropped image by the frames applied. Since the axial resolution is more optimal than the 

lateral resolution, the droplets included in the frames are measured along the central axial 

direction by counting the number of pixels that represent the axial diameter of the droplet as 
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droplet imaging size 𝐷̅𝑖𝑚𝑔.  
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Chapter 6. : Conclusion and Future Work 

6.1 Conclusion  

In this thesis, we have made significant strides in advancing the fields of OCT imaging and 

biosensing, bridging the gap between foundational research and practical biomedical and 

sensing applications. Our innovative methodologies demonstrate the transformative potential 

of combining advanced imaging techniques, deep learning, and material science to address 

complex challenges in these domains. 

To address the critical challenge of AVG in OCTA, we developed a dual-beam OCT system 

that effectively decouples AVG contributions to decorrelation signals. By carefully selecting 

the spot sizes of the dual beams, our approach demonstrated significant improvements in 

measurement precision and reliability. Validation through phantom experiments and in-vivo 

imaging of skin vasculature revealed a substantial reduction in AVG-induced artifacts, 

enhancing the accuracy of blood flow velocimetry and providing valuable insights for clinical 

OCTA applications. 

We also introduced a self-supervised deep learning framework to achieve super-resolution in 

OCT imaging, independent of AVG decoupling. By training directly on spectral fringe data, 

this method preserved both magnitude and phase information, resulting in substantial 

improvements in image quality. Key metrics such as PSNR and SSIM were significantly 

enhanced, speckle size was reduced, and fine structural details—particularly in challenging 

regions like the stratum corneum and stratum lucidum—were recovered. These advancements 

underscore the potential of spectrum-based training to refine OCT imaging, enabling more 

precise, non-invasive diagnostics across fields such as dermatology, ophthalmology, and neuro-

ophthalmology. 

Extending the scope of our work to biosensing, we developed a hybrid OCT -patch system that 

integrates structural and biochemical sensing capabilities. This platform utilized the sensitivity 

of LC droplets embedded in the patch to environmental changes, enabling accurate biochemical 

information, e.g. pH, detection through droplet size calibration. Notably, this system 

demonstrated the capability to measure droplets even below OCT’s axial resolution limit, 

showcasing its exceptional sensitivity. Beyond pH sensing, the platform’s versatility extends 

to detecting refractive index changes due to glucose, proteins, ions, and electric fields, 
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highlighting its potential for wearable, real-time biochemical monitoring. 

The novel integration of these advancements is particularly significant for skin diagnostics, 

providing high-resolution, non-invasive methods for visualizing and quantifying skin 

structures and detecting subtle biochemical changes. These methods hold immense promise for 

improving early detection, monitoring, and treatment of dermatological conditions while 

extending their utility to other biomedical and engineering challenges. By addressing long-

standing limitations in OCT imaging and biosensing, this thesis lays a robust foundation for 

transformative applications in biomedical imaging, material science, and interdisciplinary 

innovation. 

6.2 Future Work 

The advancements presented in this thesis open new avenues for further exploration and 

development across multiple domains. Each of the contributions has significant potential to be 

expanded and refined for broader applications. 

For the dual-beam OCT system, future work could focus on extending its application to retinal 

imaging, where accurate blood flow measurements and velocity gradient decoupling are critical 

for diagnosing and managing retinal vascular diseases. By optimizing the dual-beam setup for 

ocular use, such as adapting the system for smaller field-of-view requirements and higher 

sensitivity, this method could enable precise blood flow analysis in delicate retinal vessels. This 

advancement would be instrumental in improving the understanding and treatment of 

conditions like diabetic retinopathy and age-related macular degeneration, where vascular 

abnormalities play a key role. In addition to applying this method to retinal imaging, future 

work may focus on optimizing flow measurement algorithms that account for varying vessel 

angles, developing automatic segmentation of vessel layers, and integrating the dual-beam 

system with multimodal ophthalmic imaging tools. Hardware miniaturization and motion-

robust scanning strategies may also be pursued to facilitate clinical integration. 

The super-resolution framework, leveraging spectral fringe data for training, also holds great 

promise for retinal applications. Enhancing axial resolution in retinal imaging could reveal 

microstructural details critical for diagnosing early-stage diseases, such as glaucoma and 

macular degeneration. Integrating this deep learning-based approach with real-time imaging 

workflows could provide ophthalmologists with unprecedented diagnostic precision while 

maintaining the non-invasive nature of OCT imaging. Future research could explore iterative 
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training methods and hardware acceleration to enable real-time super-resolution imaging in 

clinical settings. To move beyond axial enhancement in static B-scans, the framework may be 

expanded to include temporal stability in dynamic OCTA volumes and learning from multi-

contrast inputs (e.g., structural + flow). Domain adaptation techniques can be explored to 

enable generalizability across different tissue types or OCT systems, while maintaining real-

time capability through lightweight, deployable model designs. 

For the OCT-patch biosensing platform, future work could expand beyond pH sensing to detect 

a broader range of biochemical and environmental factors. By tailoring LC droplet 

compositions and hydrogel properties, the platform could be adapted for detecting glucose, 

proteins, metal ions, or even environmental toxins. Innovations in LC material science, 

combined with the precision of OCT imaging, could further enhance the system's sensitivity 

and specificity. Additionally, developing wearable or implantable biosensing devices based on 

this platform could enable continuous, real-time monitoring for personalized medicine, with 

applications ranging from diabetes management to wound healing and inflammation tracking. 

Future iterations could incorporate multiple LC droplet types patterned within one patch to 

enable multi-analyte detection. Research may also explore integrating optical filters or 

polarization-resolved OCT to enhance readout specificity. Developing strategies to correct for 

environmental variations—such as temperature compensation models—will be important to 

improve reliability in real-world applications. Ultimately, creating a soft, biocompatible 

wearable platform with wireless data transmission would position the system for personalized 

medicine and chronic disease monitoring. 

Together, these future directions represent exciting opportunities to enhance the utility and 

impact of OCT imaging and biosensing, contributing to advances in ophthalmology, 

dermatology, personalized medicine, and environmental sensing. By continuing to bridge 

innovative methodologies with practical applications, this work has the potential to transform 

diagnostics and monitoring across a variety of critical fields. 
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