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Abstract 

Skin and oral cancers demand early detection to improve outcomes, but conventional biopsy is 

invasive, while non-invasive methods like dermoscopy struggle with resolution-depth trade-offs. 

Optical coherence tomography (OCT) and angiography (OCTA) offer non-invasive, high-

resolution imaging (1-3 mm depth) for visualizing tissue microstructure and microvasculature 

without contrast agents, showing promise in dermatology and oral medicine. This thesis advances 

software and algorithms to optimize a lab-built swept-source OCT system, enhancing diagnostic 

accuracy and improving imaging speed through deep learning and image processing. 

Key contributions address five areas: OCT-based segmentation and denoising, and OCTA-based 

reconstruction, super-resolution, and vasculature extraction. For OCT, lightweight networks 

improve skin tissue boundary segmentation, while a Swin transformer-based pipeline reduces 

speckle noise, enabling faster scans without quality loss. The Efficient Segmentation-Denoising 

Model concurrently denoises and segments oral tissues. For OCTA, deep-learning-based protocols 

reduce scan repetitions, shortening imaging time by >80%: the Image Reconstruction U-Net and 

U-shaped Fusion Convolutional Transformer generate high-quality angiograms from minimal two-

repetition scan. Super-resolution transformers (Intraoral Micro-Angiography Super-Resolution 

Transformer and Angiography Reconstruction Transformer) enhance spatial resolution for sub-

second OCTA imaging. Besides, the Vasculature Extraction Transformer directly extracts vascular 

signals from a single OCT scan, cutting acquisition time by 75% while preserving diagnostic quality.  

These innovations address critical limitations in OCT/OCTA imaging, such as slow acquisition, 

motion artifacts, noise, and time-saving by automatic segmentation. By integrating deep learning, 

this study improves image quality, accelerates workflows, and enables precise, non-invasive 

assessment of lesion depth and vascular morphology. The advancements improve diagnostic 

workflow in skin cancer and oral pathologies, facilitating early detection and reducing reliance on 

invasive biopsies. Collectively, this research strengthens the clinical translation of OCT/OCTA, 

offering a patient-friendly paradigm for improving outcomes in dermatology and dentistry. 
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Chapter 1. Introduction 

1.1 Research Motivation and Aims 

1.1.1 Research Motivations 

Skin and oral cavity diseases, including various forms of cancer, pose significant health challenges 

worldwide. Skin cancers such as melanoma and non-melanoma skin cancers are among the most 

common malignancies, while oral cancers rank high in morbidity and mortality rates globally. Early 

detection of these diseases is essential for improving patient survival rates, since it allows for timely 

intervention and increases the chances of successful treatment. 

Although the skin and oral mucosa are easily inspected with the naked eye, early lesions often show 

subtle subsurface changes that are not visible to the naked eye. Therefore, there is an urgent need 

for a non-invasive diagnostic tool that can detect early pathological changes in tissue structure and 

microvasculature associated with skin and oral diseases. 

Imaging modalities currently used in clinical practice include dermoscopy, reflectance confocal 

microscopy (RCM), high-frequency ultrasound (HFUS), and photoacoustic imaging. Although 

simple and cost-effective, dermoscopy provides limited in-depth information. HFUS offers greater 

imaging penetration depth, but has low axial and lateral resolution, making it less reliable for 

detailed tissue characterization. RCM provides high-resolution images close to the cellular level 

but is confined to the epidermis and papillary dermis, limiting its ability to visualize deeper lesions. 

Photoacoustic imaging provides unique structural and functional insights, but the large system size 

and long acquisition time limit its clinical applicability.  

Optical coherence tomography (OCT) and OCT-angiography (OCTA) have emerged as promising 

non-invasive imaging modalities that offer a good compromise between resolution and imaging 

depth. OCT provides micrometer-level cross-sectional images of tissue anatomical structure, while 

OCTA enables visualization of microvascular networks without the need for contrast agents. These 

modalities have shown potential in dermatology and oral medicine for assessing lesion depth, 

vascular morphology, and tissue structure. 

However, OCT and OCTA techniques face significant limitations. High-quality OCT and OCTA 

imaging typically requires multiple repeated scans (e.g., 4-8 times) at the same location, which 

leads to extended acquisition times, increased patient discomfort, and higher rates of unpredictable 

motion artifacts, which degrade image quality. Inadequate repetition limits the contrast, quality, and 

interpretability of the images, further limiting clinical performance. Additionally, the complexity 

of image processing algorithms and the dependence of image quality on the number of repetitions 

further limit their effectiveness in clinical settings. 

To address these challenges, there is an urgent need to integrate advanced computational methods, 

such as deep learning and graphics processing unit accelerated algorithms, into OCT and OCTA 

imaging pipelines. Deep learning algorithms, particularly deep neural networks, have demonstrated 

remarkable capabilities in image processing tasks, including image reconstruction, super-resolution, 

denoising, and segmentation. By harnessing deep learning, it is possible to enhance image quality 
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from minimal scan data, reduce acquisition times, and improve the diagnostic utility of OCT and 

OCTA imaging for early detection and monitoring of skin and oral diseases. 

This research is motivated by the desire to develop advanced, efficient, and clinically practical 

imaging solutions that address the limitations of current non-invasive methods. By enhancing OCT 

and OCTA techniques with deep learning, we aim to facilitate early detection, reduce unnecessary 

biopsies, improve diagnostic accuracy, and ultimately contribute to better patient outcomes in 

dermatology and oral medicine. 

1.1.2 Research Aims 

The aim of this PhD project is to address the limitations of current OCT and OCTA techniques in 

dermatology and dentistry by developing advanced deep learning algorithms for image processing 

and analysis, and fast scanning protocols to facilitate OCT/OCTA imaging. These innovations aim 

to enhance image quality, reduce acquisition times, and improve diagnostic accuracy for skin and 

oral applications. The aims of the research are: 

1. Optimize data acquisition: Develop standardized processes to collect high-quality OCT and 

OCTA data from skin and oral tissues, using optimized scanning protocols for swept-source OCT 

systems to ensure efficient data capture for deep learning model training and validation.  

2. Enhance data processing: Create an integrated processing pipeline that combines image pre-

processing, post-processing, and deep learning models to streamline the imaging workflow from 

data acquisition to the generation of clinically interpretable images.  

3. Improve diagnostic accuracy: Use deep learning for image reconstruction, segmentation, super-

resolution, and denoising to improve image clarity and resolution, thereby improving the diagnostic 

capabilities of non-invasive OCT/OCTA imaging technologies. 

4. Deep learning technologies and scanning protocols: Innovate advanced deep learning algorithms 

and fast OCT/OCTA scanning protocols to improve image quality, reduce scanning time, and 

increase patient comfort, ultimately improving diagnostic accuracy in dermatology and dentistry. 

Collectively, these aims are designed to translate directly into clinical value. By developing faster 

scanning protocols, this work seeks to reduce patient chair-time and discomfort, particularly in 

sensitive areas like the oral cavity, while simultaneously minimizing motion artifacts that can 

render a scan non-diagnostic. The development of advanced deep learning models for denoising, 

segmentation, and super-resolution aims to provide clinicians with clearer and more detailed 

images, enhancing their diagnostic confidence in identifying subtle pathological features. 

Ultimately, the goal is to create a more efficient and reliable imaging workflow, positioning 

OCT/OCTA as a robust, non-invasive tool for early detection and routine monitoring of skin and 

oral diseases, potentially reducing the number of required invasive biopsies.  

1.2 Thesis Outline 

Chapter 2: Literature Review 

This chapter begins by detailing the anatomy and physiology of the skin and oral cavity, including 

their structures and microvasculature, and how these change under malignant conditions. It reviews 



unauthorised reproduction by automated systems. 

 

representative non-malignant and malignant diseases in these areas, highlighting vascular 

alterations in skin and oral cancers. The chapter then review both invasive and non-invasive 

diagnostic methods, highlighting their limitations. It introduces the principles and recent 

developments of Optical Coherence Tomography (OCT) and OCT Angiography (OCTA), focusing 

on their applications and current challenges in skin and oral imaging. Furthermore, it explores the 

integration of deep neural networks (DNNs) to address these limitations in OCT/OCTA imaging, 

enhancing diagnosis and assessment. Finally, it reviews recent advancements in DNNs for medical 

image analysis and identifies unresolved research challenges central to this PhD project. 

Chapter 3: Data Collection 

This chapter first introduces a standardized pipeline for acquiring OCT and OCTA data in skin and 

oral applications. Then, it introduces the swept-source OCT (SSOCT) system developed in our lab, 

detailing its components such as the system setup, scanning protocol, and flexible sample probe. 

The chapter then discusses the scanning protocols and provides an objective evaluation of 

OCT/OCTA images, including analyses of image quality under different repetitions and spatial 

intervals, as well as sampling times with various scanning protocols. Ethical considerations are 

addressed through discussions on ethics approvals, participant recruitment, consent procedures, and 

data management and privacy measures. Finally, the data collection workflow is presented, which 

is consistently utilized throughout the thesis. 

Chapter 4: All-in-One (AIO) Processing Pipeline  

This chapter introduces a standardized pipeline for OCT and OCTA data processing, which is 

designed and utilized consistently throughout the PhD projects, termed the All-in-One (AIO) 

pipeline. It includes image pre-processing algorithms like GPU-accelerated FFT, frame-averaging, 

and OCTA algorithms to generate high-quality OCT structural and OCTA images. The AIO pipeline 

also includes image post-processing algorithms like intensity-based layer segmentation, volume 

flattening, enface projection, and epidermal/epithelium thickness calculation. Demonstrations of 

preliminary AIO pipeline-based OCT/OCTA results of normal and abnormal skin and oral tissues 

are provided, along with thickness heatmaps. Besides, the AIO pipeline further includes deep neural 

network algorithms, covering dataset preparation, network configurations, training strategies with 

loss functions and optimizers, data partitioning, early stopping, and network evaluation methods 

using image quality assessment and segmentation metrics. 

Chapter 5: Deep Learning Applications on Structural OCT Imaging 

This chapter presents the development of deep neural network-based applications for structural 

OCT imaging, focusing on skin and oral applications. It is divided into three parts: first, it 

introduces LS-Net, a lightweight segmentation network that enhances epidermal segmentation in 

skin OCT images by combining CNN and ViT architectures, achieving high accuracy with reduced 

computational load. Second, it describes a lightweight U-shaped Swin transformer-based denoising 

pipeline for skin OCT images, which effectively reduces speckle noise and improves image quality, 

facilitating faster scans without compromising image quality. Third, it introduces the Efficient 

Segmentation-Denoising Model (ESDM), a multi-task model for oral OCT images that 

simultaneously performs denoising and layer segmentation, significantly improving imaging 
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quality and efficiency. These developments collectively enhance OCT imaging capabilities, aiding 

in accurate diagnosis of skin and oral conditions. 

Chapter 6: Two-Repetition-based Fast OCTA Scanning Protocol  

This chapter presents a deep learning-based fast OCTA scanning protocol that generates high-

quality OCTA images from only two repeated OCT scans, significantly reducing acquisition time 

and improving patient comfort. The chapter is divided into two main parts: first, it introduces the 

Image Reconstruction U-Net (IRU-Net) for skin applications, which overcomes the limitations of 

low-contrast OCTA images from minimal scan data, enhancing image quality and reducing 

acquisition time by 83%. Second, it introduces the U-shaped Fusion Convolutional Transformer 

(UFCT) for oral applications, particularly in the lips, which reconstructs high-quality OCTA images 

from only two-repetition of OCT scans, facilitating data acquisition for oral applications and early 

detection of oral disorders. Both methods show significant improvements over traditional OCTA 

generation methods, enhancing clinical workflows in dermatology and oral medicine. 

Chapter 7: Super-Sampling-based Fast OCTA Scanning Protocol 

This chapter introduces an advanced deep learning-based OCTA scanning protocol that reduces 

sampling time even further than two-repetition methods, achieving sub-second OCTA imaging. By 

utilizing low spatial sampling resolutions, the protocol allows OCTA scanning to be completed in 

approximately one second with our 200 kHz or 400 kHz SSOCT system. To compensate for the 

decreased spatial resolution, two deep neural networks are developed: the Angiography 

Reconstruction Transformer (ART) for skin applications and the Intraoral Micro-Angiography 

Super-Resolution Transformer (IMAST) for oral applications. These models effectively super-

resolve and reconstruct high-quality OCTA images from degraded, low-resolution scans, restoring 

microvascular details and reducing motion artifacts. Both ART and IMAST outperform existing 

super-resolution networks while featuring compact architectures, enhancing clinical workflows by 

providing fast, high-quality OCTA imaging without compromising image quality. 

Chapter 8: Vasculature Extraction for Structure Image 

This chapter presents a novel deep-learning-based vasculature extraction pipeline, which generates 

high-quality OCTA images from a single-repetition OCT scan. Different from traditional OCTA 

methods requiring multiple scansðleading to longer acquisition times and patient discomfortðthe 

proposed VET (Vasculature Extraction Transformer) effectively captures spatial relationships to 

extract vascular signals directly from structural OCT images. Experimental results demonstrate that 

VET reduces data acquisition time by 75% while enhancing image quality compared to traditional 

methods, achieving higher PSNR and better visual clarity. This is the first study to show that high-

quality vasculature images can be efficiently extracted from a one-repetition OCT scan using a 

Transformer-based architecture, significantly improving clinical workflows, reducing patient 

discomfort, and promising potential for real-time OCTA imaging in dermatology and dentistry.  

Chapter 9: Conclusions and Future Works 

This chapter presents the conclusions and limitations of this work along with some suggestions for 

further studies.  
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Chapter 2. Literature Review 

This chapter aims to describe the research motivations by conducting a comprehensive review of 

skin and oral morphology, providing an overview of representative diseases in these areas, and 

pointing out how the anatomical structure and microvasculature change under various malignant 

conditions. A further review of the representative existing invasive and non-invasive diagnostic 

methods with their limitations is provided. Furthermore, this chapter offers a brief review of various 

optical coherence tomography (OCT) and OCT-angiography (OCTA) techniques, highlighting their 

recent development in anatomical structure and angiography imaging, which are essential for 

diagnosing skin and oral diseases. Based on this foundation, this chapter further reviews the current 

challenges of OCT and OCTA imaging in skin and oral applications. The main motivation of this 

thesis is to develop deep neural networks (DNNs) to address those limitations in OCT/OCTA 

imaging, thereby enhancing and facilitating the diagnosis and assessment of these skin and oral 

conditions. Therefore, this chapter thoroughly reviews recent developments in DNNs for medical 

image analysis, particularly their applications in OCT and OCTA. Finally, this chapter separably 

points out the unresolved research challenges related to DNN-based OCT and OCTA image 

processing for skin and oral applications, which are the core research objectives of this PhD project. 

2.1 Anatomy and Physiology of the Skin 

Skin is one of the largest organs in the body, comprising 16% of total body weight [1]. It directs 

contact with the external environment, serving as the first barrier to preventing the entry of harmful 

substances (e.g., biological and chemical agents, and ultraviolet radiation) into the bodies of 

humans and other vertebrates. Skin includes functions like controlling body hydration, sensation, 

thermoregulation, vitamin D synthesis, immune response, and excretion of wastes through sweat 

glands [2]. This section describes the basic anatomical structure of skin and its related diseases.  

 

Figure 2-1 Schematic diagram of anatomical structural of the skin [3]. This diagram shows two 

main layers of the skin: the upper epidermis layer and the lower dermis layer. The dermis-epidermis 

junction layers, also known as basement membrane, is also included in this diagram. 
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2.1.1 Skin Structure 

As illustrated in Figure 2-1, skin consists of two primary layers, the outer epidermis layer and the 

inner dermis layer. The epidermis and dermis are firmly connected, and the total thickness varies 

in different body areas. For instance, the total thickness of eyelids is only 0.5mm, while the 

thickness of the soles of the feet can reach 3-4 mm [4]. 

2.1.1.1 Epidermis 

Epidermis is the outermost layer of the skin, consisting of several essential strata and various cell 

types. It has no blood or nerve supply and is approximately 75-150 Õm thick, reaching up to 600 

Õm on the palms and soles [5]. From the deepest to the most superficial, the epidermis layer 

includes the stratum basale, stratum spinosum, stratum granulosum, stratum lucidum, and stratum 

corneum [6]. Specifically, the stratum lucidum is an extra layer that only existed in the thick, 

hairless skin such as palm, sole, and thumb. These layers reflect the stages of keratinocyte 

differentiation, from the stratum basale layer where they stop proliferating, to the outer stratum 

corneum layer where they are shed. Epidermal turnover takes 14ï30 days on average [2], [5].  

Within the epidermis, some appendages extend through this layer. Hair follicles, while rooted in 

the dermis, extend through the epidermis [7]. Sebaceous gland ducts also traverse the epidermis to 

open into hair follicles, contributing to the lubrication and waterproofing of the skin surface [5]. 

Regarding cell types, the epidermis contains keratinocytes, melanocytes, Langerhans cells, and 

Merkel cells, with keratinocytes comprising at least 80% of the cell population [6]. Keratinocytes 

originate from the stratum basale and produce keratin and lipids, crucial for the epidermal water 

barrier. Melanocytes, located between the stratum cells, synthesize melanin, the primary skin 

pigment, providing UV protection and acting as a built-in sunscreen. Langerhans cells are the 

primary immune defence, crucial for antigen presentation. Merkel cells, in the stratum basale layer 

above the basement membrane, act as mechanoreceptors for light touch. They are found in the 

palms, soles, oral cavity and genital mucosa, with the highest concentrations in the fingertips.  

2.1.1.2 Dermo-Epidermal Junction (DEJ) Layer 

The dermo-epidermal junction layer, or basement membrane zone, lies at the interface between the 

epidermis and the dermis and strongly links these layers [8]. The range in thickness of DEJ layer 

from 26 to 62 Õm [9]. DEJ consists of four layers: the basal keratinocyte plasma membrane, the 

lamina lucida containing laminin and anchoring filaments, the lamina dense rich in collagen type 

IV, and the lamina fibroreticular is abundant in collagen type VII [2]. The DEJ layer also supports 

the avascular epidermis, determines epidermal polarity, and acts as a barrier against epidermal 

migration [10]. In addition, the DEJ layer can influence epidermal differentiation and maintain the 

proliferative state of the basal layer and can transmit signals between the epidermis and the dermis. 

Several skin diseases have been proven related to DEJ layer, including genetic disorders (e.g., 

junctional epidermolysis bullosa (EB), dystrophic EB, and kindler syndrome) and acquired 

disorders (e.g., pemphigoid diseases and acquired EB) [11].  

2.1.1.3 Dermis  

The dermis layer is thicker than the epidermis layer can reach 2 to 4 mm thick and connect to the 

epidermis through the DEJ layer [12]. The dermis consists mostly of fibrous and amorphous 
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extracellular matrix (ECM) interspersed between skin appendages, nerves, lymphatic, vessels, 

receptors, and dermal cells [13]. Several types of cells are resident in the dermis, for example, the 

macrophages, the mast cells, and fibroblasts.  

The dermis includes several skin appendages [5]. Sweat glands, both eccrine and apocrine types, 

are located within this layer, is essential for thermoregulation and waste excretion [14]. Sebaceous 

glands, embedded in the dermis, secrete sebum to lubricate and waterproof the skin [15]. Hair 

follicles, anchored in the dermis and extending to the epidermis layer, are essential for hair growth 

and various skin functions [7]. Ceruminous glands in the external ear canal and mammary glands 

in the breast are found within the dermis, contributing to their specific secretory functions [16].  

2.1.1.4 Subcutaneous Layer 

The subcutaneous layer is also known as adipose tissue or hypodermis. It mainly consists of loose 

connective tissue and fat, that is not part of the skin [17]. It is the connection between the dermis 

layer and the underlying muscles and bones, thereby maintaining skin integrity and shape. Due to 

the large amount of adipose tissue, subcutaneous layers can also provide functions like energy 

storage, insulation, and mechanical protection.  

2.1.2 Skin Microvasculature 

The skin microvasculature is a complex network of tiny blood vessels, including arterioles, 

capillaries, and venules, which are essential in various physiological processes (e.g., tissue 

perfusion, temperature regulation, wound healing, nutrient exchange, and thermoregulation) [18]. 

As shown in Figure 2-2, these vessels are mainly distributed in two locations: 1) the deep horizontal 

plexus, which are parallel to the skin surface at the dermal-subcutaneous interface, from where 

ascending arterioles extend and form a superficial plexus within the dermis; 2) capillary loops that 

are perpendicular to the skin's surface, except in specific regions like nail folds.  

 

Figure 2-2 Schematic diagram of microvasculature of the skin in three main layers: the epidermis, 

the dermis, and the hypodermis [19].  
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exhibits specific diameters and morphologies. Among these, arterioles in the papillary dermis range 

from 17 to 26 Õm in diameter and represent terminal arterioles [18]. While capillaries, around 20 

Õm in diameter, extend perpendicularly to the skin surface, except in areas like nail folds [20]. The 

blood flow rates through these micro vessels are dynamic. Total cutaneous blood flow can range 

from nearly zero in extreme cold to 6-8 L/min distributed across the entire body's skin during severe 

hyperthermia. Several diseases have been found to have a relationship with impaired microvascular 

function in the skin, such as coronary heart disease [21], type 2 diabetes [22], and diabetic foot [23], 

[24], resulting in significant clinical manifestations, including ulcers and chronic wounds. 

2.1.3 Non-malignant Skin Diseases 

Skin integrity and appearance are closely associated with overall well-being and self-esteem. 

However, diseases that directly affect the skin rank as the fourth most frequent cause of human 

illness, impacting approximately 1.9 billion individuals worldwide [25]. In Europe, about 1% of 

the population suffers from such conditions [26]. These disorders often lead to significant morbidity, 

disfigurement, disability, or chronic itching. For instance, secondary cellulitis arising from 

lymphatic filariasis can result in limb enlargement, immobility, and social isolation  [27]. Common 

skin diseases include inflammatory (e.g., psoriasis, eczema), infectious (e.g., bacterial, viral, 

fungal), autoimmune (e.g., lupus), and malignant (e.g., melanoma, non-melanoma) conditions 

[28]ï[30]. In this section, I will mainly review the common non-malignant skin diseases.  

2.1.3.1 Skin wound/injury 

Most minor skin wounds heal spontaneously. However, scars and pain resulting from surgery, burns, 

and acute or chronic injuries can profoundly affect patientsô mental health and quality of life [31]. 

Therefore, understanding and assessing the different stages of wound healing is crucial for early 

intervention and effective treatment [32]. Skin wound healing generally proceeds through three 

overlapping phases: inflammatory, proliferative, and remodelling [33]. The inflammatory phase 

involves vascular constriction and the recruitment of leukocytes to clear debris, followed by a 

proliferative phase characterised by granulation tissue formation and re-epithelialisation. The 

remodelling phase then reorganises and strengthens the extracellular matrix, culminating in a scar. 

During wound healing, angiogenesis is essential. Vascular endothelial growth factor (VEGF) acts 

as an endothelial cell mitogen, a chemoattractant, and an inducer of vascular permeability [34], 

thereby promoting angiogenesis, epithelialisation, and collagen deposition, which accelerate the 

healing of chronic wounds [35]. Conversely, conditions such as diabetes, diabetic foot ulcers, and 

pressure sores can impair re-epithelialisation and slow the overall healing process [36].  

2.1.3.2 Inflammatory skin disease 

Inflammatory skin diseases are characterised by skin inflammation, commonly presenting with 

redness, itching, and discomfort [37]. Psoriasis [38] and atopic dermatitis (eczema) [39] are among 

the most prevalent types.  

Psoriasis is a chronic, non-communicable inflammatory condition often associated with psoriatic 

arthritis, as well as psychological, cardiovascular, and hepatic comorbidities. It is marked by 

vascular alterations, such as tortuous and dilated capillaries, which precede epidermal hyperplasia. 

Lesional redness arises from these vessels near regions of epithelial thinning, and electron 

microscopy can reveal dilated lymphatic vessels in the superficial dermis [40]. In the UK, psoriasis 
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affects approximately 1.52% of the general population [38]. It can manifest in various forms, 

including plaque, flexural, guttate, pustular, or erythrodermic [41]. Early diagnosis is essential for 

effective disease management and better outcomes. 

Atopic dermatitis (AD) is another chronic inflammatory disease, distinguished by itchy, 

erythematous, and scaly lesions often localised to flexural surfaces [39]. AD can cause dermal 

capillary dilation with perivascular oedema, producing erythema and pruritus [42]. There are three 

main stages of AD: 1) Acute atopic dermatitis presents with a vesicular, exudative, crusting rash. 2) 

Subacute atopic dermatitis is present with dry, scaly, erythematous papules and plaques. 3) Chronic 

atopic dermatitis presents with intensification due to repeated scratching [43].  

2.1.3.3 Infectious skin diseases 

Infectious skin diseases are mainly caused by bacterial, viral, parasites, and fungal. These diseases 

are often characterized by rashes, lesions, and other skin abnormalities [44]. For bacterial infection, 

impetigo is mainly caused by Staphylococcus aureus or Streptococcus pyogenes, resulting in red 

sores, usually around the nose and mouth, which can rupture and form honey-coloured crusts [45]. 

Cellulitis, a deeper bacterial infection commonly linked to Streptococcus or Staphylococcus, causes 

swollen, red, and painful skin, often affecting the lower legs [46], [47]. Regarding the viral infection, 

herpes simplex is caused by herpes simplex virus (HSV) and presents as painful blisters or sores 

around the mouth (HSV-1) or genital area (HSV-2) [48]. Fungal infection skin diseases include 

athleteôs foot, ringworm, and candidiasis, caused by fungi like Trichophyton, Microspore, and 

Candida species, leading to itchy, scaly, and sometimes painful skin [49]ï[51]. Scabies is a parasitic 

infestation caused by the mite Sarcoptic scabiei, resulting in intense itching and a pimple-like rash, 

often in the webbing of the fingers, wrists, elbows, and skin folds [52]. 

2.1.4 Skin Cancer 

Skin cancer is the most common malignancy worldwide, particularly prevalent among White 

populations due to reduced melanin-based protection [53], [54]. Among these groups, 90ï95% of 

skin cancers are attributable to ultraviolet (UV) radiation [55]. Several types of cells form skin 

cancer in various areas, as shown in Figure 2-3, and the main types are basal cell carcinoma (BCC), 

squamous cell carcinoma (SCC), melanoma, Merkel cell carcinoma, and Kaposi sarcoma [56]ï[58].  

 

Figure 2-3 Schematic diagram of different types of skin cancers and its main distribution [59], 

including squamous cell carcinoma (SCC), basal cell carcinoma (BCC), and melanoma. 

Types of Skin Cancers

Localized to

epidermis

Squamous Cell

Carcinoma

Basal Cell

Carcinoma
Melanoma

Epidermis

Dermis

Subcutaneous

Tissue



unauthorised reproduction by automated systems. 

 

2.1.4.1 Melanoma 

Melanoma arises from melanocytes in the epidermis, which produce pigment. It is notably 

aggressive and carries a high likelihood of metastasis. Although melanoma comprises only around 

4% of all skin cancer cases, it accounts for approximately 65% of skin cancer-related fatalities [60], 

[61]. Early detection is vital, as melanoma readily spreads to other body sites [62]. Most lesions 

are visible on the skinôs surface and can resemble moles, typically brown or black in colour. They 

may develop in existing moles or appear as new spots and can arise anywhere with melanocytes, 

including sun-exposed or non-exposed areas. Common locations include the back, legs, arms, and 

face. Key risk factors include UV exposure, family history, and having multiple moles [63].  

2.1.4.2 Non-melanoma Skin Cancer 

Non-melanoma skin cancer (NMSC) is the most common malignancy in White populations, 

accounting for 70% of skin cancer management costs [64]. It comprises basal cell carcinoma (BCC) 

and squamous cell carcinoma (SCC), and has been steadily increasing over the past decade [64]. If 

left untreated, NMSC can seriously damage surrounding tissues and vascular structures, sometimes 

necessitating extensive surgery or becoming inoperable. While SCC can also cause local tissue 

damage, approximately 0.3ï4% of cases metastasise [65]. High-risk tumours exhibit higher 

recurrence and lower cure rates. Precancerous lesions, such as carcinoma in situ and actinic 

keratosis (AK), can develop into SCC if undiagnosed or untreated. Early detection is thereby crucial.  

2.1.4.3 Merkel Cell Carcinoma 

Merkel cell carcinoma (MCC) is rare but aggressive skin cancer, which associated with nerve 

endings [56]. Merkel cell polyomavirus and chronic UV exposure are the primary aetiological 

factors. In northern regions, where UV levels are relatively low, viral causation prevails, whereas 

in high-UV areas, radiation-induced carcinogenesis predominates. Thus, sun-exposed areas such as 

the face, head, and neck are frequently affected. At diagnosis, around 30% of patients already 

exhibit regional metastasis. Surgical excision is the first-line treatment; when surgery is not feasible, 

radiation therapy can provide effective disease control. Chemotherapy is usually reserved for 

advanced or refractory MCC. Early detection can alleviate patient morbidity and improve survival.  

2.1.4.4 Kaposi Sarcoma 

Kaposi sarcoma (KS) originates from blood vessel-associated cells in the skin and is often linked 

to immunocompromised states, including HIV infection [58]. It normally appears on the legs, face, 

or other body regions. Early detection and intervention are essential, since treatment for advanced 

disease (chemotherapy with pegylated liposomal doxorubicin or paclitaxel) is rarely curative.  

2.1.4.5 Vasculature Changes in Skin Cancer 

As skin cancers develop, they alter surrounding tissues and the vascular network, as Figure 2-4 

shown. Tumour growth and dissemination depend on these vascular changes, which sustain tumour 

viability and facilitate metastatic spread [66]. Therefore, understanding vascular morphology is 

important for the prevention and diagnosis of skin cancer.  

In NMSC, SCC often exhibits increased epidermal thickness relative to normal skin. Its vascular 

network can appear granular, with dotted, speckled, or curvilinear vessels [67]. In BCC, superficial 

arborised blood vessels (telangiectasias) are frequently observed. Histopathology of multifocal 
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superficial BCC indicates heightened vascularisation in the dermis between multiple tumour 

islands [68]. Melanoma lesions typically display larger dermal vessels forming characteristic, 

regularly spaced curves extending from deeper to more superficial layers [67]. 

 

Figure 2-4 Tumor angiogenesis at various stages [69]. (a) Tumour cells secrete growth factors, 

inducing blood vessel sprouting; (b) newly formed vessels supply nutrients, promoting tumour 

proliferation; (c) vascularisation enables metastasis through the bloodstream. 

2.2 Anatomy and Physiology of the Oral Cavity 

2.2.1 Oral Cavity Structure 

The oral cavity is essential for both digestive and respiratory functions. It comprises several 

anatomical structures, including the lips, hard and soft palates, floor of the mouth, tongue, gingiva, 

teeth, and multiple salivary glands [70]. This section principally focuses on the lip, gingiva, hard 

and soft palates, and tongue, which are particularly relevant to this thesis. Besides, the oral mucosa 

membranes which is essential to the oral cavity is also introduced.  

2.2.1.1 Lip 

The lips are highly visible, cosmetically significant structures that strongly influence facial 

appearance and expression. Functionally, they form the entrance to the oral cavity, playing essential 

roles in food intake and speech. Each lip comprises three main components, the skin, lip vermilion, 

and mucosa, and each with distinct properties [71]. Although the skin covering the lips shares 

characteristics with other skin regions, it is much thinner and lacks the robust keratinised layer 

found on the hands. The vermilion border, serving as a transitional zone between the skin and 

mucosa, contains no hair follicles, sebaceous glands, sweat glands, or salivary glands. Its thin 

keratin layer and lack of melanocytes contribute to reduced pigmentation, rendering the underlying 

blood vessels more visible and imparting a red or pink hue [72]. 

2.2.1.2 Gingiva 

The gingiva is essential for sustaining oral health and aesthetics. It encircles the teeth, covers the 

alveolar bone, and shields underlying structures from mechanical damage and microbial invasion 

[73]. Composed of fibrous connective tissue and abundant immune cells, the gingiva is essential to 

prevent periodontal diseases [74]. It is divided into marginal, attached, and interdental regions. 
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2.2.1.3 Soft and Hard Palate 

The hard and soft palates are fundamental structures within the oral cavity. The hard palate, located 

anteriorly in the roof of the mouth, comprises a bony plate covered by mucous membranes. 

Posterior to it lies the soft palate, primarily composed of muscle and connective tissue [75]. Both 

palates are predominantly supplied by the palatine arteries, which branch from the maxillary artery 

and support tissue nourishment and healing.  

2.2.1.4 Tongue 

The tongue is a muscular, highly vascular organ serving multiple functions, including mastication, 

taste, speech, and swallowing [75]. The tongue has a rich vascular network that can satisfy the 

nutrition and oxygen supplement, making it high metabolic activity and rapid healing [76].  

2.2.2 Oral Mucosa and Microvasculature 

2.2.2.1 Layer Structures of Oral Mucosa 

In the oral cavity, the mucosal membrane is defined as a moist lining that communicates with the 

external environment [77]. Oral mucosa lacks follicles, sweat glands, and sebaceous glands, but it 

provides crucial protection against mechanical forces, microbial invasion, and harmful substances. 

Structurally, it comprises three layers: the epithelium, the lamina propria (composed of connective 

tissue), and the submucosa (containing blood vessels, lymphatic vessels, and glands) [78].  

 

Figure 2-5 General histological features of oral mucosa, including (A) lining and (B) masticatory 

mucosa. The masticatory mucosa is composed of orthokeratinized stratified squamous epithelium 

(with four layers) overlying lamina propria. A deeper thin submucosa may or may not be present 

and may overlay bone. Cells in the keratin layer lack nuclei and are filled with keratin, although 

the spiky artifact of the prickle layer is not shown. In contrast, the lining mucosa consists of 

nonkeratinized stratified squamous epithelium (with three layers) overlying lamina propria, with a 

deeper submucosa typically present overlying muscle. Adapted from PocketDentistry, accessed 

[03/12/2024], https://pocketdentistry.com/9-oral-mucosa/#s0010. 

Functionally and histologically, the oral mucosa is classified into three types: lining mucosa (60%), 
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mechanical stress, such as dorsum of the tongue, hard palate, and attached gingiva [80]. For 

instance, the epithelium in attached gingiva includes oral epithelium that is keratinized and covers 

the surface of gingiva [74]. Lining mucosa is composed of non-keratinized stratified squamous 

epithelium, which makes it softer and more flexible. This type of mucosa can be found in areas that 

do not require severe mechanical stress, including lips, cheeks, soft palate, floor of the mouth, and 

the ventral surface of the tongue [78], [80]. In addition, due to the rich vascular network, the lining 

mucosa has a bright red colour. The specialized mucosa can be found on the dorsal surface of the 

tongue, which contains taste buds and papillae [78], [80].  

2.2.2.2 Oral Microvasculature 

The oral cavity microvasculature comprises a complex network of arterioles, capillaries, and 

venules located primarily in the submucosal connective tissue, underlying the avascular epithelium 

layer. These blood vessels are important for several physiological processes, for instance, nutrient 

and oxygen delivery, waste removal, immune response, and wound healing [81]. The density and 

arrangement of these micro vessels can vary significantly across different regions of the oral cavity. 

For example, the gingival and palatal mucosae are richly vascularized to support high metabolic 

demands and rapid turnover of epithelial cells [82].  

2.2.3 Non-malignant Oral Diseases 

Common oral diseases, including those affecting the teeth and periodontal tissues, can significantly 

hinder daily activities such as eating, speaking, and general comfort [83]. Periodontal disease and 

dental caries are particularly prevalent in industrialised regions [84]. There exists an extensive 

range of mucocutaneous disorders, such as ulcers, salivary gland stones, and chronic nibbling of 

the lips [85]ï[87]. Notably, lip ulcers are relatively common in oral medicine and most lip ulcers 

are benign and often resolve quickly without clinical intervention. Other frequent non-malignant 

oral diseases encompass caries [88], teeth sensitivity [89], periodontal diseases (e.g., gingivitis [90] 

and periodontitis [91]), and infection diseases (e.g., candidiasis [92] or herpes simplex virus [93]).  

Oral microvasculature is essential for tissue health and immune defence, various oral pathologies 

can disrupt vascular structures and adversely affect both oral and systemic wellbeing. For example, 

periodontal disease may alter vasculature by increasing vascular permeability and proliferation in 

gingival tissue [94]ï[96]. Systemic disorders such as diabetes can exacerbate these microvascular 

changes, reducing blood flow, hindering healing, and elevating infection risk [97]. Moreover, 

chronic oral infections (e.g., periodontitis) may aggravate cerebral small vessel disease, linking oral 

health to neurological conditions such as cognitive decline and Alzheimerôs disease [98]. 

2.2.4 Oral Cancer 

Oral cancer represents a significant public health concern, particularly among dental professionals 

[99]. It is a malignant tumour originating in the oral cavity or lip. The tongue is the most commonly 

affected site (40% of cases), followed by the floor of the mouth (30%), with the gums, buccal 

mucosa, lip mucosa, and lamina being less frequent locations [100]. Approximately 90% of oral 

cancers are histologically derived from squamous cells, thus termed oral squamous cell carcinoma 

(OSCC) [101]. Other types such as minor salivary gland malignancies, sarcomas, malignant 

odontogenic tumors, melanomas, and lymphomas accounted for fewer than 10% of cases [102]. 

Certain oral ulcers may indicate life-threatening systemic or neoplastic conditions triggered by 
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infection, autoimmunity, trauma, or malignancy [103]. Oral carcinogenesis is a complex, multifocal 

process spanning several stages from normal mucosa to papillary hyperplasia, varying degrees of 

dysplasia, carcinoma in situ, and ultimately invasive squamous cell carcinoma often unfolding over 

many years [100]. Each stage can differ considerably in colour, texture, and lesion characteristics. 

For instance, dysplastic mucosa may present prominent white or red patches, whereas carcinoma 

in situ often appears as thickened or hardened areas with a rough or verrucous surface [100].  

2.2.4.1 Vasculature Changes in Oral Cancer 

Malignant transformations in oral tissues prompt the development of abnormal vasculature through 

tumour angiogenesis [104]ï[106]. Tumour-derived blood vessels are frequently irregular, tortuous, 

and suboptimal at delivering oxygen and nutrients, thereby aiding tumour growth and dissemination, 

as well as contributing to persistent sores and pain. Pathological conditions such as leukoplakia and 

OSCC exhibit marked alterations in vascular density and organisation [107]. Besides, compromised 

oral vascular function can be associated with systemic diseases like diabetes and cardiovascular 

disorders, manifesting clinically as ulcers and chronic wounds [97], [105], [108]. Therefore, early 

detection of vascular anomalies may facilitate prompt identification of malignant tumours. 

2.3 Diagnostic Methods for Skin and Oral Diseases  

2.3.1 Invasive Diagnostic Methods 

In oral cavity and skin disease diagnosis and assessment, biopsy remains the golden standard for 

definitive diagnosis [109]ï[111]. Oral and skin tissue sample are examined microscopically to 

identify pathological changes. The biopsy can be done by shaving, punching, or incision to obtain 

sufficient tissue volume for interpretation. Nevertheless, biopsy can only achieve confirmation of 

malignancy. It is difficult to obtain information on the extent, presence of ulceration and perineural 

or vascular involvement. Moreover, biopsy carries risks of inflammation, bleeding and scarring, 

which bringing the discomfort and painful to the patient. Large numbers of unnecessary biopsies 

are placing a financial burden on the NHS. While highly regarded, biopsies exhibit variable 

sensitivity (78% in skin cancer [112] and 86% in oral cancer [112]). This variability can result in 

false negatives or positives, potentially leading to misdiagnosis or delayed treatment. 

2.3.2 Non-invasive Diagnostic Methods  

The skin and oral cavity, as highly visible and cosmetically anatomical structures, can significantly 

affect an individualôs appearance when altered. Early diagnosis of skin and oral cancer can improve 

the survival rate [101], [113]; thus, non-invasively and highly repeatable methods are needed for 

oral and skin disease diagnosis and assessment. Besides, non-invasive methods can reduce the 

bleeding and painful to the patient. To non-invasively assess the skin and oral conditions and 

improve the diagnosis of the diseases in the early stages, several methodologies have been 

developed. In the dermatology, several methods had been proposed to non-invasively imaging the 

skin, including Dermoscopy and confocal microscopy [114], photoacoustic [115], and high-

frequency ultrasound [116]. In oral cavity, non-invasive methods like salivary diagnosis [117], 

intraoral scanner [118], multispectral digital microscopy [119], fluorescence imaging [120], and 

mucous membrane Dermoscopy (mucoscopy) [121] have been explored for lip disease diagnosis. 

In this section, I will introduce the representative non-invasive diagnostic methods for skin and oral 

diseases detection and discuss their limitations separately.  
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2.3.2.1 For Skin Diseases 

Visual examination by an experienced dermatologist remains the primary method of diagnosis. This 

approach relies on identifying characteristics of the skin tissues, such as patterns, colours, shapes, 

and distributions of abnormalities. For instance, skin diseases that manifest on the surface of the 

skin (e.g., eczema and psoriasis) can be diagnosed through visual examination. Nevertheless, visual 

examination depends heavily on the clinicianôs experience and ability to distinguish the differences 

in appearance, which reduces the accuracy and specificity of the diagnosis. Besides, diseases like 

SCC often exhibits subtle characteristics in the early stages, which might negatively influence early 

detection and timely treatment [122]. Recent studies have shown that Dermoscopy can improve the 

specificity and accuracy of the skin disease diagnosis [123]ï[125].  

As a non-invasive imaging technique, Dermoscopy has become an important tool for specialists to 

assist in diagnosis and is increasingly used in primary care settings. Compared with visual 

examination, Dermoscopy improves the diagnostic accuracy of skin diseases by magnifying skin 

lesions and structures. Recent studies have shown that Dermoscopy can be useful in the assessment 

of melanoma [126]ï[129], basal cell carcinoma [130], and infectious and inflammatory skin 

diseases [131]. However, Dermoscopy requires sufficient training of the clinical doctors and 

requires more time in the diagnosis [132]. Furthermore, because dermoscopy mainly relies on 

classic skin features, it is limited in diagnosing very early and largely featureless melanomas, and 

its specificity is poorer in non-pigmented or heavily pigmented lesions [133], [134]. Besides, 

dermoscopy has a limited penetration depth, only to the superficial of stratum spinosum [135]. 

Confocal microscopy (CM) is an in vivo imaging technique with a penetration depth ranging from 

100 to 350 Õm, providing high-resolution images (i.e., lateral resolution of 0.5-1.0 Õm and axial 

resolution of 3-5 Õm) of the epidermis to the dermo-epidermal junction layer [136]. CM is 

beneficial for diagnosing skin cancer and other dermatologic conditions by allowing visualization 

of skin layers at the cellular level [137]. However, CM presents several limitations: dermatologists 

or pathologists not well-versed in reflectance confocal microscopy may find reading grayscale 

images difficult; its ability to explore dermal changes or infiltration is poor, effectively imaging the 

epidermis but not the mid- and deep dermis; it provides limited clinically valuable information in 

cases of palmoplantar or hyperkeratotic lesions, crusts, or ulcerations due to thick skin; and, despite 

being commercially available, its high cost restricts its use primarily to research [138].   

High-frequency ultrasound (HFU) is a real-time in vivo imaging technique that can differentiate 

skin layers and deeper structures [139], [140]. To achieve a higher resolution to visualize the skin 

layers, the high-frequency ultrasound (HFU) with 20-25 MHz frequency is normally used in 

dermatology, giving an axial resolution of 50 to 80 Õm, and lateral resolution of 200 to 300 Õm 

[136]. In addition, an ultrasound device with a frequency of 40 to 100 MHz frequency can provide 

an axial resolution of 17 to 30 Õm and a lateral resolution of 33 to 94 Õm [141]. While HFU can 

provide more penetration depth than optics-based imaging methods; however, the axial and lateral 

resolution is still lower than most optical methods. Although a higher frequency ultrasound can 

enhance the resolution, it also reduces the penetration depth of ultrasound imaging at the skin 

structure, thereby not providing a high-definition image of the deeper skin layer and subcutaneous 

layer. In addition, the contact interface transducer and tissue can be difficult, e.g. with skin ulcers. 



unauthorised reproduction by automated systems. 

 

Photoacoustic imaging (PAI) is a novel and non-invasive imaging modality that can obtain high 

temporal and lateral resolution and high contrast image from the skin biological tissues [115]. The 

penetration depth of PAI in biological tissues is wavelength dependent. In the dermatological 

application, with the laser light that has 800 nm, the PAI can image the human breast with 

approximately 4mm depth [142]. The lateral resolution of PAI is determined by the focal diameter 

of the ultrasound transducer and the optical focusing of the excitation light, and the axial resolution 

depends on the bandwidth of the ultrasound transducer [143], [144]. Consequently, with the high-

frequency transducer (e.g., 20-100 MHz), the PAI can provide a lateral resolution of 15-50 Õm and 

an axial resolution of 20-200 Õm. In PAI, due to the attenuation of acoustic and optics strongly 

depending upon the soft tissue types, there is a trade-off between the spatial resolution and the 

imaging depth [144]. For the centimetre penetration, the spatial resolution is at the sub-millimetre; 

in contrast, in the approximately 100 Õm penetration, the spatial resolution is at approximately 10 

Õm. In addition, PAI system is complex and costly to setup and maintain, which requires precise 

synchronization of laser pulses and ultrasound detection, as well as advanced signal processing 

algorithms, making them less accessible for some clinical settings [145]. 

2.3.2.2 For Oral Disease  

Salivary diagnosis is based on non-invasive oral sample collection, which is easy to perform by 

analysis of saliva for biomarkers that indicate the presence of specific oral diseases [146]. For 

instance, the biomarkers of the OSCC contain DNA/mRNA or microRNA biomarkers, 

metabolomic biomarkers, inorganic compound biomarkers, and peptide biomarkers [147]. 

However, salivary diagnosis has several challenges still limit its clinical usage [147]: (1) the 

conditions and methods for saliva sample collection, processing, and storage lack standardization. 

(2) the differences in potential OSCC salivary biomarker levels in non-cancer individuals and 

OSCC patients and the lack of specific OSCC salivary biomarkers directly lead to low specificity.  

Intraoral scanners can be seen as optical impressions that can directly obtain information about the 

patient's dental arch, reducing the temporary discomfort and inconvenience of traditional physical 

impressions [148]. However, intraoral scanner has difficulties in soft tissue analysis and in 

diagnosing diseases manifesting in the mucosa, periodontitis, and subgingival regions [148]. 

Mucoscopy stands for the Dermoscopy of skin diseases affecting mucous membranes [149]. 

Similarly, the mucoscopy can magnify the oral mucous membrane for oral disease diagnosis, 

including benign oral lesions, inflammation, vascular lesions, benign hyperplasia, and infectious 

diseases [150]. Similar to the limitations in Dermoscopy, mucoscopy shares the common 

limitations with dermoscopy due to it can be seen as the dermoscopy of oral mucosal lesions [151]. 

Fluorescence imaging uses the natural fluorescence properties of tissues and biofilms to detect 

abnormalities, it is a high-sensitivity, in vivo, and real-time imaging technique [120]. In particular, 

the normal oral cell has fluorophores like nicotinamide adenine dinucleotide (NADH), flavin 

adenine dinucleotide (FAD), collagen, and the reduced form of nicotinamide [152]. The 

fluorophores absorb light at a specific wavelength (400-460 nm) and emit at a higher wavelength 

(510 nm). The fluorescence of NADH makes healthy tissue appear as green areas. In contrast, in 

tumour, metabolic alterations lead to changes in the distribution of fluorophores within the tissue, 

making tumour tissue appear as dark black areas [146]. However, fluorescence imaging in oral 
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applications faces several limitations, including low image contrast due to tissue autofluorescence, 

low specificity in diagnosis, and limited penetration depth [153]. 

2.3.3 Limitations of the Current Non-invasive Methods 

The limitations of salivary diagnosis, intraoral scanner, mucoscopy, confocal microscopy, 

dermoscopy, high-frequency ultrasound, fluorescence imaging, and PAI present the gaps in 

resolution, specificity, penetration depth, and user accessibility. Due to the limitations of the non-

invasive techniques mentioned above, there is an urgent require for an alternative imaging modality 

that can provide moderate penetration depth, a high-resolution, non-invasive, and fast imaging 

speed to overcome these shortages. Optical coherence tomography (OCT) has high potential in oral 

and skin disease diagnosis [154]ï[158], with the advantages of real-time, high-resolution (5-10 Õm) 

tomographic images up to 1-3 mm depth in biological tissues. Thus, OCT has the ability to address 

the inherent weaknesses of other methods, making it a highly promising technique in the field of 

dermatology and oral cavity. The following section will introduce the OCT in detail.  

2.4 Optical Coherence Tomography (OCT) and OCT-Angiography (OCTA) 

OCT is a non-invasive, label-free, real-time in vivo imaging modality that can provide high 

resolution (5-20 Õm) tomographic images with depth information up to 3mm in biology tissue [159]. 

It overcomes many weaknesses inherent in the above imaging devices. Current OCT imaging speed 

is mainly limited by the light source sweep rate in swept source (SS)OCT and camera readout speed 

in spectral-domain (SD)OCT. State-of-the-art research SDOCT can achieve ~1 MHz A-scan rate 

with specific components and algorithms [160], and SSOCT systems achieve 10-40 MHz with 

advanced akinetic swept sources [161], [162].  

OCT is relatively inexpensive, highly portable and enables repeat imaging of in vivo human tissues 

to observe short/long term changes. Thus, OCT is suitable as a non-invasively device for skin and 

oral diagnoses. In this section, I will introduce the principles of OCT, different generations of OCT, 

functional OCT, and various OCT-based applications in the fields of dermatology and dentistry.  

2.4.1 Principle of OCT 

The initial OCT system was developed in 1991, employing a superluminescent diode at 830 nm as 

the low-coherence light source for a fibre-optic Michelson interferometer [163]. After that, in 1993, 

the first in vivo retinal image by OCT was available. Commercialisation accelerated with Zeiss's 

acquisition of an OCT startup in 1994 and the launch of the first commercial ophthalmic OCT 

device in 1996 [164]. By 2004, OCT procedures had reached 10 million worldwide. Until now, 

OCT is integral to ophthalmology, and recent studies have shown that OCT can be used on 

dermatology [165], dentistry [166], oncology [167], and cardiology [168].  

The low-coherence Michelson interferometer (Figure 2-6) is the foundation of OCT. It uses a 

broadband light source whose output is split into two beams, one directed to a reference mirror and 

the other to the mirror. After reflection, both beams recombine at the beamsplitter. Because of the 

lightôs short coherence length, interference only occurs when the optical paths of the sample and 

reference beams closely match (on the order of micrometres). A photodetector records this 

interference pattern.  
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Figure 2-6  Schematic of Michelson interferometer. 

In the initial, time-domain OCT implementation, depth information (A-scan) is obtained by 

translating the reference mirror and measuring the interference signal at each mirror position. This 

time-domain approach directly captures the depth profile through envelope detection of the 

interference signal as the reference mirror scans. The raw interference signal undergoes processing 

to remove background components and extract the amplitude of backscattered light at each depth, 

producing an intensity-based A-scan.  

The axial and lateral resolutions are essential parameters for obtaining the high-resolution, cross-

sectional imaging of internal structures in biological tissues. Axial resolution (ɝᾀ) refers to the 

ability to distinguish between two points along the direction of the light beam, and it is determined 

mainly by the coherence length (i.e., broader bandwidth) of the light source. Specifically, a shorter 

coherence length can provide a higher axial resolution. The equation for axial resolution is [169]:  
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where ‗ is the central wavelength of the light source, and ɝ‗ is the full width at half maximum 

(FWHM) bandwidth of the light source, and n is the refraction index of the media. Therefore, OCT 

systems typically achieve axial resolutions of 5-15 Õm in tissue, with research systems reaching 1-

3 Õm using ultrabroad bandwidth sources [170], [171]. The fundamental limit is determined by the 

available bandwidth of light sources and water absorption in tissue. For example, at 1300 nm 

(common in dermatology), achieving cellular-level axial resolution (~2 ɛm) requires ~500 nm 

bandwidth [171]. 

The lateral resolution (ɝὼ) is the ability to resolve points perpendicular to the direction of the light 

beam, and it is determined by the numerical aperture (NA) of the focusing optics (e.g., lens) and 

the wavelength of the light source [172]. A higher NA and shorter wavelength can provide a better 

lateral resolution. Practically, the lateral resolution is defined by the beam diameter at FWHM, this 

is considered by multiplying the double beam radius by ςЍὰὲς, leading to the equation [172]:  
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where n is the refraction index of the media, d is the diameter of the light beam (decay to 1/e2) 

entering the object lens, ‗ is the central wavelength of the light source, and Ὢ  is the focusing 

length of the object lens in OCT system. Although a higher NA (i.e., tighter focusing of the optics) 

allows for a higher lateral resolution, it also reduces the depth of focus (DoF) [173]. DoF stands for 

the range over which the OCT system can maintain a sharp focus, it is also related to the wavelength 

of the light. Outside the DoF area, the intensity returned from the sample is significantly reduced. 

The equation of the DoF can be written as [172]:  
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The other factors that influence the penetration depth of the OCT system are the scattering and 

absorption properties of the tissues. For instance, a longer wavelength has lower scattering 

coefficients in biological tissues, resulting in greater penetration depths. However, absorption 

increases at certain wavelengths, limiting the penetration. Thus, in skin imaging, near-infrared light 

(e.g., 1300 nm wavelengths) can achieve a penetration depth of 1-2mm due to its relatively low 

water absorption and scattering compared to its wavelength counterparts, sufficient for imaging the 

epidermis and dermis [174]. In eye imaging, the light with approximately 800 nm wavelengths is 

optimal for the retina and other ocular structures because it balances the penetration depth with 

minimizing scattering [173]. In addition, a relatively shorter wavelength provides higher resolution, 

which can provide more details in the retinal structure image. Thus, the penetration depth of OCT 

imaging depends on the wavelength and power of the light source, the system implementation, and 

the absorption and scattering characteristics of the sample being studied. Therefore, in the optical 

design of an OCT system, a compromise between depth of focus and lateral resolution must be 

found for different applications.  

2.4.2 Different Generations of OCT 

Different types of OCT can be classified into two main types: time-domain (TD)-OCT and Fourier-

domain (FD)-OCT. As shown in Figure 2-7, based on the component differences, the variants of 

FD-OCT are SD-OCT and SS-OCT. The fundamental distinction between TD-OCT and FD-OCT 

is based on their detection schemes. TD-OCT utilizes a moving reference mirror to obtain depth 

information by scanning the sample point-by-point, measuring interference only when optical path 

lengths match, which is slower and requires mechanical movement of the reference mirror. That 

slow imaging speed, combined with the fundamental sensitivity disadvantage of sequential depth 

scanning (where signal is detected at only one depth at a time), leads to lower sensitivity compared 

to FD-OCT. While movement artifacts can further degrade image quality, the primary sensitivity 

limitation is the inefficient use of available photons in the detection scheme. In contrast, FD-OCT 

captures the entire depth information simultaneously by detecting the spectral interference pattern 

and applying Fourier transformation. This parallel detection provides FD-OCT with a significant 

sensitivity advantage (~20-30 dB) [175], as all photons contribute to every depth measurement 

rather than being detected at only one depth position. Those challenges limit the TD-OCT 

application in an in vivo scan for a 3D sample. As alternatives to TD-OCT, FD-OCT has a faster 
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imaging speed and higher sensitivity and resolution, making them successful in the field of research 

and commercialization [164]. In this section, I will introduce the SD-OCT and SS-OCT, and the 

functional OCTs that are created based on them. 

 

Figure 2-7  Schematic for typical configuration of (A) time-domain (TD)-OCT, (B) spectral-domain 

(SD)-OCT, and (C) swept-source (SS)-OCT. 

2.4.2.1 Spectral-domain OCT (SD-OCT) 

SD-OCT utilizes a stationary reference mirror and captures the entire depth information 

simultaneously using a spectrometer [176]. Therefore, compared to TD-OCT, SD-OCT has a faster 

A-scan (depth information) rate since it does not need a mechanical scanning of optical path length. 

The spectrometer utilizes a diffraction element to spatially separate the different wavelength 

contributions into line images, which are then recorded by a high-speed line scan camera. Thus, the 

A-scan rate of SD-OCT is highly dependent on the exposure and readout time determination for 

high-speed cameras. Recent studies had reported that SD-OCT can achieve an A-scan rate of 120-

kHz [177], 250 kHz [178], [179], 430 kHz [180], and ~1 MHz [160] with specific components and 

algorithms. Regarding the light source, the super-luminescent diode (SLD) is commonly used due 

to its broad emission spectrum for achieving high axial resolution in OCT imaging, high stability 
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and reliability, and sufficient optical power to penetrate biological tissues [173]. With broadband 

laser and high imaging speed, the SD-OCT thereby with high sensitivity, resulting in a high signal-

to-noise ratio and making SD-OCT suitable for clinical usage.  

2.4.2.2 Swept-source OCT (SS-OCT) 

The principle of SS-OCT was first proposed in 1997 [181], compared to SD-OCT, the main 

difference of SS-OCT is the light source. The broadband laser of SS-OCT is a source with a narrow 

linewidth that can be rapidly scanned over a wide wavelength range. Besides, the spectrometer in 

SD-OCT is replaced by the balanced photodetectors. In one A-scan, each wavelength component 

of the interference signal is detected sequentially by a high-speed photodetector, and each 

wavelength scan forms a spectral interferogram with a fringe pattern, similar to SD-OCT [172].  

Distinct from the SD-OCT, the A-scan rate of SS-OCT is determined by the swept rate of the light 

source. A study has reported that SS-OCT can achieve 600 kHz A-scan rate for wide-field and long-

range 3D oral cavity imaging [182]. Recent advances in swept-source technology have pushed 

speeds higher. Current state-of-the-art systems now demonstrate A-scan rates ranging from 1.6 

MHz [183] using micro-electro-mechanical system vertical-cavity surface-emitting laser (MEMS-

VCSEL) sources to 10-40 MHz with advanced akinetic swept sources [161], [162], representing 

improvement over SD-OCT systems. Compared to SD-OCT, SSOCT offers several advantages 

[184]. Firstly, with the swept-source laser, the SS-OCT can achieve a higher imaging speed and 

maintain consistent sensitivity and signal strength throughout the imaging range. Then, with high 

imaging speed and sensitivity, SS-OCT can improve the signal-to-noise ratio and provide a larger 

imaging range, making it a versatile and powerful tool in both clinical and research settings.  

2.4.3 Commercial OCT system 

While the preceding sections have described the physical principles of OCT and recent advanced 

research SDOCT and SSOCT systems, it is important to place this research in the context of systems 

currently used in clinical practice. OCT is a mature technology, particularly in ophthalmology, 

where companies like Zeiss (with their Cirrus platform) [185]ï[188] and Heidelberg Engineering 

(with Spectralis) [189], [190]have set the standard for high-speed, high-resolution retinal imaging. 

These advanced ophthalmic systems often feature A-scan rates exceeding 100-400 kHz and 

incorporate sophisticated eye-tracking to mitigate motion artifacts [191].  

In the field of dermatology, a leading clinical system is the VivosightÈ (Michelson Diagnostics 

Ltd.), which has promising potential in clinical and commercial applications for the non-invasive 

diagnosis of skin conditions, particularly non-melanoma skin cancers. The Vivosight system has a 

6 mm x 6 mm field of view and an imaging depth of approximately 1 mm, which are essential for 

visualizing entire lesions and characterizing BCC [192]. The VivoSight OCT scanner is reported to 

have a sensitivity of 92.9% and a specificity of 80% for BCC diagnosis [193], making the OCT 

technology more accessible to a wider range of clinicians. 

A key performance metric for comparison, however, is the acquisition speed. The Vivosight Dx Pro 

acquires a full 3D scan of its 6 mm x 6 mm field of view in approximately 15 seconds. While 

enabling comprehensive imaging, an acquisition time of this length is susceptible to motion 

artifacts from patient movement or probe instability, which can degrade image quality, especially 

for motion-sensitive techniques like OCTA. 
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In contrast, the custom-built swept-source OCT (SSOCT) system utilized in this thesis (detailed in 

Chapter 3) operates at higher A-scan rates of 200 kHz and 400 kHz. This substantial increase in 

acquisition speed, making it can achieve faster 3D OCT and OCTA scan (detailed in Figure 3-8), 

is the key technological enabler for the primary contributions of this work. The high-speed nature 

of our SSOCT platform makes it particularly well-suited for developing and testing the novel, fast-

scanning protocols presented in Chapters 6, 7, and 8. These protocols aim to dramatically reduce 

acquisition times to 0.5~4 seconds, a feat that would be challenging on lower-speed systems. Thus, 

this thesis uses a high-performance research platform to develop the next generation of software 

and processing techniques that could ultimately be integrated into future commercial devices, 

helping to overcome current clinical limitations such as long scan times and sensitivity to motion. 

2.4.4 Functional OCT Modalities  

In recent years, OCT-based methods have been widely used in the field of clinical diagnosis [172]. 

Besides, several functionalities of additional mechanisms based on OCT technology are constantly 

being published. The primary functional extensions of OCT are OCT-angiography (OCTA), OCT-

elastography (OCE), and polarisation-sensitive (PS)-OCT imaging.  

PSOCT offers additional contrast based on tissue birefringence, thereby enabling the assessment of 

aligned fibrous structures like collagen and muscle [194], [195]. Nevertheless, it requires extra 

polarisation-sensitive components, making it more complex and costly than standard OCT [196].  

OCE assesses microscale tissue biomechanics through mechanical loading (compression-based or 

wave-based) and OCT-based strain measurements [197]ï[200]. By analysing wave propagation or 

local strain, OCE can estimate stiffness and delineate lesion margins, thus offering enhanced insight 

into tissue integrity. While PSOCT and OCE provide complementary structural and biomechanical 

information, this thesis mainly focuses on OCT and OCTA. We prioritize OCTA because vascular 

imaging is crucial for revealing microcirculatory changes in clinical applications.  

2.4.4.1 OCTA 

By analysing skin signatures such as the definition of the epidermal-dermal junction and ovoid 

structures, most studies confirmed that OCT significantly improved sensitivity and specificity [201]. 

Some typical results indicated the percentage of correct diagnoses of BCC was 57.4 (clinical), 69.6 

(Dermoscopy), and 87.8 (OCT) [202]; and the ability of OCT for differentiating NMSC with a 

sensitivity of 94% and specificity of 28%-76% [203]; skin biopsies could have been confidently 

avoided employing OCT in 36% of instances [201]. However, the results varied with lesions (BCC, 

SCC, and actinic keratosis (AK)) and overdiagnosis. There are also difficulties distinguishing sub-

groups of NMSC. With the development of OCTA, microvasculature imaging attracted interest. 

OCTA extracts moving red blood cells from the relatively static surrounding tissue from the 

temporal change of the sequence scan and suppresses the static signal [172]. The OCT signal from 

blood vessels shows higher variance compared to that from static tissues, primarily due to the 

reflected signals of the moving red blood cells. OCTA has the advantages of non-invasively, high-

speed, high-resolution, and agents-free, providing 3D microvasculature images in the fields of 

ophthalmology [204], dermatology [205], and oral [206].  



unauthorised reproduction by automated systems. 

 

In dermatology, skin micro-vascular image can not only help identify skin pathological conditions 

but also provide insights into systemic diseases [207]ï[209]. Since decreased microvascular density 

has been associated with cardiovascular and metabolic diseases, such as hypertension, diabetes, 

obesity, and metabolic syndrome, as well as an increased risk of coronary artery disease [210]ï

[213]. Recent studies have shown that OCTA can assist the diagnosis of skin diseases, such as acne 

[214], inflammatory disease (e.g., papule) [215], basal cell carcinoma [216], actinic keratosis [217],  

and wound healing [218]. Specifically, finding an arborising vessel is a key feature in NMSC. The 

benefits of OCTA in NMSC diagnosis have been demonstrated through significant differences in 

blood vessel distribution among BCC, AK, and SCC, with vascular density being markedly higher 

in SCC (P value < 0.01) compared to AK and BCC. Sensitivity for distinguishing SCC from AK 

lesions based on vascular diameter and pattern has been reported at 85%, with specificity reaching 

78% [219]. In a study involving 52 lesions, OCTA demonstrated that blood vessels in NMSC 

lesions (BCC, AK, SCC) appeared significantly more superficial than those in adjacent normal skin 

(mean depth lesional: 0.073 mm vs. control: 0.102 mm, P < 0.001). Specifically, BCC lesions 

exhibited a significantly greater superficial vascular depth compared to both AK (P = 0.001) and 

SCC (P = 0.001) lesions, whereas no significant difference was observed between AK and SCC 

lesions (P = 0.104) [220]. Thus, OCTA has emerged as a valuable tool for analysing skin 

microvasculature, enabling non-invasive diagnosis and effective monitoring of treatment in skin 

diseases and cancers such as BCC, AK, and SCC [215], [219], [221].  

In the realm of oral applications, the micro-anatomical information of oral tissues from OCT has 

proven to be of clinical importance in various oral diseases [222]ï[226]. However, research 

indicates that OCT hard to differentiate between oral cancer lesions based on structural images 

[227]. In contrast, in the research stage, OCTA can provide the microvascular images at the 

capillary-level resolution, aiding in disease identification by examining vascular structure and 

perfusion in oral tissues, thereby contributing to the diagnosis of oral conditions [228], [229]. 

Specifically, OCTA facilitates precise, quantitative monitoring of angiogenic changes during ulcer 

healing, enhancing the assessment and understanding of oral disease progression [229]. 

2.4.5 Principle of Optical Coherence Tomography Angiography 

The previous section has introduced the advantages of OCTA and its distinction from OCT in the 

diagnosis of skin and oral diseases. This section will first introduce the principles of OCTA, the 

OCTA algorithms, and the current clinical applications of OCTA, and then review the development 

of dermatology and dentistry in recent decades, as well as the current limitations of OCTA.  
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Figure 2-8 Schematic illustration of OCTA. The A-scan highlights five points: signals from static 

tissues (points 1, 2, and 5) and signals from dynamic red blood cells within blood vessels (points 3 

and 4). OCTA aims to visualise the dynamic signals associated with blood flow in vessels [230]. 

2.4.5.1 Principle of OCTA 

The fundamental principle of OCTA relies on detecting variations in the OCT signal caused by 

moving red blood cells within the vasculature. To obtain a high-quality OCTA image, a sequence 

of OCT scans at the same location is necessary, requiring at least two repetitions. Besides, the 

quality and contrast of the OCTA image are directly proportional to the number of repetitions in 

the OCT scan [231]. In addition, a series of complex mathematical algorithms and proper scanning 

protocols are essential for OCTA imaging.  

The size of the OCT signal volume with the shape of NR Ĭ X Ĭ Y Ĭ Z, where NR is the number of 

repetitions in one OCT scan, X and Y are the sampling points in the lateral axis, and Z is the 

sampling points in axial axis. In addition, the scan mode that scans NR times B-scans taken at the 

same B-line position has proven to be an efficient strategy for high sensitivity and capillary-level 

resolution microvascular images [204], [232]. Assume the motion artefact is minor during the 

OCTA scanning process, the higher the NR, the better the quality of the OCTA image. Besides, 

before achieving the theoretically limited lateral resolution determined by the wavelength of the 

laser and numerical aperture of optics elements, and in the consistent field of view setting, the 

higher the numerical value of X and Y, the higher the sampling density in OCTA images, providing 

more detailed information about the scanned microvasculature image. In contrast, the number of 

sampling points in the axial axis is determined by the characteristics of the laser used in the system.  

Based on the OCT signal, several OCTA algorithms were proposed, including phase-signal-based, 

intensity-signal-based and complex-signal-based OCTA methods [233]. Phase-signal-based OCTA 

such as phase-variance OCT [234] still suffers from limitations of Doppler angle dependence and 

insensitivity to flow perpendicular to OCT beams. It has been limited to major vessels, and it is 

sensitive to tissue motion, machine vibration and Brownian-motion artefact. Intensity-signal-based 

OCTA measures the time-varying speckle due to the scattering from red blood cells. Fluid flow can 

be measured by treating sequential pixels as samples of time-varying speckles. Methods like 

speckle-variance [235] and split-spectrum amplitude-decorrelation angiography [236] can mitigate 
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the requirement for high-phase stability, achieve high vascular contrast and suppress the effect of 

bulk motion. Complex-signal-based OCTA utilises both intensity and phase information to improve 

sensitivity. Eigen decomposition [237], complex differential variance [238] and robust principal 

component analysis [239] are popular methods for complex-signal-based OCTA signal processing. 

2.4.5.2 OCTA Algorithms 

As mentioned above, several OCTA algorithms have been proposed for high-quality OCTA image 

construction. However, the OCTA images generated based on various OCT devices and algorithms 

would have various performances since each OCTA algorithm has its own distinct limitations [233]. 

Thus, in this section, I will only introduce the speckle-variance (SV) and eigen decomposition (ED) 

algorithms that are relatively stable and high efficiency in OCTA processing [233].  

Speckle variance (SV)-OCTA method enables the visualization of microvascular image based on 

the inherent speckle patterns in OCT images [235]. Those speckles arise from the interference of 

coherent light scattered by tissue structures [240]. By calculating the variance of these speckle 

patterns over sequential OCT scan, SV-OCTA method can differentiate between static and dynamic 

scattering particles, thereby providing the microvascular images. SV-OCTA method had been used 

for SS-OCT and SD-OCT devices in the field of dermatology and ophthalmology [241]ï[243]. 

Based on [235], the SV-OCTA can be written as Eq. 4-2.  

As an alternative method, eigen decomposition (ED)-OCTA method is based on the principle of 

orthogonality [244]. Orthogonality gave the idea that an autocorrelation matrix, containing noise 

subspace eigenvectors is orthogonal to the signal eigenvectors. ED-OCTA aims to extract the 

microvascular images by suppressing the eigenvectors with a large numerical value that represents 

the static tissues, according to [245]. The process of the ED-OCTA can be divided into two stages, 

which can be written as Eq. 4-3 and Eq. 4-4, respectively.  

2.4.5.3 Applications of OCTA in Oral and Skin 

OCTA has revolutionised the field of medical imaging with its ability to non-invasively visualise 

blood flow. The high resolution of OCTA allows clinicians to detect microvascular changes in the 

early stage, leading to more effective management of these conditions. In ophthalmology, OCTA is 

extensively used to monitor and diagnose retinal diseases such as diabetic retinopathy, age-related 

macular degeneration, and glaucoma [204]. Recently, microvascular imaging techniques showed 

high potential in the field of dermatology and oral.  

In dermatology, OCTA is employed to assess various skin lesions, including skin inflammatory 

disease [205], melanoma [246], actinic keratosis [247], and other skin cancers [67]. Those 

publications have proven that the OCTA can provide detailed images of the micro-vasculature 

within lesions, aiding in the differentiation between benign and malignant growths. For instance, 

OCTA was used to monitor wound healing in multiple healing stages, based on the quantitative and 

qualitative analysis based on the vasculature image [248]. An additional study [249] also showed 

that OCTA has a high potential for assessment of BCC disease, providing non-invasive and high-

resolution microvasculature images on lesion areas. Those studies have shown that OCTA ability 

to provide high-resolution images of the skinôs microvasculature has proven invaluable for the early 

detection and monitoring of skin diseases and cancers [154].  
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In oral, while OCT has been widely evaluated as a non-invasive imaging technique due to its high 

resolution, high-speed, and moderate penetration depth [250]ï[255], few studies of oral diseases 

and cancer are seldom based on OCTA. By visualizing the microvascular networks in oral mucosa, 

clinicians can better understand the extent of vascular changes associated with oral disease (e.g., 

ulcers) [256]ï[258]. With the development of the SS-OCT which consists of a flexible hand-held 

probe and enables faster scanning and wider field of view, the OCTA is becoming an essential tool 

for the assessment of oral conditions [182], [229], [258], [259].  

2.4.5.4 Advantages and Limitations of OCTA 

Based on the above historical review, OCTA has several advantages over the other imaging 

technologies for microvasculature imaging in dermatology and oral applications: 1) provides high-

resolution images that allow for detailed visualization of microvasculature at approximately 10 Õm 

level; 2) provides a moderate penetration depth with 1-2 mm to assess the structures of the skin and 

oral tissues and layers; 3) offers rapid, repeatability, and non-invasive imaging while does not 

require the injection of contrast media. Nevertheless, there are still some challenges that limits the 

performance of OCTA in clinical environments.  

According to the above review, the image quality of the OCTA imaging is directly proportional to 

the number of repetitions of OCT scans at the same location. For example, most blood vessels have 

blood flow speeds that are much faster than the OCT scanning speed (a few millimetres per second). 

Hence, it is hard to visualize microvasculature images in two repetitions of scans [204]. 

Furthermore, insufficient repetitions of the scan would increase the noise in the OCTA image, while 

increasing the number of repetitions will bring a longer sampling period and a larger volume of 

data [260], [261]. Thus, one of the limitations is motion artifacts that occur unpredictably between 

the sample area and the sample lens during the relatively long sampling period. These artifacts can 

obscure details of microvasculature and reduce the OCTA image quality [262], [263].  

The additional limitation is the relatively small field of view compared to other imaging modalities, 

which is set from 2 Ĭ 2 mm2 to 8 Ĭ 8 mm2 in commercial OCTA systems [264]. While maintaining 

the spatial sampling rate in the lateral axis and the number of repetitions, increasing the field of 

view would also increase the time of the OCTA scan, thereby increasing the unpredictable motion 

artifacts and resulting in lower image quality.  

Besides, with a higher number of repetitions of OCT scans, the size of the data will be larger, which 

increases the data post-processing time of the OCTA algorithms reviewed above. Moreover, these 

OCTA algorithms would require at least two repetitions of OCTA scans to distinguish the vascular 

signals from the surrounding static tissue signals, which limits the real-time OCTA imaging.  

In recent years, both hardware- and software-based methods have been proposed to solve the 

limitations of OCTA imaging. In hardware solutions, increasing the swept rate of the laser in 

SSOCT and the scan speed of the camera in SDOCT are the common methods to enhance the 

scanning speed of OCTA imaging and thereby minimize the motion artifacts. However, this method 

is limited by the capabilities of the hardware (e.g., data transfer speed in the computer) and would 

increase the cost of the OCT system. Besides, an optical tracking system for eye-movement 

compensation is proven beneficial for retinal OCTA imaging [265]; however, this technology adds 

complexity and cost to the setup, and might not be effective for skin and oral OCTA imaging. The 
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image registration algorithms [266]ï[269] are proposed for reducing the motion artifacts and 

enhancing the OCTA image quality. Nevertheless, those algorithms might not be effective for large 

or complex motions, increase the computational cost, and be time-consuming. The image stitching 

can improve the field of view for OCTA imaging but requires the patient to keep stills and multiple 

OCTA scans, which reduces the effectiveness and requires more time for processing [270].  

Consequently, given the existing advancements and identified limitations of OCTA in clinical 

settings, there is an urgent need to explore innovative methodologies to enhance its utility and 

efficiency. One promising approach is the integration of deep-learning techniques, which have 

demonstrated outstanding success in the various medical imaging modalities. By leveraging deep-

learning algorithms, it is possible to address some of the inherent challenges of OCTA, such as 

motion artifacts, data processing time, and image quality. These techniques can offer robust 

performance for image enhancement, segmentation, and reconstruction, thereby potentially 

transforming the clinical application of OCT/OCTA. The following section would introduce the 

state-of-the-art deep-learning applications in OCT/OCTA, highlighting their potential to overcome 

existing limitations and improve the accuracy and reliability of microvasculature imaging. 

2.5 Deep Learning and its Applications in OCT/OCTA 

Artificial intelligence (AI) has been widely applied to various medical fields. As a subset of AI, 

deep-learning techniques [271] have shown their power in image processing and have high 

potential in healthcare [272] and medical image analysis [273]. While deep learning consists of 

many algorithms and approaches, neural networks and deep neural networks (DNNs) are the 

underlying technology in deep learning [274]. DNNs have changed the approach to data analysis 

tasks by extracting features from the input data, such as texture details and high-frequency 

information of images [275]. DNNs consist of multiple layers (e.g., 16/19 layers in [276]), each 

layer is trainable and transforms the input data into increasingly abstract representations. This 

architecture allows DNNs to learn features and patterns from the data, making them suitable for 

handling the intricacies of medical images. Esteva et al. [277] trained a DNN using a dataset of 

129,450 images including 2,032 types of skin diseases, including skin cancers. The performance of 

the trained DNN in diagnosing skin diseases matched that of 21 board-certified dermatologists. In 

addition, the DNN proposed by Nagpal et al. [278] outperformed the clinical doctor in the prostate 

cancer grading [278]. Recently, the integration of DNNs into OCT/OCTA image analysis has led 

to significant advancements in fields such as segmentation, denoising, and reconstruction [279]ï

[281]. This section reviews the DNNs and their basic components and architectures. Then, I review 

the recent development of deep-learning-based applications in the fields of layer segmentation, 

image denoising, super-resolution, and reconstruction for OCT/OCTA images.  

2.5.1 Brief Review of Deep Neural Networks 

Since 1988, as one of the earliest convolution neural networks (CNNs), LeNet [282] innovatively 

utilized a backpropagation (BP) algorithm to update the parameters in the neural network, which 

includes seven layers and was initially designed for handwritten digit recognition tasks. Following 

the success of LeNet, AlexNet [283] consists of eight layers and provided the best performance in 

the ImageNet large scale (i.e., 1000 classes) image classification tasks in 2012. By increasing the 

network depth to 16/19 layers and reducing the kernel size of the convolution layer to 3 Ĭ 3, VGG-

16/-19 outperformed AlexNet in the ImageNet classification task in 2014 [276]. As one of the 
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successors of the VGG-16/-19, ResNet integrated the residual learning and the skip connection, 

enabling the training of the very deep neural network with 50, 101, or even 152 layers [284]. The 

residual connection addressed the vanishing gradient problem in the training of the deep network, 

leading to a higher performance in image recognition tasks. Based on ResNet, DenseNet [285] was 

proposed in 2016 and first introduced dense connections between various convolution layers, which 

improved feature reuse and provided more efficient training and better performance with lower 

model parameters. Furthermore, the higher efficiency CNNs like EfficientNet [286] can provide 

the best performance across various benchmarks while requiring low computational cost. The 

development of CNNs has shown that trainable DNNs have the advantages of image pattern 

recognition, high performance, and high efficiency, which are important in the realm of computer 

vision and image analysis. Although CNNs has the advantage in extracting local features based on 

local connections and sliding window mechanisms, they struggle to capture long-term information 

[287]. Since 2020, by flatten the 2D image into 1D sequence, Vision Transformer (ViT) has gained 

attention as an alternative to CNNs due to their scalability, flexibility, and ability to capture global 

information by capturing distant features [288]. ViT is convolution-free neural networks that use a 

self-attention mechanism to extract intrinsic features, a feature that holds potential for broad 

applications. Specifically, ViT and its variants have shown outstanding sensitivity and efficiency in 

the realm of reconstruction, segmentation, classification, and denoising [288]ï[294]. Based on ViT, 

Liu et al. [295] proposed a hierarchical shifted windows (Swin)-Transformer, which can better use 

the neighbour-content information and achieve a better performance than the ViT in the ImageNet 

classification task. The Swin-Transformer effectively balances local and global feature extraction, 

addressing the limitations inherent in both CNN and the ViT. To further integrate the convolution 

layer into the vision transformer, Wu et al. proposed a hybrid model that utilized the convolution 

layer to generate the 1D sequences for the vision transformer mechanism, providing a better feature 

extraction and the spatial relationship information between the image patches [296].  

The types of DNNs from CNN to ViT and their hybrids show the dynamic of this research field. In 

addition, two essential factors can influence the performance and application of the DNNs, 

including the basic layers utilized in the network and the architectures of the DNNs. This section 

will first introduce the main types of layers used in DNNs, then introduce the different architectures 

of DNNs proposed for different applications, particularly for medical image analysis.  

2.5.1.1 Layer Types and Their Functions  

There are different types of layers in CNNs and ViTs for various purposes to enhance the network 

learning abilities and feature extraction capabilities [297]. Specifically, the types of the basic layers 

primally include convolution layer [298], [299], pooling layers [300], activation layers, dense layer, 

normalization layer, and other miscellaneous layers (e.g., reshape). The transformer blocks used in 

ViT will be described in the next section in detail. The description of each layer is based on the 

architectures of the 2D DNNs.  

The convolution layer is the cornerstone of CNN, consisting of a set of kernels (i.e., convolutional 

filter). In one convolution layer without using the bias, the trainable weights can be calculated by 

# # + +, where # is the number of the kernels, #  is the number of input channels 

(e.g., gray image is 1, and RGB image is 3), and +  and + are the width and height of the kernel 

size, respectively. In each initial training, random numbers are assigned for each trainable weight. 
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Several weight initialization methods, such as Xavier and He initialization, are proposed to improve 

performance and address the vanishing or exploding gradients [301]. Then, those trainable weights 

will be updated in each training epoch and learned to extract features for the following processing. 

In terms of the convolution operation, the kernel slides across the input image both horizontally 

and vertically according to a specified stride. The stride determines the step size of the kernel as it 

moves across the image. For each position, the dot product between the kernel and the 

corresponding region (the region is determined by the kernel size) of the input image is computed. 

This involves multiplying the corresponding values from the kernel and the input image region, 

and then summing these products to produce a single scalar value. This process is repeated across 

all positions where the kernel can fit within the input image, then producing a feature map. [297]. 

The additional factor for convolution operation is padding. The padding operation adds extra pixels, 

normally with zero value, around the border of the input image, that can affect the size of the output 

feature maps. When zero padding is applied to the input image, and the stride is set to 1 for both 

horizontal and vertical movements, the output feature map will have the same width and height as 

the input image. Additionally, when the stride is set to 2 and padding is applied, the output feature 

map will be downsampled by a factor of two compared to the input image. This means the width 

and height of the output feature map will be half of the input image dimensions. 

Pooling layers aim to subsample the feature maps generated by the previous convolution layer [300]. 

This process reduces the size of the feature maps while maintaining most of the main information 

and improving computational efficiency. Like the convolution layer, the kernel size and stride are 

set before the pooling operation. The commonly used pooling layers are max pooling, average 

pooling, and global average pooling [297]. In the selected region of the input image, determined 

by the kernel size, max pooling finds the maximum value among the pixels. Similarly, the average 

pooling calculates the mean value of the pixels in the selected region. The global average pooling 

calculates the mean value of all pixels in the input image.  

In dense (fully connected) layers, each trainable neuron receives input from all neurons of the 

previous layer. The operation of the dense layer that does not use the bias can be written as Ù 7Ø, 

where W is the trainable weights (neuron) of the dense layer, x is the input vector from the previous 

layers, and y is the output vector. Normally, the dense layer is located at the end of the DNN to 

process the features extracted by the previous convolution layers or pooling layers and serves as 

the final output layer of the model. For example, the dense layer that served as a final output layer 

outputs the class probabilities in the classification task. With the recent development of ViT, dense 

layers are also used in self-attention, the following section will describe it in detail.  

Activation functions are always non-linear and make the output features map from the convolution 

layer and dense layer non-linearity [302]. The characteristic of non-linearity allows neural networks 

to learn complex patterns and representations. For instance, ReLU [303] can prevent the vanishing 

gradient and accelerate the convergence of training. Activation functions must be differentiable so 

that backpropagation of the neural network can be performed. Commonly used activation functions 

in DNN include Sigmoid, Tanh, Softmax, ReLU, Leaky ReLU [304], Parametric ReLU [305], and 

Swish [306], and those activation functions are given in [307]. With these activation functions, the 

DNNs are enabled to approximate any continuous function, thereby enhancing its ability to capture 

intricate structures in the training data and perform various complex tasks [297].  
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To prevent the overfitting problem and enhance the generalization of the DNNs, regularization 

layers such as batch normalization, layer normalization, dropout, and data augmentation are utilized. 

Among them, data augmentation layers aim to address the overfitting problem based on the data 

used in the model training. The data augmentation methods include resizing, scaling, random (e.g., 

horizontally/vertically) flipping, clipping, adding random Gaussian noise, color changes, and 

random masking the data with zero values or noise [308].  

In contrast, batch normalization (BN) [309] and layer normalization (LN) [310] are integrated into 

the DNNs as an independent layer to stabilize the network training and improve the training 

efficiency. Assuming the input data with a shape of BS Ĭ W Ĭ H Ĭ C, where BS is the batch size of 

the dataset, W and H are the width and height of the feature maps, and C is the number of channels 

in the feature map. BN normalizes the feature map to a layer across the batch size dimension, 

maintaining a mean of zero and a variance of one for each feature. With the BN, the covariate shift 

of the feature maps is reduced, which provides a regularization effect, enabling higher learning 

rates and reducing sensitivity to weight initialization. The BN is commonly used in CNN-type 

models which are designed to process the data with spatial dimensions (e.g., images). In addition, 

CNNs are normally trained with mini-batch (e.g., batch size from 4 to 32) data, BN is thereby 

suitable for CNNs with batch statistics, enhancing training efficiency. Compared with BN, LN 

normalizes the features across the feature dimension (i.e., W Ĭ H Ĭ C dimensions) for each input 

data. Specifically, LN computes the mean and variance based on the features of each input data, 

which makes it more suitable for ViT-type models that extract the features based on the sequence 

rather than spatial information. Since LN can maintain stability and consistency in sequence-based 

feature processing, aligning with the ViT architecture needs [288].  

The dropout layer is also integrated in the DNNs as an independent layer randomly setting a fraction 

of the input units to zero at each update during the training. This can prevent the model feature 

extraction process only based on several specific neuron units, and ensure each unit learns the 

various features from the data. The dropout will be closed in model validation and testing stages.  

Miscellaneous layers, such as reshape layer, add and concatenation layers, and multiply, provide 

the functions to improve the model flexibility, efficiency, and performance. The reshape layer can 

change the shape of the feature maps while not changing the information. The reshape operation is 

used to prepare the data for various purposes. For instance, in the classification task, the reshape 

operation can change the feature maps from W Ĭ H Ĭ C to WH Ĭ C for dense layer processing, 

where W and H are the width and height of the feature maps, and C is the number of channels in 

the feature map. The addition layer can provide element-wise addition of two features, which is 

commonly used in the residual and skip connections to prevent the vanishing gradient and allow a 

deeper network architecture. The concatenation layer can concatenate two features in a specific 

dimension (e.g., channel dimension of the feature map), which is widely used in U-Net [311] and 

DenseNet to improve the feature reuse and combine the features from different depths of networks. 

The multiply layer can provide element-wise multiplication of two features, which is mainly used 

in the attention mechanisms of ViT to calculate the attention scores for further processing.  

2.5.1.2 Neural Networks Architectures 

In recent years, several architectures of the DNNs have been proposed for various tasks [312]. In 

the field of the medical image analysis, based on the shapes of the models, the architectures of 
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DNNs can be separated into four representative groups: (1) single-path models (e.g., LeNet [282], 

AlexNet [283], VGG [276], and Denoise CNN (DnCNN) [313]), (2) multi-path models (e.g., 

ResNet [284], Residual Dense Network [314], DenseNet [285], ViT [288], Swin-Transformer [295], 

Enhanced Super-Resolution Transformer (ESRT) [315], and SwinIR [316]), (3) encoder-decoder 

models (e.g., U-Net [311], deep-residual (DR)-UNet [317], Swin-UNet [318], TransUNet [319], 

Lightweight Swin-UNet [320], UFormer [321], and Restormer [322]), and (4) adversarial models 

(e.g., generative adversarial networks (GAN) [323], super-resolution (SR)-GAN [324], Enhanced 

(E)-SRGAN [325], conditional GAN [326], and Dense Reconstruction GAN [327]).  

Among them, single-path models are mainly used for image classification and denoising; however, 

because of the vanishing gradient problem and hard to convergence, the single-path models have a 

shallow depth and relatively simply architectures, which limits the performance. With the 

development of residual connection [284], dense connection [285], and regularization methods, the 

design of the deeper network (e.g., 101 layers) is available while addressing the vanishing gradient 

problem and improving model performance and training efficiency. Thus, multi-path models like 

ResNet and DenseNet which have a deeper and more complex architecture can provide a better 

performance and efficiency than the previous single-path models. Similarly, the multi-path models 

are mainly used in tasks such as classification, denoising, reconstruction, and super-resolution.  

The encoder-decoder architecture is widely used in medical image analysis since it can provide 

high efficiency in capturing and reusing the features from the data while having high robustness 

and generalization. The components of the basic encoder-decoder architecture are encoder, 

bottleneck, and decoder. The encoder extracts multi-scale feature maps using down-sampling layers 

(e.g., convolutional layers with a stride of 2 or max-pooling layers), and finally provide a latent 

representation of features. The bottleneck further processes these features without changing their 

shape, aiming to refine the latent representation. Then, in the decoder, the, the scales of the feature 

maps are reconstructed by the up-sampling layer (e.g., interpolation method), and the feature maps 

from the previous encoder section that have the same shape are concatenated with the up-scaled 

feature maps to enhance the feature reuse. This architecture is mainly used in image segmentation, 

denoising, and reconstruction. Due to the U-shape formed by the symmetric structure of the encoder 

and decoder, the models based on this architecture are named with the prefix 'U', such as U-Net 

[311]. Based on CNN, U-Net is a classic example of encoder-decoder architecture and has become 

a cornerstone in medical image segmentation, since it has high robustness and performance. 

Variants of U-Net, such as deep-residual UNet, TransUNet, and Swin-UNet, incorporate recent 

advanced modules like residual connections and Swin-transformer modules to enhance medical 

image segmentation performance further. 

The generative adversarial network (GAN) was first used as an unsupervised training framework 

for image generation [323]. A GAN framework consists of two components: a generator and a 

discriminator. In the image generation task, the generator produces synthetic (marked as fake) data 

from the random noise, while the discriminator aims to differentiate the input data from the real 

data or fake data generated by the generator. These two components are trained simultaneously, the 

generator is trained to improve the quality of the fake data to fool the discriminator, and the 

discriminator is trained to become more accurate at distinguishing real from the fake data. By 

combining adversarial and supervised losses, the GAN framework can achieve a better performance 
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compared to using a supervised loss-only training strategy; for instance, super-resolution for the 

real word image [324], [325], and for the OCTA image [327]. Besides, in the realm of medical 

image processing, GAN framework is mainly used for image denoising, image reconstruction, 

image synthesis, and image segmentation [328]. To enhance the training efficiency and accuracy 

of the output, variants of GAN, such as Wasserstein GAN [329] and conditional GAN [330] are 

proposed to optimize the adversarial training.  

The vision transformer (ViT) [288] was the recently advanced architecture in the field of computer 

vision by first introduced the transformer and attention mechanism [331] for 2D image processing. 

Compared to the CNN which is dependent on convolution operation to capture spatial features, ViT 

flattened an image into a sequence of fixed-size patches, and then linearly embedded and processed 

similarly as a 1D token. The ViT thereby has advantages like processing the long-term 

dependencies and capturing global information across the entire image, which is beneficial to the 

details across large areas of the medical images [332]. Recently, in the medical imaging, ViT and 

its variants (e.g., Swin-UNet, Lightweight Swin-UNet [320], and SegFormer [333]) have a better 

performance than CNN in the classification, segmentation, and reconstruction, showing promise in 

improving diagnostic accuracy. Besides, by integrating the convolutional mechanism into ViT, the 

hybrid model can combine the local feature extraction abilities of CNN and the long-term 

information processing capabilities of ViT, showing promising performance in the classification 

(e.g., CvT [296]), reconstruction (e.g., Restormer), and segmentation (e.g., SHFormer [334]).  

Although the recent developments of the ViTs have demonstrated their potential in computer vision, 

there is still a lack of study to investigate the performance of those state-of-the-art methods in the 

realm of medical image processing, specifically in the OCT/OCTA image processing. Compared to 

computer tomography (CT) and magnetic resonance imaging (MRI), there is still a challenge of 

limited open-source skin and oral OCT and OCTA datasets for DNN training. Although ViTs have 

achieved better performance than CNNs in nature image processing, the small amount of skin and 

oral OCT/OCTA datasets will limit the performance of ViT. Thus, there is a large potential for the 

deep learning network in skin and oral OCT/OCTA application. 

2.5.2 Applications of Deep Learning in OCT and OCTA  

In the above subsection, the main architectures utilized in medical image processing are introduced. 

Recently, deep learning techniques have also been beneficial to the clinical work on OCT/OCTA 

imaging, accelerating the data sampling and processing. In this section, I will introduce four 

specific applications of deep learning in OCT/OCTA image processing, including segmentation, 

denoising, reconstruction, and super-resolution.  

2.5.2.1 OCT-based Skin and Oral Layer Segmentation 

As mentioned in previous sections, skin and oral serve as the barrier against external harmful 

substances. The integrity and functionality of the skin epidermis and oral epithelium, primarily 

reflected in their thickness, are essential features for preventing diseases. OCT, which can image 

tissues with a penetration depth of 1ï3 mm, is a promising device to assess the thickness of the skin 

epidermis and oral epithelium. With OCT imaging, it is possible to differentiate various layers and 

facilitate detailed analysis, aiding in the localization of pathological changes. 
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Recent advancements in deep learning, particularly convolutional neural networks (CNNs) like U-

Net [335], have improved the segmentation of the skin epidermal layer in OCT images [336]ï[340]. 

Kepp et al. [341] proposed a densely connected U-Net (DCU-Net), which uses densely connected 

blocks for feature reuse, demonstrating superior performance in mouse skin layer segmentation. 

These studies show that CNNs can improve layer segmentation performance in OCT imaging.  

In the realm of medical image segmentation (MIS), deep learning models are mainly divided into 

CNNs and vision transformers (ViTs). Early progress was marked by the fully convolutional 

network (FCN) [342], introducing pixel-wise prediction capabilities in segmentation. Following 

this, various architectures achieved state-of-the-art results. Notably, the Deeplab series [343], [344], 

which utilized Atrous (dilated) convolution layer to capture multi-scale contextual information 

effectively. In addition, the utility of DeepLabV3 for OCT-based skin layer segmentation has been 

successfully demonstrated [345]. U-Net [311], with its symmetrical encoder-decoder architecture 

and skip connections, has emerged as a widely adopted model due to its effective multi-scale feature 

fusion, setting a baseline in MIS. 

Despite the success of such models, the architectural direction for this thesis was centred on the U-

Net architecture and its Transformer-based variants for several key reasons. First, U-Net, with its 

symmetrical encoder-decoder architecture and skip connections, is high robustness in biomedical 

image segmentation, with its effective at preserving high-resolution spatial information, which is 

critical for the precise delineation of fine anatomical boundaries in OCT images. Second, a 

significant practical challenge arises from the reliance of models like DeepLabV3 on deep 

backbones (e.g., ResNet) that are pre-trained on large-scale natural image datasets such as 

ImageNet. A major domain shift exists between natural image and the unique patterns and physics-

based image properties of OCT data [346]. Applying a model pre-trained on natural images (e.g., 

ImageNet data) can therefore limit performance, while training such a large backbone from scratch 

would require a prohibitively large, large OCT dataset that was not available for this project [347].  

Building on the advanced performance of ViTs in image classification tasks, TransUNet [293] 

combines the advantages of U-Net and ViT, utilizing Transformer blocks in the bottleneck area to 

outperform U-Net in MIS tasks. Swin-UNet [348], based on shifted window mechanisms, is a 

convolution-free model that provides better segmentation performance than TransUNet while 

improving efficiency and scalability. Additionally, SegFormer [333] utilizes an efficient self-

attention mechanism with convolution layers for query and key sequence reduction, reducing model 

complexity while maintaining high performance in MIS. Consequently, deep learning techniques 

have been proven to assist and improve the efficiency of medical image segmentation.  

2.5.2.2 OCT-based Image Denoising Techniques 

Speckle noise, an inherent byproduct of optical coherence, seriously degrades OCT image quality 

by reducing contrast and blurring tissue structures, thereby reducing the accuracy of disease 

diagnoses [349], [350]. High repetitions of OCT scans at the same location are commonly used to 

suppress noise and enhance image contrast [351]. However, this method introduces motion artifacts 

due to longer sampling times, especially with uncooperative patients or when assessing hard-to-

reach areas, such as intraoral scans. 
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Recently, a series of CNN-based methods that with various architectures were proposed to denoise 

and provide the clear and high-quality OCT images from the counterpart low-quality images [352]ï

[357]. Bin et al. [357] used a denoising CNN (DnCNN) model to effectively reduce noise and 

enhances image clarity. Based on DnCNN, Maryam et al. [352] developed a deep feature loss 

function to further refine denoising performance, while Zhao et al. [358] proposed the SM-GAN, 

which incorporates 16 residual blocks and surpasses the SRGAN [359] in denoising efficacy. These 

studies demonstrate that CNNs can achieve good competitive results in OCT image denoising.  

ViTs allow for more flexible and often more accurate representations compared to the local and 

fixed receptive fields of CNNs [360], achieving better performance in the image classification [288], 

[295], [296] and segmentation [318], [319], [333]. With Swin-transformer [295], SwinIR [289] was 

proposed to reconstruct the high-quality nature images from the counterpart degraded images and 

achieved better results than the CNN models. Based on the encoder-decoder architecture and Swin-

transformer, UFormer [321] outperformed the SwinIR in the field of image denoising while 

requiring less computational resources. Following the success of the convolutional transformer 

[296], Restormer [322] provides a better performance than UFormer in the image restoration. 

2.5.2.3 OCTA Image Reconstruction Methods 

As mentioned in section-2.4.4 and section-2.4.5, microvascular images provided by OCTA have 

proven to be of clinical important evidence in various skin and oral diseases. such as basal cell 

carcinoma [216], actinic keratosis [217],  and wound healing [218].  

Recently, CNN models have been proven to facilitate OCTA scans while maintaining image quality 

using two-repetition scan protocols. For instance, Liu et al. [361] utilized DnCNN to enhance the 

image quality of two-repetition based mice brain OCTA images. Lee et al. [362] proposed a 

modified U-Net model to generate retinal flow maps based on enface OCT structural images. Based 

on the residual connection [363], Gao et al. [364] proposed a high-resolution angiogram 

reconstruction network to reconstruct high-quality retinal OCTA images. Besides, Jiang et al. [365] 

conducted a comparative study of four types of CNN models in two-repetition scan-based OCTA 

image reconstruction, including DnCNN, U-Net, residual dense network [366], and GAN [367].  

2.5.2.4 OCTA-based Image Super-Resolution 

In OCTA imaging, the connectivity of the microvasculature and the signal-to-noise ratio (SNR) of 

the images are directly proportional to the number of repeated OCT scans. Inadequate repetition 

leads to high levels of speckle noise [368]. Reducing the spatial sampling rate can facilitate the 

OCTA scan while maintaining the number of repetitions; however, this method sacrifices the digital 

lateral resolution of the images, making it difficult to image relatively small microvasculature.  

Deep learning-based methods have been proposed to super-resolve OCT structural image resolution 

acquired by low spatial sampling rates, such as the U-Net [354] and SRResNet [369], [370]. Kim 

et al. demonstrated fast (~1.3 s) OCTA imaging by employing a CNN-based DenseReconstGAN to 

super-resolve low-resolution OCTA images [371].  

In nature image processing, CNN had achieved better super-resolved images than conventional 

interpolation methods [359], [372]ï[376]. Those classical models are super-resolution (SR)CNN 
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[372], SRResNet [359], EDSR [373] and DRRN [375]. By combining GAN and residual dense 

block, ESRGAN [374] achieved impressive performance in natural image super-resolution.  

In terms of ViT model, IPT [377] proved that the transformer framework had potential for image 

super-resolution. SwinIR [289] improved SISR performance by using a hierarchical shift-window 

transformer [292], introducing a local receptive field to the transformer block. These advancements 

show high potential for utilizing image super-resolution techniques to facilitate OCTA scanning. 

2.5.3 Limitations of the Current Methods 

Despite the significant advancements achieved through the application of deep learning in OCT 

and OCTA imaging, several limitations still remain and restrict their full clinical adoption and 

performance. Limitations such as limited data availability, data annotation difficulties, high model 

computational complexity, and the need for specialized model architectures affect the effectiveness 

of deep learning models in this domain. Moreover, the unique characteristics of skin and oral 

OCT/OCTA images, compared to other medical imaging modalities like CT and MRI, introduce 

additional challenges in model development and generalization. In this section, I will discuss the 

current limitations associated with each application area, i.e., OCT-based layer segmentation, OCT 

image denoising, OCTA image reconstruction, and OCTA image super-resolution.  

2.5.3.1 Challenges in OCT-Based Layer Segmentation 

Manual annotations of OCT images is a difficult task, even for experts [378]. Manual annotation is 

time-consuming and subject to variability in interpretation, repeatability, and inter-observer 

agreement, making it challenging for clinical applications. The morphology of various biological 

sites is often complex.  

Several conventional methods for OCT layer segmentation have been proposed, such as Shapelet-

based [379] and intensity-based [380] methods. However, these methods heavily rely on image 

quality and struggle with image artifacts and noise [336]. Clinical OCT imaging with handheld 

devices faces challenges like inconsistent angles, pressures, and distances, affecting image quality 

[381]. Additionally, the epithelial layer's thickening causes the transitional zone to approach the 

OCT system's maximum imaging depth, where declining signal-to-noise ratios and increased light 

attenuation complicate layer delineation [382]. These limitations highlight the essential need for 

advanced methods for efficient, automated, and accurate segmentation of skin and oral layers. 

Although advanced deep-learning techniques like ViTs have been proposed for medical image 

segmentation, there is a lack of studies proving that ViT and hybrid CNN-ViT models perform well 

in OCT layer segmentation. Skin and oral OCT images have different texture features compared to 

medical images from CT and MRI devices. Furthermore, novel ViT-based segmentation models 

require large-scale labelled datasets, with accuracy and generalizability constrained by limited data 

[383]. In the tasks of skin epidermis/dermis segmentation and oral mucosa layer segmentation, 

there is still a lack of open-source, large datasets for model training. Although transfer learning 

[384] can provide relatively good performance without requiring extensive data, current methods 

for OCT image segmentation are primarily based on CNNs, which are limited by small receptive 

fields and localized convolutional operations, making it hard to capture long-term information 

crucial for accurately modelling skin and oral tissue morphology. Therefore, there is a gap for a 

more efficient and advanced model to be applied in OCT-based skin and oral layer segmentation. 
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2.5.3.2 Limitations in OCT Image Denoising 

While CNNs have achieved competitive results in OCT image denoising, most studies focus on 

retinal OCT images. Thus, the model has to relearn the different characteristics and texture features 

from skin and oral OCT structural images. Besides, CNN-based models rely on convolutional 

operations, which have limited receptive fields (e.g., 3Ĭ3) and are insufficient for accessing long-

term information necessary for image denoising. While recent advanced ViT models have high 

potential to reduce noise in OCT imaging, there is a lack of studies investigating the performance 

and effectiveness of ViT models in OCT image denoising.  

2.5.3.3 Limitations in OCTA Image Reconstruction 

As reviewed in previous sections, OCTA imaging still encounters several challenges that can 

adversely affect the quality of vascular signals. These challenges include speckle noise inherent in 

the OCT system, artifacts due to bulk tissue motion, and light wave scattering from the complex 

structure of biological tissues. In vivo OCTA imaging often requires a flexible handheld probe to 

access various sites of interest, introducing a higher risk of motion artifacts from patient and probe. 

In section-2.4.5.4, the current limitations to obtain high-quality OCTA image have been mentioned. 

In terms of the current workflow of deep-learning-based OCTA reconstruction, these methods 

require a minimum of two repeated OCT scans for high-quality vasculature image generation, and 

some need pre-processing of raw OCT signals to obtain low-quality OCTA images as input for 

trained CNNs. This is a time-consuming and two-step pipeline, making real-time OCTA generation 

and demonstration in clinical environments challenging. Additionally, the quality of two-repetition-

based OCTA reconstruction is highly dependent on the quality of vasculature signals extracted by 

traditional OCTA algorithms, which limits the performance of DNNs when vasculature signals are 

of relatively low quality. Therefore, there is room for improvement in these methods. For instance, 

improving the model architecture with Transformer architecture which has advantages in long-

terms information processing, thereby improving the vasculature signal generation. The additional 

method is reconstructing the OCTA image based on a single OCT scan to better reduce artifacts 

caused by unpredictable motion between angiogram slides. Furthermore, collecting a large amount 

of counterpart low-quality and high-quality OCTA images from different OCT devices to train 

generalized and highly robust models for OCTA reconstruction remains a challenge.  

2.5.3.4 Challenges in OCTA Image Super-Resolution 

Although methods like reducing the repetitions of the OCTA scan and reconstructing images with 

pre-trained deep-learning models are feasible, in the case of skin and oral OCTA scans, the intricate 

biological structure necessitates a two-repetition scan strategy to strike a balance between SNR and 

data acquisition time [385]. Software solution like sparse representation matrix can recover the 

high-transverse resolution OCT structural image based on the low transverse images, but those 

methods require a complicated design of the regularizes for specific OCT data and are not suitable 

for OCTA applications because the capillaries flow signals are extracted from the reflected scattered 

signal of the red blood cells [356], [386]. Although prediction-based algorithms (e.g., bicubic) are 

the extensive and fast methods to upsample the transverse resolution of the OCTA images, which 

had high applicability [387], [388], the quality of the upsample OCTA image from the prediction-

based algorithms is unsatisfactory and the texture details (i.e., high-frequency signals) were lost. 
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CNN-based methods have shown competitive results in SISR for OCTA, but it presents challenges 

in learning long-term information [389]. For ViT-based super-resolution methods which have 

shown higher performance than CNN-based methods, computing costs increase when using larger 

window sizes in models like SwinIR for performance improvement. Although these methods have 

achieved prospective SISR results, the flattened projection for 1D sequences is done by a fully 

connected neural layer, which brings a high computing cost. Moreover, training models like IPT 

requires large datasets, which is impractical for OCTA super-resolution due to the limited data.  

2.5.3.5 Limitation in Data Availability  

One of the fundamental challenges in applying deep learning to OCT and OCTA imaging is the 

limitation in data availability. Normally, DNNs require large amounts of high-quality, annotated 

data to achieve optimal performance and generalization. Nevertheless, in the field of OCT/OCTA 

imaging of skin and oral tissues, obtaining such data poses several difficulties. The acquisition of 

high-quality OCT and OCTA images is resource-intensive, requiring specialized OCT equipment, 

and trained personnel. Collecting a diverse dataset that includes various anatomical sites and 

pathological conditions is time-consuming and costly. Besides, the annotation of OCT images 

necessitates expert knowledge. Manual labeling of structures and layers in the OCT images requires 

time and effort from clinicians or trained specialists. This process is not only labor-intensive but 

also subject to inter-observer variability, affecting the consistency and reliability of the annotations.  

Despite these challenges, efforts have been made to collect extensive datasets for deep learning 

applications in this thesis. By implementing standardized data collection protocols in the following 

sections and collaborating with clinical partners, a substantial amount of OCT/OCTA data has been 

gathered, covering a wide range of normal and abnormal skin and oral tissues. This dataset serves 

as a valuable resource for training and evaluating models. 

2.5.3.6 Limitation of ViT Architectures 

As review in previous section, ViT has advantages like processing the long-term dependencies and 

capturing global information across the entire image, which is beneficial to the details across large 

areas of the medical images [332]. Specifically, in ImageNet data which has one thousands classes, 

the ViT-Large model achieved a top-1 accuracy of 89.6%, surpassing the ResNet-152 CNN, which 

attained 81.6%. Besides, ViT models have shown better performance on more complex benchmarks 

such as CIFAR-100 and COCO, with accuracy improvements of up to 5-7% compared to state-of-

the-art CNN architectures. In medical image segmentation, TransUnet achieve 77.48 of mean Dice 

(Eq. 4-21), while U-Net is 74.68. With shifted window mechanisms [295], SwinUNet can achieve 

a better mean Dice of 79.13 on synapse multi-organ segmentation dataset while improving 

efficiency (FLOPs of SwinUNet: 16.12G vs. TransUNet: 23.01G in Table 5-8).  

However, despite these advancements, there are two main limitations that restrict the application 

of ViT architectures in OCT/OCTA applications. (1) Dataset size and annotation constraints: As 

reviewed in section 2.5.3.5, the availability of high-quality and annotated OCT/OCTA datasets is 

limited, which is a significant challenge for training ViT-based models. In the training of ViT 

models, it typically require large datasets such as JFT-300M or ImageNet-21K to achieve optimal 

performance. However, medical datasets for skin and oral OCT/OCTA images are often scarce and 

difficult to acquire due to the need for high-quality scans and expert annotations. Without sufficient 
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training data, the risk of overfitting and reduced generalisability in ViT models increases [332]. (2) 

High computational demands: ViT models, such as SwinIR, are characterised by their substantial 

network size, requiring large computational resources and memory for training and fine-tuning. For 

instance, SwinIR comprises approximately 12 million parameters, requires 12.5 GB of GPU 

memory for training compared to 6.3 GB for U-Net, leading to increased demands on hardware 

capabilities [316]. Additionally, ViT models can have up to three times more parameters than CNNs, 

leading to higher GPU memory consumption and increased training times [390]. These factors limit 

the practicality of deploying ViT-based architectures, especially in clinical environments where 

computational resources may be constrained.  
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Chapter 3. Data Collection  

This chapter outlines a standardized pipeline for acquiring OCT and OCTA data for skin and oral 

applications. Following this, the chapter introduces the swept-source (SS)OCT system developed 

in our lab, along with the associated scanning protocols, ethics approvals, participants recruitment, 

data collection and management. The data presented in this chapter form a foundational stage and 

will be consistently applied throughout the thesis. Figure 3-1 shows the pipeline for OCT/OCTA 

image acquisition, including the details of the SSOCT system, data collection strategies and 

scanning protocol for skin/oral applications. Based on the pipeline, the basic components of our 

lab-built SSOCT system for the skin and oral application will be introduced in the following section; 

for instance, the system setup, scanning protocol, and flexible sample probe.  

 
Figure 3-1 An overall pipeline illustrates:  Swept-source OCT system and its setup for skin and 

oral applications;  Data collection strategy and scanning protocol for raw data acquisition. 

3.1 Swept-Source OCT System 

This section describes the lab-built swept-source (SS)OCT system, including the basic introduction 

of the SSOCT system configurations, flexible scanning probe, scanning protocol for OCT and 

OCTA imaging in skin and oral applications. Moreover, this section includes the demonstrations of 

the relationship between the OCT/OCTA image quality and scanning protocol setup.  

In this thesis, our SSOCT system is utilized to non-invasively acquire the data of skin and oral 

tissues with a flexible handheld scan probe. Figure 3-2 is the overview of the lab-built portable 

SSOCT system, including a computer, a swept-source laser, a flexible scanning probe, and a lab-

built OCT hub. Figure 3-3 is the system schematic of the of SSOCT system, which illustrates the 

details of Figure 3-2. Notably, the sample lens in the flexible scanning probe is changeable, as 

shown in the in Figure 3-3 (A, B). Two sample lenses were used in this thesis, including LSM03 

lens from Thorlabs Inc. and a lab-built intraoral sample lens which is specifically designed for 

intraoral OCT/OCTA data acquisition. Besides, a demonstration of the hand-held scanning probe 

with LSM03 sample lens for skin data acquisitions is presented in Figure 3-4.  

The purple rectangle box in Figure 3-2 is the swept-source laser, an essential SSOCT system 

component. The A-scan rate of the SSOCT system is mainly determined by the swept-source laser, 

which is 200kHz and 400kHz in this thesis since we have two different swept-source lasers. In 

particular, both the 200kHz and 400kHz swept-source lasers are vertical-cavity surface-emitting 

laser (VCSEL) sources from Thorlabs Inc., and the model names are SL132120 and SL134050, 

respectively. Based on the A-scan rate of the system, in the following text, those two systems would 
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be named as 200kHz SSOCT system and 400kHz SSOCT system, respectively. Those two systems 

share the same system schematic, as illustrated in Figure 3-2 and Figure 3-3. Both 200kHz and 

400kHz swept-source lasers have a central wavelength of 1310 nm and a bandwidth of 100 nm. 

With these lasers, the theoretical axial resolution of these two systems is approximately 7.4 Õm, 

and with a penetration depth into the skin and oral tissues of approximately 1-3 mm.  

 

Figure 3-2 An Overview of the Portable Swept-source OCT System.  

In Figure 3-3, an X/Y Galvo scanner in the sample arm is used to control the scanning range of the 

system, the Galvanometer scan angle is a maximum of Ñ20 degrees, providing a maximum 

scanning range of 9.3 mm Ĭ 9.3 mm in x-transverse axis and y-transverse axis, respectively. Besides, 

a CCD camera (UC20MPE, Spinel USA LLC) is integrated into the sample arm, allowing the image 

of the scanning area to be displayed.  

In terms of the lateral resolution of the system, Table 3-1 shows the designed values and practical 

performance under two different sample lenses. It should be noted that the intraoral lens is lab-built 

and therefore the designed value is not included.  

Table 3-1 Resolutions of the SSOCT system with various sample lens. 

Sample 

Lens 
 Designed Value Practical Performance 

LSM03 
Lateral Resolution 20.24 Õm ~19.68 Õm 

Maximum Scanning Range 9.3 mm Ĭ 9.3 mm 8.6 mm Ĭ 8.6 mm 

Intraoral 

Lens 

Lateral Resolution N/A 39.38 Õm 

Maximum Scanning Range N/A 9 mm Ĭ 9 mm 

Regarding the digital pixel size of the OCT image, the measured axial pixel size with LSM03 lens 

is 8.4746 Õm/pixel. In terms of transverse pixel size in x- and y-axis, it is determined by the field 

of view (FOV) and digital sampling points setting of the scanning protocol. For instance, when the 
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X/Y-transverse sampling points are set as 600/600, and the FOV is 5.16 mm2, the pixel size in the 

transverse axis is ~8.6 Õm/pixel. 

 

Figure 3-3 The system schematic of the SSOCT system [231], [391]. A demonstration of the 

hand-held scan probe with various sample lenses for flexible data acquisition is shown on the (A) 

with LSM03 sample lens and (B) with lab-built intraoral lens [259]. 
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Figure 3-4 Demonstration of the data acquisition with the flexible handheld scan probe.  

3.1.1 Scanning Protocol  

Figure 3-5 illustrates the scanning protocol for data acquisition in this thesis, the OCT B-scan is 

implemented ahead of M-scan, and each B-scan is formed by a series of A-scans along the lateral 

axis. Thus, one OCT raw data acquisition can acquire a 4D data with a dimensions of NR Ĭ X-

transverse axis Ĭ Y-transverse axis Ĭ Z-axial axis, where NR is the number of repetitions in one 

OCT scan. When only acquiring the structure OCT image of biological tissue, the NR can be set as 

the numerical value of equal or larger to 1. In contrast, when imaging the microvasculature maps 

of the tissues, the NR must be set as the numerical value of equal to or larger 2 for the conventional 

OCTA algorithms to extract the vascular signals. Among the parameters for data acquisition, the 

NR is positive correlation to the quality of the OCT structure and OCTA images when the 

movement between the sample probes and the sample tissue is slight. The pixel size on the 

transverse axis is related to the number of the digital sampling points on the x- and y-transverse 

axis. Therefore, the setting of the scanning parameter is critical to the data acquisition.  

Considering that the A-scan rates of the SSOCT systems used in this thesis are 200kHz and 400kHz, 

which are relatively high-speed for data sampling, the main scanning protocols utilized in this thesis 

are shown in Table 3-2. For a specific deep learning application scanning protocol, the parameters 

of data acquisition will be associated in its section with the relevant codes in Table 3-2. 

Table 3-2 The parameters for data sampling with LSM03. NR is the number of repetitions. 

Code of Scanning 

Protocol 

X-/Y-transverse axis 

scan range 

X-/Y-transverse axis 

digital sampling points 
NR# 

Spatial interval in 

transverse axis 

# code 1 5.16 mm/5.16 mm 600 pixel/600 pixel 8 ~8.6 Õm/pixel 

# code 2 5.16 mm/5.16 mm 600 pixel/600 pixel 12 ~8.6 Õm/pixel 

# code 3 5.16 mm/5.16 mm 600 pixel/600 pixel 6 ~8.6 Õm/pixel 

# code 4 5.16 mm/5.16 mm 400 pixel/400 pixel 6 ~12.9 Õm/pixel 

# code 5 5.16 mm/5.16 mm 600 pixel/600 pixel 4 ~8.6 Õm/pixel 

(A) Demonstration of Skin Scanning with

Flexible Hand-held Scan Probe

(B) Demonstration of Facial Scanning

with Flexible Hand-held Scan Probe
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Figure 3-5 Illustration of the scanning protocol used in this project. (A) A B-scan is formed by 

collecting a series of A-scans along the x-transverse axis. In this example, 600 A-lines (A1 to A600) 

are acquired. (B) A BM-scan is formed by repeatedly acquiring B-scans at the same x-location over 

time. (C) The complete OCT raw data set is obtained by acquiring a series of BM-scans along the 

y-transverse axis.   

(A)B-Scan (B)BM-Scan

(C)A Complete OCT Scan
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3.1.2 Objective Evaluation on OCT/OCTA Images 

To provide the objective evaluation on OCT/OCTA images, the signal-to-noise ratio (SNR) is used 

to assess the signal quality in OCT/OCTA B frames/en face images, as follows:   

3.2
ʈ

ʎ
 3-1 

where ʈ  is the mean pixel intensity within the signal region of interest (ROI), and ʎ  is 

the standard deviation of pixel intensities in the noise ROI. In addition, the contrast-to-noise ratio 

(CNR) is also used to calculate the detectability of the structure and microvasculature of 

OCT/OCTA image, and its equation is: 

#.2
ʈ ʈ

ʎ
 3-2 

where ʈ  is the mean pixel intensity of the background ROI, and ʎ  represents 

its standard deviation.  

3.1.3 Image Quality with the Different Repetitions 

Figure 3-6 demonstrates the image quality of en face OCTA images under various repetitions in 

OCTA scan. The scanning position of this example is palm, and the scanning protocols is the same 

as #code2 in Table 3-2. As shown in Figure 3-6, the higher the NR, the higher the en face OCTA 

image quality presents. Besides, the quantitative comparison among various repetitions also shown 

that the quality of OCTA image is positive relative to the number of repetitions in the OCTA scan.  

 

Figure 3-6 Illustration of the en face OCTA image quality with the various number of repetitions 

in OCTA scanning protocol. The noise region is obtained based on the depth region of last 30 pixels 

in depth axial axis with mean intensity projection (Eq. 4-7) method. The signal region is obtained 

based on all depth region in depth axial axis with maximum intensity projection (Eq. 4-5) method. 
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3.1.4 Image Quality with the Different Spatial Interval 

Figure 3-7 represents the quality of en face OCTA images with various settings of spatial sampling 

resolution, and the SNR and CNR are also provided for quantitative comparison. In visual 

comparison, beginning from the spatial sampling resolution with 12.9 Õm/pixel (C), the brights 

light artifacts exist in the en face OCTA images; for instance, in (A), (B), and (C). Those artifacts 

are mainly from the unpredictable motion during the OCTA imaging. In addition, those artifacts 

would also compromise the quality of microvascular signals, thereby reducing the en face OCTA 

image quality. Although reducing the spatial sampling resolution decrease the motion artifacts, it 

will limit the system capability to differentiate the vascular signals which is relatively small; for 

instance, in the comparison between (A) and (E), the (A) with better spatial sampling resolution 

can provide more microvasculature signals, while (E) only retain the relatively large microvascular 

signals, and the resolution is small.  

 

Figure 3-7 Illustration of the en face OCTA image quality with the various spatial sampling 

resolution in OCTA scanning protocol. The SNR and CNR calculations are the same as the methods 

mentioned in Figure 3-6. The spatial interval in transverse axis of (A) is 6.45 Õm/pixel, (B) is 8.6 

Õm/pixel, (C) is 12.9 Õm/pixel, (D) is 25.8 Õm/pixel, and (E) is 51.6 Õm/pixel.  

3.1.5 Sampling Times with Different Scanning Protocol 

Figure 3-8 shows the comparison between the theoretical acquisition time and various scanning 

protocols. Theoretically, the higher the number of repetitions and X-/Y-transverse digital sampling 

points, the more time required for data collection. 

(A) (B) (C)

(D) (E)
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Figure 3-8 Theoretical sampling time in various scanning protocols. (A) acquisition time vs. 

sampling points for different repetitions on SSOCT system with 200kHz A-scan rate. (B) 

acquisition time vs. sampling points for various system (200kHz and 400kHz) and repetitions.  

3.2 Ethics Approvals for Data Collection 

This section provides the ethics approvals for healthy human data collection for this thesis, those 

approvals were reviewed and approved by the Research Ethics Committee of the University of 

Dundee. The approvals application numbers are UOD-SSREC-RPG-BioEng-2022-001, UOD-

SSREC-PGR-BioEng-2022-003 and UOD-SSREC-RPG-BioEng-2022-003 *Amendments*.  

All the volunteers involved in this research will be told what the project is aim and process of this 

experiment before they are led into the lab to complete the experiment. Besides, the participant 

information sheet about this research were shown to the participants prior to the experiment. 

Informed consent was obtained from the participants before the data collection, and all the 

participants were informed that the collected data would be used in this thesis. The collected data 

was anonymized, and the participantsô identification was removed. The laser light used in our OCT 

system is 1310nm low-energy infrared light (Class 1M), which is safety for the human skin, and 

[392], [393] research approve that infrared light is safety for the human skin.  

3.3 Participants Recruitment and Consent  

This project recruited more than 200 volunteers to participate in this research for data collection, 

and the duration was from June/2022 to June/2024. The scanning positions of skin include palm, 

back of hand, finger, wrist, inner/outer forearm, right/left face, and neck. Besides, the scanning 

positions of oral cavity are buccal mucosa, labial mucosa (upper/down lip), floor of the mouth, 

tongue, and gingiva. The participants are mainly recruited from University of Dundee and 

Ninewells Hospital of the NHS Tayside. None of the participants were outside of the UK, and the 

Email is the main method of recruiting participants.  

3.4 Data Management and Privacy  

In this study, the OCT raw data captured by the SSOCT system is a binary file which can be read 

by MATLAB and Python software. The volume of each data is determined by the scanning 

parameters of each OCT scan, which is various from 2GB to 16GB. After the data collection from 

ыь ы7ь
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SSOCT, as indicated in section 3.1.1 and Figure 3-5, one OCT raw data has a shape of NR Ĭ X Ĭ 

Y Ĭ Z, where NR is the number of repetitions in one OCT scan, X and Y are the digital sampling 

points in transverse axis, and Z is the spatial point length in axial axis. Among them, the value of 

the NR, X, and Y can be changed before the OCT scan, and Z is a consistent value of 1920 in 

200kHz SSOCT, and 768 in 400kHz SSOCT.  

The data will be stored on a secured computer in the OCT lab. This data is anonymised. The 

computer used for storing the data has the password to secure access to the data. The BitLocker 

technique was used to encrypt the datasets file. BitLocker is a powerful technique by Microsoft to 

encrypt data. Data will not be shared for reuse by other researchers beyond the project.  

3.5 Data Collection Workflow  

The SSOCT devices used for data collection has been indicated in section-3.1. The skin/oral data 

collection is non-invasive, real-time, and non-harmful. The lasers used is low-energy and will not 

be harmful to the human skin and oral tissues. Figure 3-3 and Figure 3-4 demonstrate the sample 

probes of the lab-built SSOCT system, including two various sample lens and setups for skin and 

oral applications. During the collection of the dataset, the participantôs tissues might contact the 

sample probe with a glass, which is a built-in element inside the scanning probe. And below is the 

workflow of the data collection:  

1. Before the data collection starts, the participant will read the participant information sheet 

and fill the consent form and data collection form. The operator will describe the overview 

of the project, and the procedure of datasets collection will be described to the participant.  

2. During the data collection by SSOCT, there are several positions of skin required to be 

scanned by the device: inner/outer forearm, palm thenar, palm distal, back of hand, finger, 

neck, and face. For the oral data collection, the scan positions are mainly buccal mucosa, 

labial mucosa, tongue, floor of the mouth, and gingiva.  

3. Before the SSOCT scanning epoch, the participants will be guided to put the scan positions 

of the skin/oral under the scan probe, and the researcher will move the scanning probe to 

ensure the probe is at the correct position for OCT/OCTA data acquisition.  

4. During the SSOCT scanning, there is only required for the participant is that the participant 

should keep static. It will cost approximately 4-20 seconds for one scanning epoch, and the 

duration of the scan is determined by the A-scan rate in SSOCT device and scanning 

parameters. When one scanning epoch is done, the participant can stop the static state.  

5. After this scanning epoch, the glass and case which contact the biological tissues will be 

cleaned and sanitised with alcohol to avoid contamination. Especially for oral imaging, the 

changeable front lens will be replaced with the new one to prevent the risk of infection.  

6. Then, repeat the workflow step-2 to step-5 for data acquisition in various positions. 

The above workflow is built for one scanning epoch for one interested scanning skin position. 

During the data collection, there will be three repeat times for the same position scanning. 
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Chapter 4. All-in-One (AIO) Processing Pipeline 

This chapter outlines a standardized pipeline for OCT and OCTA data processing, as illustrates in 

Figure 4-1, the all-in-one (AIO) pipeline includes the processing algorithms for OCT raw data pre-

processing, to obtain the OCT structure image and OCTA image, and includes the deep-learning 

related algorithms for deep neural networks training and applications for various tasks, which can 

facilitate the OCT and OCTA imaging.  

 

Figure 4-1 The demonstration of the All-in-One (AIO) processing pipeline. (1) Data pre-processing 

pipeline to obtain the OCT structure images and OCTA images from the OCT raw data. (2) The 

processing algorithms for OCT structure and OCTA image. (3) Deep-learning applications based 

on OCT image and OCTA image.  

4.1 Image Pre-/Post-processing Algorithms 

This section aims to introduce the data pre-/post-processing pipeline (Figure 4-1 ) for the OCT 

raw data which collected from the Chapter 3. The data processing pipeline is built based on Python 

3.9, which is used to process the data to obtain the OCT structure image and OCTA images. This 

pipeline contains a series of functions. Specifically, for OCT raw data pre-processing to obtain OCT 

structure image and OCTA images, those algorithms are GPU-based FFT algorithm, OCTA 

algorithms, and frame-averaging algorithm. In terms of the data post-processing for further analysis, 

those algorithms are en face projection algorithms, intensity-based layer segmentation algorithm, 

and volume flattening algorithm. In particular, the segmentation algorithm is used for skin 

epidermis-dermis and oral epithelial-mucosa layers segmentation.  

4.1.1 Image Pre-processing Pipeline 

Figure 4-2 illustrates the overall pipeline for the raw OCT data pre-processing, and the details pre-

processing, which aims to obtain the OCT structure image and OCTA image from the raw OCT 

data. The processing pipeline consists of four main stages. First, the DC background component is 

removed by subtracting the averaged baseline, isolating the interference fringes that carry tissue 

structure information. Then, a Tukey window is applied to reduce artifacts in the image while 
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preserving resolution. Third, Fast Fourier Transform (FFT) converts the spectral interference 

pattern into a depth profile, where each frequency component corresponds to a specific tissue depth. 

Finally, logarithmic conversion compresses the signal's dynamic range into a displayable format, 

producing the depth-resolved intensity profile (i.e., A-scan). (An example is in Figure 10-1). 

To reduce the time consuming for data transferring between the ROM (hard disk) and the RAM 

(random access memory), the OCT raw data with a data size of NR Ĭ X Ĭ Y Ĭ Z (as indicated in 

section 3.4) would be loaded into the RAM before each data pre-processing. During each pre-

processing, the OCT raw data is first sent to the GPU-accelerated FFT algorithm to obtain the 4D 

intensity signals. It should be noted that the OCT raw data is first transferred to GPU buffer before 

the GPU-based FFT processing (Figure 4-2 dotted line box). After the processing from FFT, the 

frame-averaging algorithm and OCTA algorithms are applied to 4D intensity signals to obtain the 

OCT structure image and OCTA image (micro-vasculature signal), respectively.  

 

Figure 4-2 The Overview Pipeline for the OCT Raw Data Pre-processing. RAM: Random Access 

Memory; GPU: Graphics Processing Units; CPU: Centre Processing Units.  

4.1.1.1 GPU-Accelerated FFT Algorithm 

During the data pre-processing stage, the raw OCT files are first processed using the FFT. SSOCT, 

a type of Fourier-domain OCT that employs a swept-source laser, relies on the Fourier transform 

to convert spectral data into depth-resolved information. Specifically, the SSOCT device acquires 

data by sweeping the wavelength of a laser source and recording the interference signal over time.  

Applying the FFT to these interference signals decomposes them into their frequency components, 

reconstructing the depth information of the sample. The computational efficiency of the FFT 

enables rapid transformation of spectral data into spatial information, facilitating real-time analysis 

within the SSOCT system. By utilizing the FFT, the SSOCT system accurately maps the reflectivity 
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of different layers within the sample with high axial resolution, which is essential for producing the 

detailed cross-sectional images necessary for clinical and research applications.  

In the Python-based AIO pipeline, the CuPy library harnesses NVIDIA GPUs to accelerate the FFT, 

creating a data flow between system RAM and the GPU. As outlined in Figure 4-2, raw OCT data 

is first transferred from RAM to the GPU for FFT processing and then returned to RAM as 4D 

intensity signals (dimensions typically 1 Ĭ X Ĭ Y Ĭ Z/2 per repetition, or NR Ĭ X Ĭ Y Ĭ Z/2 after 

all repetitions). These signals retain grayscale intensity information of the biological tissues. 

4.1.1.2 Frame-Averaging Algorithm 

In the OCT imaging, speckle noise, an inherent byproduct of optical coherence would significantly 

degrade the image quality by reducing the image contrast and blurring biological structure [394], 

thereby reducing the accuracy of the diagnosis. Such noise could also influence the performance of 

the deep-learning-based applications, such as pattern recognition and classification [355].  

Frame-averaging algorithm is a common method for suppressing such noise in OCT structure 

images, which is based on repeated OCT scans at the same location [395]. Commonly, to obtain a 

high-quality OCT structure image with a frame-averaging algorithm, the NR would be set as 4-6 

in data scanning protocol, meaning that there are 4-6 repeated b-frames at each same location during 

the OCT scan. Assuming there is a 4-repetition (i.e. NR = 4) OCT scan that composes of four 3D 

volumes 6ȟ6ȟ6ȟ6  in the 4D intensity signal, and each 3D volume has a dimension of X Ĭ Y 

Ĭ Z/2, the frame averaging algorithm can be written as Eq. 4-1:  

)
ρ

.2
6 6 6 6  4-1 

where n represents the total pixels of the 3D volume and 6 means the no. i pixel of the first volume. 

While ensuring that there is not any motion between the sample probe and the samples, the higher 

the NR, the lower the noise and higher the quality of the OCT images, as shown in Figure 4-3. After 

the frame-averaging method, the output data would be a high-quality and low-noise OCT structure 

volume with a shape of X Ĭ Y Ĭ Z/2. However, in in vivo human tissue data collection, the high 

repetition of the scan would result in a longer data acquisition time and introduce more 

unpredictable motion artifacts, degrading the image quality of the OCT structure images.  
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Figure 4-3 Illustration of the B-frame OCT image quality with the various number of repetitions in 

OCT scanning protocol. The Frame-Averaging algorithm (Eq. 4-1) is used to generate the high-

quality OCT images (B-G) which NR is larger than 1. The selection of the noise region and signal 

region is demonstrated in the figure. The OCT image with NR=1 (A) can be seen as the OCT image 

without utilizing Frame-Averaging.  

4.1.1.3 OCTA Algorithms  

OCTA algorithms, also known as the microvasculature extract algorithm, are mainly based on the 

differentiation of information (e.g., phase and intensity difference) present in OCT signals. Among 

them, speckle variance (SV)OCTA [396] and eigen-decomposition (ED)OCTA [397] are efficient 

methods for extracting microvasculature images [398]. Thus, in OCTA processing in AIO pipeline, 

SVOCTA and EDOCTA are integrated to obtain the OCTA image from the 4D intensity signal.  

Taking one 2D cross-sectional signal with a shape of X Ĭ Z/2, and the input of SVOCTA algorithm 

is NR Ĭ X Ĭ Z/2, the aim of SVOCTA algorithm is to extract motion-contrast information among 

consecutive B-scan, which can be formulated as Eq. 4-2 (Pseudocode is available in Appendix):  

/#4!ØȟÚ
ρ

.2
ȿ! ØȟÚ ! ØȟÚȿ 4-2 

where ! ØȟÚ indicates the intensity signal in É-th B-scan at lateral location Ø and depth position Ú, 

and ! ØȟÚ is the mean intensity of the all B-scan at lateral location Ø and depth position Ú.  

EDOCTA uses the principle of orthogonality through eigen decomposition. The correlation matrix 

is decomposed into mutually orthogonal eigenvectors that form two orthogonal subspaces: a clutter 

subspace (spanned by eigenvectors with large eigenvalues representing correlated static tissue 

signals) and a flow subspace (spanned by remaining eigenvectors with smaller eigenvalues 

representing decorrelated flow signals). Because these subspaces are orthogonal, projecting out the 

clutter subspace can remove static tissue signals while perfectly preserving the orthogonal flow 

information. This orthogonal separation enables clean extraction of vascular signals without flow 

(A)NR=1

(E)NR=8

(B)NR=2

(F)NR=10

(C)NR=4

(G)NR=12

(D)NR=6500 Õm
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suppression, unlike conventional filtering methods where clutter and flow spectra may overlap, 

according to [245]. The procedure is in Eq. 4-3 and Eq. 4-4 (Pseudocode is available in Appendix): 

%᷈ % ʇ ÉÅ ÉÅ É 4-3 

where % Å ρȟÅ ςȟȣȟÅ .  is a . . unitary matrix of eigenvectors, ( is the Hermitian 

transpose, and ᷈ ‗ ρȟ‗ ςȟȣȟ‗ ὔ   is the . .  diagonal matrix of eigenvalues. The 

eigenvalues  ᷈are sorted in descending order. By subtracting the first Kth eigenvectors which mainly 

are tissue signals, the extraction of the vessel signals /#4!  under .2-repeated scans complex 

OCT signal #  can be written as: 

/#4! ) Å ÉÅ É#   4-4 

where ) is the identity matrix. Å É is the ρ . unitary matrix of eigenvectors. In terms of the 

setup of the k in this thesis, it is directly related to the NR of the OCT scan, which can be seen in 

Table 4-1. 

Table 4-1 The relationship between k in EDOCTA and NR in OCT scanning protocol. 

k 1 2 2 3 4 5 5 6 

NR <3 3 4 5 6 7 8 9 

After the processing of those OCTA algorithms, the output data would be a OCTA volume with a 

shape of X Ĭ Y Ĭ Z/2. In this study, both SVOCTA and EDOCTA algorithms are utilized to obtain 

OCTA volume.  

4.1.2 Image Post-processing Algorithms  

After obtaining the OCT structure images and OCTA images from the OCT raw data, the post-

processing algorithms would be applied for further analysis. In this section, intensity-based layer 

segmentation will be first introduced. It is mainly based on the difference of the grayscale intensity 

signal between different layers in an OCT structure image to automatically segment the layers in 

biological tissues, for instance, the dermis/ epidermis layer segmentation. Based on the segmented 

lines, the volume flattening is then applied to flatten the surface of each OCT structure and OCTA 

images. Then, the en face projection algorithms is then applied to obtain the 2D en face OCT 

structure image and OCTA image. Finally, the 2D image data extraction methods are introduced, 

which aim to extract the 2D image from OCT structure and OCTA images.  

4.1.2.1 Intensity-based Layer Segmentation 

In OCT B-frame image, the intensity of the signal is mainly determined by the properties of the 

biological tissues. For instance, in the skin OCT B-frame image, there is a difference of the signal 

intensity among the epidermis, dermis, dermo-epidermal junction layer, and air. The intensity based 

layer segmentation is thereby achievable based on this characteristic. The pseudo algorithm that 

represents the proposed intensity-based layer segmentation methods in this thesis is in Appendix.  
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Figure 4-4 Demonstration of the intensity-based segmentation for various skin anatomical positions. 

Red line is the epidermis-air junction line, blue line indicates the dermo-epidermal junction line.  

4.1.2.2 Volume Flattening Algorithm 

In OCT scans, the surfaces at the epidermis-air junction in skin and the epithelium-air junction in 

the oral cavity are naturally curved. Thus, it is necessary to flatten the OCT volume to correct the 

skin/oral surface curvature, thereby improving the visualization and enhancing the accuracy of 

quantification (e.g., en face projection and epidermis/epithelium layer thickness measurement). In 

this thesis, the air-epidermis junction (AEJ) layer obtained from the intensity-based segmentation 

algorithm is utilized as the reference line for volume flattening.  

4.1.2.3 Enface Projection Algorithm 

After flattening the OCT and OCTA volumes to correct for surface curvature, the en face projection 

algorithm is applied to generate 2D en face images from the 3D OCT and OCTA volume. This 

algorithm projects the 3D volumetric data onto a plane parallel to the tissue surface by integrating 

or averaging the intensity values along the depth axis. The result is a 2D representation that 

highlights structural and microvasculature features at specific depths within the tissue. This 

enhances visualization and improves the accuracy of quantitative analyses, such as assessing layer 

thickness and mapping microvascular networks.  

En face projection algorithms, including maximum intensity projection (MIP), minimum intensity 

projection, and mean intensity projection, aim to transforms 3D volume data into 2D image by 

collapsing the depth information. This is achieved by applying different projection methods along 

the depth axis (z-axis). Each projection method offers unique advantages for highlighting specific 

features within the tissue. Taking )ØȟÙȟÚ as 3D OCT or OCTA volume with a shape of X Ĭ Y Ĭ 

Z/2, below are the formulations of the various commonly used algorithms: 

ыьШÅĲƚƨũƣƚШĤċƚĲĬШŸŰШ[ċĦĲШ ƖĲċы7ьШÅĲƚƨũƣƚШĤċƚĲĬШŸŰШ§ƨƣĲƖШ[ŸƖĲċƖůШ ƖĲċ

ы9ьШÅĲƚƨũƣƚШĤċƚĲĬШŸŰШ7ċĦťШŸŉШcċŰĬШ ƖĲċы?ьШÅĲƚƨũƣƚШĤċƚĲĬШŸŰШfŰŰĲƖШ[ŸƖĲċƖůШ ƖĲċ
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Maximum intensity projection (MIP) algorithm selects the highest intensity value encountered 

along the axial (depth) axis onto the en face plane. The formulation can be written as: 

) ØȟÙ
άὥὼ
ᾀ
)ØȟÙȟÚ  4-5 

Similarly, the minimum intensity projection algorithm can be written as: 

) ØȟÙ
άὭὲ
ᾀ
)ØȟÙȟÚ  4-6 

In addition, mean intensity projection algorithm calculate the mean intensity of all pixels along the 

axial axis. Compared to MIP algorithm, it smooth the en face image and reduce the random noise, 

and its formulation can be written as:  

) ØȟÙ
ρ

:
ς

)ØȟÙȟÚ  
4-7 

4.1.2.4 Epidermal/Epithelium Thickness Calculation 

After obtaining the segmentation lines of DEJ layers in skin and epithelium-stroma layers in oral 

tissues, the epithelium/epidermal thickness measurement can be then applied to quantify the 

thickness. To measure the thickness, the segmentation distance in pixels and the conversion 

coefficient of the OCT imaging were multiplied. As mentioned in section 3.1, the conversion 

coefficient in air is ~8.74 Õm/pixel. In oral epithelium thickness measurement, based on the Jacques 

[399] experiments, the refractive index of the oral tissue typically ranges from 1.38 to 1.41. 

Assuming an average refractive index of 1.395 for human oral tissue, the conversion coefficient in 

human oral tissue can be calculated as ~6.27 Õm/pixel (8.74/1.395). In terms of skin epidermal 

thickness measurement, the refractive index transition from air to skin tissue ranges between 1.36 

and 1.44 [400], where we adopt a median value of 1.40, the pixel size of 6.24 Õm/pixel in the skin 

tissue was used when calculating the epidermal thickness. The thickness of the human oral 

epithelium and skin epidermis can be then measured and calculated as follows: 

4ÈÉÃËÎÅÓÓ.
!ØÉÁÌ 0ÉØÅÌ 3ÉÚÅ

ὲ
 4-8 

where Npixel is the number of pixels between the segmented boundaries of the epithelium/epidermis 

layer, n is refractive index of skin/oral tissue, and axial pixel size is ~8.74 Õm/pixel. 
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Figure 4-5 Demonstration of the various en face projection methods, and its SNR and CNR results. 

The calculations of SNR and CNR are the same as the methods mentioned in Figure 3-6.  

4.1.3 Preliminary OCT/OCTA Images Demonstration 

In this section, we present preliminary results to demonstrate the effectiveness of our AIO 

processing pipeline on OCT and OCTA images. We apply our methods to both normal and abnormal 

biological tissues of the skin and oral cavity. By showcasing the processed images of these tissues, 

we illustrate how our pipeline handles different conditions and anatomical tissue types. 

To enhance visualization, we incorporate contrast and sharpness enhancement techniques in the 

processing of en face OCT and OCTA images. These enhancements improve the clarity and detail 

of microvasculature and structures, providing better analysis, visualization, and interpretation. The 

)  (Eq. 4-5) and )  (Eq. 4-7) were utilized to obtain the en face OCTA and en face OCT 

images in this section, respectively. This preliminary demonstration provides the foundation for 

further detailed analysis in subsequent chapters.  

4.1.3.1 Normal Biological Tissues on Skin 

Figure 4-6 is the demonstration of en face OCT and OCTA images in healthy skin biological tissues, 

including the anatomical sites of back of hand (A/B), Face (C/D), Forearm (E/F), Neck (G/H), and 

Palm (I/J). Those areas are common sites that occurred skin cancer. Those data are collected based 

Max MeanMin

1 mm
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on lab-built 200kHz SSOCT mentioned in section 3.1 with a sample lens of LSM03. The scanning 

protocol is set as #code 1 in Table 3-2.  

4.1.3.2 Normal Biological Tissues on Oral 

Figure 4-7 is the demonstration of en face OCT and OCTA images in healthy oral biological tissues, 

including the anatomical sites of labial mucosa (A/B), buccal mucosa (C/D), floor of the oral cavity 

(E/F), gingiva (G/H), and tongue (I/J). Those areas are common sites that occurred intraoral cancer. 

Those data are collected based on lab-built 200kHz SSOCT mentioned in section 3.1 with a 

intraoral sample lens in Figure 3-3. The parameters of scanning protocol are: (1) X-/Y-transverse 

axis scan range is set as 5.2 mm Ĭ 5.2 mm; (2) X-/Y-transverse axis digital sampling points are 400 

pixel Ĭ 400 pixel; (3) Number of repetition is set as 4.  

4.1.3.3 Abnormal Biological Tissues on Skin 

4.1.3.3.1  Special Case 1: Face with Acne 

Figure 4-8 is the demonstration of en face OCT and OCTA images in skin biological tissues of face 

with acne. (A1/A2) and (B1/B2) are two data focus on the same face acne. In terms of the 

comparison between the OCT and OCTA images, the acne area does not contain any vasculature in 

OCTA images (A1/B1), but this difference is hard to distinguish in structural OCT images (A2/B2).  

In the OCTA images (Figure 4-8 A1/B1), the acne region appears as a well-defined circular area 

devoid of microvascular structures, as indicated by the absence of capillary and vascular signals 

within the lesion. This observation is consistent across both datasets, underscoring the disrupted or 

non-existent vasculature within the inflamed or cystic acne lesion. The surrounding area, however, 

exhibit a dense vascular network typical of healthy facial skin, forming a clear contrast with the 

avascular centre of the lesion. In the OCT structural images (Figure 4-8 A2/B2), the acne lesion is 

less distinguishable. The images reveal surface irregularities and morphological features such as 

skin depressions or elevations associated with acne. However, the OCT images alone do not provide 

sufficient contrast to identify the absence of vasculature within the acne. This highlights the 

complementary role of OCTA in distinguishing vascular changes that are not evident in OCT image. 

4.1.3.3.2  Special Case 2: Continued Daily Monitoring on Finger with Knife Cut  

Figure 4-9 shows en face OCT and OCTA images in skin biological tissues of the finger with a 

knife cut. The results from D1 to D3 indicate that OCTA images (A/C/E) can provide high-

resolution microvasculature details to monitor the wound area healing, providing more features 

than OCT images (B/D/F). The OCTA images (A, C, E) provide high-resolution visualization of 

the microvascular network surrounding the wound area, revealing dynamic changes in vascular 

structure during healing. On day 1 (A), the vascular network is observed to be disrupted around the 

wound area, with irregular and sparse vascular patterns surrounding the knife cut. By day 2 (C), 

the vascularization begins to regenerate, as evidenced by the emergence of newly formed capillaries 

and increased vascular density near the wound edges. On day 3 (E), the microvascular network 

shows further reorganization and alignment, indicative of continued healing and the restoration of 

vascular continuity around the injured site.  

In contrast, the OCT images (B, D, F) primarily capture the morphological characteristics of the 

knife cut and surrounding tissue. On day 1 (B), the wound appears as a linear depression with sharp 
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edges, consistent with the mechanical disruption caused by the knife cut. By day 2 (D), slight 

flattening of the wound edges is observed, suggesting initial epithelialization and remodeling of the 

tissue. On day 3 (F), the wound morphology shows further smoothing and narrowing, reflecting 

ongoing healing. In this case, the OCTA image can provide information on vascular regeneration, 

highlighting the complementary role of OCTA in assessing wound healing.  

4.1.3.3.3  Special Case 3: Monitoring on Back of Hand Area with Burn Injury  

Figure 4-10 and Figure 4-11 show en face OCT and OCTA images in skin biological tissues of the 

back of hand with burn injury. These figures present en face OCT and OCTA images of the back of 

the hand with a burn injury. Monitoring was conducted over four time points: D (the day of injury), 

D+3, D+12, and D+16. Each dataset includes structural OCT images, OCTA images, and CCD 

photographic images, allowing a comprehensive evaluation of the healing process. 

On the initial day (D+0) of injury, the OCTA images (Figure 4-10 A1/B1) reveal a disrupted and 

sparsely distributed vascular network surrounding the burn site, reflecting vascular damage caused 

by the burn. The corresponding OCT images (Figure 4-10 A2/B2) display a clear morphological 

alteration, including uneven epidermal layers and textural changes associated with thermal injury. 

CCD images (Figure 4-10 A3/B3) confirm visible redness and the boundary of the burn injury. 

On D+3, the OCTA images (Figure 4-10 C1/D1) show increased vascular activity at the periphery 

of the injury, indicating the early stages of neovascularization and inflammatory response. The OCT 

images (Figure 4-10 C2/D2) capture the initial epithelialization of the damaged area, with partial 

smoothing of the dermal structure. CCD images (Figure 4-10 C3/D3) reveal further development 

of redness and swelling around the site, consistent with ongoing inflammation and tissue repair. 

On D+12, OCTA images reveal dense, radially organized vascular regeneration around the burn 

site, indicating active angiogenesis (Figure 4-11 A1/B1). OCT images (Figure 4-11 A2/B2) show 

tissue remodeling within the central burn area, with clearer boundaries and early scar formation. 

CCD images (Figure 4-11 A3/B3) depict reduced redness and smoother edges, reflecting ongoing 

epithelialization. On D+16, OCTA images (Figure 4-11 C1/D1) show a stabilized and uniform 

vascular network, signaling maturation of the microvasculature. OCT images (Figure 4-11 C2/D2) 

show nearly restored dermal layers with prominent scar formation. CCD photographs (Figure 4-11 

C3/D3) confirm significant healing, with the burn area presenting as a light-colored, flattened scar. 

4.1.3.4 Abnormal Biological Tissues on Oral 

4.1.3.4.1  Special Case 1: Labial Mucosa with Mucocele Lesion 

Figure 4-12 illustrates en face OCT and OCTA images of the labial mucosa containing a mucocele 

lesion, with the lesion areas marked by yellow dashed lines in OCTA images (A1/B1). The OCTA 

images clearly highlight the lesion region as an area with significantly reduced microvasculature, 

making it easier to delineate the affected area. In contrast, the OCT images (A2/B2) provide limited 

visual distinction of the lesion, showing only subtle textural changes that are insufficient for precise 

lesion identification.  

4.1.3.4.2  Special Case 2: Continued Daily Monitoring on Labial Mucosa with Ulcers 

Figure 4-13 demonstrates en face OCT and OCTA images in oral biological tissues of the labial 

mucosa with ulcers in continued dates from D (the first date of monitor) +0 to D+4. The OCTA 
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images (A1/B1/C1/D1/E1) clearly distinguish ulcer regions, as these areas exhibit a lack of 

microvasculature, providing a strong contrast against the surrounding normal tissue. This vascular 

absence is a marker of ulcerated areas, enhancing the detection and delineation of the lesions.  

In OCT images (A2/B2/C2/D2/E2), the ulcer areas appear with distinct morphological differences, 

characterized by lower grayscale intensity compared to the normal mucosal tissue. This reduced 

intensity reflects surface irregularities and loss of normal tissue structure in the ulcerated regions.  

4.1.3.4.3  Special Case 3: Labial Mucosa with Ulcers 

Figure 4-14 shows en face OCT and OCTA images in oral biological tissues of the labial mucosa 

with ulcers in two different date, D+0 and D+2. Among them, A1/A2 and B1/B2 are based on 

LSM03 lens, and C1/C2 and D1/D2 are the results based on intraoral lens. In particular, B1/B2 and 

D1/D2 are comparison of the same ulcers area based on LSM03 and intraoral lens, respectively.  

The OCTA images (A1/B1/C1/D1) highlight the ulcer regions, characterized by an absence of 

microvasculature, enabling clear differentiation from the surrounding healthy mucosa tissue. The 

results of B1 and D1 present that both lens types provide similar capabilities in distinguishing ulcers 

based on vascular absence. Structural OCT images (A2/B2/C2/D2) complement the OCTA findings 

by showing the morphological differences in the ulcerated areas, with lower grayscale intensities 

indicating disrupted tissue structures. While the LSM03 lens offers higher resolution for surface 

details, the intraoral lens achieves comparable performance in visualizing ulcer characteristics, 

demonstrating its practicality for intraoral imaging. 

These results suggest that both lens types are effective in identifying ulcerated regions using OCTA 

and structural OCT, providing flexibility for clinical and research applications in oral tissue imaging.  

4.1.3.5 Epidermis Thickness Heatmap Demonstration 

Besides the demonstration on OCT and OCTA images, Figure 4-15 demonstrates the segmentation 

results of the intensity-based segmentation on three abnormal cases, including the back of the hand 

with a scar, the face with acne, and the palm with a scar. A1/A2/A3 are en face OCT images based 

on dermis area only, B1/B2/B3 are en face OCT images based on epidermis area only, and 

C1/C2/C3 are epidermal thickness heatmaps.  

In the back of the hand with scar (C1), the heatmap clearly highlights the scar as a region with 

significantly increased epidermal thickness, correlating with dermal structural irregularities visible 

in A1. Similarly, for facial acne (C2), the heatmap shows a prominent reduction in epidermal 

thickness at the acne site, aligning with altered structures observed in A2. Lastly, for the palm with 

scar (C3), the heatmap depicts an uneven increase in thickness, which matches the dermal 

disruption seen in A3. 

This analysis demonstrates the efficacy of intensity-based segmentation for generating thickness 

heatmaps to identify and localize abnormal skin conditions. The combination of en face OCT 

images and thickness visualization offers an enhanced understanding of structural variations, 

making it a valuable tool for assessing skin abnormalities in clinical settings. 
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Figure 4-6 Demonstration of en face OCT and OCTA images in healthy skin biological tissues.  
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Figure 4-7 Demonstration of en face OCT and OCTA images in healthy oral biological tissues.  
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Figure 4-8 Demonstration of en face OCT and OCTA images in skin tissues of face with acne.  

 

Figure 4-9 Demonstration of en face OCT and OCTA images in skin biological tissues of the finger 

with a knife cut. Day 1 (D1) to D3 indicates the continued daily monitoring of the same area.  
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Figure 4-10 Demonstration of en face OCT and OCTA images in skin biological tissues of the back 

of hand with burn injury. D is the start day of the burning hurt occurred.  
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