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Optical coherence tomography (OCT) is a well-established imaging modality widely used in 

ophthalmology and is emerging as a valuable clinical tool in dermatology. OCT angiography (OCTA), an 

advanced extension of OCT, utilizes intrinsic blood flow movement to generate angiographic images 

beneath the tissue surface, eliminating the need for contrast agents. This thesis demonstrates the 

capabilities of OCT in high-resolution imaging of 3D structures and microvasculature in the human eye 

and skin under diverse conditions. 

The opening chapter of this thesis serves as an introduction to OCT technology, providing a foundation 

for the subsequent chapters. In Chapter 2, we delve into novel algorithms and methods developed for 

OCT imaging. We begin with a straightforward yet highly effective approach for estimating the optical 

attenuation coefficient (OAC) from OCT images. OAC not only enhances OCT imaging contrast but also 

serves as a valuable physical parameter for assessing tissue properties, as alterations in tissue morphology 

and content can impact OAC. Building on this, we leverage the OAC to enhance OCT imaging contrast, 
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leading to the development of algorithms for more precise and efficient segmentation of epidermal 

thickness in the OCT imaging of skin tissue, and retinal pigment epithelium (RPE) and calcified drusen in 

the imaging of retina tissue. Additionally, we introduce TransUnet, an innovative deep learning-based 

method developed for accurate segmentation of the outer retinal layer (ORL). Through this progressive 

exploration of OCT technology and advanced algorithms, our research significantly improves imaging 

segmentation and analysis in OCT clinical applications. 

Building on this foundation, Chapter 3 showcases the remarkable capabilities and potentials of OCT in 

clinical ophthalmology. Firstly, we investigate the symmetry of interocular choroidal thickness and 

vascularity index measurements in normal eyes using SS-OCT, finding choroidal differences between 

normal fellow eyes in adults without obvious pathology. This study aids clinicians and researchers in 

distinguishing expected asymmetric changes in normal eyes from changes associated with diseases. 

Secondly, we examine variations in the ORL thickness among different stages of age-related macular 

degeneration (AMD), revealing significant differences in ORL thickness measurements among various 

AMD stages, indicating the potential of ORL thickness as an independent biomarker for predicting AMD 

progression. 

Lastly, in Chapter 4, we discuss the clinical applications of OCT for dermatology. Firstly, we integrate 

pressure sensors with a handheld probe to facilitate imaging of micro vasculature, addressing the 

challenge of uncontrollable mechanical stress during contact mode imaging of the skin. This handheld 

scanning probe with built-in pressure sensors provides real-time feedback to control the mechanical 

stress, enabling repeatable and reliable OCTA images for a more accurate investigation of skin 

conditions. Secondly, we employ a clinical-prototype OCT system to image severe burn wounds at 

multiple scan sites across two time points. Quantitative analysis of vascular area density and surface 

roughness offers key insights into the pathophysiological mechanisms responsible for wound healing, 

potentially serving as critical biological indicators in future clinical evaluation and monitoring of wound 

healing. Lastly, we demonstrate the potential of OCT alongside OCTA to non-invasively image and 
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monitor human skin graft health and integration over time, providing valuable insights for wound healing 

monitoring after skin graft surgery. 

In conclusion, this thesis contributes to the advancement of OCT technology through the development of 

novel algorithms and its applications in clinical ophthalmology and dermatology. The research presented 

here significantly enhances imaging segmentation and analysis in OCT and offers valuable insights for 

disease diagnosis and monitoring in ophthalmology and wound healing evaluation in dermatology.
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1 Chapter 1. Introduction 
 
1.1 Significance and research motivation 
 
Optical coherence tomography (OCT) is a well-established depth-resolved imaging technique, generating 

images through the time delay and magnitude of light echoes in a similar way to how ultrasonography 

utilizes sound waves to image tissue structures (1,2). It can generate cross-sectional images of biological 

tissues in vivo, enabling the visualization of 3D microanatomical information with a field of view (FOV) 

spanning from a few to tens of square centimeters,  a high resolution from 1 to 20 um, and a relatively 

remarkable imaging depth extending up to approximately 2 mm (1,2). Due to its non-invasive, cellular-

level resolution and real-time capabilities, OCT has rapidly expanded and is currently widely used in 

ophthalmology and dermatology (3,4).  This thesis aims to amplify the impact of OCT on clinical practice.  

 

In the field of ophthalmology, age-related macular degeneration (AMD) is a leading cause of permanent 

vision loss among individuals aged 50 and above (5,6). Vision loss is typically associated with the late-

stage AMD, which manifests as geographic atrophy (GA) and/or exudative AMD (6). While intraocular 

injection of vascular endothelial growth factor (VEGF) inhibitors can resolve the exudation associated with 

neovascularization in AMD (7), there is currently no effective treatment available to stop the formation or 

progression of GA (8). Most recently, the U.S. Food and Drug Administration (FDA) has approved first 

treatment for slowing the rate of GA growth. Nevertheless, there remains an urgent imperative to identify 

early, clinically measurable markers that can function as biomarkers for predicting eyes at the highest risk 

of GA progression, particularly in the context of clinical trials aimed at early intervention and disease 

prevention. The widespread utilization of optical coherence tomography (OCT) in ophthalmology has 

significantly facilitated the identification of OCT biomarkers associated with the transition from early to 

late AMD. These biomarkers include the central drusen volume (9–11),(12), the presence of 

calcified/refractile drusen (13,14), hyperreflective foci (15–17), reticular pseudodrusen (17–19), choroidal 

thinning (20), and outer retinal atrophy (including photoreceptor degeneration) (19,21,22). Hence, one of 

the objectives of this thesis is to automate the identification and segmentation of calcified drusen and the 

outer retinal layer, thereby enabling a comprehensive assessment of AMD progression. Additionally, this 

thesis endeavors to establish a baseline for interocular asymmetry within healthy eyes. This baseline serves 

as a valuable resource for clinicians and researchers, aiding in the discrimination between pathological 

disparities and natural physiological variations. 
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In the field of dermatology, according to the World Health Organization (WHO), every year burn wounds 

result in approximately 180, 000 deaths and nearly 11 million injuries that require medical treatment 

worldwide (23). Despite such a high incidence and the major advances in therapeutic strategies for severe 

burn wounds, clinicians and researchers are still in need of a non-invasive imaging tool capable of 

accurately assessing the burn wound. Currently, clinical evaluation and healing assessments are largely 

based on wound appearance, sensitivity to pin prick, and blood refill (24), which have an accuracy rate of 

only 60 – 75%, even with an experienced burn surgeon (24). Laser Doppler imaging is at times used to aid 

assess blood perfusion of burns, but laser Doppler imaging is difficult to detect detailed vascular 

morphology due to its limited resolution and is not able to provide direct depth and structural information 

(25–27). Biopsies are at times considered a suitable alternative for assessing burn wounds, but obvious 

shortcomings, such as additional damage to an already severely traumatized skin, limit the use of such an 

invasive technique in the wound evaluation.  Skin autografting is a form of reconstructive surgery that 

involves the transfer of skin from a healthy donor site to a recipient site in a need of repair on the same 

person. It has been widely used as a treatment strategy to improve the quality of life for patients suffering 

from burn damage. OCT has the potential to serve as an imaging tool that can address the various limitations 

of current assessment techniques, thereby enhancing the evaluation and monitoring of burn wound healing 

and the integration of skin autografts. To minimize the external force applied to the skin surface during 

OCT contact imaging and enable non-invasive OCT imaging of burn wound healing, this thesis initially 

introduces the integration of a pressure sensor with an OCT handheld probe. Subsequently, the objectives 

of this thesis encompass demonstrating OCT potential in assessing burn wound healing, visualizing and 

monitoring the integration of skin autografts, and exploring the physiological mechanisms underlying 

human wound healing. 

 
1.2 Optical Coherence Tomography 
 
The fundamental principle underlying OCT is based on low coherence interferometry. In simple terms, the 

light emitted from the light source is divided into two paths: the reference arm and the sample arm. The 

reference arm travels to the reference mirror, reflects back, while the sample arm travels to the sample and 

reflects back from different depths within it. Subsequently, the reflected light from both arms is combined, 

resulting in observable interference when the optical path lengths of the two arms matches.  

 
Currently, there are two implementations of OCT: time-domain OCT (28) and Fourier domain OCT (FD-

OCT) (29). FD-OCT offers distinct advantages in sensitivity and imaging speed compared to time-domain 

OCT (30). Although the concept of using OCT in biomedical imaging was proposed in the 1990s (1), it was 
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the introduction of FD-OCT that sparked the recent development of a wide range of OCT applications in 

various fields. 

 

According to FD-OCT theory, the spectral power amplitude of the backscattered wave corresponds to the 

Fourier transform of the axial distribution of the object's scattering property. One significant advantage of 

FD-OCT over time-domain OCT is that it acquires depth information from the sample simultaneously, 

eliminating the need to move the reference mirror. This results in improved system sensitivity for measuring 

backscattered light, typically exceeding 20 dB compared to time-domain OCT. This advantage enables 

faster imaging speed while using limited light power, as dictated by laser safety standards, for imaging 

living tissue. 

 

The high speed of FD-OCT systems has facilitated the imaging of not only tissue structure but also the 

investigation of functional parameters. For example, OCT-based angiography (OMAG) allows in vivo 

blood flow imaging without the need for exogenous agents, utilizing the inherent contrast provided by the 

endogenous light scattering from moving blood cells (3). 

 

FD-OCT systems can be classified into two versions: Spectral-domain OCT (SD-OCT) and swept-source 

OCT (SS-OCT) (31). In SD-OCT, the optical frequency components are captured simultaneously using a 

dispersive element and a linear array detector (e.g., line scan camera). On the other hand, in SS-OCT, the 

optical frequency components are captured by a single detector (e.g., photodiode) in a time-encoded 

sequence achieved by sweeping the frequency of the laser source. 

 

In this chapter, I provide a summary of the techniques utilized in this dissertation, including SS-OCT, SD-

OCT, and the OMAG method. 

 
1.3 Spectral domain optical coherence tomography 
 
Spectral domain OCT employs a broad-spectrum light source and a spectrometer, as shown in Fig 1.1, 

illustrating its fundamental system configuration. With the aid of a spectrometer, the interference pattern, 

after recombination, is split into various wavelength components by a grating and subsequently detected by 

a line-scanning camera. The detected interferogram then undergoes Fourier transform, where the frequency 

corresponds to the depth and the amplitude corresponds to the reflectivity of the sample, generating an A-

line. By utilizing a two-dimensional (2D) scanner, multiple A-lines can be obtained to form a B-scan, and 

by acquiring multiple B-scans, a three-dimensional (3D) volume can be achieved. 
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Fig 1.1 Schematic illustration of basic SD-OCT set up (32). 

The primary limitations of a typical SD-OCT system include the range of optical measurements and the 

speed of the line-scan camera. According to the sampling theorem (33), the optical ranging distance is 

constrained by the number of detectors in the spectrometer (pixels on the line-scan camera), while the depth 

resolution is determined by the spectral bandwidth of the light source. Additionally, line-scan cameras 

operating with 1300nm light sources typically achieve speeds of approximately 100-200 kHz, which 

imposes restrictions on SD-OCT systems used in applications requiring rapid data acquisition. On a positive 

note, SD-OCT systems offer greater stability, easier maintenance, and cost-effectiveness when compared 

to SS-OCT systems. 

 

1.4 Swept-source optical coherence tomography. 
 
Unlike SD-OCT, SS-OCT employs a frequency scanning light source and a photodiode detector. In SD-

OCT, the interferogram spectrum is spatially resolved using a grating, whereas in SS-OCT, the 

interferogram spectrum is obtained by sweeping different light wavelengths from the light source 

sequentially. Each swept wavelength corresponds to a different depth location in the sample after Fourier 

transform. With a slightly modified setup (shown in Fig 1.2), SS-OCT offers several advantages over SD-

OCT, including reduced sensitivity loss along the depth, extended imaging range, and faster imaging speed 

(34). 
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Fig 1.2 Schematic illustration of basic SS-OCT set up (32). 

 
1.5 Optical Coherence tomography angiography 
 
OCT angiography (OCTA) is a functional extension of OCT. When obtaining 3D data from a biological 

sample, signals are captured from both stationary and moving particles at a single time point. By acquiring 

multiple OCT scans at different time points, static tissue signals exhibit minimal variation, while signals 

from moving particles display significant variation in both amplitude and phase. OCTA distinguishes 

vessels from the surrounding static tissues by analyzing the differences in OCT signal variation over time. 

Over the past decade, various OCTA techniques have been developed, classified into different groups based 

on their utilization of 1) the phase component of the OCT signal, 2) the amplitude component of the signal, 

or 3) the entire complex OCT signal (35). 

 

OCTA has gained significant popularity in both clinical ophthalmology and dermatology, regardless of the 

specific OCTA techniques employed. This growing preference for OCTA over traditional dye-based 

angiography can be attributed to several factors. Firstly, OCTA offers a faster and safer imaging method. 

Secondly, it is a 3D imaging technique that allows for the detailed visualization of vascular structures across 

different layers of tissues. Additionally, OCTA provides high lateral resolution, enabling the imaging of 

capillaries.  

 

1.6 Scope of the thesis 
 
This thesis focuses on the utilization of OCT in both ophthalmology and dermatology to advance clinical 

practice. In Chapter 2, we delve into novel algorithms and methods developed for OCT imaging. This thesis 

begins with a method to estimate the optical attenuation coefficient (OAC) from OCT images, enhancing 
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contrast and providing valuable tissue information. This research utilizes OAC to improve segmentation of 

various tissue structures, including epidermal thickness, retinal pigment epithelium (RPE), calcified drusen, 

and introduces TransUnet, a deep learning-based approach for precise outer retinal layer (ORL) 

segmentation. These advancements significantly enhance OCT imaging analysis in various applications. In 

Chapter3, the research aims to enhance the diagnosis and management of AMD by automating the 

identification of AMD biomarkers, specifically calcified drusen and the outer retinal layer. Additionally, it 

seeks to establish a baseline for healthy eye asymmetry. In Chapter4, the thesis addresses the critical need 

for a non-invasive tool to assess burn wound healing and skin autograft integration. The objectives 

encompass evaluating burn wound healing, monitoring skin autograft integration, and exploring the 

underlying mechanisms of wound healing. Ultimately, this research strives to significantly improve clinical 

outcomes in both fields through the innovative application of OCT technology. 

 

2 Chapter 2: New algorithms and methods for OCT imaging 

 
In this Chapter, we delve into novel algorithms and methods developed for OCT imaging. We begin with 

a straightforward yet highly effective approach for estimating the optical attenuation coefficient (OAC) 

from OCT images. OAC not only enhances OCT imaging contrast but also serves as a valuable physical 

parameter for assessing tissue characteristics, as alterations in tissue morphology and content can impact 

OAC. Building on this, we leverage the OAC to enhance OCT imaging contrast, leading to the development 

of algorithms for more precise and efficient segmentation of epidermal thickness, retinal pigment 

epithelium (RPE), and calcified drusen. Additionally, we introduce TransUnet, an innovative deep learning-

based method developed for accurate segmentation of the outer retinal layer (ORL). Through this 

progressive exploration of OCT technology and advanced algorithms, our research significantly improves 

imaging segmentation and analysis in OCT applications. 

 
2.1 OCT - derived optical attenuation coefficient (OAC) 
 
2.1.1 Introduction 
 
OCT light attenuates along its path due to light absorption and scattering (36); a characteristic that is 

unavoidable, but by measuring such attenuation, one can significantly increase the levels of image contrast 

in areas that would otherwise be difficult to distinguish. Such a parameter can be estimated from OCT data 

and has been applied to the study of ophthalmology, as well as skin and brain imaging, to facilitate structural 

segmentation and visualization (37,38). With the primary source of light scattering in the skin being 



 
18 

 
 

filamentous proteins, i.e. the structural element of the skin, and the principal filamentous protein of the 

dermis, i.e. collagen, being approximately 10 times larger than that of the epidermis, i.e. keratin (39,40), 

we believe the dermis may exhibit larger OAC measures compared to the epidermis. This detail, therefore, 

allows OAC to provide enhanced contrast of the DEJ and facilitate the accurate automatic segmentation of 

the epidermis. 

 

Furthermore, in addition to OAC being used to improve imaging contrast, it can also serve as a physical 

parameter for evaluating tissue characteristics because changes in tissue morphology and content can alter 

a tissue’s OAC. Previous works have shown promising results in the application of OAC to monitoring skin 

wound healing, assessing burn scars, identifying brain cancer, and evaluating brain damage. Although each 

study above has been successful in clarifying exciting findings regarding changes of tissue properties, each 

is not without its particular disadvantages. For example, those skin-related studies have not segmented the 

DEJ to distinguish the dermal layer, which might cause the epidermis and dermis to be considered one when 

calculating OAC. As mentioned above, epidermal and dermal layers exhibit different OAC properties; 

therefore, it is critical to measure such layers separately. Moreover, the authors are unaware of any research 

currently using OCT to explore the OAC changes in human skin from acute burns at different time points 

post-injury. 

 

2.1.2 Method 
 
2.1.2.1 Clinical Proposal 
 
The use of OCT was approved by the University of Washington institutional review board (IRB). Our study 

included eight participants, all over 18 years of age, with burns constituting ˃ 1% total body surface area 

(TBSA). All participants voluntarily gave written informed consent, and then underwent OCT scanning at 

two time points (referred to as imaging sessions), one within 2 – 7 days of being injured and the other within 

15 – 21 days of being injured. The interval between both imaging sessions was approximately 2 weeks. For 

each participant, several burn sites, 2 – 4, were scanned based on the assessment of the attending surgeon. 

For comparative purposes, each participant also had scans taken of adjacent or contralateral normal skin. 

 
2.1.2.2 OCT Imaging  
 
OCT scanning was performed using an in-house-built swept-source OCT (SS-OCT) system with a central 

wavelength of 1310 nm, and a bandwidth of 100 nm. More detailed system information is available in our 
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previous publications (34). The handheld probe was specifically designed with a sample spacer to keep the 

skin at a fixed distance from the objective lens. 

 

A drop of sterile glycerin was applied to the skin surface immediately prior to OCT scanning to act as a 

refractive index matching medium; thereby, reducing hyper-reflective artifacts and increasing imaging 

depth. Each OCT scan covered a region of ~ 9 × 9 × 1.5 mm (~ 800 × 800 × 200 pixels) in the x (fast axis), 

y (slow axis) and z (penetration into the skin) directions, respectively, with a lateral resolution of ~ 11 µm 

(9 mm / 800) and an axial resolution of ~ 7 µm. For each 3D scan, the acquisition time was approximately 

30 seconds. 

 

2.1.2.3 Optical Attenuation Coefficient (OAC) Estimation 
 
The OAC of a specific biological tissue is related to the OCT signal intensity that is back-scattered from 

the sample, with the OCT signal intensity being affected by the focus location. Therefore, the confocal 

function of the OCT system should be taken into account when quantifying OAC. Faber et al. (41) proposed 

the following depth-wise model: 

 

I(z) ∝ h(z)e-2µz,  

 

Where µ is the OAC and z is the OCT signal depth. The h(z) is the confocal function and can be expressed 

as: 

 

h(z) = ((!"!!
!"

)2+1)-1,  

 

Where 𝑧#  is the focal plane depth, and 𝑧$  is the apparent Rayleigh range expressed as: 

 

𝑧$= 𝛼𝑛𝑧% ,  

 

Where  𝛼 equals 2 for diffuse reflectors, n is the refractive index (we used n = 1.37 in this study (39)), and 

𝑧%  is the Raleigh range of the Gaussian beam. In our OCT system, an objective lens (LSM03, ThorLabs) 

with a 𝑧$ of ~ 133.0 µm was installed. The confocal function for the OCT intensity could be removed by 

dividing the OCT intensity by function h(z). 
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Whilst sensitivity roll-off is another factor that affects OCT signal intensity, our previous publication 

demonstrated that the sensitivity of this SS-OCT system was almost unchanged and was maintained at > 

100 dB within the depth range of 8 mm (11). The imaging depth used here did not exceed 2 mm; therefore, 

the effect of sensitivity roll-off was not considered here during OAC estimation. 

 

To estimate OAC, several models have been proposed to describe the OCT signal, including single-

scattering model, multiple-scattering model, and full electromagnetic wave model. Among them, the single-

scattering model is the most common model. In this study, we used the depth-resolved method for 

quantifying OAC, one of the methods based on the single-scattering method (36): 

 

𝜇(𝑧) ≈ &(!)
)∆∑ &(!)#

$%&
,  

 

Where 𝐼(𝑧) indicates the OCT signal intensity and 𝜇(𝑧) represents the OAC at z-th pixel along the depth.  

∆ is the pixel size, approximately 7 µm in this study, and N is the last pixel of each A-line. Here, it is 

assumed that most of the light had already been completely attenuated at the N-th pixel. 

 

2.1.2.4 OAC Estimation of Acute Burn Skin 
 
Here, a mean intensity projection (MIP) image with a depth of ~ 140 µm was taken from immediately below 

the DEJ to avoid the effects of the epidermis and noise floor. These MIP images were generated by mapping 

the average OAC value at each A-line on to a 2D map, termed an en face map. The en face maps were then 

color coded to show OAC value ranging from 0 – 6 mm-1. 

 

2.1.3 Result 
 
Shown in Fig 2.1 are the OAC maps. Fig 2.1 A, D, and G show the OAC maps of normal skin from patient 

#1, patient #2, and patient #3, respectively. OAC estimations vary between participants, but each 

participant’s map shows homogenously distributed variations in OAC. Both phenomena are to be expected. 

Comparatively, however, the maps derived from both imaging session following injury depict alterations 

in OAC value distributions with each participant, and an overall decrease in OAC values (as seen by the 

increase in blue coloration). Following injury, Patient #1 initially showed a sharp decrease in OAC value 

in imaging session #1 (Fig 2.1 B), which then appeared to be rising in imaging session #2 (Fig 2.1 C). 

Comparatively, both patients #2 and #3 did not suffer a similar decrease in OAC value in imaging session 
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#1 (Fig 2.1 E and H, respectively), but did appear to have lower OAC values in imaging session #2 (Fig 2.1 

F and I, respectively). 

 

Fig 2.1 En face projected OAC maps obtained from the dermis layer. 
(A, B, C) patient #1, (D, E, F) patient #2, and (G, H, I) patient #3. All en face images are mean intensity projected representing 
the depth of approximately 140 µm. Color bar represents OAC value. Scale bar represents 1 mm. OAC, optical attenuation 
coefficient. 
 

Shown in Fig 2.6 are the averaged OAC measurements representing all eight study participants with 28 

burn sites over two imaging sessions. To reduce the bias caused by individual differences, we presented the 

ratio of the averaged OAC between the burn site and the healthy site (referred as normalized OAC). Overall, 

the OAC measurements in imaging session #2 were significantly lower than those of imaging session #1. 

Moreover, the 95% confidence interval (CI) of the normalized OAC from the burn sites in imaging session 

#1 and imaging session #2 was 0.7593 to 0.9295 and 0.6279 to 0.7881, respectively. Thus, the OAC of the 

burn sites during the two imaging sessions appeared to be smaller than comparable measures of the normal 

skin. 
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Fig 2.2 Comparison of normalized OAC between imaging session #1 and imaging session #2.  
 Boxplots show interquartile range, whiskers minimum to maximum. OAC, optical attenuation coefficient. *P ≤ 0.05. 

 
2.1.4 Discussion and conclusion 
 
Acute burn-damaged skin undergoes significant changes in content and structure during the wound healing 

process (42), which can be reflected in the OAC of the tissue. These significant changes can be arranged 

temporally and associated with four distinct yet overlapping stages of healing, i.e., hemostasis, 

inflammation, proliferation and maturation (43). In concordance with our imaging timeline and the 

numerous features we observed, most of our study participants were experiencing the inflammatory stage 

in imaging session #1, and the proliferation stage in imaging session #2. It is our deduction that the reduced 

back-scattered light resulting in a reduction in OAC in imaging session #1 was being caused by an excess 

of fluid, a typical feature of inflammation and injured blood vessels, or severe collagen damage, a typical 

feature of burn-damaged skin (42). The reduction in OAC values observed both qualitatively and 

quantitatively in imaging session #2 (Fig 2.1 and 2.2, respectively) is thought to be caused by the newly 

generated tissue whose optical properties differ from those of normal tissue before injury. In all, the OAC 

mapping derived from our OCT data has the potential to both aid in our understanding of the pathological 

changes known to occur in human skin following acute burn injury and serve as an indicator of tissue injury.  

 
2.2 Epidermal thickness segmentation using OAC 
 
2.2.1 Introduction 
 
When researching novel techniques for burn assessment, an increasing level of attention is being paid to 

optical coherence tomography (OCT) because of its cellular level resolution, non-invasive nature, and real-

time, three-dimensional (3D) imaging capabilities (2). With a remarkable capacity for extension, OCT is 

being applied in numerous forms to a wide variety of scenarios to acquire data from multiple angles and 
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sources. Lindert et al. (44), for example, utilized OCT to identify specific imaging patterns related to burn 

depth, including a loss of the epidermal and papillary dermal thickness, and an altered surface roughness. 

Kim et al. (45), too, utilized another form of OCT, polarization-sensitive OCT (PS-OCT), to investigate the 

birefringence of burned skin, highlighting a smaller birefringence in burned skin compared to that of healthy 

skin. Another promising form of OCT is OCT-based angiography (OCTA), which is a functional extension 

of OCT that can provide vascular information without the need for invasive contrast agents. A number of 

studies have demonstrated the potential of OCTA to both qualitatively and quantitatively assess the vascular 

response to burn injury over time. Despite the increased applicability of OCT in its various forms, however, 

studies regarding the visualization and subsequent measuring of epidermal thickness in skin post-injury are 

limited. Epidermal thickness is a critically important parameter to evaluate re-epithelialization during the 

burn wound recovery (46) and other dermatologic conditions. 

 

2.2.2 Method 
 
Clinical proposal and OCT imaging were the same as section 2.1.2.  
 
The epidermal layer was segmented from the skin surface to the dermal epidermal junction (DEJ) using a 

set of algorithms shown in Fig 2.3. The first step in our algorithms involved the detection of the skin surface 

(Fig 2.3 B and C). Briefly, a Gaussian filter was applied to reduce speckle noise on each OCT B-frame. 

Then, a gradient function was used to obtain the rate of OCT intensity change at each A-line. Finally, the 

skin surface was detected by finding the maximum gradients at each A-line. The second step aimed to 

improve DEJ contrast by estimating OAC, as described in section 2.1.2.3 (Fig 2.3 D). The third step was 

DEJ detection (Fig 2.3 E and F), but unlike the surface detection, the DEJ was detected within a defined 

region instead of the entire A-line.  The upper boundary was the estimated skin surface and the lower 

boundary was 50 pixels (~ 350 µm, as the average epidermal thickness is about 150 µm) below the skin 

surface. We then identified the first gradient value within a specific range (based on the imaging intensity 

range) within the defined region to highlight the DEJ. After automatic segmentation was complete, we 

manually checked for accuracy. The last step measured the distance between the skin surface and DEJ. Fig 

2.3 G shows the resulting epidermal thickness map, where a color-code was applied to represent a thickness 

range of 0 – 350 µm. 
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Fig 2.3 A schematic of epidermal segmentation.  
(A) Unaltered OCT B-frames. (B) The same B-frame shown in (A) with the skin surface highlighted. (C) A 3D visualization of the 
skin surface highlighted in (B). (D) OAC B-frame derived from the B-frame depicted in (A). OAC B-frame highlighting the position 
of the DEJ. (F) A 3D visualization of the DEJ highlighted in (E). (G) Epidermal thickness map derived from OCT and OAC B-
frames. Color bar represents a depth of range of 0–350 µm. Scale bar represents 1 mm. 3D, three-dimensional; DEJ, dermal–
epidermal junction; OAC, optical attenuation coefficient; OCT, optical coherence tomography. 

 
2.2.3 Result 
 
Shown in Fig 2. 4 are comparisons between the segmentation results derived from both OCT and OAC data. 

OCT B-frames provided a significantly higher contrast at the skin surface for surface location efforts, but 

OAC B-frames provided a significantly higher contrast at the DEJ for a more easily detectable DEJ (Fig 

2.4 A, B, D, E and G). When combined, the accuracy of automatic DEJ segmentation was made 

significantly more accurate. Fig 2.4 A and B show two representative OCT B-frames, highlighting how a 

low DEJ contrast would make epidermal segmentation inaccurate. Fig 2.4 D and E show the corresponding 

B-frames, only this time with OAC applied, highlighting how an improved DEJ contrast would help 

epidermal segmentation. Furthermore, as shown in Fig 2.4 H, without manual segmentation correction, 

epidermal thicknesses obtained from OCT B-frames alone would provide significantly higher thickness 

measurements than those obtained from OAC B-frames. 
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Fig 2.4 Demonstration of OCT- and OAC-derived epidermal thickness maps. OAC maps enhancing DEJ contrast and the accuracy 
of automatic segmentation of the epidermis.  
(A and B) Unaltered OCT B-frames corresponding to the black dash line in (C). Supposed DEJ highlighted by red lines. (D and E) 
OAC B-frames corresponding to the black dash line in (F). DEJ highlighted by blue lines. (C) Epidermal thickness map derived 
from segmentation results shown in A and B. (F) Epidermal thickness derived from segmentation results shown in D and E. (G) A 
single A-line comparison between OCT and OAC intensity (shown in percentage difference from mean). (H) The comparison of 
epidermal thickness measurements between using OCT maps and OAC maps. Whiskers represent standard deviation. DEJ, dermal–
epidermal junction; OAC, optical attenuation coefficient; OCT, optical coherence tomography. 

 

Fig 2.5 shows epidermal thickness maps derived from three representative participants (here referred to as 

patient #1, patient #2, and patient #3). Generally, Fig 2.5 shows that whilst the epidermal thicknesses of the 

normal sites may differ between patients (an expected occurrence, especially when one takes into account 

that the healthy sites are at different locations on the body), the maps appear homogenous in terms of 

thickness distribution and overall topography (Fig 2.5 A, F, I, N, Q and V). In contrast, the epidermal 

thicknesses from the burn sites of each participant are more heterogenous and varies dramatically between 

the participants, whilst also having no discernable texture or homogenous topography (Fig 2.5 C, G, K, O, 

S and W, and Fig 2.5 E, H, M, P, U and X). More specifically, Fig 2.5 B, J and R show the burn-damaged 

sites at 6-, 6- and 5-days post-injury, respectively, with approximate scan locations highlighted. Fig 2.5 C, 

K and S are the epidermal thickness maps corresponding to Fig 2.5 B, J and R.  Fig 2.5 D, L and T show 

the burn-damaged sites at 20-, 20- and 19-days post-injury, respectively, with approximate scan locations 

highlighted. Fig 2.5 E, M and U are the epidermal thickness maps corresponding to Fig 2.5 D, L and 

T.  Following injury, patient #1 demonstrated a significantly increased epidermal thickness in imaging 

session #1 (Fig 2.5 C) compared to that of the normal site (Fig 2.5 A), which then began to thin and 

normalize in imaging session #2 (Fig 2.5 E), although it was still not as thick as the healthy site. Following 

injury, patient #2 demonstrated a significantly decreased epidermal thickness in imaging session #1 (Fig 
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2.5 K) compared to that of the normal site (Fig 2.5 I), which then thickened in imaging session #2 (Fig 2.5 

M) to the point it was then thicker than the normal site. Similarly, following injury, patient #3 demonstrated 

similar changes in epidermal thickness to that of patient #2 (Fig 2.5 Q and S), although the epidermal 

thickness did not recover to the point of being thicker than the normal site in imaging session #2 (Fig 2.5 

U). 

Fig 2.5 The epidermal thickness maps of three representative burn cases (referred to as patient #1, patient #2, patient #3) spanning 
two imaging sessions.  
(A, I, and Q) Epidermal thickness maps of the healthy skin. (F, N, and V) Cross-sectional OCT B-frames corresponding to the 
locations highlighted with perforated red lines in A, I, and Q, respectively. (B, J, and R) Photographs of the burned sites in imaging 
session #1 with approximate scan locations highlighted. (C, K, and S) Epidermal thickness map of the burned sites in imaging 
session #1. (G, O, and W) Cross-sectional OCT B-frames corresponding to the locations highlighted with perforated red lines in 
C, K, and S respectively. (D, L, and T) Photographs of the burned sites in imaging session #2 with approximate scan locations 
highlighted. (E, M, and U) Epidermal thickness map of the burned sites in imaging session #2. (H, P, and X) Cross-sectional OCT 
B-frames corresponding to the locations highlighted with perforated red lines in E, M, and U, respectively. Yellow lines highlight 
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the skin surface. Blue lines highlight the dermal-epidermal junction. Color bar represents a depth of range of 0–350 µm. Scale bar 
represents 1 mm. OAC, optical attenuation coefficient; OCT, optical coherence tomography 
 

Shown in Fig 2.6 are the averaged epidermal thickness measurements representing all eight study 

participants with 28 burn sites over two imaging sessions. To reduce the bias caused by individual 

differences, we presented the ratio of the averaged epidermal thickness between the burn site and the healthy 

site (referred as normalized epidermal thickness). Despite individual variances, we did not observe any 

significant difference in normalized epidermal thickness between both imaging sessions. 

 

 
Fig 2.6 Comparison of normalized epidermal thickness between imaging session #1 and imaging session #2. 
ns: not statistically significant. Boxplots show interquartile range, whiskers minimum to maximum. 

 
2.2.4 Discussion and conclusion 
 
Qualitative and quantitative assessments of the epidermis of burned skin are important factors required for 

accurately evaluating the healing process. In this study, we have demonstrated the ability of OCT-derived 

OAC to assist in the automated assessment of the epidermis (Fig 2.5), which is an advancement from 

previous studies that performed epidermal segmentation from OCT intensity information(47–51). Our 

automated protocols also have the potential to augment assessment accuracy and efficiency with OAC maps, 

whilst also increasing applicability, as OAC has been shown to be a critical physical parameter for 

evaluating tissue characteristics (52).  

 

Qualitatively, we demonstrated using automatically-generated maps that epidermal thickness differs in 

burn-damaged skin compared to that of healthy normal skin (Fig 2.5). Whilst it is not the intention to 

provide any form of clinical diagnosis in this study, many factors are known to cause abnormal epidermal 

thickness in the burned skin, including a loss of partial skin, edema, scab generation, epidermal regeneration, 

and so on (53). Combined, these medical traits might explain why it was difficult to find uniform 
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characteristics of the epidermal thickness among different individuals (Fig 2.5 and 2.6). Changes in 

epidermal thickness could be an important biomarker used in monitoring the burn wound healing process, 

as such a feature is not typically easily distinguishable through normal clinical evaluation methods. Our 

segmentation method, with the assistance of OAC, could provide greatly improved epidermal information 

to help clinicians or surgeons closely monitor burn wounds as they heal. 

 
To conclude, our study has demonstrated that OCT-derived OAC can be used to enhance imaging contrast 

and facilitate the automated segmentation and quantification of the epidermal layer, as well as help to aid 

in our understanding of the pathological changes that occur in human skin following acute burn injury, 

which could serve in future as an objective indicator of tissue injury and subsequent repair.  

 
2.3 Calcified drusen segmentation using OAC 
 
2.3.1 Introduction 
 
Age-related macular degeneration (AMD) is a leading cause of irreversible vision among the elderly 

worldwide (6). Drusen are the hallmark feature of early and intermediate AMD and are characterized by 

accumulations of extracellular material that build up in the space between Bruch’s membrane (BM) and the 

elevated retinal pigment epithelium (RPE) (13,15). The progression and pathogenesis of AMD have not 

been fully understood, but the calcification of drusen is considered an indicator of increased risk of late 

AMD (13,15). Therefore, identifying and quantifying calcified drusen would be of great clinical importance 

in the evaluation and monitoring of AMD progression and for the understanding of the pathological basis 

of calcified drusen.  

OCT is a well-established imaging modality that has been widely utilized in ophthalmology for retinal 

disease diagnosis and treatment management because of its ability to provide non-invasive, depth-resolved, 

high-resolution information  (4). On OCT B-scans, drusen appear as localized elevations and disruptions 

of the structure of RPE (54), while calcified drusen can be identified from heterogeneous internal 

reflectivity within drusen (HIRD) (14,55).  Liu et al. (56) reported that calcified drusen appear as dark foci 

on en face subRPE SS-OCT images obtained from a slab defined by boundaries from 64 to 400 µm under 

BM. These dark foci appear due to the hypotransmission of light into the choroid and are named choroidal 

hypotransmission defects (hypoTDs). Compared with OCT B-scans, the en face image provides the 

reviewers and graders an overview of the entire scanned region at a single glance.  

Using a similar subRPE en face OCT imaging strategy, our group successfully identified and quantified 

geographic atrophy (GA) by developing an automated algorithm to detect choroidal hypertransmission 

defects (hyperTDs) (57). Rather than detecting hyperTDs, we used a similar strategy to detect choroidal 
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hypoTDs to identify and quantify calcified drusen (56). However, hypoTDs can also result from other 

anatomic features in the scan other than calcified drusen, such as hyperreflective foci, a thickened RPE 

layer, vitelliform material, and large retinal pigment epithelial detachments (58), which complicates the 

grading of calcified drusen from subRPE slabs. Currently, in clinical practice, clinicians and researchers 

identify the various causes of hypoTDs on subRPE slabs by manually checking the corresponding B-scans. 

As a result, the task of identifying and quantifying calcified drusen by manual segmentation on subRPE 

images is labor-intensive, particularly when the corresponding B-scans need to be checked for each hypoTD, 

and this task is subject to grader variability. Thus, there remains a clinical need for an automated algorithm 

capable of identifying and quantifying calcified drusen.  

Several automated algorithms have been developed and tested to automatically segment retinal anatomic 

features on OCT images or fundus images, including traditional computer vision (59–61) and machine/deep 

learning approaches (62–68).  However, the identification of calcified drusen presents some unique 

challenges, especially since the characteristic features of these drusen on 2D en face images sometimes 

overlap with other causes of hypoTDs. In this study, we propose a simple yet efficient strategy to 

automatically identify, segment, and quantify calcified drusen on OCT imaging. 

 
2.3.2 Method 
 
2.3.2.1  Participants and Imaging acquisition  
 
Patients were enrolled in a prospective SS-OCT imaging study at the Bascom Palmer Eye institute. This 

study was approved by the institutional review board (IRB) of the University of Miami, Miller School of 

Medicine and was performed in accordance with the tenets of the Declaration of Helsinki (as revised in 

2013) and complied with the Health Insurance Portability and Accountability Act of 1996. All participants 

provided written informed consent before imaging. OCT scanning was carried out using a 6×6 mm2 macular 

swept-source OCT angiography (SS-OCTA) scanning protocol (PLEX® Elite 9000, Carl Zeiss Meditec, 

Dublin, CA, USA). This instrument was equipped with a 100 kHz swept laser source with a central 

wavelength of 1050 nm and a spectral bandwidth of 100 nm, providing an axial resolution of ∼5.5 μm and 

a lateral resolution of ∼20 μm estimated at the retinal surface. The 6 × 6 mm2 scans consisted of 1536 pixels 

on each A-line (3 mm), 500 A-lines on each B-scan, and 2 repeated B-scans at each B-scan position. OCT 

scans were excluded from the study if signal strength was less than 7 or evident motion artifacts were 

observed. After being retrospectively reviewed, the eyes were included in this study only when the B-scans 

were present with drusen that contained hyperreflective contents with a hyperreflective cap and a hypo-

reflective core (Figs. 2.7 A-C) or without a hypo-reflective core (Figs. 2.7 D-F) accompanied by choroidal 

hypoTDs.  
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Fig 2.7. Examples of calcified drusen  
on the representative OCT scans from (A-C) an eye with calcified drusen with a hyperreflective cap and a hypo-reflective core 
(Red arrow), and (D-F) an eye with calcified drusen with hyperreflective contents but without a hypo-reflective core (Yellow 
arrow). (A, D) enface subRPE OCT image obtained from a slab defined by 64µm to 400µm below the Bruch’s membrane (BM) 
shown as yellow lines in (B, E), where hypoTDs appear as the dark foci. (B, E), Representative B-scans passing through calcified 
drusen at the locations highlighted by dashed lines in (A, D), and (C, F) correspondingly converted OAC B-scans, respectively. 
Scale bar represents 500 μm. 
 
2.3.2.2 OAC estimation from OCT volumes 
 
That the OCT signals in the scan dataset were converted to the corresponding optical attenuation coefficient 

(OAC) at each pixel has been described in 2.1.2.3.  

 

2.3.2.3 Considerations when segmenting RPE 
 
As mentioned above, drusen are characterized by a localized elevation of the RPE on OCT B-scans, and 

calcified drusen are a subset of drusen in which the accumulated extracellular material possesses higher 

scattering property (i.e., higher OAC values) when compared with the soft drusen. Therefore, it is important 

to first identify and segment drusen, for which an accurate segmentation of both RPE and BM is critical. 

While BM segmentation has proved robust using the manufacture automated segmentation algorithm  

(which is adopted in this study), the RPE segmentation is a more challenging task. An incorrect 

segmentation of RPE would lead to difficulty in the identification of the calcified drusen.  

Typically, the distance between the RPE and BM at each A-line is utilized to construct a 2D drusen map 

and to visualize and quantify the drusen. In a previous study, the RPE was located by finding the position 

of the pixel along each A-line with the largest OAC value above the BM. While this strategy has been 

successfully used to segment the RPE in many studies, it can run into problems when there are structures 

with higher OAC values than that of RPE located above the BM (Fig. 2.8), such as hyperreflective foci (e.g. 
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migrated pigment, Figs. 2.8 A-C) and calcified drusen (Fig. 2.8 E-G). A possible approach to mitigate this 

complication is to use a median filter and a local regression with weighted linear least squares and a 2nd-

degree polynomial model to physically smooth and correct the inaccurate RPE segmentation(69). Such 

mitigation works to correct the inaccurate RPE segmentation caused by the hyperreflective foci (Fig. 2.8 

D), but unfortunately does not work well for the cases with calcified drusen where the corrected RPE 

appears lower than the actual RPE positions (Fig. 2.8 H). For this reason, we further modified the RPE 

segmentation algorithm by introducing a RPE location correction, Zc, defined as:  

𝑍, =	 &'(∆-./0 − ∆$12)    (2) 

where ∆-./0is the full-width-half-maximum (FWHM) width defined by the OAC peak alone the A-line, 

and ∆$12 is the RPE width. This means that the RPE location is modified by moving the prior location up 

by an amount of Zc. Zhou et al found that with SS-OCT imaging, ∆$12is approximately between 25 and 

30 µm (70). In this study, we used a constant ∆$12= 25µ𝑚, which is consistent with the measurements for 

older subjects (70). This approach works because the calcified drusen is a highly scattering mass that would 

make the FWHM appear wider than that at the soft drusen (see Fig.2.9, Fig. 2.9 D vs Fig. 2.9 E).  

 

 
Fig 2.8 Effects of hyper reflective foci (HRF) and calcified drusen on retinal pigment epithelium (RPE) segmentation.  
(A) OCT B-scan and (B) corresponding optical attenuation coefficient (OAC) B-scan with a HRF (blue arrow). (C) A single OAC 
A-line through HRF with two peaks highlighted, due to HRF (blue arrow) and RPE (red arrow), respectively, which would make 
the direct OAC segmentation of RPE erroneous. (D) OAC B-scan with the RPE segmentation (blue line) after filtering and 
smoothing. (E) OCT B-scan and (F) corresponding OAC B-scan with a calcified druse (purple arrow). (G) A single OAC A-line 
through the calcified druse where the difficulty to segment the RPE appears apparent. (H) OAC B-scan with the erroneous RPE 
segmentation (blue line) at the calcified druse. Scale bar represents 500 μm. 
 
Figure 2.9 shows such an example where at the locations of calcified drusen, the corrected RPE 

segmentation (yellow line) appears to match well with the actual RPE position (Fig. 2.9 C and 2.9 F) while 

the manufacture’s segmentation method (blue line) and the direct OAC with filtering method (red line) 

appear to be less accurate. In regions where the RPE is normal or where soft drusen are present (Fig. 2.9 

C), the new RPE segmentation does not deviate significantly from the prior strategies because the FWHM 
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values are sufficiently close to the normal RPE width. Figs. 2.9 G-I show drusen maps from the 

manufacturer’s method (Fig. 2.9 G), the prior OAC method (Fig. 2.9 H) and the new strategy (Fig. 2.9 I), 

respectively, illustrating this new RPE segmentation provides more accurate drusen volume quantification, 

particularly in the areas with calcified drusen (pointed by the red and white arrows in Fig. 2.9 C, F, and I). 

 

 
Fig 2.9 The comparison of the retinal pigment epithelium (RPE) segmentation performances on the soft drusen and calcified 
drusen among the manufacturer’s approach, OAC method and proposed method.  
(A) OCT B-scan and (B) corresponding optical attenuation coefficient (OAC) B-scan with soft drusen and calcified drusen with 
its location highlighted by gray dashed lines in G-I. (C) The same OAC B-scan as in (B) overlaid with the segmented RPE lines 
obtained by the manufacture software (blue line), OAC method (red line) and the proposed method (yellow line), respectively. 
(D) A single OAC A-line through the soft druse at the orange line position in (B), where the FWHM at the RPE peak is seen 
narrow (blue arrow). (E) A single OAC A-line through the calcified druse at the blue line location marked in (B), where the 
FWHM peak is seen wide (blue arrow) that was used to correct the RPE segmentation lines. (F). Another example OAC B-scan 
with calcified drusen with its locations marked by dashed red lines in (G-I) overlaid with the segmented RPE lines obtained by 
the manufacture approach (blue line), OAC method (red line) and proposed method (yellow line), respectively. (G-I) the drusen 
maps generated from 3D scans by displaying the distances between the Bruch’s membrane (BM) and the RPE segmented by (G) 
the manufacture approach, (H) the OAC method and (I) the proposed method, respectively. Note that the distance information is 
coded with color shown in the color bar where the dynamic range was made purposely tighter to show the differences between 
different methods. White and red arrows indicate the regions of calcified drusen where the RPE segmentations are more accurate 
by the proposed method but underestimated by either the manufacture or OAC methods. Scale bar represents 500 μm. 
 
2.3.2.4 Automated segmentation of calcified drusen 
 
The next step is to segment the calcified drusen from the drusen. Because calcified drusen contain 

heterogeneous high scattering material that produce higher OAC values than the soft drusen (Fig. 2.7), the 

calcified drusen from the drusen can be isolated by mapping the OAC values within the space between (but 

excluding) RPE and BM. In order to minimize the possibility of false positive identifications due to small 

deviations in the segmentations (see below), we used the hypoTDs information to constrain the mapping of 

calcified drusen.  
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The workflow schematic of the algorithm is shown in Fig. 2.10. Two parallel steps, each generating a binary 

map (Fig. 2.10 F and 2.10 I, respectively) from a 3D SS-OCT scan, are combined to produce a final binary 

map (Fig. 2.10 J) to represent the regions occupied by the calcified drusen.  

 

 
Fig 2.10 Schematic of the workflow for the proposed automated segmentation of calcified drusen from a SS-OCT volume scan.  
(A) Optical attenuation coefficient (OAC) B-scans with the segmentation lines of six pixels below retinal pigment epithelium 
(RPE, the blue line) to two pixels above Bruch’s membrane (BM, the orange line) highlighted. (B) the drusen maps resulted from 
displaying the distances between the Bruch’s membrane (BM) and the retinal pigment epithelium (RPE). (C) en face maximum 
mean projection OAC image of the slab defined by the two lines shown in (A). (D-E) Representative OAC B-scans with its 
locations marked by dashed red lines in (B and C) overlaid with the segmentation lines of six pixels below RPE (the blue line) to 
two pixels above BM (the orange line), showing small deviations in the RPE segmentations leading to false positive detection of 
calcified drusen (the green arrow). (F) The first binary mask derived from (C). (G) OCT B-scans with the segmentation lines (the 
yellow lines) located within the sclera region to define the slab thickness of 40µm, where the first line is determined by shifting 
the BM segmentation line by the maximum choroidal thickness in the volume. (H) en face sub-choroid OCT image of the slab 
defined the two lines shown in (G). (F) the second binary mask derived from (H). (J) Final binary mask resulted from the product 
between (F) and (I) to indicate the regions of calcified drusen.  
 
The first step is to obtain a binary map indicating the regions where heterogeneous scattering material may 

possibly be present between the RPE and BM.  A drusen map (Fig. 2.10 B) was first generated from the 

scanned OCT volume (Fig. 2.10 A) using the corrected RPE segmentation discussed in the last section. 

Note that the drusen volume can be easily calculated from the drusen map shown in Fig.4B. From this 

drusen map, an en face OAC images (Fig. 2.10 C) was then obtained from a slab taken from six pixels (~12 

µm) below RPE segmentation line to two pixels (~4 µm) above the BM segmentation line (shown in blue 

and orange lines in Fig. 2.10 A) using the mean of the first six maximum OAC values at each A-line. A 

binary image (Fig. 2.10 F) is then generated from this en face OAC map by using the automated Otsu’s 

histogram thresholding method and removing small areas less than 125 µm in greatest linear dimension 

(GLD, consistent with human grader criterion). Theoretically, this binary image would be sufficient to 

identify the regions occupied by large drusen (≥125 µm in GLD) with high OAC values. In practice, there 

is no guarantee that the segmentations of RPE are perfect, especially in the area with a V-shape appearance 

at the border region of some drusen, for example at the positions pointed by green arrows in Fig.2.10 D-E, 
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which would make the RPE segmentation to slightly deviate from the true RPE position. Such deviation 

can lead to false positive identification of the calcified drusen (e.g., those pointed by the green arrows in 

Fig. 2.10 C and Fig. 2.10 F). One approach to minimize such false positive identifications is to further 

optimize the proposed RPE segmentation strategy by taking these special cases into the formulation of the 

segmentation algorithm. However, in this study, we instead introduced a constraint on the resulting binary 

map (Fig. 2.10 F), i.e., the 2nd step below.    

The second step is to obtain a binary map corresponding to hypoTDs in the sclera, which is used to constrain 

the possible locations of calcified drusen identified from the 1st step. Conventionally, the hypoTDs can be 

identified from the en face structural image generated by the subRPE slab. However, the large choroidal 

vessels often complicate the identification of the hypoTDs using this method. To avoid this complication, 

we instead defined a slab located within the sclera where the OCT signal is more homogeneous, while 

preserving the appearance of the hypoTDs (e.g., pointed by arrow in Fig. 2.10 G). The largest distance 

between BM and choroid-sclera boundary, denoted as X µm for simplicity, was first calculated using a 

validated and published automated algorithm (38). Then the slab from X µm to (X + 40) µm below BM 

(shown in yellow lines in Fig. 2.10 G) was used to generate an en face OCT sub-choroid image using a 

mean intensity projection method (Fig. 2.10 H). Finally, the en face OCT sub-choroid image was binarized 

(Fig. 2.10 I) using a locally adaptive thresholding method. 

The final binary map (Fig. 2.10 J) is obtained by the product between the first (Fig. 2.10 F) and second (Fig. 

2.10 I) binary maps, showing the regions that are occupied by the calcified drusen. With this final binary 

map, it is then trivial to calculate the calcified drusen volumes when combined with the drusen map shown 

in Fig. 2.10 B. 

In order to validate and compare the outcomes from the proposed automated algorithm, the calcified drusen 

were manually outlined by two independent expert graders (J.L. and M.S.) using Photoshop (Adobe 

Systems, San Jose, California, USA), and agreement was reached between the two graders regarding the 

area of calcified drusen. In cases of disagreement, a senior grader (P.J.R.) worked as the adjudicator. 

 

2.3.2.5 Statistical analysis and evaluation metrics 
 
Scatter plots along with Pearson correlation analyses were used to explore the relationship between the area 

and volume measurements of the calcified drusen from the manual segmentations and the automated 

algorithm. Statistical analysis was performed using GraphPad Prism (GraphPad Software, San Diego, CA, 

USA). 

To evaluate the performance of the algorithms, Dice similarity coefficient (DSC), pixel-wise sensitivity, 

and specificity were measured on the data set: 
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DSC = )	45
)	45675678

                                                (3) 

Sensitivity = 45
45678

                                                 (4) 

Specificity = 48
48675

                                                 (5) 

where TP indicates true positive, TN indicates true negative, FP indicates false positive, and FN indicates 

false negative. Here the areas outlined by the human graders were considered as ground truth or reference 

standard.  

 

2.3.3 Result 
 
A total of 29 eyes with nonexudative AMD and calcified drusen from 29 patients were recruited in this 

study. 28 of these eyes contained hyper reflective foci lesions and 6 eyes had GA.  

In the evaluation, we also evaluated the performances of the algorithm without employing the 2nd step to 

show the necessity of using the hypoTD information appearing in sub-choroid slab to minimize the false 

positive identifications, at least in the current study. The reason for this evaluation is that sub-choroid 

evaluation requires reliable OCT signals from deep choroid and sclera structures, which is achievable for 

SS-OCT imaging but often difficult for SD-OCT imaging. For simplicity in the evaluation, we named this 

evaluation as AccuRPE. Table 2.1 shows the results of our analyses. The mean DSC was 40.39 % when 

using the manufacturer’s segmentation and 47.65 % using the OAC method, respectively. Note that the 

manufacture and OAC methods did not involve the sub-choroidal information. This value was improved to 

51.21 % when using the proposed adjustment of RPE segmentation alone, i.e., the AccuRPE. However, 

when the sub-choroid information was used in the algorithm, the mean DSC of the proposed algorithm was 

significantly improved to 68.27% (AccuRPE vs Proposed approach, P value of paired t-test < 0.0001). 

Taken together, these analyses demonstrate that the proposed methods outperform either manufacture or 

traditional OAC approach, with the method being the most accurate when the hypoTD information in the 

choroid is considered in the algorithm.   
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Table 2.1 Performance for calcified drusen segmentation among different methods 

Metrics 
Manufacture 

approach 

Prior OAC 

approach 

Proposed 

approach 
AccuRPE 

DSC (%, mean 

± SD) 
40.39 ± 26.55 47.65 ± 24.16 68.27 ± 11.09 51.21 ± 20.84 

Sensitivity (%, 

mean ± SD) 
53.15 ± 29.64 70.14 ± 21.79 77.54 ± 12.24  77.40 ± 13.66 

Specificity (%, 

mean ± SD) 
98.96 ± 0.64 98.87 ± 0.76 99.60 ± 0.18  98.88 ± 0.69 

AccuRPE denotes the proposed method with the step 1 only in the proposed algorithm. 
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Fig 2.11 Areas and volumes of calcified drusen measured by the proposed automated methods vs the ground truth (by human 
graders).  
(A) Scatter plot of the area measurements of identified calcified drusen against manual measurements showing a strong 
correlation (r=0.9422, p<0.0001), and (B) corresponding scatter plot of the volume measurements with a correlation (r=0.9391, 
p<0.0001). (C and D) Bland-Altman agreement analysis of identified calcified drusen against manual measurements, where the 
solid line represents the bias, and the dashed gray lines represent the upper and lower 95% limits of agreement. 
 
Fig. 2.11 shows the quantitative scatter plots of the areas and volume measurements of identified calcified 

drusen along with Pearson’s correlation analyses for the proposed algorithm vs the manual segmentations, 

respectively. A significant correlation was found between the measurements of the calcified drusen area (r 

= 0.9422, p < 0.0001, Fig. 2.11 A), and the corresponding volume measurements (r = 0.9391, p < 0.0001, 

Fig. 2.11 B). Bland-Altman analysis showed that the average bias of the area measurements was 0.04781 

mm2 (95% limits of agreement [−0.1218, 0.2174], Fig. 2.11 C) and the average bias of the corresponding 

volume measurements was 0.0023 mm3 (95% limits of agreement [−0.0105, 0.0150], Fig. 2.11 D) between 

automated and manual approaches. Therefore, the measurements of calcified drusen computed using the 

proposed method tended to be a little larger than those produced by the manual segmentations.  
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Fig 2.12. Representative segmentation results of calcified drusen taken from an eye in 68-year-old female patient by both the 
manual method (top row) and the proposed algorithm (bottom row). 
 (A) en face OCT subRPE image. (B) An OCT B-scan with its location shown as dashed line in (A) where a calcified druse can 
be identified. (C) Manual outlines on the subRPE image in (A) of calcified drusen (yellow outlines), hyperreflective foci (green 
outlines), and choroidal hypertransmission defects (red outlines). (D) Binary image showing the regions with calcified drusen 
segmented by human graders. (E) en face OCT sub-choroid image obtained by a slab of 40µm thickness with its anterior line 
defined by shifting the BM segmentation by the maximal thickness of the choroid, showing minimal contamination of choroidal 
vessels. (F) en face drusen map with the color indicating the elevation distance of RPE. (G) en face maximum mean projection 
OAC image between RPE and BM with the color indicating the values of OAC. (H) Binary map resulted from (G) to indicate the 
regions occupied by the calcified drusen using the automated method. (I) An en face composite map to visually indicate whether 
a druse is calcified within the drusen map (F), which was obtained with the aid of (H) when displaying (F) where the regions of 
calcified drusen are displayed with red color and the soft drusen are displayed with green color. Color bar represents the distance 
between RPE and BM.(J) en face calcified drusen map with the color indicating the elevation distance of RPE. Scale bar 
represents 500 μm. 
 
Fig 2.12. demonstrates these results for one representative eye with nonexudative AMD and calcified 

drusen. Overall, there was good agreement between the segmentations from the automated strategy (Fig. 

2.12 H) and those from the human graders (Fig. 2.12 D), with a dice coefficient of 75.81%.  The 

segmentations of calcified drusen can be used to visualize the calcified drusen as a subset of all drusen, 

which may be useful, for example, in investigating the progression from soft drusen to calcified drusen. For 

example, the binary map of Fig. 2.12 H can be combined with the drusen map of Fig. 2.12 F to generate a 

composite map of Fig. 2.12 I to differentiate the calcified drusen (red color) from the soft drusen (green 

color) at a single glance. It is also trivial to show the RPE elevation map for the calcified drusen only (Fig. 

2.12 J), which may also be useful in the clinical investigations. Combining the binary maps (Fig. 2.12 D 

and 2.12 H) with the drusen map in Fig. 2.12 F, the quantitative volume measurements of the calcified 

drusen were 0.0211mm3 and 0.0246 mm3 for the manual and automated strategies, respectively.  
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Fig 2.13. An example from an eye in 74-year-old male patient showing the areas of calcified drusen segmented by the algorithm 
being a relatively large disagreement with the areas segmented by human graders.  
(A) en face OCT subRPE image with highlighted B-scan positions for detailed inspections of segmented calcified drusen by both 
the manual and automated approaches. (B) en face drusen map with the color indicating the elevation distance of RPE.  (C) 
Binary map resulted from the manual segmentation, showing the regions identified with calcified drusen. (D) en face OCT sub-
choroid image showing the hypoTDs with minimal contamination of choroidal vessels. (E) en face maximum mean projection 
optical attenuation coefficient (OAC) image of a slab taken between retinal pigment epithelium (RPE) to Bruch’s membrane 
(BM), showing the OAC strength within the drusen. (F) Binary map resulted from the automated algorithm showing the regions 
occupied by the identified calcified drusen. (G-I) Representative OCT B-scans with their locations indicated by the dashed lines 
in (A); and (J-L) the corresponding OAC B-scans, respectively. In the images, the orange arrows indicate the true positive area 
detected by both the automated and manual methods. The green arrows point to a calcified druse that was detected by the 
automated method but missed by the human graders. The yellow arrows point to the position where the automated algorithm led 
to a false positive identification of the calcified druse due to a clear challenge of RPE segmentation at this location. The red 
arrows point to a pigment clump on the RPE, which was falsely identified as a calcified druse by the automated method but 
correctly excluded by the manual method. Scale bar represents 500 μm. 
 
Figure 2.13 shows an example from a case (pointed by blue arrow in Fig. 2.11) with an obvious 

disagreement between the automated and manual segmentations (see Fig. 2.13 C vs Fig. 2.13 F). For this 

case, the dice coefficient was 50.68%, and the measured area and volume of calcified drusen were 0.1315 

mm2 and 0.0081mm3 for manual segmentation, and 0.3584mm2 and 0.0252mm3 for the automated strategy, 
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respectively. To inspect in detail the possible reasons for the disagreement, we browsed through B-scan by 

B-scan in the 3D volume. Arrows show the representative positions with possible true/false positive and 

true/false negative identifications of the calcified drusen by both the manual and automated methods. The 

orange arrows point to the lesions that were correctly identified as calcified drusen by both the methods. 

The green arrows point to a true calcified druse that was correctly identified by the automated method but 

was missed by the human graders, probably because of its small size and undiscernible hypoTD in choroid 

(Fig. 2.13 A). Note that the hypoTD feature is present in the B-scan (hollow green arrow, Fig. 2.13 H) and 

heterogenous OCT reflectivity with the druse. The yellow arrows point to a position that was falsely 

identified as a calcified druse by the algorithm but correctly excluded by the human graders. This false-

positive identification can be explained by an incorrect segmentation of the RPE (because of its V-shape) 

and by the RPE pigments clumped at the apex of the V-shape that strongly attenuates the light transmission, 

leading to a hypoTD appearance in the choroid and below (hollow yellow arrow, Fig. 2.13 I). The red 

arrows point to the position where there were migrated pigments attached to the RPE, which was falsely 

identified by the automated algorithm as a calcified drusen but was excluded by the manual graders. The 

highly scattering nature of the pigment clump that is attached to the RPE confuses the automated RPE 

segmentation algorithm, which overcorrects the RPE by the thickness of the pigment clump. To mitigate 

this mis-identification, one option is to use an automated algorithm of identifying the hyperreflective foci 

to exclude the regions designated as hyperpigmentation on RPE. Another option but more laborious is to 

manually check individual B-scans to confirm wherever the calcified drusen are correctly identified by the 

algorithm.  

 

2.3.4 Discussion and conclusion 
 
Qualitative and quantitative assessments of calcified drusen and soft drusen are of great clinical importance 

when evaluating AMD process. However, to the best of the authors’ knowledge, no study regarding 

automated segmentation of calcified drusen has been reported. In this study, we proposed an automated 

algorithm using OCT-derived OAC features to improve the RPE segmentation and provide a more accurate 

drusen area map compared to previous methods. Based on this improvement, we proposed a novel 

automated strategy to segment and quantify the area and volume of calcified drusen.  Although there is no 

consistent definition of calcified drusen, several groups reported that calcified drusen showed 

heterogeneous internal reflectivity within drusen (HIRD) on OCT B-scans (13,14,55,71,72). Moreover, Tan 

et al.  (14) proposed a four-stage pathway for druse progression to HIRD, stating that drusen with 

hyperreflective contents but without a hyporeflective core were at an early stage of HIRD. In this study, 

both HIRD with and without a hyporeflective cores were considered to be calcified drusen, which is the 
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rationale of the first step in our automated strategy for segmenting calcified drusen (Fig. 2.10) because these 

HIRD are highly scattering and can be contrasted by OAC. Suzuki et al. (56) and Liu et al. (56) reported 

that there were shadows beneath calcified drusen, a feature which may be due to the attenuation or scattering 

of incident light caused by calcified nodules. These shadows give rise to the appearance of hypoTD on sub-

RPE and sub-choroidal images.  The combination of higher OAC within drusen and hypoTDs below BM 

are used in our automated algorithm to segment calcified drusen from 3D OCT scans.  

The proposed automated algorithm was compared with calcified drusen segmentation performed by human 

graders. Some differences were observed when a calcified druse was small causing less attenuation of the 

OCT light entering the deeper structures than larger lesions, which leads to a reduced contrast of hypoTD 

appearance in the en-face subRPE images by the green arrows pointing to algorithm identified calcified 

druse in Fig. 2.13. Such low contrast appearance of hypoTDs makes the human graders difficult to judge, 

thus often leading to missed grading of the calcified drusen. However, in this example, the automated 

algorithm appears more sensitive to these small lesions, but the significance of these small lesions remains 

to be investigated.  

There are several possible situations that may cause false positive segmentations of the calcified drusen. 

Fig. 2.13 shows an example where a pigment clump attached to the RPE was falsely identified as calcified 

drusen by the automated segmentation method. This situation presents a challenge for the proposed 

automated RPE segmentation, which might place the RPE above the pigment clamp leading to erroneous 

identification of the pigment clump as calcified drusen. These foci of hyperpigmentation can also be 

identified using another algorithm designed to identify these lesions (16), and any overlap between the two 

algorithms could be investigated further.  Overall, the automated algorithm appears to have a small bias 

compared to manual outlines, over-estimating the areas of calcified drusen compared with the human 

graders (Fig. 2.11).  

The current development was based on SS-OCT imaging, and it is unknown if the proposed method can be 

applied to spectral domain OCT (SD-OCT) datasets since SD-OCT has a worse sensitivity roll-off along 

the depth and higher optical scattering property of the RPE complex compared with SS-OCT. In this case, 

the use of the hypoTD information in the sub-choroid slab, even in the subRPE slab, could be problematic. 

For the development of an algorithm that would also be applicable to the SD-OCT imaging, the algorithm 

would be ideal if only the step 1 in the proposed automated approach (Fig. 2.10) is involved. This will be 

our immediate future effort to further improve and optimize the RPE segmentation algorithm so that it can 

cope with the special cases as we discussed above.    

One important future direction is the development of deep learning algorithms to improve the performance 

and efficiency of calcified drusen segmentation. However, this would require annotated features from a 

large number of OCT datasets, which is a process that is underway. It is reasonable to believe that the 
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proposed automated algorithm would play an important role in guiding manual graders and facilitating the 

annotations of calcified drusen needed to develop deep learning algorithms.  

In conclusion, we have proposed a novel strategy to segment and quantify calcified drusen via the use of 

its high optical scattering properties and the characteristic hypotransmission defects observed in slabs below 

BM. Moreover, we demonstrated an improved RPE segmentation that should provide more accurate drusen 

maps. 

 

2.4 Outer retinal layer segmentation using deep learning. 
 
2.4.1 Introduction 
 
OCT has revolutionized the field of ophthalmology by providing high-resolution  3D  images of retinal 

layers (32,35). These images offer invaluable insights into the microstructural and microvascular changes 

that arise and progress in eyes with AMD. The progression of these changes over time plays a crucial role 

in the staging, treatment planning, and monitoring of AMD. The widespread use of OCT in ophthalmology 

has facilitated the identification of OCT biomarkers associated with the progression from early to late AMD.  

These biomarkers include increased central drusen volume ( >0.03 mm3 ) (9,10), the presence of 

calcified/refractile drusen (13,14), hyperreflective foci (15–17), reticular pseudodrusen (17–19), 

components of outer retinal atrophy (19). Among these risk factors, assessing photoreceptor degeneration 

in OCT imaging presents a significant challenge, both technically and clinically.  

 

It is well known that components of outer retinal atrophy encompass external limiting membrane (ELM) 

descent, hyporeflective wedges, ELM and ellipsoid zone (EZ) disruption, as well as the subsidence of inner 

nuclear layer (INL) and outer plexiform layer (OPL) (19). While directly measuring and quantifying these 

imaging features is challenging, outer retinal layer (ORL) thickness may serve as a surrogate marker for 

assessing components of outer retinal atrophy. This is because all of these imaging features contribute to 

the thinning of the ORL. Additionally, our previous study has reported a significant negative correlation 

between ORL around GA and the annual enlargement rate of GA (73), suggesting ORL thickness is  a 

critical biomarker in predicting the growth of GA.  

 

Although several automated algorithms have been developed and tested to automatically segment retinal 

layers on OCT images, such as the active contour (74), graph search (75–77), and deep learning approaches 

(68,78–85). However, each method has its own limitations. For example, traditional computer vision 

methods face challenges in handling pathologic changes, making it difficult to achieve an optimal balance 

between disease-related disruptions and spatial connectivity. Studies regarding deep learning methods for 



 
43 

 
 

OCT imaging segmentation have primarily focused on SD-OCT datasets (68,78,81,83,84), raising 

uncertainty about the applicability of these methods to SS-OCT datasets.  

 

In this study, we proposed an automated algorithm capable of measuring the thickness of the ORL in both 

swept source OCT (SS-OCT) and spectral domain OCT (SD-OCT) datasets. In order to demonstrate the 

effectiveness of our algorithm across both SS-OCT and SD-OCT modalities, we performed a comparative 

analysis of ORL thickness measurements. These measurements were obtained by employing our proposed 

algorithm to both SS-OCT and SD-OCT datasets.  

 
2.4.2 Method 
 
This prospective OCT imaging study was approved by the Institutional Review Board of University of 

Miami Miller School of Medicine. The study was performed in accordance with the tenets of the 

Declaration of Helsinki and complied with the Health Insurance Portability and Accountability Act of 1996. 

Through a retrospective review of subjects enrolled from April 2016 to August 2022, a total of 199 eyes 

were included, comprising 80 normal eyes without any ocular disease, 30 eyes with reticular pseudodrusen 

only, 49 eyes displaying typical soft drusen only, and 40 eyes with late AMD accompanied by GA. 

 

2.4.2.1 Image Acquisition 
 
Two optical coherence tomography (OCT) instruments were utilized in this study: the PLEX Elite 9000 

(Carl Zeiss, Meditec Inc., Dublin, CA) for SS-OCT and the Cirrus HD-OCT (Carl Zeiss, Meditec Inc., 

Dublin, CA) for SD-OCT. The SD-OCT instrument utilized a central wavelength of 840 nm and a scan rate 

of 68,000 A-scans/second. The scanning pattern for the 6x6 mm SD-OCT scan consisted of 350 A-scans 

per B-scan and 350 B-scans per volume, with each B-scan repeated twice within the macular cube protocol. 

This setup resulted in a uniform spacing of 30 μm between A-scans. The SS-OCTA instrument used a 

central wavelength of 1050 nm and a scan rate of 100,000 A-scans/second. The 6x6 mm SS-OCTA scan 

pattern included 500 A-scans per B-scan and 500 B-scans per volume, with each B-scan repeated twice 

within the macular cube protocol. This configuration provided a uniform spacing of 12 μm between A-

scans. Both instruments featured a full width at half maximum axial resolution of 5 μm in tissue and an 

estimated transverse resolution of 15 μm at the retinal surface. 

 

A total of 40 eyes presenting with typical soft drusen, and 40 eyes with GA, underwent both SS-OCT and 

SD-OCT. The remaining 119 eyes underwent SS-OCT only. 
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2.4.2.2 Automated Segmentation of the Outer Retinal Layer 
 
In this study, the ORL is defined as the region extending from the inner boundary of the outer plexiform 

layer (OPL) to the retinal pigment epithelium (RPE) when the RPE is visible (73). However, in cases where 

there is complete loss of the RPE in GA lesions, the ORL is defined as the region extending from the OPL 

to Bruch's membrane (BM). 

 

For medical image segmentation, convolutional neural networks (CNNs) have emerged as the dominant 

approach due to the ability to learn highly complex features and models across different levels of abstraction 

from training data (86). Among the various architectures available, U-Net (87), which consists of a 

symmetric encoder-decoder network, stands out as the most widely adopted. However, CNNs-based model 

heavily depends on the convolution operation that restricts the receptive field (e.g., 3 × 3 kernel size) and 

presents challenges in learning long-term information. The vision transformer (ViT), with global self-

attention mechanisms, is considered a viable alternative to CNNs (88). In 2021, TransUNet was proposed, 

which integrates both transformers and CNNs in encoder to leverage detailed high-resolution spatial 

information from CNNs and the global context encoded by ViT (89). Although TransUNet has achieved a 

good performance in computer tomography image-based segmentation, the retinal features from the cross-

sectional OCT images are highly different from the organ features in CT images. Hence, to perform the 

ORL segmentation task in this study, a modified TransUNet model was trained and validated with our OCT 

data. Fig. 2.14 demonstrates the architecture of the TransUNet model used in this study, with the 

specifications all labeled. The modified TransUNet model includes an encoder, decoder, and bottleneck. 

The encoder block consists of four convolutional layers with ReLU activation, designed to extract features 

from OCT images. Subsequently, a bottleneck block with six transformer layers was employed to apply 

multi-head self-attention to image patches, capturing long-term information for the extracted features from 

the previous encoder block. Finally, a decoder block with four transpose convolutional layers was utilized 

to upsample the feature maps, restoring their shape to match the original input data. 

 

The Adam optimizer with a learning rate of 0.0001 was used, the model evaluation metric was defined as 

the intersection over union (IoU), and the loss function utilized for training was the binary crossentropy 

loss. This model was trained with 200 epochs with a patience for early stopping of 30 epochs, and only the 

model with the best metric was saved when the validation loss was not updated under 30 training epochs. 

For this study, the model was implemented in Keras using TensorFlow 2.9.0 as the backend, and training 

was conducted using a 24GB NVIDIA 4090 GPU. 
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With the confirmed information of clinical diagnoses, the boundaries that define the ORL were annotated 

from a total of 2,000 representative OCT B-scans by two clinical experts (F.H. and G.H.) using a custom-

built software that was improved from the segmentation and annotation software package originally 

developed in. The consensus on the annotation of ORL boundaries was reached between both graders. In 

cases of disagreement, a senior grader (P.J.R.) was the adjudicator. For training purposes, we utilized 32 

labeled eyes, with 16 eyes (i.e., 800 B-scans) from SS-OCT and 16 eyes (i.e., 800 B-scans) from SD-OCT. 

Within the training dataset, we further applied a 75:25 split between training and validation at the eye level 

to ensure an effective and reliable evaluation process. The remaining 8 labeled eyes, comprising 4 eyes (i.e., 

200 B-scans) from SS-OCT and 4 eyes (i.e., 200 B-scans) from SD-OCT, were reserved for testing. These 

B-scans were extracted from 20 volumes of SS-OCT scans and 20 volumes of SD-OCT scans, respectively. 

These scans were obtained from a total of 40 eyes out of the 199 eyes included in the study. The composition 

of the 20 SS-OCT volume scans encompassed 2 normal eyes, 2 eyes with macular reticular pseudodrusen 

(RPD), 8 eyes with drusen, and 8 eyes with hyperTDs. The 20 SD-OCT volume scans comprised 10 eyes 

with drusen and 10 eyes with hyperTDs. Importantly, there was no overlap between the eyes included in 

the SS-OCT and SD-OCT scans within the training dataset. To consider the practical and pathological 

manifestations of AMD features in the OCT scans, the selected B-scans encompassed a diverse range of 

imaging features including normal scans, a range of soft drusen sizes, calcified drusen, hyperreflective foci, 

macular reticular pseudodrusen, and hyperTDs. The details of the training and testing datasets are shown 

in Table 1. To avoid over down-sampling of input images in the A-line direction, all images were first 

automatically cropped to 512 (A-line direction) × 500(SS-OCT)/350(SD-OCT) pixels and then were resized 

to 512 × 512 pixels. 
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Fig 2.14  The TransUNet model architecture and specifications used to perform outer retinal layer segmentation. 

 

Table 2.2  Training and testing datasets* 

 Training Validation Testing 

Number of eyes (SS-
OCT/ SD-OCT) 24 (12/12) 8 (4/4) 8 (4/4) 

Number of 
representative B-scans 
(SS-OCT/ SD-OCT) 

1200 (600/600) 400 (200/200) 400 (200/200) 

*Datasets were obtained from normal eyes and eyes with reticular pseudodrusen, intermediate and large 
drusen, calcified drusen, hypertransmission defects, and hyperreflective foci 
 
2.4.3 Result 
 
To compare the performance difference between original U-Net and Trans U-Net, these two separate 

models were trained using the same datasets shown in Table1. Table 2.3 shows their specific IoUs for 

training, validation, and testing datasets. In the eight eyes or 400 B-scans in the testing set, the Trans U-Net 

model significantly outperformed the original U-Net model (IoU: 0.9198 vs 0.9698). 
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Table 2.3. Training and testing results 

Intersection 
Over Union 

(IoU) 
Original U-Net TransUNet 

Training 0.9574 0.9850 

Validation 0.9522 0.9748 

Testing 0.9189 0.9698 

 

Figure 2.15 demonstrates the automatic segmentation of two representative eyes with drusen and GA, 

respectively. Notably, these eyes were not included in the training dataset. Figs. 2.15 A, D, G and J show 

ORL thickness map obtained from the corresponding 3D OCT scan, where the color indicates the distance 

between OPL and RPE/BM. Figs. 2.15 B, C, E, F, H, I, K and L show OCT B-scans with blue lines 

indicating the inner boundary of OPL and yellow lines indicating the RPE/BM location. Bule lines and 

yellow lines were derived from the automatic segmentation. Figs. 2.15 A-F show images acquired and 

measured using SS-OCT, while Figs. 2.15 G-L show the corresponding eyes obtained and measured 

through SD-OCT. Overall, the automatic segmentations and measurements show substantial agreement 

between the results from the SS-OCT and those from the SD-OCT.  
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Fig 2.15 Representative automatic segmentation results of outer retinal layer (ORL) taken from an eye with soft drusen and an 
eye with geographic atrophy (GA) by both SS-OCT (top row) and SD-OCT (bottom row).  
(A, D, G, and J) ORL thickness maps. (B, C, E, F, H, I, K and L) OCT B-scans with their locations shown as dashed lines in (A, 
D, G, and J) where drusen and GA can be identified. White circles indicate 3 mm and 5 mm diameter circles centered on the 
fovea. Scale bar represents 1mm. 
 

In total, 40 eyes with typical soft drusen only and 40 eyes with GA were scanned by both SS-OCT and SD-

OCT to compare the ORL thickness measurements from SS-OCT vs SD-OCT. Fig. 2.16 shows the 

quantitative scatter plots of automatic measurements of ORL thickness acquired by the SS-OCT vs the SD-

OCT. A strong correlation was found between the measurements of ORL thickness in the 3-mm circle (r = 

0.9551, P < 0.0001, Fig. 2.16 A) and 5-mm circle (r = 0.9442, P < 0.0001, Fig. 2.16 B) centered on the 

fovea. Bland-Altman analysis showed that the average bias of the measurements in the 3-mm circle was 

0.5440 um (95% limits of agreement [−8.005, 9.093], Fig. 2.16 C) and the average bias of the corresponding 

measurements in the 5-mm circle was 1.392 um (95% limits of agreement [−5.335, 8.119], Fig. 2.16 D) 

between SS-OCT and SD-OCT. Therefore, the measurements of ORL thickness computed using the SS-

OCT tended to be a little thicker than those produced by the SD-OCT. 

 

 
Fig 2.16 Automatic measurements of outer retinal layer (ORL) thickness acquired by the SS-OCT vs the SD-OCT.  
(A) Scatter plot of the ORL measurements from SS-OCT against SD-OCT showing strong correlation in the 3 mm-circle 
(r = 0.9551, P < 0.0001), and (B) in 5 mm-circle (r = 0.9442, P < 0.0001) centered on the fovea. (C and D) Bland-Altman 
agreement analysis of ORL measurements from SS-OCT against SD-OCT, where the solid line represents the bias, and the 
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dashed gray lines represent the upper and lower 95% limits of agreement. Blue dots represent drusen only eyes, and orange dots 
represent geographic atrophy (GA) eyes.  
 
2.4.4 Discussion and conclusion 
 
There remains an urgent need to identify surrogate endpoints that can predict the high risk of progression 

to geographic atrophy (GA) in AMD. Pathological changes in the ORL have been recognized associated 

with AMD progression. However, directly quantifying these pathological changes, such as disruption of 

ellipsoid zone and external limiting membrane, is challenging due to its inherent complexity, the influences 

of various shadows (e.g., shadows from vessels and pigments), the limited axial resolution of OCT, and the 

extremely thin nature of individual layers in the ORL (90–93). As an alternative, outer retinal layer (ORL) 

thickness may serve as a surrogate marker for assessing ORL alterations. To investigate whether ORL 

thickness could serve as a biomarker for evaluating AMD, we proposed a deep learning-based algorithm 

capable of automatically measuring the thickness of the ORL in both SS-OCT and SD-OCT datasets. Our 

deep learning-based approach demonstrated a high accuracy with a IoU of 0.9698 in the testing dataset in 

segmenting the ORL, allowing for reliable quantification of disease-related changes, such as loss of RPE, 

elevation of RPE, and subsidence of OPL. Strong correlation and agreement of ORL thickness 

measurements between SS-OCT and SD-OCT datasets further validated the robustness and applicability of 

the algorithm across different OCT modalities (Fig. 2.15 and 2.16). In addition to its application in 

evaluating AMD, ORL thickness have also been utilized for the detection of brain-related diseases (94,95) 

and diabetic macular edema(96), highlighting the potential future applications of our algorithm.  

 

3 Chapter 3. Clinical Application of OCT in Ophthalmology 

 
After exploring these innovative methods for OCT imaging, it's crucial to recognize their real-world 

significance in the field of ophthalmology.  Building on the foundation of Chapter 2, this Chapter showcases 

the remarkable capabilities and potentials of OCT in clinical ophthalmology. Firstly, we investigate the 

symmetry of interocular choroidal thickness and vascularity index measurements in normal eyes using SS-

OCT, finding choroidal differences between normal fellow eyes in adults without obvious pathology. This 

study aids clinicians and researchers in distinguishing expected asymmetric changes in normal eyes from 

changes associated with diseases. Secondly, we examine variations in the ORL thickness among different 

stages of age-related macular degeneration (AMD), revealing significant differences in ORL thickness 

measurements among various AMD stages, indicating the potential of ORL thickness as an independent 

biomarker for predicting AMD progression. 
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3.1 Interocular asymmetry of choroidal thickness and vascularity index measurements 
in normal eyes  

 
3.1.1 Introduction 
 
Identifying asymmetrical or unilateral features between fellow eyes is important in the investigations of 

ocular diseases that only affect one eye or are initiated unilaterally but eventually progress bilaterally. It is 

important to establish a baseline of interocular asymmetry in normal eyes that can be used to assist clinicians 

and researchers in differentiating pathological differences from physiological asymmetries. Previous 

studies have demonstrated that some degrees of non-pathologic asymmetry can exist in the retina and 

choroid between fellow eyes using optical coherence tomography (OCT).    

Recent advances in swept-source OCT (SS-OCT) development make it an ideal tool for choroidal imaging 

because of its deeper penetration depth enabled by longer wavelength, faster imaging speed and negligible 

sensitivity roll-off (97). When investigating the choroidal symmetry in children (98) and young adults, a 

number of  groups utilized spectral-domain OCT (SD-OCT) with enhanced depth imaging (EDI) (99). 

However, SD-OCT is limited by its depth of penetration, leading to relatively poor imaging quality in the 

choroidal layer. While  EDI improves the quality of choroidal imaging, it only improves depth imaging 

within the macula and is difficult to perform a wide field-of-view (FOV) imaging (99). In addition, most of 

the participants of the above studies were less than 50 years old, which provides limited understanding of 

the choroidal symmetry within the elderly population. Although SS-OCT has been used to investigate 

interocular symmetry of the choroidal thickness in adults with normal eyes (100,101), the results were 

derived by using manual measurements from several selected B-scans, which is time consuming and 

augments the possibilities of subjective bias. 

Recently, attention has been paid to mapping the choroidal thickness and choroidal vascularity index 

measurements from the entire 12x12 mm scan that encompasses a 40-degree FOV centered on the fovea. 

In prior work, we have generated a normative age-dependent database of choroidal thickness and choroidal 

vascularity index measurements using the SS-OCT 12x12 mm datasets (20). However, we did not study 

the extent of interocular symmetry in these eyes over the entire scanning region.  

The purpose of this study is to use widefield SS-OCT imaging to assess whether physiological choroidal 

asymmetry exists between fellow normal eyes within the entire SS-OCT 12x12 mm scan regions. The 

extent of physiological choroidal symmetry was assessed by comparing the mean choroidal thickness (MCT) 

and choroidal vascularity index (CVI) measurements between the two normal eyes.  

 

3.1.2 Methods 
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3.1.2.1 Study Participants 
 
This was a cross-sectional study of SS-OCT choroidal imaging in normal adults with ages uniformly 

distributed from 19 to 89 years. This study was approved by the Institutional Review Board (IRB) of 

Medical Sciences Subcommittee at the University of Miami, Miller School of Medicine and was conducted 

in compliance with the Declaration of Helsinki (as revised in 2013). All the participants had a normal ocular 

history in both eyes. Study exclusion criteria included: (i) visual complaints; (ii) retinal, optic nerve or 

choroidal pathologies detected on examination or with OCT imaging; (iii) diabetes history; (iv) 

uncontrolled hypertension. The sample size was determined by the number of participants who met our 

inclusion criteria during the study period. All participants voluntarily gave written informed consents before 

scans were taken.  

 

3.1.2.2 OCT imaging and axial length measurements 
 
OCT scanning was performed using a commercial SS-OCT instrument (PLEX® Elite 9000, Carl Zeiss 

Meditec, Dublin, CA). This instrument was equipped with a 100kHz swept laser source with a central 

wavelength of 1050 nm and a spectral bandwidth of 100 nm, providing an axial resolution of ~5 µm in 

tissue. Each OCT scan centered on the fovea covered a FOV of 12x12 mm with a lateral resolution of ~20 

µm, and a measured depth of 3.0 mm (1536 pixels) in tissue. The OCT angiographic scan pattern consisted 

of 500 A-lines per 6 mm horizontal B-scan, 500 B-scan positions along the vertical scanning dimension, 

and two repeated B-scans per B-scan position. A non-contact biometry instrument was used to measure 

axial length (IOLMaster, Carl Zeiss Meditec). Eyes were excluded from the study if their axial length was 

more than 26 mm, and OCT scans were excluded from this study if there were noticeable motion artifacts 

or signal strength was less than 7 (recommended by the manufacturer). All imaging scans and biometric 

measurements were performed by trained operators at the department of ophthalmology, bascom palmer 

eye institute, Miami, FL, USA. 

 

3.1.2.3 Choroidal Segmentation 
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The choroidal slab was acquired by automatically outlining the choroidal boundaries (i.e., Bruch’s 

membrane and choroid-sclera interface) using a validated algorithm (38). The contrast of the choroid-sclera 

interface (here referred to as the outer border of choroidal vessels (102)) was relatively low in the original 

OCT images because the intensity of OCT light is exponentially attenuated along its path as the light beam 

propagates through the highly scattering RPE complex and choroid (Fig 3.1 A, B). To enhance the contrast 

of the choroid-sclera interface in the OCT image, the algorithm applied an attenuation correction strategy 

consisting of attenuation compensation and exponentiation to the structural images (36,38) (Fig 3.1 C, D). 

Optic discs were excluded from the volumetric datasets before choroidal segmentation. The choroidal 

boundaries were then automatically detected through the graph search method (Fig 3.1 C, D). Even though 

previous studies have shown excellent agreement between this automatic method and manual segmentation 

(20,38). we still manually checked the automatic segmentation for accuracy once completed. 

Fig 3.1 Cross-sectional B-scan and en face choroidal images taken of a 63-year-old woman. 
(A and B) Original cross-sectional B-scans. (C and D) Cross-sectional B-scans after attenuation correction. Red lines highlight the 
upper boundary of the choroid (i.e., Bruch’s membrane), and blue lines highlight the bottom boundary of the choroid (i.e., choroid-
sclera interface). (E and F) Overlay of three concentric circles centered on the fovea on the choroidal thickness maps. These circles 
divide the 12×12 mm scan into 6 regions for quantification: the 2.5 mm circle, 5 mm circle, 11 mm circle, inner rim (from the 2.5 
mm circle to the 5 mm circle), outer rim (from the 5 mm circle to the 11 mm circle), and the entire 12×12 mm scan. +: fovea. Color 
bar represents a depth range of 0 – 500 µm. (G and H) En face choroidal vasculature maps. (I and J) en face choroidal vascularity 
index maps. Color bar represents a value range of 0 – 1. 
 

3.1.2.4 Mean Choroidal Thickness (MCT) Measurements 
 
The distance between the Bruch’s membrane and choroid-sclera interface was used to generate en face 

choroidal thickness maps (Fig 3.1 E, F), where the color represented a thickness range between 0 — 500 

µm. On each en face map, three concentric circles centered on the fovea with diameters of 2.5 mm, 5 mm, 

and 11 mm, respectively, were created to generate 6 regions for quantification: the 2.5 mm circle, 5 mm 

circle, 11 mm circle, inner rim (from 2.5 mm to 5 mm circle), outer rim (from 5 mm to 11 mm circle), and 
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the entire 12x12 mm scan (Fig 3.1 E and F). The foveal location was automatically detected through 

searching the local minimum thickness of the retinal layers in OCT structural images. In this study, we used 

the MCT (referred to as the average value of the thickness within a region of interest) to represent the 

regional choroidal thickness (excluding the optic disc). 

 

3.1.2.5 Choroidal Vascularity Index (CVI) Measurements 
 
Fig1.1 C and D show B-scans with dark vascular structures within the choroidal layer. These structures are 

thought to be choroidal vessels because most of the light is scattered forward by the blood, allowing the 

large choroidal vessels to appear as dark regions (low backscattered light) with vessel-like shapes in the 

OCT images (103,104). In addition, the highly backscattering RPE significantly reduced the signal 

generated by the light that was backscattered by the choroidal vasculature. Therefore, it is difficult for 

conventional OCT angiography (OCTA) methods (35) to detect the choroidal blood flow signal (103,104). 

In this study, the choroidal vessels were obtained from the OCT structural images after attenuation 

correction by segmenting dark regions with the vessel-like shapes in the choroid using Otsu’s method 

(20,38,105). For convenient visualization, we inverted the dark regions to appear bright (Fig 3.1 G, H). The 

CVI was estimated by dividing the number of pixels in the choroidal vessels by the total number of pixels 

in the choroidal slab. The en face CVI map was generated by mapping the CVI value at each A-line (Fig 

3.1 I, J), where the color represents a CVI value range of 0 — 1. For comparison, the 12×12 mm scan of 

the CVI was also divided by using the concentric circles mentioned above.  

 

3.1.2.6 Interocular Asymmetry Measurements 
 
The interocular asymmetry in the MCT and CVI measurements was quantified by using signed difference 

and absolute difference. The signed difference was calculated by subtracting the left eye value from the 

right eye value. To visualize interocular asymmetry, we flipped the right eye en face images in the left-right 

direction, registered the two images at fovea and optic nerve head, and then generated en face maps of 

interocular difference (Fig 3.2). 

 

 

 

 



 
54 

 
 

 

Fig 3.2 En face images of interocular choroidal differences. 
(A) Signed interocular differences in mean choroidal thickness (MCT). Color bar represents a depth range of -250 µm – 250 µm. 
(B) Absolute interocular differences in MCT. Color bar represents a depth range of 0 – 250 µm. (C) Signed interocular differences 
in the choroidal vascularity index (CVI). Color bar represents a value range of -0.5 – 0.5. (D) Absolute interocular differences in 
CVI. Color bar represents a value range of 0 – 0.5. 

 

3.1.2.7 Statistical Analysis 
 
The data with normal distributions (e.g., MCT, CVI and signed interocular difference) were presented as 

the mean and standard deviation (SD), while the data without normal distribution (e.g., absolute interocular 

difference) were presented as the mean, SD, median and range. The strengths of correlations in 

corresponding regions of measurements between fellow eyes were analyzed by intraclass correlations 

(ICCs). ICCs >0.75 can be interpreted as strong or excellent, ICCs <0.3 are weak or poor, while 

intermediate ICCs are considered fair to good or moderate (106). Paired-sample t-tests were utilized to 

compare the measurements between fellow eyes.  

The relationships between interocular differences in the MCT and CVI measurements were analyzed by 

using Pearson’s correlation. Furthermore, the relationships between the interocular differences in MCT and 

CVI measurements and each of the variables: (i) participants’ age, (ii) interocular differences of axial length, 

were studied by Pearson’s correlation. Statistical analysis was carried out using MATLAB R2020b and 

IBM SPSS V25 (Armonk, NY), and scatter plots were generated using GraphPad Prism (GraphPad 

Software, San Diego, CA).  Statistical significance is represented at two levels: * P ≤ 0.05, ** P ≤ 0.01.  

 

3.1.3 Results 
 



 
55 

 
 

A total of 254 normal eyes from 127 participants ranging from 19 to 89 years of age were enrolled in this 

study. Five participants were later excluded: two because their axial lengths were greater than 26 mm, one 

because the entire choroidal layer was beyond the A-scan range, and two because they were uncooperative, 

could not fixate, and the scans could not be adequately obtained. The final analysis included 122 participants 

(244 eyes), 49 men and 73 women, with a mean age of 55.14 ± 19.38 years. The demographic characteristics 

of the participants are shown in Table 3.1. No significant differences were observed when comparing axial 

length between fellow eyes.  

 

Table 3.1 Demographic characteristics of the participants in this study. 

 
 

Fig 3.1 shows the choroidal thickness, choroidal vascularity, and the choroidal vascularity index maps 

derived from a 63-year-old participant. On visual inspection, the en face choroidal thickness and CVI maps 

did not appear completely symmetrical. The choroidal thickness in the right eye appeared thicker than that 

in the left eye in the macular (5 mm circle) region.  For CVI maps, a homogeneously distributed mix of red 

to blue colors can be seen in both eyes; however, subtle differences can also be observed between the two 

eyes. Fig 3.2 shows the interocular asymmetry maps derived from the same participant represented in Fig 

3.1. The uneven appearance of the interocular asymmetry maps confirms the interocular choroidal 

differences shown in Fig 3.1. This participant demonstrated a thicker choroidal thickness in the 2.5 mm 

circle region in the right eye compared with that of the left eye (Fig 3.2 A). The MCT absolute difference 

between fellow eyes in the 2.5 mm circle region is the most obvious difference in the entire scanning region 

(Fig 3.2 B). Similarly, the CVI interocular asymmetry maps of this participant also showed varied 

differences across the entire scanned region between fellow eyes (Fig 3.2 C and D).  

 

3.1.3.1 Mean Choroidal Thickness (MCT) and Choroidal Vascularity Index (CVI) 
Measurements 

 
The values, correlation coefficients, and comparisons of the bilateral measurements in MCT and CVI 

measurements are summarized in Table 3.2. MCT in the 5-mm circle region measured 261.75 ± 80.67 µm 
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in right eyes and 251.22 ± 69.11 µm in left eyes. CVI in the 5 mm circle region was 0.618 ± 0.024 in right 

eyes and 0.625 ± 0.029 in left eyes.  In all the regions, there was a strong correlation between fellow eyes 

in MCT, whereas there was only a moderate correlation between fellow eyes in CVI. MCT was statistically 

thicker in the right eyes than that in the left eyes in all the quantified regions. In contrast, CVI was 

statistically lower in the right eyes than that in the left eyes in the 2.5 mm circle, 5 mm circle, and inner rim 

regions. Fig 3.3 shows the correlation and Bland-Altman agreement analysis on MCT and CVI 

measurements in the 5 mm circle region between fellow eyes. 

 

Fig 3.3 Correlation and Bland-Altman agreement analysis on mean choroidal thickness (MCT) and choroidal vascularity index 
(CVI) measurements in the 5 mm circle (macular) region between fellow eyes. 
The slope of the dashed lines in the correlation analysis maps (A and B) is 1. The solid lines in Bland-Altman agreement analyses 
(C and D) represent the bias, and the perforated lines represent the upper and lower 95% limits of agreement. 
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Table 3.2 Mean choroidal thickness (MCT) and choroidal vascularity index (CVI) Measurements 

 
 

Signed and absolute interocular differences in MCT and CVI measurements are summarized in Tables 3.3 

and 3.4. The normal 95% limits of signed differences and absolute differences in MCT and CVI 

measurements could be used as a reference for physiological asymmetry. For example, if the MCT of the 

left eye is more than 77.75 um thicker than the MCT of the right eye, or the MCT of the right eye is more 

than 125.71 um thicker than the MCT of the left eyes in the 5 mm circle region, then this patient’s 

interocular difference is thought to be abnormal. Alternatively, if the absolute interocular MCT difference 

is greater than 104.25 um in the 5 mm circle region, then this patient’s eyes are also considered abnormal. 

In addition, the box plots of signed interocular differences in MCT and CVI measurements are shown in 

Fig 3.4 and 3.5, respectively. Fig 3.4 shows trends for right eyes to have thicker MCTs than left eyes in all 

the regions. Comparatively, Fig 3.5 shows trends for right eyes to have lower CVIs in all the regions. 

Although a weak inverse relationship between signed interocular differences of MCT and signed interocular 

differences of CVI was observed in the 2.5-mm circle (Pearson’s r = -0.21, P = 0.020), the strength of the 

relationship was too weak to consider noteworthy (Table 3.5). Therefore, neither signed nor absolute 

interocular differences in MCT were correlated with corresponding CVI interocular differences in all the 

regions quantified (Table 3.5 and Fig 3.6).  
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Fig 3.4 Tukey boxplots of the signed interocular difference of MCT from all 122 participants. 
Boxplots show the mean as “+”. The perforated line indicates the zero. Trends for right eyes have thicker MCTs (the mean value 
larger than 0) shown in the 2.5 mm circle, 5 mm circle, inner rim, 11 mm circle, outer rim and entire 12x12 mm scan regions. 
 

 
Fig 3.5 Tukey boxplots of the signed interocular difference of CVI from all 122 participants. 
Boxplots show the mean as “+”. The perforated line indicates the zero. A trend for right eyes to have lower CVIs (the mean value 
less than 0) shown in the 2.5 mm circle, 5 mm circle, inner rim, 11 mm circle, outer rim and entire 12 ×12 mm scan regions. 

 
 

 

Fig 3.6 Scatter plots showing relationships between interocular differences in MCT and CVI in the 5 mm circle (macular) region. 
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(A) The relationship between signed interocular differences in MCT and CVI in the 5 mm circle region. (B) The relationship 
between absolute interocular differences in MCT and CVI in the 5 mm circle region.  
 
 
Table 3.3 Signed and absolute interocular differences in mean choroidal thickness (MCT) 

 
 
 
Table 3.4 Signed and absolute interocular differences in choroidal vascularity index (CVI) 
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Table 3.5 Correlation coefficients between mean choroidal thickness (MCT) and choroidal vascularity 
index (CVI) in interocular differences 

 
3.1.3.2 Factors influencing interocular differences in MCT and CVI measurements 
The relationship between interocular differences and clinical factors such as age and axial length are shown 

in Tables 3.6 and 3.7 and Fig 3.7 and 3.8. Neither the signed nor absolute interocular differences of MCT 

were significantly related to age or the respective interocular differences in the axial length. Despite a 

handful of statistically significant correlations between signed interocular difference of CVI and age, none 

rose to the level of being clinically significant. Therefore, like MCT, the signed or absolute interocular 

differences of CVI were not significantly related to age or the interocular differences in the axial length. 
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Fig 3.7 Scatterplots showing relationships between interocular difference in the 5 mm circle (macular) region and age. 
(A) The relationship between the signed interocular difference in mean choroidal thickness (MCT) and age. (B) The relationship 
between the absolute interocular difference in MCT and age. (C) The relationship between the signed interocular difference in 
choroidal vascularity index (CVI) measurements and age. (D) The relationship between the absolute interocular difference in 
CVI and age.  

 

Fig 3.8 Scatterplots showing relationships between interocular difference in the 5 mm circle (macular) region and axial length. 
(A) The relationship between the signed interocular difference in mean choroidal thickness (MCT) and axial length. (B) The 
relationship between the absolute interocular difference in MCT and axial length. (C) The relationship between the signed 
interocular difference in choroidal vascularity index (CVI) measurements and axial length. (D) The relationship between the 
absolute interocular difference in CVI measurements and axial length. 
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Table 3.6 Assessment of age influencing interocular differences in mean choroidal thickness (MCT) and 
choroidal vascularity (CVI) (correlation coefficients, P values)  
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Table 3.7 Assessment of interocular differences in axial length influencing interocular differences in 
mean choroidal thickness (MCT) and choroidal vascularity (CVI) (correlation coefficients, P values) 

 
 
3.1.4 Discussion 
 
Choroidal diseases can be unilateral, bilateral, or present unilaterally at first, but then progress bilaterally, 

such as tumors (107), age-related macular degeneration (AMD) (108,109), and polypoidal choroidal 

vasculopathy (PCV) (110,111).  In eyes that appear normal, the appearance of bilateral differences in 

choroidal measurements between fellow eyes that exceed the range of physiological asymmetry may be the 

first clue of an evolving pathological process that warrants further examination and follow-up.  Therefore, 

establishing baseline choroidal asymmetry between fellow eyes in the normal population may be of clinical 

benefit, especially when monitoring for the onset of diseases that tend to affect both eyes.  

 

As expected, our study demonstrated strong correlation of MCT measurements between the right and left 

eyes in all the regions in this normal population (Table 3.2 and Fig 3.3), which is consistent with previous 

studies (99,101,112,113). Despite a strong correlation of the choroidal thickness between fellow eyes, 

comparison analysis revealed that choroidal thickness in some macular subregions in right eyes tended to 

be thicker than that in left eyes in normal eyes (98,100,101,113,114). However, two prior studies reported 

an opposite result, that is, the subfoveal choroidal thickness of the right eyes was thinner compared to the 

left eyes (99,112). It is worth noting that the results of these prior studies were all derived from manual 
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measurements of selected B-scans, therefore, the subjective bias of the choroidal thickness measurements 

might lead to discrepancies among studies. Here we showed a significantly thicker MCT in right eyes than 

in left eyes in all the regions (Table 3.2 and Fig 3.4). It is suspected that the interocular choroidal asymmetry 

of MCT might be attributed to asymmetrical choroidal blood flow.  One possible explanation of this is the 

anatomical asymmetry of the aortic arch and common carotid arteries. It is known that the right common 

carotid originates from the neck from the brachiocephalic trunk, while the left originates in the thorax from 

the aorta (115), and the choroidal vasculature is supplied by the long and short posterior ciliary and the 

anterior ciliary arteries (116), all of which are the distal branches of the ophthalmic artery, which arises 

from the internal carotid artery.  The asymmetry of the common carotid arteries, along with variations in 

vessel curvature, result in hemodynamic differences that may cause observable interocular differences in 

MCT (115,117). Anatomical asymmetries in non-pathologic choroidal venous drainage (118,119) and 

autonomic and sensory neural innervation (120) may also precipitate variations in MCT measurements 

resulting from differences in the choroidal circulation. The vasculature is complicated further by the 

presence of collateral blood flow from the external carotid arteries (121,122). One future strategy to 

investigate the asymmetries in choroidal blood flow resulting from interocular variations in anatomic 

vasculature or neural innervation would be to visualize facial blood flow in relation to asymmetrical 

choroidal thickness (123). Another possibility is that MCT asymmetry between eyes may be due to eye 

preference. Previous studies have shown that approximately 70% of the population are right-eye dominant 

(124,125), and differences linked with eye dominance such as accommodation have been tied to changes 

in choroidal thickness (126,127). To explore this possibility, we propose that future studies designed to 

study these interocular choroidal differences will need to document the dominant eye for each subject.   

 

The interocular symmetry in CVI has not been previously studied in detail. We found that unlike a strong 

interocular correlation in MCT, there was only a moderate interocular correlation in CVI within all 

corresponding regions (Table 3.2). Our study showed a significantly smaller CVI in the right eyes compared 

with the left eyes within the central regions (2.5-mm circle, 5-mm circle, 5-mm rim). However, it is worth 

noting that the size of signed interocular differences in CVI, being only ~ 0.32% to 1.40% (Table 3.4 and 

Fig 3.5), was very small, therefore, the difference in CVI measurements between fellow eyes is not likely 

to be clinically significant in normal eyes. In addition, compared with previous methods for measuring CVI 

on two-dimensional images (i.e., B-scan or en face images), our method of calculating CVI was performed 

on the entire volumetric scan, which is thought to be more relevant and reasonable.  

 

In the correlation analysis (Table 1.5 and Fig 1.6), neither signed nor absolute interocular differences in 

MCT were correlated with corresponding CVI interocular differences, which suggests that any mechanism 
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explaining MCT asymmetry may not be what drives the CVI asymmetry. In addition, we did not find any 

significant correlation between the interocular differences (including both signed and absolute differences) 

in MCT and CVI measurements and the age of the participants (Table 3.6), indicating that age-specific 

normal ranges for MCT and CVI symmetry measurements are not necessary. Although Chen et al (113) 

reported a marginally significant trend (r = -0.20,  P = 0.048) for reduced absolute differences in foveal 

choroidal thickness with the increase of age, the degree of the relationship did not rise to the level of being 

clinically significant. Signed interocular MCT differences also showed no relationship with signed 

interocular axial length differences (Fig 3.8), which was inconsistent with the result reported by Kim et al 

(101)  in which the interocular choroidal thickness and axial length differences had a significant negative 

correlation. This may be due to the differences in the measurement methods used and the distribution of 

participants’ age between these two studies, as well as the exclusion of participants with axial lengths 

greater than 26-mm axial length in our study. 

 

While promising, there were some notable limitations in this study. Firstly, we did not acquire other 

information (e.g., dominant eye, interocular pressure, visual acuity, and refraction errors) that may influence 

interocular choroidal symmetry. While we excluded eyes with pathological myopia, myopia has been 

correlated with increased interocular differences in choroidal thickness with thinning of choroid in the more 

myopic eye.  Characterizing atypical MCT in cases of asymmetric myopia would further refine a clinical 

baseline for physiologic asymmetries in MCT, as well as pathologies linked to eyes with greater degrees of 

myopia (128). However, given that our intention was primarily to assess the physiological choroidal 

asymmetry in MCT and CVI within normal eyes, this limitation was not thought to diminish the validity of 

this study. Secondly, our study was a cross-sectional study and only involved one time point, which may 

result in inclusion of participants whose ocular diseases were at a very early stage and did not meet clinical 

diagnostic criteria. This is a common limitation for all current studies investigating interocular asymmetry 

of the choroid in normal eyes  .  Future studies will need to recruit more participants and carry out multiple 

clinical examinations and SS-OCT imaging sessions to distinguish participants who currently appear 

“normal” but later develop ocular diseases, such as AMD. 

 

To the best of our knowledge, we are unaware of any report using widefield SS-OCT imaging to investigate 

choroidal symmetry between fellow normal eyes. Our study has successfully demonstrated subtle 

differences in MCT and CVI measurements between fellow normal eyes using SS-OCT and established 95% 

normal limits for these measurements between eyes. This study will be useful clinically in assisting 

clinicians and researchers in distinguishing pathological eyes from eyes that are within the tolerance limits 

for physiological asymmetry. 
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3.2 Assessing Age-related Macular Degeneration (AMD) Progression through 
Automated Segmentation of the Outer Retinal Layer 

 
3.2.1 Purposes 
 
The aim of this study is to investigate whether the outer retinal layer (ORL) thickness could serve as an 

independent biomarker for predicting the progression of AMD, we examined the variations in ORL 

thickness among different groups, including normal, reticular pseudodrusen only (intermediate AMD), soft 

drusen (intermediate AMD), and geographic atrophy groups (late AMD). 

 

3.2.2 Method 
 
The clinical data utilized in this section were identical to those in Section 2.4.2. 

 

3.2.2.1 Drusen volume and geographic atrophy areas measurements 
 
The measurements of drusen volume were obtained using the Advanced RPE Analysis Algorithm version 

0.10, a validated algorithm available on the Advanced Retinal Imaging Network website (Carl Zeiss 

Meditec, Inc) (130).   

 

The GA areas were measured from the OCT Sub-RPE image obtained from a slab defined by boundaries 

from 64 to 400 µm under BM. The details of the process have been described in our previous study (57).  

 

Drusen volume and GA areas were specifically measured in the 3-mm and 5-mm circles centered at the 

fovea. 

 

3.2.2.2 Statistical Analysis 
 
Statistical analysis was carried out using Matlab2021b and GraphPad Prism (GraphPad Software, San 

Diego, CA). Pearson’s correlation was used to compare the ORL thickness measurements from SS-OCT 

and SD-OCT, and Bland Altman plots were used to analyze the agreement between the ORL thickness 

measurements from SS-OCT and SD-OCT. One-way analysis of variance (ANOVA) and Tukey–Kramer 

post-hoc tests were used to compare ORL thickness differences between normal, reticular pseudodrusen, 

drusen and GA groups. Furthermore, the correlation between ORL thickness and drusen volume in the 

drusen group and the correlation between ORL thickness and GA areas in the GA group were studied by 
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Pearson’s correlation. Statistical significance is graphically represented at four levels: *P ≤ 0.05, **P ≤ 0.01, 

***P ≤ 0.001, and ****P ≤ 0.0001. 

 

3.2.3 Results 
 
To investigate the ORL thickness changes in intermediate and late stages of AMD, a total of 199 eyes were 

measured and analyzed.  Among these 199 eyes, there were 80 normal eyes, 30 reticular pseudodrusen only 

eyes, 49 drusen only eyes, and 40 GA eyes. The characteristics of these four groups were summarized in 

Table 3.8. The four groups were age matched (ANOVA P = 0.1087), with the mean age being 72.5 ± 8.0 

years in the normal group, 73.6 ± 8.2 years in the reticular pseudodrusen group, 76.0 ± 8.0 years in the soft 

drusen group, and 74.1 ± 8.7 in the GA group. Fig. 3.9 shows representative examples of each group. 

Notably, these four eyes were not included in the training dataset. Figs.3.9 A-D show the ORL thickness 

map and Figs. 3.9 E-H show the corresponding B-scan. A homogeneously distributed colors can be seen in 

ORL thickness map of the normal eye (Fig. 3.9 A and E). Comparatively, the ORL thickness map of the 

reticular pseudodrusen shows globally thinner (Fig. 3.9 B and F).  For the drusen eye (Fig. 3.9 C and G), 

the ORL thickness map appears thinner, particularly in the drusen lesion, compared with the normal eye. 

The ORL thickness map of the GA eye present significantly thinner than other three groups (Fig. 3.9 D and 

H).  

 

Table 3.8 Characteristics of all the eyes imaged with SS-OCT included in this study. 

Characteristics 
Normal 

(n=80) 

RPD 

(n=30) 

Drusen 

(n=49) 

hyperTDs 

(n=40) 
P Value 

Age, year, mean 

(SD) 
72.5(8.0) 73.6(8.2) 76.0(8.0) 74.1(8.7) 0.1087 

3mm-circle ORL 

thickness, µm, mean 

(SD) 

178.1(9.4) 167.7(8.6) 156.3(8.9) 141.3(16.3) <0.0001 

5mm-circle ORL 

thickness, µm, mean 

(SD) 

163.1(8.7) 156.0(7.4) 148.7(5.5) 138.3(11.3) <0.0001 

Abbreviations: SD – standard deviation. ORL – outer retinal layer. RPD – reticular pseudodrusen. 

hyperTDs – hypertransmission defects.  
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Fig 3.9. Representative segmentation results of outer retinal layer (ORL) taken from a normal eye (A and E), a reticular 
pseudodrusen eye (B and F), a soft drusen eye (C and G), and a geographic atrophy (GA) eye (D and H).  
(A-D) ORL thickness maps. (E-H) OCT B-scans with their locations shown as dashed lines in (A-D), with blue lines indicating 
the inner boundary of OPL and yellow lines indicating the RPE/BM location. Blue lines and yellow lines were derived from the 
automatic segmentations. White circles indicate 3 mm and 5 mm diameter circles centered on the fovea. Scale bar represents 
1mm. 
 

Shown in Fig. 3.9 and Table 3.8 are the quantitative ORL thickness measurements representing all eyes in 

the 3-mm circle and 5-mm circle centered on the fovea. When comparing the average ORL thickness of 

each group with the average of every other group, it was observed that the normal group presented the 

largest mean value, followed by the reticular pseudodrusen group, the drusen group with the third largest 

mean value, and finally, the GA group with the lowest mean value. These findings highlight significant 

differences between the groups in terms of ORL thickness (all P < 0.0001) in both the 3-mm circle and 5-

mm circle centered on the fovea. 
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Fig 3.10 Graphic representation of outer retinal layer (ORL) thickness measurements.  
Comparison of ORL thickness among the normal, reticular pseudodrusen, drusen, and geographic atrophy on the 3 mm-circle (A) 
and 5 mm-circle (B) centered on the fovea, respectively. ** represents P ≤ 0.01, *** represents P ≤ 0.001, and **** represents P 
≤ 0.0001. Boxplots show interquartile range, whiskers minimum to maximum, and all points. 
 

 Figure 3.11 shows the correlation between the thickness of ORL and the volume of drusen in the drusen 

group. This figure consists of four components: (A) a drusen map displaying color-coded distances between 

the RPE and BM, (B) a corresponding map showing the thickness of the ORL, and scatter plots of all eyes 

in the drusen group within the 3 mm-circle (C) and the 5 mm-circle (D) centered on the fovea. In this 

particular case, most drusen lesions were located within the 3 mm-circle (Fig 3.11 A), and the ORL 

thickness showed an inverse pattern compared to the drusen map. In other words, areas with thinner ORL 

thickness appeared to correspond to regions with a thicker RPE-BM distance. Notably, a significant 

negative correlation between drusen volume and ORL thickness was observed within the 3 mm-circle (r = 

-0.4616, P = 0.0008), whereas no significant correlation was found within the 5 mm-circle (r = -0.1175, P 

= 0.4215). 
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Fig 3.11.  A representative example of a drusen eye along with the relationship between drusen volume and ORL thickness 
measurements in the drusen group: 
(A) the drusen map by displaying the distances between yellow lines and green lines shown in (C and D) and (B) corresponding 
outer retinal layer (ORL) thickness map. (C and D) OCT B-scans with their locations shown as dashed lines in (A and B) where 
drusen can be identified. Blue outlines indicate the inner boundary of the outer plexiform layer, yellow outlines indicate the retinal 
pigment epithelium (RPE), and green outlines indicate Bruch’s membrane. (E and F) Scatter plots showing the relationship between 
drusen volume and ORL thickness measurements in the drusen group for the 3 mm-circle and 5 mm-circle centered on the fovea, 
respectively. White circles indicate 3 mm and 5 mm diameter circles centered on the fovea. 
 

Figure 3.12 shows the correlation between the ORL thickness measurements and the GA area measurements 

in the GA group. This figure consists of four components: (A) a Sub-RPE image with the yellow outlines 

highlighting the geographic atrophy (GA) areas, (B) a corresponding map showing the thickness of the 

ORL, and scatter plots of all eyes in the GA group within the 3 mm-circle (C) and the 5 mm-circle (D) 

centered on the fovea. It appeared that GA regions had a thinner ORL thickness than surrounding normal 

regions. A strong negative correlation between GA areas and ORL thickness was observed both within the 

3 mm-circle (r = -0.8333, P < 0.0001) and the 5 mm-circle (r = -0.7630, P < 0.0001). 

 

 



 
71 

 
 

 
Fig 3.12  A representative example of an eye with persistent choroidal hypertransmission defects (hyperTDs)  along with 
relationship between hyperTD area measurements and ORL thickness measurements in the persistent hyperTD group: 
(A) OCT En face Sub-RPE image obtained from a slab defined from 64 um to 400 um below the Bruch’s membrane (BM) shown 
with green lines in (C), with the yellow outlines highlighting the GA areas and (B) corresponding outer retinal layer (ORL) 
thickness map. (C) OCT B-scan with its location shown as the dashed line in (A and B) where hyperTDs can be identified. 
Orange arrows indicate the hyperTDs that are used clinically to identify atrophic areas. Blue outlines indicate the inner boundary 
of the outer plexiform layer and yellow outlines indicate the retinal pigment epithelium (RPE) or Bruch’s membrane where RPE 
is absent. (D and E) Scatter plots showing the relationship between hyperTD area measurements and ORL thickness 
measurements in the persistent hyperTD group in the 3 mm-circle and 5 mm-circle centered on the fovea, respectively. White 
circles indicate 3 mm and 5 mm diameter fovea-centered circles.  
 
3.2.4 Discussion 
 
The comparative analysis revealed significant differences in ORL thickness among the normal, soft drusen 

(intermediate AMD), reticular pseudodrusen  (intermediate AMD), and geographic atrophy (late AMD) 

groups (Table 3.8 and Fig. 3.9), consistent with previous studies demonstrating that intermediate AMD had 

thinner ORL compared to normal controls (131–133). It is worth noting that Ooto Sotaro et al. (134) 

reported no age -related changes in ORL thickness, while Sruthi Arepalli et al. (135) found an increase in 

ORL thickness with age in the normal group. These findings suggest that the reduced ORL thickness 

observed in our study is unlikely to be attributed to aging, especially considering the age matches among 

each group in our study. Therefore, it is highly likely that the observed reduction in ORL thickness is a 

result of pathological changes, indicating that ORL thickness could serve as a potential independent 

biomarker for predicting the progression of AMD. These findings provide valuable insights into the 

structural alterations associated with different stages of AMD. 

 

https://pubmed.ncbi.nlm.nih.gov/?term=Ooto+S&cauthor_id=21989721


 
72 

 
 

Drusen volume, known to be a predictor of diseases progression of late AMD (9,136), showed a negative 

correlation with ORL thickness in the 3-mm circle centered on the fovea (r = -0.4616, P = 0.0008, Fig. 

3.11). However, there was no significant correlation between drusen volume and ORL thickness in the 5-

mm circle. It might be attributed to the influence of drusen volume on the measurements of ORL thickness, 

particularly considering that the majority of drusen lesions were concentrated in the 3-mm circle in all the 

49 drusen cases, as shown in Fig. 3.11A.  Moreover, this phenomenon may explain the significant difference 

in ORL thickness between the drusen and reticular pseudodrusen groups shown in Fig. 3.10. In this study, 

the mean drusen volume within the fovea-centered 5 mm circle was 0.207 ± 0.185 mm3 in the soft drusen 

group, whereas only 0.01 ± 0.02 mm3 in the reticular pseudodrusen group. Consequently, the ORL thickness 

in the drusen eyes are affected not only by drusen volume but also by outer retinal atrophy, while reticular 

pseudodrusen eyes are primarily impacted by outer retinal atrophy (132,133). In conclusion, ORL thickness 

could serve as a more sensitive biomarker for evaluating the progression of AMD than drusen volume, as 

it encompasses changes from both drusen volume and the outer retina atrophy.  

 

Strong correlations were observed between GA areas and ORL thickness in both the 3-mm and 5-mm 

circles (r = -0.8333, P < 0.0001 in the 3-mm circle; r = -0.7630, P < 0.0001 in the 5-mm circle; shown in 

Fig. 3.12). This correlation can be attributed to the significantly thinner ORL thickness in the GA regions 

compared to the surrounding areas (137), shown in Fig. 3.9 D and H. These findings highlight the potential 

of ORL thickness as a biomarker for assessing the severity of GA. 

 

Although promising, it should be noted that there are several limitations within our study. First, the training 

dataset used in this study was obtained from Carl Zeiss, which raises uncertainties regarding the 

applicability of the algorithm to data from other commercial devices. Nevertheless, although some bias may 

arise when applying the algorithm to datasets from different device types, we believe our algorithm can still 

assist in annotating ORL segmentation. Secondly, the lack of follow-up visits for the AMD groups hinders 

a comprehensive understanding of the impact of ORL thickness on AMD progression. To address this, our 

future study will incorporate multiple follow-up visits, enabling a comparison of ORL differences between 

eyes that progress to late AMD and those that do not, thus enhancing our knowledge of the mechanism and 

evolution of AMD. Lastly, this study did not measure biomarkers associated with AMD, including choroid 

capillary flow deficit, calcified drusen, and hyperreflective foci. We intend to investigate these biomarkers 

in the near future to validate the changes in ORL thickness.  

 

The comparative analysis revealed significant differences in ORL thickness among different AMD stages, 

indicating its potential as an independent biomarker for predicting AMD progression. 
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4 Chapter 4. Clinical application of OCT in burn-damaged skin 

 
While OCT has proven to be a game-changer in ophthalmology, its capabilities extend beyond eye health. 

In this Chapter, we discuss the clinical applications of OCT for dermatology. Firstly, we integrate pressure 

sensors with a handheld probe to facilitate imaging of micro vasculature, addressing the challenge of 

uncontrollable mechanical stress during contact mode imaging of the skin. This handheld scanning probe 

with built-in pressure sensors provides real-time feedback to control the mechanical stress, enabling 

repeatable and reliable OCTA images for a more accurate investigation of skin conditions. Secondly, we 

employ a clinical-prototype OCT system to image severe burn wounds at multiple scan sites across two 

time points. Quantitative analysis of vascular area density and surface roughness offers key insights into 

the pathophysiological mechanisms responsible for wound healing, potentially serving as critical biological 

indicators in future clinical evaluation and monitoring of wound healing. Lastly, we demonstrate the 

potential of OCT alongside OCTA to non-invasively image and monitor human skin graft health and 

integration over time, providing valuable insights for wound healing monitoring after skin graft surgery. 

 
4.1 Integrating pressure sensor with OCT handheld probe to facilitate imaging of 

microvascular information in skin.  
 
4.1.1 Introduction 
 
OCT and OCTA have now been translated to clinical ophthalmology (3,4), dentistry (138), neuroscience 

(139), and becomes more and more popular in dermatology (140). Despite its attractiveness, there are 

several inherent issues in OCT/OCTA skin imaging acquisitions: a) unavoidable tissue motion; b) skin 

natural curve that leads to a difficulty to keep targeted region of interest within system available ranging 

distance; c) high scattering or specular reflection from the skin surface that can shadow the tissue 

information at deeper layers.  

Previous studies have shown that a topical application of optical clearing agents (OCA), such as glycerin 

and ultrasound gel, can efficiently reduce scattering effect, thereby enhancing the light penetration depth 

and improving the imaging contrast (141,142). Additionally, an OCT adapter cap with a glass window has 

been used to cover the scanning region during imaging acquisition to reduce the motion relative to the OCT 

probe, mitigate the skin natural curvature and suppress high backscattering from the skin surface 

(34,143,144). While this approach demonstrated reasonable successes, the drawback is that the uncontrolled 

mechanical stress exerted on the skin inevitably impacts the skin optical property and blood perfusion, 

thereby affecting the OCT/OCTA imaging to a unknown degree (145). Therefore, it is critically important 

to monitor and control the force or mechanical stress applied on the skin surface during OCT imaging when 
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a glass window is used in the procedure. To achieve this, we aim to develop a built-in force sensor in an 

OCT handheld probe. For easy operation of the handheld probe, the built-in force sensor should be thin 

enough, sufficiently light, and provide real-time response. 

Whilst there are many different force sensors available for use, we selected to use force-sensing resistors 

(FSR) in this study to be built into the OCT probe since they are compact, lightweight, cost-effective, and 

easily customizable (146). FSRs have been widely incorporated into numerous biomechanical applications 

(147,148). FSRs are composed of conductive polymers that exhibit a responsive relationship between 

resistance and mechanical force or pressure that is being applied (149). Using a microcontroller, the change 

in its resistance can be interpreted within 1ms, allowing the applied pressure to be resolved in real-time.  

In this study, we report a handheld scanning probe with built-in force sensors, allowing the operator to 

assess and monitor the external forces (therefore the pressure) applied on the skin during OCT imaging 

procedure. To demonstrate the potentials of pressure sensors in OCT imaging acquisition, we investigated 

how the pressure variations on the skin would have an effect on OCTA imaging as well as the blood flow 

real-time response to an application and subsequent release of the external force exerted on the skin, i.e., 

the well-known skin hyperemia experiment. 

 

4.1.2 Method 
 
4.1.2.1 The considerations and design of pressure sensor with the OCT probe 
 
The demand to measure the pressure exerted on the skin surface during OCTA imaging acquisition arises 

from the need for imaging repeatability and reliability, aiming for quantitative assessment of microvascular 

responses under either disease or stimulation conditions. Uncontrolled pressure due to the contact of the 

glass window of the OCT probe with the skin surface can complicate the interpretation of subsurface 

microvascular information. To measure the force or pressure exerted on the skin surface, the most 

straightforward approach is to sandwich a force sensor between the skin and the round-glass window, i.e., 

the sensor in direct contact with skin. This requires the sensor material to be optically transparent and not 

interfere with the OCT probe beam. However, we did not find such a commercial off-the-shelf sensor that 

meets this requirement. To avoid the interference of the sensor with the optical beam, we decided to place 

three small FSRs equidistantly at the periphery of the round-glass window to form a ring shape, leaving the 

middle region of the glass window transparent for the light transmission. This design would not only solve 

the concern about OCT light passing, but also could reflect whether the force applied to the skin is uniform 

based on the distribution of pressures sensed by the three FSRs.  

Another consideration is the use of OCAs (e.g., glycerin and ultrasound gel) for the purpose of refractive 

index matching with the skin. If the sensors are in direct contact with skin, then the index matching gel 
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would make the sensors prone to contamination. Therefore, we opted for a design where the force sensor is 

placed between the glass window and the probe, rather than having the sensor in direct contact with the 

skin. This design is reasonable because the force introduced by the contact of the glass window with the 

skin surface is approximately equal to the force between the glass window and the probe during imaging. 

A schematic of such design by taking the considerations above is shown in Fig. 4.1. To improve the 

flexibility, the design is made detachable and snap-on format so that it is applicable to a variety of different 

OCT probes. Here, for the detachable attachment used in this study, it was customized to fit the LSM03 

objective lens (Thorlabs Inc, USA) employed in the handheld probe of our OCT system.     

The OCT system along with the handheld probe specially designed for skin imaging have been described 

in detail in our previous publications (34). Here, we introduce the detachable attachment in some detail in 

this section. The customized attachment was used to adjust the distance between the objective lens and the 

skin surface (144). We integrated the force sensors into this attachment. As shown in Figs. 4.1 A & 1B, the 

snap-on attachment consists of : 1) a round-glass window (BK7 glass, 20mm diameter, 1mm in thickness, 

Micro-Store) that is situated at the distal end of the attachment, and its outer face would be in direct contact 

with the skin surface during imaging; 2) a base holder that is right above the glass window and acts a support 

for the attachment; 3) three force sensors (FSR 402 with a diameter of 12.7mm, Interlink Electronics 

Inc.(150)) that are located at the outer face of the base holder and placed equidistantly with a ring shape 

with a diameter of 42 mm at the periphery region, leaving a clear window in the center (diameter 20 mm) 

for imaging (Fig.4.1 C); 4) three force concentrators made of a kind elastic rubber ensure that the force 

loads are concentrated within the sensing area of the FSR and minimize the shear effects from non-normal 

loads, allowing the contact force to be evenly distributed across the force sensors to optimize sensor 

linearity and repeatability; and 5) a cap adapter that provides a tight-fit to the scan lens. The base holder 

and cap adapter were 3D printed to fit the size. Figs. 4.1 B and C show detailed layout of the attachment. 

Each FSR is connected in series with a reference resistor in the circuit (Fig. 4.1 D) that converts the forces 

into electrical signals via an Arduino board (Arduino Uno, Arduino Store) that is fed into the proprietary 

OCT controlling software (in LabView platform) for real-time monitoring and display to aid the operator 

during imaging. The whole snap-on attachment is lightweight and compact (35 grams) and can be adapted 

for use in various OCT devices.  
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Fig 4.1 The design schematics of the detachable attachment integrated with force sensors.  
(A) The overall design of the snap-on attachment that fits to the OCT probes. (B) The cross-sectional view of the design. (C) The 
perpendicular view at the level of the layout of three sensors, above the glass window, within the attachment. (D) Sensor 
resistance measurement and resistance-pressure conversion circuit, where R1 = R2 = R3 = 3.3kΩ. 
 
4.1.2.2 Sensor calibration 
 
The resistance of the FSR force sensor decreases with the increase of contact force exerted on the active 

area. Fig. 4.2 A shows an overview of its typical response behavior for the force range between 0 to 10000 

grams (150). Considering the actual force applied to the skin which is relatively light, we chose the force 

range of interest between 100 and 1500 g (highlighted light-yellow in Fig. 4.2 A) for calibration. Over this 

range, the relationship between the force (in grams) and resistance follows a power law characteristics 

(150,151) with:  

𝐹 = 	𝑘 ∙ 9
$(
	,                                                              (1) 

where R is the measured resistance of force sensor when a force is applied on the active region, F represents 

the force (in grams), and k and x are calibration parameters that are dependent on the actual sensor 

characteristics. According to the circuit in Fig 4.2 D, the resistance of the sensor, R, can be obtained 

following the equation:  

𝑅 =	𝑅: ;
;))
;*+

− 1=	.																																																											(2) 

where Ri (i =1, 2, 3) represents the reference resistance, VCC is stimulation voltage, and VAi (i =1, 2, 3) is 

the measured voltage across the reference resistance. 
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The part-to-part variability of this type of pressure sensor is up to ± 25%, highlighted by the dark dashed 

lines in Fig. 4.2 A. To mitigate the variability, each sensor was individually calibrated by fitting the 

relationship between the sensed resistance and the applied forces using equation (1) to find the parameter 

k and x. To perform the calibration, we added reference forces, F, to the sensor sequentially and recorded 

the resistance, R, of the sensor accordingly. For each sensor, three independent measurements were repeated 

at each reference force, and the average was taken to minimize the noise-induced variations. The parameters 

k and x were then obtained by fitting the reference forces and corresponding measured resistances under 

the force to the Eq.1.  After this calibration procedure, the sensors are ready to use in the OCT probe to 

provide real time readings of the pressure applied onto the skin surface.  

 

OCT/OCTA Imaging and participants 

 

After the snap-on attachment was fabricated in the lab and calibrated, we tested its utility in the OCT/OCTA 

imaging using an in-house-built swept-source OCT (SS-OCT) system. The system employed a 200 kHz 

swept laser source (SL1310V1-10048, Thorlabs Inc.) with a central wavelength of 1310 nm and a 

bandwidth of 100 nm, giving an axial resolution of ~7 µm (34). An LSM03 objective lens (Thorlabs Inc, 

USA) focused the light into a beam spot, giving a lateral resolution of ~25 µm. With the probe beam 

delivered to the sample at ~5mW, the system had a measured signal to noise ratio at ~100dB. An OCTA 

imaging protocol was used to obtain OCTA images from the scanned tissue volume, where we acquired 

four repeated B-frames at each B-frame location to produce one blood flow B-scan using an algorithm 

termed as optical microangiography (OMAG) (35). Each skin imaging volume covered a region of ~ 8 × 8 

× 1.5 mm (~ 800 × 800 × 200 pixels) in the x (fast axis), y (slow axis) and z (penetration into the skin) 

directions, respectively.  

 

To investigate the likely impacts on OCTA imaging with different levels of mechanical stresses, we 

acquired 3D OCT/OCTA imaging of skin in human subjects. Before OCT/OCTA imaging, cleaning and 

disinfection on the imaging area were performed and then a drop of index matching liquid (glycerin) was 

applied to the skin surface to reduce the specular reflection effect on the final results (142). Then, we 

sequentially increased the pressure applied to the skin, starting from no pressure to four strength levels (i.e., 

~ 11, 17, 32, 69 kPa). When each strength level was stabilized, an OCT/OCTA image was captured. In 

order to test the repeatability of OCT/OCTA, we performed four sessions. Each session included five 

imaging points at different pressures (i.e., ~ 0, 11, 17, 32, 69 kPa) and a 15-minutes rest for a complete 

recovery of skin condition.   
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 After obtaining OCT/OCTA data, we segmented each volume into three depth slabs measured from 245–

392, 392–672, and 672–980 μm below the skin surface to compare the vascular response to external force 

stimulation at different depths. The tail-like artifacts from the strong forward scattering of erythrocytes 

would make vasculature at deep layers difficult to interpret, therefore, we utilized a previously published 

strategy to reduce such tailing artifacts (152). For the visualization and quantification purposes, maximum 

intensity projection (MIP) en face imaging of the OCTA volume was generated from each slab.  The OCTA 

was analyzed by using vessel area density (VAD) (153) extracted from the MIP en face imaging to indicate 

the repeatability of OCTA using an algorithm clinically validated in numerous ophthalmology studies, e.g. 

in (154). The repeatability of OCTA imaging among different sessions was analyzed by using the intraclass 

correlation coefficient (ICC) (155).  

 

Next, we investigated the utility of the proposed integrated probe on the well-known hyperemia experiment 

in skin. In a previous study on skin hyperemia (145), researchers induced force on the skin by manually 

adjusting the OCT probe but did not monitor or control the level of forces applied to the skin, resulting in 

inconsistent pressure being applied and incomplete pressure release, thereby increasing experiment bias 

and inevitable variations in the final results. This issue can be solved by using our proposed snap-on 

attachment that can provide the real-time information about the exact external force applied to the skin. 

While 3D OCTA scans can directly show the distribution of skin blood flow under different pressures, there 

remains an issue. That is, each 3D volume takes about 8 seconds, which would make it difficult to capture 

the peak hyperemia perfusion and recovery process after the release of mechanical stress. To mitigate this 

problem, we decided to use a repeated B-scan strategy, i.e. BM scan mode, instead of a 3D scan to 

demonstrate the reactive hyperemia features with pressure stimulation. To achieve that, with the OCT 

system running at 285 frames per second, 30,000 repeated B-frames were continuously collected at the 

same location over a period of ~105 seconds. Over this period, the pressure was applied to start at the 8th 

second and gradually up to 70kPa over ~10 seconds, then stayed relatively stable for ~20 seconds, and 

finally released at the 38th second. Like 3D OCTA data processing, four consecutive OCT B-frames were 

collapsed into one OCTA B-frames using the OMAG algorithm. In effect, each temporal dataset consisted 

of 7,500 OCTA B-frames with each B-frame consisting of 500 A-lines (covering ~8mm), allowing an 

OCTA imaging rate up to 71.25 frames per second. This imaging speed provides sufficient temporal 

resolution to observe blood volume response to applied pressure changes.  

 

Three volunteers were participated in this study for OCT imaging. The use of OCT laboratory equipment 

on human subjects was approved by the Institutional Review Board (IRB) of University of Washington. 

This study followed the tenets of the Declaration of Helsinki and was conducted in compliance with the 
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Health Insurance Portability and Accountability Act. And written consent for imaging was obtained from 

each participant.  

 

4.1.3 Results 
 
4.1.3.1 Sensor Performance 
 
The force sensors were calibrated individually according to the description in section 2.2 prior to 

assembling the attachment. Fig. 4.2 B shows the calibration results, where the dash lines show the fitting 

results for the FSRs resistance responses under the reference forces from 100 g to 1500 g using Eq. (1), 

with the three colors representing the three sensors used. The symbols on the dashed lines (circles, squares 

and asterisks) are the actual measured values (average from three trials) for the individual sensors. Such 

fitting gave the calibration parameters k and x for each sensor, which were then used in the Eq.(1) to provide 

real time measurement of the force applied onto each sensor. After this calibration procedure, we tested the 

sensor readouts with a set of applied known forces. The results are given by the straight lines in Fig. 2B, 

showing a linear relationship between the sensed results and the applied forces, where again the symbols 

of circles, squares and asterisks are the actual sensor readout values for each sensor. The regression for all 

the sensors indicated (r = 0.99 and p ~ 0.0), demonstrating an excellent linear relationship between the 

measured and the applied forces. The measurement error was also assessed less than 5% for each sensor, 

as shown in the bottom graph of Fig. 4.2 B.  

 

After the calibration and assembly, the final pressure applied to the skin is obtained through dividing the 

sum of the forces detected from the three FSRs by the contact area of the glass window with the skin (i.e., 

3.14 cm2), and displayed on the computer screen in real time to guide the operators during imaging 

procedure. The process was faster (<1ms) than the acquisition time of a B frame image, which would meet 

the requirement of pressure analysis in most contact mode imaging applications.   

 

Fig 4.2. Sensor calibration. 
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 (A) The force-resistance characteristics for the FSR sensor (150). The shaded yellow square highlights the calibrated force range 
in this study. (B) Fitting curves from the calibration (dashed lines) to Eq.(1) to obtain the calibration parameters of k and x; and 
the measured forces from the sensor versus the applied known forces after the sensors are calibrated (solid lines). The triangles in 
the bottom graphs indicate the measurement errors after calibration. 
 
4.1.3.2 OCTA imaging changes with mechanical stress variations 
 
Figure 4.3 shows a series of in vivo OCTA en face images (Figs. 4.3 A-E) acquired from the palm skin site 

in a 31-year-old participant with a range of controlled pressures from 0kPa to 69kPa exerted on the skin 

surface, respectively. Because of 3D OCT/OCTA in nature, we also separated the microvascular 

information at the selected depths: 245-392µm (Figs.4.3 F-J), 392-672µm (Figs. 4.3K-O) and 672-980µm 

(Figs.3 P-T), respectively, measured from the skin surface using maximum intensity projection. In addition, 

to indicate the slab positions that were referenced for extracting the depth resolved vascular information, 

the selected OCTA B-frame images are given in Figs. 4.3 U-Y for information. Visually, capillary 

morphology without pressure (Figs. 4.3A and U) and with mild pressure at 11kPa (Figs. 4. 3B and V) is 

similar and homogenous, suggesting that there is no apparent effect on the vasculature (at least for OCTA 

imaging) when the applied pressure is up to a level of 11 kPa in this subject. The change of VAD calculated 

from the MIP of the whole OCTA volume was below 0.13 %, indicating that stable and consistent OCTA 

images can be obtained with the pressure values less than 11 kPa. However, with the increase of pressure, 

the vascular density starts to diminish from a pressure level of 17 kPa (Figs. 4. 3 C and W), progressively 

to 32 kPa (Figs. 4.3 D and X) and eventually the blood flow is almost ceased (within a tissue depth of 

~1mm) at the level of 69 kPa (Figs. 4.3 E and Y).   

 

From the depth resolved OCTA images, the response trend of the blood vessels in each layer to the applied 

pressure is similar to that of the whole layer (i.e., 245 – 980 μm from the surface). The top layer of the 

dermis (Figs. 4.3 F-J) appeared to undergo more obvious changes after external force stimulation than the 

other two layers (Figs. 4.3 K-O, and Figs. 4.3 P-T). This may be due to small capillaries being more 

sensitive to external pressure changes. Fig. 4.4 shows the quantitative comparisons of VAD under different 

pressures, corresponding to the appearance of OCTA images shown in Fig. 4.3.  In addition, the 

repeatability study showed that all ICCs of the VAD derived from the OCTA imaging were greater than 

0.90 (Table 4.1), indicating an excellent repeatability of OCTA imaging (155).  

 

As expected, our study demonstrated a strong correlation between the applied stress and OCTA imaging 

appearance (Fig. 4.3) and quantification (Fig. 4.4).  In general, the compression of skin results in the 

reduction of skin blood flow, interstitial fluids, skin thickness and closer packing of tissue components 

(156), which leads to an alteration in the tissue optical property (157).  Here, for OCTA imaging, blood 
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flow reduction is more dominant than other effects on imaging quality. Previous studies extracted the 

optical property of the skin, such as optical attenuation coefficient (OAC) and tissue birefringent 

information, to assess wound healing and skin tension lines (158) by using polarization sensitive OCT, 

however the results were interpretated without the consideration of the potential impact of the compression 

on the skin. We expect that with the help of pressure sensors during imaging, these measurements would 

be more reliable and repeatable, giving rise to more accurate interpretation of the final results.  

 

Fig 4.3. The changes in OCTA imaging upon the applied pressures on the skin surface.  
(A-E) the en face OCTA maps of the whole skin depth from 245-980µm under the pressure of 0, 11, 17, 32, 69, respectively, as 
shown. (F-J) the same as in (A-E) but the selected slab depth of 245–392 μm. (K-O) the same as in (A-E) but the selected slab 
depth of 392–672 μm. (P-T) the same as in (A-E) but the selected slab depth of 672-980μm. (U-Y) representative OCTA B-scans 
at the position marked as dashed white line in (P-T), where the green square indicates the depth of 245–392 μm below the 
surface; the yellow square indicates the depth of 392-672 μm below the surface; and the red square indicates the depth of 672-
980 μm below the surface. All en face vascular maps were produced by maximum intensity projection. Color bar represents 
vessel depth. Scale bar represents 1 mm.
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Fig 4.4 The alteration in vessel area density (VAD) upon the applied pressures.  
The curves shown are from the whole skin depth (245 - 980µm), and the slab depths of 245-392 µm, 392-672 µm and 672-980 
µm, respectively. Error bar represents standard deviation from four sessions. *, P value < 0.05; **, P value < 0.01; ***, P value  
< 0.001.  

 
 
 

Table 4.1 Intraclass correlation coefficient (ICC) among the four tested sessions. 
Depth (µm) 245-980 245-392 392-672 672-980 
Intraclass Correlation 
Coefficient (ICC) 0.946 0.971 0.933 0.908 

 
4.1.3.3 Application of pressure sensors in the hyperemia experiment 
 
Figure 4.5 shows the changes in the blood flow in the palm skin after the application of external force (up 

to ~ 70kPa) and subsequent release. Fig. 4.5A is an en face OCTA image that was used to guide the repeated 

scanning protocol, where the dashed line indicates the location to acquire temporal OCT (Fig. 4.5B) and 

OCTA B-scans (Fig. 4.5C). From the temporal OCTA B-scans, the blood flow was assessed from a slab 

region of interest that was segmented from 245 to 980 µm measured from the surface as marked by dashed 

box in Fig. 4.5C. Fig. 4.5D is resulted from the MIP projection of this selected slab to indicate the temporal 

blood flow response at the B-scan cross-section to the applied pressure and then release. To facilitate the 

visualization, we summed the OCTA blood flow signals within the slab region of interest at each B-scan 

(to indicate the blood volume), and then plot after the normalization against the time (Fig. 4.5E), where the 

pressure measured by the sensors is also plotted alongside for comparison. Both the results (Figs. 4.5D and 

E) demonstrate that the blood volume first decreased due to the external pressure, then produced reactive 

hyperemic perfusion after the subsequent release of external force at the 38th second, and finally returned 

to the baseline level. In addition, we observed that besides the variations, the blood flow seemed to fluctuate 

periodically, likely due to the pulsatile nature of the blood. To confirm, we performed a Fourier 

transformation on Fig. 4.5E. Fig. 4.5D is the calculated frequency spectrum, showing a characteristic 

frequency peak at ~1.1 Hz (highlighted by the red asterisk) matched well with the heart rate of the subject 

(measured separately by a heart rate monitor), confirming that such fluctuations in blood volume is caused 
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by pulsatile blood movement within the vascular tree. Fig. 4.5G is the magnified view of a selected time 

window of ~ 3s in Fig. 4.5E, where the periodic pattern with minor local fluctuations is evident that 

resembles the pulsatile waveform. Meanwhile, the shape of the periodic pattern is also observed to slightly 

vary under different pressures (Fig 4.5E). 

The reason for the reactive hyperemia is that localized pressure applied to the skin activates a large number 

of cutaneous receptors, leading to vasodilation that gives rise to an increase of skin blood flow. This 

response can protect skin from ischemia during pressure stimulation (159). However, some conditions, such 

as diabetes (160), hypertension (161), aging (162) and atherosclerosis (163), can impair this protective 

mechanism of the microvasculature. Therefore, reactive hyperemia may be utilized as a biological indicator 

with respect to peripheral microvascular function (164).  Wang-Evers et al. (145) reported that OCT 

imaging had the ability to provide functional information of the microvasculature related to age and blood 

pressure that might help assess overall vascular health. However, uncontrolled pressure applied to the skin 

during the experiment may add the burden to the already traumatized skin microvasculature and lead to 

inaccurate experimental results. Moreover, Xie et al. (123) and Gong et al.(143) reported that OCTA can 

be used to detect microvascular pulsatility in the peripheral circulation in human skin, in which waveforms 

are similar to Fig. 4.5E. These two prior studies did not mention the influence of external pressures on the 

pulsatile waveforms. However, we did observe that such waveform shapes varied under different external 

pressures. It could be argued that when performing the hyperemia and pulsatile experiment, pressure 

sensors may be required to help control the external pressure during OCT imaging acquisition. While the 

observations of blood responses to the applied pressure are sufficiently interesting and may be explored to 

further our understanding of reactive hyperemia in normal and diseased conditions, the investigation of 

their physiological meaning or clinical relevance is beyond the scope of the current study. Here, we focused 

on introducing an augmented pressure sensor during imaging so that the applied level of pressure onto the 

skin surface can be precisely controlled and monitored.  
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Fig 4.5 The blood flow response to the application and subsequent release of external force to simulate the reactive hyperemia 
experiments.  
(A) The en face OCTA map under no pressure that was used to guide the repeated B-scans to generate temporal blood flow 
signals, where the dashed line indicates the location of the time series of repeated B-scans. The scale bar represents 1 mm. (B) the 
illustration of collected time series of OCT B-scans and (C) corresponding temporal OCTA B-scans where the selected slab 
region of interested is marked by white dashed box.  (D) Maximum intensity OCTA projection from the region of interest shown 
in (C) over 105-second repeated B-scans. (E) the blue trace indicates the time series of blood flow signals that was obtained by 
summing the OCTA signals within the region of interest at each B-scan shown in (C). The measured pressures (light red color) 
during the entire experiment are plotted alongside with the blood flow signal for easy comparison. (F) The frequency power of 
the time series of blood flow signals in (E). The red asterisk indicates the pulsatile component that is measured at 1.1Hz. (G) 
Magnified image of the selected time window of ~3s highlighted in the dashed rectangles shown in (E).  
 
4.1.4 Discussion and conclusions 
 
In the field of OCT/OCTA imaging acquisition, the incorporation of a glass window in direct contact with 

the skin has evolved into a widely endorsed practice. This strategic approach is geared towards securing 

consistent and high-quality images, thereby facilitating quantification purpose. Its efficacy lies in the 

reduction of tissue motion in relation to the OCT probe and the reduction of specular reflections from the 

skin surface. While undeniably efficient, this method introduces an inherent challenge—a potential 

imposition of uncontrollable mechanical stress on the skin surface. This stress can induce alterations in the 

optical properties of the skin, thereby impacting the measurement and imaging of microvascular flows 

within skin tissue beds. Such effects, in turn, complicate the interpretation of OCT/OCTA results. 
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Despite this challenge, numerous research groups have harnessed the power of OCT in conjunction with 

this strategy to scrutinize phenomena such as reactive hyperemia (145), pulsatile waveforms (123,143), and 

blood glucose levels (156). However, the mechanical pressure exerted on the skin during these studies was 

often overlooked and not systematically monitored. Therefore, there arises an evident necessity for the 

monitoring and control of applied pressure during OCT/OCTA imaging acquisition. To the best of the 

authors’ knowledge, the work presented in this study demonstrates for the very first time the ability of 

pressure sensors to aid in acquiring reliable OCT/OCTA images. A handheld OCT probe combined with 

built-in force sensors was developed and its potential for skin imaging was demonstrated. With the pressure 

values provided by the force sensors in real time, an operator can easily determine whether the pressure 

applied to the skin is within an acceptable range that would not affect OCTA imaging of microvascular 

information and help to obtain repeatable OCTA images for later quantification purpose. Moreover, when 

performing reactive hyperemia experiments, the real time monitoring of the applied pressure on the skin 

would provide a key maneuver information to guide the operator for properly conducting a successful 

experiment.  

 

Although the current development of an augmented snap-on attachment to the OCT probe is useful in 

providing the operators with controlled pressure on the skin surface, it should be noted that there are several 

limitations in our study. Firstly, the FSR integrated in the OCT probe has lower accuracy than other types 

of force sensors, such as load cells or strain gauges (165). However, these other types of sensors are not as 

compact as FSRs. It is also worth noting that the precise assessment of the pressure applied on the skin is 

not the goal of the built-in force sensors. Our current development is merely aimed to provide the operator 

with a controlled level of skin pressure so as to obtain consistent and reliable OCT/OCTA imaging that can 

provide meaningful quantification results of microvascular information within skin tissue beds. We believe 

that the precisions of the chosen FSR sensors are sufficient to monitor noticeable changes in microvascular 

information upon the application of the external forces on the skin surface. Secondly, we only investigated 

the effect of pressure on OCTA imaging. To further demonstrate the potentials of pressure sensors in future 

studies, some other optical properties based on OCT imaging, such as optical attenuation coefficients and 

birefringent property of the interrogated tissue, could also be analyzed and compared at different pressures 

under the guidance of the pressure sensor, so that more accurate results can be obtained by removing the 

possible complications of the contact effect from the interpretation of results. Thirdly, the experiments in 

this study were only performed on the palm skin, therefore, results are not representative of the skin reaction 

at other body sites. Based on our previous experiences, facial skin is more sensitive to external pressure 

compared to the palm skin, while the abdomen skin does seem to be less sensitive to external pressures. 
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However, the goal of study is aimed at showing the usefulness of real time monitoring of the pressure 

exerted on the skin surface in order to obtain reproducible and reliable OCT/OCTA skin images.  

In summary, we have successfully developed built-in pressure sensors in an OCT handheld probe and 

demonstrated the application of the pressure sensor in the skin OCTA research. Continued investigations 

using the technology discussed within will aid researchers/clinicians in betterment of OCT/OCTA data 

acquisition in the future. 

 
4.2 OCT-Based Angiography and Surface Topography in Burn-Damaged Skin 
 
4.2.1 Introduction 
 

OCTA, as a functional extension of OCT, can provide information regarding functional blood vessels 

without the need for injecting any contrast agents (35). This is an especially valuable trait for observing 

burn-damaged skin as contrast agents could cause confounding results due to potential leakage from highly 

permeable blood vessels (burn damage leads to high vascular permeability (166)). With improvements in 

resolution, sensitivity, and scanning speeds, OCT is quickly becoming a more routine tool used in 

dermatologic research (167,168). In addition to the assessment of various pathologies (167), OCT have also 

been used previously to explore the structural features of burn wounds (169). Building on such work to 

include the assessment of both structural and vascular features, Lindert et al. (170) used dynamic OCT (D-

OCT) to investigate the morphologic characteristics of burn injuries in children, highlighting a loss of the 

epidermal layer, surface irregularities, loss of the dermal papillary pattern, and changes in the microvascular 

architecture. Taking another direction to demonstrate the highly applicable nature of OCT, a number of 

studies have combined OCT with other imaging modalities to synergistically ascertain more novel 

information concerning burn wounds. Further advancing the use of OCT for burn research, our lab recently 

published work utilizing OCT-based angiography (OCTA) to measure and correlate a number of vascular 

and structural features of burn wounds (171). 

 

Whilst each study has been successful in its own right for elucidating important findings concerning burn 

wounds, each is also not without particular shortfalls. For example, to our knowledge, none have classified 

burn wound zones, defined as specific regions radiating from the wound epicenter immediately following 

trauma. According to Jackson's Thermal Wound Theory, a typical fresh burn is classified using three zones: 

zone of coagulation, zone of stasis, and zone of hyperemia (172). The zone of coagulation is the epicenter 

of the burn, has irreversible tissue loss, and appears white or even charred in color; the zone of stasis 

surrounds the zone of coagulation and contains cells that would die within 24-48 hours following trauma if 

they are not managed properly; and the zone of hyperemia, which is the outermost zone surrounding the 
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zone of stasis that usually appears red and is most likely to recover completely (172,173). In short, the skin 

in each zone will vary in terms of wound healing potential and process. Therefore, it is crucial to take such 

zones into account when analyzing a burn wound. With that, the first time point (imaging session #1) used 

for each of the participants in this study was designed to purposefully delay for at least 72 hours following 

trauma to allow for the zone of stasis to either progress to become a zone of coagulation or regress to 

become a zone of hyperemia. This allowed for each zone being imaged to be either white (zone of 

coagulation) or red (zone of hyperemia). In some cases, we also chose to image mixed sites, which included 

both red and white coloration. 

 

In this study, we aimed to demonstrate the potential of OCT in assessing burn wound healing and to explore 

the potential physiological bases of human wound healing. To do this, we built a custom, handheld probe 

and OCT imaging system, and scanned numerous burn sites on several burn wound victims over multiple 

time points. We then applied specifically developed algorithms to quantify vascular and structural 

parameters, such as vascular area density and surface roughness. 

 

4.2.2 Methods 
 

Study Participants 

All the scans used in this study were acquired at the Harborview Medical Center, Division of Trauma, Burn, 

and Critical Care Surgery, Seattle, WA. All the participants met the following criteria: 1) age ≥ 18 years; 

2) burn size ≥ 1% total body surface area (TBSA). Study exclusions included: 1) age ＜ 18 years; 2) 

pregnancy; 3) diabetes mellitus 4) peripheral vascular disease 5) previous vascular surgery on extremity 6) 

multiple trauma 7) chemical injury; and 8) no discharge follow-up. In total, seven thermal burn patients 

were included, and all participants voluntarily gave written informed consent. All the participants were 

scanned at two time points (referred to as imaging sessions), one within 3 – 6 days and the other within 8 – 

14 days following injury. Several burn sites, 2 – 4, were scanned from each participant according to the 

attending surgeon’s evaluation. Scan sites were classified into red, white, or mixed (including both red and 

white) sites based on the color of the wound during imaging session #1. For comparative purpose, five of 

the seven participants also had scans taken of adjacent healthy skin. The use of OCT was approved by the 

Institutional Review Board (IRB) of the University of Washington. 

 

Optical Coherence Tomography Imaging System 

We used an in-house-built, clinical prototype, OCT system to capture OCT information throughout this 

study.  The OCT system has been explained in detail in our previous publications. In brief, the system used 
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a 1310 nm swept laser source (SL1310V1- 10048, Thorlabs Inc.) with a spectral bandwidth of 100 nm for 

a depth resolution of ~ 8μm in tissue (~ 11 μm in air). The custom, handheld probe was equipped with a 

6.5”, 1080p display monitor, a 5X objective lens, a paired X-Y galvo scanner, sample spacer, and disposable 

contact unit. The 5X objective lens focused the probing light onto the skin with an incident power of 5 mW, 

while the paired X-Y galvo scanner generated raster sampling patterns composed of fast (x-axis) and slow 

(y-axis) axes. The disposable contact unit was designed to be changed quickly and easily between scans or 

when scanning different participants. A camera was also built into the probe and a ring of light-emitting 

diodes (LED) was also positioned between the objective lens and contact unit to illuminate the imaging site, 

allowing for scans to be taken at a specific location.  

 

Data Acquisition 

Immediately prior to OCT scanning, sterile glycerin was added to the skin to act as a refractive index 

matching medium. Each OCT scan then comprised a field-of-view (FOV) of 9 × 9 mm, a lateral resolution 

of ~10 μm, and a penetration depth of ~1.5 mm. To accommodate this, OCT data were acquired using 800 

A-lines per B-frame, 800 B-frame locations per C-scan, and 4 repeated B-frames per B-frame location. The 

4 repeated B-frames were then registered into one using a specifically-designed algorithm, optical 

microangiography (OMAG). This algorithm identifies the locations of functional blood vessels to create 

vascular maps by extracting specific OCT information derived from the motion contrast of flowing red 

blood cells (RBCs) in functional blood vessels within surrounding static tissue; hence, OCT-based 

angiography (OCTA). The image acquisition time for a 3D scan was approximately 6 seconds and for one 

imaging session, including preparation time and all the scans, was approximately 30 minutes. 

 

Quantification of Vascular Area Density 

Prior to the quantification of the vascular area density, acquired 3D OCTA data were first segmented into 

a ~700 μm-thick slab (measured from the skin surface). Maximum intensity projection (MIP) images were 

then produced of the segmented slabs by mapping the maximal value in each A-line on to a 2D map, termed 

an en face map. The en face maps were depth-color coded to show a vessel depth ranging from 0 – 700 μm. 

 

From these en face vascular maps, we then measured vascular area density using algorithms published in 

previous studies (153). Vascular area density refers to the percentage of functional vascular area per image. 

In brief, the OCTA-derived en face vascular map was firstly processed into a binary image after applying 

a global threshold, a hessian filter and adaptive threshold. Vascular area and vascular area density were 

then acquired from the binary image by calculating the number of pixels with non-zero values and the ratio 

of the number of pixels with non-zero values to the total number of pixels, respectively. For mixed sites 
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(sites comprising both red and white skin), vascular area density was calculated in red and white sites 

separately. 

 

Quantification of Skin Surface Roughness 

To quantify skin surface roughness, we first detected the skin surface. During the image processing step for 

segmentation, we obtained the position of the skin surface. To ensure the natural curvature of the skin and 

the scan angle did not produce any miscalculations for skin roughness due to an increase in the amount of 

deviations from the average line of the skin surface, we estimated the smooth skin surface position by 

applying a gaussian filter and a median filter based on the original position of the skin surface. We then 

obtained relative surface positions by subtracting the processed smooth surface from the original surface. 

The relative surface was used to quantify skin surface roughness. For convenient visualization, we also 

generated surface topography maps where a color code was applied to display the relative changes in the 

height of the skin surface.  

 

Whilst there are many different roughness parameters in use, the arithmetic mean roughness (Sa) is by far 

the most common parameter. In this study, we used Sa to represent skin surface roughness as well as 

International Organization for Standardization (ISO) 25178 standard definitions for Sa, i.e., the arithmetic 

mean of absolute values of heights within a 3D volume (174). Sa can be expressed as: 
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Where Nx and Ny respectively represent the number of array pixels for the field-of-view (9 × 9 mm), i.e., 

NxNy indicates the total pixel number in the field-of-view, and I (xi,yj) indicates the vertical distances from 

the pixel point to the mean height.   

Statistical Analysis 

Statistical analysis was carried out using GraphPad Prism. One-way analysis of variance (ANOVA) and 

Tukey-Kramer post-hoc tests were used to compare vascular and structural parameters between imaging 

sites. Two-sample t tests were performed to compare vascular and structural parameters between imaging 

sessions. Statistical significance is graphically represented at 4 levels: * p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, 

and **** p ≤ 0.0001. 

 

4.2.3 Results 
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The anatomical location of each burn injury, the time point of each imaging session in days following injury, 

the number of control sites scanned, and the number of scans carried out per site category are outlined in 

Table 5.1 for each participant included in this study. Wound locations included the arm, the buttock, and 

the chest. The average time point of imaging session #1 was 4.29 days (± 1.38 days) following injury, and 

the average time point of imaging session #2 was 11.14 days (± 2.48 days) following injury. Five of the 

seven participants had healthy control scans taken. A total of 3 scans during imaging session #1 and 5 scans 

during imaging session #2 were categorized as red sites. A total of 16 scans during imaging session #1 and 

13 scans during imaging session #2 were categorized as white sites. A total of 4 scans during imaging 

session #1 and 5 scans during imaging session #2 were categorized as mixed sites. Mixed sites provided 

vascular measurements for both red and white sites. Mixed sites were excluded from surface roughness 

measurements; therefore, only those scans categorized as red or white sites were used for surface roughness 

measurements.  
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Table.4.2 General characteristics of all participants involved.  

Case 
Wound 

Location 

Time of Imaging 

Session (day) 
# Scans at 

Healthy 

Control 

Sites 

# Scans at 

Red Sites 

# Scans at 

White Sites 

# Scans at 

Mixed Sites 

Session 

#1 

Session 

#2 

Session 

#1 

Session 

#2 

Session 

#1 

Session 

#2 

Session 

#1 

Session 

#2 

S-01 Arm 3 14 1 2 3 2 0 0 1 

S-02 Arm 5 9 1 0 0 1 2 1 0 

S-03 Buttock 6 13 1 0 0 2 2 1 1 

S-04 Arm 3 10 1 1 2 2 1 0 0 

S-05 Chest 3 10 0 0 0 1 0 2 3 

S-06 Chest 6 14 1 0 0 4 4 0 0 

S-07 Arm 4 8 0 0 0 4 4 0 0 

Mean ± SD 
4.29 ± 

1.38 

11.14 ± 

2.48 
 

      
Total 

   
5 3 5 16 13 4 5 

 

 

Vascular Analysis 

Shown in Figs 4.6 and 4.7 are the qualitative vascular maps derived from OCTA analysis of one study 

participant (S-01) during imaging session #1 and #2, respectively. The photograph (Fig 4.6 A) demonstrates 

a burn wound during imaging session #1 at 3-days post-injury with variable mottled colorization from white 

to red. Scan sites are highlighted with black boxes and labelled with “W” to indicate a white site and “R” 

to indicate a red site. The healthy control site is not visible in Fig 4.6 A. Fig 4.6 D and G show the healthy 

control vascular map and magnified inset, respectively. Visible is a homogenous vascular morphology, 

density, and distribution. Fig 4.6 B, E and H show the white site vascular maps and magnified inset, 

respectively. Visible is a comparatively heterogenous vascular morphology and distribution, and a 

diminished vascular density. Fig 4.6 C, F and I show the red site vascular maps and magnified inset, 

respectively. Visible, again, is a comparatively heterogenous vascular morphology and distribution, but 

with an augmented vascular density. 
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Fig 4.6 En face vascular maps of a burn wound at Day 3 post-injury and a comparative healthy control (S-01). 
(A) Photographs of the burned arm at Day 3 post-injury (imaging session #1). Highlighted are approximate scan sites labeled 
with R1, R2, W1, and W2. R1 and R2 refer to two red sites, and W1 and W2 refer to two white sites. (B and E) Vascular maps of 
the white sites. Shown are scan sites W1 and W2, respectively. (C and F) Vascular maps of the red sites at Day 3 post-injury. 
Shown are scan sites R1 and R2, respectively. (D) Vascular map of a healthy control. (G, H, and I) Magnified vascular maps 
derived from the regions highlighted by the white perforated boxes shown in D, E, and F, respectively. All en face vascular maps 
are projected by maximum intensity. Color bar represents vessel depth. Scale bar represents 1 mm. 
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Fig 4.7 En face vascular maps of a burn wound at Day 14 post-injury (S-01). 
(A) Photograph of the burned arm at Day 14 post-injury (imaging session #2). Highlighted are approximate scan sites labeled with 
R1, R2, R3, and M1. R1–R3 refer to three red sites and M1 refers to a mixed site. (B, C, and F) Vascular maps of the red sites. 
Shown are R1, R2, and R3, respectively. (D) Magnified photograph of scan site M1. The white perforated line highlights the 
boundary between the red and white sites. (E) Vascular map corresponding to D. (G, H, and I) Magnified vascular maps derived 
from the regions highlighted by the white perforated boxes shown in E and F, respectively. All en face vascular maps are projected 
by maximum intensity. Color bar represents vessel depth. Scale bar represents 1 mm. 
 
The photograph (Fig 4.7 A) demonstrates the same burn wound displayed in Fig 4.6 during imaging session 

#2 at 14-days post-injury. The wound now appears to be predominantly red in color. Scan sites are 

highlighted and labelled as in Fig 5.1, with “R” indicating a red site and “M” indicating a mixed site. Fig 

4.7 D is a magnification of scan site M1 (Fig 4.7A). The boundary between the white and red sites is 

highlighted with a white perforated line. Fig 4.7 B, C, F, and I show the red site vascular maps and 

magnified inset, respectively. Visible, still, is a heterogenous vascular morphology and distribution with an 

augmented vascular density, but such features are no longer as pronounced as in imaging session #1 and 

appear to be normalizing to more resemble the features of the healthy control (Fig 4.6 D and G). Fig 4.7 E 

shows contrasting features in the mixed site. Fig 4.7 E and G show a comparatively higher vascular density 

compared to the white sites imaged during imaging session #1 with a vascular morphology that the blood 

vessels grow around hair follicles. Fig 4.7 E and H show vascular features more similar to those described 

in the red sites of Fig 4.7 B, C, F and I.  
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Shown in Fig 4.8 are the qualitative vascular and structural maps of another study participant (S-07) during 

both imaging sessions. Fig 4.8 A and F show the photographs of the burn wound during imaging session 

#1 and #2 at day 4 and 8 post-injury, respectively. Mottled colorization from white to red are visible with 

regions of brown discoloration also. Scan sites are highlighted with black boxes and labelled with “W” to 

indicate a white site. Fig. 4.8 B – E show a very diminished vascular density during imaging session #1 

making other features difficult to determine. Fig 4.8 G – J shows an improved vascular density during 

imaging session #2 compared to imaging session #1, but vascular morphology and distribution remains 

compromised compared to the healthy control (Fig 4.6 D and G). Fig 4.8 K – N are structural maps at the 

sites corresponding to the vascular maps of Fig 4.8 G – J. The dark regions shown are thought to represent 

hair follicles. Fig 4.8 O – R demonstrate merged vascular and structural maps. This is thought to confirm 

that the vascular morphology seen in Fig 4.8 G – J represents a vascular morphology surrounding highly 

active hair follicles. 

 
Fig 4.8 En face vascular and structural maps from a burn patient with all-white sites spanning two imaging sessions (S-07).  
(A and F) Photographs of the burned arm at Days 4 and 8 post-injuries, respectively. Highlighted are approximate scan sites labeled 
W1, W2, W3, and W4. W1–W4 refer to four white sites. (B–E) Vascular maps of the white sites on day 4 post-injury. Shown are 
W1, W2, W3, and W4, respectively. (G–J) Vascular maps of the white sites at Day 8 post-injury. Shown is W1, W2, W3, and W4, 
respectively. (K–N) Structural maps corresponding to G–J, respectively. (O–R) Vascular maps corresponding to G–J, respectively, 
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overlaid onto structural maps corresponding to K–N, respectively. All en face vascular and structural maps are projected by 
maximum intensity. Color bar represents vessel depth. Scale bar represents 1 mm. 

Shown in Fig 4.9 are the quantitative vascular area density measurements representing all participants over 

both imaging sessions.  Fig 4.9 A shows that during imaging session #1, vascular area density in the red 

sites averaged a significantly higher value compared to that of the healthy controls (p = 0.0130), while the 

vascular area density in the white sites averaged a significantly lower value compared to that of the healthy 

controls (p < 0.0001). Fig 4.9 B shows that during imaging session #2, vascular area density had normalized 

in the red sites, but remained significantly lower in the white sites compared to that of the healthy controls 

(p < 0.0001). Additionally, when we compare the red sites alone over both imaging sessions (Fig 4.9 C), 

vascular area density at imaging session #2 was significantly reduced compared to imaging session #1 (p = 

0.0215). The opposite is true when we compare the white sites alone over both imaging sessions (Fig 4.9 

D), (p < 0.0001). 

 

Fig 4.9  Graphic representation of vascular area density measurements. 
(A and B) Comparison of vascular area density among the healthy control, and the red and white sites during imaging session #1 
and #2, respectively. (C and D) Comparison of vascular area density between both imaging sessions at the red sites and white sites, 
respectively. ns, not statistically significant. *P ≤ 0.05, ***P ≤ 0.001, and ****P ≤ 0.0001. Boxplots show interquartile range, 
whiskers minimum to maximum. 

Surface Roughness Analysis 

Shown in Fig 4.10 are the qualitative topography maps derived from the same participant represented in 

Fig 4.6 and 4.7 (S-01). Here, a blue color represents the lowest surface with a height of 0μm, and a red 

color represents the highest surface within a scan with a height of 120μm or more. Fig 4.10 A and B show 

the topography map and corresponding B-frame, respectively, of healthy control skin. A homogenously 
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distributed mix of red to blue colors can be seen. Comparatively, Fig 4.10 C – J show the skin surface of 

both white and red sites during imaging session #1. In both white and red sites, the skin appears smoother 

with a more uniform color scheme. During imaging session #2, the skin surface roughness does not appear 

to have changed significantly in two of the three scans (Fig 4.10 K, L, N and O); however, the third scan 

appears more similar to that of healthy skin (Fig 4.10 M and P). 

 

 
Fig 4.10 Topography maps of a burn wound spanning two imaging sessions (S-01). 
(A and B) Topography map of a healthy control and corresponding cross-sectional B-frame, respectively. The B-frame is derived 
from the location highlighted with a perforated white line in A. (C, D, E, and F) Topography maps of a burn at Day 3 post-injury. 
Shown are scan sites R1, R2, W1, and W2 from Fig 3.1 A, respectively. (G, H, I, and J) Cross-sectional OCT B-frames 
corresponding to the locations highlighted with perforated white lines in C, D, E, and F, respectively. (K, L, and M) Topography 
maps of a burn at Day 14 post-injury. Shown are scan sites R1, R2, and R3 from Fig 3.2A, respectively. (N, O, and P) Cross-
sectional OCT B-frames corresponding to the locations highlighted with perforated white lines in K, L, and M, respectively. Color 
bar represents variations in surface height. Scale bar represents 1 mm. 

 

Shown in Fig 4.11 are the qualitative topography maps derived from the same participant represented in 

Fig 4.8 (S-07). During imaging session #1, the skin again appears smoother with a more uniform color 

scheme compared to the healthy control (Fig 4.11 A – H). During imaging session #2, the skin still appears 

smooth compared to the healthy control, but raised areas are visible that correspond with hair follicles (Fig 

4.11 I – P). 
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Fig 4.11  Topography maps of a burn wound spanning two imaging sessions (S-07). 
(A, B, C, and D) Topography maps of a burn at Day 4 post-injury. Shown are scan sites W1, W2, W3, and W4 from Fig 3.3A, 
respectively. (E, F, G, and H) Cross-sectional optical coherence tomography (OCT) B-frames corresponding to the locations 
highlighted with perforated white lines in A, B, C, and D, respectively. (I, J, K, and L) Topography maps of a burn at Day 8 post-
injury. Shown are scan sites W1, W2, W3, and W4 from Fig 3.3 F, respectively. (M, N, O, and P) Cross-sectional OCT B-frames 
corresponding to the locations highlighted with perforated white lines in I, J, K, and M, respectively. Color bar represents variations 
in surface height. Scale bar represents 1 mm. 

Quantification analysis of surface roughness is shown in Fig 4.12. During imaging session #2, white sites 

appeared significantly rougher compared to the red sites (p = 0.0174) (Fig 4.12 B). Surface roughness also 

appeared to significantly increase in the white sites from imaging session #1 to #2 (p ˂ 0.0001) (Fig 4.12 

D). 
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Fig 4.12 Graphic representation of surface roughness measurements. 
(A and B) Comparison of surface roughness among the healthy control, and the red and white sites during imaging session #1 and 
#2, respectively. (C and D) Comparison of the surface roughness between both imaging sessions at the red sites and white sites, 
respectively. *P ≤ 0.05, and ****P ≤ 0.0001. Boxplots show interquartile range, whiskers minimum to maximum. 

4.2.4 Discussion 
 
In this study, we have demonstrated the capability of OCT/OCTA to image and monitor burn wound healing. 

To the best of our knowledge, this is also the first time such an OCT study has classified burn wounds into 

zones based on Jackson's Thermal Wound Theory, i.e. zones of coagulation (white sites) and zones of 

hyperemia (red sites) (172). For comparative purposes, we have also assessed mixed zones (mixed sites 

containing both white and red sites) and healthy controls. 

 

Clinically, blood perfusion analysis for burn wound assessment is not uncommon and is most frequently 

observed by prolonged blanching of the skin following compression. Like all similar assessment methods, 

however, this is subjective and often unreliable. OCT/OCTA, on the other hand, is capable of providing a 

more precise burn wound assessment by directly imaging and indirectly quantifying numerous vascular and 

structural parameters. Here, we have observed that, compared to healthy skin, vascular area density was 

decreased in white sites but increased in red sites in the days immediately following burn injury (Figs. 4.6, 

4.8 and 4.9). These findings support Jackson's Thermal Wound Theory where zones of coagulation, white 

sites in this case, have severely compromised perfusion and zones of hyperemia, red sites in this case, have 

significantly increased perfusion (172). Previous OCT studies that assessed vasculature have reported both 
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the increased and decreased vascular densities, but none have correlated such with burn wound zones 

(170,175). 

 

When reassessing vascular features during the second imaging session (imaging session #2), we noted that 

the vascular area density measured within the white sites had significantly increased compared to imaging 

session #1 (Fig 4.9 D), and the vascular area density within the red sites had significantly decreased 

compared to imaging session #1 (Fig 4.9 C). The red sites were now showing vascular area density similar 

to those found in healthy skin (Fig 4.6 and 4.9 B). These findings are again consistent with Jackson's 

Thermal Wound Theory, which states that zones of coagulation, white sites in this case, might recover over 

time due to angiogenesis, and zones of hyperemia, red sites in this case, will invariably normalize over time. 

 

Interestingly, however, the vascular area density measured here in the white sites during imaging session 

#2 were still significantly lower than comparable measures of healthy skin (Fig 4.9 B) meaning the white 

sites had not yet recovered, as the red sites had. This is thought to be due to the time following injury in 

which imaging session #2 was carried out, i.e. 8- to 14-days post-injury. This is important as deep 

superficial thickness burn wounds (all participants here had deep superficial thickness or full thickness burn 

wounds) typically require more than 21 days to recover (176). Therefore, the significantly lower vascular 

area density values noted within the white sites during imaging session #2 are likely attributed to incomplete 

wound healing. Moreover, we observed that the recovering blood vessels tended to grow around hair 

follicles (Fig 4.6 and 4.8). This is expected to be because nascent blood vessels in the skin are derived from 

nestin-expressing hair-follicle cells (177). With that, the recovering blood vessels imaged here by OCTA 

could indicate a higher metabolic requirement within the skin due to re-epithelialization originating from 

the hair follicles (178), and so it could be argued that such is a biological marker that could be used to 

indicate wound healing. 

 

Qualitatively, we found that the burn-damaged skin assessed here had a different surface topography 

compared to a healthy control (Fig 4.10 and 4.11). Whilst a loss of skin surface texture in burned skin has 

been reported elsewhere (170), we did not find a significant difference in surface roughness between the 

burn wounds (either white sites or red sites) and healthy skin in the days immediately following injury (Fig 

4.12 A). It is suspected that the relatively smoothening of the skin surface roughness may be due to removal 

of the epidermal layer followed by local edema, both common features of severe acute burn injury (179). 

The reason for a lack of quantifiable changes, however, remains unclear, but is potentially due to systemic 

edema in the days following injury reducing the surface roughness of control skin and re-epithelialization 

increasing the surface roughness of burn wound sites. Combined, these medical traits might explain why 
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the visual surface topography differed, but the quantifiable surface roughness did not. During reassessment 

(imaging session #2), red sites appeared to be, visually, more comparable to that of healthy skin. Although 

these apparent observations were not quantifiable, similarly normalizing vascular features are thought to 

synergistically indicate appropriate healing. Additionally, the skin surface of the white sites was visually 

raised over the hair follicles during imaging session #2 (Fig 4.12 I – P). This phenomenon might be due to 

a suppression of edema. As swelling decreases, follicles might become more apparent as they are the largest 

structures in the skin. It is also possible that increased blood vessels around the follicles result in the follicles 

“remaining swollen” as the rest of the tissue reduces in size. In all, loss of skin texture and changes in 

surface roughness might be important indicators to evaluate burn wound conditions, but these are typically 

not easily distinguishable using normal clinical evaluation methods. OCT could be used to provide 

information regarding surface topography and roughness to assist clinicians or surgeons in closely 

monitoring burn wound.  

 

Although promising, it should be noted that there are a number of limitations within our study. First, the 

field-of-view used here was only 9 × 9 mm, meaning information could be lost if the burn wound was to 

cover an area of skin of several inches or larger. To overcome this and to include as much information as 

possible about the burn wound, we chose 2 – 4 scan sites per participant, including the zone of coagulation 

and zone of hyperemia, as directed by the attending surgeon's evaluation. Another plausible method to 

overcome such a limitation would be to combine OCT with another imaging modality with a larger field-

of-view and subsequently lower resolution, such as laser Doppler imaging, thermography, or hyperspectral 

imaging, to highlight areas of interest prior to imaging with OCT/OCTA. This would help to limit the 

shortfalls of each modality and augment their applicability and ability to provide clinically valuable 

information (167). Second, the small sample size used here has likely limited the significance of the data 

found due to potentially larger standard deviations between participants, such as the difference in surface 

roughness between the burned skin and the healthy skin. Third, our study only involved two follow-up time 

points, which may have negatively impacted the comprehensiveness of our understanding of burn wounds. 

As OCT, and OCTA in particular, is a relative newcomer to the field of dermatology (having been initially 

developed for ophthalmology), it is comparatively unknown to those we are attempting to assess with it, 

making it challenging to follow-up with burn patients. This is unfortunately a common feature for now with 

OCT and burn assessment studies (171,175,180). Our future studies will recruit more burn participants to 

perform multiple OCT/OCTA imaging sessions to help us further understand the healing process of burn 

wounds. 
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To conclude, our study has successfully demonstrated the feasibility of OCT/OCTA to image and monitor 

vascular and surface roughness progression during human burn wound healing. Continued investigations 

using the technology and parameters discussed within will help us to understand the underlying 

pathophysiological mechanism of wound healing, which could be good biological indicators to monitor 

clinical wound healing in the future clinical practice. 

 

4.3 Imaging human skin autograft integration with optical coherence tomography 
 
4.3.1 Introduction 
 

Skin autografting is a form of reconstructive surgery that involves the transfer of skin from a healthy donor 

site to a recipient site in a need of repair on the same person. It has been widely used as a treatment strategy 

to improve the quality of life for patients suffering from burn damage, trauma, or cancer (181). Skin 

autografts can be harvested as split-thickness or full-thickness grafts, of which split-thickness skin grafts 

are more frequently used for tissue coverage. A split-thickness skin graft includes epidermis and varying 

amounts of dermis, with a thickness ranging between 125 μm and 750 μm (182). With that, any visualization 

of a skin graft integrating into the recipient tissue beneath would require an imaging technique capable of 

providing cellular-level resolution and an imaging depth of at least 1 mm. Initially, a skin graft does not 

have its own blood supply and must therefore rely on the wound bed for nutrients (183). Such a process 

ensures that the viability of a skin graft during the early stages of incorporation is entirely determined by 

its integration with the blood supply of the recipient tissue beneath. Any buildup of fluid between the skin 

graft and wound bed caused by hematoma, seroma or infection could impact the ability of the recipient 

tissue's blood supply to connect with the graft resulting in an incomplete graft take or even failure. Therefore, 

a technique to reliably assess the structure and vascular perfusion of individual layers, i.e., the graft itself 

and the intermediate layer between the graft and recipient tissue, referred to here as the integration layer, 

over time would greatly facilitate our ability to identify complications early and monitor the integration 

process of the skin graft. 

 

Whilst numerous studies have been carried out to evaluate and optimize both surgical and post-operative 

practices regarding skin transplantation (184–192), little research has been conducted to develop 

appropriate techniques to objectively and accurately evaluate skin graft health post-surgery. The studies 

that have assessed graft healing were typically invasive or employed the use of animal models 

(186,189,192), or measured superficial parameters, such as graft contraction (190), and re-epithelialization 

(191). Notwithstanding the considerable improvements in the availability and applicability of modern non-
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invasive imaging technologies (167), the authors are unaware of any studies carried out to apply these 

technologies to human skin graft subsurface imaging and assessment. 

 

In a clinical setting, graft health is typically assessed via visual inspection by health providers (193). In the 

event of graft failure or incomplete integration, the extraction of biopsies is currently thought to be the only 

accurate method available to determine the cause of failure. This is not ideal, however, as biopsies cause 

further tissue damage, can be time consuming, increase the risk of infection, and may introduce inaccurate 

results if the wrong site is chosen for assessment. Moreover, repeated biopsies could result in a complication 

of scarring. The need for a non-invasive imaging modality that could aid in monitoring graft health is ever-

present. For that reason, we have employed here the use of a non-invasive imaging modality capably of 

assessing both vascular and structural features of the skin to monitor graft health over time. 

 

OCTA distinguishes blood vessels from the surrounding static tissue by measuring OCT signal differences 

at the same location over multiple time points in quick succession. Blood vessels become distinct because 

the OCT signal derived from blood flow varies over time, while the OCT signal backscattered from the 

surrounding static tissue remains almost unchanged (35). Additionally, advances in the development of 

algorithms, such as attenuation correction, segmentation, en face mapping, thickness measurement, and 

vascular measurement, allow for the imaging and analyzing of structural and vascular features in individual 

layers both qualitatively and quantitatively. 

 

In this study, we aimed to explore the potential of applying OCT/OCTA to visualize and monitor the healing 

and integration of skin autografts. To do this, we used a prototype OCT imaging system capable of 

extracting OCTA information to visualize and analyze the vascular (via OCTA-derived blood vessel 

mapping) and structural (via OCT-derived attenuation correction mapping) features of the graft itself and 

the corresponding integration layer beneath. 

 

4.3.2 Methods 
 

Subject Volunteers 

Two patients (denoted as patient #1 and patient #2) who underwent split-thickness skin graft surgery 

following severe burn damage to the skin were recruited, consented, and scanned at two separate time points 

post-operatively. Both patients had 250 µm-thick autologous grafts excised from the upper thigh and 

transplanted to the dorsum (patient #1) or ventrum (patient #2) of the right forearm. Both patients received 

sheet grafts (not meshed). Patient #1 was scanned at 7- and 16-days post-surgery, and patient #2 was 
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scanned at 6- and 14-days post-surgery. Multiple scan sites, i.e., 3 – 4, were chosen for each patient. For 

comparative purposes, patient #1 had adjacent burn site and control site scans (contralesional forearm) 

carried out in addition to three graft site scans. Patient #2 had only three graft scans carried out. The use of 

OCT laboratory equipment on human subjects was reviewed and approved by the Institutional Review 

Board of the University of Washington. 

 

OCT Imaging System 

The system setup was the same as section 4.2.2.  
 

 

 

 

 
Fig 4.13 Images showing the prototype OCT system alongside a schematic of data processing. 
(A) The prototype OCT system capable of OCTA data acquisition. (B) Original structural cross-section B-frame images. (C) 
Attenuation correction cross-section B-frame images. (D) 3D structure image. Red lines highlight graft layer boundaries (graft 
layer further highlighted with a red arrow) and green lines highlight integration layer boundaries (integration layer further 
highlighted with a green arrow). Layer segmentation was carried out using these lines. (E) Vascular cross-section B-frame 
images. (F) Original en face projection of 3D blood vessels. (G) Binarized vascular image used for the quantification of vascular 
area density. (H) Skeletonized vascular image used for the quantification of vascular diameter. 

 
Imaging Protocol 

Briefly, 3D OCT scans were acquired with a field of view of 9 × 9 mm, a penetration depth of ~1.5 mm 

and lateral resolution of ~10 µm using 800 A-lines to produce a single B-frame, and 800 B-frame locations 

with 4 repeated B-frames in each, to produce a single volumetric C-scan. Each of the 4 repeated, single-

location B-frames were then registered into one using optical microangiography (OMAG) to extrapolate 

OCTA information, i.e., blood flow information. OCT and OCTA provided structural and vascular 

information, respectively (Figs 4.13 B, E).  
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Attenuation Correction Mapping  

The contrast between the graft and integration layer is low in the OCT images because the intensity of OCT 

light is exponentially attenuated along its path as the light beam propagates through the skin due to the 

scattering and absorption of said light. To enhance the contrast between the graft layer and integration layer 

in the OCT image, so as to facilitate the segmentation algorithm for accurately separating adjacent layers, 

we applied an attenuation correction algorithm to the structural images. According to Vermeer et al. (36), 

the OCT signals compensated with attenuation correction at each pixel,	𝜇(𝑖)  can be expressed as: 

 

𝜇[𝑖] ≈
𝐼[𝑖]

2∆∑ 𝐼[𝑖]8
:69

 

 

Where 𝐼(𝑖)	refers to the OCT signal at the	𝑖 -th pixel along the depth, ∆ is the pixel size, and N is the last 

pixel of the A-line. It is assumed that most light is already completely attenuated at the end of each A-line. 

 

In order to further improve the contrast of the image, we applied exponentiation before attenuation 

compensation, and each pixel intensity is converted as: 

 

𝑈BCCD",E%%[𝑖] =
𝐼)[𝑖]

2∑ 𝐼)[𝑖]8
:69

 

 

Where 𝑈BCCD",E%%  is the signal corrected by exponentiation and attenuation compensation (38). This 

approach improves the ability to detect the boundaries between adjacent layers (Fig 4.13 C), which aids us 

in segmentation. 

 

Image Segmentation 

As mentioned above, assessing the structure and vasculature of the graft and integration layers 

independently plays a critical role in identifying complications early and evaluating the integration of said 

skin graft. To visualize the individual layer's features independently, we segmented the 3D attenuation 

correction images into separate graft and integration layers.  Each layer was acquired by semi-automatically 

outlining the layer boundaries within the attenuation correction B-frame images of each volumetric C-scan  

(Fig 4.13 D). The same segmentation information was then applied to vascular imaging volumes; that is, 

the vascular imaging volumes were also segmented at these depths (Fig 4.13 E). 
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En face Mapping of Layer Thickness and Vessel Measures 

For convenient visualization and further quantification, en face images were generated based on segmented 

volumes. An en face thickness map was obtained by calculating the depth separation between the upper and 

lower boundaries of each layer (i.e. graft layer and integration layer) at each A-line. A color-code was 

subsequently applied to represent a thickness range of 0 – 500 µm. The processed OCTA volumetric data 

was collapsed into a two-dimensional (2D) map with a maximum intensity projection (MIP), where the 

highest intensity along the depth was chosen for each A-line, allowing for the generation of a 2D map, 

termed as en face map (Fig 4.13 F). Where applicable, color codes were applied to en face-projected 

vasculature to represent a vessel depth ranging from 0 – 1 mm. 

 

Quantification of Layer Thickness, and Vascular Area Density and Diameter 

To demonstrate the potential of OCT to assess post-operative recovery of skin grafting objectively, we 

measured multiple layer thicknesses, as well as vascular area density and diameter values from both the 

graft and corresponding integration layer of both patients at both time points. Mean thickness measurements 

were taken from each layer (i.e., graft layer and integration layer) based on the segmentation information. 

Measurements of vascular area density and vascular diameter were performed on each layer using en face 

images with a procedure developed in previous studies(153,194), where vascular area density refers to the 

percentage of vascular area in OCTA images.  To calculate vascular area density, the en face vascular map 

was processed into a binary image (Fig 4.13 G) by carrying out global thresholding and applying a hessian 

filter and adaptive thresholding. A skeletonized vascular image (Fig 4.13 H) was then generated from the 

binary image, in which each blood vessel, ignoring its diameter, was shown as a single-pixel line. The 

length of the blood vessels was then extracted from the skeletonized image, which allowed us to calculate 

the average vascular diameter by dividing total vascular area by total vascular length. 

 

Statistical Analysis 

Three measurements of each layer thickness, vascular area density and diameter were averaged and 

presented as mean ± standard deviation. Two imaging sessions were compared using two sample t-tests. 

Statistical significance is represented at two levels: * P ≤ 0.05, and ** P ≤ 0.01.  

 

4.3.3 Results 
 

Presented here are the OCT- and OCTA-derived features observed over time as the grafted autologous skin 

tissue integrated with the severely burn-damaged skin tissue beneath. Fig 4.14 shows the vascular (through 

en face vessel maps) changes that occurred within and immediately below the graft over the dorsum of the 
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right forearm of patient #1. Fig 4.14 A and F shows the grafted forearm at 7- and 16- days post-surgery, 

respectively, with approximate scan locations and dividing graft borderline highlighted. For comparative 

purposes, multiple OCT scans were taken of the graft, adjacent burn and equivalent healthy sites 

(contralesional forearm). Fig 4.14 D alongside a magnified inset, Fig 4.14 E, shows that the control site has 

a homogenous vascular morphology, density, and distribution. Comparatively, Fig 4.14 I and J (a burn site 

adjacent to the graft) show that the burn-damaged skin has extremely high vascular area density, even at 

23-days post-burn, making it difficult to identify individual vessel morphology. Comparatively again, Fig 

4.14 B and C show that the vasculature of the graft just 7-days post-surgery already with a morphology and 

distribution more akin to that of the normal control (Fig 4.14 D and E), albeit with fewer superficial blood 

vessels (shown as green vessels in Fig 4.14). Fig 4.14 G alongside a magnified inset, Fig 4.14 H, shows the 

vasculature of the graft 16-days post-surgery, where the vasculature appears even more reminiscent of the 

normal control compared to the first imaging session.  

 

 
Fig 4.14 En face OCTA imaging of patient #1. 
(A, F) showing photographs of the grafted forearm 7-days and 16-days post-surgery, respectively. Highlighted are approximate 
scan sites (red perforated boxes) labeled G1, G2, G3 and B1.  G1 – G3 refer to three graft sites, and B1 refers to a burn site 
adjacent to the graft. The graft boundary is also highlighted (yellow perforated line). (B, C) demonstrating the graft vasculature 7-
days post-surgery from scan site G2. (D, E) showing the vasculature of the normal skin (contralesional forearm) on the same 
patient. (G, H) showing the graft vasculature 16-days post-surgery from scan site G2. (I, J) showing the vasculature of a burn site 
adjacent to the graft 23-days after the initially burn injury from scan site B1. (C, E, H, J) Magnified images of the regions 
highlighted in the dashed rectangles shown in (B, D, G, I). All en face images are maximum intensity projected. Color bar 
represents vessel depth. Scale bar represents 1 mm. 

 
Fig 4.15 shows the representative cross-sectional B-frames of the tissue structure (after attenuation 

correction processing) at the position indicated by the white dashed lines in Fig 4.14 In these images, the 

epidermal–dermal junction and adjacent layer boundaries are clearly observed. The yellow dashed line 

highlights the epidermal–dermal junction. The red dashed line highlights the lower boundary of the graft 

layer and the upper boundary of the integration layer. The green dashed line highlights the lower boundary 
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of the integration layer and the upper boundary of the recipient tissue. Fig 4.15 B shows the normal control 

with a smooth and consistent structure. In contrast, Fig 4.15 D shows the burn-damaged skin structure with 

a rough epidermis. Fig 4.15 A demonstrates that the epidermis of the graft tissue is significantly thicker 

than that of the normal control site with the integration layer also being clearly visible beneath. Fig 4.15 C 

shows that over time, the epidermal thickness returned to a level closer to that of the normal control, as 

evidenced when comparing the second imaging session to the first. Additionally, the integration layer in 

the second imaging session is also thinner and less pronounced compared to the first imaging session.  

 

 
Fig 4.15 Representative cross-sectional B-frames of OCT structure (after attenuation correction processing). 
Shown are the B-frames acquired at the site indicated by the white dashed lines in Fig 4.2 (A, C, E, G). (A) shows the graft 7-
days post-surgery. (B) shows the normal skin (contralesional forearm) on the same patient. (C) shows the graft 16-days post-
surgery. (D) shows a burn site adjacent to the graft 23-days after the initial burn injury. Yellow dashed lines highlight the 
epidermal–dermal junction. Red dashed lines highlight the boundary between graft layer and the integration layer. Green dashed 
lines highlight the boundary between the integration layer and the recipient tissue. Scale bar represents 1 mm. E, epidermis; D, 
dermis; G, graft layer; and I, integration layer. 

 
Shown in Fig 4.16 are the same graft scans presented in Fig 4.14 and Fig 4.15 only segmented into two 

distinct layers, i.e. the graft layer and integration layer, to separately demonstrate the vasculature and 

thickness maps of each layer. For patient #1, it appears that the vascular distributions in both the graft and 

integration layer were more homogeneous in the second imaging session compared to the first. Additionally, 

the graft and integration layers both seemed to have thinned between the first and second imaging session. 
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Fig 4.16 En face projected blood vessel and layer thickness maps from patient #1 spanning two imaging sessions. 
(A, C, E, G) En face projected vasculature maps derived from the graft and integration layers, respectively. (B, D, F, H) 
Thickness maps derived from the graft and integration layers, respectively. All en face blood vessel images are maximum 
intensity projected. Color bar presents a depth range of 0 – 0.5 mm. Scale bar represents 1 mm. 

 
Fig 4.17 shows the vascular (through en face vessel maps) and structural (through representative cross-

sectional B-frames of attenuation correction maps) changes that occurred within and immediately below 

the graft over the ventrum of the right forearm of patient #2. Fig 4.17 A and E shows the grafted forearm 

at 6- and 14-days post-surgery, respectively, with approximate scan locations highlighted. Fig 4.17 B 

alongside a magnified inset, Fig 4.17 C, shows the grafted skin 6-days post-surgery with a sparse density 

of blood vessels. Clearly visible is a gap between the graft tissue and recipient tissue in the cross-sectional 

B-frames (Fig 4.17 D). Fig 4.17 F and G shows that the distribution of blood flow 14-days post-surgery is 

more homogenous compared to the blood flow of 6-days post-surgery. Fig 4.17 H shows that the integration 

layer is now significantly less obvious in the second imaging session compared to the first. Moreover, Fig 

4.17 F presents dark vessel-like structures which are highlighted by the yellow arrow.   
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Fig 4.17 En face OCTA images and structural (after attenuation correction processing) cross-sectional B-frames from patient #2. 
(A, E) showing photographs of the grafted forearm 6-days and 14-days post-surgery, respectively. Highlighted are three scan 
sites (red perforated boxes) labeled G1, G2, G3.  G1 – G3 refer to three graft sites. (B, C, D) showing the graft 6-days post-
surgery from scan site G2. (F, G, H) showing the graft 14-days post-surgery from scan site G2.  (B, C, F, G)  En face projected 
blood vessel maps with color coded vessel depth. (C, G) Magnified images of the regions highlighted in the dashed rectangles in 
(B, F). (D, H) Representative cross-sectional B-frames of OCT structure corresponding to the white dashed line in (B, F). All en 
face images are maximum intensity projected. Color bar represents vessel depth. Scale bar represents 1 mm. 

Shown in Fig 4.18 are the same graft scans presented in Fig 4.17 segmented into two layers, i.e. the graft 

and integration layers, to separately demonstrate the vasculature and thickness maps of each layer. For 

patient #2, blood vessels were denser in the second imaging session compared to the first for both the graft 

and integration layers. However, neither the graft nor the integration layer appeared to have changed 

significantly in terms of thickness between the first and second imaging sessions. 
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Fig 4.18 En face projected blood vessel and layer thickness maps of patient #2 spanning two imaging sessions. 
(A, C, E, G) En face projected blood vessel maps derived from the graft and integration layers, respectively. (B, D, F, H) 
Thickness maps are derived from the graft and integration layers, respectively. All en face blood vessel images are maximum 
intensity projected. Color bar presents a depth range of 0 – 0.5 mm. Scale bar represents 1 mm. 

 

Table 4.3 shows the detailed quantification results of layer thickness measurements, and vascular area 

density and diameter measurements from both patients at both time points. Integration layer thickness at 

the second time point was significantly less than that of the first time point with patient #1 (P = 0.0047). 

Significant growth can be seen for both graft vascular area density (P = 0.042) as well as integration layer 

vascular area density (P= 0.0052) between both imaging sessions for patient #2. Vascular diameter within 

the integration layer of patient #2 also increased significantly between the first and second imaging sessions 

(P = 0.042).  

 

Table 4.3 Quantitative analysis of layer thickness and vascular parameter measurements. 

Groups Session #1 (N=3) Session #2 (N=3) P value   
Mean ± SD Mean ± SD 

 

Patient #1 Graft Layer Thickness(μm) 364.5 ± 38.6 335.0 ± 42.5 0.64  
Integration Layer Thickness(μm) 235.5 ± 17.9 114.8 ± 11.4 0.0047**  
Graft Layer Vessel Area Density 0.36 ± 0.017 0.37 ± 0.027 0.79  
Integration Layer Vessel Area Density 0.29 ± 0.0054 0.35± 0.044 0.29  
Graft Layer Vascular Diameter(μm) 37.0 ± 2.5 37.3 ± 1.3 0.94  
Integration Layer Vascular Diameter(μm) 35.4 ± 1.6 39.7± 2.1 0.20      

Patient #2 Graft Layer Thickness(μm) 285.1 ± 41.2 311.3 ± 20.4 0.61  
Integration Layer Thickness(μm) 72.5 ± 13.9 104.4 ± 19.1 0.25  
Graft Layer Vessel Area Density 0.30 ± 0.011 0.35 ± 0.011 0.042*  
Integration Layer Vessel Area Density 0.28 ± 0.0079 0.35 ± 0.0078 0.0052**  
Graft Layer Vascular Diameter(μm) 31.4 ± 1.9 36.1 ± 1.3 0.11  
Integration Layer Vascular Diameter(μm) 30.5 ± 2.6 39.1 ± 1.3 0.042* 

P values were obtained by two sample t-tests 
   

 

4.3.4 Discussion and conclusions 
 
Skin autografting has been clinically used worldwide as a treatment strategy for numerous conditions 

including burns, soft tissue wounds, and cancer. However, there is still a failure rate of 10-30% (195). Few 

studies have been conducted to monitor the wound healing, integration and maturation process of a skin 

graft. Therefore, the need for an accurate, non-invasive imaging tool to evaluate graft health and integration 

remains. To the best of our knowledge, the work presented in this study demonstrates for the very first time 

the ability of OCT and OCTA to image and monitor the health and integration of autologous human skin 
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grafts following split thickness skin graft surgery. Two patients were imaged separately post-surgery at two 

time points. Alterations to the graft tissue itself and the tissue immediately beneath the graft tissue, referred 

to here as the integration layer, were monitored through the vascular (via blood vessel mapping) and 

structural (via attenuation correction mapping) features of both tissue layers. 

 

The importance of graft revascularization for graft survival has been noted previously (196); accordingly, 

we aimed to utilize a non-invasive imaging modality capable of assessing skin features for evaluating graft 

health. As mentioned above, OCTA detects functional blood vessels by identifying differences between 

moving particles in the blood, i.e., red blood cells, and the surrounding static tissue. That is, OCTA would 

not detect the flow if there were no blood flow in the blood vessels or the blood flow is too slow that is 

below its detection limit (typically less than ~ 10 µm/s). A skin graft initially does not have its own blood 

supply; therefore, theoretically we should not observe any blood flow immediately after surgery. Blood 

flow was observed in the graft and integration layers from both patients at the first imaging session, which 

indicates that patient #1 and patient #2 had realized revascularization 7- and 6-days post-surgery, 

respectively. This is consistent with the theory that revascularization takes 3 – 7 days after surgery. This 

also proves the ability of OCT/OCTA to evaluate revascularization of a skin graft. There are two main 

hypotheses regarding the processes of the revascularization: 1) that graft vessels link to the existing wound 

tissue bed directly; and 2) that new vessels grow into the graft from the wound bed beneath, i.e. angiogenesis 

(197). With the exact mechanism behind skin graft revascularization not yet being fully understood, 

OCT/OCTA could become an important tool to explore the mechanisms and dynamics of early vessel 

transformation. In addition, significant growth was observed both in graft vascular area density (P = 0.042) 

and integration layer vascular area density (P= 0.0052) between the two imaging points from patient #2, 

indicating further revascularization of skin grafts over time. Visually, epidermal thickening, a common 

feature of a graft with edema (198), was evident in patient #1 as seen in the graft cross-sectional B-frame 

images (Fig 4.15 A), which partially subsided later (Fig 4.15 C). The edema is thought to result from 

lymphatic dysfunction (199) and inflammation. Lymphangiogenesis later contributes to the edema 

reduction (196). Dark vessel-like structures were visualized during the second imaging session for patient 

#2 (Fig 4.17 H). Patient #1 too showed dark-vessel structures in both the graft layer and integration layer 

during the second imaging session, but for patient #1, these structures were not as evident as patient #2. 

These structures are thought to be lymphatic vessels, because lymph fluid is almost transparent, allowing 

lymphatic vessels to appear as dark regions (low scattering intensity) with vessel-like shapes in the OCT 

images. In this way, OCT may be used to provide evidence of lymphangiogenesis in terms of direct 

structural images and edema reduction. 
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Whilst both patients imaged offered an informative glimpse into the vascular and structural features of 

integrating graft tissue that could potentially allow a clinician or researcher to monitor the various stages 

of healing, an additional observation is unveiled when we compared data derived from patient #1 with those 

derived from patient #2. Taking both time points into account, patient #1 had thicker epidermis that lead 

authors to believe that edema was still present 7-days post-surgery, which then partially subsided 16-days 

post-surgery. Epidermal thickness for patient #2, however, was notably more stable 6-days post-surgery, as 

evidenced by the similar measures taken 14-days post-surgery. For patient #1, the thickness of the 

integration layer was significantly (~50%) reduced in the second imaging session compared to the first 

(P=0.0047), whilst patient #2 did not due to an already thinned integration layer during first time imaging 

session. This may be due to several complications that arose in the days initially following surgery for 

patient #1, which may mean additional blebbing was required: thus, maintaining patient #1 in an inflamed 

condition for longer than patient #2. This additional observation highlights the advantages of using non-

invasive imaging technology over other invasive modalities; in that, repeated measures can be conducted 

more easily over time without interfering with the healing process. This allows for a more in-depth 

assessment of healing. 

 

Overall, these data, although limited, do offer an insight into the vascular and structural features observable 

via OCT and OCTA that may be useful to a clinician in establishing the integration and maturation progress 

of grafted skin in the days and weeks following surgery. Additionally, from a clinical standpoint, the 

potential applications for OCT and OCTA in graft imaging are vast.  OCTA, for example, could not only 

be used to monitor graft integration but to also evaluate donor site vascularity prior to excision and aid with 

predicting graft survivability. OCTA also shows its potential in evaluating wound healing in burn site. For 

example, we suspect the vessels shown in Fig 4.17 J are fenestrated vessels surrounding a hair follicle 

providing the necessary nutrients to accommodate re-epithelialization. This could be argued as a marker 

for skin healing if identified early enough as this would be a subsurface feature that would predate visible 

surface healing. The limited number of other non-invasive methods described in the literature (191) are 

restricted to assessing specific features of the graft alone and cannot assess donor site, integration layer, 

wound bed tissue, or incomplete graft take. Even from a pre-clinical standpoint, OCT and OCTA can be 

employed for the assessment of grafting practices and engineered skin tissue substitutes – a growing area 

of research. Polarization-sensitive OCT (PS-OCT), which is sensitive enough to detect different dermal 

layers as well as anisotropic biological structures, e.g., collagen -- an important dermis component, and its 

restoration during wound healing process, would further enhance the use of OCT in skin autograft studies. 
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Several limitations in this study need to be acknowledged. Firstly, the field of view in this study is limited 

to 9 × 9 mm, which results in the loss of information outside the field of view. To minimize this bias, we 

scanned three typical graft sites of each patient instead of a single random graft site. To further address this 

issue in future studies, some wide field of view technologies, such as laser speckle contrast imaging, could 

be carried out to guide OCT imaging of the graft sites of interest. Note that the increased scanning speed 

will provide a larger field of view for the future OCT imaging.  Secondly, our study is limited by small 

samples. It is worthwhile to mention that this study aims to explore the potential of applying OCT/OCTA 

to visualize and monitor the healing and integration of skin autografts, rather than to prove novel medical 

discoveries. Certainly, to fully understand skin graft in OCT imaging, large-scale clinical research needs to 

be conducted in the future. 

 

In summary, OCT/OCTA in this study has shown its potential to image and measure numerous features of 

human skin graft health and integration in the days and weeks following split-thickness surgery. For the 

first time, we demonstrate the applicability of non-invasive OCT/OCTA imaging technology for novel 

clinical uses that could aid in the betterment of surgical practices and clinical outcomes in the future. 

5 Summary And Future Work 
 
In this dissertation, I explored the diverse clinical applications of OCT in both ophthalmology and 

dermatology. This dissertation also included novel algorithms and methods aimed at effectively segmenting 

epidermal thickness, calcified drusen, and outer retinal layers on OCT imaging.  

 

The opening chapter serves as an introduction to OCT technology, laying the foundation for the ensuing 

chapters. In Chapter 2, a comprehensive exploration into novel algorithms and methods developed for OCT 

imaging takes center stage. Initially, we presented a straightforward yet highly effective approach for 

estimating the optical attenuation coefficient (OAC) from OCT images. OAC not only enhanced OCT 

imaging contrast but also works as a valuable physical parameter for assessing tissue characteristics since 

alterations in tissue morphology and content can impact OAC. Building on this, we leveraged the OAC to 

enhance OCT imaging contrast, leading to the development of algorithms for the more precise and efficient 

segmentation of epidermal thickness, retinal pigment epithelium (RPE), and calcified drusen. Ultimately, 

we introduce TransUnet, an innovative deep learning-based method developed to accurately segment the 

outer retinal layer. Through this progressive exploration of OCT technology and advanced algorithms, our 

research significantly improved imaging segmentation and analysis in OCT applications. In this chapter,  
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Building on this foundation, Chapter 3 showcased the remarkable capabilities and potentials of OCT in 

clinical ophthalmology. Firstly, we investigated the symmetry of interocular choroidal thickness and 

vascularity index measurements in normal eyes using SS-OCT and found that choroidal differences existed 

between normal fellow eyes in adults in the absence of obvious pathology. This study is useful in assisting 

clinicians and researchers in distinguishing asymmetric changes that are to be expected in normal eyes 

versus changes that could be associated with diseases. Secondly, to investigate whether the outer retinal 

layer (ORL) thickness could serve as a useful biomarker for predicting the progression of AMD, we 

examined variations in ORL thickness among different stages of AMD, including 80 normal eyes, 30 eyes 

with intermediate AMD displaying reticular pseudodrusen only, 49 eyes with intermediate AMD displaying 

soft drusen only, and 40 eyes with late AMD accompanied by geographic atrophy (GA). Significant 

differences in ORL thickness measurements were found among different AMD stages, indicating the 

potential of ORL thickness as an independent biomarker for predicting AMD progression. 

 

Lastly, in Chapter 4, I discussed the clinical applications of OCT for dermatology. Firstly, we integrated 

pressure sensors with handheld probe to facilitate imaging of micro vasculature. OCT and OCTA have been 

increasingly applied in skin imaging applications in dermatology, where the imaging is often performed 

with the OCT probe in contact with the skin surface. However, this contact mode imaging can introduce 

uncontrollable mechanical stress applied to the skin, inevitably complicating the interpretation of 

OCT/OCTA imaging results. There remains a need for a strategy for assessing local pressure applied on 

the skin during imaging acquisition. This study reports a handheld scanning probe integrated with built-in 

pressure sensors, allowing the operator to control the mechanical stress applied to the skin in real-time. 

With real time feedback information, the operator can easily determine whether the pressure applied to the 

skin would affect the imaging quality so as to obtain repeatable and reliable OCTA images for a more 

accurate investigation of skin conditions. Secondly, we imaged seven patients with severe burn wounds 

using an in-house-built, clinical-prototype OCT system. En face vascular and surface topography maps 

demonstrated numerous morphological changes over both imaging sessions associated with burn injury, 

such as altered blood flow and loss of regular texture. Variations in vascular area density and roughness 

measurements within the burn wounds revealed by OCT offer some key insights into the underlying 

pathophysiological mechanisms responsible for wound healing, which may become critical biological 

indicators in future clinical evaluation and monitoring of wound healing. Thirdly, to demonstrate the 

potential of OCT alongside OCTA to non-invasively image and monitor human skin graft health and 

integration over time, two patients (patient #1 and #2) who underwent split-thickness skin graft surgery 

following severe burn damage to the skin were enrolled for this preliminary study. Vascular and structural 

features were successfully imaged and measured in the graft tissue and integration layer immediately 
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beneath at different time points. Revascularization, healing, and integration were monitored with patient-

specific details. This preliminary study shows that OCT/OCTA has clinical potential to image and measure 

numerous features of human skin graft health and integration in the days and weeks following split-

thickness surgery.  

 

A portion of this dissertation has been featured in the selected journal papers listed below, with detailed 

contributions summarized at the conclusion of each respective paper. 

 

*: Equally Contributed Authors. 

[1] Assessing Age-related Macular Degeneration (AMD) Progression through Automated Segmentation 

of the Outer Retinal Layer using Deep Learning (Under review) 

Jie Lu, Jinpeng Liao, Yuxuan Cheng, Farhan E. Hiya, Mengxi Shen, Gissel Herrera, Qinqin Zhang, 

Giovanni Gregori, Philip J. Rosenfeld, Ruikang K. Wang 

Jie Lu’s contribution: Research Design, Data Analysis and Interpretation, Writing and Editing 

 

[2] Automated segmentation and quantification of calcified drusen in 3D swept source OCT imaging 

Jie Lu, Yuxuan Cheng, Jianqing Li, Ziyu Liu, Mengxi Shen, Qinqin Zhang, Jeremy Liu, Gissel Herrera, 

Farhan E Hiya, Rosalyn Morin, Joan Joseph, Giovanni Gregori, Philip J Rosenfeld, Ruikang K Wang in 

Biomedical Optics Express, Feb 2023. 

Jie Lu’s contribution: Research Design, Data Analysis and Interpretation, Writing and Editing 

 

[3] The DERMIS Study: Evaluation of Insulin Pump Infusion Sites in Type 1 Diabetes 

Andrea Kalus, Michi M Shinohara, Ruikang Wang, Jesica D Baran, Xiaofu Dong, Dori Khakpour,  

Jie Lu, Irl B Hirsch, in Available at SSRN 4345818, Feb 2023. 

Jie Lu’s contribution: Data collection, Analysis and Interpretation 

 

[4] Integrating a pressure sensor with an OCT handheld probe to facilitate imaging of microvascular 

information in skin tissue beds. 

Yaping Shi*, Jie Lu*, Nhan Le, and Ruikang Wang in Biomedical Optics Express, Nov 2022.  

Jie Lu’s contribution: Research Design, Data Analysis and Interpretation, Writing and Editing 

 

[5] Semisupervised representative learning for measuring epidermal thickness in human subjects in 

optical coherence tomography by leveraging datasets from rodent models  
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Yubo Ji, Shufan Yang, Kanheng Zhou, Jie Lu, Ruikang Wang, Holly R Rocliffe, Antonella Pellicoro, 

Jenna L Cash, Chunhui Li, Zhihong Huang in Journal of Biomedical 

Optics, Aug 2022. 

Jie Lu’s contribution: Data Collection 

 

[6] Local axis orientation mapped by polarization sensitive optical coherence tomography provides a 

unique contrast to identify caries lesions in enamel 

Peijun Tang, Nhan Le, Jie Lu, Kwok-Hung Chung, Hrebesh Subhash, LaTonya Kilpatrick Liverman, and 

Ruikang K. Wang, in Biomedical Optics Express, Jul 2022. 

Jie Lu’s contribution: Data Collection and analysis 

 

[7] A novel deep learning method for choroidal-scleral junction segmentation 

Homayoun Bagherinia, Lars Omlor, Luis De Sisternes, Hao Zhou, Jie Lu, Yingying Shi, Philip J 

Rosenfeld, Ruikang K Wang, in Investigative Ophthalmology and Visual 

Science, Jun 2022. 

Jie Lu’s contribution: Data annotation 

 

[8] Mitigating the effects of choroidal hyper-and hypo-transmission defects on choroidal vascularity index 

assessments using optical coherence tomography 

Hao Zhou, Jie Lu, Kelly Chen, Yingying Shi, Giovanni Gregori, Philip J Rosenfeld, Ruikang K Wang, in 

Quantitative imaging in medicine and surgery, May 2022. 

Jie Lu’s contribution: Data Analysis and Interpretation 

 

[9] Intraoral optical coherence tomography and angiography combined with autofluorescence for dental 

assessment 

Nhan Le*, Jie Lu*, Peijun Tang, Kwok-Hung Chung, Hrebesh Subhash, LaTonya Kilpatrick- Liverman, 

Ruikang K Wang, in Biomedical Optics Express, May 2022.  

Jie Lu’s contribution: Research Design, Writing and Editing 

 

[10] Interocular asymmetry of choroidal thickness and vascularity index measurements in normal eyes 

assessed by swept-source optical coherence tomography 

Jie Lu, Hao Zhou, Yingying Shi, James Choe, Mengxi Shen, Liang Wang, Kelly Chen, Qinqin Zhang, 

William J Feuer, Giovanni Gregori, Philip J Rosenfeld, Ruikang K Wang, in Quantitative imaging in 

medicine and surgery, Jan 2022. 
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Jie Lu’s contribution: Research Design, Data Analysis and Interpretation, Writing and Editing 

 

[11] Analyzing automated OCT choroid thickness measurements 

Luis De Sisternes, Homayoun Bagherinia, Hao Zhou, Jie Lu, Warren Lewis, Sophie Kubach, Yingying 

Shi, Philip J Rosenfeld, Ruikang Wang, Mary Kathryn Durbin in Investigative ophthalmology and visual 

science, Aug 2021. 

Jie Lu’s contribution: Data annotation 

 

[12] Accurate measurement of choroidal vascularity index in eyes with hyper/hypo transmission defects 

using SS-OCT 

Luis De Sisternes, Homayoun Bagherinia, Hao Zhou, Jie Lu, Warren Lewis, Sophie Kubach, Yingying 

Shi, Philip J Rosenfeld, Ruikang Wang, Mary Kathryn Durbin in Investigative Ophthalmology and Visual 

Science, Aug 2021. 

Jie Lu’s contribution: Data analysis 

 

[13] OCT-Based Angiography and Surface Topography in Burn-Damaged Skin 

Jie Lu, Anthony J Deegan, Yuxuan Cheng, Samuel P Mandell, Ruikang K Wang, in Lasers in Surgery 

and Medicine, Aug 2021. 

Jie Lu’s contribution: Research Design, Data Analysis and Interpretation, Writing and Editing 

 

[14] Accurate measurement of choroidal vascularity index in eyes with hyper/hypo transmission 

defects using SS-OCT 

Hao Zhou, Jie Lu, Kelly Chen, Yingying Shi, Giovanni Gregori, Philip J Rosenfeld, Ruikang Wang, in 

Investigative Ophthalmology and Visual Science, Aug 2021. 

Jie Lu’s contribution: Data Analysis  

 

[15] Application of OCT-Derived Attenuation Coefficient in Acute Burn-Damaged Skin (Editor’s 

Choice) 

Jie Lu, Anthony J Deegan, Yuxuan Cheng, Teng Liu, Yujiao Zheng, Samuel P Mandell, Ruikang K 

Wang in Lasers in Surgery and Medicine, May 2021. 

Jie Lu’s contribution: Research Design, Data Analysis and Interpretation, Writing and Editing 

 

[16] Imaging human skin autograft integration with optical coherence tomography 
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Anthony J Deegan*, Jie Lu*, Rajendra Sharma, Samuel P Mandell, Ruikang K Wang in Quantitative 

Imaging in Medicine and Surgery, Feb 2021.  

Jie Lu’s contribution: Research Design, Data Analysis and Interpretation, Writing and Editing 

 

The above studies have significantly demonstrated the capability of OCT in ophthalmology and burn wound 

healing. Several further improvements are worth exploring. First, the initial study focused on integrating a 

pressure sensor with an OCT handheld probe to investigate its impact solely on OCTA imaging. It is widely 

acknowledged that compressing a sample lead to increased scattering, attributed to the gradient of the 

refractive index shrinking between scatters along the axial dimensions. The OCT signal effectively captures 

the pressure-enhanced scattering, consequently affecting the measurements of OAC. By employing the 

pressure sensor's guidance, OAC can be analyzed and compared at various pressure levels, thereby enabling 

the elimination of potential complications arising from the contact effect during result interpretation. 

Consequently, this approach enhances the accuracy of the OAC results obtained. Second, the study focusing 

on ORL thickness did not encompass the measurement of other important biomarkers associated with AMD, 

such as choroid capillary flow deficit, calcified drusen, and hyperreflective foci. In future research, 

exploring these additional biomarkers alongside changes in ORL thickness would be intriguing. Such 

investigation would allow us to ascertain the predictive capabilities of these risk factors in anticipating 

AMD progression, whether utilizing combined biomarkers or individual ones. Establishing these 

relationships could lead to valuable insights into the early detection and management of AMD. Third, for 

calcified drusen segmentation, the current development was based on SS-OCT imaging, and it is unknown 

if the proposed method can be applied to SD-OCT datasets since SD-OCT has a worse sensitivity roll-off 

along the depth and higher optical scattering property of the RPE complex compared with SS-OCT. In this 

case, the use of the hypoTD information in the sub-choroid slab, even in the subRPE slab, could be 

problematic. For the development of an algorithm that would also be applicable to the SD-OCT imaging, 

we plan to combine traditional computer vison with deep learning methods in the future effort. 
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