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Abstract 

Optical coherence tomography (OCT) is an imaging technique that forms 2D or 3D images of tissue structures 

with micron-level resolution. Today, OCT systems are widely used in medicine, especially in the fields of 

ophthalmology, interventional cardiology, oncology, and dermatology. Although OCT images provide insightful 

structural information of tissues, these images are not specific to the chemical composition of the tissue. Yet, chemical 

tissue composition is frequently relevant to the stage of a disease (e.g., atherosclerosis), leading to poor diagnostic 

performance of structural OCT images. 

Photo-thermal optical coherence tomography (PT-OCT) is a functional extension of OCT with the potential to 

overcome this shortcoming by overlaying the 3D structural images of OCT with depth-resolved light absorption 

information. Potentially, signal analysis of the light absorption maps can be used to obtain refined insight into the 

chemical composition of tissue. Such analysis, however, is complex because the underlying physics of PT-OCT is 

multifactorial. Aside from tissue chemical composition, the optical, thermal, and mechanical properties of tissue affect 

PT-OCT signals; system/instrumentation parameters also influence PT-OCT signals. As such, obtaining refined 

insight into tissue chemical composition requires in-depth research aimed at answering several key unknowns and 

questions about this technique. 

The goal of this dissertation is to generate in-depth knowledge on sample and system parameters affecting PT-

OCT signals, to develop strategies for optimal detection of a molecule of interest (MOI) and potentially for its 

quantification, and to improve the imaging rate of the system. The following items are major outcomes of this 

dissertation: 

1- Generated comprehensive theory that discovers relations between sample/tissue properties and experimental 

conditions and their multifactorial effects on PT-OCT signals.  

2- Developed system and experimentation strategies for detection of multiple molecules of interest with high 

specificity.  

3- Generated optimized machine learning-powered model, in light of the above two outcomes, for automated 

depth-resolved interpretation of tissue composition from PT-OCT images. 

4- Increased the imaging rate of PT-OCT by orders of magnitude by introducing a new variant of PT-OCT based 

on pulsed photothermal excitation.  

5- Developed algorithms for signal denoising and improving the quality of received signals and the contrast in 

images which in return enables faster PT-OCT imaging. 
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1: Introduction  

1.1. Background 

Optical coherence tomography (OCT) is a non-invasive and high-resolution optical imaging method 

which can capture two- or three-dimensional images from optical scattering media. OCT is widely used in 

tomographic imaging of biological tissues as the imaging resolution (1-10µm) and the high speed of OCT 

allow for rapid and 3D visualization of tissue internal structures. OCT works based on interferometric 

measurement of the pathlength differences and intensities of back-scattered light from tissue 

microstructures [1]. Generally, near-infrared (NIR) coherent light sources are used in OCT in order to 

achieve millimeter-range penetration depth while maintaining ~10µm image resolution in biological tissues 

[1]. In 1990, Fercher presented the first images from a fundus human eye in vivo using white light 

interferometry [2]. This pioneering work of Fercher laid the basis for development of OCT system. The 

concept and fundamental principles of OCT was published in 1990 by Naohiro Tanno [3], and in 1991 by 

Huang et al., in Fujimoto lab at the Massachusetts Institute of Technology (MIT) [4]. Since 1990, the 

technology has undergone significant transformations becoming a popular imaging method for 

interrogating biological tissues. Today, OCT systems are widely used in medicine, especially in the fields 

of ophthalmology, cardiology, oncology and dermatology[1].  Some of the key appealing attributes of OCT 

technology for medical diagnosis and screening include [5, 6]: 

¶ Ability to perform real-time and fast sub-surface imaging of tissue in vivo 

¶ Image resolution and penetration depth suitable for interrogation of disease-induced 

abnormalities without use of exogenous contrast agents  

¶ Ability to miniaturize the imaging head of OCT in form of catheters and small probes and 

integration in standard-of-care medical devices such as catheters, endoscopes, laparoscopes, or 

needles  

¶ Ability to interrogate excised tissue with minimal sample preparation 

¶ Use of non-ionizing electromagnetic radiation 

Accordingly, OCT systems have been used for interrogation of tissue located in areas where acquisition 

of excisional biopsy is not feasible (e.g., the eye, arteries, or nervous tissues) [1]. Moreover, the high 

imaging speed of OCT has enabled practitioners to comprehensively image large areas at various 
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anatomical sites of the human body in order to screen for diseases with patchy and discontinuous nature; 

thus, significantly eliminating the intrinsic sampling error of random excisional biopsies. Rapidness, 

resolution/imaging depth, and ability to miniaturize into endoscopes/catheters combined have enabled 

medical practitioners to make instant diagnosis based on OCT images (aka. Optical biopsy) [7]. 

In comparison to other medical imaging technologies, OCT offers ranges of penetration depth and 

resolution that cannot be provided by other medical imaging technologies. Figure 1 provides a comparison 

of depth of penetration and resolution of mainstream morphological tissue imaging methods (i.e., 

ultrasonography, confocal microscopy, and OCT). Ultrasonography can image in depth up to 10 cm but 

with low resolution of ~300 micrometers which is frequently insufficient to resolve disease-induced 

morphological abnormalities. OCT, on the other hand, resolves morphological signatures of biological 

tissue with resolution of 1-15 micrometer. In terms of penetration depth, OCTôs imaging depth is 

significantly lower than that of Ultrasonography, but significantly larger than that of confocal microscopy. 

As such, OCT imaging performance fills the gap between ultrasonography and confocal microscopy by 

generating fine resolution images from structures close to the interrogated surface of tissue. 

 

Figure 1. Comparison of image resolution and penetration depth for conventional structural imaging methods used 

in medicine and biology. OCT fills the gap between ultrasound and confocal microscopy. Figure adapted from[7]. 

Copyright 2015, Springer Nature Publishing Group. 

 

1.2. Applications of OCT in Medicine 

In medicine, OCT systems are widely used for research and clinical purposes, specifically in the fields 

of ophthalmology, cardiology, dermatology, oncology, urology, dentistry and gastroenterology[7]. In the 

field of ophthalmology, OCT has achieved greatest success, making OCT a gold standard method for 
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diagnosis of retinal diseases[8, 9]. OCT is ubiquitous in eye clinics and routinely used for diagnosis and 

screening of macular hole, macular pucker, macular edema, glaucoma, diabetic retinopathy, vitreous 

traction[10-13]. Success of OCT in ophthalmology is mostly due to the fact that human eye structure 

consists of multiple layers of semi-transparent media that allow the NIR light of OCT to penetrate down to 

the posterior parts (fundus oculi) to form tomography of the organ (Fig.2).  

 

Figure 2. Images from human eye captured by different OCT system configurations and brands. Fourier-domain 

OCT images: (a) , (b) 3D volume with two different views of retinal layers (Topcon 3D 1000 system). (c) Posterior 

vitreous detachment (PVD) that appears as detached layers in OCT images from the posterior eye; cyst (S OCT 

Copernicus system). The PVD abnormality is pointed out by the white arrow. (d) PVD shown in 3D inserting into 

macular hole (Topcon 3D 1000). To have a better contrast, retinal layers are usually labeled with different colors. By 

forming such high quality and fine resolution 3D images from human eye, OCT has become a gold standard in the 

field of ophthalmology; No scale bar was provided in the original figure. Figure adapted from[14]. Copyright 2008, 

Springer Nature. 

In dermatology, OCT can resolve skin layers (epidermis, dermal-epidermal junction and dermis) to show 

vascular network, layer thickness, and the hypo-structure for dermatological pathology purposes (Fig.3)[15, 

16]. For example, OCT has been employed in diagnosis of skin cancer, inflammatory skin diseases, vascular 

disease of skin, and also employed in physiological studies to monitor and control various treatments such 
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as follicular unit extraction, laser-assisted drug delivery through nails and skin, and for semiautomated 

localization of the dermo-epidermal junction (DEJ)[17]. 

 

Figure 3. Examples of OCT images of normal human skin, in vivo. (a) Conventional and (b) polarization-sensitive 

images from the upper arm, 5 mm wide by 1.2 mm deep. Corresponding histology from the same location (H&E 

stain), viewed with (c) brightfield and (d) polarized microscopy. The OCT results clearly show the different layers 

of the human skin sample, consistent with the histological images; also, more information regarding collagen 

morphology can be obtained from the polarization-sensitive images; see the reference for more information. Figure 

adapted from[18]. Copyright 2004, Elsevier, The Society for Investigative Dermatology, Inc. 

 

In oncology, OCT systems have been used in imaging structural changes at early stages of cancer, 

including those arising in the breast, brain, bladder, the gastrointestinal tract (Fig.4), respiratory organs, and 

the skin[19]. In these areas, OCT has been making key contributions on several fronts, such as: screening 

for cancer, guiding excision of biopsies, providing real-time feedback in the operation room as 

intraoperative imaging of cancer, and monitoring tumor responses to treatments such as photodynamic 

therapy, radiotherapy, and chemotherapy[19].  
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Figure 4. Volumetric OCT imaging of human esophagus in-vivo with tethered capsule endomicroscopy. A 3D 

volume of the endomicroscopy data in panel (d) showing a 4 cm segment of Barrett's esophagus. Tick marks and 

scale bars, (aïc) 1 mm; scale bars, (d) 1 cm. Figure adapted from[20]. Copyright 2013, Nature Publishing Group. 

 

In cardiology, intravascular OCT (IV-OCT) has become one of the three most important imaging 

methods, alongside intravascular ultrasound (IVUS) and coronary angiography methods[21]. IV-OCT is a 

non-contact catheter based method that has 10 times greater resolution in comparison with IVUS[22]. In 

IV-OCT, a tiny OCT probe located inside a catheter is sent into the desired areas (i.e., coronary arteries, or 

aorta) through the peripheral artery to scan the artery walls and acquire the morphology in vivo at an 

unprecedented level of detail (Fig.5). In 2012, a group of experts in IV-OCT published a consensus 

document to standardize the interpretation of IV-OCT images of coronary atherosclerosis into: fibrous and 

fibrocalcific plaques, fibroatheroma, macrophage accumulations, intimal vasculature and cholesterol 

crystals, thrombi, plaque rupture and erosion prolapse, stent malapposition, and dissections, covered and 

uncovered stent struts and restenosis[21]. Today, IV-OCT devices can be found commercially worldwide, 

and the demand for such systems is growing fast. In 2016, it was reported approximately 100,000 IV-OCT 

procedures are performed annually, and IV-OCT application is growing at a rate of ~ 20% per year[23]. 

Application of OCT system in cardiology to monitor coronary atherosclerosis serves as a motivation 

throughout this thesis, so here, we provide brief description of this type of cardiac disease.  
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                     (a)                     (b) 

 

(c) 

Figure 5. Examples of OCT images from cardiac tissues. (a) A view of normal artery wall and its layers captured 

by IV-OCT. In this image, the three layers of vessel wall (intima, media, and adventitia) are clearly separable 

with different scattering properties. Figure adapted from[24]. Copy right 2017, by the American College of 

Cardiology Foundation, published by Elsevier. (b) An example of plaque rupture captured by IV-OCT. Arrows 

delineate a broken fibrous cap. In this image, the contents of the ruptured plaque are partially washed out by the 

flushing medium, leaving behind a cavity, scale bar=500 ɛm. Figure adapted from[21]. Copyright 2011, Elsevier 

Publishing Group. (c) A 3D volume of OCT captured from a calcified region in a human aorta sample, ex vivo, 

scale bar=1 mm.  

 

1.1.1.i) Atherosclerosis 

The underlying cause of many cardiac diseases is atherosclerosis, a condition developed as a result of 

continuous accumulation of various materials such as lipid, cholesterol, cellular waste products, calcium, 

and fibrin in the intimal layers of the arteries. As atherosclerotic plaques build up in the arteries, their walls 

become thickened and stiff[25, 26]. The exact process of atherosclerosis is still not well understood, but it 

can happen in all human arteries. It has three different stages of growth that lead to clogged arteries: the 

fatty streak, the plaque, and the complicated lesion (plaque rupturing) as seen in figure 6[26, 27]. The first 

visible stage of this disease is the fatty streak that appears as yellow streak consisting of white blood cells, 

cholesterol, and other dead cellular matter at the site of endothelial damage. In the plaque stage, more debris 

Calcified abnormality 
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including dead foam cells and other substances such as calcium and cholesterol continue to build up at the 

site of fatty streaks that eventually leads to formation of plaques[27]. The atherosclerotic plaques consist 

of a large lipid core representing more than 50% of volume of the plaque which is covered by a thin fibrous 

cap and a heavy infiltrate of inflammatory cells (macrophages and lymphocytes)[28]. A formed plaque may 

stay stable for a long time. A significant factor that determines the stability of a plaque is the thickness of 

the fibrous cap. However, the critical thickness of cap as a criterion of stability for plaques in different 

vessels is not the same. For instance, in a carotid artery, a plaque can be considered as a stable plaque when 

the thickness of fibrous cap is between 0.7 to 2 mm[29]. When the fibrous cap thickness is decreased, the 

mechanical stress that is applied to the plaque by the blood pressure will increase. Cap thickness under 130 

ɛm for aortic plaques and 80 ɛm for carotid plaques indicates a plaque with high risk of rupture[30]. Studies 

have confirmed the strong correlation between lipid composition of the plaque and the risk of 

vulnerability[31-33]. A hallmark for high-risk plaques is the thin cap fibroatheroma (TCFA) stage[34, 35]. 

Pathologically, TCFA in coronary arteries is characterized as a large lipid pool which is overlaid by a thin 

fibrous cap (thickness<65 ɛm)[36]. Inflamed TCFA is the most common form of vulnerable plaque and 

causes 60% to 70% of events of acute coronary thrombosis[35]. Recently, the cholesterol crystal depth 

inside arterial plaques has been suggested as an index of plaque vulnerability[37]. 

The last stage of atherosclerosis is plaque rupturing that happens when the grown plaques break open. 

The rupture of the cap exposes the plaque material to the blood and causes the formation of a thrombus 

(blood clot). Fatal coronary thrombosis frequently results from the rupture of plaques that have a large lipid 

core, separated from the lumen by a thin fibrous cap[38, 39]. When the lumen is partially or fully occluded, 

the patient may develop myocardial infarction (MI; aka ñHeart Attackò). As an exceptional case, the 

unstable angina describes symptoms of a plaque that sufficiently occludes blood flow to cause exercise-

induced ischemia, but its cap is still intact[40, 41]. In developed countries, coronary artery disease is one 

of the most common types of heart disease with a high rate of mortality that is caused by rupture of 

atherosclerotic plaques[42]. To choose proper interventional techniques in this disease, high accuracy 

assessment in vulnerability of atherosclerotic plaques is essential[43]. Routine scanning of vessels and 

treating culprit lesions to get a better understanding of patientôs risk for a subsequent future event in curing 

procedure were recently suggested[43]. A preferred therapy for such cardiac disease is percutaneous 

coronary intervention (PCI, formerly known as angioplasty with stent)[44, 45]. PCI refers to a non-surgical 

and minimally invasive method that utilize a catheter to place a stent to open clogged coronary arteries[45]. 

During this procedure, scanning of vessel and identification of future events may be possible. However, 

due to its invasiveness, scanning the coronaries of a broad population could never be done óroutinelyô by 

this method. 
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Figure 6. An illustration of the atherosclerotic growing stages including fatty streak, plaque, and rupture; for details 

of plaque growth stages see text. Figure adapted from[46]. Copyright by the authors. 

 

 

1.1.2. Principle of OCT 

From the mathematical point of view, OCT relies on calculation of cross-correlation of back-reflected 

light with respect to a reference light. Such mathematical operation is normally carried out in OCT systems 

in Michelson interferometer configuration. As shown in figure 7(a), in a Michelson interferometer, a light 

source is split into two arms via a beam splitter. These arms then illuminate two mirrors that are positioned 

at a distance of d1 and d2 from the beam splitter. The back-reflected beams interfere with each other and 

create an interference pattern on the screen after passing again through the beam splitter. The frequency of 

dark and bright lines in the interference pattern has a correlation with the difference between d1 and d2 

lengths[47]. The operation of the Michelson interferometer (and by extension that of OCT) can be 

mathematically explained in either time-domain or Fourier-domain. In either case, through proper 

instrumentation and signal processing the depth profile of subsurface reflectors/structures (aka. A-lines) 

can be found. 

Depending on the instrumentation approach of an OCT system, two main types of OCT systems can be 

developed: Time-domain (TD-OCT) and Fourier-domain (FD-OCT)[48]. In TD-OCT, A-lines are acquired 

by mechanical movement of the reference mirror of the interferometer. As such, TD-OCT systems are 
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inherently slow and normally deemed not suitable for interrogation of tissue. FD-OCT systems, on the other 

hand, is based on Fourier-domain realization of cross-correlation and as such can acquire A-lines without 

any need for mechanical reference arm scanning. FD-OCT is divided into two major categories based on 

instrumentation approach for measurement of responses in the Fourier-domain: spectral-domain (SD-OCT) 

and swept-source (SS-OCT). Although the instrumentation for sensing the light signals in these systems 

are different, both systems use Fourier-domain mathematical principle of cross-correlation to form images 

from captured raw signals. Since the system developed and used in this thesis is an SD-OCT system, we 

will explain the principle of OCT in SD-OCT arrangement. 

In SD-OCT systems (Fig.7(b)), the light source is normally a broadband coherent light source. The 

output light is divided into two arms by a beam splitter and are called reference and sample arms, 

respectively. In the sample arm, light is focused on the sample surface by an objective lens. In the reference 

arm, the light illuminates a fixed mirror as the reference. After back-reflection of light from sample/tissue, 

and the reference mirror, these two beams are combined again in the beam splitter and redirected to a 

spectrometer for recording of reflectivity interference pattern of the two beams as a function of wavelength. 

The intensity of the reflectivity pattern in the spectrometer can theoretically be explained as[48]: 

(Ὧ)= S(ə) (ὍὙ +В )  ς))ÃÏÓςËЎ, ).                                 (1.1)  

Where, S(ə) is the spectral power of the light source, ὍὙ is intensity of reference arm, ὍὛi is intensity of 

i th surface of the sample with m reflective surfaces in depth, Ὧ is wave number, and ȹLi is the optical path 

length difference (OPL) between the reflected beams from the i th surface and the reference (Ўὒ ὲὒ

ὲὒ, where n is the refractive index and L is the physical length). As such, the term 2kȹLi in Eq. (1.1) 

represents the phase shift of the light between reference and sample beams.  

After illumining tissues with the OCT light, the intensity of back-reflected (Isi in Eq. (1.1)) decrease 

dramatically due to the absorption and the scattering of photons in the tissues. However, in the reference 

arm, such drop in the intensity of light (IR in Eq. (1.1)) does not occur, because the light is reflected by the 

reference mirror. Therefore, the weak signal from the sample is amplified by the much stronger reference 

signals (ς)) in Eq. (1.1)), and we can receive meaningful signal above the noise floor of the 

spectrometer.  

As seen in the equation, intensity of the light recorded by the spectrometer (I(k) in Eq. (1.1)) is a function 

of wave number which highlights sensing of sample responses in Fourier-domain. To form the OCT image 

based on the intensity of reflection from individual reflectors, the signals in K-space (wave number/Fourier 

space) need to be converted to Z-space (optical path length space). Therefore, to obtain the depth profile of 
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reflections in sample (aka A-line), inverse Fourier transformation is applied to the K-space data, which 

gives: 

i(z)= ɔ(z)ὍὙ +В ᾀἆ)  ς))ɿÚ ςÚ Ú .                                 (1.2) 

Here ŭ is delta Dirac function, and ɔ is the inverse Fourier of the spectral power S(ə) appeared in Eq. 

(1.1). The sample reflectivity profile, i(z) in Eq. (1.2), is obtained by cross correlating the point spread 

function of the light source with the location of reflector in the sample. Therefore, a light source with a 

Gaussian spectrum can improve the image quality, provide better contrast, and decrease side lobe effects. 

Figure 7(b), schematically, demonstrates the OCT signal processing procedure for a sample with three 

subsurface reflectors. As required by Eq. (1.1), as the depth of reflective surface increases, the modulation 

frequency of the acquired interference spectrum, 2kȹLi, increases, resulting in spatial separation of signals 

along depth after inverse Fourier transformation. It should be noted that since the data/signal measured by 

spectrometer is real number data, after application of inverse Fourier transformation the depth profile data 

will be of complex nature with symmetric mirror terms (ɿÚ ςÚ Ú  in Eq. (1.2)). Therefore, by 

calculating amplitude of complex numbers, the location of the surface in depth as well as intensity of 

reflection is obtained (aka A-line amplitude)[7]. Also, the symmetric mirror terms generate a mirrored 

image of the sample with respect to the zeroth surface in the tomogram that can be neglected.  
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Figure 7. Schematic representation of the principles of interferometry behind OCT. (a) A schematic of Michelson 

interferometer, the system typically consists of a light source, a beam splitter, 2 mirrors and a screen. The frequency 

of the interference pattern on the screen is a function of the path length difference of mirrors (d1-d2). (b) A schematic 

of SD-OCT system. The output light from the laser source illuminates the sample and the reference mirror after 

passing through the beam splitter. The back-reflected light from the sample and the mirror is merged and delivered 

to the spectrometer. In the spectrometer, the frequency of modulated wave correlates with the depth of layers in the 

sample. After applying Fourier transformation on received signals, an A-line is obtained. For details, see the 

mathematical expressions in the main text.  
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By raster scanning the beam in one direction, a cross sectional image (aka B-Scan or tomogram) is 

formed. A volumetric 3-D image (C-scan) of the sample can be made by attaching several parallel 2-D 

tomograms/B-Scans (Fig.8). It should be noted that in OCT context to accommodate the extreme dynamic 

range of the signal, amplitude images are normally shown in logarithmic dB scale. In OCT, the point spread 

function of the light source cross-correlates with the reflectivity profile of the sample. Therefore, a light 

source with Gaussian spectrum can improve the image quality, provide better contrast, and decrease side 

lobe effects.  

  

Figure 8. An example of A-line, B-mode, and volume images in OCT. An A-line is a 1D data that represents the 

location of reflectors along the depth at a specific location on the sample surface. By attaching several A-lines 

scanned while translating the beam position on the sample surface, a 2D B-mode image is formed. A 3D volume 

image of the sample is obtained by attaching the parallel B-mode images. Figure adapted from[1]. Copyright 2008, 

Springer-Verlag Berlin Heidelberg. 

One of the important parameters governing OCT image quality is image resolution. In OCT, two types 

of resolution in an image are defined: axial and lateral resolutions. Light with broad bandwidth and low 

coherence length is typically used in OCT. By assuming a Gaussian-shaped spectrum, the axial resolution 

ȹz (full width at half maximum, or FWHM) in a low-coherence interferometry system such as OCT is 

defined as[1]: 

Ўᾀ
Ў

  .                                            (1.3) 

Where ɚ0 is the center wavelength, and ȹɚ is the bandwidth (in FWHM criterion) of the light. As seen, in 

contrast to standard microcopy, in OCT, axial resolution is independent of the beam focusing and spot size. 

For a Gaussian beam, the axial resolution is also equal to the coherence length lc. Because of the coherence 

length, OCT has a coherence gating feature. That is, the detected OCT signal in spectrometer arises only 

from photons that have been backscattered from a thin layer in the sample selected by the coherence gate 

of the light source (see Fig.7(b)). Other backscattering photons in tissue whose OPL difference between the 
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reference arm does not match with the coherence length will not be detected as a meaningful signal in the 

spectrometer. As this portion of back-reflected light (aka, bulk backscattered detected light) does not 

provide any spatial information about the tissue layers, it only contributes to the OCT noise signal[1].  

Consequently, coherence gating reduces detection of undesired scattered light in the sample, improves 

image contrast, and enable imaging to greater depths[1]. The lateral resolution ȹx for a Gaussian beam 

is[1]: 

Ўὼ .         (1.4). 

Where f is the focal length, and W is the waist radius of the beam incident on the objective lens. To 

achieve a fine lateral resolution, a large numerical aperture that focuses the beam to a small spot size can 

be used.  

  In OCT, phase images that are formed from phase of OCT signals are more sensitive to changes in OPL 

than amplitude images. Phase of signals (2kȹLi in Eq. (1.1)) can detect relative displacements on the order 

of tens of picometers to few nanometers, while the detection limit of changes in OPL via the amplitude of 

signals is directly linked to the system axial resolution (i.e., on the order of several micrometers). Owing to 

such enhancement in measurement of relative displacements, OCT phase signals have been explored for 

introduction of several functional extensions of OCT. For example, Doppler OCT (D-OCT) and OCT-

angiography (OCT-A) are two variants of OCT that measure the blood flow velocities in capillaries 

(especially in the eye) (see Fig.9). In these techniques, the OCT phase is captured over time (aka, M-mode 

scanning) to obtain the phase shift of OCT signal as a result of back-reflection of light from moving particles 

inside the sample (Fig.9.(a),(b)). The D-OCT technique was applied on TD-OCT, long before introducing 

FD-OCT system. For instance, in 1997, the two-dimensional D-OCT for in vivo imaging was presented 

using a short time fast Fourier transformation (STFFT) to measure the fringe signal by TD-OCT system[49]. 

This method which is called spectrogram methods allows imaging of in vivo tissue structure and flow 

velocity simultaneously. However, a limitation in D-OCT technique with TD-OCT system was the phase 

stability. Indeed, due to the need for scanning a delay line, the configuration of interferometer in TD-OCT 

system were a conventional dual-arm Michelson interferometer. The OCT phase in such non-common path 

configuration was not too stable to receive signals with acceptable signal to noise ratio (SNR). In 2005, a 

phase microscopy approach with SD-OCT was demonstrated by Izatt et al[50]. In his work, phase change 

of OCT signals along time (M-mode scanning) of beating heart of a chicken embryo were captured with a 

common path SD-OCT system. In this study, it was shown that the phase of OCT in a common-path 

configuration is more stable, leading to greater signal to noise ratio. The development in these systems, 

since then, has made the D-OCT and OCT-A as two useful techniques for clinical purposes. Recently, hand-
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held probes of OCT as a point-of-care for real-time angiography was proposed to make angiography of the 

eye convenient for everyday clinical usage[51, 52].  

 

 

Figure 9. An illustration of OCT-Angio and Doppler-OCT methods. (a) In OCT-A, to form the angiogram of the 

sample, a few B-scans are taken over time on the ñxò fast axis from the sample at each of the ñyò slow scan axis 

points, allowing detection of relative flow signal. (b) Top view of the same general scan pattern on human eye, 

adapted from [53]. Copyright 2018, Springer Nature. (c) A schematic of blood flow and OCT beam in Doppler-

OCT. A vein that blood flows inside it with a velocity V, makes ɗ angle with the incident OCT beam Ki. The 

parallel part of the velocity vector with the OCT beam, Vcosɗ, affects the back-reflected light Ks, because of the 

Doppler effect. This effect causes a phase shift in the OCT phase signal that can be related to the velocity of flow. 
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1.1.3. Shortcomings of OCT 

While OCT offers many key advantages over other medical imaging technologies, it forms images based 

on light scattered from structure of tissue rather than its composition. As a result, OCT is quite sensitive to 

structural alterations caused by early stages of disease such as atherosclerosis and early dental caries, but it 

lacks diagnostic specificity (i.e., yield too many false positives). This shortcoming frequently results in poor 

diagnostic performance at early stages of diseases and restricts applications of OCT. For example, Shokouhi 

et al. in a study compared diagnostic performance of OCT with that of a molecular-contrast imaging method 

based absorption of light ( named thermo-photonic lock-in imaging or TPLI) in detection of early dental 

caries[54]. The results showed better detection specificity and significantly less false positives in early 

dental caries with TPLI than OCT due to the more specific nature of light absorption (i.e., TPLI mechanism) 

over light scattering (i.e., OCT mechanism). As another example, Villiger et al. demonstrated that certain 

stages of atherosclerosis plaques (i.e., intimal thickening and fibro-atheroma) yield similar OCT structural 

images (see Fig.10), while the chemical compositions of these two stages are different[55].   

 

Figure 10. An example of limitation of OCT in detecting molecule of interesting in the sample. The IVOCT images 

of human cadaveric coronary arteries are plotted in the first row and matching trichrome histology are plotted under 

each OCT images. (a,d) Fibrous tissue can be readily differentiated from lipid rich plaques (b,c,e,f), but the 

structural OCT signal shows very similar features for pathologic intimal thickening (b,e, early disease) and a fibro

atheroma (c,f, advanced disease with high risk of rupture), the outer diameter catheter in this study was 870ɛm, scale 

bar=870ɛm; adapted from [56]. Copyright 2018, by the authors. 

 

1.1.4. Extensions of OCT 

To overcome the limitation of OCT in terms of lacking specificity, various functional 

extensions of OCT and multi-modality OCT-based systems have been introduced. Optical 

coherence elastography (OCE) is a functional extension of OCT than can measure mechanical 

elasticity of layers inside the sample and forms a depth-resolved elastogram of tissues visualizing 

the mechanical stiffness. In this technique, the sample is excited with an external actuator, such as 
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acoustic radiation force generated by an ultrasound transducer, or air puff (see Fig.11), and the 

mechanical displacements on the order of a few nanometers in the sample are captured by a phase-

sensitive OCT system[57]. Subsequently, this mechanical response to the excitation can be 

converted to the mechanical elasticity. For instance, Zaitsev et al. demonstrated the application of 

OCE in measurement of the strain dynamics on cornea in the procedure of shape correction with 

laser[58].  

 

Figure 11. An illustration of OCE with air-coupled trigger. The propagated waves inside the sample as a result of 

excitation of the sample surface by the air-coupled transducer can be tracked by OCT beam. By analyzing the phase 

of OCT signals over time, mechanical elastic properties of the sample such as Youngôs modulus can be measured 

indirectly.  

 

Indirectly, information about chemical composition may be predicted by the differences in the 

mechanical elasticity of tissue constituents. As an example, Qi et al. showed different mechanical 

response of necrotic core (NC) and fibrous cap in coronary plaque with OCE (Fig.12)[59]. 

However, a tissue containing specific chemical composition may generate a different mechanical 

response to a stimulus at different boundary conditions. For example, in atherosclerosis plaque, a 

lipid core under different thickness and mechanical stiffness of fibrous cap can generate different 

responses. Therefore, despite promising results in measurement of tissue mechanical properties 

with OCE, this method is not entirely specific to chemical composition of tissues. 
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Figure 12. An example of Cadaver tissue imaging with OCE and histology data. (a) Image captured by OCT from 

human cadaver coronary artery cross-section. (b) Corresponding elastogram obtained with OCE. (c) H&E staining 

of the region under 4x magnification. The difference in tissue elastic properties than cannot be seen in OCT the 

image can be observed clearly in the elastogram. Figure adapted from[60]. Copyright 2017, Springer Nature. 

 

Near infrared spectroscopy (NIRS)-OCT is another multimodality system that is sensitive to the 

chemical composition of tissues[61]. To identify coronary lipids, NIRS is the only method that is approved 

by Food and Drug Administration (FDA)[62]. In NIRS-OCT structural information are retrieved from 

scattering of light via OCT and specific molecular and chemical composition related information are 

retrieved from absorption of light via spectroscopic analysis of reflected light from the sample. The 

principle of NIRS relies on measuring the amount of scattered and absorbed light by tissues. In this 

technique, a sample is illuminated by using a laser emitting at NIR band (generally 800 to 2000 nm). The 

bandwidth of the laser is selected to maximize penetration of the light inside the tissue. The scattered light 

is received with a detector placed away from the light source (emitter). It is possible to calculate the 

concentration of chromophores or molecule of interest inside the tissue, by using the modification of the 

LambertïBeer law (to consider the scattering phenomenon)[63]. Using these principles, NIRS-IVUS has 

been used for assessing the vulnerability of plaques[64].  
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Near-infrared fluorescence (NIRF)-OCT is another multimodality system that utilize the fluorescence 

response of materials to a NIR radiation to detect the molecule interest in the sample[65]. In this method, 

the molecule of interest needs to be tagged with some fluorescent agent to produce NIRF signal. For 

instance, indocyanine green (ICG), a FDA approved agent, has been used as an agent to visualize lipid-

laden, inflamed atherosclerotic plaque[66]. In NIRF-OCT, labeling a molecule of interest in samples in vivo 

is a challenging task because the agents usually cannot penetrate deeply into the sample. To overcome this 

limitation with NIRF, Near-infrared autofluorescence (NIRAF)-OCT method has been proposed that use 

the natural autofluorescence responses of tissues instead of those of extrinsic labels[67].  

While NIRS-OCT, NIRF-OCT, and NIRAF-OCT have shown promise for improving the diagnostic 

yield, these systems cannot produce depth resolved chemical information from samples as the light-

absorption based modality integrated in them are intrinsically diffuse (Fig.13). Consequently, these 

multimodality systems do not offer sufficient spatial resolution for co-registration of chemical information 

with the microscopic structural features of OCT in a meaningful way. Moreover, both approaches need 

extra instrumentation which adds to the complexity and the cost of these systems.  

 

Figure 13. Views of NIRS-OCT scan of human cadaver coronary artery. In this multi-modality system, the structure 

of the sample can be imaged with OCT. The color bar ring around the image which comes from the NIRS system 

gives a depth integrated/diffuse sense of chemical information. Both OCT images in these cases show lesions with 

reduced backscattering (pointed by the arrows). NIRS results as the red and yellow rings represent (a) absorption 

spectra compatible with fibrotic tissue and (b) lipid-rich tissue. Figure adapted from[62]. Copyright 2020 by the 

authors. 
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1.2.Photo-thermal (PT) OCT 

Photo-thermal optical coherence tomography (PT-OCT) is a functional extension of OCT with the 

promise to overcome the nonspecific nature of conventional OCT by forming three-dimensional (3D) 

images based on both scattering and absorption of light[68]. Compared to other molecular-specific 

extensions of OCT, PT-OCT is intrinsically able to show depth-resolved maps of targeted molecules of 

interest (MOI). In PT-OCT, an intensity-modulated photo-thermal (PT) laser with a wavelength at the 

absorption band of a molecule of interest is added to the conventional OCT system. In such a configuration, 

absorption of the PT laser by the molecule of interest induces a localized modulated temperature field (aka 

thermal wave field). This thermal wave field, in return, yields modulated thermo-elastic expansion resulting 

in modulated variation in the local refractive index. These phenomena ultimately lead to the modulation of 

the optical path length at the modulation frequency of the PT laser with a modulation amplitude on the 

order of tens of nanometers[68]. To sense the modulation of OPL with OCT signal, an M-mode OCT dataset 

is acquired at each lateral imaging location. Since the OCT phase has enough sensitivity to measure such 

small variations in OPL, PT-OCT has the potential to offer co-registered structural and molecular 

information through the OCT signalsô amplitude and phase, respectively. 

To detect a molecule of interest and form depth-resolved maps with molecular specificity, PT-OCT 

signals can be acquired from either samples labeled with exogenous agents, or label-free using intrinsic 

light absorption bands of tissue. To date, nanoparticles, as exogenous agents, have been employed in PT-

OCT to boost the photo-thermal signal from human[69] and rabbit[70] tissues ex vivo, to visualize blood 

capillaries of mouse ear in vivo[71], as well as to detect cancer cells (Fig.14) in vitro[72]. Use of both 

endogenous (melanin) and exogenous (gold nanorods) absorbers have also been reported for imaging mouse 

retina with PT-OCT in vivo[73]. More recently, feasibility of label-free imaging with PT-OCT has also 

been demonstrated by measuring blood oxygen saturation in vessel phantoms[74] and melanin in zebra fish 

eye (Fig.15)[75].  
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Figure 14. An example application of PT-OCT in detecting labeled cancer cells. (a) An en-face image from the 

sample containing cancer cell. The green dots are live and red dots are dead cells. (b) Acquired PT-OCT signal in 

time, (c) and the spectrum of the signal after Fourier transformation. (a) indicates good cell viability and relatively 

homogeneous cell distribution. (d) The OCT intensity image, photo-thermal image, and overlay of intensity/photo-

thermal images. While the OCT result cannot show the location of cancer cells, overlayered PT-OCT information 

can detect the cancer cells in this sample. Reprinted (adapted) with permission from[72], Copyright 2008, American 

Chemical Society. 

 

 

Figure 15. An example of depth resolved detection of melanin in zebrafish eye. In this study, two categories of 

zebrafish were grown in light and dark environments. In these conditions, the percentage of melanin in the eye will 

change. (a) , (b) results of OCT images from the layered structure of the eyes , (c) ,(d) PT-OCT images of these two 

categories show different distribution of melanin. (e), (f) Histology of melanin distribution in zebra fish eye. White 

arrowheads in OCT and PT-OCT panels indicate various layers where melanin is present; scale bar= 50 ɛm for OCT 

and PT-OCT images, 25 ɛm for histology. Figure adapted from[75]. Copyright 2018, under Creative Commons 

license (https://creativecommons.org/licenses/by-nc-nd/4.0/) 

 

1.2.1. PT-OCT principle  

Figure 16, schematically, illustrates the sequence of physical phenomena that take place leading to PT-

OCT signals. In PT-OCT, the sample is simultaneously illuminated with OCT and intensity-modulated PT 

https://creativecommons.org/licenses/by-nc-nd/4.0/
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lasers. In this configuration, at positions where the modulated PT laser is absorbed, a modulated temperature 

field (aka thermal-wave field or TW field) is established. This TW field is modulated over time at the 

modulation frequency of PT laser source and is governed by the bio-conduction differential equation[71]: 

                          ɳ Ὕ.     (1.5) 

Here T is the temperature, t is time, µa is the absorption coefficient at PT laser wavelength, IPT is the PT 

power fluence rate, ɟ is the medium density, c is the specific heat of the medium and Ŭ is the thermal 

diffusivity of the medium. The consequence of presence of a TW field at and around an absorber is a change 

of the local refractive index and physical deformation due to the thermal expansion, and consequently, a 

change of OPL[76]:  

Ўὕὖὒᾀ ὕὖὒЎ ὕὖὒ ᷿ ὲὝ ЎὝȢρ ЎὝ ὲὝ Ὠὤ.    (1.6) 

Here T0 is the initial temperature, n represents the refractive index, dn/dT stands for thermo-optic 

coefficient, and ɓ is the thermal expansion coefficient. The presence of the integral in Eq. (1.6) declares 

that the absolute phase at a specific depth is the sum of phase changes from sample surface to the 

interrogated depth.  Numerically, the range of Ўὕὖὒ is normally between few nanometers to few hundred 

nanometers. Therefore, such small Ўὕὖὒ variations, compared to the ~10µm axial resolution of OCT, 

cannot shift the location of peaks in the A-line amplitude channel. A-line phase channel, however, offers 

sufficient sensitivity to reveal the small variation in Ўὕὖὒ. Thus, upon absorption of modulated PT 

excitation, phase of OCT signal will change as a consequence of variation in OPL according to the following 

equation[50]: 

Ў‰ .    (1.7) 

Where ɚ0 is the center wavelength of the OCT laser. That is, if the amplitude of the PT laser is modulated 

in sinusoidal form at a specific frequency, the ensuing temperature field, and consequently OPL, will vary 

at the same sinusoidal frequency.  
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Figure 16. Schematic representation of the physical phenomena taking place in PT-OCT; in this system, the 

wavelength of PT laser is selected at the absorption band of molecule of interest in the sample. As a result of PT 

light absorption in the sample by the molecule of interest, a modulated thermal field in the is generated. The 

produced heat, then, causes a change in the OPL locally near the molecule of interest that can be tracked by OCT 

phase, for more details about principle of PT-OCT, see text.  
 

Accordingly, by applying FT to the acquired time lapse OCT phase signal (aka M-scan) and evaluating 

signal amplitude at the modulation frequency of the PT laser, the modulation amplitude of Ў‰ can be 

experimentally quantified at each depth (Fig.17). The modulation amplitude of Ў‰ is proportional to the 

intensity of the PT laser at the absorber thermo-mechanical properties of medium, and the concentration of 

the absorbing chromophore. 
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Figure 17. An illustration of variation of the OCT phase signal at different depths of the sample in the time domain. 

Since OCT phase is cumulative, in deeper levels inside the sample, the amplitude of PT-OCT signal increases. The 

OCT phase spectrum of all absorbers after applying Fast Fourier transformation (FFT) represents the intensity and 

the depth of PT light absorption in the sample. The detailed equations are brought in text. 
 

Above text discusses the basic procedure of extracting PT-OCT signals from raw OCT signals. To form 

a PT-OCT A-line, the amplitude of phase modulations is assigned to each pixel along the depth. To form a 

B-mode PT-OCT image, obtained A-lines are attached together. Concurrently, co-registered structural 

images can be produced from the amplitude of OCT datasets. As such, by choosing PT lasers with a 

wavelength at the absorption peak of MOI (e.g., lipid), co-registered PT-OCT and OCT image pairs can be 

produced that can be further analyzed to gain depth-resolved insight into chemical composition of tissue.  

1.2.2. Shortcomings and gaps  

PT-OCT studies to date offer promising results on ability of this functional extension of OCT in depth-

resolved visualization of MOI in samples. However, there are several important gaps remaining in the area 

of PT-OCT that we will point out here. First, as the physics underlying PT-OCT is multifactorial, 
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consequently, the behavior of PT-OCT signals in complex media such as biological tissues is not well 

understood. Without a deep knowledge about this multifactorial physics, extracting accurate information 

from received signals is not feasible. Although some theoretical models have been generated so far to 

enhance our understanding of PT-OCT signals, the key effects of certain sample and system influence 

parameters have not been considered in existing models.  

Second, there is currently a gap in signal/image processing strategies for decoupling the influences of 

experimental condition and tissue parameters to enable extraction of quantitative information on tissue 

chemical composition. That is, significant majority of the approaches suggested to date focus on qualitative 

assessment of PT-OCT signals with the overarching goal of determining the presence and location of MOIs. 

Forming predictions based on qualitative assessment of PT-OCT results would be misleading in many 

cases. For example, a sample containing a high concentration of MOI (i.e., good PT absorber) buried under 

a thick layer of non-absorbing tissue generates weak PT-OCT signals which is deemed as a non-MOI or 

low concentration of MOI region in qualitative signal/image processing approaches. Developing strategies 

for signal processing in light of a comprehensive opto-thermo-mechanical theory is expected to enable more 

accurate, and perhaps quantitative, PT-OCT imaging of biological tissues.  

Third, due to the necessity of extended temporal sampling of responses, PT-OCT inherently suffers from 

low-imaging speed. This limitation hinders translation of this promising technology into clinics. Attempts 

made to date for enhancing the imaging speed of PT-OCT suffer from key limitations such as increased 

complexity and cost of the system, or degradation of SNR of received signals. A functional PT-OCT system 

for clinical usage must be fast enough to be able to capture images from moving samples (for example 

motion of cardiac tissues due to the heartbeat).   

1.3.Motivations and specific aims 

The motivations of this thesis are to generate in-depth knowledge on sample and system parameters 

affecting PT-OCT signals and to develop strategies for optimal detection and potentially quantification of 

MOIs. To enable translation of PT-OCT to clinics, development of methodologies for significant 

enhancement in imaging speed is also pursued. Specifically, the developed knowledge and technology 

stemming out of this thesis is expected to open the door for more accurate assessment of atherosclerotic 

plaques based on both tissue structure and chemical composition. Considering the above limitations/gaps 

and motivations, the objectives of the thesis are defined as follows: 
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Obj.1: Generating a comprehensive theoretical model for PT-OCT that relates system parameters, the 

sample geometry, and opto-thermo-mechanical sample properties to PT-OCT signals. Such a 

comprehensive model enables gaining deep understanding of variables affecting PT-OCT signals and their 

relation to chemical composition and structure of biological tissues.  

Obj.2: Develop experimentation and signal processing strategies for extracting quantitative 

information about chemical composition of tissues from PT-OCT signals for application in cardiology. 

Developing such strategies will enable us to analyze multi-factorial PT-OCT signal that leads to detection 

of the molecule of interest in the tissues with higher specificity, and to quantify tissue properties.  

Obj.3: Development of strategies for enhancing the imaging speed in PT-OCT for capturing image 

from both stationary and moving samples. Generating strategies in PT-OCT to enhance the imaging speed 

up to at least the kHz effective A-line rate range, that will pave the way for clinical application of PT-OCT. 

Additionally, with these strategies, we will be able to form PT-OCT images from a noisy and fast acquired 

signal that reduces the imaging time and volume of saved data.   

1.4.Dissertation outline 

 This dissertation has been organized in 5 chapters in the following way: 

Chapter 1 consists of an introduction, a literature review on technology and clinical applications of OCT, 

advantages and shortcomings of OCT and PT-OCT, the motivation for the dissertation and an overview of 

the objectives. 

Chapter 2 describes two theoretical models for PT-OCT. In the first theory, PT-OCT signal as a function 

of opto-thermo-mechanical properties of samples is modeled. With this model, the behavior of PT-OCT 

signal as a result of changing material properties as a function of composition is studied. Next, a 

comprehensive theory of PT-OCT is generated which models the received PT-OCT signal from a multi-

layer sample by considering effect of the opto-thermo-mechanical properties of surrounding media and PT-

OCT system parameters. Using this model, a parametric study is done to survey the influence of sample 

and system parameters on PT-OCT signals. These works were published in the Journal of Biomedical 

Optics (JBO) and Biomedical Optics Express (BOE), respectively.  

Chapter 3 presents methods and strategies for quantifying MOI concentrations in light of the outcomes 

of the theoretical works of chapter 2. In the first section, a strategy is proposed to increase detection 

specificity, and to enable distinguishing the PT-OCT responses of MOIs relevant to atherosclerotic plaques 

from each other (e.g., lipid, water, collagen). To do so, we presented a spectroscopic method in PT-OCT 

that employs two wavelengths for the PT laser. The response of samples then is decoupled for increasing 
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specificity of MOI detection. In the next section, another strategy is presented for quantifying MOI 

concentrations independent of system and sample parameters (e.g., distance to the focal plane of the 

objective lens, etc.). In this proposed strategy, machine learning models are trained to label PT-OCT images 

based on the concentration of MOI, in a general imaging condition.   

Chapter 4 proposes two strategies for increasing the imaging speed of PT-OCT. The first method works 

based on response of the sample to a low energy squared PT laser pulse excitation, leading to introduction 

of a new variant of PT-OCT named transient (TM)-PT-OPCT. We show that proposed variant enables PT-

OCT imaging of MOIs at video rate. This work was published in the journal of Optics letters (OL). Next, a 

method is presented to reconstruct PT-OCT images from noisy, but rapidly captured, datasets. In this 

strategy, a deep neural network structure is used to denoise signals and to predict the meaningful signal 

with high similarity to the ground truth. Also, this method will improve the detection limit in PT-OCT 

signals.  

Chapter 5 consist of a conclusion for this dissertation, including a summary of the surveys presented in 

this dissertation, a discussion of directions and suggestions for future work, and a statement on the scientific 

contributions and societal impact of this work. 

 

 

 

 

 

 

 

 

 

 

 

 



 

27 

 

 

 

2: Development and Validation of PT-OCT model 

2.1.Introduction  

As discussed in Chapter 1, PT-OCT has been used in several studies to detect MOI in samples by 

assessing the received PT-OCT signal qualitatively. Yet, PT-OCT signals contain characteristic trends and 

attributes (e.g., amplitude, or overall shape) that directly correlate with the physical properties and the 

spatial distribution of the light-absorbing MOIs in tissue. Quantitative analysis of PT-OCT signals, 

therefore, offers potential for obtaining depth-resolved maps of tissue composition. Quantitative PT-OCT 

imaging of real tissue, however, is complicated by the fact that the PT-OCT signal is influenced not only 

by the concentration of MOIs but also the optical, thermal, and mechanical properties of tissue. Decoupling 

the effects of MOI light absorption from other influence parameters requires refined understanding of the 

complex physics underlying the PT-OCT signals. To date, several theoretical models for PT-OCT have 

been proposed.  

In 2008, as the first theoretical model for PT-OCT, the variation of the OPL as a result of a change in 

the temperature field was modeled[68]. In this work, the solution of heat conduction equation (Eq. (1.5)) 

as a result of PT laser excitation was used to estimate the OPL in liquid samples. Since the focus of this 

study was on liquid samples, no mechanical strain/stress equations were generated. The results of the model 

showed a good consistency with the experimental PT-POCT signals from liquid phantoms inside a channel. 

This work could present the proof of concept of PT-OCT successfully. However, the missing point in this 

model was the ability to model multi-layer samples. Additionally, this model assumed samples as a 1-D 

space that neglects the effect of vicinity area on the PT-OCT signal.  

In 2015, a more complex model in 3-D space for the PT-OCT signal in solid phantoms was 

proposed[77]. In this work, after calculating the illumination distribution and the thermal and the 

mechanical stress-strain fields, the OPL was calculated in a homogeneous sample. The Monte Carlo method 

and the Greenôs function method were employed in this model to estimate the light field and the temperature 

distribution in the sample, respectively. In this model, no analytical solution for the mechanical field was 

proposed. The advantage of an analytical solution for a physical system is that the significance and the 

behavior of each parameter in that system can be understood, clearly.  This model served to improve the 

reconstruction of depth-resolved PT-OCT signal acquired from a single layer sample in vivo. The missing 

point in this study was that no parametric study was done on different inputs to indicate the relation between 

inputs of the model and the PT-OCT signal as the output.  
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A more refined model of PT-OCT in quasi-heterogenous multi-layered samples was presented in[78]. 

This model combined the individual components of the photo-thermal process to investigate the effects of 

PT laser power on measured PT-OCT signal. In this model, the light field was calculated in the sample with 

the Monte Carlo method in 3D. Also, to simplify the equations, the thermal field was modeled in 1-D space 

along the depth of the sample. Validation results proved that there was a great consistency between the 

model and the experimental PT-OCT signal received from multi-layer samples in some imaging conditions. 

A limitation of this model was that the mechanical expansion of the sample was modeled in a very specific 

condition in 1-D space (along the axial direction), neglecting key elastic mechanical properties of a sample 

such as Poisson ratio or the mechanical stiffness of the surrounding medium. Additionally, heat flux that 

occurs between the layers of the sample was not considered in this model. Therefore, without considering 

such important phenomena, this model could not provide enough accuracy to study the PT-OCT signal in 

general conditions.  

More recently, an interesting work on interferometric imaging of thermal expansion for temperature 

control in retinal laser therapy was published[79]. While the focus of this work was on determination of the 

optical and thermal parameters of multi-layered tissue via fitting of experimental data to a proposed 

comprehensive theoretical model, it highlighted the feasibility and the need for similar comprehensive 

models in the field of PT-OCT. 

Our group previously used a 1-D thermal-wave-based model to study the effects of PT laser modulation 

frequency on PT-OCT images[80]. To model the thermal field, Greenôs function method was used in 

frequency domain to solve the heat conduction equation. Through this model, it was shown that the 

amplitude of the PT-OCT signal is inversely proportional to the square root of the modulation frequency of 

the PT laser. Our team also investigated how an increase in modulation frequency of the PT laser improves 

the ability to detect two adjacent point-absorbers (aka. resolution). The key message of this work was that 

a compromise between the signal amplitude and spatial resolution should be considered to select the 

optimum modulation frequency. Higher modulation frequency, while reducing SNR, improves the spatial 

resolution in PT-OCT images.  

Combined, existing PT-OCT models developed by our team[80] and others[68, 77, 78] offer key insights 

for better understanding of PT-OCT signal, yet take limiting assumptions that hinder their use for 

quantitative PT-OCT imaging of tissue. More rigorous theoretical models are needed to enable:  

1) better understanding of the effects of system parameters and tissue opto-thermo-mechanical 

properties on experimental signals.  

2) knowledge-based optimization of experimentation strategies.  
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3) guidance of reconstruction algorithms for depth-resolved prediction of tissue chemical composition 

information. 

To address these limitations, in this chapter, we will present two models for PT-OCT from two different 

points of view.  

In the first model, we take the first step in understanding the relation between composition and PT-OCT 

signals by considering the interplay between opto-thermo-physical properties of tissue as a function of its 

composition. We develop a theoretical model estimating the PT-OCT response in a two-component tissue-

like sample. We then present experimental PT-OCT results of mayonnaise (mayo)-ultrasound gel mixtures 

at various component ratios. Mayo was chosen to mimic the lipid-rich necrotic-core material present in 

atheromatous coronary atherosclerotic lesions[81, 82]. Mayo, actually, is primarily composed of lipids, 

which provide an absorption signature that can be targeted with PT-OCT, and its lipid composition is similar 

to that of the atherosclerotic plaques[81, 82]. Since the composition and lipid content play a critical role in 

determining the propensity of a plaque to rupture[83], PT-OCT may offer the prospect to leverage the same 

contrast mechanism as those used by near infrared spectroscopy[84] and photoacoustic imaging[31, 32, 85] 

(i.e. absorption of lipid) for plaque composition imaging, albeit with much finer resolution. 

In the second study, we propose a comprehensive model for prediction of PT-OCT signal in 

heterogenous multi-layer samples considering the opto-thermo-mechanical properties of all slices in 3-D. 

The proposed theoretical model has a serial hierarchy with 3 blocks for predicting the OCT and PT laser 

light fields, determining the induced thermal-wave field upon absorption of PT light by MOIs, and 

evaluating the subsequent thermo-mechanical expansion field due to the induced temperature change in the 

sample. For simplification, the model ignores possible coupling between the three blocks. The output of 

these blocks is then used to calculate the variation in the OPL resulting from the mechanical expansion and 

the temperature dependence of the refractive index and subsequently the variation of the OCT phase with 

time (aka, PT-OCT signal). As this model is generated on multi-layer and in 3-D space, it allows us to 

survey the effects of the thermal and mechanical properties of the layers, such as Poisson ratio and Youngôs 

modulus, on PT-OCT signals. Moreover, by considering the induced thermal field as a thermal-wave field, 

the model can reliably predict the effects of PT laser parameters (e.g., modulation frequency) on the PT-

OCT signal. To gauge accuracy of the model, an experimental parametric study is carried out and discussed 

to realize the significance of the influence of PT laser power, modulation frequency, location of OCT focal 

plane, and thermal and mechanical boundary conditions on the PT-OCT signal. 
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2.2.Effects of Lipid Composition on Photo-thermal Optical Coherence Tomography 

Signals 

2.2.1. The theoretical model 

As we explained in Chapter 1, lipid is the main chemical of the atherosclerosis plaques. It was reported 

that the lipid content is different at various growing stages of atherosclerosis plaques[86, 87]. The 

motivation of this model is to quantify the lipid concentration in samples using the received PT-OCT signal. 

Figure 18(a) is schematic representation of processes that take place upon absorption of the PT laser in a 

PT-OCT system (e.g., absorption of 1210  nm laser by lipid-water mixture[31]). Absorption of intensity-

modulated PT light results in production of heat, ὗ , which subsequently diffuses into the molecular 

matrix, forming a localized thermal wave field modeled by the bio-heat equation (Eq. (1.5)).  

Previously, the generated thermal field in a sample as a results of laser excitation was solved using the 

bio-heat equation[88]. In this work, the boundary conditions were defined to insulate the boundary of the 

sample, thermally. The general solution of the bio-heat equation with the eigen function method was not in 

a closed form solution. However, under some reasonable assumptions, closed form solutions can be 

obtained for some specific conditions. For small PT spot sizes compared to the absorption depth (in our 

experiments: PT spot size =30 µm at 10 dB vs 1/‘  =1 cm), the amplitude of this temperature 

modulation, ЎὝȟ  at the center of the PT beam is expressed by Eq. (2.1)[88]: 
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Here ὖ is the PT-laser power, ‘ is the mediumôs absorption coefficient at the PT-laser wavelength,  

its thermal diffusivity, ” its mass density, ὧ its specific heat capacity, ὡ  is the waist of the PT laser beam, 

and ὸ is the laser exposure time, taken as half of the PT laser modulation cycle, assuming a square 

modulation. The thermal diffusivity ( ‖”ὧϳ ; ə is the thermal conductivity) appeared in Eq. (2.1) is a 

material property that represents the rate of transfer of heat in the sample from the hot spot created by the 

PT light to the surrounding. A key assumption in derivation of Eq. (2.1) is neglecting the scattering of PT 

light in tissue. For the sake of our estimation in the field of PT-OCT, assumption of an absorption dominated 

light field is reasonable because here PT light is intentionally selected at a wavelength that is significantly 

absorbed by the molecule of interest. However, neglecting scattering of PT light can result in slight 

overestimation of the PT light field in the sample. By expanding the logarithm in Eq. (2.1) as a power series, 

ЎὝ can be expressed in form of product of variables: 
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The non-linear terms of the power series, however, can be neglected under certain conditions. A case in 

point is when the PT beam is large (i.e., large ὡ , inducing planar thermal waves at the center of the 

beam. In such cases, the value of higher order non-linear terms become small; therefore, by neglecting the 

non-linear terms and using the definition of beam intensity (Ὅ ςὖ “ὡϳ ), the familiar expression for 

temperature change following continuous wave laser excitation can be reached: ЎὝ Ὅ‘ὸ ”ὧϳ . In PT-

OCT, while the PT beam size is larger than OCT beam size, it is normally not very large. However, in PT-

OCT, the PT laser is modulated at high frequencies which in return make the ὸ small. As such, similar to 

the previous case, the higher order non-linear terms can be neglected to reach a simple expression, Eq. (2.2), 

for estimating æT in PT-OCT. Eq. (2.2) suggests that for a given PT-OCT setting, only parameters ὧ, ” and 

‘ are affected by sampleôs composition. Considering a linear variation of these parameters in a two-

component mixture[89, 90], the value of a given parameter can be modeled as: 

‒ ‒ ‒ɰ ‒ ɰ ‒ ȟ    πȢυ ɰ πȢυ       ὥὲὨ        ‒ Ȣ     ςȢσ 

Here ‒ is the concentration-dependent material parameter (e.g., ”), ɰ is the relative concentration with 

respect to a 1:1 mixture, and ‒, ‒ are the values of the material parameters of pure individual components, 

respectively. ‒ is the contrast of the material property in the two-component mixture which determines the 

sensitivity of the parameter to variation of concentration. Using Taylor expansion, ЎὝ can then be expressed 

in terms of concentration-dependent material parameters as: 

          ЎὝɰ ρ ‘ ” ὧ ɰ ὓ‘ȟ”ȟὧ ɰ Ễ Ȣ      ςȢτ            

Eq. (2.4) lies at the heart of proposed theory and suggests that the temperature variation resulting from 

PT-laser illumination depends on non-trivial interactions of multiple physical parameters. Only when PT-

OCT imaging is carried out on aqueous samples containing relatively low amounts of exogenous agents or 

dissolved molecules will æT depend linearly on their concentration (e.g., works reported in[74, 75]). That 

is so because in these scenarios changes in concentration do not lead to considerable change in density and 

specific heat capacity (i.e., ” ḙὧḙπ), making the coefficients of non-linear terms in Eq. (2.4) 

negligible. This linear prediction aligns well with the results reported to date on different concentrations of 

ICG-water mixtures[91] or those on blood oxygen saturation[74]. Variation of concentration in biological 

tissue compounds (e.g., lipid), on the other hand, results in considerable change in density and specific heat 
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capacity, leading to non-linear variation of æT with concentration[92]. The degree of this non-linearity is 

determined by the contrasts of the componentôs properties, ‒.  

Once æT is induced, the volume and the local refractive index of the molecular matrix change 

(Fig.18(a)), and the optical path length difference Ўὕὖὒ as a function of relative concentration, ɰ, can be 

found as [80]: 

Ўὕὖὒɰ ᷿ ὲὝȟɰὨὰὲὝ ЎὝὒ ὲὝ ὒ ὲɰ ɰЎὝɰ ὒ ὒɰЎὝɰ

ὲɰὒᴼ   Ўὕὖὒɰ ὒ ὲɰɰ ɰ ЎὝɰ ɰɰ ЎὝɰ            ςȢυ         O

 ЎὕὖὒθЎὝ.             (2.6) 

Here, Ὕ is the initial temperature of the sample, Ὠὲ
ὨὝ is the thermo-optic coefficient, and  is its linear 

thermal expansion coefficient. Considering the range of values of parameters of Eq. (2.5) in biological 

systems (see Table 1), the quadratic term of ЎὝ is negligible compared to the linear term. Therefore, the 

Ўὕὖὒ measured through the phase signal of OCT is directly proportional to variations in temperature, ЎὝ. 

Table 1 Opto-thermo-physical properties of components used in the experiments and the simulations.  These 

properties appear in the proposed solution of the bio-heat equation in Eq. (2.1). 

Property (unit) Water Mayo 

Absorption coefficient  ‘ (ά ) 100       [31] 160      [31] 

Density ” (ὯὫȾά ) 1000       910 

Specific heat ὧ (ὐȾὑὫ ὑ) 4184       2450        [93, 94] 

Thermal diffusivity  (m2 / s) 0.145×10-6     0.110×10-6  [89] 

Refractive index ὲ  1.34        [80] 1.49            [95] 

Thermo-optic coefficient  ωρρπ         [80] υσρρπ   

[95] 

Linear thermal expansion coefficient  (Ὧ ) ρππρπ l   [80] ρπππρπ  

[96] 

  

2.2.2. Simulation  

To get a better understanding of the predictions of the developed model we simulated the PT-OCT 

responses of various ratios of mayo-water mixtures. The opto-thermo-physical properties used for pure 

mayo and water (i.e., ‒ and ‒) are depicted in Table 1. The simulation results of the normalized Ўὕὖὒ as 

a function of mayo concentration are plotted in figure 18(b). When considering a mixture in which the 

properties of the solvent are dominant (” ḙὧḙπ), the change in the concentration predominantly 
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induces a change in the absorption coefficient of the PT light. Under this condition, the non-linear terms of 

Eq. (2.4) become negligible, resulting in a linear relation between ЎὝ (and consequently Ўὕὖὒ; Eq. (2.6)) 

and mayo concentration as experimentally observed by other groups[74, 91]. However, when the sample is 

considered as a compound of mayo and water, the material properties are determined by the weight 

percentage of its components, Eq. (2.3). Since there is a pronounced difference between the opto-thermo-

physical properties of mayo and water (Table 1), parameters ”, ὧ, ‘ in Eq. (2.4) are all considerable, 

leading to the non-linear variation of ЎὝ with mayo concentration seen in figure 19(b). Furthermore, the 

refractive index, its temperature dependence, and the expansion coefficient in Eq. (2.5) are also 

concentration-dependent (see Table 1) and contribute to the non-linearity of Ўὕὖὒ. Consequently, unlike 

the linear behaviors reported to date on samples with exogenous agents or dissolved molecules in aqueous 

media[74, 75], the general variation of Ўὕὖὒ with the concentration of one tissue component is non-linear. 

Another notable point in figure 18(b) is the small Ўὕὖὒ predicted for water (i.e., %Mayo=0) despite waterôs 

moderate absorption at 1210  nm[31]. The reason behind the small Ўὕὖὒ for water is the large heat capacity 

of water acting against the rise of the temperature as well as the cancellation of contributions of thermal 

expansion, ὲɰɰ , and thermo-optic coefficient, ɰ , to OPL-changes. The small Ўὕὖὒ of water is 

specifically important for PT-OCT of biological tissues that generally have high water content because it 

helps with the detection of PT-OCT signatures of waterless tissue components above the small PT-OCT 

signal baseline from water. Therefore, in PT-OCT, the large absorption coefficient of a component does 

not necessarily lead to a strong PT-OCT signal and, in fact, the optimization of PT-OCT experiments needs 

to take place by considering the interplay between the opto-thermo-physical properties of tissue. 

 

Figure 18. (a) Schematic presentation of sequence of physical processes taking place in PT-OCT upon absorption of 

PT light. The raised temperature in the sample leads to change in OPL near the MOI. (b) Numerical and 

experimental results for æOPL as a function of concentration of mayonnaise in the sample. The non-linear behavior 

in the experimental dataset is followed with the presented model.  
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2.2.3. Experimental Validations 

2.2.3.i) experimental setup 

(Note: In this section, we explain the PT-OCT setup that we designed and assembled in our lab. In the 

following sections and chapters, to prevent repetition, we simply refer to this section.) 

To experimentally verify our theoretical predictions, we developed a spectral-domain PT-OCT system, 

employing broadband light of a superluminescent diode centered at 1310 nm (+/- 75 nm at 10 dB; Exalos, 

Switzerland), a 2048-pixel line scan camera spectrometer with a maximum acquisition rate of ~147 kHz 

(Wasatch Photonics; USA), and an intensity-modulated single-mode photo-thermal laser. In our setup we 

installed 3 PT lasers illuminating at 806 (30 mW- Thorlabs; USA), 1040 (500 mW- Innolume; Germany), 

and 1210 nm (500 mW- Innolume; Germany). The schematic of our setup is plotted in figure 19.a. The 

output OCT light is directed to the beam splitter by an optical circulator. The PT laser is also connected to 

the other input head of the beam splitter. These two lights are merged and split into two beams (i.e., the 

reference and the sample arms) after passing through the beam splitter. In the sample arm, the output light 

in the fiber is directed to a reflective collimator (Thorlabs; USA). The collimated beam in the sample arm 

(see Fig.19(b)) is focused on the sample surface by the objective lens (LSM02, Thorlabs; USA). The 2-

DOF Galvo mirror is also used to raster scan the sample surface with the laser beams. In the reference arm, 

the light illuminates a gold-coated reference mirror after exiting from the collimator. To compensate the 

dispersion as a result of passing the light from the objective lens in the sample arm, the dispersion 

compensation block is installed in the reference arm. By changing the polarization of the light in the 

reference arm with the polarization controller unit (Thorlabs; USA), the polarization of the reference beam 

is matched with the polarization of the sample beam. The reflected light of these two arms is merged again 

in the beam splitter and is redirected to the spectrometer by the optical circulator. In the spectrometer, the 

spectrum of the received signal is digitized and sent to the PC for processing. The two views of the 

assembled system at the HBO lab, York University are shown in figure 19(c),(d).  

 



 

35 

 

  

 

Figure 19. Schematic and assembled views of the designed and developed PT-OCT setup in this thesis. (a) 

Schematic of the PT-OCT setup including: superluminescent diode (SLD), optical circulator (OC), spectrometer 

(spec) and 2048-pixel line scan camera (LSC), photo-thermal laser (PT), 50:50 fiber coupler, polarization controller 

(PC), collimator(C), dispersion compensation block (DCB), reference mirror (RM), reflective collimator (RC), 2 

degree of freedom galvo mirrors (GM), and objective lens (OL); (b) Detailed view of the sample arm. (c), (d) Two 

views of the assembled PT-OCT system. 

 

The flowchart of signal processing for PT-OCT signals is plotted in figure 20. To form the tomogram 

of the sample, in light of Eq. (1.1) and Eq. (1.2), we need to capture the OCT signal in k-space (wavenumber 

space, ς “Ⱦ‗), then convert it to the z-space (physical length). To do so, after loading the received signal 

on the PC, the captured background is subtracted from it. The background subtraction removes the intensity 

of the reference beam (term IR in Eq. (1.1)). In the spectrometer, sampling in the wavelength was indeed in 

a constant interval. Once the wavelength converted to the wavenumber, the sampling interval was no longer 

constant. Using linear interpolation, the signal is resampled linearly in k-space. This resampling with linear 

interval allows us to use Fast Fourier Transformation (FFT). By applying inverse FFT (iFFT) on the signal 
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in k-space, the signal converts to z-space (Eq. (1.2)). The amplitude of complex numbers producing by 

iFFT forms the OCT amplitude image. The phase of complex numbers for each pixel over time (M-scan) 

is the basis for forming PT-OCT images. Due to the DC term in the thermal field, there is drift line in the 

variation of phase over time. To remove the signal drift, a difference in temporal direction is applied on the 

signal. Removing the signal drift gives us the phase modulating that is generated due to the modulation of 

PT laser power on the sample. By applying FFT on the phase modulation, and calculating the amplitude of 

results, the spectrum of the phase is obtained. Eventually, by carrying out lock-in demodulation at the 

modulation frequency of the PT laser, and using Eq. (2.7)[78], the pixel amplitude in PT-OCT image is 

calculated using following equation:  

                                                                      ὃάὴὤ
ȿ ȟ ȿ

Ў
.                                                (2.7) 

Here ȿὴȿ is the normalized FFT amplitude of the difference of the phase signal at the PT laser modulation 

frequency of  Ὢ, ‗ is the center wavelength of the OCT laser, and ɝὸ is the acquisition time for one A-

line. 

Considering the absorption band of the MOI, one of the PT lasers is powered on. The axial and lateral 

resolutions of OCT in air were measured as 10 µm and 11.5 µm, respectively. The OCT and PT beams are 

concentric and co-scanned, and their FWHM spot sizes are 7 µm and 8.5 µm (30 ɛm at 10 dB attenuation), 

respectively.  Using a common-path reference, a displacement error of 3  nm at a SNR of 35 dB was 

measured, which is close to that of a shot-noise-limited system[97]. The methods and results of 

characterization of the setup are presented in Appendix A.  
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Figure 20. The flowchart of data processing to form OCT and PT-OCT images from the raw data, see text for 

detailed explanation of signal processing steps, scare bar=60 ɛm. 
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2.2.3.ii) The phantoms 

To prepare various dilutions of the lipid-water compound, droplets of mayo and ultrasound gel with 

appropriate weight ratios were dispensed in a petri dish and stirred well to make homogenous samples at 

five different weight concentrations of mayo (100, 75, 50, 25, 0). The scattering of the 0% mayo sample 

was adjusted to those of other mayo concentrations using titanium dioxide powder. In addition, to examine 

the efficacy of the system in detecting lipid in tissue, lipid-rich atherosclerotic plaque was mimicked by 

injecting 95% mayo compound into fresh normal bovine cardiac muscle. A similar sample was also 

prepared using 40% mayo compound to examine PT-OCT systemôs sensitivity to lipid concentration in 

tissues. The thickness of the cap above the lipid-pool for the 40% and 95% mayo simulated plaques varied 

between 110 µm to 360 µm and 140 µm to 280 µm, respectively. These simulated cap dimensions are 

comparable to those encountered in vulnerable coronary plaques[98].  

2.2.3.iii) Imaging protocol 

In the study, as we chose lipid as MOI, and since lipid has a peak at 1210 nm in absorption band[31], 

the 1210  nm PT laser with a power on sample 18 mW was connected to the setup. PT-OCT experiments 

were carried at an A-line rate of 21.6 kHz for OCT spectrometer. Each M-scan consisted of 5000 data points 

acquired in ~230 ms. The PT signal is sinusoidal and modulated at 500 Hz. 

2.2.4. Results and discussion 

Figure 21 depicts results obtained from samples at various mayo concentrations. Conventional OCT 

images of panels a-e cannot discern between different concentration of mayo/lipid. The root cause of this 

limitation is the fact that conventional OCT forms images based on elastic scattering of light which 

originates from discontinuities in the materialsô refractive index rather than based on the presence of a 

characteristic molecular marker of the disease. Hence, tissues with very different composition may have 

very similar OCT structural signatures. A case in point is the identification of the thin cap fibroatheromas 

(TCFA), characterized by the presence of a necrotic core and extracellular lipid, and their differentiation 

from less vulnerable pathological intimal thickenings[99]. Both plaque types bear similar structural features 

when imaged with intravascular OCT, complicating the identification of plaques at increased risk of causing 

future adverse events. The PT-OCT images of panels f-j, on the other hand, clearly show the strong direct 

correlation of PT-OCT signal strength with concentration of mayo/lipid. The PT-OCT images of figure 21, 

qualitatively, suggest a non-linear variation of PT-OCT signal with concentration. The normalized average 

PT-OCT signals of each mayo concentration is plotted in figure 19(b) together with the simulated results. 

For the dilution experiments, the average of the pixels in the PT-OCT B-mode images were normalized to 

that of the 100% mayo sample, as seen in figure 19(b). The non-linear variation of PT-OCT signal with 

%mayo is evident in this plot, as predicted by the theoretical model. Another key observation is the 
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significant underestimation of the PT-OCT signal for 100% mayo when only considering the absorption 

coefficient (‘) to be concentration-dependent in the model. In such a single-variable model, a 36-times 

higher absorption coefficient is needed for mayo to achieve a PT-OCT signal comparable to the 

experimental value. The reason behind this discrepancy is that in practice both ” and ὧ play an 

intensifying role based on Eq. (2.4) in producing a larger ЎὝ compared to the case where concentration 

dependence of ” and ὧ are neglected. Also note that while the non-linear trend of variation of normalized 

Ўὕὖὒ with %mayo is reasonably close to the predicted theoretical values in the 25%-100% range, the 

experimental PT-OCT signal deviates from the predicted theoretical trend at 0% (i.e., water) because the 

measured PT-OCT signal is dominated, in this case, by the noise floor in the OCT phase channel. 

 

Figure 21. A comparison between OCT and PT-OCT in ability to offer insight into MOI concentration. OCT images 

of samples with mayonnaise concentration (a) 0% (b)25% (c)50% (d) 75% (e)100%, PT-OCT images of samples 

with mayonnaise concentration (f) 0% (g)25% (h)50% (i) 75% and (j)100%. While the OCT images are not 

sensitive to the variation of MOI in the samples, the intensity of pixels in PT-OCT images is a function of 

concentration of MOI in the sample, scale bars= 50 µm. 

 

Imaging results of the artificial lipid-rich plaques are shown in figure 22. In conventional OCT images, 

the boundary of the 40% mayo sample can clearly be identified in the OCT image of panel (a) while the 

boundary of the 95% mayo, panel (b), is diffuse similar to those seen in OCT imaging of the lipid pool in 

human atherosclerotic plaques[100].  In either case, information about the composition of the tissue cannot 

be obtained from the conventional OCT images. The PT-OCT image of panel (d) is from the sample with 

95% mayo injection (i.e., similar lipid content as atherosclerotic plaques[81, 82]). The lipid-rich pool is 

clearly identified in this image. The PT-OCT image of panel (c) is from the 40% mayo injection. Here the 

subsurface diluted lipid pool cannot be reliably recognized as the PT-OCT signals are within the range of 

noise floor. While the lipid content here is 42% of that of the sample in panel (d), the resulting PT-OCT 

signal is only about 20% of that of the sample in panel (d). This non-linear variation of PT-OCT signal with 

concentration is in complete alignment with the theoretical predictions of our model. Results of figure 22 

indicate that PT-OCT has potential for offering key insight into the presence of subsurface lipid-rich 

material in tissue; however, the interpretation of results needs to be carried out with care and by keeping 

the non-linear interplay between opto-thermo-physical properties and PT-OCT signals in mind. 
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Figure 22. The images of the artificial lipid plaque sample with OCT and PT-OCT. Results of OCT image of the 

plaque phantom with mayonnaise concentration (a) 40% (b) 95%, PT-OCT image of the plaque phantom with 

mayonnaise concentration (c) 40% (d) 95%. PT-OCT results has a correlation with percentage of MOI in the 

sample, scale bar=100 µm. 

 

2.2.5. Summary 

In summary, this section provides a theoretical model and a preliminary experimental study 

demonstrating the feasibility of obtaining quantitative insight into the chemical composition of biological 

tissues using PT-OCT. The developed model and experimental results suggest that the relation between PT-

OCT signals and the concentration of an absorbing component in the tissue is non-linear, and that the degree 

of this non-linearity is determined by the contrasts of componentôs opto-thermo-physical properties, ‒. 

Another key conclusion of this work is that in PT-OCT a large absorption coefficient of a component does 

not necessarily lead to a strong PT-OCT signal. Instead, the strength of the PT-OCT signal is highly 

dependent on the interplay between the opto-thermo-physical properties of the tissue, all of which are 

concentration-dependent. Our experimental results suggest the possibility of obtaining insight into the lipid 

content of tissue-like samples and may offer a pathway towards refined assessment of atherosclerotic 

plaques in the future. In this potential application, decreasing the noise floor in a catheter-based PT-OCT 

system for in-vivo imaging leads to improvements in the accuracy of detecting lipid in atherosclerotic 

plaques. This can be done either by tuning parameters in PT-OCT imaging or designing the hardware so 

that it is more stable and suppresses phase variation. It should be noted that executing a complicated phase 

stable system in a such small volume of catheter has technical challenges. In this section, we have shown 

PT-OCT signals contain information from which MOI concentration can be predicted. The next logical step 

is to explore what other sample and system parameters influence PT-OCT signals (i.e., the motivation 

behind development of next theoretical work). 

2.3. A 3D Opto-Thermo-Mechanical Model for Predicting Photo-Thermal Optical 

Coherence Tomography Responses in Multilayer Geometries 

2.3.1. Theory 

As we told in the beginning of this chapter, a few models for PT-OCT have been presented so far. In 

these models, the mechanical strain/stress field, as well as the effect of vicinity area related to the beam 

axis such as heat flux on the PT-OCT signal neglected. The motivation of the work in this section is 
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generating a new model for PT-OCT that covers this limitation by considering the effect of vicinity area 

and the mechanical response of the sample on PT-OCT signal. Based on the sequence of physical 

phenomena explained in Chapter 2, Section 2.2, we propose a model to simulate the PT-OCT signal in 

samples in 3-D space using cylindrical coordinates. A layer refers to a homogeneous area of the sample 

with uniform opto-thermo-mechanical properties, such as a glass layer, or Polydimethylsiloxane (PDMS) 

layer. Then, we mesh each layer into a series of homogeneous slices with their own constant material 

properties, stacked on top of each other. For simplicity, we refer to these meshes as slices. With this 

approach, we can model both single and multi-layer samples. Boundary conditions impose continuity of 

fields at slice interfaces. The flowchart of the proposed model is depicted in figure 23(a). The model is 

comprised of three computing blocks in series: light field, thermal field, and stress/strain field. Each block 

is fed by the results of the previous block(s), system parameters, and material properties.  

Coupling between the blocks, while physically possible, is considered negligible and ignored. In this 

model, we assume that the sample is located between two fixed supports (Fig.23(b)). Depending on the 

specific sample geometry, the top support may be a constrained sample surface, a constrained glass slide 

on top of the sample surface, or an imaginary plane above sample surface in air. The fixed bottom support 

is at the bottom of sample, at a depth well beyond achievable imaging depths. Samples can be mono-layer 

or multi-layer. Then the volume between the fixed supports, in cylindrical coordinates, is sliced, resulting 

in a stack of disks. Subsequently, the disks (slices) are assigned with opto-thermo-mechanical properties of 

the corresponding sample layers. This meshing approach ensures that the sample surface falls within the 

space between the two fixed supports which, in return, allows us to use the same boundary condition when 

solving for the stress/strain field regardless of number of layers in the sample and boundary condition on 

the sample surface. 

In the first block, based on the optical properties of the sample and system parameters (e.g., PT laser 

power and modulation frequency), the PT laser light field in the sample is estimated in 3D. The temperature 

field in the sample is then determined in 3D considering the thermal properties and the light intensity 

distribution in the sample. The output of this part is the variation of temperature at every point in the sample 

over time. In the last block, the mechanical stress/strain field in the sample in response to the temperature 

change and as a function of the materialôs mechanical properties are obtained. Eventually, the OPL variation 

and PT-OCT signal are calculated from the mechanical displacements and the temperature changes. The 

sections below depict the mathematical modeling of the three serial blocks. In this model, our approach to 

solve equations in the mechanical strain block was elasto-static and ignored dynamic states and interaction 

between the associated dynamic effects. 
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Figure 23. (a) The flowchart of the proposed model. This model mainly consists of three main blocks, including: 

light, thermal and the strain field. The material properties and experimental conditions and the output of previous 

blocks are the input for the next block. (b) schematic definition of heat affected zone (HAZ), thermo-mechanically 

affected zone (TMAZ), and the rigid zone in the sample as a function of thermal field in the sample. In this model 

the sample is sliced with a pile of disks along the depth; look at the definition of regions in the sample as a function 

of the generated heat in the sample. (c) a top view of a slice and the location of elastic (HAZ+TMAZ) and rigid 

zones in it. 

 

2.3.1.i) The light field 

Assuming Gaussian beam propagation and absence of scattering, the intensity I of light in the sample 

can be expressed as[101]: 

             Ὅ‚ȟὸ Ὡὼὴ  .                      (2.8) 

Here, ὖ ὸ is the incident power of the PT laser on the top surface, ɛa is the absorption coefficient, ɝ 

is the radial to the center of the beam at a specific depth z, t is time, and W is the radius of the waist of the 

beam at each depth which can be estimated as[101]: 

                                        ὡ ᾀ ὡ ρ .                                                     (2.9) 

Here, Zf is the axial distance between a selected depth and the focal plane, Lray is the Rayleigh range, 

and Wf is the beam waist at the focal plane which is calculated as: 
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                                              ὡ .                                                              (2.10) 

Here ɚin stands for the wavelength of the incident beam, Lf is the focal length of the objective lens, 

and Wcol is the waist of the collimated beam incident on the objective lens. Projecting the beam on a sample 

with refractive index n, the Rayleigh range Lray can be calculated as: 

                                          ὒ ὡ .                                                       (2.11) 

Combined, this block estimates the intensity of the PT beam in the sample. We should reiterate here that 

the above derivations are ignoring light scattering and assume that light attenuation within the effective 

imaging depth of PT-OCT is dominated by absorption of light. The rationale for this simplifying assumption 

is that in practice the imaging depth of PT-OCT is limited to at most the imaging depth of OCT, which is 

on the order of few scattering mean free paths. Within this imaging range contributions of scattering to the 

light field are expected to be significantly less than when approaching the transport mean free path or the 

diffuse regime. At these imaging depths, there would not be any OCT signal left. Moreover, in PT-OCT, 

the PT laser wavelength is intentionally selected at a wavelength at which the PT laser is very efficiently 

absorbed. These considerations motivated us to assume an absorption-dominated light field for our 

approximation. It should also be noted that the PT-OCT depends on the modulated (AC) portion of the 

thermal field and not the bulk temperature rise. This point is important because the AC portion of the 

temperature field is attenuated exponentially in spatial directions. That is, absorption of scattered light that 

is more than a thermal diffusion length (e.g., 4.3µm at 2.5 k Hz PT laser modulation) away from the OCT 

beam axis is not expected to contribute significantly to the measured PT-OCT signal. Light scattering can, 

however, create an offset error in the proposed model. A potential remedy to this limitation of our model is 

to convolve model predictions with an empirical spread function to account for scattering of light (as shown 

in Ref[79]).  

2.3.1.ii) The thermal field 

Absorption of photonsô energy by molecules generates heat in the sample. The partial differential 

equation governing the thermal diffusion field in time-domain is[102]: 

Ὕ ȟὸ Ὕ ȟὸ ὗ ȟὸ Ὅ ȟὸȢ                   (2.12) 

Where T is the temperature, ū[ɝ,z] is vectorial distance to the center of the beam Ŭ is thermal diffusivity 

of the medium, ə is the thermal conductivity of the medium. Since the heat source Q originates from an 

intensity-modulated PT-laser excitation, it is more convenient to solve the heat equation in the frequency 

domain[103]. After applying FT on Eq. (2.12) with respect to time, the heat equation is converted from 

time domain to the frequency domain as[102]: 
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— ȟ „ — ȟ ὗ ȟ Ὅ ȟȢ            (2.13) 

Here — is the temperature in the temporal frequency domain, ὗ is the heat source distribution in the 

frequency domain, Ὅ is the intensity in the frequency domain and „ is the complex wave number which is 

defined as[102, 103]: 

                                                     „ ρ ὭȢ                                    (2.14) 

Here, ‘  is the thermal diffusion length. Using the Greenôs function method to solve the heat 

equation (Eq. (2.12)), the temperature field for a semi-infinite volume in frequency domain can be obtained 

as[102]:  

                 ς— ȟ ḁ ὗὋὨὠ ḃ Ὃ— —Ὃ ὨὛ.                     (2.15) 

In the above equation, Ὃ is the three-dimensional Greenôs function. In PT-OCT, the penetration depth 

of the PT light is usually shorter than the thickness of the sample, so a homogeneous sample can be 

considered as a semi-infinite medium. For a semi-infinite medium and homogenous thermal properties 

slice, the Greenôs function is[102, 104]: 

    Ὃ
ȿ ȿ

ȿ ȿ

ǋ

ǋ .                                (2.16) 

Where ū0(r0, ɗ0, z0) is the location of the heat point source, and ὶȟ—ȟᾀ  is its mirror-point 

corresponding to reflection at the top surface. The result of the temperature field in frequency domain can 

be converted to time domain using inverse Fourier transformation as follows[103]: 

      Ὕ ȟὸ ᷿ — ȟὩ Ὠὸ
Ð

Ð
.                                   (2.17) 

In multi-layer geometries, the heat exchange between layers with different thermal properties (different 

materials) is considered by taking the thermal effusivity at the boundary of two adjacent layers into account. 

The thermal effusivity (Ὡ ‖”ὧ) is a thermal material property that measures the ability of a material to 

exchange heat with its surroundings (i.e., other layers with different materials) as heat flux. However, to 

calculate the thermal waves inside a layer consisting of a single material, in light of Eq. (2.12), the thermal 

diffusivity ( ‖”ὧϳ ) of the layer is normally used. As an example, in modeling of an atherosclerosis 

plaque sample, the thermal field inside the lipid pool is estimated using the thermal diffusivity of lipid. 

However, the effect of the heat sink that occurs because of the heat flux between the blood flow on the top 

of the plaque and the plaque, can be estimated by considering the thermal effusivity mismatch of the plaque 

and the blood.  
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The heat flux effect can be applied in the model by superposing the temperature field in absence of any 

heat flux with the temperature distribution in presence of a heat flux. Assuming perfect thermal contact, the 

temperature at the contact surface of two layers (e.g. layer1 and layer2) Ὕ  is estimated as[105]: 

                                                   Ὕ .                                          (2.18) 

Here e stands for thermal effusivity. The generated thermal flux q in terms of the distance related to the 

top surface ȿᾀ ᾀȿ can then be calculated as: 

                                                 ή ‖ ‖
♠ȟ

ȿ ȿ
.                         (2.19) 

Once the thermal flux at boundaries is calculated via Eq. (2.19), the updated temperature will be 

calculated with Eq. (2.15)[102]. The accuracy of this superposition method was tested with a precise 

numerical solution obtained with finite difference method (FDM), in Appendix B. The ultimate output of 

the subtraction of the thermal field from the heat flux is the 3D temperature field of the multilayer geometry, 

T(ū,t). 

2.3.1.iii) The mechanical stress/strain field 

To estimate the thermo-elastic expansion of the sample as a consequence of the temperature change, the 

sample is radially divided into three zones (Fig.23(b)). The cylindrical zone concentric with the PT beam 

where most of temperature rise takes place is named the heat affected zone (HAZ). The zone outside of 

HAZ that is not significantly affected by the temperature change, but still mechanically contributes to 

thermo-elastic expansion as an impedance is named thermo-mechanically affected zone (TMAZ). These 

two elastic zones are surrounded by a rigid zone in which temperature rise and thermo-elastic expansions 

are considered negligible. Figure 23(c) shows the location of these three zones in a top view of a slice. To 

find the radii of HAZ and TMAZ, first we find the maximum temperature amplitude inside the sample. A 

10 dB radial drop in the temperature amplitude at that depth defines the HAZ radius for all depths 

(Fig.23(b)). The radius of TMAZ is defined as 10 times that of HAZ (thick-walled cylinder condition). Note 

that series of simulations were done to justify this selected ratio between HAZ and TMAZ, available in 

Appendix C. Outside TMAZ is the rigid zone where no material is displaced. Using constitutive 

thermoelastic equations in the cylindrical coordinate system and assuming an axially-symmetric 

problem[106, 107], the radial and axial displacements (u,w) under assumption of these boundary conditions 

(B.Cs) are (see Appendix C for more information): 
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                        „ „ πȟ                   (2.20) 

                  

"Ȣ#Ȣρȡ„ ȿ „ ȿ ȟ

"Ȣ#Ȣςȡ ό ȿ ό ȿ ȟ

"Ȣ#Ȣσȡ ό ȿ πȟ

                              

"Ȣ#Ȣτȡ„ „ „ ȢȢȢȟ

"Ȣ#Ȣυȡ„ „ „ ȢȢȢȟ

"Ȣ#Ȣφȡ ‐ πȟὄȢὅȢχᵼ ‐ πȢ
 

The goal of above system of equation is to estimate the displacement field by meshing the sample along 

the depth into a stack of disks with the same radius. That is, in above equations nonuniformity in distribution 

of axial stress (ůz) due to thermal gradient along the depth is ignored (B.C.4 and B.C.5). This simplifying 

assumption enables the model to focus on calculation of normal stresses and strains as main contributors to 

changes to the axial physical length of each slice (i.e., needed for estimation of OPL). In addition, the total 

strain along the depth is considered to be zero (B.C.6.), assuming that the distance between the top and 

bottom sample supports is fixed (i.e., to satisfy continuity in axial direction). The steps to solve these 

equations are explained in more detail in the Appendix C. 

2.3.1.iv) PT-OCT signal 

PT-OCT works based on measurement of the change in OPL as a function of depth and at the center of 

HAZ via the time-lapse (M-mode) OCT phase. OPL is defined as the product of the refractive index and 

the physical length of each HAZ slice, L: 

ῳὕὖὒὲὒ ὲὒȢ                     (2.21) 

The new length of all slices L2, is calculated from Eq. (2.20). Changing the temperature not only alters 

the length of HAZ, but also affects its refractive index: 

ὲ ὲ ῳὝȢ                    (2.22) 

Where,  is the opto-thermo coefficient of the sample. Finally, the change in the OCT phase ȹū can 

be obtained by: 

                       ῳ‰  .                                   (2.23) 

Here ‗ is the center wavelength of the OCT laser. The detected signal by PT-OCT system is the 

cumulative effect of phase variation at each slice.  
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2.3.2. Experimental methodology 

2.3.2.i) The PT-OCT setup 

The setup is explained in detail in Section 2.3.i and figure 19. We should add that the 806 nm PT laser 

was used with a 5 mW power on the sample. 

2.3.2.ii) The Phantoms 

For evaluating the accuracy of the model, two kinds of phantoms were prepared. The first kind used 

PDMS (SYLGARD184, DOW, USA) as the matrix material. The two parts of PDMS (base and curing 

agent) were mixed in a ratio of 1:10 by weight. To enhance light scattering, 25 mg titanium dioxide (TiO2, 

Sigma Aldrich, USA) was added to 1 ml of curing agent before combination with the base; the particle-

curing agent mixture was then shaken in the ultrasound bath for 10 minutes to make a homogenous liquid. 

A dye (IR-806, Sigma Aldrich, USA) which is soluble in methanol was selected as the absorber of the PT 

laser light at 808 nm. Using a UV-VIS spectrometer (Shimadzu, Japan), the absorption coefficient of a 

solution of the dye with a concentration of 19.58 mg/ml was measured (Table.2). The dissolved dye in 

methanol then was added to the PDMS mixture and was stirred well. After pouring a mold with the PDMS 

sample and degasification for 15 minutes, the mixture was put on the hot plate at 70 °C for 10 h to cure. 

Finally, the cured sample was ejected from the mold. Four phantoms with 0.22, 0.43, 1.3, and 2.2 mg/ml 

absorber concentrations were made. The second kind of phantoms used plastisol as the matrix material. In 

an aluminum dish, 10 ml of liquid plastisol was heated up on a hot plate to 110 °C. Then the dye solution 

and 25 mg of the scattering powder were added to the boiling plastisol and stirred well for 2 minutes to 

make a homogeneous mixture. Next, this mixture was cast into a cube mold and was cooled in air to solidify. 

The concentration of the dye in this sample was 5.2 mg/ml. To make a multi-layer phantom, a slice of 

PDMS absorber layer was sandwiched between two layers of standard glass slides. These layers were 

bonded together mechanically via clear tape. The thickness of each absorber layers (4 PDMS and 1 plastisol 

samples) was about 1 cm. 

2.3.2.iii) Imaging protocol 

To image samples, PT laser intensity was modulated in the form of a sinusoidal waveform from 0 mW 

to a set maximum power (for example 0 to 2 mW). In all experiments, 1000 points over time (M-scan) at 

an A-line rate of 21.6 kHz were captured from each point on the sample surface (duration ḗ 46 ms). The 

PT laser was then turned off for 460 ms before acquiring the M-scan data of the next point on the sample 

surface, laterally spaced from the previous point by 5 µm. 
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2.3.2.iv) The Simulation and the input parameters 

To examine the performance of the model, using the generated equations, a series of simulations under 

various conditions were performed. These conditions can be divided into two categories, including: 

conditions which relate to PT illumination parameters and ones related to material properties. In the first 

category, the power of the PT laser, the frequency of the PT laser modulation, and the location of the sample 

with respect to the focal plane were studied on the same sample. The second simulation category consisted 

of simulation of: a single-layer phantom with various concentrations of absorber, a multi-layer phantom 

submerged in different liquids, and an absorber layer sandwiched between layers with different mechanical 

stiffness. These simulations were carried out under identical illumination condition. Simulated and 

experimental signals were processed in the same way. 

The inputs to the simulation were sample properties and system parameters. Those that could reliably 

be measured (e.g., beam size) were measured and are depicted in Table 2. For parameters that could not be 

reliably measured, we used an optimization code to find optimum values (e.g., thermal conductivity, 

thermal expansion coefficient, etc.). Through this code, we tried to minimize the difference between 

simulated and experimental signal by defining the goal function based on the root mean square error 

(RMSE). It should be pointed out that in this optimization, a PT-OCT signal data from an individual 

experiment was selected. This selected signal data as is marked with a green arrow in Fig.24(a). In the 

optimization procedure, considering the reported values in references for each parameter, a reasonable 

scanning range was defined for each parameter. At each step of this procedure, the value of only one 

parameter was changed within the predefined range (other parameters were kept constant) while the RMSE 

between the experimental signal and the simulated signal was calculated. This process was repeated for all 

parameters. Eventually, the values that generated smallest RMSE was selected as the optimized values for 

inputs of the model. Once the missing parameters/properties were found from the single experimental 

dataset, values were used for all subsequent simulations/comparisons. The optimized values are compared 

to literature values in Table 3. Here, the scanning range of parameters corresponds to doubling of MSE in 

each direction with respect to MSE of the optimal values (i.e., the global minimum). Discussion on 

uncertainty of predictions can be found in Appendix D.  
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Table 2. Values for experimental inputs and material properties used in the simulation and the experiments. Some 

parameters in this table were measured directly. The other parameters are reported from other references.  
Parameters (Units) Value 

PT Parameter  

Absorption coefficient ‘ (cm-1) of dye with concentration of (19.58mg/ml) 89.04 

PT laser power Pinc mW) 0 to 4.5 

PT laser wavelength ( nm) 808 

PT laser amplitude modulation frequency f (Hz) 500-1000-1500-2000-2500 

PT Laser beam radius after collimator (mm) 2.5 

OCT Parameter  

OCT center wavelength ( nm) 1315 

OCT laser power (mW) 30 

Sample Parameter  

Young's modulus of PDMS (kPa) 400 (reported 360-870[108]) 

Young's modulus of Plastisol (kPa) 70 (reported 40-70[109]) 

Young's modulus of BK7 Glass (GPa) 90 

 

 

Table 3 The values of material properties in the simulation for PDMS and plastisol. For each material, the optimized 

values, the scanning range in the optimization procedure and the reported values for materials are listed. 
 PDMS  Plastisol 

Material properties 

(Units) 

Optimized 

value[scanning 

range] Reported value  

Optimized 

value[scanning 

range] Reported value 

Refractive index 1.4[1.34;1.46] 1.4 [110]  1.45[1.39;1.51] 1.45 [111] 

Thermal 

conductivity 

(W/mK) 

0.11[0.128; 

0.098] 0.15 [110]  

0.06[0.78; 

0.049] 

0.06-0.12 

[112] 

Specific heat 

(kJ/kg/K) 1.2[0.093;1.85] 1.46 [110]  

1.08[0.089;1.80

] 

1.16-2.65 

[112] 

Density (Kg/m3) 968[870;1370] 970[110]  958[830;1340] 962[113] 

Thermo-optic 

coefficient (K-1) 

-460x10-6[(-520; 

-395)x10-6] -450x10-6 [114]  

-400 x10-6[(-

460;-350)x10-6] 

-340 x10-6 

[115]a 

Linear thermal 

expansion 

coefficient (K-1) 

310x10-

6[(286;334)x10-6] 320x10-6 [116]  

230x10-

6[(180;255)x10-

6] 

50-200x10-6 

[117] 

Poisson ratio 0.4[0.37;0.43] 0.5 [110]  0.4[0.37;0.43] 0.6 [118] 

aValue for silicone since this value could not be found in the literature for Plastisol. 

 

2.3.3. Results and discussion 

2.3.3.i) Effect of the PT laser light field on the PT-OCT signal 

To study the effects of the PT laser parameters, a sample with 2.2 mg/ml of absorbing dye concentration 

(ɛa=10 cm-1) was defined for the simulation. To verify the simulation results, a series of experiments with 

matching conditions were performed on a fabricated phantom. First, to study the effect of power of the PT 

laser, the sample was illuminated by the PT laser at 5 different levels of power (0, 1.07, 2.47, 3.6, and 4.5 
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mW). In all these cases, the focal plane was aligned with the top surface of the sample, resulting in highest 

intensity of the PT laser on the top sample surface. Simulated PT-OCT signals and smoothing-filtered 

experimental signals versus depth at various power levels are plotted in figure 24(a). Both simulated and 

experimental signals exhibit monotonic increase with depth. This trend is due to the cumulative nature of 

PT-OCT signal in a homogenous layer with the signal amplitude at each depth encoding the effect of all 

preceding layers. It can also be seen that PT-OCT signals exhibit a jump in amplitude at the sample surface 

(i.e., the Y-intercept) followed by an increase in signal values along depth. The rate of increase in signal 

values is higher at depths closer to surface because in these experiments and simulations the top surfaces 

of the sample are exposed to higher intensity of PT beam than deeper sample areas which results in larger 

thermo-elastic expansion of top levels. This behavior is also predicted by Eq. (2.8) and Eq. (2.15), as larger 

intensity of PT laser yields larger heat source Q and subsequently larger amplitude of thermal-wave fields. 

Given that the movement of the sample is not restricted on the top surface in this case (i.e., zero axial 

mechanical stress on each slice of HAZ/TMAZ), these warmer top levels tend to expand upward, so the 

OPL varies drastically near the top levels which contributes to the initial jumps in the PT-OCT signals at 

the first few depth levels of the sample (see Fig.24(a)). Gradually, as the light penetrates deeper in the 

sample, the light intensity decreases due to absorption of PT light by overlayers, and the variation of 

temperature and OPL in deeper levels reduces. The results of figure 24(a) suggest good alignment of the 

experimental data with the developed theory. Results also demonstrate ability of developed theory in 

predicting the initial signal jump in PT-OCT signals which could not be predicted by any of previous 

theoretical models. 

In figure 24(b), the average of PT-OCT signals within a 20 ɛm window below the sample surface were 

plotted in terms of PT laser power at various modulation frequencies. As seen at each modulation frequency, 

increasing the power on the sample increases the amplitude of PT-OCT signal. These experimental 

observations are consistent with the predicted linear increase of the model. Deviations of experimental 

values from linearity are likely due to noise. Such deviations are larger at lower modulation frequencies 

due to the pink nature of noise in PT-OCT systems (i.e., larger error bar at the lower frequencies). Also, in 

experimental data points, there is deviation from the linearity. 

To understand the effect of the absorber concentration on PT-OCT signal, single layer samples with 

three different concentrations of absorber (0.22, 0.43, and 1.3 mg/ml) with absorption coefficient (‘) of 

100, 200, and 600 m-1 were imaged under PT illumination at various powers (0.6, 1.07, 2.98 mW). In figure 

24(c), experimental and simulated PT-OCT signal as a function of absorption coefficient (dye 

concentration) are plotted. As seen, there is proportional relation between PT-OCT signal and dye 

concentration. Also, the slopes of these lines are determined by the PT laser power. At higher 
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concentrations, PT light is absorbed more efficiently, leading to the generation of more heat and eventually 

larger temperature variations. The greater temperature leads to a greater variation in OPL and subsequently 

greater PT-OCT signals. Therefore, the effects of the dye concentration and the PT laser power on the PT-

OCT signals are identical and cannot be directly distinguished from each other as both parameters influence 

the thermal energy delivered to the sample. One possible way of decoupling the effects of MOI 

concentration from PT laser power is to perform spectroscopic PT-OCT at dual PT wavelengths as shown 

before[74, 119]. Another key point in figure 24(c) is the increase in size of error bars at higher 

concentrations which is due to the degradation of SNR caused by enhanced attenuation of PT laser at larger 

dye concentrations.  

To study the effect of the focal plane position, its location within the sample was changed on a single 

layer PDMS sample with 15 mg/ml of absorber at a constant PT laser power level (4.5 mW). The amplitude 

of experimental and simulated PT-OCT signals from top surface of the sample in terms of distance between 

top sample surface and the focal plane are plotted in figure 24(d). Negative values of the distance axis in 

this figure indicate that the sample was closer to the objective lens than the focal plane. As seen in both 

experimental and simulation results, the maximum signal was obtained when the top surface of the sample 

was located in focus at the focal plane. As the top surface moves away from the focal plane, the PT-OCT 

signal of the top surface drops approximately in a symmetric manner. Based on Eq. (2.9), at the focal plane, 

the beam diameter reaches a minimum, so a focused thermal field is then generated in the sample. This 

focused thermal field causes greater change in temperature locally at the center of the beam than a defocused 

beam far from the focal plane. The more change in temperature, the more variation in OPL; thus, the 

amplitude of the PT-OCT signal is maximum when the top surface is located at the focal plane. Regarding 

this inverse relation between signal amplitude and the focal plane, the intensity of the beam becomes half 

after displacing the sample by the Rayleigh range (150 ɛm for our setup). As seen in figure 24(d), both 

experimental data and simulated signals confirm this drop in intensity on order of the Rayleigh range. In 

addition, at off-focus planes, the OCT beam is also defocused which, in return, results in deterioration of 

OCT phase SNR[50]. Results of figure 24(d) suggest that in interpretation of PT-OCT signal, the location 

of focal plane relative to the sample must be considered; otherwise, a strong absorber at deeper regions can 

give the same signal as that of a week absorber in focus. To conclude, the optimum location for the desired 

depth of the sample that needs to be imaged with PT-OCT is the focal plane. This important point should 

be considered in design of PT-OCT catheters in the future. 
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Figure 24. The results of simulated signal after changing the light field in the sample. (a) Simulated and 

experimental PT-OCT signals in terms of depth at various PT laser power at modulation frequency of 1000Hz; the 

green arrow indicates the experimental signal that was used for fitting and optimization of input parameters. (b) 

Simulated and experimental PT-OCT signals versus power in various frequencies. (c) PT-OCT signals as a function 

of absorption coefficient (dye concentration) at various PT laser power at modulation frequency of 1000Hz. (d) PT-

OCT signals in terms of the location of focal plane related to the sample surface at modulation frequency of 500Hz. 

 

2.3.3.ii) Effect of the modulation frequency on PT-OCT signal 

To survey the effect of the PT laser modulation frequency, a single layer PDMS phantom with 2.2 mg/ml 

concentration of absorber was used. This sample was illuminated by the PT laser at modulation frequencies 

of 1000, 1500, 2000, and 2500 Hz at various power levels (1.07, 2.37, and 3.6 mW). The simulated signals 

and average of experimental PT-OCT signals acquired in a window of 20 ɛm just below the sample surface 

as a function of modulation frequency are plotted in figure 25(a). As seen, there is an inverse relation 

between the modulation frequency and the PT-OCT signal. In other words, as the modulation frequency 

increases, the amplitude of the thermal-wave field, and thus the PT-OCT signal, decreases. This relation 

can be justified by the simulated thermal fields in the sample at various frequencies. Figure 25(b) and figure 

25(c) show the results of simulated thermal fields in the sample at the sample surface and along the depth, 

respectively. These plots show the temperature variation in time domain of a section passing the center of 

the sample. As seen, as the modulation frequency increases, the amplitude and size of the thermal field 
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decreases, because the penetration depth of the thermal waves (i.e., thermal diffusion length) is inversely 

proportional to the square root of the modulation frequency (see Eq. (2.14)). This trend, however, does not 

necessarily mean that lower modulation frequencies have priority to higher ones because in practice PT-

OCT systems suffer from pink noise. In other words, at lower modulation frequencies, the PT-OCT signal 

is larger, but the noise floor becomes larger as well. Another relevant consideration in choosing the PT laser 

modulation frequency is its effect on resolving adjacent MOIs. It has been shown in a previous study[80] 

that at higher modulation frequencies, the resolution of the PT-OCT for distinguishing two adjacent point 

absorber improves. This improvement in resolution occurs because at higher frequencies, the thermal 

diffusion length becomes shorter, preventing the interference of the generated thermal fields of the two 

adjacent point absorbers. Results of figure 25 show that the SNR of PT-OCT systems is a function of the 

PT laser modulation frequency and a compromise need to be considered in selection of the optimal 

modulation frequency of a given PT-OCT system. In previous works, the modulation frequencies were 

selected from few hundred[91] to few kilo hertz[68] without any optimizing and justification. Indeed, for 

each sample, the optimum range of modulation frequency must be obtained specifically in light of sample 

properties and experimental conditions. To find this range of frequency, a compromise between SNR and 

spatial resolution must be considered. 

 

Figure 25. The effect of thermal field in the sample on the PT-OCT signal. (a) Simulated and experimental PT-OCT 

signals in terms of modulation frequency at various PT powers. (b) Simulated temporal thermal field at the top 

surface, and (c) along the depth at various frequencies. As the frequency of modulation increases, the thermal 

diffusion length becomes shorter.  

 

2.3.3.iii) Effect of the surrounding medium on PT-OCT signal 

The thermal and mechanical properties of the surrounding medium of an absorber affects PT-OCT 

signal. To observe the thermal effect of the surrounding on an absorber experimentally, the plastisol sample 

with higher dye concentration was selected (5.2 mg/ml concentration of absorber). To magnify this effect, 
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the thermal properties of plastisol such as lower thermal conductivity, allowed us to have greater thermal 

field amplitude in the sample. To generate two different heat fluxes on the sample surface, the sample was 

imaged in air or submerged in oil. The simulated and experimental signals are plotted in figure 26(a). Air 

and oil as the surrounding media have different thermal effusivities, so the generated thermal fields in the 

sample are not the same at the proximity of these media. In fact, the thermal effusivity is a thermal property 

of materials that determine how much heat can transfer in boundary of two different media. The thermal 

effusivity of the edible oil (500-700 Ws0.5/m2K[120]) is much greater than that of air (ḗ6 Ws0.5/m2K). Based 

on the principles of heat transfer and Eq. (2.18), the sample surface temperature in case of submerging in 

oil is lower compared to the one in air. So, because of larger effusivity of oil, more heat is sunk from the 

sample, and as a result the amplitude of the generated thermal field decreases. In Eq. (2.15), the last part of 

the right-hand side stands for the thermal flux on the surface. Because the defined Greenôs function in Eq. 

(2.16) as a solution for Eq. (2.15) has an inverse relation with the distance from the top surface where is the 

location of the heat flux, the temperature drop at the top surfaces is greater than for deeper levels. 

Considering these results, the surrounding media can penalize the PT-OCT signal. In practice, for example, 

tissues consist of water and blood that can act as a powerful heat sink and destroy the PT signal, so the 

thermal effect of the surrounding media of HAZ should be considered in the analysis of PT-OCT signal. 

Besides this, as an application, the amount of decrease in initial jump can be used to measure the thermal 

flux at the proximity of HAZ. 

To study the effect of mechanical stiffness of the surrounding medium on the PT-OCT signal, the PDMS 

sample containing 2.2 mg/ml of the absorber dye was sandwiched between two glass slides. The simulation 

and the experimental PT-OCT signals in terms of depth for the free and the sandwiched samples are shown 

in figure 26(b). It can be seen that there is no jump (zero Y-intercept) in the signal from the sandwiched 

sample. However, in the sample with glass top layer, the top layer with greater mechanical stiffness 

(Youngôs modulusḗ90Gpa) opposes this expansion, resulting in compression of the layer below and/or 

radial expansion of the material. In this scenario, the physical length in the axial direction near the junction 

of these layers does not change that much (unlike in the case of the free sample). Moreover, at the junction 

of the PDMS and the glass layers, because of heat flux, the amplitude of temperature change will be less. 

OPL and PT-OCT signals from the sample with glass top layer are much lower than from the free sample, 

because maximum temperature and the physical displacement that are the two parameters in the definition 

of OPL are less for the sandwiched sample. In light of these results, the stiffness of the top layer can alter 

the signal amplitude, and when the MOI is buried under a top layer (e.g., subsurface lipid pools in 

atherosclerotic plaques), this effect should be considered. Also, the change in the initial jump because of 

stiffness can be considered as a criterion to determine the stiffness of the top layer. For example, as a 

potential application, the stiffness of the cap layer in lipid-rich coronary plaques may be evaluated by 
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analyzing the PT-OCT top surface signal jumps to get an insight into vulnerability of plaque to rupture[121, 

122] . 

Finally, to show the effect of the Poissonôs ratio, simulated signals with/without considering the Poisson 

effect were plotted in figure 26(c). As seen, the signal amplitude in the sample without considering 

Poissonôs ratio (ɜ=0) is significantly smaller than that of a sample with non-zero Poissonôs ratio (ɜ=0.4). 

Indeed, the Poissonôs effect describes how molecules of the sample tend to displace in directions 

perpendicular to the direction of an applying force. After heating, when the HAZ tends to expand in radial 

direction, because of interaction with TMAZ, a radial pressure is generated on HAZ. Consequently, because 

of this pressure and Poissonôs effect, more material tends to expand in the axial direction. These results 

show that neglecting Poissonôs ratio leads to underestimation in simulation of signal. The fact that we find 

Poisson coefficients that are consistent with literature values when optimizing the simulation parameters 

offers further evidence for the validity of the model.  

 

Figure 26. Effect of different boundary conditions on the PT-OCT signals. Simulated and experimental signals of 

the sample (a) in air and submerged in edible oil, (b) free sample and sandwiched sample with glass top layer. (c) 

Simulated signals with different values of Poisson ratio. The mechanical and thermal boundary conditions can affect 

the signal significantly. The effect of boundary conditions, however, was not considered in the previous models.  

 

2.3.4. Summary 

       In this section, we propose a comprehensive and 3D theoretical model for predicting PT-OCT 

responses in multilayer geometries. The proposed model considers optical, thermal, and mechanical 

properties of samples as well as PT-OCT system parameters such as PT laser modulation parameters and 

location of system focal plane with respect to sample. Simulation and experimental parametric studies 

presented in this work demonstrate the ability of the developed model to predict the general behavior of 

PT-OCT signals in multi-layer phantoms with different optical, thermal, and mechanical properties. Our 

results also highlight how the properties of the material in the vicinity of light absorbing molecules 

contribute critically to the acquired PT-OCT signals. We should, however, caution the reader that the 

developed model is an approximation model based on simplifying assumptions such as neglecting scattering 
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of light in the light field block, or based on a thermal model developed for solid materials rather than tissue. 

These assumptions together with other random and systematic sources of noise and error resulted in 

suboptimal alignment of presented simulation and experimental data (e.g., in Figs.24(b) and 25(a)). 

Nevertheless, we anticipate the proposed model to open the door for better understanding of the effects of 

system parameters and tissue opto-thermo-mechanical properties on experimental signals, enabling 

informed optimization of experimentation strategies. The model can potentially also be used as a tool for 

identifying parameters that are most significant in specific experiments to subsequently guide signal 

processing and machine learning solutions for depth-resolved prediction of tissue molecular composition 

information. 
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3: Experimentation and Signal Analysis Strategies for  Enhancing the 

Performance of PT-OCT 

 

3.1.Introduction  

PT-OCT is capable to form images from tissues by taking advantage of fine resolution structural images 

coming from OCT, and depth-resolved insight into chemical information coming from the absorption of 

the PT light by MOI. As we discussed before, PT-OCT has the potential to address the detection specificity 

shortcoming of OCT. For example, in figure 22(a), (b) (the artificial lipid plaques), while different 

concentration of lipid had the same ñlookò under OCT, the differences in lipid concentrations were clearly 

recognized by PT-OCT. In this chapter, we will be introducing experimentation and signal analysis 

strategies for further enhancement of detection performance of PT-OCT. These strategies serve as a first 

step for tailoring PT-OCT to the specific needs of interventional cardiology (i.e., one of the two major 

clinical applications of OCT). Such modalities can better aid interventional cardiologists in assessing the 

risk of atherosclerosis plaques because studies have shown great correlation between the probability of 

rupturing of lipid plaques in artery walls with both the chemical composition and structure of the plaque[31, 

32, 85]. Current state-of-the-art in PT-OCT, however, cannot satisfy these imaging requirements because: 

1- absorption of light at a given wavelength is not necessarily specific to only one MOI (e.g., water and 

lipid both absorb 1210 nm light), and 2- obtaining refined insight into tissue chemical composition directly 

from PT-OCT signals is not reliable as many system and sample parameters affect PT-OCT signals (as 

discussed in the previous chapter). These two major challenges of PT-OCT have held back translation of 

the technique to clinical studies. In this chapter, we will develop two strategies for addressing the 

challenges. 

The first challenge that will be discussed is about specificity of PT-OCT to tissue type and chemical 

composition. Conventional PT-OCT is successful in depth-resolved sensing of absorption of PT light. The 

absorption of the PT light at a given wavelength, however, is not unique to a single MOI. That is, PT light 

absorption takes place at the location of targeted MOI in the sample as well as other not-targeted tissue 

constituent (pseudo-MOI). As there is no metric in conventional PT-OCT to distinguish between signals 

originating from MOI and pseudo-MOIs, conventional PT-OCT images are not entirely specific to certain 

tissue constituent. To tackle this limitation, we will increase the specificity in detection of MOI by analyzing 

their PT-OCT responses to more than one PT laser excitation (aka spectroscopic PT-OCT). 
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Extracting quantitative insight into chemical composition of tissue is another key challenge of PT-OCT. 

As discussed in Chapter 2 (Fig.24 to Fig.26), PT-OCT signals are, intrinsically, multi-factorial. That is, 

aside from tissue absorption spectrum, system parameters and sample properties influence the acquired PT-

OCT signals. Quantitative interpretation of tissue composition from PT-OCT signals, therefore, requires 

decoupling of influences not related to chemistry and absorption spectrum. For example, for quantitative 

imaging of atherosclerotic plaques with PT-OCT, both imaging condition (e.g., the distance from the lipid 

pool to the focal plane) and sample parameters (e.g., the thickness of the fibrous cap) affect the strength of 

the acquired PT-OCT signal, in addition to lipid concentration. In the second part of this chapter, we will 

introduce a machine-learning-based strategy for decoupling the effect of influence parameters to enable 

obtaining quantitative insight into tissue chemical composition with PT-OCT. 

3.2. Spectroscopic PT-OCT for specific detection of MOIs 

In conventional PT-OCT, signals originate from absorption of a narrow-band PT light source in the 

sample. Such absorption events take place not only at MOI sites, but also at other tissue constituent sites 

that absorb the PT light. Therefore, presence of PT-OCT signal cannot be used to uniquely identify/detect 

a MOI. For instance, in cardiology, arterial plaque is made up of materials, including: lipid, water, elastin, 

and collagen[31, 82]. Absorption spectra of these materials in near-IR (NIR) are shown in figure 27. Based 

on these spectra, at 1210 nm, water, lipid, elastin/collagen all absorb the PT light, therefore one cannot 

distinguish the MOIs based on their responses to the PT laser.  

To increase specificity in detection of MOI, spectroscopic method PT-OCT can be employed. In such 

systems, to discern MOI from pseudo-MOI, considering spectroscopy principles and absorption spectra of 

MOI, two (or more) PT wavelengths are used in the setup. The PT-OCT signal is gathered during 

illumination of the sample by each of these PT lasers. Then, by comparing the dual (or multi) wavelength 

responses of sample to the characteristic spectral absorption signatures of MOIs, a depth-resolved map of 

distribution of MOI within the OCT image is formed. For example, based on the absorption spectra in figure 

27, PT lasers at 1040 nm and 1210 nm can be used for enhancing the detection performance. Exciting lipid 

with 1210 nm PT-laser is expected to produce a strong PT-OCT signal while PT-OCT signals at such 

excitation from water, elastin and collagen are expected to be moderate. PT excitation at 1040 nm, on the 

other hand, is expected to yield moderate PT-OCT signal for elastin and collagen while producing minimal 

PT-OCT signal for lipid and water. As such, interrogation of PT-OCT signals at all of these PT laser 

wavelengths and decoupling the received responses from the samples can provide depth-resolved insight 

into the chemical composition of tissues with higher specificity.  

The idea of spectroscopic PT-OCT was introduced by the group of Prof. Milner for the purpose of 

measuring the level of saturated oxygen in blood with high accuracy, both in phantoms and in-vivo[74, 119, 
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123]. We are not aware of any other work in the field that has utilized spectroscopic PT-OCT. For 

cardiology applications, use of PT-OCT has so far been reported only in one conference publication in 

which single PT laser of utilized for detecting and visualizing lipid in human cardiac tissue ex-vivo[124]. 

As such, the spectroscopic PT-OCT work offered in this section for detection of atherosclerotic plaque 

constituents is a first of its kind. 

 

Figure 27. Absorption spectrum of common constituents of cardiac tissue in the NIR range, including: lipid, water, 

elastin, and collagen. Figure adapted from[31]. Copyright by the authors. 

 

3.2.1. Methodology 

3.2.1.i) The setup and imaging protocol 

The experimental setup used for spectroscopic PT-OCT was explained in Section 2.2.3.i. Considering 

the absorption spectra depicted in figure 27, 1040 nm and 1210 nm PT lasers were selected for experiments. 

The PT laser power on the sample at both 1040 nm and 1210 nm was 30 mW. To image samples, modulation 

frequency of PT laser was set to 500 Hz. Also, at each M-scan, 1000 data points at an A-line rate of 21.6 

kHz were captured.  

3.2.1.ii) The samples 

To evaluate the efficacy of spectroscopic PT-OCT, three studies were designed. The objective of the 

first study was to find the characteristic ratio of PT-OCT responses at the two PT wavelengths for different 

plaque materials including water, lipid, collagen, and elastin. Then, a two-layer water-lipid sample was 

studied to evaluate systemôs ability in discerning between these two materials from each other. Finally, a 

human cardiac tissue sample was studied to see how the previous findings from phantoms compare to those 

from real tissue.  
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To carry out these studies, a series of phantoms containing the dominant material of cardiac tissues were 

made. Mayonnaise (Kraft) was chosen as the rich source for lipid (>80%)[82]. The used soybean oil in 

mayonnaise that is composed of primary lipid compositions of linoleic acid, oleic acid and Palmitic acid 

has a similar composition to coronary plaques[81, 125, 126]. Moreover, scattering and simplicity in shaping 

of mayonnaise are the other features that convinced us of using mayonnaise as main material for our lipid 

phantoms.   

To make water-based tissue like phantoms, agar powder (Sigma Aldrich, USA) was dissolved in water 

to make a solution with 98% of water weight ratio. As the sample provide enough scattering in OCT images, 

no other scattering agent was added. Then the solution was heated up and stirred well for 5min until the 

water was boiling. After that the solution was poured into a petri dish and was put in a refrigerator (4oC) to 

solidify. Also, to make a two-layer sample, a wedge of the agar-water sample was put on a mayonnaise 

substrate.  

The collagen sample was obtained from chicken cartilage as a rich source of collagen[127]. A fresh 

chicken leg was cut from the knee joint, and tendons above the cartilage were removed, then the sample 

was washed with Phosphate-buffered saline (PBS). The tissue was placed on a glass slide at room 

temperature (24 oC) to image with the system. The elastin foam sample was made with elastin from bovine 

neck ligament (Sigma Aldrich, USA). After dissolving elastin in 0.05% acetic acid solution, and freezing 

it at -20oC for 24hr, the sample was sublimated to make a foam scaffold of elastin.  

The next sample was prepared from a piece of fresh human aorta tissue. This tissue was obtained through 

the National Disease Research Interchange (NDRI; PA, USA) from a woman (88 year) who died of cardiac 

issues. The fresh sample was shipped to our lab at the York university within 24h after tissue collection. 

The acquisition of human sample and the preparation steps were done at Hybrid Biomedical Optics (HBO) 

lab under approved ethics protocols by York university (e2020-234 and e2020-250). After unpacking and 

washing the aorta sample with PBS serum, a longitudinal cut was made with dissection scissors to make a 

rectangular flat tissue from a pipe-shape aorta (Fig.28). There were some calcified regions (harder than 

normal tissue) on the inner side of the aorta(intima). A square region containing one of these calcifications 

was cut carefully with a surgery knife (see Fig.28). Two points with regular tattoo ink and tattoo needle 

were carved on this sample to set the orientation for raster scanning by OCT and later guide the histology 

sectioning (Fig.29). This sample was then put on a glass slide and imaged by PT-OCT system at room 

temperature. During imaging, 10cc of PBS was poured on the sample every 15 minutes to prevent tissue 

dehydration.  



 

61 

 

 

Figure 28. The procedure of preparing the aorta sample. Cutting the aorta sample in 3 steps with a dissection scissor 

and a surgery knife. 

 

Figure 29. Direction of scanning that is set with two black dots with ink tattoo. The two selected parts (red windows) 

were used to image with PT-OCT and to perform histology procedure. 

 

3.2.1.iii) Histology 

After imaging the two selected parts (red windows in Fig.29) of this sample, it was immediately 

submerged to the optimal cutting temperature (O.C.T) compound (Fisher, USA) and was kept in a -80 oC 

fridge. The same procedure was done on another piece of the aorta sample, but this time, to fix the tissues 

after imaging, the cut sample was placed into Formalin (Sigma Aldrich, USA). Histology on frozen and 

fixed samples gives us a better insight into the chemical composition. After few days, histology study were 

conducted on these two types of samples (the frozen and the fixed in Formalin).  

First, the process of histology for Formalin sample will be explained. The sample was placed in histology 

cassette (Fig.30(a)). The closed lid cassette then was submerged into ethylenediaminetetracetic acid 

(EDTA) decalcifying solution for 3-5 days with agitation. After decalcification, samples were washed well 

in running tap water, then the cassette was placed in 70% ETOH (water and ethanol solution). The cassette 

was loaded into a tissue processor for 16-18 hours. In the processor, tissue samples were subjected to a 

series of increasing concentrations of ethanol, followed by xylene, and finally molten wax. The next day, 

the tissues were removed from the tissue processor and placed in the embedding center. Note that in the 

tissue embedding procedures, the ñembedding centerò terminology refers to workstations and accessories 

designed for this purpose. The sample was trisected based on the region of interest marked by tattoo ink, 
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then cut surfaces were embedded down into a metal mold (Fig.30(b)). After this step, final Paraffin blocks 

were produced (Fig.30(c)). Eventually, sectioning was done on a microtome at 4 micron thickness. 

   
(a) (b) (c) 

Figure 30. (a) Histology cassette for the Formalin fixed tissue, (b) the sliced samples, (c) the paraffin embedded 

blocks 
 

To slice the frozen sample, a cryostat was used. Cabinet chamber and specimen head of the cryostat is 

set to about -19 to -20 ǓC.  The frozen sample in O.C.T compound was taken out of -80 ǓC case and held in 

the chamber to of cryostat to reach the temperature of the chamber. The frozen sample block (Fig.31(a)) 

was cut into 4 sections (Fig.31(b)) and was then mounted on specimen chucks for sectioning at 5-6 µm-

thick sections.  

 
 

 

(a) (b) 

Figure 31. (a) the frozen block, and (b) slice blocks with cryostat 

 

Subsequently, the prepared slices of both types were stained with Movat pentachrome and haematoxylin 

and eosin (H&E). Finally, the stained slices were scanned with the high resolution (0.5 ɛm, 20X) bright 

field slide scanner (Aperio, LeicaBioSystems, Canada). Sample histology images with Movat and H&E 

stains can be seen in figure 32 and figure 33, respectively. 
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Figure 32. A view of a Movat-stained slice. 

  

 

Figure 33. A view of a H&E-stained slice. 

 

3.2.2. Results and discussion 

The OCT B-mode and PT-OCT B-mode images of the standard phantoms are depicted in figure 34. The 

PT-OCT B-mode images were captured in 3 conditions: when both PT lasers were off (base line), the 1040 

nm PT laser was on, and the 1210 nm PT laser was on. Comparing the dual wavelength PT-OCT responses 

of phantoms with respect to the baseline allows us to study characteristic absorption signatures of the 

samples. For example, both water-based agarose (Fig.34(a.1) to (a.4)) and lipid (Fig.34(b.1) to (b.4)) 

samples absorbed PT laser at 1210 nm but did not absorb 1040 nm. These images that show the map of 

absorption of light have a strong consistency with the absorption spectra of lipid and water at these two 

wavelengths, in figure 27. Next, to compare the amplitude of signals acquired from water and lipid, the 

two-layer sample consisting of a substrate of lipid under a wedge of water-agarose sample was imaged (see 

Fig.34(c.1) to (c.4)). Although both water and lipid generate strong PT-OCT signal at 1210 nm, the 

amplitude of lipid signal is much greater than that of water. The reason behind this can be found in their 

material properties. Indeed, the optical properties of lipid (absorption coefficient) and thermal properties 
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(specific heat and diffusivity) of lipid results in generation of a stronger thermal field in the sample than 

that of the water. These key differences were discussed in detail Chapter 2 under Section 2. Similarly, the 

results of collagen (chicken cartilage) in figure 34(d.1)-(d.4) and elastin foam figure 34(e.1)-(e.4) show a 

moderate absorption at both wave-lengths which are consistent with expectations from the reference 

absorption spectra of figure 27. 

    

Figure 34. The results of spectroscopy on the controlled phantoms. The OCT and the PT-OCT images from the 

(a)water, (b) lipid, (c) two-layer sample, (d) cartilage, and (e) elastin samples. By comparing the received signals at 

1040 and 1210 nm with the PT:off mode, it is seen that there is great consistency between the absorption spectra of 

these materials and the received PT-OCT signals, scale bar=80 ɛm. 

 

To get better understanding of characteristic spectroscopic PT-OCT responses, histograms of PT-OCT 

images are plotted in figure 35. As seen, in histograms of water (Fig.35(a)) and lipid (Fig.35(b)) the 
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difference in count of pixels in 1210 nm condition are quite discernible from the off and 1040 nm 

conditions. These observations suggest that these samples absorb 1210 nm effectively, because the 

distribution of pixels in histogram shifts to the right. Also, the pixel counts for these samples for both ñoffò 

and ñ1040 nmò cases are almost the same, indicating no notable absorption at 1040 nm. Despite the fact 

that both water and lipid absorb at 1210 nm, the characteristic differences of lipid and water allows us to 

discern between the two tissue constituents. Due to the differences in the opto-thermo-mechanical 

properties, PT-OCT signals from lipid are, intrinsically, greater than water. In addition, because of the 

higher scattering property of lipid related to the water, the look of lipid under OCT is quite different 

(Fig.34(c), the two-layer sample).  

For the cartilage (Fig.35(c)), and the elastin samples (Fig.35(d)), by comparing the pixel counts for 1040 

nm and 1210 nm modes with the off mode, there is moderate absorption at both wavelengths. However, as 

the shift to the right in these histograms is lower than that of the water and lipid cases, the absorption of PT 

light is lower in these samples. We should say at the two PT wavelengths used, elastin and collagen absorb 

similarly, so we can only detect the combined category of elastin/collagen but not individual components. 

This behavior has consistency with the absorption spectra of these chemicals in figure 27.  

Based on these phantom studies, we see that it is possible to discern between lipid, water, 

collagen/elastin category with this spectroscopic strategy. Lipid and water samples have completely 

different absorption map from collagen/elastin category (i.e., greater signals at 1210 nm and almost nothing 

at 1040 nm) with PT-OCT. Additionally, to increase accuracy in discerning water from lipid, looking at the 

OCT images along with the PT-OCT signal amplitudes will  be helpful.  
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Figure 35. Quantitative analysis of images depicted in previous figure. Histogram of pixel amplitude in PT-OCT 

images for the (a)water, (b) lipid, (c) cartilage, and (d) elastin samples. Histograms follow characteristic light 

absorption behaviors of water, lipid, and elastin/collagen.  

 

After performing a feasibility study with the spectroscopic strategy on the standard phantoms, we 

extended the study to the human tissues. The results of human aorta samples with PT-OCT and histology 

are depicted in figure 36. While the OCT and histology images show high degree of structural similarity, 

we cannot claim them to be exactly co-registered. Exact co-registration proved to be very challenging 

because the structure of the tissue changes during the decalcification processing of histology. 

Results suggest that both the histology (Fig.36(a)) and the OCT image (Fig.36(b)) show a multi-layer 

structure inside the sample. In the OCT image, there is an area in the top left that has a greater scattering 

than other areas (labeled with A1). The layer under A1 area has a poor scattering as it appears as a dark 

region in the OCT image (labeled with A2). Beneath these two layers, the other layer which is labeled with 

A3 has a scattering property between the scatterings of the two upper layers. Although we can distinguish 

these layers from OCT image, no chemical composition information can be obtained from the OCT image.  
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By comparing PT-OCT results (Fig.36(d)-(e)) with the base line (Fig.36(c)) small absorption at 1040 

nm and stronger absorption at 1210 nm at the left side of images can be seen (A1 in the OCT image). The 

possible source for the weak signal at 1040 nm can be elastin/collagen in this layer. The histology results 

(Fig.36(a)) also showed elastin composition in this region (purple and dark color with Movat stain). The 

elastin composition in tissues is responsible for the extensibility and elastic recoil features of tissues, 

therefore we speculate this region is a soft tissue that contains a notable percentage of water[128, 129]. 

Therefore, a large portion of the strong signal at 1210 nm comes from water in this layer. The 

elastin/collagen also generates PT-OCT signal at 1210 nm, but it will be much smaller than that of water. 

Because of the poor scattering and deep levels related to the surface, the other regions do not generate a 

meaningful PT-OCT signal.  

  

Figure 36. The results of spectroscopic PT-OCT of the human aorta sample; (a) histology, (b) OCT, (c) PT-OCT 

base line, (d) PT-OCT at 1040 nm, and (e) PT-OCT at 1210 nm images. The OCT result represents that sample has 

3 different layers, marked with A1 to A3. By comparing the PT-OCT results and the histology results as the gold 

standard, it is assumed that signals come from water and collagen/elastin. Further studies with more wavelengths 

will improve the accuracy of detecting material; see text for more information, scale bar= 200 ɛm.  

 

The results of another region of the aorta tissues are depicted in figure 37. This area is far from the 

calcified abnormality, and had a normal tissue look. Similar to the previous case, the histology slice and the 

corresponding OCT image demonstrate high degree of similarity (i.e., a single layer structure). The 

histology image (Fig. 37(a)) shows an accumulation of collagen/elastin (yellow and green color for collagen 

and purple for elastin with Movat stain) in this sample. The obtained PT-OCT responses are consistent with 

presence of collagen/elastin in the fresh tissue sample; comparison of the acquired signals at 1040 nm and 

1210 nm with the baseline (Fig.37(c)) suggest moderate light absorption at 1040 nm (Fig.37(d)) due to light 
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absorption by collagen and elastin and strong light absorption at 1210 nm (Fig.37I) due to light absorption 

by the water in this fresh tissue.  

 

Figure 37. The results of spectroscopic PT-OCT method of a normal human aorta sample (a) histology, (b) OCT, (c) 

PT-OCT base line, (d) PT-OCT at 1040 nm, and (e) PT-OCT at 1210 nm of human aorta sample. These preliminary 

and promising results demonstrate the potential of spectroscopic PT-OCT method as a new method for digitized 

histology; scale bar= 200 ɛm. 

 

To summarize, in this section, we proposed and discussed a strategy for enhancing the specificity of PT-

OCT using principles of spectroscopy on MOIs relevant to atherosclerotic plaques. The promising results 

are consistent with what we anticipated from the absorption spectra, and lead to specific detection of 

materials. This study can be considered as a future direction of application of PT-OCT in intravascular 

imaging. Without the dual wavelength spectroscopic method, presence of some chemical cannot be seen in 

the sample. For instance, in figure 37, by considering only the 1210 nm results, the detection of collagen 

and elastin in the tissues is impossible as lipid, collagen/elastin, and water all absorb at this wavelength (see 

their spectra in figure 27). However, when 1040 nm image is also considered, detection of collagen/elastin 

is rendered as water and lipid do not absorb at 1040 nm.  

To design a spectroscopic setup, a compromise should be considered in light of sample properties, 

sample geometry, and tissue constituents. In general, to decrease the detection uncertainty, at least two PT 

lasers are needed in which the target MOI absorbs moderately or strongly but with different ratio. That is, 

poor absorption of the PT laser by the target MOI may not be very helpful in the spectroscopic approach. 

For example, the 1040 nm used in our system was not an optimal choice for differentiation of lipid and 

water from each other because both entities have no/minimal absorption at 1040 nm. Distinction of water 

from lipid can be performed by adding for example a 970 nm PT laser at which water offers moderate 
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absorption but lipid does not absorb (Fig.27). Probing at more than two PT wavelengths, generally, is 

expected to enhance detection performance at the cost of added complexity and cost of the setup and 

increased processing time of imaging. A possible way to decrease the imaging time is shining all PT lasers 

simultaneously but with slightly different modulation frequencies so that individual responses can later be 

demodulated from the acquired data. Eventually, the spectroscopic PT-OCT is a complementary approach 

to the conventional PT-OCT and is a helpful method in detection of MOI with a higher specificity.  

3.3.Quantitative PT-OCT imaging with AI -powered classifiers  

In this section, the goal is to label the PT-OCT image pixels based on their concentration of MOI. 

Theoretical and experimental results discussed in previous sections and chapters show that PT-OCT signals 

contain characteristic trends and features that are correlated with tissue composition. To date, few efforts 

have been made to quantify MOI concentrations such as concentration of dissolved oxygen in blood[123] 

or ICG in water[91] from PT-OCT signals. Although these preliminary results were encouraging, the design 

of studies were disconnected from clinical scenarios as in these works all the sample and system influence 

parameters (other than MOI concentration) were kept constant. This type of single-parameter quantification 

is not normally valid because two or more influence parameters (e.g., surrounding medium, distance to the 

focal plane, depth of MOI, etc.) are expected to vary from one tissue to another. As we discussed earlier in 

Chapter 2, the PT-OCT signal depends on various system and sample parameters that make the functionality 

of the signal highly non-linear to the input parameters; these non-linearities affect each other and often 

increase the order of non-linearity. Analytic inversion of such multifactorial problems is inherently 

challenging and noise sensitive. Machine learning (or simply ML) has demonstrated, time and again, that 

it offers a compelling solution to this type of multifactorial and non-linear problems.  

ML models consists of algorithms that can improve themselves through gaining experiences over 

time[130]. The main models of ML include: support vector machine (SVM), artificial neural network (and 

also deep net), decision tree, regression analysis, Bayesian networks and genetic algorithms, that can be 

used for various purposes such as classification, regression, and clustering with supervised, reinforcement, 

and non-supervised learning methods[130-132].  

In the field of OCT, ML models have been used as a powerful tool for analyzing captured images for a 

variety of applications spanning from pattern recognition and texture[133-135], to labeling and 

segmentation (classification) of regions of interest in OCT images[136-140]. For instance, a pixel-wise ML 

method was presented for classifying OCT images obtained from tumor and normal samples of murine ear 

tissues[141]. As another example, a combined ML model consisting of SVM and principal component 

analysis (PCA) has proved to be helpful in automated tissue classification in brain metastases from human 

samples[142]. In multi-modality OCT-based systems, ML has been utilized to classify materials based on 
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the mechanical properties from OCE datasets; here, using a SVM model on OCT and OCE data, the 

glomerulonephritis (inflammation and damage to the filtering part of the kidneys) in mouse samples were 

analyzed[143].  

To the best of our knowledge, feasibility of classifying MOI concentrations with ML models have not 

yet been examined in the field of PT-OCT. As such, in this section, we will discuss the design and the 

development of a ML model for labeling PT-OCT image pixels based on MOI concentration (e.g., lipid). 

The developed ML model is trained to decouple the effects of influence parameters not linked to MOI 

concentration (e.g., MOI depth or distance to focal plane).  

3.3.1. The machine learning (ML) model 

3.3.1.i) Feature selection 

Given the significance of lipid concentration to the vulnerability of atherosclerotic plaques[31], a ML 

model was designed for labeling/classifying lipid composition of pixels in a PT-OCT dataset. To do so, the 

influence parameters having significant contributions to the PT-OCT signals were first identified (aka, 

feature selection step). This step was deemed essential because for example the received signal from a high 

concentration region of lipid far from the focal plane can very well be comparable with that of a low 

concentration region close to the focal plane. Therefore, the net needs to form its prediction based on a 

collection of parameters and not just the intensity of the PT-OCT signal of a given pixel. Based on the 

outcomes of the theoretical models developed in the previous chapter, the following parameters were 

deemed to be of significant relevance to the ML model:  

1) the distance from the selected pixel to the focal plane (Dfp; see Fig.38). 

Figure 24(d) in Chapter 2 shows that regardless of MOI concentration, PT-OCT signal decreases 

sharply with distance from the focal plane. As such, the distance of a pixel to system focal plane 

(Dfp) was considered as a significant parameter as input of the model. 

2) the distance of the selected pixel to the top surface of the sample (Dtop; see Fig.38). 

It is shown in figure 24(a) that the amplitude of PT-OCT signal versus depth is cumulative. That is, 

the received signal from a given depth inside the sample is the summation of the signal of all surfaces 

from the top surface down to that depth. However, the rate of increase in the signal amplitude along 

depth is not constant. The rate depends on the PT power and the optical properties of the sample. 

Therefore, the spatial location of each pixel relative to the top surface should be taken into account 

by the model.  

3) the gray level of the selected pixel in the OCT image (Grpix; see Fig.38). 
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The gray level of a pixel in OCT image represents the amount of the back-reflected light from that 

depth inside the sample and can be used as a metric for SNR of received OCT signal from that 

specific depth. In the characterization of the setup section (Appendix A), the inverse proportionality 

of phase stability and the square root of SNR of OCT is discussed. Due to such proportionality, the 

PT-OCT signals originating from pixels with lower gray level (i.e., lower OCT SNR) are noisier 

(i.e., poor phase stability). The level of noise in the phase of OCT affects the PT-OCT signal and 

needs to be considered by the model.  

4) the average of gray level of the pixels above the selected pixel (Grline; see Fig.38). 

As we explained at the beginning of this thesis, OCT works based on the back-scattered light from 

the sample. As such, optical scattering properties of samples can be estimated from the OCT image 

[144]. Generally, as the scattering properties of medium increases, the light power attenuates more 

along the depth which, in return, leads to smaller PT-OCT signal from the MOI (Fig.24(b)). Note 

that the wavelengths of the PT light (1210 nm) and the OCT light (1315 75 nm) in this study were 

not too far apart, so considering the scattering of OCT light gives the model a relevant estimation 

(not exactly) about the scattering of the PT light in the sample. 

5) the amplitude(s) of pixelôs PT-OCT signal (PTAmp). 

The amplitude of pixel in PT-OCT images is directly correlated with the amount of absorption of 

PT light. This parameter is, perhaps, the most obvious parameter that can be used to label pixels 

based on their concentration of MOI. However, it was shown in Section 2.2 that the relation between 

PT-OCT signal and the concentration of MOI is non-linear and the degree of non-linearity depends 

on sample thermal and physical parameters. 

The information provided to the model by above parameters were expected to offer the model an 

estimation of the mediumôs light attenuation properties, the roll-off of OCT and PT-OCT signal sensitivity 

with depth, and the strength of PT light absorption by MOI. Using this information, the model was designed 

to classify a given pixel into one of the following groups/classes of lipid concentration: low (~[0-30%]), 

medium (~[30-70%]), and high (~[70-100%]). 
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Figure 38. An illustration of spatial parameters of a single pixel in an OCT image that are deemed of significance to 

proper predictions by the ML model. These parameters provide the ML model with information about strength of 

pixelôs OCT signal, the depth of selected pixel in the sample, the distance of the selected pixel related to the focal 

plane, and the scattering of the medium above the selected pixels. 

 

3.3.1.ii) Model selection 

To generate and train a ML model, supervised learning SVM method was used. SVM is one of the most 

robust classification methods in multi-factorial problems which works based on the statistical learning 

frameworks. SVM can efficiently perform classification in high non-linear datasets[145] and has shown 

interesting results in OCT signal analysis with a high accuracy[138, 146].  Briefly, to explain the principle 

of SVM classifiers, in a distribution of two-class data (the green and the blue-colored datapoints in Fig.39), 

several possible lines (e.g., S1, S2, S3 in Fig.39) can be drawn to separate the two classes.  

 

Figure 39. In this distribution of data (green triangles and blue dots), there exists an infinite number of solutions to 

separate these regions. Which one is the best line? 

 

To find the optimum line, SVM algorithm, first, finds the closest data points to one of the lines. These 

points that determine the optimum separation line are called support vectors. The distance between the line 

and the supported vectors is named margin. In SVM algorithm, the goal is to maximize the margin for each 
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class (the distance between the two dashed lines in Fig.40). According to mathematical optimization, the 

hyperplane that makes the margins maximum is the optimal hyperplane (classifier plane with general 

equation in form of w.x+b=0 in Fig.40)[147]. Similar to other ML algorithms, training of SVM can be 

supervised or unsupervised (when combined with unsupervised feature learning). In our study, as the input 

data for training the model is labeled with the known concentrations of samples (and by extension 

corresponding concentration classes), the SVM classifier used is a supervised method.  

 

Figure 40. Illustration SVM algorithm on a distribution of data. The unique and optimal hyperplane in a two-

dimensional input space based on margin maximization was drawn. In this schematic, ñwò is the trained weights, 

ñxò is the input vectors and ñbò is a constant that is called bias. 

 

3.3.2. Methodology 

3.3.2.i) The setup and imaging protocol 

The PT-OCT setup was described before under Section 2.2.3.ii in Chapter 2. Since lipid was selected as 

the target MOI in this study, the 1210 nm PT laser was used. The PT laser power and modulation frequency 

were 10 mW on sample surface and 1000 Hz, respectively. At each M-scan, 1000 data points were captured 

at an A-line rate of 21.6 kHz. 

3.3.2.ii) The phantoms 

To make different concentrations of lipid, mayonnaise (Kraft) was mixed with a water-based gel in 

different weight ratios. After weighting by a scale, the two components were stirred well for 10min to make 

a homogenous sample. To generate a training data set for the net, mixtures with lipid percentage of 20% 

(the top border of low concentration class), 40%, 60% (the top and the bottom borders of mid concentration 

class), and 80% (the bottom border of high concentration class) were made. Additional samples with lipid 

percentages of 10%, 50%, 95% were also prepared as unseen datasets for testing the performance of the 
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net. For more sophisticated evaluation of the net, double-layer phantoms were also prepared in which agar 

was used as a top layer over substrates with 50% and 95% lipid percentage. The agar overlayer was made 

by dissolving agar powder (Sigma Aldrich, USA) in water with a weight ratio of 2%. The mixture was then 

heated up and stirred well till boiling. Next, the mixture was poured into a petri dish and stored in a 

refrigerator at 4 oC for 30 min. After solidification, a wedge shape slice of the agar sample was cut and 

placed over lipid substrates to simulate 50% and 95% lipid samples with various thicknesses of a non-

absorbing overlayer. 

3.3.2.iii) Preparation of datasets 

As we discussed before, the SVM model has 5 inputs. The inputs to the model are the PT-OCT amplitude 

of pixel (AmpPT), the grayness level of the pixel in OCT image (GRpix), the grayness level of the A-line 

above the pixel (GRline), the distance of the pixel to the top surface of sample (Dtop), and the distance of the 

pixel to the focal plane (Dfoc). Note that these selected parameters have a relation with the received PT 

power on a given pixel. The output of the model was lipid percentage label as either low, mid, or high 

classes. A schematic of the inputs and output in the designed SVM model is illustrated in figure 41. 

 

Figure 41. An illustration of the designed classifier model. The five significant inputs are extracted from the raw 

OCT and PT-OCT images and are sent to the SVM classifier model. The model is trained for labeling pixels in PT-

OCT images into three bins, labeled with ñlowò, ñmidò and ñhighò class.  

 

The values of these parameters for each pixel were extracted from OCT and PT-OCT B-mode images 

by the written code in MATLAB. First, the level of focal plane in the OCT images were entered manually 

in the code. Then, the top edges of the sample in OCT image were detected automatically by thresholding 

method. Noted that there were 55 pixels per each line in average, after this masking. Therefore, the 

maximum depth of a pixel of the images in training was approximately equal to 190 ɛm. Finally, the values 

of all these 5 inputs for each pixel were extracted and listed in the data base. In this data base, the data of 
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about 27,000 pixels were collected. To train the model, 90% of these datapoints (ḗ24,000) were selected 

randomly.  

The samples that were used to train the model are plotted in figure 42. Given the non-linear relation 

between PT-OCT signal amplitude and the concentration of MOI that was explained in Chapter 2, the 

differences between the high class with other classes is larger, so we anticipate the accuracy of labeling in 

this class to be higher. 

   

Figure 42. The PT-OCT images of the samples used for training the SVM model. In this plot, the non-linear relation 

between the amplitude of PT-OCT in terms of the concentration of lipid is illustrated schematically, scale 

bar=150 ɛm.  

 

3.3.2.iv) The SVM classifier 

Following the procedures discussed in Section 3.1, a SVM classifier model was designed in MATALB. 

To train the SVM model, 95% of the training dataset for each class was used for training and the remaining 

5% was considered as outlier. The outliers were detected by calculating the distance of each datapoint with 

respect to the average of all datapoints. Then, by sorting the distance of these datapoints, the first 5% with 

the largest was labeled as the outliers. Such strategy for removing the outliers enables the model to find 

better support vectors in data, leading to a higher precision in sketching of boundary of classes. Polynomial 

kernel was used for the SVM model to allow learning of non-linear behaviors that are intrinsic to PT-OCT 

responses (as discussed in Section 2.2). To analyze generalization on the training dataset and to optimize 

the trained model, the cross-validation with the k-fold method (here, k=10) was performed on the trained 

model. The k-fold method is an effective validation method when dealing with relatively small training 

datasets. In the k-fold method, the training dataset is randomly partitioned into ñkò equal sized subsets. One 

out of these ñkò subsets is retained as the validation data for evaluating the model, and the remaining ñk-1ò 

subsets are used as training data. For k times, the cross-validation process is repeated, so that each of the k 

subsets exactly used one time as the validation data. These k training results can then be averaged to produce 

a single and optimized model. The advantage of this method over random subsampling is that we can make 
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sure all data points in a dataset are used for both training and validation. This enables us to train a model 

with a better performance in generalization.  

3.3.2.v) The method for evaluation 

Eventually, the ability of the model in generalization in classifying was evaluated with the unseen test 

dataset both qualitatively and quantitatively. The concentrations of lipid in the unseen datasets were 10, 50, 

and 95%.  To visualize the performance of the model in prediction, the labels of ground truth images were 

assigned on each pixel based on their known lipid concentrations. Also, to analyze the performance of the 

model, the confusion matrix for each class was calculated. The calculated confusion matrix allowed us to 

compare the accuracy of classification in each class.  

3.3.3. Results and discussion 

     To evaluate the training accuracy, the trained SVM model was fed with the training dataset. The OCT 

images and the model predictions for the training samples are plotted in figure 43. Theses samples are 

wedge-shaped which allows us to verify the performance of the net in classification of samples located at 

a continuum of distances from the focal plane. Note that to test the failing conditions and the limits of the 

model, the maximum sample depth considered for analysis in these images are 80 ɛm deeper than what was 

used to train the model (190 ɛm). As seen in figure 43, regarding the approximated range of classes (0-30 

for low, 30-70 for mid, and 70-100 for high), most of pixels are labeled correctly. It is worth pointing out 

that in SVM models, the accuracy of classification normally degrades for data points closer to the class 

boundary. Therefore, we anticipate having regions with poor accuracy in classification due to closeness of 

the data points to the boundaries of classes. In the samples with 20, 40 and 60% of mayo, the accuracy of 

classifying decrease as we go deeper in the sample. A possible reason is that at the deeper locations, the 

PT-OCT signals becomes noisier, because the SNR and phase stability of the OCT signals deteriorates. At 

such depths, the amplitude of noise gets added to the amplitude of the PT-OCT signal, therefore, the model 

classifies these noisy pixels into the high-concentration class. As evidence, the depth of correct predictions 

in the 20% sample is shallower than the other samples, because the scattering of this sample in OCT images 

is greater than others. The wrong prediction also happens in the sample with 40 and 60% of mayo, but at 

the deeper levels. Additionally, in the sample with 40% of mayo, most of failure in classifying occurs in 

pixels closer to the top surface, because at levels close to the surface, there is no big difference between 

PT-OCT signal amplitude for the sample with 20% and 40%. At deeper levels, however, the difference 

between PT-OCT signals becomes larger due to the accumulation of PT-OCT signals, which in turn, 

enhances the accuracy of the model. Visually, the model has a good accuracy in the prediction of the 80% 

sample, because the difference in amplitude with other samples is quite large (see Fig.42) that makes the 

classification easier for the model. Statistically, the performance of the model on the training dataset is 
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evaluated by the k-fold method. For every fold, the calculated value indicates the loss (mean squared error) 

for validation-fold observations using the model trained on training-fold observations. The losses obtained 

by the k-fold cross-validated SVM model are 0.46 for the low class, 0.38 for the mid class, and 0.13 for the 

high class. Note that class labels in this study were the same as the predefined classes (low<30%, 

30%Òmid<70%, and 70%Òhigh). It should also be pointed out that the original depth for training (190 ɛm) 

was used to calculate these loss values.   

  

Figure 43. The OCT images and the prediction results of the trained SVM model on the training data with 20,40,60, 

and 80% lipid. The SVM model has a good performance in the prediction of the high class pixels, due to the non-

linear behavior of the PT-OCT signal, for more details, see text.  scale bar=180 ɛm. 

 

   To evaluate generalization of the model, the unseen test datasets from samples with 10, 50, 95% of lipid 

were sent to the model. The OCT and PT-OCT images of theses samples are plotted in figure 44. As seen, 

the PT-OCT signal changes in the sample as a function of distance from the focal plane, distance from the 

top surface, concentration of lipid, and the received power on each pixel.  
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Figure 44. The OCT and PT-OCT images of the single layer data tests with a lipid concentration of (a,d)10, (b,e)50, 

and (c,f)95%. The red continuous line represents the location of focal plane, scale bar=180 ɛm. 

 

      In figure 45(a) to (c), the ground truth information (i.e., known phantom concentrations) are visualized 

by three different colors into three classes (low, mid, high concentration). To recall again, the approximated 

ranges are from 0 to 30% for the low, from 30 to 70% for the mid, and from 70 to 100% for the high classes. 

The classifying results of the model on the test dataset are depicted in figure 45(d) to 45(f). The color coding 

used to label the pixels are the same as the ground truth labels. Similarly, to survey the failing cases of the 

model, these plots are 80 ɛm deeper than the training depth. The qualitative assessment of the model 

classification performance can be done by comparing the prediction and the ground truth. This comparison 

indicates that the model correctly labeled most of the pixels. In general, the quality of classification for 

these unseen concentrations by the model improves related to prediction by the training cases (Fig.43). The 

reason is that these unseen concentrations are further away from the boundary of the SVM than the training 

concentrations. As seen in figure 45(d) to 45(f), at deeper surfaces, the accuracy of classification is lost due 

to the missing OCT signals and low SNR in such highly scattering media. Misclassifications also take place 

at pixels close to surface because the PT-OCT signals have not accumulated enough, leading to relatively 

same PT-OCT signals regardless of lipid percentage.  
































































































































