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ABSTRACT 
Cardiovascular diseases, and coronary artery disease in particular, remain a persistent devastating 
and prevalent menace to health and wellbeing globally despite great strides in vascular biology 
and medicine. While biomechanical forces are known to play a driving role in the natural history 
of atherosclerosis, the nuanced yet profound impact of patient- and lesion-specific biomechanics 
in disease presentation, course, and treatment are not fully appreciated or accounted for in clinical 
practice. The incredible strides in melding image processing with artificial intelligence, 
computational modeling, and numerical methods is increasingly filling gaps in knowledge, 
especially at the intersection of pathological anatomy and biomechanical structural behavior. 
 
We derived geometric and morphological structure, as well as constitutive material properties, 
from invasive intravascular image sequences to quantitatively assess and characterize the state of 
atherosclerotic arteries. Overcoming the challenge of limited penetration depth in the presence of 
signal-attenuating plaque, contextual information and spatial continuity was leveraged by a novel 
surface fitting method to fully delineate the mural conformation of the diseased vessel wall. Neural 
networks enriched with domain knowledge of vascular geometry and imaging classified 
pathological regions of interest within heterogeneous lesions. Construction of in silico 
computational models and in vitro phantom models facilitated the execution and validation of 
inverse methods to determine material constitutive mechanical properties non-destructively and in 
clinically amenable fashion. Strategic simplifying assumptions freed the approach from data 
acquisition limitations which inhibited previous methods of in situ mechanical characterization. 
Finally, to bridge the chasm between virtual and physical medicine and facilitate integration of 
these new capabilities into clinical practice, synthetic images were generated by an adversarial 
network trained in the familiar visual vernacular of vascular imaging. 
 
Through the insights described in this thesis, greater information can be extracted, augmented, and 
made accessible from clinically-available imaging data. Approaches to more quantitatively and 
reliably assess, model, and convey biomechanical disease states may offer mechanistic insight into 
disease development, progression, and treatment response, ultimately leading to improved 
personalized patient care in an emerging era of computational cardiology. 
 
Thesis Supervisor: Elazer R. Edelman, M.D., Ph.D. 
Title: Director, Institute for Medical Engineering and Science & Edward J. Poitras Professor in 
Medical Engineering and Science 
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Chapter 1 
 
Introduction: Biomechanical Modeling & Assessment of 
Diseased Coronary Arteries 
 
“The heart of living things is the foundation of their life, the sovereign 
of everything within them, the sun of their microcosm, that upon which 
all growth depends, from which all power proceeds.”1 

– William Harvey (1628) 
 

Cardiovascular disease (CVD) is a monumental burden to 

society, accounting for over 30% of deaths globally [1]. In 

particular, atherosclerosis and coronary artery disease 

(CAD), characterized by plaque buildup in and hardening of 

artery walls [2], presents a significant and ubiquitous 

concern. Although tremendous progress has been made in 

combating and diminishing mortality of the disease [2], many 

questions regarding the mechanical progression of disease 

and patient response to intervention remain unanswered; 

mathematical and computational modeling are key to 

answering these biomechanical questions [3]. This thesis 

therefore melds novel quantitative analysis tools and models 

representing diseased coronary arteries to assess and 

characterize the state of atherosclerotic vessels, contributing 

insight at the intersection of pathological anatomy, imaging, 

and biomechanical structural behavior to enhance the 

diagnosis, prognosis, and treatment of CAD. In this chapter, 

major themes of this work, and scientific fundamentals of the 

fields it advances, are introduced, providing an overview of 

the disease, vascular imaging, and arterial modeling.  

                                                           
1 “Cor animalium, fundamentum eſt vitæ, princeps omnium, Microcoſmi Sol, à quo omnis vegetatio dependet, vigor 
omnis & robur emanat.” 

AI ........ Artificial Intelligence 

CAD .... Coronary Artery Disease 

CHD .... Coronary Heart Disease 

CT ....... Computed Tomography 

CVD .... Cardiovascular Disease 

CFD .... Computational Fluid 
Dynamics 

ESS ..... Endothelial Shear Stress 

FEA..... Finite Element Analysis 

FSI ...... Fluid-Structure/Solid 
Interaction 

IVUS ... Intravascular Ultrasound 

ML ...... Machine Learning 

OFDI... Optical Frequency 
Domain Imaging 

OCT .... Optical Coherence 
Tomography 

PCS ..... Peak Cap Stress 

PSS ...... Plaque Structural Stress 

RF ....... Radiofrequency 

TCFA .. Thin-Cap Fibroatheroma 

WSS .... Wall Shear Stress 

3D ........ Three-Dimensional 
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1.1. Disease of the Cardiovascular System 

The cardiovascular, or circulatory, system is the intricate and exquisitely complex network 

by which the body nourishes the immense mass of cells which constitute the living body [4]. The 

constituent vessels serve as a transportation system, delivering oxygen and nutrients while 

removing carbon dioxide and other waste products, as well as immune cells and antibodies, 

signaling factors, and other essential circulating molecules. Far from a passive system of pipes, 

the circulatory system is remarkably dynamic, responding to mechanical and chemical stimuli in 

order to actively regulate blood pressure, shunt blood to meet physical demands, maintain body 

temperature, and preserve core functions as needed, and even modulate vessel wall permeability 

to control transmural exchange [5], [6]. Circulating blood through this system—from prenatal 

development to death without respite—is the heart [4]. Like the vessels through which it drives 

blood, the heart is no monotonous pump, and in consort with the vessels, the heart controls the rate 

and volume of blood flow in response to the demands of the body by actively varying the strength 

and frequency of its beating [5], [6]. They dynamism, range, and responsiveness of this system, 

central to the sustenance of human life, is truly profound. 

1.1.1. Impact & Pathology of Heart Disease 

Given the complexity and importance of the system, it is no surprise that CVD, disease of 

the cardiovascular system, is both prevalent and dangerous. Indeed, CVD is the leading cause of 

death and responsible for 50% of all noncommunicable disease deaths—over 30% of all mortality 

worldwide [1]. Of those deaths, at least 57% can be conservatively and directly attributed to 

atherosclerosis in the form of coronary heart disease (CHD; 42.6%) or ischemic stroke (14.8%). 

In more concrete terms, CHD causes around 1 in every 7 deaths in the United States—an American 

has a heart attack (myocardial infarction) every 40 seconds [1]. Beyond this startling statistic, 

prevalence of subclinical atherosclerosis belies the true extent and impact of this pervasive menace 

[1], which is further compounded by the toll in diminished quality of life, financial burden, and 

emotional strain. 

Atherosclerosis2, named for the characteristic pathological presentation of arterial 

hardening, is a widespread chronic disease which can suddenly escalate in a devastating acute 

                                                           
2 The terms “atherosclerosis” and “arteriosclerosis,” of similar etymology, are sometimes used interchangeably in 
the literature. However, the latter is formally sclerosis or scarring of the arteries without accompanying obvious lipid 
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health event. The development of atherosclerosis systemically affects arteries, the blood vessels 

which carry oxygenated blood away from the heart. These vessels, like nearly every tubular 

structure in the body, are comprised of three layers. The innermost layer, the (tunica) intima, is 

comprised of endothelial cells which lines the blood-filled lumen; it acts as an active barrier and 

serves important signaling functions. The (tunica) media, separated from the intima by the 

membranous internal elastic lamina, is comprised of smooth muscle and extracellular matrix, 

components which allow it to control vasomotion (and thereby regulate blood pressure and flow) 

and store potential energy during oscillatory periods of high pressure. Finally, the (tunica) 

adventitia or externa, separated from the media by the membranous external elastic lamina, 

supports the vessel with nerves, lymphatics, and blood vessels [5]–[7]. While the entire vessel 

structure can be modified and disrupted in atherosclerosis, the disease is considered “a disease of 

the intima” [8]. It is in this layer that endothelial dysfunction leads down a cascade of fatty 

deposition, inflammation, and dysmorphic remodeling, driven in large part by mechanical forces 

[5], [7], [9]. Composition of the resulting diseased intima can include calcifications, fatty lipid 

deposits or necrotic cores, fibrotic tissue, or numerous variations thereof. These depositions of so-

called “plaque” result in a highly variable and heterogeneous mechanical structure. 

The consequences of plaque deposition and accumulation are variable, and evolve with the 

plaque morphology—composition, structure, and form—distribution, and ever-changing milieu—

the microenvironment. While sub-clinical atherosclerosis is present to some extent in nearly every 

adult, the disease presents clinically when blood flow is inhibited and oxygen demand of 

downstream tissue exceeds the supply delivered by the blood, a state known as ischemia. This may 

be caused either by the protrusion of intima-bound plaque into the luminal space or rupture or 

erosion of the cap separating highly-thrombogenic plaque from the bloodstream, resulting in 

immediate clotting and luminal blockage [5]–[7]. Blockages starve distal (downstream) tissue of 

necessary oxygen; if flow of oxygen is not restored quickly, deprived tissue begins to undergo 

non-reversible injury and subsequently dies. When a blockage is located in the carotid artery or 

one of its distal branches, which supply blood to the brain, such a catastrophic event results in an 

ischemic stroke. When atherosclerosis is localized in the coronary artery, which supplies blood to 

                                                           
infiltration. This thesis primarily focuses on the former, of which intramural lipid accumulation is a hallmark, 
though is generally applicable in the latter pathology as well. 
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the heart itself, the disease is classified as coronary artery disease (CAD)3, and consequences of 

ischemia range from angina (ischemic chest pain) to deadly myocardial infarction (heart attack) 

[5], [6]. Atherosclerotic plaque can form elsewhere in the arterial vasculature (such as the renal, 

mesenteric, and peripheral arteries). These lesions can be devastating in their own right, though 

the consequences are typically less acute and severe as those caused by plaques in vessels 

supplying the brain and heart due to the indispensability and high oxygen requirements of their 

never-ceasing functions. 

1.1.2. Diagnosis & Treatment of Atherosclerosis 

The ischemic symptoms of atherosclerosis, and to some degree their cause, have been 

recognized for centuries. In the early 1500’s, Leonardo da Vinci performed an autopsy and 

concluded that the cause of death was a “lack of sustenance…brought about by the continuous 

narrowing of the passage of the vessels…by thickening of the coats of these vessels” [10]. While 

da Vinci erred in some critical details—he, like his contemporaries, did not even grasp the 

circulatory nature of blood flow—his autopsy observations and hypotheses are forebears to 

modern understanding of disease that evolved over the following half-millennium [10]. By the late 

1700’s and early 1800’s, medical experts were beginning to describe a dangerous disease that 

manifested as chest pain, particularly during physical exertion, which often concluded with the 

patient’s death [11], [12]. However, no treatment was available; one doctor remarked at this time, 

“With respect to the treatment of this complaint, I have little or nothing to advance,” 

recommending, quiet, warmth, alcohol consumption, and opium [12]. Even into the 1900’s, while 

understanding was much improved, it was incomplete. Regarding “marked sclerosis of the 

arteries,” one prominent doctor dismissively noted that “it is important not to over-estimate their 

seriousness. The outlook may depend much less upon the existence of these factors than on the 

sort of man in control of them,” likening diseased arteries to a ship and the patient to a captain 

[13]. True diagnosis could be made only at postmortem autopsy, and prognosis was also 

unavailable; the same doctor noted that there was “no method by which we can reasonably tell 

whether a sufferer will be cut off the next minute or survive many years.” While the importance 

                                                           
3 The terms “coronary artery disease” (CAD) and “coronary heart disease” (CHD) are often used interchangeably. 
Technically, however, CHD is the result of CAD, and occurs when disease of the blood vessels servicing the heart 
(coronary arteries) progresses to cause disease of the heart. No strict distinction is made between the two in this 
thesis. 
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of lifestyle changes were recognized, with doctors admonishing to “Go slowly” and “Eat less,” 

medical treatment was limited and clinicians sometimes resorted to palliative administration of 

chloroform [13]. The disease was still described at this time as “meditatio mortis,” translated as 

“contemplation of death” [13]. 

Comprehension and treatment of CAD has advanced rapidly in the age of modern 

medicine: facilitated by improving mechanistic understanding of the disease, overall mortality has 

dropped around five-fold in the past five decades, with in-hospital mortality declining even more 

so [1], [2]. Medical innovations propelling this trend, starting around the 1950’s, have included 

interventional devices (such as stents, scaffolds, and balloons), pharmaceutical agents and delivery 

methods, increasingly effective and decreasingly invasive (e.g. percutaneous) surgical procedures, 

and large coordinated risk-identification and education campaigns. Together, these advances have 

tapered the rising incidence and increased survivability of the disease. 

1.2. Imaging of Diseased Vessels: A Pillar of Clinical Practice 

Imaging has played an important direct and supporting role in lowering CVD mortality and 

growing knowledge of vascular physiology and pathology [2], [14]. While autopsy and histology 

studies helped to determine the cause of acute myocardial infarction, measure and quantify 

population distributions of normal and pathological vessel features, and classify plaque types, such 

approaches cannot, by their nature, be used to diagnose, assess, or guide treatment of current 

patients, or to monitor disease progression and response to treatment. For these purposes, in vivo 

imaging is required. In vivo imaging plays a role in all stages of disease diagnosis, prognosis, 

treatment, and monitoring [15], [16]. It is widely used to determine vessel geometry; such imaging 

can visualize macroscopic vessel and blood distribution patterns, identify and monitor stenoses 

(aberrant narrowings of blood vessels), measure vessel eccentricity, determine extent and direction 

of remodeling, and quantify plaque prevalence (i.e. plaque burden) [17]–[19]. Beyond geometry, 

plaque morphology can be assessed by determining plaque composition [18], [19] and biological 

features such as areas of inflammation can be identified and located [20]. The constellation of data 

and insights available from the imaging is beneficially used to identify plaques demonstrating 

high-risk features [14], [17], [21]–[24] and to guide, optimize, and assess outcomes of intervention 

(angioplasty and stent deployment), monitor patient reaction to, and recovery from, these 

interventions, and identify instances of subsequent device (e.g. stent or scaffold) failure [25]–[30]. 
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An expanding arsenal of in vivo imaging modalities has been developed to service these 

clinical and research needs [31]. Noninvasive imaging techniques include multidetector computed 

tomography (CT), magnetic resonance imaging, nuclear imaging (including single-photon 

emission computed tomography and positron emission tomography), and contrast-enhanced 

ultrasound imaging. Invasive imaging techniques for arteries include angiography, intravascular 

ultrasound (IVUS), IVUS-radiofrequency (RF) analysis, palpography (intravascular 

elastography), optical coherence tomography (OCT), near-infrared spectroscopy, intravascular 

magnetic resonance imaging, angioscopy, and thermography [21]. Each imaging modality offers 

different benefits and strengths at different scales, and suffers from distinct shortcomings (Figure 

1.1) [21], [26], [32]. For this reason, hybrid and multimodal technologies (combining modalities) 

are being explored to take advantage of distinct strengths and negate shortcomings [21], [26], [32]; 

such technologies, however, are not yet widely available. In fact, none of the non-invasive 

modalities are robustly validated and widely used, while among the invasive modalities only 

angiography, IVUS(-RF), and OCT are widely used in clinical routine; others are used only in 

limited and research contexts [21]. 

Intravascular OCT is a relatively new modality which offers exciting opportunities for 

clinical use and fresh challenges. Developed by researchers at MIT and Harvard Medical School 

[33]–[36], OCT is an invasive, catheter-based technique that utilizes near infrared light to construct 

cross-sectional slices of the artery and its internal (micro)structure [37]. The use of light instead of 

mechanical ultrasonic waves—used in the more established IVUS [19]—leads to remarkable 

resolution, particularly in frequency domain OCT/optical frequency domain imaging (OFDI), 

which is superior to the displaced time domain OCT [38]. Indeed, OCT resolution is typically 10-

20 μm in the axial direction and 20-40 μm in the lateral direction [18], [39], [40], compared to 

100-200 μm axial resolution and 200-300 μm lateral resolution in IVUS [39]. This difference in 

resolution is critical, as it uniquely allows in vivo measurement of particularly small features and 

identification of life-threatening thin-cap fibroatheromas (TCFAs), which are characteristically 

less than 65 μm in thickness [41], [42]. Furthermore, the light signal can better penetrate calcified 

tissue, which is opaque to IVUS’ ultrasound signal and consequently obscures abluminal tissue 

(Figure 1.1C). 
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However, OCT has failed to overtake IVUS in global popularity due to several of its own 

shortcomings and challenges. Most importantly, the use of light instead of mechanical waves, 

while improving resolution, results in substantially lower penetration depth (0.1-2.5 mm in OCT, 

compared to 10 mm in IVUS [18], [39]). Though better able penetrate calcified tissue, light is 

 

 
Figure 1.1. Various imaging modalities are associated with distinct benefits and limitations. The cross sectional 
profile of diseased coronary arteries can be visualized through (A) histology (von Kossa stain), (B) CT, (C) 
OCT/OFDI, and (D) IVUS. Each of the above illustrates a highly calcified lesion in a coronary artery at different 
scales and resolutions. While CT visualizes the cross-section of a large region, providing context and spatial 
information, and readily highlights calcified tissue, resolution is low and distinction of soft tissues is poor. OCT 
and IVUS provide highly detailed information with moderate tissue differentiation in smaller regions; the former 
has greater resolution but inferior penetration depth relative to the latter. Histology, with its arrays of specialized 
stains, provides the greatest resolution and tissue differentiation, but at sparse, discrete locations, and requires that 
the tissue be excised from the body—a critical restriction. (Histology image provided by CBSET.) 

D C

B A 



14 

quickly attenuated by fatty tissue and lipid-rich lesions, obscuring abluminal tissue. The light 

signal also cannot penetrate the metal guidewire used to place the intravascular imaging catheters, 

resulting in a substantial reflection and shadow artifact (Figure 1.1B). Other artifacts sometimes 

also occur [43]. Furthermore, blood is a highly-attenuating medium for light, and so must be 

cleared from the field of view within the vessel. While older, slower forms of OCT (time domain) 

required proximal balloon occlusion, modern versions use non-occlusive flush of an optically 

transparent media (e.g. Lactated Ringer’s or crystalloid/radiocontrast solution) alone; contrast may 

be administered through the guide catheter either by manual injection using a syringe or 

automatically with a power injector [18], [44]. While shown to be safe in typical quantities for 

those without contraindicative complications (e.g. renal insufficiency) [45], [46], this flush 

imposes additional challenges. Insufficient flush can result in obscured vessel wall tissue and 

artifacts, which significantly deteriorates image quality [18], [39]. Repeated acquisitions may be 

precluded due to the concomitant safety risks of additional media [47]. And flush administration 

can also impact the observed and measured geometry of the vessel by altering luminal pressure 

and inducing hypervolemic conditions [44], [48], [49]. 

Despite these shortcomings, OCT has been shown repeatedly to be not just reliable and 

safe for clinical use [45], [46], [50]–[54], but has demonstrated the capacity to offer insights and 

detailed information not offered by IVUS or other imaging modalities [50], [55]. OCT is regularly 

used in catheterization labs around the world to diagnose and prognosticate CAD [18], assess 

lesions and characterize plaque with excellent reproducibility [40], [56]–[58], guide coronary 

interventions such as stent deployment [45], [59], [60], and assess stents after deployment [37], 

[56], [61]. Ongoing work continues to demonstrate and improve the clinical utility of the modality 

through validation studies [62], [63], updated signal analysis and processing [31], [64]–[66], 

hardware modifications, and introduction of exogenous agents and fluorescence [66]. For a more 

extensive expert review of the intravascular applications of OCT, with comparisons to IVUS, see 

Prati et al. [37], [39]. 

1.3. Arterial Modeling & Simulation: Promise & Challenges 

While imaging has led to greater understanding of basic pathology development and 

improved treatment in the clinic, it has also empowered researchers with the ability to develop 

patient-specific computational models to glean further insights. One vision for a bourgeoning 
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paradigm in computational cardiology describes the mutual supplementation of imaging, 

modeling, and informatics in advancing understanding of atherosclerosis, novel treatment, and 

decision support systems [67]; this trend has already commenced. By generating virtual 

representations of physical biological systems—informed by imaging and patient data and 

adhering to fundamental governing principles—the system can be non-invasively interrogated in 

complex, comprehensive, and systematic ways that would be dangerous, expensive, or impossible 

in a patient. 

In pursuit of the three ultimate goals—fundamental disease insight, novel and improved 

treatment options, and individualized patient care guidance—in silico (i.e. computer-based) 

models of three primary classes have become popular [68].The first category of such models 

addresses fluid dynamics, primarily using computational fluid dynamics (CFD) [69], [70]; by 

simulating blood flow through a model vessel, researchers can approximate spatiotemporal 

pressure, speed, exerted forces (i.e. shear stress, including wall or endothelial shear stress), and 

gradient patterns in the vessel. The second category considers solid mechanics, primarily through 

finite element analysis (FEA) [71], [72]. By simulating vessels with applied blood pressure, heart 

wall deformation, balloon inflation (with or without stent deployment), or other loading conditions, 

researchers can approximate spatiotemporal stress distribution (circumferential, von Mises, 

principal, or other measure) throughout the vessel wall and device, if applicable. Finally, the third 

category addresses mass transfer—generally that of drug from a drug-eluting stent or balloon 

through a vessel wall or infiltration of molecules (such as lipoproteins) and/or cells (such as 

macrophages) from the blood stream into the vessel wall. Active and passive diffusion models are 

used to numerically predict the temporal and spatial distribution of the substance of interest. 

Advanced models intersect multiple categories: fluid-structure (or solid) interaction (FSI) models 

numerically compute the interplay between fluid dynamics and solid mechanics, allowing blood 

to deform vessel walls and walls to likewise exert pressure on the contained blood; multi-level (or 

multi-scale) modeling iteratively calculates mass transport, fluid dynamics, and/or solid 

mechanical state to numerically simulate the coupled system. Such multi-level approaches have 

utilized image, experimental, and blood exam data as inputs to reconstruct three-dimensional (3D) 

arteries, model blood flow and mass transport, simulate plaque growth and progression, and 

subsequently calculate clinical metrics (e.g. fractional flow reserve) and perform virtual treatment 

(e.g. stent implantation) [73]. 
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Computational models arise from constitutive equations describing material and interface 

properties, initial and boundary conditions enforcing known or estimated states, driving forces 

applied to the system, and system geometry. By implementing the fundamental equations 

expressing conservation of mass and momentum within this context, a system of differential 

equations can be constructed and solved iteratively to calculate state parameters at various times 

and locations. For all of these model systems (Figure 1.2), geometries, constitution, constitutive 

models, initial and boundary conditions, and loading conditions can be, in whole or part, idealized, 

extracted from imaging data, determined experimentally (i.e. ex vivo), or derived by some 

combination of imaging or experimentation and simulation (e.g. inverse FEA). Various metrics 

may be calculated by these computational models. With CFD analyses, researchers can indirectly 

determine regions of disrupted flow, identify locations of elevated or depressed pressure, and 

calculate wall shear stress (WSS), which is referred to as endothelial shear stress (ESS) when 

occurring at the inner endothelial lining of a vessel. Associated metrics distilling spatial and 

temporal relationships are also commonly computed, including time-averaged WSS, area-

weighted average WSS, axial WSS, WSS gradient, time-averaged WSS gradient, oscillatory shear 

index, modified oscillatory shear index, relative residence time, flow separation parameter, and 

other derived parameters. With FEA, researchers can locate points of elevated plaque structural 

stress (PSS) and calculate peak cap stress (PCS)—a value of interest because catastrophic 

mechanical failure of the cap results in immediate clotting and luminal blockage of the vessel. The 

metrics calculated by these models can provide insights in themselves, or may be coupled with 

clinical and/or animal model data to determine causal or mechanistic relationships. 

Ongoing research in the arterial modeling field can be broadly divided into three partly-

intersecting aims: improving modeling techniques, evaluating interventions, and seeking 

 
Figure 1.2. The validity of model outputs and the actionable outcomes derived therefrom ultimately relies on the 
validity of the input data. Input data is required to specify various model and system parameters, and can be derived 
from various sources. 
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(patho)physiological insights. Facilitated by improvements in computational capacity, modeling 

techniques have in some ways advanced substantially since some of the earliest, trailblazing work 

on vessel stress analysis [74], [75]. However, in many respects techniques are largely reminiscent 

of those from several decades ago, and much is still not understood regarding the selection of 

various parameters, inclusion of assorted features, and level of detail and resolution. Work is still 

ongoing to determine how to best model these complex systems, but findings continue to 

recommend implementation of ever-increasing complexity and specificity. Recent work has 

illustrated the importance of intima heterogeneity in accurately assessing stress (particularly PCS) 

[76], the high sensitivity of stent angioplasty simulation results to tissue constitutive, damage, and 

regrowth representation [77], [78], the need for multimodal deformations to accurately assess and 

predict stent performance [79], and the impact of anatomic and physiologic uncertainties on blood 

flow simulations [80]. Findings have also highlighted the need to incorporate wall compliance and 

displacement (through FSI, as opposed to CFD) to accurately compute WSS distribution and 

profile [81], the immense stress concentration factor that can be produced by micro-calcifications 

(and the dependence of calcification spacing, aspect ratio, and relative alignment) [82], and the 

importance of incorporating residual and initial stress/strain into vessel models for accurate stress 

calculation [72], [83]–[85], among other findings that seem to warrant models of escalating 

intricacy. 

Meanwhile, more applied work has focused on intervention evaluation. Virtual execution 

of interventions in silico allows non-invasive assessment and/or prediction of both qualitative and 

quantitative procedure outcomes (such as lumen deformation and final shape of a stent following 

deployment and recoil, as well as stress and strain distribution in the vessel wall and stent or 

scaffold). Recent areas of investigation in this regard have included often-complex bifurcation 

stenting techniques [86], [87], the impact of plaque type, bifurcation angle, and procedure strategy 

on side branch compromise [88], the effect of predilation on stenting outcome (final lumen 

configuration and resulting tissue damage) [77], and approaches to optimize and select balloon 

and stent designs, materials, and deployment strategies [89]–[92]. Other work in this field seeks to 

project fatigue behavior and likely points of failure for stents and scaffolds, and determine the 

impact of calcifications on stent fatigue life [93]. 

Additional work has looked beyond devices and intervention to pursue pathophysiological 

insights. The most influential work in this field has been the use of CFD models to demonstrate 
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co-localization of low ESS and both plaque progression and post-implantation neointimal 

hyperplasia (often evaluated using OCT), suggesting new mechanistic pathways [94]–[97]. Less 

prevalent, but equally intriguing, is work dissecting the role of structural stress on plaque 

evolution; computational research has unveiled associations between elevated plaque structural 

stress (PSS) and increased atheroma volume and incidence of TCFA [98], as well as neointimal 

thickening after stenting [99]. More common work regarding structural stress doesn’t assess plaque 

evolution, but rather seeks to identify areas susceptible to rupture or damage at a given time and 

the relative impact of various features (such as micro-calcifications, necrotic core, and overall 

plaque composition and geometry) on PCS to identify features of “vulnerable” plaques [100]–

[102]. 

Idealized and image-based models of diseased coronary arteries are already used to better 

understand the pathological mechanisms of lesion progression and vulnerability [103]. There has 

long been interest in using such approaches to quantitatively segment patient populations, evaluate 

patient- and lesion-specific risk (or “vulnerability”) [104], and guide complex interventions [87]. 

As such, translation of patient-specific computational modeling, integrated with imaging and 

informatics, into the clinic has gained increasing attention and traction among researchers, 

clinicians, and regulators [67], [105]. Indeed, there have already been some limited successes in 

the field: a tool which uses computational fluid dynamics simulations—based on non-invasive 

imaging of coronary arteries—to calculate a critical hemodynamic measurement which drives 

clinical decision-making has been approved by the U.S. Food and Drug Administration [106]. 

However, fully realized concepts of “computational cardiology” remain encumbered by barriers 

to integration with physical medicine, stranding years of work in modeling and image analysis 

across a chasm from the clinical bedside. New approaches are needed to bridge the gap. 

While all of the aforementioned models offer exciting prospects and opportunities to 

advance understanding and treatment of atherosclerosis, the vast majority of current models aren’t 

reliable and lack the detailed input data necessary to robustly characterize and represent the 

systems and confidently address important questions. Despite the progress that has been made in 

refining and improving fidelity of models, uncertainty remains and the level of model complexity 

demanded to inspire confidence in results is ever-increasing and often prohibitive. Furthermore, 

since features such as micro-calcifications—which can induce stress concentration factors of at 

least 2 to 5 [82], [107]—are not visible in any routinely used clinical imaging modality, it is unclear 
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whether all relevant features needed to reliably estimate absolute (as opposed to relative) values 

of a given metric are actually represented in any generated model system. Implementing a model 

with sufficient but manageable complexity is indeed a challenge, in the determination of feature 

relevance, the attainment of input information needed to accurately represent these features, and 

the technical implementation of these features in a representative model. 

Additional uncertainties arise from implementation of generic parameters in patient-

specific models. While gross geometry—and to an extent constitution—can be replicated for 

individual patients, many parameters needed for modeling and simulation cannot be readily or 

practically determined in vivo on a per-patient basis. These parameters include boundary 

conditions (such as pressure and flow waveforms), initial and residual stress/strain, material 

mechanical properties, diffusion and reaction kinetics, and biological response profile. Many of 

these properties are determined ex vivo for a small number of samples and generalized to all patient 

models. However, elastic moduli and ultimate stresses of pseudo-homogeneous plaque 

components measured between—and even within—different studies have varied by multiple 

orders of magnitude; the various proposed constitutive models also predict drastically varying 

stress-strain behavior of the hyperelastic and highly anisotropic materials [101], [108], [109]. 

While some approaches to in vivo mechanical characterization have been proposed [110]–[112], 

none have been adopted for clinical use and a reliable method for identifying appropriate 

constitutive parameters remains an outstanding challenge. Coupled with a dearth of model 

validation, these challenges leave many in silico models unsubstantiated and do not allow 

reconciliation of their conclusions, diminishing prospects of delivering the oft-cited goal of 

providing real-time patient-specific modeling and clinical decision-making guidance [103], [113]. 

1.4. Artificial Intelligence in Cardiology 

In addition to computational and image-based modeling, artificial intelligence (AI) is 

blossoming within the field of cardiology, buoyed by tentative optimism and high expectations 

among cardiologists and engineers alike [67], [114]–[120]. 

AI is the capacity of machines or computers to make decisions, perform higher-order 

analytical processes, or mimic other behavior typically attributed to natural human (or non-human 

animal) mental capacities. The concept is incredibly broad, and can range from a simple explicitly-

encoded decision tree to a highly-complex self-trained network which can perform intricate tasks 
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like playing a game, driving a vehicle, or translating text into a different language. These latter 

examples, in which abilities are learned directly from a set of data without explicit programming—

often because the tasks are too difficult for a programmer to provide a concrete, governing set of 

instructions or rules addressing all possible scenarios—fall within a subset of AI called machine 

learning (ML). ML methods often use a software structure modeled after the brain, called a neural 

network, to extract patterns from the data. Connections between sets of interconnected nodes, 

through which input data is transformed to an output value (or set of values), are optimized based 

on a set of training data to achieve the desired output results. When ML approaches implement 

this network structure, expanded to deeper levels, the process is called deep learning [121]. One 

specific type of deep learning neural network is effectively structured to handle data arrays, such 

as images and videos: convolutional neural networks. By leveraging prior structural knowledge of 

spatial locality and translation invariance—meaning that relevant information is typically located 

near each other and does not depend on its relative position in the array—the complexity of the 

network (and consequently the required volume of training data and the risk of over-fitting the 

model to the data) can be substantially reduced [121]. 

Though many fundamental concepts in AI are decades old, their potential has only begun 

to be realized. It was not until sufficient computational power recently became widely available to 

meet the needs of these demanding tools that the most powerful AI methods, including deep 

learning, became feasible. They are now widely applied to classification, prediction (or 

recommendation), and action selection (or planning) tasks in a wide array of fields and 

applications. 

AI in healthcare, as in other fields, has experienced a resurgence in recent years. As for the 

wider field of medicine [122], the growing reliance on, and proliferation of, digitized data, 

supported by ever-increasing computational power, conjures an eagerness to harness and fully 

utilize this immense resource. Garnering particular interest are applications to collaboratively 

support clinicians in the amelioration of routine tasks [123]–[125] and processing of 

incomprehensibly vast troves of medical data [124]–[129], as well as translational research seeking 

fundamental insights from patterns in massive datasets [130]–[132]. Moving forward, AI to 

augment human intelligence and offer decision support offers perhaps the most challenging and 

beneficial future applications [133]–[135]. However, some have cautioned that the hype and 

tantalizing promise of AI has overshadowed typical scrutiny and vigilance of the field; ML-based 
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decision support systems are often not subject to sufficient critical assessment and may lead to 

unintended consequences through inappropriate use or application [136]–[138]. Furthermore, 

disconnects between AI specialists, clinicians, and medical infrastructure have impeded successful 

development and effective deployment of AI systems in clinical practice [139]–[141], and a lack 

of interpretability, explainability, and uncertainty-awareness among AI systems impedes 

establishment of trust necessary in such a high-stakes environment as healthcare [142], [143]. Still, 

however, with proper oversight and critical assessment, and collaboration between subject matter 

experts and stakeholders, such systems offer great promise in improving the delivery of healthcare, 

particularly in cardiovascular medicine. 

Residing at the intersection of routine task automation, big data processing, and augmented 

decision support, deep learning for medical image analysis is a booming, promising specialty 

[144]–[147]. In cardiology, where imaging is a staple of clinical practice, opportunities to support 

clinicians in image interpretation are expected to have a particularly profound impact [148]–[152]. 

A niche corollary in medical image generation and synthesis has attracted some interest in the 

research community as well, but is yet to find a foothold in any clinical applications [153], [154]. 

However, recent exciting advances in ML addressing image processing and computer vision offer 

new possibilities to enable the continuum between physical and virtual medicine, the absence of 

which currently stifles translation of technical innovation into medical practice. 

1.5. Thesis Contributions & Organization 

Despite great strides in understanding and treating atherosclerosis, mortality and disease 

burden remains unacceptably high [1], [2]. While the diagnosis is fortunately no longer a sentence 

of meditation mortis, there remains limited actionable understanding or ability to differentiate 

those likely to experience an acute event, ineffectual treatment outcomes, or responsiveness to 

non-invasive interventions—a disappointing echo of the past century [13]. Tools of intravascular 

imaging, computational modeling, and AI promise to usher in a new era of computational 

cardiology [67] in which the field adopts more quantitative approaches leveraging the best 

available data to deliver patient-specific, personalized care. As noted, however, several challenges 

must first be overcome before this vision can be realized. The contribution of this thesis makes 

significant strides in overcoming several of these major obstacles. Using and advancing the 

aforementioned tools, the enclosed work develops new methods to determine arterial geometry, 



22 

extract vessel and plaque morphology and material properties, model and simulate patient-specific 

diseased vessels, and integrate this rich set of information into clinical practice and visual 

workflows (Figure 1.3), as described in the following chapters. The results are improved 

quantitative assessment and characterization of the state of atherosclerotic arteries to fill gaps in 

knowledge at the intersection of pathological anatomy, vascular imaging, and biomechanical 

structural behavior. 

 
Figure 1.3. This thesis advances the confluence of imaging, modeling, and artificial intelligence. Processing 
intravascular images of diseased arteries provides information on lesion geometry and morphology, which can 
inform computational models and simulations. Models and simulations can conversely be supplemented with 
information extracted from imaging to elucidate lesion morphology and/or geometry. These intrinsically coupled 
systems can be integrated into clinical practice workflows through the generation of synthetic images. This thesis 
address and advances each of these synergistic elements. 
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Chapter 2 discusses a breakthrough method of extracting vessel geometry which 

overcomes current limitations of intravascular imaging. By employing a priori knowledge of 

arterial geometry and image acquisition procedure, and progressing from two-dimensional feature 

detection to 3D integration of adjacent and contextual information, existing barriers arising from 

limited penetration depth is largely surmounted to determine the geometry of diseased vessel wall 

geometry in high-resolution OCT [155]–[158]. Insights on the application and limitation of lumen-

based image co-registration are also presented [159]. 

Chapter 3 describes the development and critical assessment of methods to determine and 

characterize vessel wall morphology. Aided by constraints imposed by vessel geometry and 

effective AI tools, plaque components of diseased vessels are labeled in OCT and IVUS images 

[160], [161]. The approach is extended as well to labeling intravascular devices (bioresorbable 

vascular scaffolds). The importance of enriching the method with domain knowledge and 

information on vessel geometry is quantitatively assessed, as is the impact of training data on 

overall performance [162]. 

Chapter 4 details the computational modeling and simulation of patient-specific vessels. 

Enabled by greater geometric and constitutive information extracted from clinically available 

intravascular imaging, improved patient-specific models of individual arteries are developed, 

offering the promise of more comprehensive assessment to guide clinical decision-making. The 

tradeoffs between two implemented modeling strategies are considered. An inverse approach 

utilizing the new models is also demonstrated and validated as a proof-of-concept for determining 

lesion-specific material properties. 

Chapter 5 addresses a new way to bridge the chasm between virtual and physical medicine 

with synthetic imaging. Uniquely-applied methods of synthetic image generation are described 

and compared, and clinical applications of such images in cardiology are presented. 

Chapter 6 concludes this thesis, discussing implications and future directions of the work 

to achieve a vision for a continuum of physical and virtual medicine enabling computational 

cardiology. 

The work presented here has immediate impact through the insights revealed on geometric 

relationships, plaque visualization and appearance, impact domain knowledge enrichment, 

consequences of model structure, training, and evaluation metric decisions, and more. With further 
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refinement and validation, the achievements of this thesis will empower clinicians and researchers 

with enhanced information on diseased vessel constitution and biomechanical properties. With this 

information, which could previously only be derived through in vitro testing, coronary artery 

modeling and clinical assessment will allow clinicians to make more informed choices regarding 

their course of treatment and researchers to pursue new insights into the pathobiology of 

atherosclerosis and the impact of interventions. 
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Chapter 2 
 
Extracting Vessel Geometry: Overcoming Current 
Limitations of Intravascular Imaging 
 

The physical form of a blood vessel not only elucidates the 

progressive state of cardiovascular disease (CVD), but drives 

vessel functional capacity and, consequently, functional 

impact of the disease. Coronary artery disease (CAD) arises 

from insufficient delivery of blood to tissue of the heart due 

to atherosclerosis, which hardens and narrows the arteries [2]. 

The amount of plaque and extent of narrowing are, therefore, 

key metrics considered in the diagnosis, prognosis, and 

treatment of CAD—metrics inherent to the geometry of the 

vessel. Indeed, quantitative metrics of vessel geometry figure 

prominently in the expert consensus documents and clinical 

guidelines for intravascular imaging and coronary 

interventions [17]–[19], [25], [163]. However, such measures 

are typically made manually, presenting a host of challenges, 

and can be difficult in some modalities due to limited 

penetration depth. Such shortcomings severely restrict large-scale determination of vessel 

geometry, necessary not only for clinical assessment and clinical studies, but development of 

computational models of diseased arteries. In this chapter, a breakthrough method of extracting 

vessel geometry which overcomes current limitations of intravascular imaging [155]–[158] is 

presented, as well as a method and illuminating analysis of disparate geometric dataset alignment 

[159].  
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2.1. Diseased Vessel Geometry: Needs, Progress, & Challenges 

The geometry of a vessel can be distinctly altered by disease and profoundly impacts its 

function. It is therefore a critical consideration in clinical diagnosis, prognosis, and treatment-

planning, as well as research. This importance has prompted efforts to offload the tedious work of 

annotation and measurement from human experts, but complications arising from the inherent 

limitations of imaging modalities have hindered progress in doing so. 

2.1.1. The Need for Accurate Geometry 

Long before vessels could be observed in vivo, the geometry of an artery has been known 

to vary with disease. Indeed, even before the circulatory system was known to be that—

circulatory—Leonardo da Vinci made the astute pathological deduction on the basis of autopsy 

observations that certain CVD “is brought about by the continuous narrowing of the passage 

of…vessels by thickening of the coats of these vessels” [10]. (Here, “coats” refers to the layers of 

the vessel wall, which themselves have been imaginatively named “tunicae” due to their rough 

semblance to the tunic garment.) More recent detailed autopsy and histology studies have 

quantified the range of normal and diseased vessel geometry [8], [164]–[167]. Findings have 

shown that the plaque focally develops in the intima layer, driving most geometric changes, but 

also that the media layer (comprised of smooth muscle cells and connective tissue) is markedly 

thinner in diseased segments of atherosclerotic vessels than in healthy ones [164]. However, only 

measurement of the intima has been widely adopted as a strong signal of disease burden; standard 

quantitative metrics of the media alone are not noted in the standards for either [17]–[19], [25], 

[163]. 

To characterize a patient’s vessel and atherosclerotic lesion, if present, the dimensions of 

the vessel wall and plaque must be determined. With the advent of in vivo imaging techniques, 

including optical coherence tomography (OCT) and intravascular ultrasound (IVUS), recognition 

of the importance of vessel geometry led to several quantitative metrics being defined in the expert 

consensus documents and clinical guidelines for intravascular imaging and coronary interventions; 

these include, among others, (cross-sectional) area, diameter, and eccentricity of the lumen, 

plaque, or indwelling stent (when present), and additional metrics derived therefrom [18], [19]. 

Measurements are typically made in relation to the lumen, internal elastic membrane (IEM; 

equivalently the internal elastic lamina), and external elastic membrane (EEM; equivalently the 
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external elastic lamina). The IEM and EEM are fenestrated laminae separating the media layer 

from the intima and adventitia layers, respectively. Though too thin to be directly observed in 

currently-available clinical imaging modalities, these physical features are considered for practical 

purposes to reside at the visible border between layers. Of note, the media itself is differentiable 

from the adjacent layers in OCT but not IVUS—in which only the trailing edge of the media (EEM; 

adjacent to the adventitial layer) is visible [18], [19]. However, due to the limited penetration depth 

of OCT, the intima-media and media-adventitia borders (IEM and EEM, respectively) can be 

difficult to discern in diseased vessels, though studies have shown that experts can still derive 

accurate measurements of vessel area in arteries with highly-attenuating lipid-rich plaque [62], 

especially when the images are attenuation compensated and contrast enhanced [65]. Still, clinical 

measurements can be time-consuming and suffer from inter- and intra-observer variability, and are 

typically made at distributed, discrete points, limiting the attainable insights of holistic 

consideration. Furthermore, physicians without sufficient training, experience, or expertise are 

often unable to identify the complete outer border of vessels in OCT images, inhibiting important 

clinical measurement and limiting application in treatment decisions. 

Aside from clinical practice, scientists and engineers seeking to computationally model 

arteries, particularly through structural mechanics or fluid dynamics analyses, are required to 

extract not just singular metrics of vessel geometry, but digitally recapitulate full two-dimensional 

(2D) or three-dimensional (3D) geometry as a cornerstone of the model. Furthermore, such 

geometric boundaries are needed to delineate the region of interest in images for any subsequent 

tissue characterization processes. Delineating vessel borders and characterizing healthy and 

diseased (plaque) wall constituents allows for the construction of models of patient-specific vessel 

geometry for research (and future clinical applications), as highlighted in Chapter 1. However, 

previous coronary artery anatomic reconstructions have been subject to limitations in application 

and/or fidelity arising from methodological approaches. Many modeling approaches have utilized 

either idealized geometries or relatively low-resolution image sources, such as intravascular 

ultrasound (IVUS), angiography, magnetic resonance imaging, or computed tomography (CT), 

resulting in necessarily simplified models. Others have relied on histology of excised tissue, which 

precludes predictive studies, serial monitoring, or application to current patients. Modeling 

approaches to date utilizing high-resolution OCT have been limited by assumptions or 

simplifications made during the reconstruction of the arterial wall necessitated by the absence of 
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geometric information; some use only the inner (lumen) border obtained from OCT (e.g. for 

computational fluid dynamics simulation without fluid-structure coupling) [70], [168]–[172], 

others have extrapolated radially from the inner (lumen) border by a fixed distance to approximate 

the outer (IEM or EEM) border [173], [174], and some have lofted circumferential cross-sections 

of indirectly-calculated diameters, defined only in plaque-free regions, to create external arterial 

wall surfaces [172]. 

The ability to reliably identify the full IEM and/or EEM in OCT images of diseased 

coronary arteries would provide great benefit by allowing high-resolution and holistic 

investigation of plaque and wall distribution and composition, along with macroscopic, continuous 

plaque burden measurements. Because automatic lumen segmentation and plaque characterization 

methods have been previously developed and validated for this modality [175], the major 

unresolved challenge is automatically identifying the outer border the vessel wall, which is often 

obscured by highly-attenuating plaque constituents which limit the penetration depth of OCT. 

Unfortunately, it is often difficult or impossible to identify the full IEM in a given frame. To 

generate the best possible estimate of the IEM within a frame, it is therefore necessary to use 

information from adjacent frames and a priori knowledge of vessel shape—strategies regularly 

employed by expert clinicians. 

2.1.2. Progress in Automatic Geometry Extraction 

In response to the clinical need for fast and consistent geometric quantification of vessels, 

several automated methods have been developed. In addition to progress in imaging methods and 

technology, methods for post-processing of IVUS and OCT images have brought about tools and 

capabilities that provide valuable insight to researchers and clinicians [175], [176]; algorithms now 

exist which can identify many key vascular structural and morphologic features with increasing 

accuracy, allowing for their measurement and quantification. With sufficient data, advanced 

algorithms can accurately detect lumen contours and identify stent struts [175], [177]–[179], and 

even rudimentary image processing algorithms can provide rough approximations of these 

features. The outer border can be readily segmented automatically in IVUS by various approaches 

[175], [180]. However, automatic segmentation of the outer border in OCT has been more elusive 

and challenging. 
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Automated methods for identifying the outer wall of a vessel in OCT are sparse, despite 

their potential value. Some approaches have sought to circumvent—and indeed leverage—the 

penetration depth limitations of OCT by using plaque free wall angle (i.e. visible arc) as a proxy 

for plaque burden, which is typically derived from the area delineated by the inner and outer 

borders of the vessel wall [181]. Others have directly delineated the outer wall, but only in non- or 

minimally-diseased vessels in which the entire outer border was clearly visible within the 

penetration depth-mediated field of view [182], [183]. Zahnd et al. were the first to extract multiple 

surfaces simultaneously in intravascular OCT, segmenting intima, media, and adventitia layers 

through a front propagation scheme [182]. However, the approach was only applied successfully 

in healthy regions of the vessel in which the layers were clearly visible; these regions neither 

present the most challenging features characteristic of intravascular OCT, nor do they represent 

segments of clinical relevance. A later graph-based approach introduced by Chen et al. was used 

to segment the lumen, intima, and media in cardiac allografts [183]. While applied to an interesting 

and clinically-relevant application of OCT image segmentation, the method analyzed vessel 

segments which represent relatively ideal conditions with clear visibility, and is unlikely to 

translate to more challenging cases such as advanced atherosclerosis. Curiously, these approaches 

were strikingly similar to OCT segmentation methods developed nearly a decade earlier for an 

entirely different application. 

Unexpectedly, success in extracting geometry from OCT can be found in a different 

medical field: ophthalmology. Layer segmentation in OCT is not itself novel, though doing so in 

intravascular OCT is still a fledgling endeavor. When the revolutionary modality was first 

introduced, OCT was demonstrated in both coronary arteries and the peripapillary area of the retina 

[33]. Retinal OCT, which is non-invasive, has been widely adopted in ophthalmology; in this use 

case, penetration depth is not a significant issue, as the retina is generally less than 0.23 mm thick 

in its thickest region [184]. As such, layer segmentation has matured significantly in retinal OCT, 

and multiple methods and approaches have been developed to segment retinal layers in OCT 

images. Grayscale edge detection (with substantial pre-processing including specialized 

smoothing and de-noising filters) [185]–[187], active contours (energy-minimizing splines) [188], 

multi-step region growing [189], layered graph minimum-cost closed set determination (including 

feasibility constraints and regional information) [190], and coarse grained diffusion mapping using 

texture analysis to identify regional boundaries [191] have all been employed successfully to 
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segment layers in retinal OCT. Kafieh et al. reviewed and classified a number of other previous 

approaches that achieved varying success [191]. As engineers and scientists tackle the challenge 

of identifying and segmenting layers in intravascular OCT, it is prudent to learn from the preceding 

work in retinal OCT layer segmentation. Penetration depth aside, many complications are shared 

by both applications. Both retinal and intravascular OCT experience speckle noise, discontinuities 

in layer boundaries, intensity inhomogeneity, low image contrast, poor layer-to-layer image 

gradients, and feature shape irregularities. Unfortunately, these issues are more extreme in 

intravascular OCT. For example, layer boundary discontinuities in retinal OCT are caused by small 

intraretinal blood vessels, whereas large discontinuities in intravascular OCT are caused by 

shadows cast widely by a metal catheter guidewire, obscuring up to around 45o (one eighth) of the 

vessel wall. Nevertheless, challenge similarities suggest there may be much to be gleaned from 

retinal OCT layer segmentation approaches. 

Despite all of the work to date, more progress must be made to enhance the information 

gleaned from intravascular images and to make this information more accessible to scientists and 

clinicians. Critically, current methods can only extract spatially superficial information from OCT 

images, providing incomplete information necessary for clinical assessment and biomechanical 

study. 

2.1.3. Prior Interpolation and Surface Fitting Methods & Spring Model Precursors 

Surface fitting and interpolation are common techniques for filling gaps in 3D 

information—approximating data in 3D when information is only available in certain areas of the 

solution space. It ultimately served a critical function in my solution to extract geometric 

information on diseased vessel walls from OCT images. Unfortunately, while many variations of 

interpolation and surface fitting exist, most are limited in flexibility, intuitiveness, ability to 

incorporate secondary information, and computational efficiency. Though existing approaches 

proved insufficient, a brief introduction to common approaches to interpolation and surface fitting 

is informative in understanding the shortcomings of prior approaches and the tremendous benefits 

of the method I developed for this purpose. 

Interpolation methods are widely applied to construct a continuous function from 

irregularly spaced data, including in medical imaging [192]. In these schemes, functions are 

constructed that intersect known data points or positions, and utilize various methods to 
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approximate the values or positions lying between them [192], [193]. While some interpolation 

processes can theoretically be global, considering all known data points, nearly all are limited to 

local application to an arbitrary number of nearby points either by definition of the approach or 

computational limitations in considering large data sets. Furthermore, some popular approaches, 

including triangulation based methods, radial basis functions, and natural neighbor interpolation 

methods, require preprocessing steps, thereby further increasing computational complexity. 

Others, such as inverse distance weighted methods, artificially enforce radial symmetry around 

points, introduce artifacts, overweight clusters of points, or are highly sensitive to user-defined 

weight functions [192]. Fundamentally, smoothing is also limited in interpolation methods, as 

functions are constrained to pass through the available data points, which may themselves be non-

smooth and could be unreliable. 

Surface fitting overcomes some issues associated with interpolation techniques, but 

introduces alternative challenges [192]–[194]. Scattered data fitting techniques seek to find a 

reasonably approximating, ostensibly smooth surface that minimizes some error, such as 

cumulative difference between known data point values and surface values, to represent the 

underlying data trend. Such approximation is generally acknowledged to be preferable to 

interpolation when the available data may include noise, error, or inaccuracies, or are not reliable, 

as is the case with the application at hand. These techniques may be either global—such as 

polynomial least squares, discrete least-squares fitting by splines, discrete l1 and l∞ 

approximation, spline smoothing or smoothing splines, and continuous least squares—or local—

such as patch methods and direct local methods [193]. One particularly popular local fitting 

technique is robust locally weighted regression and smoothing, in which polynomials are fit to 

local sets of data through weighted least squares such that the weighting provides robustness 

against deviant points [195]. The technique, initially introduced for application in 2D scatterplots, 

provides four mechanisms for customization: polynomial order, weighting function, smoothing 

parameter, and number of iterations [195]. However, the values and functions that can be selected 

are still highly constrained, and offer only modest flexibility [195]. While local techniques such as 

these require less computational capacity and provide other benefits, most do not produce globally 

smooth, or necessarily continuous, surfaces. Furthermore, some fitting techniques require 

regularly spaced data, may require specification of derivative data, or impose other limiting 

restrictions [193]. The shapes and contours that can be achieved with existing surface fitting 
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techniques are also fundamentally constrained—most surfaces must conform, locally or globally, 

to a polynomial function. This presents a vital limitation, particularly in applications to natural and 

complex systems which cannot be represented with sufficient fidelity by such simplified 

expressions. 

Compounding the above issues is the restriction that neither standard interpolation nor 

surface fitting techniques can incorporate additional inputs from the rich information available in 

imaging data. Resulting approximations are consequently heavily biased when the input data 

points are not representative of, or equally-distributed from, the underlying data. In the present 

case of the vessel wall, we expect these techniques to underestimate unknown values of wall 

position because missing data points (non-visible wall segments) are inherently more likely to have 

values (radial depths) at the extremes of, or exceeding, those of the available data point values 

(visible wall segment depths). 

The alternative approach developed in this thesis (Section 2.2.3) leverages key benefits of 

simple mechanical systems. For example, the simplicity and elegance of Hookean linear-elastic 

spring models lend themselves to unparalleled efficiency because they allow straightforward 

expression in matrix operations and the associated benefits in solving systems of equations. For 

this reason, deformable mass-spring tissue models have been implemented instead of finite 

element tissue models to realistically simulate interactive surgeries in real time [196], and a spring 

surface mesh has been implemented to simulate dynamic organ behavior corresponding to surgical 

operations with precision and speed [197]. While not applied to image processing, these 

applications exemplify the efficiency of Hookean linear-elastic springs models where large 

systems of equations must be constructed and solved to calculate three-dimensional response to 

external loads. Nevertheless, application of mechanical models to the field of image processing 

has been very limited. Bayesian statistics and statistical mechanics have been applied to 

probabilistic image restoration techniques and extended to additional image processing tasks, such 

as edge detection, image segmentation, motion detection, and image compression [198]. However, 

more dynamic systems like the one implemented in this work have not been explored and have no 

identified precedent, and are unique in their ability to extract geometric surfaces from incomplete 

spatial data. 
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2.1.4. Progress in Comparing Geometries between Image Datasets 

Geometric information of interest is often distributed between multiple datasets. These 

datasets may be comprised of acquisitions from several complementary modalities, thereby 

providing a more complete description of vascular geometry to guide clinical decision-making 

[199]–[201], may be spatially sequential and partly overlapping acquisitions capturing a 

particularly long lesion (beyond the typical range captured by a single acquisition), or may be 

acquired at different time points to capture the longitudinal progression of disease or response to 

treatment. To enable the combination or comparison of these datasets, they must be properly 

aligned to match those segments which correspond to the same underlying physical structure(s). 

Alignment is typically achieved qualitatively through manual co-registration or matching using 

acquisition-specific identified fiduciary markers—clear and unique features or landmarks visible 

in both datasets, such as side-branches [18], [19], [202]. However, this process requires much of 

the time and expertise requirements, and is subject to much of the inter- and intra-observer 

variabilities, that plague manual geometry segmentation itself. 

Several frameworks have been developed to address the challenges of dataset co-

registration and matching, with ancillary tools for clinical assessment focused on algorithmic 

development for intravascular imaging. For circumstances in which multiple image acquisitions 

of the same vessel region are captured (by some combination of OCT, IVUS, and angiography), 

algorithms have been developed which are able to assist with co-registration and spatial alignment 

of these images, a laborious and time consuming task once reserved for trained experts. 

Angiography is frequently aligned (or “fused”) with intravascular imaging data from OCT 

or IVUS, a capability included in user-friendly integrated systems [203]. However, the alignment 

process is only semi-automated, requiring a human operator to reconstruct vessel centerlines from 

the angiography and register the datasets by indicating a baseline position along the centerline 

corresponding to a selected axial position in OCT or IVUS (such that the remaining dataset is 

automatically aligned once the expert designates a single point of correspondence along the vessel 

axis) [204], [205]. 

Several approaches have also been proposed for the co-registration and spatial alignment 

of multiple IVUS acquisitions. Some methods have focused efforts on circumferentially aligning 

virtual histology (VH) IVUS, relying on manual co-registration in the longitudinal direction but 
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subsequently completing the alignment automatically based upon VH-IVUS-defined parameters 

[206]. Others have taken a step further to automatically align IVUS sequences longitudinally as 

well. Using automatically obtained features such as side-branch location, vessel area, lumen area, 

and areas of calcified and fibro-lipid plaques, non-rigid alignment of acquisitions through dynamic 

time warping was achieved and validated [207]. The most advanced method to date for aligning 

IVUS acquisitions achieves simultaneous registration of location and orientation using both 

feature-based and direct approaches [208]. Using perivascular tissue, plaque appearance, and 

plaque thickness, including direct comparison of image pixel intensity, pullback pairs are 

registered via 3D graph-based optimization [208]. While alignment of two IVUS acquisitions has 

been achieved, even the most successful and capable approaches are limited in their scope. In 

particular, grayscale intensity can’t be readily compared directly between modalities to align 

multimodal image sets, and features relied upon to guide registration are not readily visible or 

extracted automatically in other modalities (e.g. intramural features of a diseased vessel in OCT). 

Therefore, inter-modality applications of these methods presents a serious challenge, despite this 

capability’s desirability. 

To address the shortcomings of single-modality alignment approaches, methods have been 

developed to assist with the co-registration of multimodal image datasets of OCT and IVUS. 

Building upon the IVUS-IVUS alignment method of Alberti et al. [207], Molony et al. similarly 

apply dynamic time warping for longitudinal co-registration of IVUS and OCT, and supplement 

the algorithm with dynamic programming for circumferential co-registration [209]. Features used 

in the alignment include lumen area, lumen eccentricity, calcification arc angle, and catheter 

angle—a modified set of features typically identifiable in both modalities (cf. [207]). However, 

the framework requires prior segmentation of the images and identification of calcifications in 

both image sets. While some automated approaches exist for such segmentation and identification, 

the authors note that these methods are imperfect, and that their methods may be sensitive to 

resulting segmentation errors [209]. Another two-phase, coarse-to-fine registration process uses 

features such as lateral branch points and stent points, contour plots (vessel shape), and grayscale 

distribution [210]. However, while the approach obtains feature points through automatic 

detection, it requires manual pair matching of the feature points between IVUS and OCT image 

sets to complete the process [210]. Less comprehensive approaches have also been developed. A 

semi-automated method for matching OCT and IVUS images identifies frame-to-frame (2D) 
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matches on the basis of lumen shape characteristics, considering longitudinal position/order but 

not aligning the entire acquisition [211]. While offering some utility, each of these methods either 

offers incomplete capabilities or is not readily automated, and is typically very computationally 

demanding. 

In addressing multimodal image datasets, additional steps are sometimes needed to fully 

align geometries in co-registered image frames and achieve transverse plane registration. Because 

images are acquired both at different times and through different mechanisms, visualizations of 

the same underlying physical segment sometimes do not appear in the same configuration or 

proportions. To address this issue, non-rigid image registration techniques [212] have been 

applied. A computerized methodology has been developed that “inflates” micro-CT and histology 

data to align in-plane with IVUS images; distance map-based spatial transformation through 2D 

interpolation was applied to manually paired frames [213]. Another method focuses on semi-

automatic transverse plane registration of 2D OCT and IVUS image frames [214]. The two phase 

approach requires user selection of key image frames to bypass longitudinal registration in 3D, 

though subsequent 2D registration is automated. Features, including inner arterial wall, side 

branches, and calcification regions, are detected when present; such specific landmarks are 

required to perform the registration, but are not present in each frame. As such, users must also 

select key image frames with discernable features to which the algorithm should be applied [214]. 

In concert with automated tools to identify key features, the aforementioned ancillary tools 

allow for quantification of geometric changes, such as remodeling, over time or in response to 

treatment. However, with frequent inconsistency in imaging modality through longitudinal patient 

care, current methods leave much to be desired. In particular, there remains an outstanding need 

for a simple method that utilizes universally identifiable features which can be automatically 

extracted from the image datasets and robustly applied in the task of co-registration. This, of 

course, relies on the ability to accurately extract complete geometry to be registered and compared. 

2.1.5. The Endeavor to Extract Vascular Geometry from OCT 

Guided by the clinical and research needs, and drawing technical inspiration from previous 

segmentation approaches in retinal OCT and mechanical systems, I embarked on work to 

automatically detect and delineate both the inner and outer border of diseased coronary arteries in 

intravascular OCT images. Physiological understanding and constraints were brought to bear on 
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the problem. Plaque burden follows a continuity inside the vessel and does not change dramatically 

from frame to frame. Therefore, using a priori knowledge of the structural and geometric 

constraints of vessel walls and working in 3D space, rather than on a frame-by-frame basis, the 

limited visibility of the outer vessel wall were largely overcome. Indeed, the non-visible parts of 

the outer vessel border could be approximated in the 3D space to estimate the full arterial wall 

position. 

Initial approaches leveraged basic filtering and edge detection operators to identify visible 

segments of the outer border and fit an ellipse in each frame to the segments found in locally 

adjacent frames [155], [156]. While increasingly sophisticated and 3D routines identified larger 

portions of the outer border, it became apparent that gains in this regard would be limited, and that 

improved methods of filling the space between the detected segments would be required. Existing 

interpolation and surface fitting techniques proved insufficient; they tend to underestimate the 

radial depth of “missing” segments (as the visible segments are overwhelmingly located proximal 

to non-visible segments), and provided little control over the level of smoothing (resulting in loss 

of features due to over-smoothing or sharp, non-physiological features due to errors in the visible 

segment detection and/or image artifacts). A surface fitting approach inspired by Newtonian 

physics was highly effective in fitting variably-sparse and questionably-reliable data [157], [158]. 

Intuitively applying an anisotropic linear elastic mesh with a force function allowed me to 

autonomously delineate outer borders of diseased vessels in OCT images. A relatively simple, 

lumen-based approach to automatic co-registration of vascular imaging data was developed and 

its applicability assessed [159], allowing for tracking changes in, or merging, such geometric 

information across disparate imaging datasets. 

2.2. Detecting Visible Segments of the Outer Border 

The first step in determining vessel geometry is identifying the visible features of the inner 

and outer border. If there is minimal plaque burden or other impediment obscuring the view of the 

outer wall or necessitating smoothing, this is, in fact, the only step needed. However, if segments 

of the vessel wall are obscured, these visible segments provide important context in determining 

the location of the non-visible segments. 

Visible segments of the outer border were identified through image processing of the OCT 

images. These methods were implemented entirely in MATLAB (MathWorks, Natick, MA). 
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Approaches to detecting visible segments of the outer border began with basic 2D edge detection 

utilizing standard functions and modules (Section 2.2.1) [155], [156], and advanced in complexity 

to 3D edge detection employing specialized approaches tailored to the task of identifying the outer 

border of vessels in OCT images (Section 2.2.2) [157], [158]. 

2.2.1. Basic Two-Dimensional Edge Detection 

Processing of the OCT images (Figure 2.1) began with artifact detection and image 

resizing. Each image was first converted to a binary format with a global threshold determined by 

Otsu’s method [215]. The bright regions segmented by this method roughly correspond to 

proximal regions of the vessel wall, as well as image artifacts, while eliminated dark regions 

correspond to the lumen and abluminal regions in which the OCT signal has been attenuated. 

Properties of each connected and continuous region were measured to differentiate segments 

corresponding to the vessel wall from others (i.e. noise and artifacts). Because OCT artifacts 

universally appear in polar coordinates as bands at the top of the frame extending the width of the 

image (Figure 2.1A), thresholded regions that were highly oblong in shape were removed and 

designated as likely artifacts. The average distance from the edge of the frame to the designated 

artifacts was measured; the region within this distance of the edge was eliminated from further 

analysis. This distance was also used for scale determination, as artifacts reliably manifest at a 

known distance from the edge of the image (based on imaging catheter size). Regions with an area 

smaller than a set threshold were also eliminated as noise. An approximation of the inner (lumen) 

border was then made by tracing the innermost non-zero point across the width of the binary image 

(Figure 2.1B). Projecting the lumen 2 mm distally provided the extent of the analyzed region, since 

regions beyond this distance are generally deemed beyond the penetration depth of OCT, and 

therefore likely to contain no information of value. The image was then reduced in size to include 

only the analyzed region of interest between the artifact and the extent of the penetration depth 

(Figure 2.1B). 

Processing continued with filtering and edge detection (Figure 2.1C). Bilateral filtering, 

which preserves edges while smoothing an image, was applied in 2D following the procedure of 

Tomasi and Manduchi [216]. Subsequent edge detection was performed using the Canny method, 

which is designed to be robust in identifying weak edges amongst noise [217]. Parameters for the 

filter and edge detection method were adjusted incrementally in an informal grid search to achieve 

optimal identification of the target features, determined qualitatively. 
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Because several edges in each image were identified, and not just those of the outer border, 

edge selection was next performed. Edge detection inevitably resulted in the identification of 

extraneous features beyond the IEM (Figure 2.1C). To eliminate those undesired edges while 

preserving the appropriate features, numerous physiologically-informed characteristics of each 

edge were assessed. The IEM corresponds to the location between the intima and media, layers 

 
Figure 2.1. Sample OCT image of a minimally-disease vessel cross-section illustrating the progression of the 
basic 2D border detection algorithm. (A) The original unprocessed image, displayed—as acquired—in polar 
coordinates, showing the key physiological structures and image artifacts. (B) The image following inner (lumen) 
border detection (overlaid in green), artifact elimination, and image resizing. (C) The image following edge 
detection (edges overlaid in cyan). (D) The image, converted to its familiar Cartesian coordinate system, with all 
detected edges overlaid (red) and retained edges highlighted (cyan). 

Intima

Media

Adventitia

Lumen

Artifacts

A

B

C

D



39 

whose composition and structure cause differences in relative optical reflectivity (i.e. brightness) 

and entropy. To identify the location of the IEM, information on these features was therefore 

leveraged. Relative differences in average OCT signal intensity grayscale values and 

neighborhood entropy above and below each segment were calculated. Upper and lower thresholds 

were set on the basis of characteristic values recorded for several manually identified IEM edge 

segments; segments with values outside the allowable range for these characteristics were 

eliminated. The image was then converted from polar to Cartesian coordinates, resulting in the 

familiar circular image (Figure 2.1D). 

As these appearance (grayscale intensity and entropy) criteria did not fully isolate the 

desired edges, geometric criteria were subsequently applied  because vessels, even when diseased, 

are known to maintain roughly elliptical shapes. To each remaining segment was fit a circle and 

ellipse: 

 (𝑥𝑥 − 𝑥𝑥0)2 + (𝑦𝑦 − 𝑦𝑦0)2 = 𝑅𝑅 (1) 

 𝑥𝑥 − 𝑥𝑥0 = 𝑎𝑎 cos 𝑡𝑡 + ℎ sin 𝑡𝑡 (2) 

 𝑦𝑦 − 𝑦𝑦0 = 𝑏𝑏 sin 𝑡𝑡 + ℎ cos 𝑡𝑡 (3) 

Here, x and y represent the coordinates of a point (pixel) in the image, x0 and y0 represent the center 

of the circle or ellipse, R is the radius of the circle, t is a value between 0 and 2π, a and b are 

parameters determining the eccentricity and size of the ellipse, and h is a parameter determining 

the axial rotation of the ellipse. Best-fit circles (Equation 1) and ellipses (Equations 2 and 3) were 

therefore respectively determined by selecting x0, y0, R, a, b, and h to minimize the following losses 

(ℒ) over all points (x,y) of a given edge segment: 

 ℒ(𝑥𝑥0,𝑦𝑦0,𝑅𝑅) = ∑ ��(𝑥𝑥 − 𝑥𝑥0)2 + �𝑦𝑦 − 𝑦𝑦0�
2 − 𝑅𝑅�∀(𝑥𝑥,𝑦𝑦)  (4) 

ℒ(𝑥𝑥0,𝑦𝑦0,𝑎𝑎, 𝑏𝑏,ℎ) = ∑ ��(𝑥𝑥 − 𝑥𝑥0)− (𝑎𝑎 cos 𝑡𝑡+ ℎ sin 𝑡𝑡)�2 + ��𝑦𝑦 − 𝑦𝑦0� − (𝑏𝑏 sin 𝑡𝑡+ ℎ cos 𝑡𝑡)�
2

∀(𝑥𝑥,𝑦𝑦) (5) 

Values were loosely constrained to feasible ranges values relative to the image dimensions (e.g. 

such that the center of the shape, (x0,y0) fell within the image field of view), and initial guesses for 

each value were similarly provided to the minimization function as proportions of the image 

dimension (e.g. radius R equal to a quarter of the image width). The resulting values defined a 
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best-fit circle (with 3 degrees of freedom) and ellipse (with 5 degrees of freedom) for each edge 

segment, which was then used to further eliminate unwanted segments. Segments corresponding 

to best-fit circles with a radius (Rcircle) significantly smaller than the radius of a circle with the 

same area as the lumen region (Rlumen) were eliminated: 

 𝑅𝑅𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 > 𝑅𝑅𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = �𝐴𝐴𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝜋𝜋

 (6) 

Additionally, if the best-fit circle did not enclose most of the lumen region extrema points, its 

corresponding edge segment was eliminated. Finally, if the quality of the ellipse fit was poor, 

meaning the minimized sum was not sufficiently small relative to the total number of points 

contained in the segment, the corresponding segment was eliminated. Thus, only segments 

corresponding to sufficiently large, reasonably located, and well-fitting best-fit circles and ellipses 

were retained (Figure 2.1D). These segments were designated as the visible segments of the outer 

border, to be used later in determining the full vessel wall. 

Refinement improved the quantity and accuracy of visible outer border detection, but the 

method carries inherent limitations. This approach uses only in-plane (2D) information, even 

though information from adjacent frames may provide greater insight on whether a given contour 

corresponds to that which is desired, a different feature, or an artifact (e.g. noise). Furthermore, 

and as a consequence of the 2D nature of the edge detection, there was no guarantee of continuity, 

and contours detected in subsequent frames were frequently discontinuous. Finally, the method 

was sensitive to catheter location within the lumen, as the relative position dictated the polar 

representation of the vessel wall (which in turn impacts filtering and other operations). Further 

work to advance the visible border detection addressed these shortcomings. 

2.2.2. Advanced Three-Dimensional Edge Detection 

As for basic 2D edge detection, advanced 3D edge detection began with lumen detection. 

Similar to the basic approach, initial detection of the lumen followed the procedure used by 

Athanasiou et al. [173]. In brief, image data were converted to binary format with Otsu’s 

thresholding method [215], common artifacts (i.e. catheter sheath and guidewire backscattering) 

were purged, and the single most proximal point in each column (non-zero point of lowest radial 

distance) was retained. Simple 2D smoothing was performed on these points, and they were then 

connected through linear interpolation to points in laterally-adjacent columns with straight lines, 
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resulting in a continuous contour within each frame. However, while minimally smoothed, the 

resulting lumen surface was not necessarily continuous in three dimensions (longitudinally). To 

further smooth the lumen as a continuous 3D surface, an anisotropic linear-elastic mesh was fit to 

the points using the approach described later (Section 2.3.3), diverging from the previous, basic 

2D approach. The result was relatively reliable and accurate; error in lumen border detection 

generally arose only occasionally in the presence of significant image acquisition artifact, such as 

insufficient blood flush or irregular catheter rotation, as well as side-branches. With the lumen 

accurately identified, outer border segment detection could proceed. 

Identification of the (visible) outer border candidate edges followed lumen detection and 

drew upon image enhancement and edge detection approaches specifically adapted for this 

application. Undulation of the vessel wall is natural in the acquired polar image of the vessel wall 

due to the nominally non-circular shape of the vessel and non-concentricity of the imaging catheter 

within the vessel lumen. In a comparable situation, the rounded nature of the eye, and consequently 

retina, leads to large curvature of the acquired 

images. Therefore, an approach drawn from 

retinal OCT layer segmentation was utilized to 

flatten the image relative to the detected lumen 

contour to better align layers horizontally 

(Figure 2.2). This feature improved filtering 

efficacy, facilitated reduction of image sizes, 

and eased layer boundary identification 

through improved shape consistency [185], 

[190]. In each column of a frame, the lumen 

was shifted to the top of the image. Following 

this procedure, the outer border presents as a 

straight line in healthy arteries (arteries without 

plaque and a thin intima layer of consistent 

thickness). However, in diseased arteries, 

plaque buildup displaces the outer wall distally 

to generally unequal depths along the angular 

span of the wall (Figure 2.2). 

 
Figure 2.2. OCT images of the arteries are flattened in 
polar coordinates relative to the lumen, improving 
filtering efficacy, size reduction, and layer boundary 
identification though improved shape consistency. 

Flatten
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A compensation and contrast enhancement algorithm employing exponentiation was next 

applied to the flattened polar images using methods proposed by Girard et al. [218]. To enhance 

the image, we used a transformation in which contrast enhancement through exponentiation 

precedes image compensation: 

 𝐻𝐻𝐻𝐻{𝐼𝐼𝑛𝑛(𝑟𝑟)} = 𝐼𝐼𝑛𝑛(𝑟𝑟)
2∫ 𝐼𝐼𝑛𝑛(𝑢𝑢)𝑑𝑑𝑑𝑑∞

𝑟𝑟
 (7) 

where HD is a compensating transformation operator for a given exponentiated column of the 

image, I is pixel intensity, n is the exponential factor, and r is (propagating beam) radial depth 

[218]. As in the referenced study, an exponential factor of 2 was used, and the discretized 

implementation of the algorithm described by Girard et al. [218] was utilized. 

Following this compensation and enhancement, which operated in just one dimension, 

frames were concatenated on each side with their adjacent frames to provide appropriate 

boundaries for subsequent multi-dimensional filtering. Because OCT data are acquired in a 

continuous helical sweep [18], rather than at discrete incremental positions as suggested by its 

normal display, these adjacent edges truly represent the boundaries of the frames and provide a 

continuation of the image data along the frame edges. The entire boundary-identification procedure 

was performed in this concatenated volume to avoid erroneously penalizing or disadvantaging 

segments along the edge of a frame, as criteria (i.e. size/area, major-to-minor axis length ratio, and 

orientation) would otherwise be skewed for sub-segments of boundaries that wrap to the opposite 

side of the polar image. 

Speckle noise was magnified during the transformation, so simple median filtering was 

performed to de-noise the resulting compensated and unattenuated form of the images [219]. As 

the flattened polar images were arranged consecutively in 3D space (with pixels functioning as 

voxels), filtering was performed with a 3D kernel to leverage information from adjacent frames 

and minimize the impact of local artifacts. 

Sobel-Feldman edge detection kernels [220] detected grayscale gradients in the radial 

(vertical) direction. Skewed vertical distribution kernels—specially designed to account for the 

nominal 200 μm thickness of the media layer [8], [164]—were subsequently convolved with the 

result. Characteristic radial light-dark-light intensity (grayscale value) transitions indicative of the 

media layer [18], the inner surface of which was considered here as the outer border of the vessel, 

were thereby identified as candidate outer border segments (Figure 2.3). Segments of the outer 
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border were then identified from the matrix of candidate segments through a 3D region-growing 

scheme that extracted segments of prominent, well-defined transition patterns. The 2D properties 

of resulting regions’ intersections with each given plane were calculated to help eliminate non-

feasible segments—regions with small major-to-minor axis length ratios (i.e. too round, rather than 

elongated) or orientations offset substantially from horizontal were removed. 

As the standard Sobel-Feldman and vertical distribution kernels did not capture edges 

oriented at an angle as well as those that are horizontal, off-axis angles were substantially 

disadvantaged in the global region-growing. To overcome this shortcoming and capture those 

angled border segments—typically located at the transition to diseased regions of the vessel—the 

same edge identification procedures described above were repeated with Sobel-Feldman kernels 

and distribution kernels oriented at both 45o and -45o. Subsequent orientation feasibility criteria 

were modified accordingly. Edges detected with the standard and off-axis procedures were 

 
Figure 2.3. Identifying the edge contours corresponding to the outer border. (Top Left) The original flattened 
image on which the operations were performed; substantial fatty plaque (*) partly obscures abluminal structures 
of the vessel wall. (Right) Convolution results calculating the weighted mean Sobel output above (Top) and below 
(Bottom) each pixel. Red indicates a positive value (light-to-dark transition); yellow indicates a negative value 
(dark-to-light). (Bottom Left) Heat map illustrating the product of the proximal and distal convolutions meeting 
the imposed signage requirements (light-to-dark transition above and dark-to-light transition below a given pixel). 

tifact
dewire
dow)
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combined to form a 3D binary representation of the detected segments of the outer border in the 

flattened 3D image volume. 

Segments were identified by the presented approach in just over half of all radial 

projections in a diseased dataset (described in Section 2.3.3). However, some segments visible to 

the trained eye were not identified. Of greater concern were the falsely identified segments that 

did not correspond to the actual outer border. These segments usually arose at the adventitia-

periadventitia transition or, more problematically, within heterogeneous plaques where the 

selected grayscale pattern occurred by happenstance (e.g. when thin bands of calcified tissue were 

present). To help address these shortcomings, additional strategies for segment detection 

improvement could include explicit incorporation of penetration depth, the external limit of which 

is not currently considered by the algorithm. Inclusion of this factor could be used to delimit a 

region of interest within a proximal subset of the image, thereby eliminating opportunities for false 

detection beyond this region and reducing computational operations in regions of the image in 

which no viable information is likely to be present. Still, however, this advanced 3D edge detection 

approach proved sufficient in the available dataset and for the application at hand, and represents 

a technical feat. 

Advanced 3D edge detection provided more accurate and reliable designation of visible 

outer border segments than the basic 2D edge detection. By using out-of-plane (3D) information, 

information from adjacent frames could be leveraged which provided greater insight on whether a 

given contour corresponded to that which was desired, a different feature, or an artifact (e.g. noise). 

Furthermore, and as a consequence of the 3D nature of the edge detection, continuity was far more 

common, and contours detected in subsequent frames were frequently continuous. Finally, the 

method was far less sensitive to catheter location with the lumen, as the flattening step largely 

negated sensitivities in the polar representation of the vessel wall. Still, fundamental limitations of 

the modality’s relatively low penetration depth—with strong dependence on tissue optical 

properties—does not allow for complete visualization of the entire vessel wall in diseased cases. 

To extract the full geometry, non-visible segments of the border still have to be identified. 

2.3. Identifying the Complete Border from Visible Segments 

As noted earlier, if there is minimal plaque burden or other impediment obscuring the view 

of the outer border of the vessel wall or necessitating smoothing, identifying the visible features 
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of the inner and outer border is the only step needed to extract vessel geometry. However, if 

segments of the vessel wall are obscured, visible feature identification is just the first step, and 

these visible segments provide important context in determining the location of the non-visible 

segments. In such cases, physiological understanding and constraints can be brought to bear on the 

problem. Plaque burden follows a continuity inside the vessel and does not change dramatically 

from frame to frame. By employing a priori knowledge of the structural and geometric constraints 

of vessel walls and image acquisition procedure, the limited visibility of the outer vessel wall can 

be largely overcome. Indeed, the non-visible parts of the outer vessel border can be approximated 

in the 3D space to estimate the full arterial wall position, thereby determining the geometry of 

diseased vessel wall geometry. 

Complete outer border contours were determined through strategic fitting of the detected 

visible segments (Section 2.2). These methods were implemented entirely in MATLAB 

(MathWorks, Natick, MA). Approaches to fitting visible segments to estimate the full outer border 

(Figure 2.4) began with simple 2D ellipse fitting to visible segments identified in the given frame 

(Section 2.3.1) [155] and progressed to frame-by-frame shape fitting to visible segments identified 

in both the given and adjacent frames, thereby beginning to integrate contextual information and 

improve longitudinal continuity (Section 2.3.2) [156]. However, findings from these initial 

approaches made clear that 3D surface fitting is required for this task, and subsequent approaches 

implemented this by using a unique mechanical approach for smooth surface fitting (Section 2.3.3) 

[157]. Leveraging the flexibility and power of this new approach, further work extended the 

method to simultaneously fit coupled surfaces to delineate both the IEM and EEM (Section 2.3.4) 

[158]. 

2.3.1. Simple Two-Dimensional Shape Fitting 

Perhaps the simplest approach to estimate the outer border of a vessel when not fully visible 

is to fit a shape, known to roughly approximate that of the vessel, to the visible segments in a given 

frame. In one implementation (Figure 2.5), an ellipse was fit to those visible segments identified 

with basic 2D edge detection (Section 2.2.1) [155]. With the edge segments selected down to 

reasonable candidates for belonging to the IEM (Figure 2.1), a best-fit circle and ellipse was 

determined, by the same procedure as outlined in Section 2.2.1, for all remaining points (by 

minimizing Equations 4 and 5 for the shapes defined by Equations 1–3). Ellipses were found to 
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produce better results than the circles, so were used exclusively thereafter. The area enclosed by 

the ellipse (A) was then determined computationally and calculated independently: 

 𝐴𝐴 = 𝑎𝑎𝑎𝑎𝜋𝜋 (8) 

Validation of this approach was carried out in anonymized OCT and IVUS images of the 

same vessel region in a single patient (a 77-year-old male with non-ST elevated acute coronary 

syndrome). First, the IVUS images, which are considered the clinical gold standard for in situ 

spatial measurement of the vessel wall, were manually co-registered with the OCT frames by 

experienced experts. The meaningful region of the OCT pullback was identified and all OCT 

frames from this region with corresponding co-registered frames in the IVUS pullback were 

identified (N = 37). An expert interventional cardiologist, blind to the algorithm results, traced the 

outer wall of the vessel in each corresponding IVUS frame, and the enclosed area was measured. 

This allowed direct comparison between the cross-sectional area (CSA) estimated in OCT images 

 
Figure 2.4. Methods to determine the complete outer border on the basis of partial, visible segments progressed 
from simple 2D shape fitting to 3D surface fitting and interpolation, offering increasingly human-like, complex, 
flexible, and accurate approaches. 

2D Shape Fitting Integrating 
Contextual Information

Section 2.3.2

Simple 2D 
Shape Fitting
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3D Surface Fitting & Interpolation
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by the simple 2D shape fitting algorithm with those determined in IVUS images by an experienced 

interventional cardiologist (Figure 2.6). Overall results were calculated and reported as mean ± 

standard deviation (SD). 

The algorithm successfully identified segments of the IEM in most analyzed frames, 

though visible segments were not always identified and extraneous edges were not always 

 
Figure 2.5. Sample OCT image of minimally-diseased vessel cross-section illustrating the outcomes of simple 2D 
shape fitting following basic 2D edge detection. These images correspond to the same frame shown in Figure 2.1, 
and display the lumen delineation (green), detected edges corresponding to the outer border (cyan), and best-fit 
ellipse (magenta) corresponding to the final outer border estimate for the frame. (Inset) The original (unlabeled) 
image, displayed in Cartesian coordinates, shows the distinctive three concentric layers of the vessel wall (visible 
in most of the cross-section). 
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excluded. In one frame (N = 1), no visible outer border segment was detected through the 

automated method, and was discarded. OCT images overlaid with the best-fit ellipse of the IEM 

are shown in Figures 2.5 and 2.6.  

The IEM CSA estimates offered by the algorithm differed from the gold standard 

measurements made by experienced expert clinicians in IVUS images by 1.0±1.1 mm2 (median: 

0.7 mm2). Area estimates derived from the OCT images by the algorithm were, on average, 0.6 

mm2 (10%) smaller than those derived from the IVUS images by an expert operator (Figure 2.7)4. 

Furthermore, despite some promise and success, CSA annotated by the human expert in IVUS and 

the simple algorithm in OCT did not achieve statistically significant correlation. 

Discrepancies between the IEM CSA estimates and gold standard measurements (Figure 

2.7) were generally dominated by systematic factors which skewed the automated estimates to 

artificially low values relative to the IVUS measurements. For example, the frame displayed in 

Figure 2.6, which shows qualitatively accurate identification of the IEM, still results in an area 

estimation error of 10% (relative to IVUS “gold standard”). Some underestimation relative to 

                                                           
4 Note that these results differ from those reported in [155]; the reported mismatch in areas prompted a review of the 
imaging systems, which identified a miscalibration. Correcting for this scaling issue yielded the results reported 
here. 

 
Figure 2.6. Co-registered IVUS and OCT images used in the validation of the simple 2D ellipse fitting method 
applied in tandem with basic 2D edge detection. (Left) A human expert (interventional cardiologist) manually 
annotated the outer border of the vessel wall in IVUS (green), considered the clinical gold standard for this task. 
(Right) The automated computer algorithm annotated the outer border of the vessel wall in OCT by fitting an 
ellipse to the visible segments of the wall automatically identified in the frame (magenta). 

IVUS – Expert Annotation OCT – Algorithm Annotation
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IVUS is expected—while the algorithm aimed to identify and fit visible segments of the IEM, only 

the (abluminal) EEM is visible in IVUS, and furthermore studies have found IVUS measurements 

to overestimate area measurements by 10-15% [40]. However, other significant factors identified 

here contributed to CSA estimate discrepancy and error. False and missed edge identification 

contributed to error, and dominated those estimates experiencing the largest errors. These 

situations, in which the algorithm did not perform well, are often those in which the IEM border 

is difficult to identify visually, even by expert clinicians. The missed edge identification 

corresponded mostly to the minimum lumen area sites with the largest plaque burden and IEM 

areas. Additionally, unexpected shadowing or significant variation in signal intensity of similar 

tissue within a single frame resulted in sub-optimal performance, as did major or unusual imaging 

artifacts. 

Continued development of geometry-extraction algorithms therefore sought to identify and 

address the cause of the systematic discrepancy and overcome the edge detection obstacles in order 

to improve the accuracy of the algorithm. A major need arising from this work was to extend the 

2D approach to 3D, enabling improvements in accuracy by allowing estimations to leverage well-

defined and identified segments of the IEM in adjacent frames, i.e. contextual information. 

 
Figure 2.7. Vessel CSA estimates made by in-frame shape fitting deviate from the expert annotations. (Left) The 
vessel area estimates derived automatically from OCT and measured from human annotations in IVUS differ, with 
the latter providing consistently larger values (0.6 mm2, or 10%, larger on average). (Right) The absolute difference 
in area largely falls around the 1.0 mm2 mean (solid line) and within the 95% confidence interval (dashed line; SD 
= 1.1 mm2). A few poorly-estimated outliers skew the average difference from the 0.7 mm2 median. 
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2.3.2. Two-Dimensional Shape Fitting Integrating Contextual Information 

Building upon previous work applying simple shape fitting to visible edges in 2D, 2D shape 

fitting was applied in a manner which integrated contextual information. Recognizing that to 

estimate the IEM within a frame, it is necessary to use information from adjacent frames and a 

priori knowledge of vessel shape, a somewhat more complex algorithm was developed that 

leverages these approaches to estimate the IEM in OCT frames autonomously [156]. As for the 

method described in Section 2.3.1, a shape known to roughly approximate that of a vessel was fit 

to visible segments of the outer border to estimate the full outer border of a vessel when not fully 

visible. This time, however, an ellipse was fit to the visible segments within a given frame as well 

as those identified in adjacent frames [156]. 

In each frame, an ellipse was fit to detected IEM segments in the current and adjacent 

frames to approximate an annotation of the feature. As before, visible segments were identified 

with basic 2D edge detection (Section 2.2.1; Figure 2.1) [155]. The ellipse was fit by optimizing 

its geometric parameters (Equations 2 and 3) to minimize the weighted sum of distances between 

the ellipse and the points constituting the detected segments (Figure 2.8): 

 ∑ 𝑤𝑤(𝑥𝑥,𝑦𝑦, 𝑧𝑧)��(𝑥𝑥 − 𝑥𝑥0) − (𝑎𝑎 cos 𝑡𝑡 + ℎ sin 𝑡𝑡)�
2

+ �(𝑦𝑦 − 𝑦𝑦0) − (𝑏𝑏 sin 𝑡𝑡 + ℎ cos 𝑡𝑡)�
2

∀(𝑥𝑥,𝑦𝑦,𝑧𝑧)  (9) 

 𝑤𝑤(𝑥𝑥,𝑦𝑦, 𝑧𝑧) = 𝑤𝑤uniqueness(𝑥𝑥,𝑦𝑦) × 𝑤𝑤distance(|𝑧𝑧 − 𝑧𝑧0|) (10) 

Note the distinction from Equation 5; Equation 9 includes an error weighting factor w (Equation 

10) for each detected point (x, y, z) and considers points not located at the longitudinal position (z) 

of the considered plane (z0). Weights were based on distance from the current frame (current frame 

weighted most heavily) and location uniqueness (less common location along arc weighted more 

heavily). The area enclosed by each ellipse (A) was calculated (Equation 8). 

The algorithm was validated using experts’ CSA measurements in both OCT and gold 

standard IVUS images (Figure 2.9). OCT and IVUS pullbacks from two patients were considered 

for this study (77- and 61-year-old males experiencing non-ST elevated acute coronary syndrome). 

The pullbacks from the two modalities were co-registered, and coincident frames in useable 

regions were annotated (N = 215). Useable regions were designated as those unobstructed by 

unflushed blood or other significant artifacts. Two experienced interventional cardiologists 

annotated the IEM in the OCT frames; one also annotated the EEM in the corresponding IVUS 
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frames (Figure 2.9). Furthermore, to assess the impact of vessel wall visibility, OCT frames were 

designated by one of the experts as “Readable” or “Unreadable” depending on whether the IEM 

 
Figure 2.8. An ellipse was fit to visible segments of the IEM detected in the current and adjacent frames. While 
shape fitting was performed in 2D, contextual information from adjacent frames was integrated by projecting the 
visible edges detected in adjacent frames into the current one; acknowledging that frame-to-frame variation is 
expected, error contribution of a point was degraded with longitudinal distance from the frame under 
consideration. Parameters for an ellipse described by Equations 2 and 3 were optimized to minimize the resulting 
cumulative error (Equation 9). Area was computed for the resulting ellipse (Equation 8). 

Area = πab
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was visible in at least 3 quadrants (>270o visible). IVUS, which has greater penetration depth and 

is well validated for identification of lumen vessel outer wall, was treated as the gold standard. 

The computer algorithm performed better than that which did not consider contextual 

information from adjacent frames (Section 2.3.1), and achieved strong statistical significance, but 

did not perform as well as the interventional cardiologists (Table 2.1). Inner (lumen) border 

detection was excellent in emulating human experts (Figure 2.10), but performance was less 

reliable for the outer border (Figure 2.11). The average differences (magnitude) between the CSA 

of the vessel determined by algorithm in OCT and experts in OCT and IVUS are presented in 

Table 2.1, along with correlation (p) values between each set. CSAs of OCT annotations—both 

those generated by the algorithm and the experts—better matched IVUS annotation CSAs in 

frames identified as “Readable” (showing visible IEM in 3+ quadrants; Figure 2.11; Table 2.1). 

As for the previous approach (not integrating contextual information), the computer algorithm 

 
Figure 2.9. The method employing 2D shape fitting and integrating contextual information to delineate the vessel 
wall in OCT was validated through comparison with human expert annotations in both OCT and IVUS images. 
The diagram shows the annotations compared and analyzed. (Left) The automated computer algorithm annotated 
the outer border of the vessel wall in OCT by fitting an ellipse to the visible segments of the wall automatically 
identified in the current and adjacent frames. (Center) Two human experts (interventional cardiologists) manually 
annotated the outer border of the vessel wall in the same OCT frame. (Right) A human expert (interventional 
cardiologist) manually annotated the outer border of the vessel wall in IVUS, considered the clinical gold standard 
for this task. 
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Algorithm 
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tended to underestimate CSA, particularly in “Unreadable” frames with less visibly identifiable 

IEM (Figure 2.11, right). Notably, however, unlike the strictly 2D approach (Section 2.3.1), there 

were no frames which had to be discarded due to a complete absence of visible segments. For OCT 

frames in which the IEM is largely visible (“Readable”), the presented computer algorithm 

provided similar measurements of cross-sectional area when compared to expert annotation in 

OCT, especially in smaller vessels with greater IEM visibility (Table 2.2). The two expert 

annotations in OCT varied by 1.29±1.18mm2 (13.8±11.2%; R = 0.82, p < 10-53) in all frames and 

by 1.09±1.22mm2 (11.0±9.0%; R = 0.93, p < 10-33) in “Readable” frames. As expected, “Readable” 

and “Unreadable” frames differed significantly in IEM CSA and plaque burden (Table 2.2). 

 

Table 2.1. Average difference (magnitude) between vessel CSA obtained by different means 

 OCT – Algorithm OCT – Experts 
All “Readable” All “Readable 

IVUS – Expert 

2.51±1.63mm2 
32.1±20.3% 

R = 0.72 
p < 10-34 

1.58±1.10mm2 
19.9±11.3% 

R = 0.88 
p < 10-25 

1.40±1.17mm2 
15.5±12.0% 

R = 0.79 
p < 10-91 

1.28±1.04mm2 
14.8±9.1% 
R = 0.86 
p < 10-46 

OCT – Algorithm - - 

2.02±1.71mm2 
25.2±20.1% 

R = 0.78 
p < 10-89 

1.06±1.20mm2 
12.1±11.4% 

R = 0.91 
p < 10-60 

 
Table 2.2. Comparison of average vessel CSA and plaque burden—as annotated by human expert in IVUS—in 
frames deemed “Readable” and “Unreadable” by human expert in OCT 

 “Readable” 
(N = 78) 

“Unreadable” 
(N = 137) p-value* 

Vessel CSA [mm2] 8.76 9.49 0.03 
Plaque Burden 0.38 0.43 < 10-4 

*Two-tailed t-test 

 
Figure 2.10. Direct comparison and Bland-Altman plots of lumen annotation CSA (mm2) from OCT. (Left) Very 
little inter-observer variation was observed in annotation of the lumen in OCT images. (Center & Right) The 
simple lumen detection algorithm (delineating the inner border of the vessel wall) was very accurate and closely 
reflected human experts, with a handful of outlier cases in which it performed relatively poorly. Black dashed lines 
indicate a 1-to-1 ratio, which reflects complete agreement between the measurements. 
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This method leveraged information from adjacent frames and a priori knowledge of vessel 

shape, enabling automated annotation and estimation of IEM CSA with strong statistical 

significance and producing similar CSA measurements in “Readable” frames compared to 

 
Figure 2.11. Direct comparison and Bland-Altman plots of IEM annotation CSA (mm2). (Left) CSAs determined 
by two human experts in OCT were smaller than those determined by a human expert in IVUS by 0.32mm2 and 
0.62mm2 (overall average absolute difference of 1.40±1.17mm2). (Right) CSAs determined by the algorithm in 
OCT were smaller than those determined by a human expert in IVUS by 2.44mm2 (overall average absolute 
difference of 2.51±1.63mm2). While human performance was superior to the algorithm, both sets achieved strong 
statistical correlation, and performance distinction diminished substantially in “readable” frames (blue markers). 
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interventional cardiologist [156]. This represented a considerable improvement over the previous 

method which relied solely on information extracted from the present frame. It remained, however, 

strongly affected by visibility of the IEM. Comparison between annotations made in OCT and 

IVUS revealed, as expected, that OCT readability was correlated with vessel CSA and (more so) 

plaque burden. 

Integrating contextual information was an important step towards successfully and 

accurately extracting vessel wall geometry, and the results presented here unveiled important 

insights on achieving this—including how it is accomplished by humans. While human 

performance was, expectedly, better in “Readable” frames, it was surprisingly robust in 

“Unreadable” frames—far more so than the computer algorithm. It therefore became apparent that 

further features of human experience in identifying the outer border the vessel wall were not being 

captured by the computational algorithm. There also remained several obvious simplifying 

assumptions to be addressed. Error persisted in part due to the assumption that the IEM can be 

described by an ellipse. While this is a generally reasonable assumption justified by years of image 

review by a contributing clinician-researcher, it is clearly imperfect. Subsequent work explored 

more complex shapes to fit to the IEM (e.g. egg shapes), but longitudinal continuity could not be 

enforced with a 2D shape-fitting approach. Other approaches were needed to connect identified 

segments in a way which more accurately reflected the shape and continuity of the IEM, as well 

as the experience of humans in assimilating contextual information from the entire OCT 

acquisition. 

2.3.3. Three-Dimensional Surface Fitting & Interpolation 

The 2D shape-fitting approaches advanced the state-of-the-art, but failed to match the 

performance of human experts in delineating the geometry of diseased vessels imaged by OCT. 

Geometric limitations imposed by the available shapes limited flexibility in handling complex 

phenotypes, and even when contextual information was drawn from adjacent frames, longitudinal 

continuity could not be enforced with such 2D shape-fitting approaches. To relax geometric 

restrictions and impose such continuity—concepts intuitively grasped and implemented by human 

exerts—3D approaches were needed to connect visible segments of a vessel’s outer border. 

Success was achieved through development of a promising new smoothing surface fitting method 

that overcame the challenges of existing interpolation and surface fitting methods, and enabled the 



56 

delineation of the entire inner and outer borders of vessels in OCT images [157]. Building upon 

the previous work in 2D shape-fitting [155], [156], the new method, which was inspired by 

intuitive linear-elastic springs common in classical (Newtonian) mechanics, was both efficient in 

3D space and conspicuously effective. As such, the novelty of this work derived not only from its 

application—in autonomous delineation of the full outer border of a diseased coronary artery using 

OCT imaging alone—but also in the approach used to reconstruct and smooth surfaces using 

incomplete information [157]. 

The novel 3D surface fitting method, employed in concert with the advanced 3D edge 

detection (Section 2.2.2), followed a multi-step process (Figure 2.12): 

(1) the inner (lumen) border of the vessel was detected in each frame and smoothed as a 

3D surface; 

(2) the image was flattened relative to the lumen (Figure 2.2) and visible edges of the outer 

wall were identified using image contrast enhancement, 3D filtering, application-

specific edge detection kernels, and region-growing (Section 2.2.2; Figure 2.3); 

(3) an anisotropic linear-elastic mesh was fit to the identified edges with applied forces to 

generate a continuous, smooth surface along the outer border; and 

 
Figure 2.12. Major methodological procedures of the novel 3D surface fitting method included lumen detection 
and smoothing, visible outer border segment detection, surface fit to wall segments, and surface reconstitution 
with conversion from cylindrical to Cartesian coordinates. Initial lumen (inner border) contours and visible 
segments of the outer border were determined by advanced 3D edge detection (Section 2.2.2). 

Surface 
ConversionSurface Fit

Outer Wall 
Segment 
Detection

Lumen 
Detection
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(4) the results were finally reconstituted to the pre-flattened frame of reference and 

converted to a Cartesian coordinate system. 

Note that the surface fitting method was used twice: first to smooth the inner border, and second 

to both complete and smooth the outer border. In the first case, no information was missing 

(nominal inner border was available for the full vessel from the initial detection procedure), but 

the given information was a bit noisy and not perfectly reliable. In the latter case, only incomplete, 

irregularly-spaced, and sometimes unreliable information on the outer border location was 

available from the initial detection procedure. 

In providing a general description of the spring mesh surface construction, a finite set of m 

known points 𝑷𝑷𝒏𝒏 ∈ ℝ3 and tolerances 𝜖𝜖𝑛𝑛 ∈ ℝ+ is defined, as for any surface fitting approach 

[194]. The desired surface 𝑺𝑺 ⊂ ℝ3 approximates the positions of points such that 

 �𝑺𝑺𝑷𝑷𝑛𝑛 − 𝑷𝑷𝑛𝑛� ≤ 𝜖𝜖𝑛𝑛,𝑛𝑛 ∈ {1, … ,𝑚𝑚}. (11) 

While this general framework can accommodate continuous positions, known points are here 

restricted to discretized, indexed location to facilitate application to image processing. 

Specifically, here the framework is implemented in a 3D discretized space with q sequential planes 

j∈{1,…,q} each containing p columns i∈{1,…,p}. Each point of the surface resides at some depth 

k, such that its position can be assigned an index of (i,j,k). 

The novel surface fitting approach is a global method implementing a virtual anisotropic 

linear-elastic mesh of interconnected nodes and springs (Figure 2.13). Each column of the 

discretized 3D space, assigned a distinct (i,j) index, contains a single node constrained to that 

column but free to translate in the 𝑘𝑘�-direction. This node represents the fit surface’s position at the 

given column index, Sij. Springs join adjacent nodes (in the î- and ĵ-directions). If there exists a 

known point Pn in a column (Pij), a position-fixed anchor may be placed at (i,j,k), where index k is 

depth of the known point (pij). A base layer (Lij) of variable height (lij) may also be present, and 

represents a nominal, average, or expected position. Springs oriented in the 𝑘𝑘�-direction join nodes 

to either an anchor or the base layer (if no anchor is present in the given column). Several classes 

of springs may be present (Figure 2.13), e.g. those adjoining nodes: 

(1) within the plane j, from column i to i+1 and i-1 (Class 1);  

(2) between adjacent planes, from plane j to j+1 and j-1 (Class 2); 
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(3) to anchor points (Class 3); and 

(4) to the base layer (Class 4). 

Each class of springs may be of different stiffness, K. Note that any tolerance condition (Equation 

11) is guaranteed to be met if anchored springs (Class 3) are infinitely stiff, i.e. K3 = ∞. This 

assignment would enforce that a surface node position is absolute and fixed to coincide with an 

anchor present in its column, thereby guaranteeing no deviation from observed points while 

compromising smoothness. The stiffness of each spring could also be, though is not here, assigned 

individually (for example, such that 𝐾𝐾3
𝑖𝑖𝑖𝑖 is proportional to confidence in the anchor point position 

pij, or other approaches akin to a weighting function for smoothing weighted regression [195]). 

 
Figure 2.13. Schematic diagram showing the anisotropic linear-elastic mesh system structure. Spring colors 
indicate class with corresponding stiffness K. Black blocks indicate anchor points (Pij) coinciding with known data 
points intersecting the column. A light-gray base layer is visible along the bottom (shown here as constant height, 
lij=l). Semi-transparent gray arrows indicate forces applied to each node (Fij). Adjacent node distance (d) and 
direction (θ), used in calculating force balance, is shown for a single node. 
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However, individual assignment increases the complexity of the system, and was not deemed 

worthwhile in the present case (given the flexibility offered by additional features). 

A unique force, Fij, can be applied to each node. The magnitude and direction (positive or 

negative 𝑘𝑘�-direction) of this force may be calculated from original data, spatial position of the 

column, or any other desired source. This ability to incorporate additional information provides 

excellent flexibility in application. For example, in the described application to outer border 

delineation, edges were less likely to be detected with increasing distance (displacement in 𝑘𝑘�-

direction), so a spring mesh alone would underestimate the surface depth between detected 

segments. However, by leveraging this a priori knowledge, forces can be applied that “inflate” the 

mesh outwards in regions in which no anchoring surface segments are detected. 

A system of linear equations describing this structure can be solved for the position of each 

node in its equilibrium state: 

 ∑𝑭𝑭 = 𝟎𝟎. (12) 

Because each node is, by definition, constrained within its column, 

 ∑𝐹𝐹𝑖𝑖 ≡ 0, ∑𝐹𝐹𝑗𝑗 ≡ 0. (13) 

Only the balance of forces in the 𝑘𝑘�-direction must be resolved. Restorative spring force (Fspring) 

for a Hookean linear-elastic spring model, with spring coefficient (K) defining its stiffness, is 

linearly proportional to its displacement (X) [221]: 

 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = −𝐾𝐾𝐾𝐾. (14) 

Defining the initial lengths of springs to be 0, forces exerted by the various springs on each node 

in the 𝑘𝑘�-direction are superimposed: 

 ∑𝐹𝐹𝑘𝑘
𝑖𝑖𝑖𝑖 = 𝐾𝐾1𝑑𝑑𝑖𝑖− sin𝜃𝜃𝑖𝑖− + 𝐾𝐾1𝑑𝑑𝑖𝑖+ sin𝜃𝜃𝑖𝑖+ + 𝐾𝐾2𝑑𝑑𝑗𝑗− sin 𝜃𝜃𝑗𝑗− + 𝐾𝐾2𝑑𝑑𝑗𝑗+ sin 𝜃𝜃𝑗𝑗+ + 𝐹𝐹𝑖𝑖𝑖𝑖∗ + 𝐹𝐹𝑖𝑖𝑖𝑖 (15) 

 𝐹𝐹𝚤𝚤𝚤𝚤∗ ���� = �
𝐾𝐾3�𝑝𝑝𝑖𝑖𝑖𝑖 − 𝑆𝑆𝑖𝑖𝑖𝑖�𝑘𝑘�  if ∃ 𝑃𝑃𝑖𝑖𝑖𝑖
𝐾𝐾4�𝑙𝑙𝑖𝑖𝑖𝑖 − 𝑆𝑆𝑖𝑖𝑖𝑖�𝑘𝑘�    if ∄ 𝑃𝑃𝑖𝑖𝑖𝑖

 (16) 

where d and θ are, respectively, the distance and angle between adjacent nodes, i and j of the 

subscript indicate the direction of adjacency (among or between planes, respectively), and +/- signs 
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of the subscript indicate direction of adjacency (increasing or decreasing node number), as 

illustrated in Figure 2.13. The sine of angle θ is inversely proportional to spring displacement d, 

 sin𝜃𝜃𝑖𝑖± =
𝑆𝑆(𝑖𝑖±1)𝑗𝑗−𝑆𝑆𝑖𝑖𝑖𝑖

𝑑𝑑𝑖𝑖±
, sin𝜃𝜃𝑗𝑗± =

𝑆𝑆𝑖𝑖(𝑗𝑗±1)−𝑆𝑆𝑖𝑖𝑖𝑖
𝑑𝑑𝑗𝑗±

, (17) 

So the above relationship (Equation 15) can be simplified: 

 ∑𝐹𝐹𝑘𝑘
𝑖𝑖𝑖𝑖 = 𝐾𝐾1�𝑆𝑆(𝑖𝑖+1)𝑗𝑗 − 𝑆𝑆𝑖𝑖𝑖𝑖� + 𝐾𝐾1�𝑆𝑆(𝑖𝑖−1)𝑗𝑗 − 𝑆𝑆𝑖𝑖𝑖𝑖� + 𝐾𝐾2�𝑆𝑆𝑖𝑖(𝑗𝑗+1) − 𝑆𝑆𝑖𝑖𝑖𝑖� + 𝐾𝐾2�𝑆𝑆𝑖𝑖(𝑗𝑗−1) − 𝑆𝑆𝑖𝑖𝑖𝑖� + 

 𝐹𝐹𝑖𝑖𝑖𝑖∗ + 𝐹𝐹𝑖𝑖𝑖𝑖 = 0. (18) 

Rearrangement yields: 

 0 = −�2 + 2 𝐾𝐾2
𝐾𝐾1
� 𝑆𝑆𝑖𝑖𝑖𝑖 + 𝑆𝑆(𝑖𝑖+1)𝑗𝑗 + 𝑆𝑆(𝑖𝑖−1)𝑗𝑗 + 𝐾𝐾2

𝐾𝐾1
𝑆𝑆𝑖𝑖(𝑗𝑗+1) + 𝐾𝐾2

𝐾𝐾1
𝑆𝑆𝑖𝑖(𝑗𝑗−1) + 𝐹𝐹𝑖𝑖𝑖𝑖

𝐾𝐾1
+ 

 �

𝐾𝐾3
𝐾𝐾1
�𝑝𝑝𝑖𝑖𝑖𝑖 − 𝑆𝑆𝑖𝑖𝑖𝑖� if ∃ 𝑃𝑃𝑖𝑖𝑖𝑖

𝐾𝐾4
𝐾𝐾1
�𝑙𝑙𝑖𝑖𝑖𝑖 − 𝑆𝑆𝑖𝑖𝑖𝑖� if ∄ 𝑃𝑃𝑖𝑖𝑖𝑖

. (19) 

All N nodes are numbered sequentially, such that (i,j) corresponds to n and (i,j+1) 

corresponds to (n+p), and N is equal to p×q, so the full system of equations can be expressed as 

Ax = b, where A is a sparse N×N square matrix (Figure 2.14): 

 𝐴𝐴𝑛𝑛𝑛𝑛 = −2 − 2 𝐾𝐾2
𝐾𝐾1
− �

𝐾𝐾3
𝐾𝐾1

 if ∃ 𝑃𝑃𝑖𝑖𝑖𝑖
𝐾𝐾4
𝐾𝐾1

 if ∄ 𝑃𝑃𝑖𝑖𝑖𝑖  
; (20) 

 𝐴𝐴𝑛𝑛(𝑛𝑛±1) = 1; (21) 

 𝐴𝐴𝑛𝑛(𝑛𝑛±𝑝𝑝) = 𝐾𝐾2
𝐾𝐾1

. (22) 

Furthermore, x is a vector of node positions: 

 𝒙𝒙 = �
𝑆𝑆1
⋮
𝑆𝑆𝑁𝑁
�. (23) 

Finally, b is a vector: 

 𝒃𝒃𝒏𝒏 = − 𝑭𝑭𝒏𝒏
𝑲𝑲𝟏𝟏
− �

𝑲𝑲𝟑𝟑
𝑲𝑲𝟏𝟏
𝒑𝒑𝒊𝒊𝒊𝒊 𝒊𝒊𝒊𝒊 ∃ 𝑷𝑷𝒊𝒊𝒊𝒊

𝑲𝑲𝟒𝟒
𝑲𝑲𝟏𝟏
𝒍𝒍𝒊𝒊𝒊𝒊 𝒊𝒊𝒊𝒊 ∄ 𝑷𝑷𝒊𝒊𝒊𝒊

. (24) 
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Multiplying both sides of the equation by the inverse of matrix A, the position of all N nodes can 

be solved simultaneously with a single operation of computation complexity O(N1.5): 

 𝒙𝒙 = 𝑨𝑨−𝟏𝟏𝒃𝒃. (25) 

This approach may be used in Cartesian coordinates for a non-folded surface or in 

cylindrical (polar) coordinates for a closed surface, as in the present application. When working in 

cylindrical coordinates, edge continuity is achieved by connecting nodes at the start and end of 

each plane, (1,j) to (p,j), as shown with the dashed-line springs (Figure 2.13). Other boundary 

conditions can also be readily enforced. 

As noted before, this methodological approach for fitting a continuous surface was applied 

in OCT to (1) smooth a contour in which tentative locations of the entire surface are known, and 

(2) construct a surface when only limited fragments of the surface have been tentatively located. 

The spring mesh surface construction method was applied to automatically and fully delineate the 

borders of a diseased vessel in OCT images. 

To smooth the lumen as a continuous 3D surface, an anisotropic linear-elastic mesh was 

fit to the initial detected points (identified using the method described in Section 2.2.2). Because 

 
Figure 2.14. Visualization of the sparsity pattern for matrix (A; Equations 20-22) that expresses the system of 
linear equations describing the linear-elastic mesh. (Indices indicate node number, n; nz: number of non-zero 
elements) 

0 2 4

nz = 263590 10 4

0

1

2

3

4

5

10 4

  



62 

each column contained an anchor point (m = N), there was no need for a base surface or Class 4 

springs. No force function was applied in this scenario, eliminating a third parameter (Fij). The 

remaining parameters, K2/K1 and K3/K1, were determined by minimizing the sum of radial distance 

magnitudes between the node equilibrium positions and the validation annotations of the lumen: 

 min
𝐾𝐾2
𝐾𝐾1

,𝐾𝐾3𝐾𝐾1
≥0
∑ �𝑺𝑺 �𝐾𝐾2

𝐾𝐾1
, 𝐾𝐾3
𝐾𝐾1

,𝑷𝑷𝑛𝑛�
𝑷𝑷𝑛𝑛∗
− 𝑷𝑷𝑛𝑛∗ �𝑁𝑁

𝑛𝑛=1  (26) 

where P* are the validation annotation positions. 

Subsequently, it was necessary to fill gaps between detected segments of the outer border 

(identified in 3D space using the method described in Section 2.2.2) and ensure continuity from 

frame to frame. Continuity and smoothness are inherently observed in nature, and cross-sectional 

area does not vary considerably in adjacent frames. It was therefore necessary to fit a smoothed 

surface with the available information of tentative partial surface locations. This too was 

accomplished using the novel anisotropic linear-elastic mesh surface fitting method introduced 

above (Figures 2.13 and 2.15). 

In this application, only columns in which border segments were detected include an 

anchor point (m < N). It was observed that base surface position could be uniformly set to 0 (lij = 

0) with minimal impact on performance, decreasing complexity and reducing arbitrary offsets. A 

unique force was applied to each node of the mesh that incorporated information from the original 

image information: 

 𝐹𝐹𝑖𝑖𝑖𝑖 = 𝛼𝛼 ∑ 𝐼𝐼(𝑖𝑖, 𝑗𝑗)𝑘𝑘  (27) 

where α is a scaling coefficient and I is the pixel intensity of the original image. Sum of pixel 

intensity over a column was utilized because thick, high-intensity regions often indicate the 

presence of a thick, diseased intima, which typically corresponds to greater outer border depth. 

This scheme also prescribes near-zero force in regions obscured by the guidewire shadow, a 

desirable feature resulting in smooth interpolation-like continuity with adjacent regions (Figure 

2.15). While multiple force functions were tested, including those proportional to lumen cross-

sectional area or simply a constant, the sum of intensities in each column yielded the best result. 
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Figure 2.15. Diagram illustrating how the surface fitting method was implemented to delineate the outer border 
within each frame (top) and between frames (bottom). The detected edges served as anchor points, while the lumen 
acted as base layer. Each node was constrained to displacement in the radial (𝑘𝑘�) direction, and was acted upon by 
an abluminal force proportional to summed column intensity. Each node was connected to the nearest nodes in 
each direction; nodes on either end of a frame were connected to ensure cylindrical continuity. Node density is 
substantially reduced for illustrative clarity. Schematic representation and color correspondence as in Figure 2.13. 
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The non-fixed parameters for this system, K2/K1, K3/K1, K4/K1, and α/K1, were determined 

by minimizing the sum of radial distance magnitudes between the node equilibrium positions and 

the validation annotations of the outer border: 

 min
𝐾𝐾2
𝐾𝐾1

,𝐾𝐾3𝐾𝐾1
,𝐾𝐾4𝐾𝐾1

, 𝛼𝛼𝐾𝐾1
≥0
∑ �𝑺𝑺 �𝐾𝐾2

𝐾𝐾1
, 𝐾𝐾3
𝐾𝐾1

, 𝐾𝐾4
𝐾𝐾1

, 𝛼𝛼
𝐾𝐾1

, 𝐼𝐼,𝑷𝑷𝑛𝑛�
𝑷𝑷𝑛𝑛∗
− 𝑷𝑷𝑛𝑛∗ �𝑁𝑁

𝑛𝑛=1  (28) 

where P* are the validation annotation positions. 

For performance comparison, standard interpolation and surface-fitting to the detected 

surface segments was also conducted with standard, existing methods. 

After the equilibrium node positions were calculated, the resulting surface was 

reconstituted to the non-flattened state by shifting each column distally by the radial distance of 

the lumen in the original image (reversing the original flattening process). The reconstituted 

surface was finally converted from the cylindrical to Cartesian coordinate system—transforming 

the open surface into a wrapped cylindrical surface—using the standard transformation: 

 𝑥𝑥 = 𝑟𝑟 cos 𝜃𝜃 = 𝑘𝑘 cos �2𝜋𝜋 𝑖𝑖−1
𝑝𝑝−1

�; (29) 

 𝑦𝑦 = 𝑟𝑟 sin 𝜃𝜃 = 𝑘𝑘 sin �2𝜋𝜋 𝑖𝑖−1
𝑝𝑝−1

�; (30) 

 𝑧𝑧 = 𝑧𝑧 = 𝑗𝑗. (31) 

As the method was 3D and global, run 

time was positively, but not proportionally, 

related to the number of frames in each 

analyzed pullback. Execution times (Table 2.3) 

were dominated by initial lumen and visible 

outer border segment detection, while the 

lumen smoothing and surface fitting steps were 

exceptionally fast (2.74±0.28 ms and 40.2±7.5 

ms per frame, respectively). Conversion from polar to Cartesian coordinates was also a significant 

contributor to the run time (contribution not shown). The one-time optimization of the inner and 

outer border surface fit parameters took 7.8 and 10.1 minutes, respectively, to execute. 

Table 2.3. Run times for major steps of the novel 3D 
surface fitting method 

Step Time per Frame (s) 
(Mean ± SD) 

Lumen Detection 4.2±1.5 
Lumen Smoothing 0.0027±0.0003 

Image Flattening 0.0064±0.0013 
Edge Detection 5.4±0.9 
Surface Fitting – Set Up 0.0363±0.0070 
Surface Fitting – Solve 0.0039±0.0013 

Executed on machine running Intel Xeon processors 
with 12 cores (2.80 GHz) and 12 GB RAM 
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The autonomous border detection 

method was validated through direct 

comparison to the manual annotations made by 

expert interventional cardiologists in the same 

clinical dataset (Table 2.4). Patients with 

clinical indication for invasive coronary 

angiography in whom one or more coronary 

stenoses with at least intermediate 

angiographic severity (>30% diameter stenosis 

by quantitative coronary angiography) were 

documented could be prospectively included in the study. Exclusion criteria was the presence of 

tight lesions (>75% diameter stenosis) in which the crossing catheters could impede flow through 

the lesion and subsequently hamper blood clearance by contrast injection, causing very poor image 

quality. The study was approved by the Ethics Committee of the institution and all patients gave 

informed consent. 

Angiography was performed following a standard protocol, using radial or femoral access. 

After the diagnostic angiography, 200 μg of intracoronary nitroglycerin and 5,000 IU of 

unfractionated heparin were infused. Investigators used the C7-XR FD-OCT optical frequency 

domain intravascular imaging system and the DragonFly catheter (St. Jude Medical, Lightlab 

Imaging Inc., Westford, MA, USA). This imaging system offers a maximum frame rate of 100 

frames per second, 500 lines per frame, a scan diameter of 10 mm, and axial resolution of 15 μm. 

The monorail imaging catheter was advanced distal to the target lesion. The automated pullback 

was performed at 20 mm/s (system nominal pullback speed) while the blood was removed by a 

short injection of iso-osmolar contrast at 37°C through the guiding catheter. The optimal 

volume/time intracoronary infusion of contrast was tested to achieve a complete blood clearance 

in the vessel lumen. 

Per protocol, IVUS imaging of the coronary segments imaged with OCT was also 

conducted. The IVUS catheter, a Revolution 45 MHz rotational IVUS imaging catheter (Volcano 

Inc., Rancho Cordova, CA, USA) was placed at the same distal position as the OCT catheter, using 

as reference a fiduciary anatomical point such as a bifurcation or a calcification spot. An 

Table 2.4. Patient characteristics (N = 7) 
Characteristic Mean ± SD or N (%) 

Age (years) 61.8±10.8 
Male 6 (85.7) 
Coronary risk factors  

Diabetes mellitus 3 (43) 
Dyslipidemia 4 (57) 
Current smoker 2 (29) 

Angiographic stenosis characteristics 
Vessels  

LAD 5 (71) 
RCA 2 (29) 

Diameter stenosis (%) 48.0±7.40 
Lesion length (mm) 7.0±2.8 

LAD: left anterior descending coronary artery; 
RCA: right coronary artery 
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angiographic acquisition was obtained with the imaging catheter in the distal position to confirm 

matching points for the IVUS and OCT starting runs. An automated motorized pullback at 0.5 

mm/s was performed. 

Images were digitally stored for off-line analysis, and all imaging data sets were completely 

anonymized and transferred to the core lab for analysis. For the purposes of this study, OCT 

datasets in which blood removal was found post hoc to be grossly insufficient were not utilized. 

Delimiting segments of useable pullbacks captured prior to or following injection of contrast were 

similarly excluded. To ensure the same vessel segments were analyzed with both techniques, 

matching of the OCT and IVUS pullbacks was performed using landmarks such as side branches 

and other anatomical features, thereby providing frame-by-frame correspondence. Experts were 

thereafter blinded to the correspondence of imaging files. 

Annotations were compared in 724 frames from 7 unique pullbacks (series of images) 

acquired from the same number of unique patients (Table 2.4). An average border annotation of 

two experts was determined by taking the mean radial distance of both annotations from the center 

of the image around the perimeter in each frame (as in [173]). In affirmation of multiple previous 

studies showing excellent inter-observer variability in OCT, variability between the two expert 

annotations in this study was low (Figure 2.20): the average absolute difference between the areas 

of their annotations was just 0.13±0.11 mm2 (2.5±2.3%) and 0.88±0.75 mm2 (9.7±8.6%) for the 

inner and outer border tracings, respectively, and coefficients of determination between the two 

were greater than 0.99 and 0.93, respectively. Additionally, the average absolute radial distance 

between their inner and outer border annotations was just 0.07±0.07 mm and 0.21±0.23 mm, 

respectively. The distribution of radial distance between inner border tracings was centered around 

0.02 mm with a SD of 0.09 mm, while the distance between outer border tracings was centered 

nearly symmetrically at 0.10 mm with a SD is 0.30 mm (Figure 2.23), further confirming the 

observation of strong agreement. 

While the experts were able to identify sufficient segments of the outer border to 

confidently estimate the full border in most frames, the outer wall was often poorly visualized by 

OCT as a consequence of the patient inclusion criteria that sought high plaque burden vessels. The 

advanced 3D edge detection process (Section 2.2.2) identified segments of the outer border in only 

57% of radial columns (A-lines). (These sparse detected edges were the anchor points, Pn, for the 
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subsequent surface fit.) This challenge of visibility substantiated the use of IVUS imaging as a 

secondary reference of vessel geometry in validating the discussed approach; due to the limited 

penetration depth of OCT, IVUS is the clinical gold standard for measurements involving the outer 

border, as the border is almost universally visible, regardless of plaque burden [39]. However, 

evaluation criteria for validating between modalities is limited—only differences between areas 

enclosed by the algorithm results and expert tracings could be compared; direct overlap and tracing 

comparisons could only be performed for annotations made within the same modality. 

The borders delineated with the presented methodology were directly evaluated against the 

average OCT border annotations made by the experts. The automated delineations were overlaid 

on the human annotations (considered ground truth), and the following parameters were calculated: 

 Sensitivity = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

× 100 = Rover × 100; (32) 

 Specificity = 𝑇𝑇𝑇𝑇
𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇

× 100; (33) 

 Jaccard Index = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

× 100; (34) 

 Dice Index = 2𝑇𝑇𝑇𝑇
2𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

× 100; (35) 

 Rnonover = 𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

 (36) 

where TP are true positives, TN are true negatives, FP are false positives, and FN are false 

negatives. Here, TP are considered those pixels enclosed by both the algorithm results and expert 

annotations, TN are those pixels of the full image enclosed by neither annotation, FP are those 

pixels enclosed by only the algorithm result, and FN are those pixels enclosed by only the expert 

annotation (Figure 2.16). The ratios of overlapping (Rover) and non-overlapping (Rnonover) areas 

between the algorithm results and expert annotations (Equations 32 and 36, respectively) were 

defined similar to Athanasiou et al. [173] to represent sensitivity and specificity of automated 

image segmentation in a way that is not skewed by the image size, particularly when the region of 

interest is only a subset of the actual image (as in OCT). The distribution of the absolute radial 

distance between the expert annotations and algorithm results was also determined, the coefficient 

of determination (R2) was calculated for the resulting cross-sectional areas, and Bland-Altman 

analysis of the delineated CSAs was performed. 
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The areas delineated by the inner (lumen) border results were first assessed. Here, the initial 

position of the lumen was determined for each column, and the surface-fitting approach presented 

above was used just for its smoothing capability. Figure 2.17 shows the error and Bland-Altman 

plots comparing the algorithm CSA to the average expert annotations. Direct comparison of 

overlapping regions delineated by the human expert annotations and algorithm results in OCT 

were made as outlined above. The original lumen trace differed from that of the human expert by 

0.12±0.43 mm (0.01±0.44 mm overall, i.e. not absolute distance); the smoothed lumen trace 

differed by 0.11±0.35 mm (0.00±0.36 mm overall). Sensitivity, specificity, Jaccard index, Dice 

index, Rover, and Rnonover parameters are provided for the lumen before and after the smoothing 

surface-fit operation (Table 2.5). The mean and 

median percent change in frame-to-frame 

lumen area of the final smoothed lumen 

contours (7.5% and 4.4%, respectively) were 

between that of the human experts (6.0% and 

3.8%, respectively) and that of the original 

lumen contours (9.3% and 5.0%, respectively). 

 
Figure 2.16. Comparison of algorithm result and human expert annotation in a representative OCT frame. (Left) 
Outer border of vessel annotated by both human experts (green) and the presented algorithm (magenta). (Right) 
Corresponding labeled image showing true positive (green), false positive (red), false negative (blue), and true 
negative (black) pixels used in calculating validation metrics. 

Table 2.5. Performance metrics comparing regions 
delineated by inner (lumen) border as originally 
detected and after smoothing surface fit 

Metric Original Smoothed 
(Surface Fit) 

Sensitivity 98.46 97.54 
Specificity 99.47 99.59 
Jaccard Index 91.51 92.17 
Dice Index 95.57 95.92 
Rover 0.98946 0.9754 
Rnonover 0.0914 0.0830 
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Figure 2.17. Comparison of human expert annotation of the lumen and algorithm detection before and after 
smoothing. Error plot showing strong correlation between the two areas (R2 = 0.94 before smoothing, 0.96 after 
smoothing; dashed line shows 1-to-1 ratio); Bland-Altman plot (average: -0.36 mm2 before smoothing, -0.20 mm2 
after smoothing; standard deviation: 0.82 mm2 before smoothing, 0.65 mm2 after smoothing) illustrates no 
substantial systematic error. Smoothing eliminated serious outliers and improved overall performance. 
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The full area delineated by the outer border as determined by experts and the algorithm 

(Figure 2.18) was also assessed. The outer border was determined with the surface-fitting method 

presented here using only partial detected contour segments (Figure 2.15). The average absolute 

(net) CSA difference between the algorithm results and human annotations in each frame was 0.93 

mm2 (10.9%; overall mean of 0.07 mm2) with a SD of 0.84 mm2 (11.0%; 1.25 mm2 for overall 

difference); the algorithm provided a very slight overestimation of the cross sectional area. Figure 

2.19 shows the error and Bland-Altman plots comparing the areas determined by the algorithm to 

those delineated by the average expert annotations. For context, Figure 2.20 shows the 

distributions comparing the areas delineated by the two average expert annotations, which 

demonstrates similar deviations. Direct comparison of overlapping regions enclosed by the 

annotated outer border is quantified in Table 2.6. The mean difference between the radial depths 

of the algorithm results and expert annotations of the outer border was 0.33±0.43 mm. The 

distribution of differences is centered around 0.09 mm, and has a SD of 0.53 mm (Figure 2.23); it 

largely reflects the distribution of differences between the annotations of the two experts, shown 

in the same figure. 

In addition to direct comparison to expert annotations in OCT, the autonomous border 

detection method was further validated through indirect comparison to manual annotations made 

by an expert interventional cardiologist in the matched IVUS images. Agreement between cross-

sectional areas delineated in corresponding OCT and IVUS frames show strong but imperfect 

agreement, as expected. Error and Bland-Altman plots compare areas delineated by an expert in 

IVUS to those delineated by both experts and the presented algorithm in OCT (Figures 2.21 and 

2.22). The average absolute difference between the inner and outer CSAs delineated by the 

algorithm in OCT and the expert in IVUS was 1.41±1.17 mm2 (25.0±20.1%) and 1.72±1.43 mm2 

(19.2±15.0%), respectively (Figure 2.21). For comparison, the average absolute difference 

between the areas of human expert annotations for the inner and outer border tracings was 

1.48±1.26 mm2 (26.9±21.3%) and 1.49±1.39 mm2 (16.4±13.4%), respectively (Figure 2.22). 
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Figure 2.18. Several examples of fully delineated frames showing expert annotations (green) and algorithm results 
(magenta). Major swaths of the outer border are not visible in several frames. In frames with underestimated wall 
thickness, plaque features with media-like appearance were commonly identified falsely as visible IEM. 
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Figure 2.19. Comparison of algorithm results and human expert annotations of the outer (IEM) border in OCT. 
Error plot showing strong correlation between the two areas (R2 = 0.89; dashed line shows 1-to-1 ratio); Bland-
Altman plot (average: 0.07 mm2, standard deviation: 1.25 mm2) illustrates no clear systematic error. Results 
demonstrated that the 3D surface fitting approach rivals performance of human experts in this task. 
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Figure 2.20. Comparison of two expert annotations of the inner (lumen) and outer (IEM) borders in OCT. Error 
plot showing exceptional correlation between the two areas (𝑅𝑅𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖2  > 0.99, 𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜2  = 0.93); Bland-Altman plot 
(average: 0.10 & 0.53 mm2, standard deviation: 0.14 & 1.02 mm2, respectively) illustrates no substantial systematic 
error. Human-human variability in outer border appears to largely reflect human-algorithm deviation. 
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Figure 2.21. Comparison of the inner and outer borders delineated in OCT and IVUS by computer and expert, 
respectively. Error plot shows correlation between the two delineated areas (𝑅𝑅𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖2  = 0.68, 𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜2  = 0.67; dashed 
line shows 1-to-1 ratio). Bland-Altman plot (average: 0.25 & 0.72 mm2, standard deviation: 1.82 & 2.12 mm2, 
respectively) illustrates minor systematic offset and greater difference (overestimation) in larger vessels. 
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Figure 2.22. Comparison of the inner and outer borders delineated in OCT and IVUS by human experts. Error 
plot shows correlation between the two delineated areas (𝑅𝑅𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖2  = 0.66, 𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜2  = 0.75). Bland-Altman plot 
(average: 0.05 & 0.78 mm2, standard deviation: 1.94 & 1.88 mm2, respectively) illustrates minor systematic 
overestimation (greater) in larger vessels. Intermodal human variability largely reflects algorithm deviation. 
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The continuous 3D delineated outer border was relatively smooth. Large frame-to-frame 

area changes were uncommon, with frequency of occurrence decreasing with magnitude of change 

for both the expert annotations and algorithm delineations of the vessel outer border (Figure 2.24). 

The average area change from frame to frame for experts was 4.5%, while that for the algorithm 

was 5.5%; physiological area change over the corresponding distance should theoretically be 

around 2% or less [222]–[224]. The median percent change in frame-to-frame vessel area of the 

automated outer border annotations was also very similar to that of the human experts (3.5% vs. 

3.0%). 

To demonstrate the value and impressive performance of the new method described here, 

various alternative interpolation and surface fitting techniques were employed on the same set of 

detected outer border segments (and with the same automatically-delineated lumen contours). 

Performance of the existing interpolation and surface fitting methods was clearly inferior to the 

presented method (Table 2.6 and Figure 2.25), and—as expected—produced annotations which 

systematically underestimated the vessel area (Figure 2.26). 

 
Figure 2.24. Histogram showing frame-to-frame area 
change for both the expert annotations and algorithm 
delineations of the vessel outer border. The average 
area change from frame to frame for experts was 4.5%, 
while that for the algorithm was 5.5%. 
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Figure 2.23. Comparison of outer border tracings 
through measurement of difference in radial depth. 
Mean difference between the tracing radial depth of the 
average expert and algorithm was 0.09±0.53 mm 
(0.33±0.43 mm absolute distance). Mean difference 
between the tracing radial depth of the two experts was 
0.10±0.30 mm (0.21±0.23 mm absolute distance). 
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Additional studies were undertaken to characterize the method. Optimization was tested 

for stability with respect to the initial value to ensure robustness and identification of global 

minimum. For each test, all parameters were identically set to the same initial value prior to object 

function minimization. Optimization of the surface fit system for the outer border was stable as 

the initial values were varied over 7 orders of magnitude (Figure 2.27). The most optimal output 

(resulting in the lowest object function value over the 20 orders of magnitude tested) resulted from 

an initial value within this stable range. 

Table 2.6. Performance metrics comparing vessel wall regions delineated by various interpolation & surface fitting 
techniques 

Metric 

Anisotropic 
Linear-
Elastic 
Mesh 

Interpolation Methods Surface Fitting Methods 

Linear 
Interpolation 

Nearest 
Neighbor 

Interpolation 

Cubic Spline 
Interpolation 

Polynomial 
Surface 
Model* 

Local 
Linear 

Regression 

Local 
Quadratic 
Regression 

Sensitivity 90.79 81.89 82.35 81.94 80.74 81.11 80.96 
Specificity 99.00 99.19 99.10 99.18 99.42 99.47 99.46 
Jaccard 
Index 83.67 76.61 76.48 76.56 76.90 77.62 77.39 

Dice 
Index 91.11 86.75 86.67 86.73 86.94 87.40 87.25 

Rover 0.9079 0.8189 0.8235 0.8194 0.8074 0.8111 0.8096 
Rnonover 0.1773 0.2501 0.2533 0.2508 0.2426 0.2339 0.2366 
*5th Degree: 𝑧𝑧 = p00 + p10 × 𝑥𝑥 + p01 × 𝑦𝑦 + ⋯+ p14 × 𝑥𝑥𝑦𝑦4 + p05 × 𝑦𝑦5 

 
Figure 2.25. Performance metrics achieved by various 
interpolation and surface fitting techniques 
demonstrate clear superiority of the novel anisotropic 
linear-elastic mesh approach (black) over the 
interpolation (gray) and other surface fitting (red) 
methods. Axis ranges from 75% to 100%. 
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Figure 2.26. Comparison of areas resulting from existing interpolation and surface fit methods and human expert 
annotations of the outer border. Error plot showing correlation between the two areas (R2 ranges from 0.79 to 0.82; 
dashed line shows 1-to-1 ratio); Bland-Altman plot illustrates substantial systematic error (error not regularly 
distributed), with existing interpolation and fit methods systemically underestimating area. Note that these 
methods less frequently overestimated area in larger vessels (often associated with lower visibility). 
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Figure 2.27. Test of (outer border) optimization stability as the initial value of the mechanical element parameters 
was varied demonstrated robustness over a wide range. Outputs, including parameter output values (top) were 
stable over a range of values from 10-4 to 103 (gray), coinciding with optimal performance metrics (middle) and 
globally minimal object function values (bottom). 
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To determine the influence of the data used in the optimization on the outcome (optimal 

parameter values), the optimization process was also tested for convergence with respect to the 

number of frames used. Ten sets of randomly-selected frames were tested for each number of 

frames evaluated. As seen in the performance curves (Figure 2.28), all performance metrics 

improved with increasing numbers of frames included in the optimization, stabilizing around 30 

frames; performance improved only slightly when the number of frames used for optimization was 

increased from 30 (around 4% of available frames) to the full 724. Output parameter values largely 

converged in the same manner as the number of frames increased (Figure 2.28). However, not only 

did average values converge as frame numbers increased, but error and variability also reduced 

profoundly (Figure 2.28). Also noteworthy was the absence of variability when optimization was 

performed multiple (10) times with all frames; when provided with the same inputs, the 

optimization algorithm consistently arrived at the same results, demonstrating stability of the 

underlying optimization framework. Similar testing was performed for the less complex lumen 

smoothing operation optimization, which demonstrated even greater stability (results not shown). 

Having shown method stability and convergence, all frames were used in the optimization 

with initial values for all parameters set to 10-3, which produced optimal results during the initial 

condition sensitivity testing. Final optimal parameters for the inner (lumen) border surface fit were: 

K2/K1 = 6.74×10-3; and K3/K1 = 2.02×10-2. For the outer border surface fit, the final optimal 

parameters were: K2/K1 = 1.09×10-2; K3/K1 = 3.92×10-3; K4/K1 = 1.10×10-4; and α/K1 = 1.36×10-6. 

These are the values for which the final performance was reported above. 

The surface fitting approach inspired by Newtonian physics was highly effective in fitting 

variably-sparse and questionably-reliable data. Intuitively applying an anisotropic linear elastic 

mesh with a force function allowed autonomous delineation of the outer border of a diseased vessel 

in OCT images. However, numerous opportunities exist to enhance and improve the performance 

of the fitting technique in this application. 
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Figure 2.28. Test of (outer border) optimization convergence as the number of frames used in the optimization 
was increased. Parameter output values (top), performance metrics (middle), and mean radial distance between 
algorithm and expert annotations (alternative performance metric; bottom) converged with improving performance 
as more frames were used in the optimization process, though minimal change was observed when more than 4% 
of available frames were used. Note that negative error bars in the top graph are amplified by the logarithmic scale. 
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Accuracy of this 3D surface fitting approach was primarily limited by two factors: inner 

and candidate outer border segment detection. Lumen detection was important to the outer border 

detection process, as it was used to flatten the image prior to detection of visible segments of the 

outer border—errors in lumen detection thus skewed or distorted the flattened image. However, 

because the outer surface fitting was performed in the flattened state (to avoid arbitrary 

penalization of contours arising due to catheter position within the lumen), any error in detecting 

the lumen was directly introduced to the outer border when the fit surface was reconstituted to the 

non-flattened state. Therefore, improved techniques to detect the lumen, particularly those robust 

to artifact presence [179], [225], would have a direct positive impact on the performance of this 

technique. Detection of visible segments of the outer border was another process step primed for 

improvement. When outer border segments were falsely identified within the diseased intima 

(which occasionally occurred in heterogeneous and/or calcified plaques), the existence of the 

erroneous outer border segments skewed the surface in a way that led to underestimation and 

misrepresentation of some regions with high plaque burden. However, the fitting approach 

tempered these negative effects, especially when the false detected segments were small relative 

to the correctly-identified segments (as they frequently were). Nevertheless, improved approaches 

would be useful. One possible alternative detection method of note has been reported for 

segmentation of healthy wall regions [182], and other methods similarly derived from earlier 

segmentation techniques developed for retinal OCT imaging [191] are sure to follow. A promising 

feature of this surface fitting method was its compatibility with alternative visible border segment 

algorithms which may improve upon those developed and utilized here (Section 2.2)—it was 

agnostic to the source of the points to which it was fit. 

An additional opportunity for improving performance was implementation of a more 

sophisticated force function (Fij; Equation 27) and/or base layer (Lij). Such functions could 

leverage additional a priori knowledge and insights gained through previous studies of typical 

plaque and vessel wall morphology (akin to the approach taken by Kok et al. to develop a plaque-

specific generalized estimation equation model of necrotic core thickness [226]), perhaps 

incorporating plaque tissue characterization studies [160], [173]. 

There were certain limits to the applicability of the 3D surface fitting technique, as well as 

the results of the reported validation studies. The surface fitting technique did not allow for folds 
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in the surface, which would require multiple nodes in a single column. Similarly, the surface must 

intersect each column, such that intentional gaps could not be achieved. Modification of the 

presented approach using the same underlying physical concepts could allow for application in 

either scenario, however. Another limitation pertained to parameter selection and generalizability. 

While the dataset included 7 distinct image datasets (pullbacks), convergence testing using 

information from increasing numbers of randomly-selected image frames (Figure 2.28) showed 

that optimal parameters—and subsequent overall performance—did vary significantly depending 

on the number and subset of frames used. Yet, the strong convergent trend, which is generally 

stabilized when at least 30 (of the 724) frames were used, suggested that the final parameters 

should be close to optimal for all comparable OCT datasets for this application. Parameters for 

other applications would surely differ, and would likely require training datasets of their own to 

determine. Furthermore, optimization for other criteria may have been preferable for this and other 

applications. For example, rather than minimizing summed radial distance between the surface and 

the expert annotation of the training set, it could be argued that smoothness or an overlap 

comparison metric (e.g. sensitivity, specificity, Rover, Rnonover, etc.) were more important and 

relevant metrics. Such changes would result in different minimization functions (Equations 26 and 

28), and consequently different fit parameters (K2/K1, K3/K1, K4/K1, and α/K1). 

In an exciting advancement, a smooth surface fitting method implementing an anisotropic 

linear-elastic mesh and force function overcame challenges and shortcomings of existing 

interpolation and surface fitting techniques [157]. Use of equilibrated mechanical lumped elements 

helped reconstruct and smooth surfaces in the face of partial, imperfect, or incomplete information. 

With this efficient, flexible, and intuitive approach, I successfully demonstrated, for the first time, 

the capability to autonomously delineate the entire outer border of diseased vessels in OCT images. 

The method is even more intriguing given that extension of this work could assign values and 

attributes to physical parameters that are extracted from the architecture and morphology of a blood 

vessel wall; fit parameters derived from the data might well offer deeper meaning and allow 

inferences about vessel state and function. The approach presented a radically new method for 

incorporating complex data to achieve smooth surface fitting to incomplete surface segments, like 

those encountered in imaging diseased coronary arteries. However, it only captured a single 

surface at a time, even though vessels are multi-layered structures whose geometries are 

consequently best described by multiple related surfaces. 
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2.3.4. Simultaneous Three-Dimensional Multiple Surface Fitting 

Having applied a mechanical approach to sequentially delineate the luminal and intima-

media surfaces (Section 2.3.3) [157], it became clear that such a method could be extended further. 

Whereas only a single surface was fit at a time, arteries are multi-layered structures. I therefore 

built upon the previously-introduced anisotropic linear-elastic mesh concept to simultaneously fit 

multiple surfaces and delineate both the intima-media and media-adventitia boundaries at the same 

time, demonstrating the flexibility and power of this mechanical approach while extending its 

utility and capacity [158]. 

As for the novel 3D method for fitting a single surface (Figure 2.12), the simultaneous 

fitting of coupled surfaces was employed in concert with advanced 3D edge detection (Section 

2.2.2) and utilized the following steps: 

(1) the inner (lumen) border of the vessel was detected in each frame and smoothed as a 

3D surface; 

(2) the image was flattened relative to the lumen (Figure 2.2) and visible leading and 

trailing edges of the media (IEM and EEM, respectively) were identified using image 

contrast enhancement, 3D filtering, application-specific edge detection kernels, and 

region-growing (Section 2.2.2; Figure 2.3); 

(3) two coupled, interconnected anisotropic linear-elastic meshes were simultaneously fit 

to the identified edges with applied forces to generate a continuous, smooth surface 

along the intima-media and media-adventitia borders; and 

(4) the results were finally reconstituted to the pre-flattened frame of reference and 

converted to a Cartesian coordinate system. 

The system of equations required to solve for the position of the two surfaces was derived 

similarly to that for the single surface (Section 2.3.3) [157], but with some key complicating 

differences. Both surfaces were independently “anchored” to their own respective candidate 

segments, while also being coupled by springs connecting the nodes of each surface in a given 

column (Figure 2.29). 
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Figure 2.29. Schematic diagram showing the coupled anisotropic linear-elastic mesh system structure. Spring 
colors indicate class with corresponding stiffness K. Black blocks indicate anchor points (Pij) coinciding with 
known data points intersecting the column. A light-gray base layer is visible along the bottom (shown here as 
constant height, lij=l). Semi-transparent gray arrows indicate forces applied to each node (𝐹𝐹𝑖𝑖𝑖𝑖𝑘𝑘). Adjacent node 
distance (d) and direction (θ), used in calculating force balance, is shown for a single node. Cf. Figure 2.13, which 
shows the schematic for a mesh system fitting a single surface. 
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For such a structure, a system of linear equations can be derived that unambiguously solves 

for the position of each node in the p×q solution space projection. As for the single surface (Section 

2.3.3), this system is solved for its equilibrium state (ΣF = 0), and because each node is constrained 

within its column (i,j), only the balance of forces in the 𝑘𝑘�-direction must be computed. Again, 

defining the springs to be linear-elastic [221] with spring coefficient K and original length 0, forces 

exerted in the 𝑘𝑘�-direction by the various springs acting on nodes of the first surface are combined: 

 ∑𝐹𝐹𝑖𝑖𝑖𝑖
𝑘𝑘1 = 𝐾𝐾1𝑑𝑑𝑖𝑖−

𝑘𝑘1 sin𝜃𝜃𝑖𝑖−
𝑘𝑘1 + 𝐾𝐾1𝑑𝑑𝑖𝑖+

𝑘𝑘1 sin𝜃𝜃𝑖𝑖+
𝑘𝑘1 + 𝐾𝐾2𝑑𝑑𝑗𝑗−

𝑘𝑘1 sin 𝜃𝜃𝑗𝑗−
𝑘𝑘1 + 𝐾𝐾2𝑑𝑑𝑗𝑗+

𝑘𝑘1 sin𝜃𝜃𝑗𝑗+
𝑘𝑘1 + 

 𝐹𝐹𝑖𝑖𝑖𝑖
∗𝑘𝑘1 + 𝐹𝐹𝑖𝑖𝑖𝑖

𝑘𝑘1 − 𝐹𝐹𝑖𝑖𝑖𝑖
𝑘𝑘2 + 𝐾𝐾7𝑑𝑑𝑘𝑘, (37) 

 𝐹𝐹𝚤𝚤𝚤𝚤
∗𝑘𝑘1������ = �

𝐾𝐾3�𝑝𝑝𝑖𝑖𝑖𝑖
𝑘𝑘1 − 𝑆𝑆𝑖𝑖𝑖𝑖

𝑘𝑘1�𝑘𝑘�  if ∃𝑃𝑃𝑖𝑖𝑖𝑖
𝐾𝐾4�−𝑆𝑆𝑖𝑖𝑖𝑖

𝑘𝑘1�𝑘𝑘�          if ∄𝑃𝑃𝑖𝑖𝑖𝑖
, (38) 

where d is the distance between adjacent nodes, θ is the angle between adjacent nodes, i±, j±, and 

k subscripts indicate direction of adjacency, and superscript k[1,2] indicates the surface with which 

a node, anchor, or force is associated (Figure 2.29). The height of the anchor point (visible, 

detected surface segment) in column (i,j) is 𝑝𝑝𝑖𝑖𝑖𝑖𝑘𝑘 , and 𝑆𝑆𝑖𝑖𝑖𝑖𝑘𝑘  is the position of the surface node in the 

column. Forces acting on nodes of the second surface are similarly expressed: 

 ∑𝐹𝐹𝑖𝑖𝑖𝑖
𝑘𝑘2 = 𝐾𝐾5𝑑𝑑𝑖𝑖−

𝑘𝑘2 sin𝜃𝜃𝑖𝑖− + 𝐾𝐾5𝑑𝑑𝑖𝑖+
𝑘𝑘2 sin𝜃𝜃𝑖𝑖+

𝑘𝑘2 + 𝐾𝐾6𝑑𝑑𝑗𝑗−
𝑘𝑘2 sin𝜃𝜃𝑗𝑗−

𝑘𝑘2 + 𝐾𝐾6𝑑𝑑𝑗𝑗+
𝑘𝑘2 sin 𝜃𝜃𝑗𝑗+

𝑘𝑘2 + 

 𝐹𝐹𝑖𝑖𝑖𝑖
∗𝑘𝑘2 + 𝐹𝐹𝑖𝑖𝑖𝑖

𝑘𝑘2 − 𝐾𝐾7𝑑𝑑𝑘𝑘, (39) 

 𝐹𝐹𝚤𝚤𝚤𝚤
∗𝑘𝑘2 ������ = �

𝐾𝐾8�𝑝𝑝𝑖𝑖𝑖𝑖
𝑘𝑘2 − 𝑆𝑆𝑖𝑖𝑖𝑖

𝑘𝑘2�𝑘𝑘�  if ∃𝑃𝑃𝑖𝑖𝑖𝑖
0                            if ∄𝑃𝑃𝑖𝑖𝑖𝑖

. (40) 

The sine of angle θ is inversely proportional to spring displacement. As such, substitution 

and application of the equilibrium conditions allows for simplification and elimination of the θ 

and d variables. Further rearrangement and grouping of the balance of forces yields: 

 0 = −�2 𝐾𝐾1
𝐾𝐾7

+ 2 𝐾𝐾2
𝐾𝐾7

+ 1� 𝑆𝑆𝑖𝑖𝑖𝑖𝑘𝑘1 + 𝐾𝐾1
𝐾𝐾7
𝑆𝑆(𝑖𝑖+1)𝑗𝑗
𝑘𝑘1 + 𝐾𝐾1

𝐾𝐾7
𝑆𝑆(𝑖𝑖−1)𝑗𝑗
𝑘𝑘1 + 𝐾𝐾2

𝐾𝐾7
𝑆𝑆𝑖𝑖(𝑗𝑗+1)
𝑘𝑘1 + 𝐾𝐾2

𝐾𝐾7
𝑆𝑆𝑖𝑖(𝑗𝑗−1)
𝑘𝑘1 + 

 𝑆𝑆𝑖𝑖𝑖𝑖
𝑘𝑘2 +

𝐹𝐹𝑖𝑖𝑖𝑖
𝑘𝑘1

𝐾𝐾7
−

𝐹𝐹𝑖𝑖𝑖𝑖
𝑘𝑘2

𝐾𝐾7
+ �

𝐾𝐾3
𝐾𝐾7
�𝑝𝑝𝑖𝑖𝑖𝑖

𝑘𝑘1 − 𝑆𝑆𝑖𝑖𝑖𝑖
𝑘𝑘1� if ∃𝑃𝑃𝑖𝑖𝑖𝑖

𝐾𝐾4
𝐾𝐾7
�−𝑆𝑆𝑖𝑖𝑖𝑖

𝑘𝑘1�         if ∄𝑃𝑃𝑖𝑖𝑖𝑖
; and (41) 
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 0 = −�2 𝐾𝐾5
𝐾𝐾7

+ 2 𝐾𝐾6
𝐾𝐾7

+ 1� 𝑆𝑆𝑖𝑖𝑖𝑖
𝑘𝑘2 + 𝐾𝐾5

𝐾𝐾7
𝑆𝑆(𝑖𝑖+1)𝑗𝑗
𝑘𝑘2 + 𝐾𝐾5

𝐾𝐾7
𝑆𝑆(𝑖𝑖−1)𝑗𝑗
𝑘𝑘2 +  𝐾𝐾6

𝐾𝐾7
𝑆𝑆𝑖𝑖(𝑗𝑗+1)
𝑘𝑘2 + 𝐾𝐾6

𝐾𝐾7
𝑆𝑆𝑖𝑖(𝑗𝑗−1)
𝑘𝑘2 + 

 𝑆𝑆𝑖𝑖𝑖𝑖
𝑘𝑘1 +

𝐹𝐹𝑖𝑖𝑖𝑖
𝑘𝑘2

𝐾𝐾7
+ �

𝐾𝐾8
𝐾𝐾7
�𝑝𝑝𝑖𝑖𝑖𝑖

𝑘𝑘2 − 𝑆𝑆𝑖𝑖𝑖𝑖
𝑘𝑘2� if ∃𝑃𝑃𝑖𝑖𝑖𝑖

0                         if ∄𝑃𝑃𝑖𝑖𝑖𝑖
. (42) 

Note that there are N = p×q nodes in each of the two surfaces. If all 2N nodes are numbered 

sequentially, such that (i,j,k1) corresponds to n, (i,j+1,k1) corresponds to (n+p), and (i,j,k2) 

corresponds to (n+N), the full system of equations can be expressed as 𝑨𝑨𝑨𝑨 = 𝒃𝒃, where A is a sparse 

2N×2N square matrix (Figure 2.30): 

 𝐴𝐴𝑛𝑛𝑛𝑛 =

⎩
⎪
⎨

⎪
⎧
−2 𝐾𝐾1

𝐾𝐾7
− 2 𝐾𝐾2

𝐾𝐾7
− 1 − �

𝐾𝐾3
𝐾𝐾7

 if ∃𝑃𝑃𝑖𝑖𝑖𝑖
𝐾𝐾4
𝐾𝐾7

 if ∄𝑃𝑃𝑖𝑖𝑖𝑖
 for 𝑛𝑛 ≤ 𝑁𝑁

−2 𝐾𝐾5
𝐾𝐾7
− 2 𝐾𝐾6

𝐾𝐾7
− 1 − �

𝐾𝐾8
𝐾𝐾7

 if ∃𝑃𝑃𝑖𝑖𝑖𝑖
0   if ∄𝑃𝑃𝑖𝑖𝑖𝑖

 for 𝑛𝑛 > 𝑁𝑁

; (43) 

 𝐴𝐴𝑛𝑛(𝑛𝑛±1) = �

𝐾𝐾1
𝐾𝐾7

 for 𝑛𝑛 ≤ 𝑁𝑁
𝐾𝐾5
𝐾𝐾7

 for 𝑛𝑛 > 𝑁𝑁
; (44) 

 𝐴𝐴𝑛𝑛(𝑛𝑛±𝑝𝑝) = �

𝐾𝐾2
𝐾𝐾7

 for 𝑛𝑛 ≤ 𝑁𝑁
𝐾𝐾6
𝐾𝐾7

 for 𝑛𝑛 > 𝑁𝑁
; (45) 

    𝐴𝐴𝑛𝑛(𝑛𝑛+𝑁𝑁) = 1,𝑛𝑛 ∈ [1,𝑁𝑁]; and (46) 

       𝐴𝐴𝑛𝑛(𝑛𝑛−𝑁𝑁) = 1,𝑛𝑛 ∈ [𝑁𝑁 + 1,2𝑁𝑁]. (47) 

Furthermore, x is a vertical vector of node positions S1 through S2N, and b is a vector: 

 𝑏𝑏𝑛𝑛 =

⎩
⎪
⎨

⎪
⎧ −𝐹𝐹𝑛𝑛1

𝐾𝐾7
+ 𝐹𝐹𝑛𝑛2

𝐾𝐾7
− �

𝐾𝐾3
𝐾𝐾7
𝑝𝑝𝑖𝑖𝑖𝑖
𝑘𝑘1  if ∃𝑃𝑃𝑖𝑖𝑖𝑖

0         if ∄𝑃𝑃𝑖𝑖𝑖𝑖
for 𝑛𝑛 ≤ 𝑁𝑁

          −𝐹𝐹𝑛𝑛2

𝐾𝐾7
− �

𝐾𝐾8
𝐾𝐾7
𝑝𝑝𝑖𝑖𝑖𝑖
𝑘𝑘2  if ∃𝑃𝑃𝑖𝑖𝑖𝑖

0          if ∄𝑃𝑃𝑖𝑖𝑖𝑖
 for 𝑛𝑛 > 𝑁𝑁

. (48) 
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A simple constant force function (Fn = c) was used for each surface. Note that, in the 

representation presented in Section 2.3.3 [157], the base layer (Lij) was set to 0. Multiplying both 

sides of the equation by the inverse of matrix A, the positions of all 2N nodes were solved 

simultaneously with a single operation: x=A-1b. Results were then reconstituted to the pre-flattened 

state and converted from polar to Cartesian coordinates. As for the single surface (Section 2.3.3), 

optimization of spring coefficients K and force c was achieved by minimizing summed radial 

distance between expert annotations and algorithm results. 

Validation was performed by comparing algorithm-delineated surfaces to contours of the 

target features annotated by human experts in the same OCT images. The same clinical dataset 

used to validate the simple 2D shape fitting (Section 2.3.1), which constituted a subset of that used 

in the more extensive validation of the other methods described above, was utilized again here. 

Indeed, the same lumen and intima-media border annotations manually traced by two 

interventional cardiologists experienced in reading OCT images was reused. However, to validate 

the simultaneous surface fitting, additional “ground truth” data were needed; a third experienced 

reader of OCT images annotated the media-adventitia border. While the best available reference 

 
Figure 2.30. Visualization of the sparsity pattern for matrix (A; Equations 43-47) that expresses the system of 
linear equations describing the coupled (two-surface) linear-elastic mesh. (Indices indicate node number, n; nz: 
number of non-zero elements; cf. Figure 2.14) 
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for the labeled media, this reference of the fine feature was imperfect; in the available dataset, 

5.1% of expert IEM annotations were abluminal to the EEM annotations—a physiological 

impossibility. Nevertheless, results were analyzed through comparison of distance between 

algorithm- and human-annotated contours and corresponding layer thicknesses, with outcomes 

reported as absolute differences (mean ± SD). 

One-time optimization of the 9 parameters took 25.5 minutes, but setting up and solving 

the system of equations took just 0.8 seconds. Computational speed and preliminary image 

processing performance reflected that reported for the single-surface procedure (Section 2.3.3) 

[157]. Results for a sample frame are shown in Figure 2.31 alongside the human expert 

annotations. 

The distributions of deviations of the two surfaces from those annotated by human experts are 

shown in Figure 2.32. The overall (combined) deviation for both surfaces was 0.10±0.18 mm. The 

average difference in intima thickness (i.e. radial distance of the IEM surface), as well the average 

difference in the combined thickness of the intima and media layers (i.e. radial distance of the 

EEM surface), were both 0.10±0.18 mm, while the average difference in media thickness (i.e. 

distance between IEM and EEM surfaces) was 0.038±0.029 mm. 

 

 
Figure 2.31. Representative image superimposing the human annotation (left) and algorithm results (right) on the 
same OCT cross-sectional image demonstrating moderate atherosclerotic plaque burden. Green: Human expert 
annotation (ground truth); magenta: IEM (intima-media border); cyan: EEM (media-adventitia border). 
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The primary limitation of this work developing and implementing simultaneous 3D 

multiple surface fitting was the extent of validation. As noted before, due to its limited penetration 

depth, OCT is not the gold standard reference for measurements of far-field features—it is difficult 

even for experts to identify such features when plaque is present (despite impressively ability to 

approximate feature location [62]). Unfortunately, IVUS was not a feasible validation reference 

for this method as it was for the single outer border delineation; the IEM is not visible in IVUS 

images, so the media cannot be delineated using this modality [19]. 

 
Figure 2.32. Histograms displaying deviation of algorithm results from human expert annotations for the intima, 
media, and combined thicknesses (reflecting the absolute and relative positions of the two surfaces). 
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Representing the culmination of geometry extraction of vessel walls using contextual 

information and flexible 3D approaches approaching performance of humans (Figure 2.4), this 

new method for simultaneous surface fitting allowed delineation of the intima and media layers in 

atherosclerotic arteries imaged by high-resolution OCT for the first time [158]. 

2.4. Extracting or Tracking Geometry from Disparate Datasets 

Having achieved unprecedented ability to automatically extract vessel geometry from OCT 

images, it became highly desirable to be able to automatically align multiple vascular image 

datasets, thereby allowing direct comparison or combination of the geometric information 

contained by each. As discussed in Section 2.1.4, geometric information of interest is often 

distributed between multiple datasets. These datasets may be comprised of acquisitions from 

several complementary modalities, thereby providing a more complete description of vascular 

geometry, may be spatially sequential and partly overlapping acquisitions (effectively extending 

the modality’s range), or may be acquired at different time points to capture longitudinal changes. 

Due to inconsistencies in imaging modality through longitudinal care, evolution in algorithm 

availability and use, and variability in human annotations (when performed), properly aligning the 

disparate sources of geometric data remains a challenge; there is an unaddressed need for a simple 

method that utilizes universally identifiable features which can be automatically extracted from 

the image datasets and robustly applied in the task of co-registration. 

Dataset alignment is typically performed on an individual basis using visible fiduciary 

markers—clear landmarks visible in both datasets, such as side-branches, distinct calcium 

deposits, indwelling devices, or similar unique and uncommon features [18], [19]. However, across 

modalities, the most clearly and reliably identified feature is universally the lumen itself. Indeed, 

consistency between expert observers and modalities was found to be excellent, as was 

performance of automated methods for its extraction from OCT (Figures 2.10, 2.17, 2.20, 2.21, 

and 2.22). Yet, while previous (semi-)automated methods for inter- and intra-modality co-

registration of intravascular image acquisitions used the lumen among sets of other features [206]–

[211], it was unclear when—or whether—the lumen itself offered sufficiently distinct and reliable 

information to accurately align such acquisitions. Along with co-authors Karmakar et al. [159], I 

undertook work to develop a method to perform this task and assess the utility and limits of lumen-

based co-registration. 
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The technical problem statement is as follows: given two tomographic image acquisitions, 

A and B, which capture at least part of the same vessel segment, the objective of co-registration is 

to identify corresponding frame pairs in the overlapping region of the datasets (i.e. those frames 

appearing in both sets which correspond to the same physical location in the vessel). To co-register 

the sets, the sequences must have at least partial overlap; one entire dataset may lie within the span 

of the other (which must be of equal of greater length), or the first M frames of one dataset may 

overlap with the M trailing frames of the other (Figure 2.33). To accomplish the co-registration 

task, sequence B, of length MB, was registered to (aligned according to) sequence A, of length MA. 

To represent the overlapping region between the two datasets, defining the first point of 

correspondence (FPC) is sufficient. Therefore, registration of dataset B to dataset A was 

represented as an ordered pair; the FPC between two datasets was either of the form (a,1) or (1,b), 

where a and b are frame numbers in datasets A and B, respectively. (For example, the ordered pair 

(1,51) indicates that frame number 51 of dataset B corresponds with frame number 1 of dataset 

A.) With an assumption of constant frame spacing—a condition intended by modality developers 

and assumed clinically—the M overlapping frame pairs of datasets A and B corresponding to 

(FPCA,FPCB) constitute a set: 

 𝑀𝑀 = min(𝑀𝑀A − FPCA,𝑀𝑀B − FPCB); (49) 

 Overlap(FPCA, FPCB) = {(FPCA + 𝑙𝑙, FPCB + 𝑙𝑙)}, 𝑙𝑙 ∈ [0,𝑀𝑀− 1]. (50) 

(Note that, for simplicity, these relationships are expressed for sequences with equal longitudinal 

resolution or frame spacing. Equivalent general relationships can be expressed with proper scaling 

to accommodate sequences with differing, but internally consistent, longitudinal resolutions.) 

 
Figure 2.33. Co-registration of tomographic datasets requires identification of common frames between two image 
volumes. Image sequences to be co-registered depict some common segment of the imaged vessel (shown in 
magenta). One acquisition (A, blue) is shifted relative to another (B, red) until an optimal match in common 
segments is found (magenta). 
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Within this framework, the task of the registration algorithm is to identify the ordered pair 

(FPCA,FPCB) defining the overlapping set of images, and subsequently to identify the angle θ by 

which the overlapping subset of B is rotated relative to that of A. 

To identify the overlapping region between two datasets, several features and metrics of 

the vessel lumen depicted by each were compared between the sets to identify the optimal matches 

between them. These included the lumen area, lumen shape-signature, and shape difference metric, 

calculated for the lumen tracings of each dataset. As described by Karmakar et al. [159], 

longitudinal registration, refinement, and subsequent rotational alignment was achieved, in 

essence, by minimizing the difference in lumen areas and shape profiles between the matched (co-

registered) frame pairs. 

To assess the method and interrogate the applicability and limitations of co-registration 

utilizing the lumen alone, the algorithm was applied in several clinical datasets. These sets 

included the co-registered OCT and IVUS datasets with expert annotated lumen described and 

utilized in previous work [155]–[158], as well as sets of temporally longitudinal OCT acquisitions 

of heavily calcified vessels imaged before and after an atherectomy procedure, with lumens 

annotated automatically as in Section 2.3.3 [157]. 

When presented with the full useable and annotated OCT and IVUS datasets, the lumen-

based automatic co-registration was excellent (Figure 2.34). All seven patient datasets, ranging 

 
Figure 2.34. Automatically co-registered IVUS (a-c) and OCT (d-f) acquisitions acquired in the same diseased 
coronary artery. Cross-sectional images from the same position in each pullback show strong agreement in both 
longitudinal and rotational alignment, with lumen shape and (calcified) plaque location coinciding. 
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from 81 to 110 frames each, were aligned within 3 frames of the expert manual co-registration 

benchmark. Following an automated refinement process, offset from the expert alignment dropped 

to 0 for nearly all sets. Of greater scientific interest, the limitations of such lumen-based automatic 

co-registration was interrogated. In particular, we assessed the accuracy of the approach with 

respect to acquisition overlap length and lumen profile variability within the overlapping region; 

our hypothesis was that co-registration using lumen features and metrics alone would fail as the 

overlapping region between image sets became shorter or less variable (i.e. included fewer distinct 

features). Subsets of acquisitions—of varying length and depicting vessel segments of varying 

variability—were extracted and aligned with the acquisition of the complementary modality, and 

we indeed observed the trend which we hypothesized (Figure 2.35). We concluded that, at least in 

cases with minimal lumen change between acquisitions, the lumen is sufficient as a standalone 

feature to accurately co-register acquisitions longitudinally with at least 55 frames of overlap or 

lumen area monotonicity of less than approximately 0.8 in the overlapping region, though good 

performance is often (though less reliably) achieved with far less. Rotational alignment, however, 

was far less reliable in all permutations of overlap length and area profile variability. One 

particularly interesting observation can be seen among long overlapping segments of high 

 
Figure 2.35. Analysis of the limitations of lumen-based automated co-registration examining the impact of overlap 
length and lumen area monotonicity (a metric of profile regularity in the overlapping region) on match accuracy. 
As the lumen area profile variability (negative correlate of monotonicity) and amount of overlap increases, the 
probability of acceptable longitudinal alignment results also increases (left). Performance of rotational alignment 
(right) is not as readily predicted, with overall performance being worse than longitudinal alignment. Colors 
indicate frame offset (in mm) and rotational offset (in degrees), respectively, from human expert co-registration. 
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variability (low monotonicity), which should yield the best results. Among these instances, there 

is a largely bimodal distribution of performance clustered around 0o and 180o deviation from the 

expert-determined alignment, indicating that even when eccentricity is present, lumen profiles 

alone are not sufficient to distinguish between opposite rotational alignments (Figure 2.35). 

When presented with a more challenging dataset, the performance was nearly as accurate, 

and all the more impressive. Here, five sets of temporally longitudinal OCT pullbacks acquired 

before and after an atherectomy procedure, and again after stent deployment, were annotated 

automatically as in Section 2.3.3 [9]—adding additional error and uncertainty to the lumen tracings 

relative to those manually annotated by human experts in the multimodal datasets. Given these 

sets of exceptional clinical relevance, the algorithm achieved excellent qualitative matching 

between the datasets, allowing for direct qualitative and quantitative comparison of geometry to 

assess the impact of the atherectomy and stent deployment thereon (Figure 2.36). 

The development of this flexible new automatic co-registration approach, and knowledge 

of its valid application, offers exciting opportunities where previous inter- and intra-modality co-

registration of intravascular image acquisitions has been found lacking [206]–[211]. In particular, 

it offers intriguing possibilities to extract or track geometry from disparate datasets—quantitatively 

and thoroughly evaluating at scale the impact of interventions, such as atherectomy, stenting, and 

pharmacotherapy, or merging and combining geometric information extracted from 

complementary modalities. 

For a more complete description of the methods, results, and discussion for the lumen-

based method of co-registration and its applicability, see Karmakar et al. [159]. 
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Figure 2.36. Co-registration of OCT acquisitions acquired in a heavily diseased vessel (a) before intervention 
(green in plot), (b, e) following atherectomy (red), and (f) following stenting (blue) showed surprising robustness 
despite lumen alterations. Unexpectedly, little change in lumen area (vertical axis) is observed following the orbital 
atherectomy procedure, but stenting has a clear impact (increasing lumen area). In this patient, a bifurcation (seen 
here as a sudden and drastic increase in lumen area) is observed just before the catheter sheath (a small lumen of 
constant size into which the imaging catheter is retracted at the end of its pullback). Note how the three pullbacks 
begin and end at different points, and also how they enter the sheath at different points in their acquisition. 
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2.5. Implications & Future Directions 

My work and findings in extracting vascular geometry from intravascular imaging has 

technical, as well as scientific and clinical, implications. 

Prior to this work, automated extraction of comprehensive vessel geometry in clinical 

intravascular imaging was limited to IVUS. IVUS does not allow for discrimination between the 

vessel’s intima and media layers, so only lumen and EEM contours can be extracted therefrom. 

While OCT consensus standards indicate that measurements made using the IEM better reflect 

pathological definitions of atherosclerotic diseases, and dictates its use in most measurements [18], 

IVUS more clearly shows the nearby media-adventitia border associated with the EEM. 

Annotations in this modality therefore measure EEM, not IEM, CSA [19]. This area generally 

exceeds IEM CSA by 0.3 to 1 mm2, depending on vessel size and media thickness, making 

measurements of plaque less reliable. Furthermore, IVUS has far lower in-plane resolution than 

other modalities, such as OCT, is slower and therefore subject to more motion artifacts, and has 

been shown to provide less accurate geometric measurements than other modalities. In studies 

comparing IVUS and OCT in measuring luminal areas either in phantom models or in coronary 

arteries of patients, a systematic overestimation of lumen areas has been observed with IVUS (10-

15%), with OCT being more accurate [40]. With the development of the methods described herein 

to automatically extract vessel geometry—lumen, IEM, and EEM—from OCT, as well as 

relatively recent studies showing that experts can derive accurate measurements of vessel area in 

arteries with high plaque burden [62] (especially when images are computationally enhanced [65]), 

the combination of IVUS shortcomings challenges the prevailing exclusive use of IVUS in many 

centers worldwide. The results of my studies highlighting the presence of inconsistencies between 

OCT and IVUS also reinforce the need for clinicians to consider possible systematic IVUS 

measurement inaccuracies in decision making, as well as the benefit of utilizing normalized 

measurements whenever possible. 

The novel concept for simultaneous delineation of vessel layers in diseased arterial 

segments imaged with OCT, allowing for the first time isolation of the media of diseased vessels, 

may improve understanding of disease progression and improve clinical utility of OCT. Because 

media thickness correlates with both disease status [164] and progression [183], future clinical 

application to automate layer thickness measurement warrants exploration. Furthermore, the 
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ability to delineate the media could enhance the diagnostic accuracy of OCT plaque 

characterization systems [160], which, along with VH-IVUS, currently rely upon contrived 

approximation of the media location and thickness independent of any patient-specific factors. The 

most promising applications in this field, therefore, may improve characterization of vessel wall 

plaque by subsequent computational routines, offer quantitative assessment and prognosis of 

patient health, and enable scalable longitudinal monitoring and study of disease progression. 

The capability of extracting detailed vessel geometry also has exciting implications 

because it allows for the construction of more accurate 3D models of patient-specific vessel 

geometry from high-resolution OCT data for research and future clinical applications. Such models 

have been used to quantify and/or visualize 3D vessel properties, simulate interventions and their 

consequences through finite element and computational fluid dynamics analyses, and identify 

some cases of vulnerable plaques [68], [70], [103], [172]. However, as described in Section 2.1.1, 

previous coronary artery anatomic reconstructions have been subject to limitations in application 

and/or fidelity arising from methodological approaches. The new methods described in this chapter 

allow for the construction of models from in vivo geometry, without the limitations of idealization 

or unrealistic geometric assumptions, and with the benefit of the high resolution of OCT. These 

methods can also be used in conjunction with existing reconstruction techniques that presuppose 

knowledge of the outer border location [226]. 

The surface-fitting method ultimately developed to determine the full vessel wall on the 

basis of dispersed and potentially unreliably identified visible segments holds great potential for 

wide use—in its current application and well beyond. The method described in this chapter is 

flexible, and may be applied to various other applications within and beyond image processing. In 

situations where gaps exist in data spaces, where no or limited information is available, data points 

are noisy, or data are unevenly-distributed, the surface fitting technique can be used where others 

may struggle, providing estimates for the missing information and smoothed assessments of the 

known data. Moreover, as shown in the smoothing of the lumen, which was nominally detected 

with a previously validated method [173], the presented method can also be used to smooth 

complete sets of noisy, yet otherwise reliable, data. Furthermore, while optimization using curated 

datasets improves fit performance, parameters may be selected intuitively or heuristically to 

achieve reasonable fits. This feature sets the approach apart from others, such as polynomial fits, 
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which provide drastically-varying results with slight modifications of input parameters. Finally, 

the intriguing ability to specify a force function provides a unique opportunity to incorporate 

complex features of all available data to improve the fit and resulting evaluation of underlying 

information. This is particularly useful in image analysis, where features may not be readily 

detected but hints about the likely position of such features may be extracted from the rich set of 

information embedded within the image. Thereby, insights from other studies, including machine 

learning, pattern recognition, and other analyses, may be incorporated. 

This method, using equilibrated mechanical lumped elements, is even more intriguing 

given that extension of this work could assign values and attributes to physical parameters that are 

extracted from the architecture and morphology of a blood vessel wall. Fit parameters derived 

from the data might well offer deeper meaning and allow inferences about vessel state and 

function. Either through representative indices of geometry coupling disease progression and 

vessel mechanics, or direct mechanical representation by the lumped parameters akin to simplified 

inverse finite element analysis (explored in Chapter 4), the method may offer direct metrics by 

which to cross between geometric and constitutive properties of the vessel. While preliminary 

work in the relatively small dataset of seven patients lacked the power to reveal clear underlying 

trends, it remains feasible that mechanical parameters, reflecting geometric relationships, may well 

vary with disease state or phenotype and offer new insight into the disease-driven changes 

undergone in the vessel. Indeed, the outer surface method, utilizing spring parameters optimized 

for the original published cohort of CAD patients, has been subsequently found to perform sub-

optimally in a new cohort of patients with very high calcified plaque burden undergoing 

atherectomy. While visible border segment detection contributed to the diminished performance 

(as sheets of calcium displaying visual similarity with the media were sometimes misidentified as 

the latter), the geometric and structural regime of the heavily calcified phenotype may be better 

served, and reflected, by a different set of mechanical parameter values. 

The dramatic improvement in outer border delineation achieved through the progression 

from 2D to 3D also reveals insights into the human experience of determining this information 

from visually incomplete datasets. The profound differences suggest an imperative role for 

context—an observation obvious at face value. However, availability of information from 

immediately adjacent segments of the dataset is not sufficient; rather, it seems likely that humans 
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take a more global approach, identifying overall trends in the dataset and visualizing a solution in 

3D space that is projected to a 2D plane. This insight should inform both the presentation of 

datasets to humans for evaluation and the assessment of human reliability of such evaluations 

within the context of the data made available to them (and the format thereof). 

Insights and opportunities from the automated lumen-based image co-registration method 

are also noteworthy. The methods for extracting geometry described in Sections 2.2 and 2.3 were 

designed for application to OCT image datasets (though the mechanical approach to smooth 

surface fitting is notably applicable to a wide range of uses). Various approaches to automatically 

segment the inner and outer border of vessels imaged with IVUS have been validated [175], [180]. 

The most accurately, reliably, and conveniently extracted feature of all modalities, however, is the 

lumen. The ability to align automatically extracted geometries on the basis of this feature alone 

therefore offers intriguing possibilities to track or combine geometry from disparate datasets. 

Tracking geometry allows for comparison between state or time points, enabling scalable 

quantitative and thorough evaluation of intervention impact. Already, application of the method to 

OCT datasets acquired before and after atherectomy have led to surprising observations about the 

minimal change in lumen area resulting in some cases. This approach, along with other tools and 

methods developed in this thesis, may help to better ascertain the impact and driving factors which 

lead to divergent interventional outcomes. Merging and combining geometric information 

extracted from multiple datasets may be used to extend the effective spatial range (i.e. length) of 

pullbacks when necessary, and could also improve geometric measurements or models when 

complementary modalities are utilized. However, of immediate application are the insights 

regarding the applicability and limitations of lumen-based co-registration. Major features 

involving the lumen, such as side-branches, remain important, but surprisingly are not strictly 

necessary when sufficient alternative sources of lumen profile variability exist in the imaged 

vessel. While it is unclear whether humans can utilize such nuanced and subtle information alone, 

we have shown that computational methods can do exactly that. Moreover, while it may be 

expected that differences in physiological state (e.g. point in the cardiac cycle) or differences 

caused by interventions (e.g. stenting) may prevent alignment of non-concurrent acquisitions, it 

was found that underlying and adjacent anatomic variability dominates such deviations when a 

sufficiently long or undulating segment is considered. In other cases, more complex approaches 
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utilizing supplementary features, such as plaque morphology or indwelling devices, may be 

needed. 

All methods described in this chapter should be further improved and validated prior to 

deployment in a clinical setting. Refinement will require, in part, more imaging datasets from 

additional patients and more reliable expert annotations thereof. An improved annotation user 

interface that allows finer control of contour tracing should reduce annotation errors. Algorithmic 

refinement should improve lumen detection robustness in the face of significant imaging artifacts 

(e.g. residual blood) and other challenges (e.g. catheter contact with the vessel wall). Improved 

visible feature (e.g. media) detection, and optimization of specificity relative to sensitivity of such 

methods, is also desired. To further the validation of these approaches, one unavailable but 

potentially useful tool in this endeavor is a phantom model displaying pathophysiologically 

relevant imaging properties. If a phantom model could be developed with physiological optical 

properties, it could serve as an ideal platform for validation, as ground truth measurements would 

be known with relative certainty. Currently, errors arising from physiological state disparities 

between non-concurrent acquisitions and imperfect co-registration amplify and compound 

inaccuracies in the evaluated methods. To avoid these magnifying errors, other work in the field 

has leveraged phantom models of known, directly measureable dimensions for validation purposes 

[40], [170]. While exceedingly useful for validating imaging technology and evaluating 

measurements of inner surfaces and their contents (e.g. stents), measurement of the outer border 

does not offer a useful validation mechanism due to the lack of physiologically-relevant optical 

properties and feature patterns [18], [227]. 

2.6. Conclusion 

In this chapter, I have discussed a breakthrough method of extracting vessel geometry 

which overcomes current limitations of intravascular imaging. By employing a priori knowledge 

of arterial geometry and image acquisition procedure, and progressing from 2D feature detection 

to 3D integration of adjacent and contextual information, existing barriers arising from limited 

penetration depth is largely surmounted to determine the geometry of diseased vessel wall 

geometry in high-resolution OCT. Insights on the application and limitation of lumen-based image 

co-registration were also presented. 
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Penetration depth has been a significant limitation of OCT since its introduction. The 

methods detailed herein enable key functions of OCT that were previously available only from 

older imaging modalities. Mitigating this limitation may promote greater adoption of this 

technology and free researchers and clinicians from choosing between modality tradeoffs. The 

capability to autonomously delineate the entire outer border of diseased vessels in OCT images 

was successfully demonstrated, for the first time, and the results were successfully co-registered 

automatically on the basis of lumen profile alone. The approaches present radically new methods 

for incorporating and merging complex data to achieve smooth surfaces from incomplete surface 

segments, like those encountered in imaging diseased coronary arteries, offering exciting clinical 

and technical applications and revealing important insights into human interpretation of spatial 

data. 

With vessel geometry successfully extracted from intravascular imaging, next steps for 

these methods include their integration with machine-learning methods used to characterize 

plaque. This approach, addressed in the next chapter, allows for the construction of heterogeneous 

models from in vivo geometry, without the limitations of idealization or unrealistic geometric 

assumptions. 
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Chapter 3 
 
Determining & Characterizing Vessel Morphology 
 

While vessel geometry drives functional capacity and yields 

critical metrics of vascular health, it is an incomplete 

descriptor of vascular disease state. The consequences of 

atherosclerotic plaque deposition and accumulation are 

variable, and evolve with the plaque morphology, 

distribution, milieu, and complex interactions between these 

factors. Morphology, including composition, structure, and 

form, can be highly heterogeneous, with lesions comprised of 

calcifications, fatty lipid deposits, fibrotic tissue, and variants 

thereof. Variations in morphology consequently drive 

differences in lesion risk profile (e.g. rupture risk), optimal 

treatment strategy, and interventional success. Morphology 

can be determined visually from intravascular ultrasound 

(IVUS) and optical coherence tomography (OCT) images, 

and such assessment is frequently performed qualitatively 

and informally in clinical settings [17]–[19], [163], [228], but 

the process is inherently limited. In this chapter, the 

development and critical assessment of a unified framework 

to automatically determine and characterize vessel wall 

morphology (and indwelling devices) in OCT [160] and 

IVUS [161] is described, with studies highlighting the 

importance of enriching such methods with domain 

knowledge of vascular geometry and imaging [161] and 

carefully considering the curation of training data [162].  

ASM .... Angular Second Moment 

BVS ..... Bioresorbable Vascular 
Scaffold 

CNN .... Convolutional Neural 
Network 

DC ....... Dense Calcium 

FCNN . Fully Connected Neural 
Network 

FFT ..... Fibrofatty Tissue 

FT ....... Fibrous Tissue 

GLCM Gray-Level Co-
Occurrence Matrix 

GPU .... Graphics Processing Unit 

IVUS ... Intravascular Ultrasound 

LT ....... Lipid Tissue 

MT ...... Mixed Tissue 

MLP .... Multilayer Perceptron 

NC ....... Necrotic Core 

NPV .... Negative Predictive 
Value 

OCT .... Optical Coherence 
Tomography 

PPV ..... Positive Predictive Value 

ReLU .. Rectified Linear Unit 

RF ....... Radio Frequency 

ROI ..... Region of Interest 

SGD .... Stochastic Gradient 
Descent 

VH ...... Virtual Histology 

2D ........ Two-Dimensional 
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3.1. Diseased Vessel Morphology: Needs, Progress, & Challenges 

The morphology of a vessel, like its geometry, can be distinctly altered by disease and 

significantly impact its function. Plaque composition and structure can also drastically alter the 

optimal course of treatment. Vessel morphology is therefore a critical consideration in clinical 

diagnosis, prognosis, and treatment planning, as well as research. This need, and the tediousness 

of manual annotation, has motivated efforts to automate the characterization of diseased vessels, 

though success and clinical translation to date has been limited. 

3.1.1. The Need for Accurate Morphology 

As previously described, atherosclerosis is a complex process involving inflammation, 

thrombosis, and cellular infiltration and proliferation culminating in rupture and/or scleroses to 

ultimately obstruct arterial flow [229], [230]. The hallmark of atherosclerosis are mural plaques 

composed of lipids, inflammatory cells, and calcium that progressively impinge on the lumen, 

reducing distal perfusion. Tissue insufficiency that follows causes diseases that are the leading 

cause of morbidity and mortality globally [1]. 

A primary step in diagnosing and treating atherosclerosis is imaging the arterial lumen and 

vessel wall. While dye angiography can easily outline the former, observing the latter is more 

challenging. Several techniques can visualize the lumen border and roughly ascertain the 

constitution of the arterial wall, but intravascular imaging is the current method of choice at 

divining deeper tissue content [175], [231], [232]. IVUS and OCT are invasive techniques which 

provide two-dimensional (2D) tomographic views of the arterial lumen and vessel wall, allowing 

comprehensive visualization of present plaque. Generated images can provide reliable geometric 

measurements and estimates of plaque composition [18], [19]. A well-trained expert can manually 

determine the dimensions of the lumen and media-adventitia border. Together these metrics 

delineate the limits of the arterial wall and primary region of interest (ROI), which can include 

various plaque constituent types. 

The plaque constituent types identifiable in each modality differ somewhat in their 

classification, which results from variation in imaging mechanism (mechanical or optical 

interaction), tissue penetration, and levels of available evidence (e.g. definitive published 

correlative studies), and are reflected in the respective consensus standards for IVUS [19] and 

OCT [18]. Plaques identified in IVUS, particularly VH-IVUS, are typically classified as dense 
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calcium (DC) or calcific, necrotic core (NC), fibrous tissue (FT), and fibrofatty tissue (FFT), 

sometimes alternatively called mixed tissue (MT; though such a classification also includes 

fibrocalcific and other multi-subtype combinations) [19], [233]–[235]. DC is composed of 

compact calcium crystals, while NC consists of high levels of lipids with many necrotic cells. 

While both FT and FFT include collagen fibers; the former is mainly bundles of fibers [236], and 

the latter loosely packed fibers with lipid accumulations [235]. In OCT images, FT can similarly 

be identified, as can MT, though the latter has a greater emphasis on fibrocalcific (rather than 

fibrofatty) plaque. Larger calcifications (e.g. nodules; not differentiated from “dense calcium”) are 

also identifiable, as is lipid tissue (LT)—“lipid pool” is a broader histopathologic category 

including both NCs and regions containing extracellular lipid, and its confident identification in 

OCT is better supported by correlative studies than the more narrow NC classification [18], [237]. 

Due to their varying composition, each plaque type has unique echoreflectivity and optical 

characteristics, and consequently differentiable appearance within an IVUS or OCT image. For 

example, calcium regions uniquely appear dark with well-defined boundaries in OCT images [18], 

[237], whereas in IVUS it appears as very bright echoes but casts an abluminal acoustic shadow 

[19]. 

Knowledge of the plaque morphology, visualized through intravascular imaging, has 

important tangible benefits in both clinical treatment of atherosclerosis and translational research. 

The composition and morphology of plaque is an important determinant of adverse events and 

interventional success. Certain morphological features assessed by intravascular imaging, for 

example, are associated with plaque vulnerability5, including thin fibrous cap overlaying a lipid 

pool or necrotic core [238]. The presence and distribution of lipid is also a predictor of future 

nonculprit lesion-related major adverse cardiac events [239], and is related to intervention 

outcome, as stents should be placed so as to avoid edges over lipid formations, which may rupture 

and embolize [240]. The impact of morphology on intervention is particularly profound as it relates 

to calcium presence, prevalence, and distribution, which have demonstrable prognostic and 

treatment implications [27], [241]. For example, lesion calcification can significantly impact stent 

expansion [30], [242], [243], and thick, eccentric calcified plaque can especially oppose optimal 

                                                           
5 Though in widespread use, the concept of “vulnerable plaque” is a disputed one, now largely considered to be a 
useful but incomplete framework. It should be considered not in isolation, but within the context of multifactorial 
patient vulnerability [352], [353], as well as the evolution of disease phenotype prevalence in modern medicine and 
society [340]. 
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expansion [244]. Calcified plaque has also been shown to limit intravascular drug delivery which 

would otherwise limit intimal hyperplasia and restenosis of treated vessels [245]. Therefore, pre-

intervention evaluation of plaque type and morphology often dictates decisions on lesion 

preparation and plaque modification, such as cutting or scoring balloons, excimer laser 

angioplasty, rotational or orbital atherectomy, or lithotripsy, prior to stenting to improve acute 

outcomes [240]. Further decisions may also be swayed by the identification of calcium, such as a 

preference for metallic, rather than more brittle polymeric, scaffolds, as well as the use of higher 

balloon inflation pressures [241]. 

Beyond current clinical use, plaque morphology plays a key role in ongoing translational 

and fundamental research into atherosclerosis pathology and treatment, with additional future 

applications in the clinic. Intravascular imaging studies have illuminated clinical implications of 

coronary calcification and shed light on the role of calcium in atherosclerotic pathology and 

treatment [246]. Other avenues of investigation have included as key elements biomechanical 

computational modeling. For example, plaque structural stress, evaluated by finite element models 

of patient-specific plaque morphologically, has been found to predict major adverse cardiovascular 

events [247]. Such studies rely on accurate plaque-specific morphology to make predictions and 

compute stress, which is substantially altered by intima heterogeneity [76] and material stiffness 

[248]. 

Due to the actionable insights derived from plaque morphology and its research 

importance, this information is commonly extracted from intravascular imaging, which captures 

plaque composition and structure in far greater detail than alternative imaging modalities. Indeed, 

manual ROI and tissue detection has been used since the introduction of intravascular imaging. 

However, a single acquisition sequence can contain several thousand individual frames (images) 

in IVUS [19] and several hundred frames in OCT, so manual processing of a full acquisition is 

prohibitively time-consuming and laborious. It is also subject to high inter- and intra-observer 

variability [249]. Morphological assessment is therefore often performed qualitatively in just a few 

frames. Moreover, discrimination of FT from FFT plaque constituents is limited, since the two 

plaques share similar characteristics. These limitations, and the promise of greater insight derived 

from plaque morphology, has driven a demand for automated, objective methods to extract vessel 

morphology from intravascular images. 
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3.1.2. Progress in Automatic Morphology Extraction 

Image processing and segmentation is increasingly being automated to overcome the 

subjectivity, slowness, and training requirements of human annotation. This is particularly true of 

medical imaging, though the field continues to struggle with the natural variability of native 

anatomy and pathologic feature presentation and prevalence. Such is the case of classifying patient 

arteries visualized through intravascular imaging and identifying various plaque components, 

which vary in appearance and prevalence. 

A pre-requisite for extracting morphology from vascular imaging is the segmentation of 

vascular geometry to delineate the vessel wall, which constitutes the ROI for characterization 

routines. Various automated ROI detection algorithms have been developed for IVUS [175], [176], 

[180], [250]–[254]. Previous limited efforts in OCT [182], [183] were introduced in the previous 

chapter alongside the novel methods developed in this thesis [155]–[158], though some superficial 

characterization methods took a more simplistic approach to ROI delineation by distally expanding 

the lumen border some fixed distance [173], [175]. 

Since manual plaque characterization is time consuming and relies on well-trained readers, 

several studies have attempted to automatically detect the various plaque components in vessel 

wall ROI using intravascular images [255]. Several narrowly-focused approaches have been 

proposed to detect calcium automatically in OCT images. Methods have included grayscale k-

means clustering [256], fully connected neural network (FCNN) binary segmentation [257], and 

convolutional neural network (CNN) multi-class segmentation [258]. However, reported 

performance metrics vary considerably, with sensitivities ranging from 26 to 83% and positive 

predictive value (PPV) varying between 72 and 88%. Other approaches in OCT have attempted to 

characterize a broader set of tissue types. Xu et al. correlated the backscattering and attenuation 

coefficients with CT, LT, and FT [259], while, in a similar attempt, van Soest et al. correlated the 

attenuation coefficients with healthy vessel wall, intimal thickening, lipid pool, and macrophage 

infiltration [260]. However, neither could fully define any clear threshold values between the 

different tissue types. Going one step further and using machine learning, Athanasiou et al. 

presented a fully-automated OCT plaque characterization method which classified plaque as CA, 

LT, FT, or MT, with 83% accuracy [173]. More recently, deep learning approaches using CNNs 

to characterize OCT images [257], [258], [261]–[263] have achieved an overall accuracy of up to 
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95.8% [263]. However, the best performing method achieving the highest overall accuracies have 

binned tissue with highly simplified classes of lipid, fibrous tissue, and “background” [263], 

distinguishing between fewer levels than those identified by experts and defined in modality 

standards [18], [19]. This common lumping strategy yields less precise and detailed information 

on plaque morphology, but at the same time typically attains higher accuracies because the set of 

evaluation metrics—also defined by segmented bins rather than precise classes—intrinsically 

allows for greater leniency by neglecting class distinctions. 

Numerous plaque characterization methods using IVUS images have also been reported in 

the literature. The majority of these methods are based on machine learning approaches. Zhang et 

al. were of the first to automatically extract image texture features and classify pixels using a 

learned piecewise linear discrimination function [264]. Since then, many have followed, using 

different feature sets and classification algorithms [265], [266]. Such methods follow the same 

general pattern: grayscale images are used as input and pixels are classified by a machine learning 

algorithm according to pixel intensity and imaging characteristics (e.g. acoustic shadows) or a 

supplementary set of extracted texture and geometric features. The gold standard for those methods 

was human expert manual annotations, which limited available data and suffered from inter- and 

intra-observer variability; subsequent implementation of the methods in clinical practice was 

hindered in part because validation and training relied upon such manual annotations. Therefore, 

Taki et al. [267]–[269]—followed by others [270]–[272]—proposed similar machine learning 

approaches trained and validated using the results of a commercially available software: virtual 

histology (VH) IVUS [235]. 

VH-IVUS was introduced to surmount the limitations of manual labeling of diseased 

vessels [235]. By processing the frequency spectrum of backscattered radiofrequency (RF) signal 

[273], rather than just the reflected signal amplitude, a more detailed assessment of the plaque can 

be generated with high accuracy confirmed through histology validation [233], [235], [274]–[276]. 

VH-IVUS can classify plaque into the four subtypes defined for IVUS [235], and treats the non-

pathological tissue and media—the concentric layer separating the disease-prone intima from the 

outer adventitia layer—as a separate combined class (M). VH-IVUS processed images are 

presented as color-coded plaque characterization maps, often overlaid on the corresponding 

grayscale images (Figure 3.1). The technology is the current standard for in vivo and in situ 

examination of atherosclerotic arterial lesions [233], [235]. Although VH-IVUS provides 
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relatively accurate plaque characterization, its main disadvantage beyond the lacking in-plane 

resolution of IVUS itself is the fact that it requires acquisition of RF signal and proprietary software 

to process this signal. As a consequence, the plaque composition of grayscale IVUS frames 

acquired without the full RF signal (or without the proprietary software) cannot be characterized 

by this technique. Moreover, the RF signal is available only in the ECG-gated R-peak IVUS frames 

[277]—~1 of every 30 frames—resulting in significant information loss and large segments of 

uncharacterized vessel. Thus, alternative methods able to characterize the plaque in a similar 

manner as VH-IVUS using grayscale images alone remain attractive and highly relevant. 

3.1.3. The Endeavor to Extract Vascular Morphology from Intravascular Images 

Several gaps in capabilities and knowledge persist in the extraction of vascular morphology 

from intravascular images. In both OCT and IVUS, existing methods either lack sufficient 

accuracy or wide applicability (e.g. VH-IVUS). Previous OCT methods utilized rudimentary ROIs 

which did not accurately reflect vessel geometry, and also did not appropriately address image 

artifacts, particularly the guidewire shadow. Furthermore, tissue characterization lagged behind in 

the application of new technological advances in machine learning, and lacked a unifying 

framework for the development and consideration of new techniques and applications. There was 

also limited understanding of tradeoffs between alternative machine learning methods, the 

 
Figure 3.1. Sample VH-IVUS frame illustrating a highly heterogeneous plaque lesion. A grayscale IVUS image 
(left) is overlaid with plaque types characterized by VH (right) as dense calcium (white), necrotic core (red), 
fibrotic tissue (green), fibrofatty tissue (light green), and media or non-pathological tissue (gray). 
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importance of enriching learning methods with domain knowledge, and the full impact of training 

data curation. 

In characterizing tissue in OCT images, although CNN-based methods outperformed older 

machine learning methods, they all failed to characterize the full arterial wall, resulting in methods 

which could not compete with widely-used VH-IVUS [235], limiting the imaging detail superiority 

benefits of OCT when compared to IVUS, and weren’t appropriate for the development of image-

based computational models. The primary drawbacks hampering automated OCT plaque 

characterization were the lack of large amounts of annotated images and the non-realistic tissue 

(ROI) segmentation caused by the difficulty of automatically detecting the outer border. To 

generate geometrically and morphologically correct representations, this thesis describes an 

approach which leverages a recently developed lumen detection algorithm [225] and the outer 

border detection method described in the previous chapter [157] to automatically characterize the 

whole arterial wall. Innovative aspects of the proposed tissue characterization method included its 

use of CNNs with a large amount of annotated data to detect atherosclerosis, detection of normal 

tissue and shadowed areas within the OCT images, and classification of the full vessel. The novel 

and accurate method detected and characterized, for the first time, the whole arterial tissue in a 

way similar to VH-IVUS. Building upon this work, additional characterizations methods for OCT 

were explored, illustrating key tradeoffs to inform future development. Furthermore, the flexibility 

of such methods was extended to also classify indwelling devices in the vessel, specifically 

bioresorbable vascular scaffold (BVS) struts. 

In characterizing tissue in IVUS images, poor performance of grayscale image analysis and 

limited applicability of RF-based VH were overcome. Recent developments in deep learning and 

CNNs made possible characterization tools in different imaging modalities which outperform 

methods deploying traditional machine learning or image processing. Indeed, none of the existing 

IVUS plaque characterization methods, which required explicit feature set design, selection, and 

extraction through pre-processing, had achieved overall label assignment accuracy >90% [175] 

(Table 3.1). However, deep learning had been applied to IVUS only for delineating inner and outer 

boundaries of the arterial wall (i.e. ROI) [180], [254] and to select frames containing calcification 

[278]; no method had applied CNNs to grayscale IVUS imaging data to improve plaque 

characterization and generate information akin to VH-IVUS. This thesis describes work that did 

just that, achieving significant accuracy. Moreover, fundamental insights were also gained through 
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analyses examining the impact of enriching such deep learning methods with domain knowledge 

of vessel geometry and IVUS imaging technology. 

To analyze the suspected impact of training data on characterization performance 

variability, a novel method of automatic calcified plaque detection was devised that allowed 

precise control of class distribution in the dataset. By varying the relative representation of pixels 

belonging to either class, the impact of the training data on overall model performance was 

quantified. Segmentation results of the proposed method were validated against expert annotations. 

While calcium in OCT images could be automatically detected with meaningful precision using 

Table 3.1. Comparison of current methods & previous methods reported in literature for the characterization of 
atherosclerotic plaque in IVUS 

Method Tissue Classes* Gold Standard Validation 
Dataset Reported Accuracy 

Zhang et al. 
(1998) DC, NC, & FT Expert 

annotations 
12 IVUS 
images Overall: 89.9% 

Brunenberg et al. 
(2006) DC, NC, & FT Expert 

annotations 
30 IVUS 
images Overall: 75.82% 

Athanasiou et al. 
(2013) DC, NC, & FT Experts 

annotations 
40 IVUS 
images Overall: 86.17% 

Taki et al. 
(2010) 

DC, NC, & FT-
FFT VH-IVUS 

500 VH-
IVUS 
frames 

DC: 79%, NC: 52%, & 
FT-FFT: 81% 

Taki et al. 
(2013) 

DC, NC, & FT-
FFT VH-IVUS 

500 VH-
IVUS 
frames 

DC: 84.87%, NC: 80.57%, 
FT: 77.4%, & FFT: 63.47% 

Hwang et al. 
(2018) 

DC, NC, FT, & 
FFT VH-IVUS 

252 VH-
IVUS 
frames 

Overall: 82.8% 

Kim et al. 
(2018) 

DC, NC, FT, & 
FFT VH-IVUS 

252 VH-
IVUS 
frames 

Overall: 85.1% 

Athanasiou et al. 
(2012) 

DC, NC, FT, 
FFT, & M VH-IVUS 

300 VH-
IVUS 
frames 

DC: 84.87%, NC: 80.57%, 
FT: 77.4%, & FFT: 63.47% 

Domain Enriched 
Deep Learning 

Approach 
Olender et al. (2020) 

Section 3.3 

DC, NC, FT, 
FFT, & M VH-IVUS 

200 VH-
IVUS 

frames 

DC: 98.5%, NC: 88.6%, 
FT: 91.1%, FFT: 90.0%, & 

M: 99.4% 

Naïve 
Deep Learning 

Approach 
Olender et al. (2020) 

Section 3.7 

DC, NC, FT, 
FFT, & M VH-IVUS 

200 VH-
IVUS 

frames 

DC: 98.7%, NC: 87.3%, 
FT: 87.5%, FFT: 89.5%, & 

M: 75.9% 

VH-IVUS 
Validation by 

Nair et al. (2002) 

DC, NC, FT, 
FFT, & M Histology 

889 
histological 

regions 

DC: 96.7%, NC: 95.8%, 
FT: 93.5%, & FFT: 94.1% 

(M not reported) 
* DC: Dense Calcium; NC: Necrotic Core; FT: Fibrous Tissue; FFT: Fibrofatty Tissue; M: Media/Non- 

Pathological 
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local texture measures and traditional neural networks in a limited dataset, training data balance 

was found to be remarkably consequential. 

Together, this chapter details technological advancements and insights that enable more 

widespread use of plaque morphology, derived from intravascular imaging, to inform prognosis 

and treatment of atherosclerosis and advance fundamental knowledge of pathology and 

intervention mechanisms through emerging research platforms. 

3.2. A Flexible Approach for Intravascular Image Characterization: 

Fundamental Methodological Framework 

Leveraging the powerful, modern tools of deep learning tools, and integrating knowledge 

of vascular anatomy, pathology, and imaging, a flexible and well-performing approach was 

devised and applied to characterize OCT and IVUS images. In this way, plaque morphology, and 

with slight modification also state and distribution of indwelling devices, was determined from in 

vivo clinical data. 

The framework developed for characterizing intravascular images was built around a CNN-

based domain enriched method that classified the imaged arterial tissue. The method detected the 

ROI and then subdivided the ROI into pathological and non-pathological tissue based upon basic 

spatial and geometric constraints informed by physiology. Pathological areas of the ROI were 

partitioned into patches and fed through a CNN architecture. As such, this automated plaque 

characterization method consisted of three primary steps (Figure 3.2, left and center): 

1) The ROI (i.e. vessel wall area) was first detected using lumen and outer border 

detection methods. 

2) Pathological tissue was partitioned from the rest of the vessel wall (M) based upon 

domain knowledge of spatial constraints enforced by arterial physiology and 

pathology, imposing physically-relevant limits on the location and dimensions of this 

tissue class while also reducing the number of classes to be subsequently segmented by 

the CNN. 

3) Pixels of the ROI in the pathological area were classified into one of the plaque types 

using a CNN algorithm. 
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Figure 3.2. Flowchart of the characterization framework enriched by domain knowledge. The method determines 
inner and outer borders of the ROI (magenta) for a given input image. For tissue characterization, the method then 
segments the non-pathological tissue and media (dark gray) based upon vascular physiology and pathology 
constraints. The remaining ROI is input to the CNN, which segments the pathological vessel wall (intima) into 
various tissue classes (white, green, and red) and shadow artifact (light gray; OCT only) or segments scaffolding. 
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Patches

Convolutional 
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Segmenting indwelling devices, such as a bioresorbable vascular scaffold, was achieved 

with only minor adaptation of the framework (Figure 3.2, right). Rather than specifying inner and 

outer borders of the vessel wall to delineate the ROI, a large standardized area of the image was 

instead selected to include scaffold struts residing superficially within the lumen and those deep 

within the vessel wall. Furthermore, pathological tissue was not partitioned and treated differently 

from the other tissue within the ROI. Finally, rather than classifying a pixel into one of several 

tissue classes, the pixel was assigned to one of two binary classes indicating presence or absence 

of a strut. 

The framework was applied and refined for both OCT and IVUS. The general principles 

of the fundamental methodological framework are first presented, then the details of the three 

unique use cases are described. In each application, the method was implemented in MATLAB 

(MathWorks, Natick, MA) using the Deep Learning Toolbox running on a NVIDIA TITAN Xp 

graphics processing unit (GPU; PG611) with 12 GB RAM. 

3.2.1. Region of Interest Delineation 

ROI segmentation is a prerequisite for subsequent methodological steps (Figure 3.2), 

though succeeding procedures are agnostic to the means of segmentation (of which there are a 

large and growing number). For plaque characterization, the ROI was defined as the vessel wall 

area between the lumen and the media-adventitia transition (i.e. between the inner and outer border 

of the vessel wall; Figure 3.3)—the region in which atherosclerotic plaques develop. Therefore, 

within each image 𝐼𝐼(𝑖𝑖, 𝑗𝑗), the inner (lumen) border 𝑏𝑏𝑖𝑖 and outer (media-adventitia) border 𝑏𝑏𝑜𝑜 fully 

delineate the ROI (intima and media region) 𝑟𝑟𝑖𝑖𝑖𝑖(𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖 , 𝑗𝑗𝑟𝑟𝑖𝑖𝑖𝑖). For the task of indwelling device (i.e. 

BVS strut) segmentation, the ROI was defined as a fixed area of the image in which the objects 

may reasonably be expected to be found. Because such features may be present either within the 

lumen or embedded in the vessel wall, and because the classifier output was a binary present/absent 

designation independent of tissue presence, this conservative approach to delimiting the ROI for 

analysis was a reasonable choice. 

3.2.2. Non-Pathological Tissue Detection 

The presented methods focused on the evaluation of vessel wall morphology and the 

characterization of its phenotype, distinguishing not only plaque subtype but normal from 

pathological tissue, as well as non-tissue (device). In extracting plaque morphology, once the 
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vessel wall is delineated and ROI established, the non-pathological tissue and media layer are 

determined. This concept has similarly been implemented in VH-IVUS, where each tissue type is 

highlighted as a specific color and the media portrayed in gray along the rim of the vessel wall 

(Figure 3.1). In the presented framework, dimensional limits were imposed, leveraging expert 

recommendations for interpreting intravascular images; intima was deemed normal of its thickness 

was <360 μm [18], [235], and the media was assumed to have nominal thickness of 250-350 μm 

[8], [164], [277]. Thus, the location and thickness of non-diseased and media tissue was defined 

such that wall regions thinner than threshold were not to be considered diseased or analyzed as 

such, and the media layer approximated by a band of constant thickness around the outer edge of 

the ROI. 

To determine the normal wall and the media layer locations and dimensions, two 

geometrical parameters were computed for each pixel in the ROI (rim): 

 𝐷𝐷𝑡𝑡ℎ𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖 , 𝑗𝑗𝑟𝑟𝑖𝑖𝑖𝑖) = 𝐷𝐷1(𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖 , 𝑗𝑗𝑟𝑟𝑖𝑖𝑖𝑖) + 𝐷𝐷2(𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖 , 𝑗𝑗𝑟𝑟𝑖𝑖𝑖𝑖), and (51) 

 𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖 , 𝑗𝑗𝑟𝑟𝑖𝑖𝑖𝑖) = 𝐷𝐷1(𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖 , 𝑗𝑗𝑟𝑟𝑖𝑖𝑖𝑖), (52) 

where 𝐷𝐷1 and 𝐷𝐷2 are the Euclidian distances of the pixel �𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖 , 𝑗𝑗𝑟𝑟𝑖𝑖𝑖𝑖� ∈ 𝑟𝑟𝑖𝑖𝑖𝑖 from the outer (media-

adventitia) border bo and the inner (lumen) border bi, respectively (Figure 3.3). Threshold values 

for Dthick and Douter were calculated to determine whether a pixel was in a section of sufficient 

thickness (Thpath) to be considered pathological or sufficiently close (Thmedia) to the media-

adventitia border to lie within the media. Pixels of the ROI were classified as pathological tissue 

(ROIpath) if 𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 ≥ 𝑇𝑇ℎ𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 and 𝐷𝐷𝑡𝑡ℎ𝑖𝑖𝑖𝑖𝑖𝑖 ≥ 𝑇𝑇ℎ𝑝𝑝𝑝𝑝𝑝𝑝ℎ (Figure 3.3). The remaining pixels of the ROI 

were assigned to the non-pathological tissue or media (M) class. 

This pathological tissue detection procedure was the primary mechanism by which domain 

knowledge enriched learning to address the image classification problem. Following this step, 

classification for tissue characterization was only required for the four remaining tissue types (and 

guidewire shadow, for OCT). 
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3.2.3. CNN-Based Classification 

Pixel-centered patches were created for those pixels to be classified—all pixels within the 

full ROI for strut segmentation (i.e. 𝑟𝑟𝑖𝑖𝑖𝑖 ∈ ROI), and for tissue characterization those pixels of the 

 
Figure 3.3. Schematic presentation of the pathological tissue segmentation, shown for a representative IVUS 
frame. Given the inner (bi) and outer (bo) borders (top left), Euclidean distances from a pixel (𝑟𝑟𝑖𝑖𝑖𝑖 ∈ ROI) to the 
lumen border (𝐷𝐷2; black arrow) and the media-adventitia border (𝐷𝐷1; black arrow) were calculated (bottom). Pixels 
within the ROI for which 𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 < 𝑇𝑇ℎ𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 and 𝐷𝐷𝑡𝑡ℎ𝑖𝑖𝑖𝑖𝑖𝑖 < 𝑇𝑇ℎ𝑝𝑝𝑝𝑝𝑝𝑝ℎ  correspond to media and non-pathological 
tissue, respectively (right, inset; white). Other pixels within the ROI correspond to pathological tissue (ROIpath; 
top left, highlighted). Color in distance maps indicates relative magnitude of values (blue: small, red: large). 

D2 D1 = Douter

D1 + D2 = Dthick
Douter < Thmedia

bi
bo

Dthick < Thpath
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ROI not belonging to the non-pathological tissue or media (i.e. 𝑟𝑟𝑖𝑖𝑖𝑖 ∈ ROI𝑝𝑝𝑝𝑝𝑝𝑝ℎ). These patches 

were then automatically classified using a CNN. 

CNNs are a class of deep neural networks [279] commonly applied to image classification 

because they can leverage spatial locality and translational invariance to dramatically reduce the 

number of weighted network connections requiring optimization (cf. FCNNs). Their architecture 

can be described by multiple layers, which can be categorized as input, output, or hidden: the input 

layer received the 2D (grayscale) image patch; the hidden layers were formed by multiple 

functional layers combined in series in which the compound image features were calculated and 

strategically pooled; and the output layer produced the classification result. To classify the pixels, 

the functional layers executed a sequence of convolutions, batch normalizations, rectified linear 

unit (ReLU) activations, and pooling operations (Figure 3.4). To achieve the best classification 

results, different patch sizes, numbers of convolution sequences, filters, and filter sizes were tested. 

The transformation of data executed by a such a CNN (Figure 3.4) can be represented by a 

non-linear function, 𝑃𝑃(𝐼𝐼;Θ) = 𝑝𝑝,which maps an image 𝐼𝐼 ∈ ℝH×H of 𝐻𝐻 × 𝐻𝐻 size to a vector 𝑝𝑝 =

(𝑝𝑝1,𝑝𝑝2, … ,𝑝𝑝𝑐𝑐)T. The probability of I belonging to one of the c target classes 𝑖𝑖 = {1, … , 𝑐𝑐} is 

represented by 𝑝𝑝𝑖𝑖 ∈ [0,1], and Θ = {Θ1,Θ2, … ,Θ𝛫𝛫} are the K parameters (weights and biases) used 

to map I to p. CNN training is an optimization problem for a non-linear function with K degrees 

of freedom: 

 Θ� = argmin
Θ

ℒ�𝐼𝐼(1),𝐼𝐼(2),…,𝐼𝐼�𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡��
(Θ), (53) 

where ℒ(Θ) ∈ [0,1] is a loss function and 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is the number of training images. 

In this framework, (multiclass) cross-entropy loss (also known as negative log likelihood), 

the most popular choice for probabilistic classification problems, was used: 

 ℒ�𝐼𝐼(1),…,𝐼𝐼�𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡��
(Θ) = −∑ ∑ 𝑦𝑦𝑖𝑖

(𝑛𝑛)𝑝𝑝𝑖𝑖
(𝑛𝑛)𝑐𝑐

𝑖𝑖=1
𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑛𝑛=1 . (54) 

This loss function measures the performance of the classifier P relative to the binary class label 

vector yi for each image I(n) with the given set of parameters Θ. 
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Figure 3.4. Progressive data processing performed by the 26-layer CNN to classify pixels within the pathological 
region of interest in an IVUS image. The square H×H×1 image patch is iteratively convolved, normalized, operated 
on by an activation function, and pooled, resulting in the intermediate data structures of decreasing height and 
width but increasing depth. Each layer in depth (channel) is the result of a convolution of the previous array with 
a single kernel, or filter. Therefore, with each successive sequence, more—and more complex—features across 
the input image can be identified. Weights of the filter kernels are learned through optimization during training as 
discriminable features of the various output classes. On the basis of these features, a final array of probabilities, 
indicative of a probability mass function, is generated to reflect the likelihood that the input belongs to each of the 
possible classes. These operations constitute the CNN module of the characterization framework (Figure 3.2). 

Classified Pixel
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To reduce the training time for the CNN, the stochastic gradient descent (SGD) iterative 

method was used. This method approximates the dataset with a subset of samples randomly-drawn 

from the full training dataset, called a mini-batch, and uses the gradient calculated for the mini-

batch to update the model in each iteration. SGD is known to sometimes oscillate along the path 

of steepest descent (maximum gradient) towards the optimum, rather than directly along the path 

toward the optimum, since the gradient always points towards the opposite side of this optimum 

from the current position. A solution to this problem is the addition of a momentum term to the 

parameter update to reduce oscillations and aberrant sensitivity to noise and intermittent 

fluctuations [280]: 

 Θ𝑙𝑙+1 = Θ𝑙𝑙 − 𝛼𝛼𝛼𝛼ℒ(Θ𝑙𝑙) + 𝛾𝛾(Θ𝑙𝑙 − Θ𝑙𝑙−1), (55) 

where l is the iteration number, 𝛼𝛼 > 0 is the learning rate, and the momentum term 𝛾𝛾 determines 

the contribution of the previous gradient step to the current iteration. Thus, the SGD algorithm 

selects a subset of the training set 𝒟𝒟𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡, evaluates the mean gradient of the loss function ℒ for 

this mini-batch, then updates the network parameters Θ. Each evaluation is an iteration, and at 

each iteration the loss function is minimized further. The full pass of the training process over the 

whole training set, in mini-batch increments, forms an epoch. 

In training the network described herein, a SGD with momentum optimizer was 

implemented with standard generic parameters—a constant learning rate (𝛼𝛼) of 0.03 and 

momentum value (𝛾𝛾) of 0.9. A mini-batch size of 3,000 patches was utilized; data were shuffled 

after each epoch. Weight decay (L2 regularization) by a factor of 10-4 was used to reduce 

overfitting. Weights were initialized with a Glorot initializer, which independently samples from 

a uniform distribution centered around zero; biases were initialized to zero. 

3.3. Characterizing Tissue in Grayscale IVUS 

The framework presented above was applied to establish a novel CNN-based domain 

enriched method that classified arterial tissue imaged through IVUS [161]. The method detected 

the ROI using recently developed software [281], and then subdivided the ROI into pathological 

and non-pathological tissue based upon basic spatial and geometric constraints informed by 

physiology. Pathological areas of the ROI were partitioned into patches and fed through a CNN 

architecture. Corresponding VH-IVUS images served as the comparative control. The method 
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offered several meaningful benefits stemming from its independence from the RF signal data, 

which increased the clinical utility and research applicability of the method. In particular, the 

method could be applied to grayscale IVUS data, including previously-acquired images that had 

not been characterized by the VH technique due to a lack of RF signal or proprietary software, or 

to intermediate frames of VH-IVUS acquisitions between ECG-gated frames, thereby increasing 

the effective rate at which meaningful information on plaque morphology could be attained and 

reducing procedure time. 

3.3.1. Materials and Methods 

The methods implemented to characterize tissue in grayscale IVUS images followed the 

fundamental methodological framework described in the previous section (Figure 3.2, left). 

The region between the lumen border and the media-adventitia border where 

atherosclerotic plaques develop was denoted as the ROI. To detect the ROI in each frame, a 

previously validated method [250] recently incorporated into a user-friendly software suite [281] 

was utilized. In brief, initial contours for the lumen and media-adventitia borders were estimated 

using basic image processing: the image was binarized using Otsu’s automatic thresholding 

algorithm [282], and the tentative borders were found by scanning radial projections for binary 

state transitions. The method subsequently refined the borders using active contour models [283]. 

As noted before, the method focused on the evaluation of vessel wall morphology and the 

characterization of its phenotype, distinguishing not only plaque subtype but normal from 

pathological tissue (similar to VH-IVUS, Figure 3.1). Physical and dimensional limits leveraging 

expert recommendations were imposed; intima was deemed normal of its thickness was <360 μm, 

and the media was assumed to have nominal thickness of 250-350 μm [8], [164], [277]. Thus, the 

location and thickness of non-diseased and media tissue were defined such that wall regions 

thinner than threshold were not to be considered diseased or analyzed as such, and the media layer 

approximated by a band of constant thickness around the outer edge of the ROI. Though media 

thickness does vary somewhat, its range is largely negligible relative to that of the inner intima 

layer, and is furthermore at the horizon of VH-IVUS imaging resolution (100-200 μm) [19], [234], 

[277]. 

Non-pathological wall and the media layer locations and dimensions, and consequently 

pathological and media thickness thresholds, were established on the basis of observed tissue 
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distributions in the training dataset. Threshold values were calculated as the optimal cutoffs to 

discriminate whether a given pixel was within an area deemed pathological. To determine these 

optimal cutoff values, Dthick (Equation 51) and Douter (Equation 52) were calculated for each pixel 

in the ROIs of all Ntrain VH-IVUS images from the dataset. All ROI pixels labeled by VH as 

belonging to the media or non-pathological class (𝑟𝑟𝑖𝑖𝑖𝑖𝑀𝑀 ) were considered. The pathological thickness 

threshold (Thpath) was calculated as the maximum 𝑟𝑟𝑖𝑖𝑖𝑖𝑀𝑀  section thickness (Dthick) immediately 

adjacent to the inner border (𝑏𝑏𝑖𝑖), which is also equivalent to the maximum distance of a pixel 

belonging to this class from the outer border (Douter): 

 𝑇𝑇ℎ𝑝𝑝𝑝𝑝𝑝𝑝ℎ = max
𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

�𝐷𝐷𝑡𝑡ℎ𝑖𝑖𝑖𝑖𝑖𝑖
𝑟𝑟𝑖𝑖𝑖𝑖
𝑀𝑀 ∈𝑏𝑏𝑖𝑖� = max

𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
�𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

𝑟𝑟𝑖𝑖𝑖𝑖
𝑀𝑀

�. (56) 

The maximum media thickness threshold was calculated as the mean maximum thickness of 𝑟𝑟𝑖𝑖𝑖𝑖𝑀𝑀  

sections in which pathological tissue is present (i.e. 𝐷𝐷𝑡𝑡ℎ𝑖𝑖𝑖𝑖𝑖𝑖 ≥ 𝑇𝑇ℎ𝑝𝑝𝑝𝑝𝑝𝑝ℎ): 

 𝑇𝑇ℎ𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 =  1
𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

∑ max �𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
𝑟𝑟𝑖𝑖𝑖𝑖
𝑀𝑀 �𝐷𝐷𝑡𝑡ℎ𝑖𝑖𝑖𝑖𝑖𝑖≥𝑇𝑇ℎ𝑝𝑝𝑝𝑝𝑝𝑝ℎ��𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

1 . (57) 

Thpath was found to be 30 pixels, and Thmedia was 11 pixels. Therefore, pixels of the ROI were 

subsequently classified by the method as pathological tissue (ROIpath) if Dthick (local wall thickness) 

exceeded 30 pixels and Douter (distance from the outer limit of the wall) exceeded 11 pixels (Figure 

3.3). 

Pixel-centered patches were created for those pixels of the ROI which remained after 

segmenting the non-pathological or media class (i.e. 𝑟𝑟𝑖𝑖𝑖𝑖 ∈ ROI𝑝𝑝𝑝𝑝𝑝𝑝ℎ). These patches were 

automatically classified into one of the four VH-IVUS plaque types using a CNN. To achieve the 

best classification results, different patch sizes, numbers of patch convolution sequences, filters, 

and filter sizes were tested. A patch size of 41×41 was determined to perform best through 

parameter sensitivity analysis (Figure 3.10). The network found to perform best, and utilized in 

this work, is shown in Figures 3.4 and 3.5. 
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Figure 3.5. Detailed architecture of the multi-layer CNNs used to classify pixels within the region of interest for 
tissue characterization in IVUS (top) and OCT (middle), and BVS strut segmentation in OCT (bottom). See Figure 
3.4 for representations of intermediary data structures and activations of the hidden layers for the IVUS classifier. 
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3.3.2. Dataset 

To train and test the IVUS plaque characterization algorithm, 553 VH-IVUS frames and 

the corresponding grayscale IVUS frames were acquired from eight patients. The data were 

acquired at 20 MHz using a 3.5 F electronic probe with synthetic aperture (Eagle Eye Gold 

Catheter, Philips Healthcare, Andover, MA), in accordance with clinical standards [19], [277]. As 

intravascular images were collected from a clinical population in the course of treatment, the data 

were inherently inhomogeneous and imbalanced. Figure 3.6 shows the average quantity and 

relative distribution of tissue types present in the imaged vessel walls of each patient, as well as 

the number of VH-IVUS frames available from each patient’s acquisition); the patients represented 

a spectrum of lesion morphologies and sizes. Though sometimes present in small numbers, all five 

tissue types were detected by VH-IVUS in each patient (though notably not in each frame). 

 

 
Figure 3.6. Plaque distribution of patients comprising IVUS dataset. Top: Prominence of plaque and composition 
for each patient, reported in average number of pixels per frame corresponding to each characterized tissue type 
as determined by VH-IVUS. Bottom: Number of VH-IVUS frames available for each patient. 
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From the dataset, 200 frames were withheld exclusively for testing while the remaining 

frames were sampled for training and validation. From the 353 frames used for training and 

validation, 3.4×105 41×41 pixel patches of each class were extracted and augmented 7-fold 

(through reflection and rotation in 90o increments) for use in training the full networks. For the 

pixel sensitivity study, a smaller sub-set of 104 patches of each class was selected to accelerate 

training; ten-fold cross-validation was performed. From the 200 frames withheld for testing, 5×104 

patches of each class were randomly selected from bulk regions of tissue and used for final testing 

and evaluation. For the ablation study, a smaller sub-set of 104 patches of each class was randomly 

selected to accelerate classification and analysis. 

While patches used in training were sampled from all labeled training data to avoid 

potential loss of signal, in sampling the labeled testing data, regions immediately adjacent to 

boundaries between tissue types and edges of tissue regions were avoided. Doing so limited 

uncertainties arising from VH resolution and image data degradation due to file compression; 

enhanced label certainty for inclusion in testing was also achieved by requiring agreement between 

two automated color-based methods used for determining categorical labels from colored VH 

images (in which color-coded labels have been integrated with the underlying grayscale image). 

Furthermore, avoiding transition zones and borders ensured higher certainty by targeting to a 

greater extent the “bulk” of a tissue region—VH-IVUS validation has been conducted by histology 

and atherectomy [233], [235], [274]–[276], which allows comparison of bulk tissue type 

identification rather than pixel-by-pixel comparison. Therefore, an advantage of this more 

restrictive approach to sampling data for testing against VH-IVUS is that it more reliably assesses 

accuracy of the novel characterization method with respect to underlying tissue (by transitive 

considerations). A sample frame from the testing subset, alongside the corresponding “bulk” 

regions and actual randomly-selected pixels used in quantifying test performance, is shown in 

Figures 3.7. 
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3.3.3. Results 

Overall Performance 
Image segmentation accurately replicating VH-IVUS classification was successfully 

achieved using only grayscale IVUS images. Table 3.2 provides the error (or confusion) matrix 

for the presented enriched method, showing that it achieved an overall accuracy of 93.5%. It can 

be appreciated in a representative example of a classified image (Figure 3.8) and additional 

detailed regions (Figure 3.27) that the method accurately captured major tissue morphology and 

features within the pathological region. It captured fine features and provided sharp distinctions 

between various plaque types; it generated images that were very similar to gold standard VH-

IVUS. Furthermore, due to the spatial constrains imposed prior to CNN classification, the method 

addressed non-pathological and media tissue very accurately, and was not disposed to violating 

physiological constraints. 

 

   
(a) (b) (c) 

Figure 3.7. Selection of testing data from a typical frame withheld from training. (a) Sample VH-IVUS frame 
from the testing subset. (b) Masked region showing regions of bulk tissue (avoiding boundaries between tissue 
types and edges of tissue regions). (c) Specific pixels included in the balanced testing dataset (selected from the 
bulk tissue region shown in (b)). Note how, due to the relative scarcity of dense calcium and necrotic core, a 
greater portion of each calcified and necrotic region is sampled in constructing the balanced set used to quantify 
the test performance of the networks. 

Table 3.2. IVUS characterization method error matrix 
  Target Class  
  DC NC FT FFT M Precision 

O
ut

pu
t C

la
ss

 

DC 49247 4664 0 0 3 91.3% 
NC 664 44310 1208 0 30 95.9% 
FT 0 996 45564 4761 159 88.5% 

FFT 0 0 3107 45015 84 93.4% 
M 89 30 121 224 49724 99.1% 

 Recall 98.5% 88.6% 91.1% 90.0% 99.4% 93.5% 
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Grayscale IVUS with Borders VH-IVUS 

  
Enriched CNN-Based Method 

 
Figure 3.8. Representative classified IVUS image segmented by VH-IVUS (ground truth) and the CNN-based 
method. Both methods identify the same major pathological tissue morphology features. The latter provides sharp 
distinctions between various plaque types and consequently captures fine features, and is similar to VH-IVUS. 
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The overall performance metrics for the domain enriched CNN-based method (Table 3.2) 

depend on (four-class) classifier performance and reliability of pathological tissue detection, which 

together share responsibility for the full segmentation procedure. The CNN classifier achieved 

generally high precision (i.e. PPV) and recall (i.e. sensitivity). Tables 3.3 and 3.4 show the error 

matrix and mean predicted class scores for the enriched method’s four-class CNN classifier when 

presented with the testing set. The model, trained on just pathological tissue classified by VH-

IVUS, achieved an accuracy of 92.3%. Progression of training for this network, which took several 

weeks, is shown in Figure 3.9. Training was halted after 50 epochs, at which point accuracy and 

loss had plateaued 

(Figure 3.9); with 

further training, 

validation metrics 

began deteriorating, 

indicating overfitting of 

the model to training 

data. 

 

Table 3.3. IVUS pathological tissue classifier error matrix 

O
ut

pu
t C

la
ss

  Target Class   
 DC NC FT FFT Precision M 

DC 49336 4664 0 0 91.4% 858 
NC 664 44340 1208 0 95.9% 12320 
FT 0 996 45657 4771 88.8% 24893 

FFT 0 0 3135 45229 93.5% 11929 
Recall 98.7% 88.7% 91.3% 90.5% 92.3% - 

 
Table 3.4. IVUS pathological tissue classifier mean predicted class score 

O
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  Target Class  
 DC NC FT FFT Mean 

DC 0.9855 0.1779 0.0023 0.0000 0.2914 
NC 0.0145 0.7969 0.0271 0.0000 0.2096 
FT 0.0000 0.0204 0.7158 0.1012 0.2093 

FFT 0.0000 0.0048 0.2549 0.8988 0.2896 
Mean 0.2500 0.2500 0.2500 0.2500 0.2500 

 

 
Figure 3.9. CNN validation accuracy (top) and loss (bottom) through 50 epochs of training for the enriched model. 
Accuracy and loss plateaued by around the 50th epoch; deviation between training and validation accuracies—
indicating overfitting—became apparent soon afterwards when training was allowed to proceed beyond 50 epochs. 
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The error matrix of the classifier illustrated some general trends. The four-class network 

supporting the domain enriched method struggled to differentiate FFT from FT and, unexpectedly, 

DC from NC. Furthermore, the enriched model was subject to compounding uncertainties arising 

from pathological tissue delineation. While delineation of pathological tissue, as defined by VH-

IVUS, was very accurate, the CNN of the enriched method was incapable of classifying M tissue 

it encountered (and typically identified it as FT; Tables 3.2 and 3.3). 

Performance of the enriched deep learning method described here is compared with that 

reported for existing methods in Table 3.1, which also includes validation metrics reported for 

VH-IVUS. Included methods include those addressed and described briefly in the introduction: 

Zhang et al. [264], Brunenberg et al. [265], Athanasiou et al. [266], Taki et al. (2010) [268], Taki 

et al. (2013) [269], Athanasiou et al. [270], Hwang et al. [271], and Kim et al. [272]. Performance 

of VH-IVUS is reported for results from an ex vivo validation study carried out by Nair et al. [275]. 

Speed and Efficiency 
Execution time of the characterization method was dominated by the pixel-wise network 

classification of the ROI. Each patch took 7.4 ± 0.4 milliseconds (mean ± standard deviation) to 

classify, though this value was found to be sensitive to the machine on which classification was 

performed. Each ROI contained 37801 ± 22455 pixels, of which the enriched method determined 

that 26776 ± 20805 pixels were pathological and subsequently classified by the network (at the 

above rate of approximately 7.4 milliseconds per pixel). Calculation of D1 and D2, and subsequent 

designation of the media and non-pathological tissue in a frame, took just 25.5 ± 0.9 milliseconds 

per frame. Because the ROI delineation method is considered interchangeable for this method, 

execution time of this step was not determined, but several methods report execution times 

significantly less than 1 second per frame [180], [250], [251], [254]. Consequently, 

characterization of full frames took 200 ± 150 seconds with the method. The range of execution 

times corresponds to the drastic variability in plaque content between frames; while segments with 

high plaque burden took several minutes to characterize, frames depicting cross-sections without 

diseased tissue (just media and/or non-pathological tissue) took just a fraction of a second to 

characterize. However, per-frame characterization time is reported here for a scenario in which 

every individual pixel of the ROI is characterized, rather than a strategically selected subset, and 

furthermore neither software nor hardware were optimized for execution time. As such, these times 

should be interpreted as an upper bound. 
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Patch Size Sensitivity Test 
The CNN takes as input not a full image, but rather a patch, or neighborhood of pixels 

surrounding the pixel to be classified. The size of the patch can impact the subsequent performance 

of the trained network—if a patch is too small, it may not capture sufficient context or information 

for a robust classification to be made, but if a patch is too large, additional parameters (𝜃𝜃) must be 

learned, increasing solution space complexity, training time, and data and network storage size, 

among other potential pitfalls. Therefore, a preliminary study of patch size was performed to assess 

performance achieved by networks utilizing square neighborhoods of various sizes ranging from 

33 to 71 pixels in dimension (1,089 to 5,041 total pixels). 

Ten-fold cross-validation was performed for each patch size using a relatively small dataset 

(4×104 patches equally distributed among the four tissue types). That is, the dataset was randomly 

split into ten equally-sized balanced subsets, and the training procedure was repeated ten times; 

each time, a different one of those subsets was withheld from training and used to evaluate the 

final performance of the network trained on the other nine. The same network architecture was 

used for all 12 patch sizes with the exception of the input layer, which was modified to accept the 

desired patch size; the number of inputs to the first fully-connected layer differed accordingly. 

Training time was recorded for a single training run executed on the same hardware in consistent 

conditions for all 12 patch sizes. (Due to the amount of training required, tasks were otherwise 

distributed across different hardware and conditions, not allowing for direct comparison. A range 

of times is therefore not reported.) 

Results of the sensitivity study indicated that the overall domain enriched deep learning 

approach and method to classify atherosclerosis using IVUS wasn’t largely dependent on the patch 

size used (Figure 3.10). However, a patch size of 41×41 was shown to offer desirable performance. 

In particular, this patch size had among the highest average test accuracies, lowest standard 

deviation in accuracy, and lowest training times of those patch sizes assessed. Though not the best 

performing by any of those metrics alone, taken together this patch size demonstrated the most 

desirable holistic performance profile. Furthermore, the smallest patch size yielding acceptable 

performance is generally preferred, as increasing patch size, and consequently the number of 

trained network weights, increases not only training and execution time, but also susceptibility to 

overfitting. Here, decreasing patch size further diminished performance (lowered accuracy and 

increased performance variation in cross-validation). However, while helping to select a well-
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performing patch size, the study also provided confidence that the overall framework was robust, 

and that the quality of the data and fidelity with regards to the underlying population from which 

the set is drawn is more important than the specific details of patch size and similar network design 

features. 

Ablation Study 
To interrogate the organization and relationships within the network structure, and assess 

the distribution and similarity of class-associated features, an ablation study was carried out on the 

4-class CNN classifier of the domain enriched method. In turn, each of the 504 nodes or channels 

was “ablated” by negating a filter’s weights and associated bias term (in a convolutional layer) or 

all input connection weights and bias term (in a fully-connected layer), thereby depriving the node 

or channel of input and inhibiting its function by mandating an output of zero. Systematically 

“ablating” small segments of the network in this way probed where and how “knowledge” was 

represented in the network, how robust and redundant or centralized the network was, and how 

important certain parts of the network were to overall performance. 

 
Figure 3.10. Results of the sensitivity study demonstrate the effect of patch size on a small dataset. The averages 
and standard deviations of final test accuracies generated by ten-fold cross-validation are plotted as a solid line 
(left vertical axis). Time to execute the training process once is plotted as a dashed line (right vertical axis) trending 
upwards with patch size. Patch size as listed corresponds to a single dimension (i.e. the square root of the total 
number of pixels contained in a given patch of that size). The diamonds call out the performance of the network 
utilizing 41×41 patches like that used in the work presented herein. It can be seen that this patch size was among 
the best performing with regards to average final testing accuracy (high), standard deviation in final testing 
accuracy (low), and training time length (low). 
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Two major analyses were performed to investigate characteristics of the network: the 

impact of individual channels and nodes on final class sensitivity (i.e. recall) and the relationship 

between changes in class sensitivity caused by the various ablations. The results of the first analysis 

are shown in Figure 3.11, which illustrates the absolute drop in class sensitivity resulting from 

ablation of channels and nodes, arranged by layer. On the left side of this figure, each horizontal 

line represents a channel or node of the corresponding layer which was ablated, with colors 

indicating the extent and direction of change in sensitivity for each class resulting from its ablation. 

Note that each convolutional layer has increasing numbers of channels (16, 32, 64, 128, and 256) 

while the fully connected layers have 4 nodes apiece (Figure 3.5)—each corresponding to a 

horizontal line in Figure 3.11. Changes are also compiled for entire layers to examine importance 

of network layer in the outcome for each class, as shown on the right side of the figure; note that 

the vertical axes (scales) vary for the boxplots of each layer. 

The ablation of most functional units had a very small effect on end output, suggesting the 

network was fairly robust in that classification was generally distributed. A few notable exceptions 

existed, however. First, a few units played an outsized role in the successful classification of FFT 

pixels, particularly in the first convolutional layer; when these units were ablated, sensitivity for 

FFT dropped by up to 61%p; the output of these early channels were important to the downstream 

processing performed in later layers to positively identify pixels showing FFT tissue. The other 

units with a major role were the nodes of the second fully-connected layer, the output of which 

entered the softmax and subsequently classification layers. As the layer whose outputs were 

directly compared to establish class assignment, it was expected that each node would have 

profound importance to the classification of a single corresponding tissue type, as observed. An 

interesting observation is the impact on the three other classes; ablation of the node corresponding 

to DC resulted in an improvement in NC sensitivity of just over 10%p. Ablation of the nodes 

corresponding to FT and FFT similarly resulted in more modest improvements in sensitivity for 

the other class. One interpretation is that these units not only contributed to classification of one 

class, but effectively suppressed the others. While most clear in the final fully-connected layer, 

examples of competing performance driving confusion between DC and NC and FT and FFT were 

visible throughout the network. For both pairs, an ablation causing a decrease in sensitivity for one 

class in the pair was often accompanied by an increase in the sensitivity of its counterpart. These 

relationships and trends emerged, and were explored more explicitly, in Figure 3.12. 
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Figure 3.11. Results of the neural network ablation study illustrate distributed responsibility for classification. The 
absolute drop in class sensitivity resulting from ablation of channels and nodes showed that most individual 
ablations do not drastically impact overall performance. Left: Each horizontal line represents an ablated channel 
or node; colors indicate change in sensitivity for each class resulting from its ablation. (The color scale does not 
span the entire observed range.) Right: Changes are compiled for entire layers, showing importance of network 
layer in the outcome for each class. Boxplots illustrate drop (in percentage points) in class sensitivity; axes differ. 
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Figure 3.12. Results of neural network ablation study suggested that network representations and classification 
pathways of DC and NC, as well as FT and FFT, were closely related. Each point represents a single unit ablation, 
with position indicating drop in class sensitivity (in percentage points); as such, each point corresponds to a single 
horizontal line in Figure 3.11. Color indicates the layer to which the ablated unit belonged. Plots mirrored across 
the diagonal show the same information in transpose but with different axis ranges; plots on the upper right include 
9 outlier points (maximum change resulting from ablation greater than 3 standard deviations from the mean) that 
are excluded from those on the bottom left (as well as the histograms). Note that the scales differ for the plots 
above and below the diagonal. Pearson’s linear correlation coefficient (ρ) and p-value (p) are displayed for each 
set of observed changes. (Values below the diagonal are calculated excluding the 9 outliers while those above the 
diagonal include all 504 points.) The p-values less than the displayed precision are as follows: pDC-NC = 2.67×10-

26; pDC-FFT = 1.32×10-12; pNC-FT = 3.85×10-8; pNC-FFT = 5.43×10-10; pFT-FFT = 2.68×10-28. The strongest correlations 
are negative ones between DC and NC and FT and FFT, supporting observations in Figure 3.11 and described in 
the text. Conv: Convolutional Layer; FC: Fully-Connected Layer. 
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The results of the second analysis, shown in Figure 3.12, illustrated relationships between 

the representation of different tissue classes. Positive correlations may suggest that the tissue 

classes share many features encoded by the network such that ablation of the units strongly 

activated by these features similarly impacted both classes. However, negative correlations may 

also suggest shared features; if two classes share many features, ablation of units strongly activated 

by distinguishing features could cause pixels of the feature-sharing class to be selected with greater 

frequency, thereby driving changes in sensitivity of the two classes in opposite directions. In such 

a case, the unit activated by the distinguishing feature could be considered to be a suppressor or 

inhibitor of the related class which was inactivated by the ablation. Given this understanding, the 

results indicate that network representations of DC and NC were closely related, as were 

representations and classification pathways of FT and FFT. Both pairs demonstrated negative 

correlations. However, the complexity of these relationships were neither fully characterized nor 

done justice by so simple a summary. The results of the ablation study illustrated the inextricable, 

distributed, and interdependent nature of the interrogated neural network. 

3.3.4. Discussion 

While previous methods have classified tissue in grayscale IVUS images, the method 

presented here surpassed performance of the current state-of-the-art (Table 3.1). Previous work 

trained and validated on the same dataset implemented several varieties of classification 

algorithms, including support vector machines, neural networks, and random forests, with the latter 

achieving greatest performance. This method achieved an overall accuracy of 85.65%; sensitivity 

for the five classes ranged from 63.47% to 97.31%, while specificity ranged from 93.34% to 

99.29% [270]. Because neural network training data can dramatically impact intravascular image 

segmentation performance metrics [162] (as shown later in this chapter), direct comparison with 

other work is tenuous, though performance meets or exceeds all comparable methods reported in 

literature (Table 3.1). Standardized datasets and methods to benchmark, analyze, and thereby fairly 

compare methods of intravascular tissue characterization are still needed, as has been previously 

established for evaluating lumen and media segmentation in IVUS by Balocco et al. [180]. To 

enable independent evaluation, and in anticipation of a future community standard for performance 

assessment, full confusion matrices have been reported here in order to allow computation of 

evaluation measures that are likely to be determined for such purposes. 
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Comparison of computational cost is similarly tenuous due to variation in both data and 

execution environment (hardware and software). Furthermore, execution time is sparsely [160], 

[264]–[266], [269]–[271], incompletely [268], or ambiguously [272] reported. Taki et al. reported 

feature extraction times for a typical frame between 7 and 300 seconds for different methods, but 

reported no overall process times [268], while Kim et al. reported test times between 189 and 673 

seconds for different feature selection methods [272]. These wide ranges appear to bound the 

execution time of 200 ± 150 seconds per frame measured here. 

Results showed that FFT and FT were confused by the model at much higher rates than 

other pairs of classes. This can be appreciated and anticipated through knowledge of the class 

tissue constitution. As noted before, fibrofatty and fibrotic tissue both contain collagen fibers, but 

configured differently. The former contains collagen bundled in fibers [236] and collagen in the 

latter are loosely packed fibers embedded in lipid accumulations [235]. It is expected, then, that 

the similarities in composition would result in similar echoreflective properties that would 

consequently make them difficulty to distinguish from each other. Indeed, several previous 

methods have reported similar difficulties in distinguishing FFT or mixed tissue from FT, and 

some have forgone the distinction altogether and lumped several classes into larger, more easily 

differentiated groups [175]. 

Another pair of tissue classes confused with moderate frequency was NC and DC, though 

not in equal portions. While just over 9% of NC pixels were misclassified as DC, only around 1% 

of DC pixels were misclassified as NC. Further insight is offered by the ablation study performed 

on the CNN, which suggested that DC and NC shared features in network representation (Figures 

3.11 and 3.12). When DC class output was inhibited, NC sensitivity increased, though the 

conjugate was not true. This observation prompted an investigation of activation strength for each 

class, which revealed that the predicted class score for calcium was, on average, 19%p higher than 

that for necrotic core (Table 3.4). Due to the strong network response invoked by calcium, mild 

deviation in necrotic core appearance could be enough for the response to be eclipsed. Calcified 

and necrotic tissue often appear in tandem, and calcified structures are associated with acoustic 

shadowing [19], [277]; the imbalanced misclassification phenomenon could potentially be 

explained by such shadowing confounding the CNN as it identifies features of necrotic core that 

vary in appearance depending on its spatial position relative to the calcium. Accommodating such 

variation may result in the overall weaker activation for individual observations of NC tissue and 



136 

consequent non-reciprocated misclassification as DC. This uncertainty is remarkably similar to 

human experience, wherein shadowing and resulting variation in tissue appearance diminish 

certainty in an observation (e.g. identifying the adluminal edge of calcified tissue). Even when the 

CNN was trained without human intervention, it arrived at similar performance strengths and 

challenges; it is another example, amplifying lessons from Chapter 2, of how the human experience 

can inform likely scenarios in which trouble can be anticipated in automated processing methods. 

Future methods should similarly look to human experience for inspiration in mitigating these 

challenges by integrating contextual knowledge and an appreciation for the 3D continuity of 

systems. 

As noted previously, segmentation of the vessel’s inner and outer border, which together 

circumscribe the ROI, was a critical prerequisite to extract the geometric information necessary 

for the enrichment of the deep learning approach, and limits the accuracy of its results. This was a 

limitation shared with VH-IVUS; just as VH-IVUS relies upon—indeed assumes—an accurate 

inner and outer border to determine plaque composition within the vessel wall [235], so too did 

the presented method. Media and non-pathological tissue characterization was consequently 

particularly sensitive to ROI delineation. Any diminished performance in the ROI delineation 

degrades overall vessel characterization performance and compounds the final classification error, 

and as such contributions of this step were included in the reported errors. Indeed, a former study 

of cumulative error propagation in plaque image characterization found that image formation and 

border detection errors contribute to and increase plaque characterization error (i.e. decrease 

accuracy), but that these contributions are in acceptable limits and would not affect clinical 

decision [284]. Furthermore, accurate automated border detection algorithms are available, and 

because this segmentation is an interchangeable module on which the method builds, new or 

specialized methods may be utilized at will in concert with the presented domain enriched 

approach. 

Taken together, these observations demonstrate and explain why lumping increases 

accuracy. As noted in the introduction, lumping multiple sub-classes together increases method 

accuracy, but at the expense of granularity. By neglecting differences between tissues with shared 

compositional structure and appearance (e.g. FT, FFT, and M), or between tissues which typically 

appear in proximity, the difficulty of the segmentation problem is mitigated substantially. These 

differences, however, may hold relevant signal which are lost by these dimension-reducing 
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simplifications. The minimal lumping of classes in the presented approach, and consequent 

granularity of the method output, further highlights the impressive performance both in terms of 

comparative performance metrics relative to previous methods and potential utility to drive 

detailed investigation and insights. 

Work is warranted to extend validation of this method to ground truth histology. In the 

present work, the method has been both trained and validated against VH-IVUS. While VH-IVUS 

has itself been validation through in vitro histopathology [274], [276], it remains a step removed 

from the ultimate aim of classifying the tissue underlying the image. Furthermore, expert 

recommendations on intravascular RF data analysis maintain that media thickness cannot, in fact, 

be measured using either grayscale IVUS or VH-IVUS; media labels in the VH-IVUS images are 

themselves based on histological studies [277]. In a way, the domain enriched method emulates 

this approach; use of VH-IVUS for validation may therefore somewhat exaggerate the true benefit 

of the approach in considering the goal of tissue characterization. For example, because media 

thickness actually varies [8], [164], [277], a more sophisticated method of approximating media 

thickness (rather than assuming a fixed threshold thickness) may better reflect the underlying 

imaged tissue. However, in achieving the goal of replicating the utility of VH-IVUS without its 

associated restrictions and burdens, VH-IVUS itself presents a desirable, useful, and well-

validated reference. Still, vigilance and transparency is prudent to avoid reinforcing potentially 

unfounded or weak assumptions that have guided development of VH-IVUS and the medical field 

more broadly. 

Further work should also address the execution speed of the method. As currently 

implemented, the method cannot be applied in real time, limiting its usefulness. Immediate and 

drastic improvements could be achieved by exploring strategies to tactically select subsets and/or 

ordered progressions of pixels to be classified, rather than classifying every single pixel in the ROI 

sequentially by index. Updates to software, possibly including programming language, may also 

be accompanied by optimization of hardware. 

Finally, as with any classification system, appropriateness of the model must be considered 

for any specific application. In particular, work discussed later in this chapter demonstrated that 

neural network training data profoundly impacts intravascular image segmentation [162]. Here, 

equal representation across all classes was enforced in the training dataset, and the CNN model 
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was consequently optimized for balanced accuracy across all classes, rather than weighted by 

prevalence in the dataset or overall population. Therefore, other models may prove more 

appropriate for the detection of specific plaque types or in patient populations with plaque 

phenotype profiles which deviate significantly from a balanced distribution. Furthermore, IVUS 

images can vary significantly in texture and appearance depending on the specific imaging system 

(hardware and software), system settings (e.g. transducer frequency), and acquisition protocol; 

performance of analysis algorithms can vary commensurately [180]. Generalizability of the 

specific network and quantitative performance reported should not be assumed for other datasets, 

though general trends are expected to hold. 

By leveraging domain knowledge and recent technological advances, a domain enriched 

method of classifying plaque morphology using only grayscale IVUS images achieved higher 

accuracy, as well as granularity and precision, than that of others previously reported. By first 

imposing geometric constraints based upon pathological studies and normal vessel morphology, 

segmented images were produced that replicate VH-IVUS characterization with exceptional 

fidelity—without use of RF signal data. The method could therefore be applied to any grayscale 

IVUS data, including previously-acquired images that have not been characterized by the RF-

based VH technique and images in VH-IVUS acquisitions occurring between characterized ECG-

gated frames, thereby increasing the effective information acquisition speed. While care must be 

taken to consider and convey assumptions which may be reinforced or perpetuated through the 

application of domain knowledge to learning methods for medical imaging, this method offers 

practical, translational opportunities for immediate application-specific deployment. 

3.4. Characterizing Tissue in Intravascular OCT 

The framework presented in Section 3.2 was also applied to generate a novel CNN-based 

method to classify arterial tissue imaged through OCT (Figure 3.2, center), as described by 

Athanasiou et al. [160]. Unlike application in IVUS, where RF-based VH offered voluminous 

fully-classified segments for reference, penetration depth is rarely limiting, and well-established 

methods offered reliable vessel wall geometries, OCT presented a unique challenge due to the 

availability of only piecemeal manual annotations, guidewire shadow artifacts, limited penetration 

depth, and (consequently) less dependable geometric information. In its application to OCT, the 

framework detected the ROI using recently developed methods, including the outer border 
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detection method described in the previous chapter, then subdivided the ROI into pathological and 

non-pathological tissue based upon basic spatial and geometric constraints informed by 

physiology. Pathological areas of the ROI were partitioned into patches and processed by a CNN 

architecture. Human expert annotations served as the comparative control. The method offers 

several meaningful benefits stemming from its ability to characterize the full arterial wall. Whereas 

human experts may partly annotate a handful of frames from a full pullback, and other methods 

may identify a single tissue type (e.g. calcified) throughout a pullback, both approaches provide 

scarce and incomplete information, excluding information which can be important in many cases 

to the comprehensive quantification and computational modeling of diseased arteries. 

3.4.1 Materials and Methods 

As noted in the general description, ROI was defined as the area between the lumen and 

outer border (i.e. the media-adventitia transition; Figure 3.3). The lumen detection method 

accepted as input 2D cross-sectional OCT images, produced sagittal cuts (i.e. longitudinal cross-

sections; which more accurately represent the sequential area of the OCT pullback), detected the 

lumen contour by applying bilateral filtering and k-means algorithms, and projected the detected 

contours back to the 2D OCT images [225]. The outer border detection method, described in the 

previous chapter, detected visible segments of the outer vessel border within the OCT pullback, 

then completed the full contour (including non-visible segments) using the unique three-

dimensional surface-fitting method [157]. 

The ROI was subsequently divided into pathological and non-pathological or media 

regions. OCT differs from IVUS in its pixel size (i.e. scaling), so threshold values for pathological 

tissue had to be determined independently. Thpath was found to be 16 pixels, and Thmedia was 5 

pixels. Therefore, pixels of the ROI were classified as pathological tissue (ROIpath) if Dthick ≥ 16 

pixels and Douter ≥ 5 pixels (Figure 3.3). 

Pixel-centered patches were created for those pixels of the ROI which remained after 

segmenting the non-pathological or media class (i.e. 𝑟𝑟𝑖𝑖𝑖𝑖 ∈ ROI𝑝𝑝𝑝𝑝𝑝𝑝ℎ). These patches were 

automatically classified using a CNN as one of the four plaque types specified for OCT or as 

shadowed area (i.e. guidewire shadow artifact; assigned a class label of “N”). To achieve the best 

classification results, different patch sizes, numbers of input patch convolution sequences, filters, 
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and filter sizes were tested. A patch size of 31×31 was determined to perform best. The network 

found to perform best, and utilized in this work, had 45 layers and is shown in Figure 3.5. 

3.4.2 Dataset 

Twenty-eight patients who underwent OCT examinations gave informed consent to 

participate in the study, which was approved by the Ethics Committee of the institution. Medical 

experts used the FD-OCT C7XR optical frequency domain imaging system and the DragonFly 

catheter (St. Jude Medical, St. Paul, MN)—which offers a maximum frame rate of 100 frames per 

second, 500 lines per frame, a scan diameter of 10 mm, and axial resolution of 15 μm—to image 

28 coronary vessels. All images were digitally stored in raw format for off-line analysis, and all 

imaging data sets were anonymized and transferred for further analysis. Data from 22 patients 

were used for training, while data from the other 6 patients were withheld for testing. 

Two medical expert manually reviewed frames, selected images corresponding to diseased 

segments, annotated the lumen and intima-media borders, and independently labeled regions 

depicting clearly identifiable bulk regions of the various tissue types. Image areas were marked as 

calcium (assigned a class label of “C”), LT, FT, MT (a combination of calcified and lipidic tissue), 

or N (non-visible, i.e. catheter shadow). In total, 300 plaques were annotated in the training dataset 

and another 50 plaques were annotated in the test set. Image patches generated for pixels in these 

labeled regions were augmented through rotation (90o and 180o). Within the training dataset, 

450,000 image patches were used for training, while 30,000 image patches were used for 

concurrent validation during the training process to assess training progression and guard against 

overfitting. Equal numbers of patches drawn from each of the five classes were used in the training 

process, resulting in a balanced training dataset. The test dataset was not balanced, instead 

reflecting the actual underlying tissue distribution visible in this patient cohort. Of the 843,778 

patches used in testing, 1.1% were of C, 20.7% of LT, 25.6% of FT, 4.2% of MT, and 48.4% N. 

3.4.3 Results 

Image segmentation accurately identified plaque types labeled by medical experts, and 

successfully emulated clinically utilized classifications that categorize the entire section on the 

basis of (grayscale) OCT images. Three representative examples of classified images resulting 

from the method—demonstrating its ability to produce integrated plaque characterization maps 

categorizing the entire vessel wall cross-section using OCT—are shown in Figure 3.13. The 
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method accurately captured major tissue morphology and features within the pathological region 

(Figure 3.13). Due to the spatial constraints imposed prior to CNN classification, the domain 

enriched method addressed non-pathological and media tissue accurately, and was not disposed to 

violating physiological constraints. 

The CNN classifier achieved generally high precision (i.e. PPV) and recall (i.e. sensitivity). 

Table 3.5 shows the error (or confusion) matrix for the method’s five-class CNN classifier when 

presented with the (imbalanced) testing set. The model, trained on regions of pathological tissue 

manually labeled by experts, achieved an overall (combined) classification accuracy of 96.1% for 

the full testing dataset. 

Progression of training 

for this network, which 

was conducted on a 

balanced dataset, is 

shown in Figure 3.14. 

 
Figure 3.13. Representative classified OCT images segmented by the presented plaque characterization method. 
The method identifies major pathological tissue morphology features visible in the initial images (top) within the 
corresponding color-coded images (bottom). C: white, LT: red, FT: green, MT: light green, N: light gray, and M: 
dark gray. 

Table 3.5. OCT pathological tissue classifier error matrix 
  Target Class  
  C LT FT MT N Precision 

O
ut

pu
t C

la
ss

 

C 6831 8835 1451 1738 1259 34.0% 
LT 959 162214 2425 1782 2629 95.4% 
FT 163 1378 208421 2072 872 97.9% 
MT 1497 1803 4038 29709 168 79.8% 
N 0 218 1 0 403315 99.9% 

 Recall 72.3% 93.0% 96.3% 84.2% 98.8% 96.1% 
 



142 

Training was halted after 3 epochs, at which point accuracy and loss had plateaued, having reached 

a validation accuracy of 94.0% (Figure 3.14). Due to the relatively small dataset arising from the 

difficulty of acquiring annotated data (cf. VH-IVUS), a conservative approach to training extent 

was imposed to avoid overfitting (non-generalizable model optimization) to the data through 

extended training. Relative to training for IVUS, accuracy initially improved more quickly in 

training for OCT (Figure 3.14). One hypothesis for this observation is that the higher resolution 

and less noise of the OCT data relative to IVUS made the appearance of classes more consistent 

within the dataset, facilitating more rapid identification of characteristic features (i.e. signal) while 

decreasing errant optimization steps during SGD. 

The error matrix of the classifier illustrates some general trends. The five-class network 

supporting the domain enriched method struggled to differentiate calcium (C) from LT and MT, 

resulting in conspicuously low precision in identifying C. The network also had difficulty, though 

less extensive, in differentiating MT from FT. The CNN was highly capable of classifying pixels 

in which no visible tissue was present (N), which represented a sizeable portion of the testing 

dataset drawn from all image labels in the withheld patients. Due to the nature of the ground truth 

data, compounding uncertainties arising from pathological tissue delineation were not assessed as 

they were for the IVUS characterization method. 

 
Figure 3.14. CNN validation accuracy (top) and loss (bottom) through 3 epochs (10,545 iterations) of training for 
the model. Progress of the OCT characterization model described in Section 3.4 is shown in gold; progress of the 
IVUS characterization described in Section 3.3 is shown in gray. The inset shows the 3 epochs in the context of 
the full 50 epochs employed in training the IVUS characterization network (Figure 3.9). Accuracy and loss 
plateaued for the OCT network by around the 3rd epoch, and the relatively small datasets motivated cautioned 
against overfitting through excess training. 
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3.4.4 Discussion 

Utilizing the flexible framework established above, an automated method was developed 

for characterizing intravascular OCT images that automatically segments the non-pathological 

tissue or media (M) and classifies the imaged atherosclerotic plaque into to 5 different classes (C, 

LT, FT, MT, or N). The method combined advanced ROI detection (geometry extraction) 

algorithms and a CNN, and was validated using the manual annotations of expert observers as gold 

standard in a clinically-relevant dataset. Results demonstrate fairly reliable tissue detection and 

characterization, aside from calcium detection precision, even in images having artifacts. 

The method described herein is more accurate and realistic than methods previously 

presented in the literature. Over the past decade, several methods have been presented for the 

detection and characterization of atherosclerotic plaque using OCT images [173], [257], [258], 

[260]. The methods have been primarily based on machine learning algorithms [173], [259], [260], 

and more recently on deep learning approaches using CNNs [257], [258]. These methods can 

detect atherosclerotic tissue within the arterial wall with reasonable accuracy. However, while 

CNN-based methods outperformed the machine learning predecessors, they could not characterize 

the full arterial wall as does VH-IVUS [235]. The framework described here allows this 

functionality, making it notably qualified for use in the clinical and research arenas. 

The method can be improved further, and warrants efforts to address the lower accuracy 

when differentiating certain tissue classes (Table 3.5). Indeed, the error matrix of the classifier 

highlights the most pressing needs. Results showed that C was confused by the model with LT and 

MT at much higher rates than other combinations of classes, followed by MT-FT confusion. This 

can be appreciated and anticipated through knowledge of the class tissue constitution and CNN 

structure. This limitation is due in part to the nature of MT, which includes calcium and lipid and 

shares image characteristics of both C and LT; as noted before, MT consists of variable 

combinations of calcified, lipidic, and fibrous tissue, so it may be expected, then, that the 

similarities in composition would result in similar optical properties that would consequently make 

them difficult to distinguish from each other. Variable appearance of the inhomogeneous MT 

further complicates its successful identification. Furthermore, while calcium and lipid pools 

display different attenuation properties, both appear as locally dark (low intensity) regions. 

Without additional global or spatial context—of which CNNs are notoriously poorly suited to 
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integrate—it is understandable that these two classes may be difficult to distinguish. Expanding 

the clinical dataset and incorporating histological findings in the training and testing phase of the 

proposed method may help to address these limitations. Furthermore, beyond improving plaque 

classification, integrating new methods for directly segmenting the media [158] (described in the 

previous chapter; not possible in IVUS), rather than assuming a constant thickness based upon 

histology studies (as implemented in VH-IVUS), could offer more accurate segmentation and 

richer information on vascular morphology. 

By leveraging domain knowledge and recent technological advances, a domain enriched 

method of classifying plaque morphology using only (grayscale) intravascular OCT images 

achieved higher accuracy and greater functionality than that of others previously reported. By first 

applying new ROI-delineating algorithms and imposing geometric constraints based upon 

pathological studies and normal vessel morphology, segmented images were produced that 

emulate VH-IVUS (i.e. full section) characterization with unprecedented detail. This method 

offers practical, translational opportunities for immediate application-specific deployment, and 

could be used in the clinical and research arenas to advance the field of computational cardiology 

[67]. 

3.5. Segmenting Indwelling Devices in Intravascular OCT 

Segmenting indwelling devices, such as a BVS, was achieved with only minor adaptation 

of the framework presented in Section 3.2 (Figure 3.2, right). Rather than specifying inner and 

outer borders of the vessel wall to delineate the ROI, a large standardized area of the image was 

instead selected. Furthermore, pathological tissue was not partitioned and treated differently from 

the other tissue within the ROI. Blending pathologies and structures in this way leveraged some 

of the aforementioned benefits of lumping—while decried earlier for the resulting loss of 

granularity and precision, here the aim was only the segmentation of the device and not the 

differentiation between tissues. Therefore, including a spectrum of “non-strut” presentations in a 

single binary class reduced complexity and makes the discrimination task easier. Finally, rather 

than classifying a pixel into one of several tissue classes, the pixel-centered patch provided to a 

CNN was assigned to one of two binary classes indicating presence or absence of a strut. Several 

network architecture variations and input patch sizes were assessed to identify the combination 

which worked best for the given application, and data sensitivity studies assessed the 
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generalizability and robustness of the method. Human expert annotations served as the 

comparative control. By utilizing the presented framework with deep learning, the method offers 

benefits stemming from its independence from rigid, hand-crafted rule sets describing strut size, 

shape, and distribution, which may evolve with device resorption or be violated by outlier cases, 

image artifacts, or anomalies. Furthermore, whereas human experts may annotate or make 

measurements in only a handful of frames from a full pullback, the current approach enables 

comprehensive quantification to track resorption and vascular response, as well as reconstruction 

for computational modeling purposes. 

3.5.1 Materials and Methods 

The methods implemented to segment indwelling BVS struts in intravascular OCT images 

followed the fundamental methodological framework described earlier (Section 3.2; Figure 3.2, 

right). 

A large standardized area of the image was designated at the ROI. Because scaffold struts 

can be located in various positions—ranging from malapposed struts within the lumen space to 

deeply embedded struts within the vessel wall—an assessment of the available dataset was 

undertaken to determine the typical radial range in which the search for struts should be focused. 

Struts were observed between 18.6 and 180.1 pixel widths from the center of the image in the 

available labeled dataset. Conservatively extending the range observed to accommodate 

uncertainty and expected variability, the ROI was defined as the region 15 to 185 pixels from the 

center of the image; this ROI (106,840 pixels) included 42.7% of the entire 500×500 pixel image 

(250,000 pixels) and 54.4% of the circular image data (i.e. excluding the bounding frame; 196,364 

pixels).As noted before, pathological tissue was not partitioned and treated differently from the 

other tissue within the ROI, forgoing this step in the general framework. 

Pixel-centered square patches were created for all pixels of the ROI (i.e. 𝑟𝑟𝑖𝑖𝑖𝑖 ∈ ROI). These 

patches were automatically classified into one of two binary classes—indicating presence or 

absence of a strut—using a CNN. Different patch sizes, ranging from 11 to 61 pixels across in 

increments of 10, as well as varying CNN architectures, ranging from 3 to 5 sequences of 

convolution, batch normalization, and ReLU activation, were tested in all possible permuted 

combinations to achieve the best classification results for the given task. The networks utilized in 

this work are shown in Figures 3.5 and 3.15. Further testing of the generalizability and robustness 
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of the method using the preferred patch size and CNN architecture was achieved by performing 

extensive cross-validation in which each patient was iteratively withheld from training and used 

exclusively in testing. All networks were trained over 50 epochs. 

3.5.2 Dataset 

Clinical OCT images showing vessels implanted with BVS (i.e. endovascular polymeric 

implants) were used to train and validate the classification network. The dataset is described in 

detail by Amrute et al., who used the same data to develop a polymeric endovascular strut and 

lumen detection algorithm using basic image processing and k-means clustering [179]. Pullback 

sequences from 14 patients were acquired in accordance with clinical standards [18] following 

BVS implantation, ranging from 1 day to 9 months post-procedure. Consequently, struts varied in 

their presentation and included malapposed, well-apposed, and embedded struts; due to variable 

resident times, struts also varied from fully intact to mildly degraded. Medical experts identified 

and marked each visible strut. Only frames acquired within the scaffold (i.e. depicting at least one 

strut) were utilized. In total, there were 1156 frames containing 6.10×105 pixels labeled as showing 

 
Figure 3.15. Detailed architecture of the multi-layer CNNs used to classify pixels within the ROI for BVS strut 
segmentation in OCT. Various patch sizes, ranging from 11 to 61 pixels, were tested, as were various numbers of 
functional sequences, ranging from 3 (network architecture 3; blue dashed box) to 5 (network architecture 1; 
orange dashed box). See Figure 3.5 for the final network architecture (2) and a comparison to the CNN 
architectures applied to the tissue characterization task. 
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a strut, with each frame including 528 ± 182 such pixels—0.5 ± 0.2% of the ROI (average ± 

standard deviation; Figure 3.16). 

Training and testing was performed in balanced datasets with equal representation of strut 

and non-strut data points. As the intravascular images were collected from a clinical population in 

the course of treatment, and endovascular scaffolds are—by design—very sparse, the data were 

inherently inhomogeneous and imbalanced. Figure 3.16 shows the average quantity and relative 

distribution of scaffold struts present in the imaged vessels of each patient, as well as the number 

of OCT frames available from each patient’s acquisition. Though sometimes present in small 

numbers, at least one strut was identified by the experts in each frame. However, the dataset 

displayed extensive variability in strut prevalence, image quality, and available frames. 

 
Figure 3.16. Strut distribution of patients comprising dataset. Top: Prominence of struts for each patient, reported 
in average number of pixels per frame corresponding to BVS struts as determined by manual expert annotation. 
Error bars indicate standard deviation. Bottom: Number of strut-containing OCT frames available for each patient. 
Overall, from the 14 patients there were 1156 frames containing 6.10×105 pixels labeled as showing a strut, with 
each frame including 528 ± 182 such pixels—0.5 ± 0.2% of the ROI (average ± standard deviation). 
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To increase speed and efficiency, datasets of increasing sizes were used in progressive 

stages of method refinement and evaluation. For preliminary studies, data from 9 patients were 

used for training, from which 105 patches of each class were randomly selected; 3×104 patches of 

each class were randomly selected from the remaining 5 patients for validation. Subsequently, for 

the comprehensive assessments for which results are reported here, patches were generated for 

every pixel labeled as depicting a strut (6.10×105 total), and equal numbers of non-strut pixels 

were randomly selected from the ROI for each patient, such that the data extracted from each 

patient was balanced, though the quantity of data contributed by each patient differed somewhat 

(4.36×104 ± 1.06×104
, ranging from 2.55×104 to 5.66×104, of each class; Figure 3.16). Data from 

11 patients, which included 875 frames and 4.52×105 pixels labeled as strut, were used exclusively 

for training; the remaining 3 patients, which included 281 frames and 1.58×105 pixels labeled as 

strut, were withheld and used exclusively for testing. In testing for generalizability and data 

dependency, 14-fold cross-correlation was performed in which all but one patient was included in 

the training dataset, and the withheld patient was the sole patient used in validation. To maximize 

generalizability for future application in new datasets, a final network was trained with all patients 

pooled and every 14th frame withheld for validation. In all cases, 7-fold data augmentation was 

performed through reflection and rotation in 90o increments. 

Various CNN architectures and patch sizes were systematically tested to optimize the 

performance of the method. Patch sizes of (10n+1)×(10n+1) pixels for n = {1,…,6} were tested. 

The network architecture with the greatest number of convolutional sequences (network 1) was 

incompatible with the smaller patch sizes (n = {1,2,3}); the smallest patch size (11×11; n = {1}) 

was also too small to allow the number of convolutional sequences of network 2. All other 

permutations were assessed. 

3.5.3 Results 

All compatible combinations of the three network architectures and six patch sizes were 

successfully trained and validated with the limited dataset. Similar outcomes for many of the 

permutations demonstrated the robustness of the framework, though some important trends 

emerged (Figure 3.17). The smallest patch size (11×11 pixels) did not perform well, with the lumen 

border often being falsely identified as a strut, indicating that this neighborhood scope did not 

provide sufficient context for the network to successfully identify struts. Conversely, large patch 
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sizes did not perform well with the smaller CNNs. Due to the large input size and relatively few 

convolutional sequences, a very large number of parameters had to be trained in the first fully-

connected layer (Figure 3.15). This feature elevated the risk of over-fitting while inflating the 

computational cost and memory requirements of training. Without an increased amount of data 

required to achieve accurate performance, these permutations tended to have poor performance 

and particularly high false positive rates in classifying the large information- and context-rich 

patches. Due to their non-competitive performance and high computational burden, these 

permutations were abandoned following the preliminary studies. 

The full dataset helped to distinguish somewhat the performance of the various 

permutations of patch size and network architecture. Metrics of accuracy, sensitivity, specificity, 

PPV, and negative predictive value (NPV), evaluated relative to the expert manual annotations, 

were all strong, but varied slightly (Table 3.6; Figure 3.18a). A patch size of 31×31 pixels provided 

all-around strong performance, including a desirable balance between sensitivity and specificity. 

Network architecture 2, implementing four convolutional sequences (Figures 3.5 and 3.15), with 

an input patch size of 31×31 was ultimately selected. 

Table 3.6. Device segmentation performance for various permutations of 
patch size and network architecture 

Patch Size 11 21 31 41 51 61 
Accuracy 

Network 1    98.12% 98.35% 97.41% 
Network 2  97.96% 98.22% 98.27% 97.32%  
Network 3 96.94% 97.65% 98.46% 97.83%   

Sensitivity 
Network 1    97.05% 97.74% 95.72% 
Network 2  96.69% 98.22% 97.48% 96.64%  
Network 3 95.64% 96.28% 97.78% 96.65%   

Specificity 
Network 1    99.18% 98.96% 99.09% 
Network 2  99.23% 98.95% 99.07% 98.00%  
Network 3 98.23% 99.02% 99.14% 99.01%   

PPV 
Network 1    99.17% 98.95% 99.06% 
Network 2  99.21% 98.95% 99.05% 97.98%  
Network 3 98.18% 98.99% 99.13% 98.99%   

NPV 
Network 1    97.12% 97.77% 95.86% 
Network 2  96.77% 98.23% 97.52% 96.69%  
Network 3 95.75% 96.38% 97.81% 96.73%   

Color ranges from worst performance (red) to best performance (green) for each metric 
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Having selected a final network, the impact of data and robustness of the method was 

assessed. Results of the cross-validation, in which each patient was, in turn, withheld from the 

training set and used exclusively in testing, showed reassuring consistency (Figure 3.18b). All 5 

performance metrics assessed demonstrated smaller ranges among the 14 dataset partitions than 

among the 11 network-patch permutations. Average performance by all 5 metrics also exceeded 

that achieved by the same network with the somewhat smaller dataset (in which 3 patients were 

withheld for testing), as hoped. 

Reassured by the generalizability and data independence, a final network was trained with 

all patients pooled to maximize generalizability for future application in new datasets. Every 14th 

frame was withheld for validation to achieve approximately the same train-test data ratio as 

withholding one of the 14 patients. The final network, trained in this manner, exceeded the average 

performance of the cross-validation, as anticipated, and achieved a validation accuracy of 99.37%, 

sensitivity of 99.48%, specificity of 99.27%, PPV of 99.27%, and NPV of 99.48%. As a proof of 

 
Figure 3.18. Variation in validation performance metrics with changes in (a) network architecture and patch size 
(Table 3.6) and (b) withheld patient (for the combination of network architecture 2 with 31×31 patch size). Each 
box (blue) spans the 25th and 75th percentiles, with the central mark (red) indicating the median. Whiskers (black) 
extend to the most extreme non-outlier values; outliers are individually marked with plus (+) symbols (red). The 
range of all 5 performance metrics is greater for CNN variation (a) than data variation (b). 
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concept, the method was applied to an entirely new dataset, acquired under different conditions 

and at a different medical center (but with the same commercial system). Though performance was 

somewhat diminished, initial results proved promising across a range of presentations (Figure 

3.19). 

 

 

 
Figure 3.19. Strut segmentation performance of the CNN classifier in two images from a new dataset acquired 
independent of the training and validation set. Initial grayscale images (left) and their annotated counterparts 
(right) reveal a stent well apposed shortly after implantation (top) and following vessel recovery with neointimal 
grown covering partly degraded struts (bottom). 
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3.5.4 Discussion 

Utilizing the flexible framework established in Section 3.2, an automated method was 

developed for annotating an indwelling device in intravascular OCT images. The method 

combined simplistic ROI delineation and a CNN to automatically segment the imaged vessel into 

to one of 2 classes (strut or non-strut). It was validated using the manual annotations of expert 

observers as gold standard in a clinically-relevant dataset, and results demonstrated fairly reliable 

strut segmentation, with some improvement possible in reducing the false positive rate. 

The method can be improved further, and warrants efforts to address both the efficiency 

and the false positive rate. For example, the crude and conservative ROI results in a very large 

area to be classified. Except in (rare) cases of vessel dissection, struts should not be found beyond 

the intima. Therefore, leveraging geometric information on the vessel wall should allow for a 

narrower, refined ROI to be determined for each frame, improving both the efficiency and reducing 

opportunities for false detections. Additionally, the inner limit of the ROI could be based upon the 

catheter artifact in the given acquisition, rather than a fixed value which sometimes extended into 

the artifact itself, unnecessarily extending the ROI into a region with some strut-like visual patterns 

in which no strut could exist. Additional screening methods, possibly considering grayscale 

intensity, to mask and narrow the ROI may also prove fruitful. 

Beyond refinement of the ROI, challenges introduced by the underlying data should also 

be considered further. First, due to the relative scarcity of struts within the images, the “population” 

dataset is a highly imbalanced one; pixels belonging to the “strut” class represent only a small 

fraction of all pixels, even within the ROI. As discussed in a later section of this chapter (Section 

3.8), such imbalance warrants careful consideration of the training dataset curation. Here, a 

balanced training dataset was used, but depending on the specific application of this method, it 

may be preferable to utilize a different distribution—or a modified loss function weighting 

inaccuracies differently by class—to drive performance towards a desired profile (e.g. greater 

sensitivity or specificity; greater PPV or NPV). Second, struts appear with a range of presentations 

depending on where they are located within the vessel, the extent of their degradation/resorption, 

and potentially also their specific model and material formulation. Despite the strong performance 

of the CNN in the context of variable data, it should be considered whether this challenge is best 

addressed by the collection and training on addition data, consideration of several differing classes 
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(rather than monolithic “strut” and “non-strut” classes), or training of multiple distinct CNNs (each 

dedicated to a narrower application scenario), depending again on the specific application and 

intended use cases. Enriching the method with additional domain knowledge, 3D context, or 

spatial information may also help to address this challenge of variable appearances and improve 

performance. 

By leveraging recent technological advances and a proven framework [160], [161], an 

optimized method of segmenting indwelling devices using only (grayscale) intravascular OCT 

images achieved high accuracy and substantial functionality with only minor modification of the 

framework developed for the characterization of tissue. This method offers practical, translational 

opportunities for application-specific use, and could be used in the research and clinical arenas, 

particularly in the field of cardiovascular interventions. 

3.6. Variations on the Framework 

One of the many benefits of the framework presented herein is its modularity, which makes 

it incredibly flexible and allows the most relevant techniques to be leveraged and interchanged 

with the advent of new advancements. This includes changes in imaging modality (input image), 

algorithms to delineate the ROI, approaches to distinguishing pathological tissue from non-

pathological tissue and media, and the neural network-based classification. To explore a possible 

avenue for improved performance and assess tradeoffs between methods, a substantially different 

alternative neural network structure—one which employed a form of semantic segmentation—was 

implemented for the classification of the vessel ROI. 

As an alternative to the pixel-wise CNN-based classification, a U-net was implemented 

and evaluated. U-nets, so named for the progression and shape of the intermediary (hidden) layers, 

consecutively downsample and upsample the full input image to generate a full map of class labels 

(rather than a single class label corresponding to the full image) as an output [285]. U-nets and 

similar architectures have been shown to be efficient and well-performing in biomedical image 

analysis [285]. Here, a grayscale intravascular image and a corresponding mask of the ROI was 

provided as input to the tissue classification network, which output a label map for the entire image, 

encoded as a one-hot structure (Figure 3.20). Of note, the media and non-pathological tissue were 

not first separated from the pathological tissue in the ROI. Rather, providing the ROI mask as an 

input to the network provided the necessary context for the network to learn itself the relative 
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distribution and geometric relationships governing this tissue class and serve the functions of both 

modules. An additional network was developed for the BVS strut segmentation task; a grayscale 

OCT image (but no ROI) was provided as input to the network, which output a binary label map 

for the entire image. 

The network built upon a model by Isola et al. [286], with substantial modification and 

adaptation for the application at hand, and was implemented in Google Colaboratory (Alphabet, 

Mountain View, CA) using the TensorFlow library running on varying virtual machines with GPU 

or tensor processing unit resources. The network (Figure 3.20) iteratively downsampled in 

sequences of 2D convolutions (4×4 kernel size with stride of 2), batch normalizations, and leaky 

ReLU activations, then upsampled in sequences of 2D transposed convolutions (4×4 kernel size 

with stride of 2), batch normalizations, and ReLU activations (with dropout). Skip connections 

concatenated all channels of a downsampling layer to the channels of the equally-sized upsampling 

layer. The output layer performed a final 2D transposed convolution (4×4 kernel size with stride 

of 2). For tissue characterization, the final convolution produced 5 or 6 channels (for IVUS and 

OCT, respectively) which underwent softmax activation, resulting in a final one-hot structure with 

each channel representing one of the same tissue classes implemented in the standard pixel-wise 

CNN-based classification scheme described above. For strut segmentation, the final convolution 

produced just a single channel which underwent sigmoid activation, resulting in a final 2D 

structure of values between 0 and 1, with indices exceeding 0.5 being classified as strut and others 

as non-strut pixels. 

Two forms of loss were considered in the optimization of this classifier. One form 

considered just the categorical multiclass cross-entropy loss (Equation 54) between the known 

tissue class labels and the predicted labels generated by the network. Another form implemented 

an adversarial model [287], whereby a discriminator network (Figure 3.21) was trained 

concurrently with the classifier (a form of conditional generative network). The discriminator, a 

CNN, is tasked with distinguishing between the “ground truth” tissue label map and the classifier-

generated label map for a given image. Provided with a tissue map and a corresponding image, 

this CNN (Figure 3.21) iteratively downsampled in sequences of 2D convolutions (4×4 kernel size 

with stride of 2), batch normalizations, and leaky ReLU activations. The output layer performed a 

2D transposed convolution (4×4 kernel size with stride of 2) with a single channel, resulting in a 

scaled confidence map assigning a continuous value to discrete regions of the image indicating 
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confidence in the authenticity of the corresponding tissue map provided. The ability of the 

discriminator to successfully identify classifier-generated maps as such penalized the classifier 

(“generator”) through binary cross-entropy loss. (See Chapter 5 for more detailed and technical 

descriptions of adversarial and generative networks.) Therefore, the first, more straight-forward 

form of loss considered just cumulative pixel-wise error (as the pixel-by-pixel classifiers did), 

whereas the second form considered context and more holistic appearance of the maps comprising 

 
Figure 3.21. CNN architecture of the discriminator used in adversarial training of the U-net to characterize 
intravascular images. Blue boxes indicate multi-channel feature maps resulting from convolution, normalization, 
and activation operations. A tissue map, image, and ROI mask are provided as input; a scaled confidence map is 
output. During training (concurrent to a generator), the discriminator is penalized by binary cross-entropy loss for 
incorrectly designating a classifier-generated map as authentic or a ground truth label map as inauthentic. 
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the pixel-wise labels. Three models were trained for each modality: one which considered only 

loss driven by pixel-wise label differences (“non-adversarial”), one which considered only loss 

driven by discriminator success (“fully adversarial”), and one which considered a weighted 

combination of the two (“adversarial”). 

The classifier was applied to tissue characterization in both IVUS and OCT images, as well 

as BVS strut segmentation in OCT. For application to IVUS, the same dataset was used as that for 

the approach described in Section 3.3; tissue label maps were extracted from VH-IVUS as the 

target distribution, and characterization was performed on the corresponding grayscale IVUS 

frames. For application to OCT tissue characterization, the same imaging dataset was used as that 

for the approach described in Section 3.4. However, as this segmentation approach required full 

label maps for training (rather than the piecemeal region labels available from the manual 

annotation of OCT images), the output of the CNN-based method—the fully characterized 

images—were used as the target distribution (i.e. “ground truth”) for training the network 

described here. For application to strut segmentation in OCT, the same imaging dataset was used 

as that for the approach described in Section 3.5, for which full label maps were available. 

Because full images were utilized, and tissue types and struts were present in vastly unequal 

quantities (Figures 3.6 and 3.16; Table 3.5), all three datasets were significantly imbalanced. 

However, unlike pixel-wise classification schemes, training datasets could not be balanced to 

include equal numbers of each class. As highlighted and quantitatively explored in Section 3.8, 

networks trained with such imbalanced datasets are strongly biased towards classes prevalent in 

the training sets, to the detriment of less-prevalent classes. Therefore, each network was trained 

with and without compensatory loss weighting, whereby the loss incurred for incorrect 

classification of a pixel was inversely proportional to the prevalence of the pixel’s class—as 

labeled in the target (“ground truth”) distribution—in the training dataset. As such, the cumulative 

potential error contributed by each class was balanced. 

Results revealed some intriguing and promising attributes for this variation on the 

morphology-extraction framework, but also remaining shortcomings to be considered and 

addressed. The fully adversarial scheme did not perform well in either modality, as insufficient 

feedback was available to the classifier (generator) from the discriminator alone to meaningfully 

improve during training. Figure 3.22 and 3.23 show illustrative examples for the characterization 
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of IVUS and OCT frames, respectively, by the other two U-net tissue classifiers. Following 

random initialization, the network quickly gained proficiency and learned to generate reasonable 

tissue distribution maps using semantic segmentation. However, several details never emerged. In 

IVUS, boundaries between fibrotic and fibrofatty tissue and between necrotic core and dense 

calcium were rather amorphous and lacked the sharpness of VH and pixel-wise CNN 

segmentation. In OCT, the identification of calcium, a relatively scarce constituent, never emerged 

meaningfully in the models trained with unweighted loss. Furthermore, when trained with 

unweighted loss, mixed tissue was segmented in non-negligible quantities only by the network 

trained in adversarial manner against a discriminator, and even then with poor performance. For 

both IVUS and OCT characterization, compensatory loss weighting facilitated the emergence of 

classification of less prevalent tissue, particularly (dense) calcium and necrotic core/mixed tissue, 

to the extent where these tissues were over-expressed in the classifier outputs. These qualitative 

and anecdotal observations are reinforced and quantified in the error (i.e. confusion) matrices for 

each set of methods (Tables 3.7 and 3.8). 
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Figure 3.22. U-net output for the semantic segmentation of tissue imaged by grayscale IVUS. The input to the 
network was the grayscale input image (top left) and a mask of the ROI (not shown; Figure 3.20). The target 
(“ground truth”) label map (top right) was extracted from the VH-IVUS frame corresponding to the grayscale 
image. The network was trained for 50 epochs, but advanced quickly, as seen in the output of the network 
(predicted maps) for the input image after 1, 25, and 50 epochs (bottom). However, it took several epochs to refine 
the media and non-pathological tissue (M; dark gray) classification and for finer details to emerge. Compensatory 
loss increased identification of less prevalent plaques (e.g. calcium; white) at the expense of precision. 

Ep
oc

h 
1

Ep
oc

h 
25

Ep
oc

h 
50

AdversarialNon-Adversarial

TargetInput Image

AdversarialNon-Adversarial

Compensatory LossUnweighted Loss



161 

 

 
Figure 3.23. U-net output for the semantic segmentation of tissue imaged by OCT. The input to the network was 
the grayscale input image (top left) and a mask of the ROI (not shown). The target (“ground truth”) label map (top 
right) was determined by the fundamental framework described in Section 3.4 using CNN-based classification of 
the grayscale image. The network was trained for 50 epochs, but advanced quickly, as seen in the output of the 
network (predicted maps) for the input image after 1, 25, and 50 epochs (bottom). However, without compensatory 
loss, it took several epochs to refine the media and non-pathological tissue (M; dark gray) classification, for 
shadowed region (N; light gray) to be identified, and for calcium (C; white) and mixed tissue (MT) to emerge. 
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Table 3.7. IVUS semantic characterization method error for tissue classification following training with 
unweighted loss and compensatory loss weighting 

Unweighted Loss  Compensatory Loss Weighting 
Non-Adversarial 

  Target Class     Target Class  
  DC NC FT FFT M Precision    DC NC FT FFT M Precision 

O
ut

pu
t C

la
ss

 

DC 20900 5514 652 0 3151 69.2%  

O
ut

pu
t C

la
ss

 

DC 26762 10006 1583 0 16669 48.6% 
NC 5066 61889 25135 6 7038 62.4%  NC 2549 69282 49939 47 10412 52.4% 
FT 381 20211 383093 74533 7540 78.9%  FT 96 9309 289309 21474 4947 89.0% 

FFT 103 1 54576 154389 2642 72.9%  FFT 80 67 123683 208284 4514 61.9% 
M 3497 2289 10346 3884 373056 94.9%  M 460 1240 9288 3007 356885 96.2% 

 Recall 69.8% 68.8% 80.9% 66.3% 94.8% 81.4%   Recall 89.4% 77.1% 61.1% 89.5% 90.7% 77.9% 
Adversarial 

  Target Class     Target Class  
  DC NC FT FFT M Precision    DC NC FT FFT M Precision 

O
ut

pu
t C

la
ss

 

DC 18182 2781 247 0 1854 78.8%  

O
ut

pu
t C

la
ss

 

DC 26664 9468 1125 0 16548 49.6% 
NC 7319 56647 15598 8 6694 65.7%  NC 2765 70507 53562 60 11325 51.0% 
FT 647 27896 389674 72104 9178 78.0%  FT 115 8956 317963 40596 5055 85.3% 

FFT 66 3 58020 156534 1982 72.3%  FFT 72 12 91417 188551 3815 66.4% 
M 3733 2577 10263 4166 373719 94.7%  M 331 961 9735 3605 356684 96.1% 

 Recall 60.7% 63.0% 82.2% 67.2% 95.0% 81.5%   Recall 89.0% 78.4% 67.1% 81.0% 90.7% 78.7% 
 

Table 3.8. OCT semantic characterization method error for tissue classification following training with 
unweighted loss and compensatory loss weighting 

Unweighted Loss  Compensatory Loss Weighting 
Non-Adversarial 

  Target Class     Target Class  
  C LT FT MT N M Pre.    C LT FT MT N M Pre. 

O
ut

pu
t C

la
ss

 C 0 0 0 0 0 2 00.0%  

O
ut

pu
t C

la
ss

 C 10264 15401 5479 4624 381 975 27.6% 
LT 18658 242235 5914 21950 2141 1054 83.0%  LT 8569 216859 6066 5509 879 4168 89.6% 
FT 5137 16485 356211 29422 1976 2949 86.4%  FT 1857 10871 341924 7455 872 15102 90.4% 
MT 0 0 2 1 0 1 25.0%  MT 3184 12897 9353 34304 875 2135 54.7% 
N 113 5802 820 549 75406 450 90.7%  N 64 8477 1564 218 76762 3448 84.8% 
M 84 1103 3309 388 504 513103 99.0%  M 54 1120 1870 200 258 491731 99.3% 

 Rec. 00.0% 91.2% 97.3% 00.0% 94.2% 99.1% 90.9%   Rec. 42.8% 81.6% 93.4% 65.6% 95.9% 95.0% 89.7% 
Adversarial 

  Target Class     Target Class  
  C LT FT MT N M Pre.    C LT FT MT N M Pre. 

O
ut

pu
t C

la
ss

 C 0 0 3 0 0 3 00.0%  

O
ut

pu
t C

la
ss

 C 10559 27639 5449 3983 193 686 21.8% 
LT 19731 245969 11359 23893 1488 1300 81.0%  LT 5880 195372 4390 3149 678 3422 91.8% 
FT 3524 9940 348550 22529 1383 2173 89.8%  FT 1582 8637 327224 3607 363 5757 94.3% 
MT 514 1711 753 4841 171 26 60.4%  MT 5795 23316 20968 40885 769 1953 43.6% 
N 157 6969 1097 574 76679 800 88.9%  N 104 8778 2747 230 77665 3262 83.7% 
M 66 1036 4494 473 306 513257 98.8%  M 72 1883 5478 456 359 502479 98.4% 

 Rec. 00.0% 92.6% 95.2% 9.3% 95.8% 99.2% 91.1%   Rec. 44.0% 73.6% 89.3% 78.2% 97.0% 97.1% 88.4% 
Rec.: Recall; Pre.: Precision 
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Results also revealed some intriguing and promising attributes for this variation of the 

device segmentation framework, alongside remaining challenges. Of particular interest, when 

complementary loss weighting was not used in training the classifier, the network learned to 

identify all pixels as non-strut. With just over 0.2% of all pixels in an image belonging to this 

class, such a strategy actually yielded the best overall accuracy, despite offering no value (Table 

3.9). With the introduction of compensatory loss weighting, behavior shifted dramatically. Figure 

3.24 show illustrative examples for the resulting segmentation of BVS struts in an OCT frame by 

the two U-net classifiers trained through 

adversarial and non-adversarial means. 

Similar to behavior observed with respect to 

less prevalent tissue, with substantially higher 

penalty accrued for inaccurately classifying a 

strut than a non-strut pixel, a conservative 

strategy emerged that overestimated strut 

location. Consequently, sensitivity of strut 

achieved very high rates even as specificity 

remained tenuous (Table 3.9). Still, the results 

were promising, and suggested that there is 

likely a more effective loss weighting strategy 

which could achieve excellent results. 

Overall, semantic segmentation performance was worse in the identification of all classes 

(Table 3.10). Many of the challenges encountered by CNN-based classification, such as the 

differentiation of DC and NC in IVUS, FT and FT tissue in IVUS, C and LT in OCT, or MT, FT, 

and LT in OCT, and the tradeoffs between scarce strut segmentation sensitivity and specificity, 

were similarly encountered by the U-net-based classification (Tables 3.7, 3.8, and 3.9, cf. Tables 

3.2, 3.5, and 3.6). However, there were some classes for which the alternative classifier achieved 

strong recall and precision, and for the tissue class distribution encountered in the testing dataset, 

overall accuracy was fairly strong—around 81% for IVUS and 91% for OCT. The use of 

adversarial or non-adversarial training made little systematic difference overall, with the notable 

exception of MT emerging as a non-negligible class in the OCT classifier network that underwent 

Table 3.9. OCT semantic segmentation method error 
for BVS strut labeling following training with 
unweighted loss and compensatory loss weighting 

Unweighted Loss 
  Target Class  

O
ut

pu
t 

C
la

ss
  Strut Non-Strut Precision 

Strut 0 0 - 
Non-Strut 238078 73424386 99.7% 

Recall 0.0% 100.0% 99.7% 
Non-Adversarial with Compensatory Loss Weighting 

  Target Class  

O
ut

pu
t 

C
la

ss
  Strut Non-Strut Precision 

Strut 233832 295543 44.2% 
Non-Strut 4246 73128843 100.0% 

Recall 98.2% 99.6% 99.6% 
Adversarial with Compensatory Loss Weighting 

  Target Class  

O
ut

pu
t 

C
la

ss
  Strut Non-Strut Precision 

Strut 236326 603896 28.1% 
Non-Strut 1752 72820490 100.0% 

Recall 99.3% 99.2% 99.2% 
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adversarial training. Compensatory weighting of loss contributions, however, had a profound 

impact on overall performance, particularly in the classification of less prominent classes. 

 

 

 
Figure 3.24. U-net output for the semantic segmentation of BVS struts imaged by OCT. The input to the network 
was the grayscale input image (top left). Unlike for the tissue segmentation task, no ROI mask was provided. The 
target (“ground truth”) label map (top right) was determined by manual annotation, as described in Section 3.5. 
The output of the network (predicted maps) are shown for the input image after 50 epochs of training under 
adversarial and non-adversarial regimes (bottom). Compensatory loss was implemented in which loss for strut-
labeled pixels was magnified by a weight equal to the inverse of strut pixel prevalence. When unweighted loss 
was used, the network learns to never positively identify pixels and consistently produces empty maps. 

TargetInput Image

AdversarialNon-Adversarial
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A major tradeoff of the degraded performance of the semantic segmentation technique was 

a massive increase in both training and execution speed. While the CNN network took weeks to 

train (over 50 epochs), the tissue characterization U-nets took just 171.4 ± 0.8 seconds per epoch 

(less than 2.5 hours for the full 50 epochs). Once trained, full-frame segmentation took only 34.2 

± 5.4 milliseconds (cf. 200 ± 150 seconds for full-frame characterization with the pixel-based 

methods), representing a 99.98% speed increase (decrease in execution time). The strut 

segmentation U-nets were even faster due to their simplified input and output structures. Training 

took just 73.9 ± 0.4 seconds per epoch (1.0 hours for the full 50 epochs). Once trained, full-frame 

segmentation took only 26.5 ± 1.5 milliseconds, a remarkable benefit with respect to the pixel-

based method. 

In addition to gaps in classification performance, several challenges remain to addressed. 

Training required fully-annotated images. This approach was therefore very amenable to training 

with VH, which provides such label maps, but will require modification to accommodate 

piecemeal manual annotations like those typically available for OCT. Here, the target classification 

map utilized to train on OCT was derived itself from the pixel-wise classification. This remains a 

clear limitation, though provided a useful opportunity to compare attainable performance. 

Table 3.10. Summary of tissue classifier and strut segmentation performance for various networks and training 
regimes implemented in the characterization framework 

  Recall Precision W 
Network CNN UNA UA UNA-C UA-C CNN* UNA UA UNA-C UA-C C 

IV
U

S 

DC 98.5% 69.8% 60.7% 89.4% 89.0% 91.3% 69.2% 78.8% 48.6% 49.6% 36.4 
NC 88.6% 68.8% 63.0% 77.1% 78.4% 95.9% 62.4% 65.7% 52.4% 51.0% 13.1 
FT 91.1% 80.9% 82.2% 61.1% 67.1% 88.5% 78.9% 78.0% 89.0% 85.3% 2.7 

FFT 90.0% 66.3% 67.2% 89.5% 81.0% 93.4% 72.9% 72.3% 61.9% 66.4% 5.2 
M 99.4% 94.8% 95.0% 90.7% 90.7% 99.1% 94.9% 94.7% 96.2% 96.1% 3.1 

O
C

T
 

C 72.3% 0.0% 0.0% 42.8% 44.0% 34.0% 0.0% 0.0% 27.6% 21.8% 48.4 
LT 93.0% 91.2% 92.6% 81.6% 73.6% 95.4% 83.0% 81.0% 89.6% 91.8% 5.1 
FT 96.3% 97.3% 95.2% 93.4% 89.3% 97.9% 86.4% 89.8% 90.4% 94.3% 3.3 
MT 84.2% 0.0% 9.3% 65.6% 78.2% 79.8% 25.0% 60.4% 54.7% 43.6% 20.9 
N 98.8% 94.2% 95.8% 95.9% 97.0% 99.9% 90.7% 88.9% 84.8% 83.7% 14.9 
M - 99.1% 99.2% 95.0% 97.1% - 99.0% 98.8% 99.3% 98.4% 2.7 

B
V

S S 99.5% 0.0% 0.0% 98.2% 99.3% 99.3% - - 44.2% 28.1% 372.4 
NS 99.3% 100.0% 100.0% 99.6% 99.2% 99.5% 99.7% 99.7% 100.0% 100.0% 1.0 

*Note that the pixel-based CNN was evaluated in a class-balanced testing dataset, so precision is skewed relative 
to true performance in an imbalanced population; U-nets were evaluated in the full population testing dataset. 
CNN: Pixel-wise CNN classification (Sections 3.3 & 3.4); U: U-net semantic segmentation (Section 3.6); 
NA: Non-adversarial training; A: Adversarial training; C: Compensatory (weighted) loss; W: Compensatory loss 
class weight; S: Strut; NS: Non-strut. 
Colors span from red (0%) through white (median value; 89.0%) to green (100%). 
Hyphen (-) indicates value is not defined. 
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Additionally, the impact of adversarial training remains unclear. Networks were trained just a 

single time on a single set of data. Repeated training and cross-validation, and a parametric analysis 

of the weighting factor between categorical- and discriminator-driven losses, would help to 

illuminate the effect of adversarial training and, more broadly, the stability and generalizability of 

this technique within the context of the characterization framework. Refined methods to 

(compensatory) weigh loss contributions of various plaque types should also be explored to 

improve accuracies of tissue classes less prevalent in the dataset while mitigating negative impacts 

on specificity. Finally, with a constant eye towards application and its context, an assessment of 

sufficient performance (e.g. details and changes which would effect a change in diagnosis or 

treatment strategy) would frame the applicability and focus future efforts to address current 

shortcomings of the method. 

The development and implementation of a U-net to classify the designated region of 

interest within the characterization framework demonstrated the flexible modularity of the 

approach while also highlighting an exciting area for further development. While additional 

research is needed to substantiate and address several shortcomings of the neural network-based 

classification scheme presented here, there are immediate opportunities for application. As noted 

earlier, the slow pixel-wise CNN-based classification process was not optimized, and it was 

suggested that a more strategic approach to pixel selection could dramatically improve execution 

speed without substantial loss of information. Rather than selecting between classification 

strategies, the semantic segmentation process could provide an initial estimate of the plaque 

morphology which is subsequently selectively refined by the more accurate, slower network, 

thereby achieving potentially orders-of-magnitude improvement in execution speed. 

With the effective methodological framework for intravascular image characterization 

applied to several applications and its flexibility firmly established, studies addressing the 

importance of domain enrichment and training data balance offered further insight to inform future 

development and application, with broader implications. 
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3.7. Importance of Domain Enrichment 

Many algorithmic learning frameworks are entirely data-driven, which makes them 

particularly susceptible to degraded quality and limited quantity of training data. These challenges 

are particularly prevalent in medical imaging. Growing recognition of these obstacles has led to 

the increased development and adoption of approaches which enrich learning frameworks with 

domain knowledge and signal structure [288]. In the framework presented in the previous sections 

(Section 3.2), the primary mechanism by which domain knowledge enriched learning to address 

the image classification problem was the pathological tissue detection procedure. Pathological 

tissue was partitioned from the rest of the vessel wall based upon domain knowledge of spatial 

constraints imposed by arterial physiology and pathology. Physically-relevant limits were thereby 

enforced for the location and dimensions of this tissue class while also reducing the number of 

classes to be subsequently segmented by the CNN; following this step, classification was only 

required for the remaining (pathological) tissue types (and shadow, for OCT). To investigate the 

utility of leveraging domain enrichment, an equivalent “naïve” method was implemented for IVUS 

where non-pathological tissue was not first segmented from the pathological tissue prior to CNN 

segmentation, but was instead segmented as an additional class (Figure 3.25) [161]. 

 

 

 
Figure 3.25. To investigate the utility of leveraging domain enrichment, an equivalent “naïve” method was 
implemented where non-pathological tissue was not first segmented from the pathological tissue prior to CNN 
segmentation, but was instead segmented as an additional class. 

Domain
Enriched

Naïve
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For the naïve method developed to assess the importance of the contribution, division of 

the ROI into pathological and non-pathological tissue was not completed. Instead, subsequent 

classification routines were taught to detect non-pathological and media tissue directly from the 

image patch data. That is, for the domain enriched method, pixel-centered patches were created 

for pixels of the ROI remaining after segmenting the M class (𝑟𝑟𝑖𝑖𝑖𝑖 ∈ ROI𝑝𝑝𝑝𝑝𝑝𝑝ℎ), then automatically 

classified into one of the four plaque types using a CNN. However, for the naïve method, patches 

were created for all pixels of the ROI (𝑟𝑟𝑖𝑖𝑖𝑖 ∈ ROI) and sorted into one of the five tissue types by 

the classifier. 

As anticipated, 

the domain enriched 

method provided better 

results than the naïve 

one in image 

segmentation of 

grayscale IVUS images 

emulating VH-IVUS 

classification. Tables 

3.2 and 3.11 provide 

the error (or confusion) 

matrices for the 

enriched and naïve 

methods, respectively, showing 

that the former achieved an 

overall accuracy of 93.5% and the 

latter just 87.8%. Direct 

comparison of the performance, 

evaluated in the exact same 

dataset, is shown in Table 3.12. 

Performance metrics by tissue 

class are summarized and 

compared in Figure 3.26. 

 
Figure 3.26. Comparison of recall (i.e. sensitivity) and precision (i.e. 
positive predictive value) achieved by the enriched and naïve methods 
(shown with solid and dashed borders, respectively). The enriched 
method demonstrates clear superiority, particularly, but not 
exclusively, in categorizing M class tissue. Axes range from 75% to 
100% (linear scale from center to perimeter). 
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Table 3.11. Naïve IVUS tissue classifier error matrix for full-ROI segmentation 
  Target Class  
  DC NC FT FFT M Precision 

O
ut

pu
t C

la
ss

 

DC 49371 1840 1 0 123 96.2% 
NC 506 43652 978 0 2040 92.5% 
FT 0 477 43747 2168 4222 86.4% 

FFT 0 0 1408 44738 5686 86.3% 
M 123 4031 3866 3094 37929 77.3% 

 Recall 98.7% 87.3% 87.5% 89.5% 75.9% 87.8% 
 
Table 3.12. Relative performance of naïve IVUS classifier compared to domain-
enriched characterization method 

  Target Class  
  DC NC FT FFT M Precision 

O
ut

pu
t C

la
ss

 

DC 124 -2824 1 0 120 +4.90% 
NC -158 -658 -230 0 2010 -3.40% 
FT 0 -519 -1817 -2593 4063 -2.10% 

FFT 0 0 -1699 -277 5602 -7.10% 
M 34 4001 3745 2870 -11795 -21.80% 

 Recall +0.20% -1.30% -3.60% -0.50% -23.50% -5.70% 
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Performance of both the naïve and enriched deep learning methods described here were compared 

with that reported for existing methods in Table 3.1, which also includes validation metrics 

reported for VH-IVUS. 

Representative examples of classified images resulting from each method are shown in 

Figure 3.27. Both methods accurately captured major tissue morphology and features within the 

pathological region. However, the naïve method struggled to identify non-pathological and media 

tissue, and occasionally generated physiologically implausible configurations (Figure 3.27). Due 

to the spatial constrains imposed prior to CNN classification, the domain enriched method 

addressed non-pathological and media tissue very accurately, and was not disposed to violating 

physiological constraints. It captured fine features and provided sharp distinctions between various 

plaque types, generating images that were more similar to gold standard VH-IVUS. 

While the naïve method performance metrics (Table 3.11) reflect only the five-class CNN 

classifier, as the classifier itself performs all segmentation operations, the overall domain enriched 

method metrics (Table 3.2) depend both on (four-class) classifier performance and reliability of 

pathological tissue detection, which together share responsibility for the full segmentation 

procedure. Both CNN classifiers, trained only on pixels classified by VH-IVUS, achieved 

generally high precision (i.e. PPV) and recall (i.e. sensitivity). Table 3.3 shows the error matrices 

for the enriched method’s four-class CNN classifier—the model achieved an accuracy of 92.3%. 

As noted above, results of the CNN for the 5-class model are the same as those for its 

corresponding complete segmentation method (Table 3.11)—the model achieved an accuracy of 

just 87.8% overall (90.8% for just the same four tissue classes identified by the enriched method’s 

CNN classifier). CNN training took several weeks (roughly 3 days per epoch for the 5-class model 

and somewhat less for the 4-class model). Training was halted once accuracy and loss plateaued; 

with further training, validation metrics deteriorated, indicating overfitting of the model to training 

data. 
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Error matrices of the classifiers illustrate some general and model-specific trends. Both 

classifiers—the five-class network supporting the naïve method and the four-class network 

supporting the domain enriched method—struggle to differentiate FFT from FT and DC from NC. 

Notably, while class confusion trends were universally observed for both models, performance 

was worse in all cases for the 5-class CNN except in the task of identifying calcium (DC). 

Furthermore, classification of the media by this model was only mediocre—pixels belonging to 

the M class were often misclassified as FT, FFT, or NC, and these tissues were conversely 

misclassified as M with moderate frequency (Table 3.11). These findings show that imposing 
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Figure 3.27. Sample classified regions of IVUS images segmented by VH-IVUS (ground truth) and both the 
domain enriched and naïve methods. Both presented methods identified major pathological tissue morphology 
features quite well, but the enriched method demonstrated clear superiority. In these examples, the naïve method 
misclassified much of the non-pathological and media tissue and proposed several variations of physiologically 
non-feasible morphologies. These physiological impossibilities included islands of non-pathological tissue 
embedded within a diseased region (A–E), exaggerated, thick segments of healthy (normally-thin) intima or media 
tissue (C), and calcified and lipid deposits within exceptionally thin wall segments (A, B). Light blue hash marks 
within each image demarcate 1 mm increments. 
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spatial constraints to determine non-pathological and media tissue prior to CNN classification, and 

excluding this class from classification, not only improved segmentation of this non-diseased 

tissue type, but that of the classified plaque as well. However, the enriched model was still subject 

to compounding uncertainties arising from pathological tissue delineation. Notably, while 

delineation of pathological tissue was very accurate, the CNN of the enriched method was 

incapable of classifying M tissue it encountered (unlike its naïve counterpart). 

Performance with respect to execution speed and efficiency was also impacted by domain 

enrichment. As noted for the enriched method (Section 3.2), execution time of the characterization 

method was dominated by the pixel-wise network classification of the ROI. The enriched method 

determined that only a subset of pixels within the ROI were pathological and subsequently 

classified by the network, whereas the naïve method classified all pixels within the entire ROI. 

Efficient and rapid vessel wall border detection methods exist, and designation of the media and 

non-pathological tissue in a frame was exceptionally fast (25.5 ± 0.9 milliseconds per frame), 

resulting in a net reduction in execution time with domain enrichment; characterization of full 

frames took 200 ± 150 seconds and 280 ± 170 seconds with the enriched and naïve methods, 

respectively. Due to the additional class of data needed for training and the additional parameters 

of the larger CNN, training of the naïve method’s CNN was also slower than that of the domain 

enriched method’s CNN. Therefore, both preparation and subsequent performance was made faster 

and more efficient by domain enrichment. 

In many ways, the benefits of applying the domain knowledge to segment the non-

pathological and media tissue were foreseeable and expected. Clinical expert consensus reported 

by the American College of Cardiology and developed in collaboration with the European Society 

of Cardiology maintains that, while the trailing edge of the media (media-adventitia border) is 

generally well delineated in IVUS images, the leading edge is not [19]. Automated edge detection 

therefore only extracts lumen (lumen-intima) and media-adventitia borders, and the resulting wall 

area analyzed is consequently the plaque plus media area [19]. It is not surprising, then, that a 

CNN would have difficulty distinguishing the media from surrounding tissue within this region of 

a grayscale image, since the echoreflectivity profile is not conducive to distinctive transitions and 

the region is typically not distinguishable even by trained experts. Furthermore, the spatial 

invariance intrinsically assumed by CNNs—generally one of their great assets in image 

processing—here is a liability, as the media is spatially constrained between the intima (where 
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plaque develops) and the adventitia layers of a blood vessel. Therefore, utilizing a priori 

knowledge, derived previously from studies using alternative visualization modalities and 

mechanisms (e.g. histology [8], [164]), provided strong benefit. Furthermore, imposing geometric 

constraints based in physical reality made the method more robust to poor image quality and 

artifacts by preventing impossible class configurations. And finally, reducing the number of 

classes improved classification accuracy, precision, and specificity by the CNN for all but one of 

the remaining classes while also reducing the number of pixels to be classified, thereby decreasing 

execution time. 

Generalizability of the specific benefits and quantitative gains reported should not be 

assumed for other datasets or modalities, though general trends regarding the impact of domain 

enrichment are expected to hold. For example, while the media is not distinguishable in IVUS, this 

is not the case in OCT, where the media is visible and evident in regions without extensive plaque 

burden (which can attenuate the signal such that the media is located beyond the local penetration 

depth). Therefore, a trained CNN may be more adept in classifying the media in OCT images than 

one trained for IVUS images. However, distinguishing non-pathological from pathological intimal 

tissue without imposing clinical knowledge of pathology would remain an unresolved challenge, 

as would the avoidance of non-feasible morphologies. Furthermore, the inclusion of an additional 

class would be expected to reduce performance in segmenting the original classes, even if the new 

class could be identified with reasonable accuracy. And finally, benefits in training time, data 

requirements, execution speed, and efficiency are all expected to hold across applications. 

The impact of leveraging domain knowledge to distinguish pathological from non-

pathological tissue prior to CNN classification was assessed, and was found to offer substantial 

benefit. In particular, enforcing physiologically-imposed spatial constraints to assign the non-

pathological and media tissue class not only improved classification performance for this class, 

but also benefited classification of the remaining pathological tissue types and decreased execution 

time. Application of this domain knowledge further prevented various forms of unrealistic 

morphologies that arose in the unconstrained naïve model. Although reasonably strong 

performance was achieved without domain enriched learning, leveraging domain knowledge in 

learned algorithmic tasks offers several benefits and should be strongly considered even when not 

strictly necessary, particularly when designing approaches for analyzing medical imaging. 
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3.8. Importance of Training Data 

Tremendous progress has been made in machine learning for health and biology, 

particularly as applied to biomarkers, radiomics, and other imaging. However, work is often 

presented without adequate reflection on the models and performance metrics. The impact of 

training data on neural network classification, particularly applied to medical image segmentation, 

is a phenomenon that is often grappled with, but infrequently quantified. For example, among the 

previous methods for characterizing tissue in intravascular OCT images, there was a tremendous 

range of performance reported (Figure 3.32), yet the cause of the differences—the relative 

contributions and importance of different approaches and models or the underlying data—has not 

been examined and is difficult to discern. An entirely new model was developed to address this 

uncertainty. While the results were largely intuitive, the stark contrast of the findings, and the 

magnitude of the observed effect, offered a challenging lens through which to interpret work in 

the field. 

To analyze the suspected impact of training data on characterization performance 

variability, a novel yet simple method of automatic calcified plaque detection was devised that 

allowed precise control of class distribution in the dataset, as described by Gowrishankar et al. 

[162]. Texture measures were used as features to train a neural network to automatically identify 

calcified regions of an arterial wall; a multilayer perceptron (MLP), a type of FCNN, was created 

to map the desired output to the input in the training set. In an MLP, the value at each node in a 

layer is based on the input from nodes in the layer above it, and the single node in the final layer 

yields an output based on the input parameters. During training, an error value based on the 

difference between the desired output and the output of the network is computed and back-

propagated to adjust the weights and biases of the MLP to minimize the error. This process enables 

the network to converge to a model that predicts pixel class for any input set of local texture 

features. However, the convergence point is highly dependent upon the training data; the error that 

is minimized in the course of training depends entirely on this data, such that the model is 

optimized for these. Because the local texture of each pixel was considered individually, pixels of 

known class could be assigned to the training dataset in any desired quantity. By varying the 

relative representation of pixels belonging to either class, the impact of the training data on overall 

model performance was quantified—segmentation results of the proposed method were validated 
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against expert annotations. While calcium in OCT images can be automatically detected with 

meaningful precision using local texture measures and traditional neural networks in a limited 

dataset, training data balance was remarkably consequential. 

3.8.1 Materials and Methods 

The process of creating the classification model to detect calcified plaques is outlined in 

Figure 3.28. Pixel texture features from cross-sectional OCT images of calcified coronary artery 

segments were used as input to a neural network. Outputs were compared with manually assigned 

pixel designations, and were counted as correct if they matched and incorrect otherwise. 

Region of Interest Delineation 
The inner boundary of the artery wall and a region of calcium were annotated in each image 

by a medical expert (Figure 3.29, center). The artery wall was approximated in each image as the 

region between the annotated inner boundary of the artery wall and its 1.5 mm radial projection 

with sufficient grayscale intensity (Figure 3.29, right) [173]. 

Local Texture Features 
Various image feature measures were tested for use in classifier training. Edge detection 

methods, gradients, and standard deviation were all assessed, but texture features from the gray-

level co-occurrence matrix (GLCM) ultimately yielded the best results. Therefore, a set of six local 

texture features [289] were used to distinguish calcified regions from non-calcified regions in the 

OCT image [290], [291]: 

 
Figure 3.28. Flow and architecture of the texture-based calcium detection method. The annotated lumen was 
extended radially outwards to delineate the ROI within the OCT image, from which a GLCM was computed for 
each pixel. Six texture features of the GLCM served as inputs to the MLP, which output a binary classification. 
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 Angular Second Moment (ASM) = ∑𝑖𝑖,𝑗𝑗=0
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2
, (58) 

 Contrast = ∑𝑖𝑖,𝑗𝑗=0
𝑁𝑁−1 𝑃𝑃𝑖𝑖,𝑗𝑗(𝑖𝑖 − 𝑗𝑗)2, (59) 

 Correlation = ∑𝑖𝑖,𝑗𝑗=0
𝑁𝑁−1 𝑃𝑃𝑖𝑖,𝑗𝑗

(𝑖𝑖−𝜇𝜇𝑖𝑖)(𝑗𝑗−𝜇𝜇𝑗𝑗)

�𝜎𝜎𝑖𝑖�𝜎𝜎𝑗𝑗
, (60) 

 Dissimilarity = ∑𝑖𝑖,𝑗𝑗=0
𝑁𝑁−1 𝑃𝑃𝑖𝑖,𝑗𝑗|𝑖𝑖 − 𝑗𝑗|, (61) 

 Energy = √ASM, and (62) 

 Homogeneity = ∑𝑖𝑖,𝑗𝑗=0
𝑁𝑁−1 𝑃𝑃𝑖𝑖,𝑗𝑗

1+(𝑖𝑖−𝑗𝑗)2, (63) 

where 𝑁𝑁 is the number of gray levels and 𝑃𝑃𝑖𝑖,𝑗𝑗 is defined as: 

 𝑃𝑃𝑖𝑖,𝑗𝑗 = 𝐶𝐶𝑖𝑖,𝑗𝑗
∑𝑖𝑖=0
𝑁𝑁−1∑𝑗𝑗=0

𝑁𝑁−1𝐶𝐶𝑖𝑖,𝑗𝑗
. (64) 

Here, 𝐶𝐶𝑖𝑖,𝑗𝑗 represents the number of occurrences of gray levels 𝑖𝑖 and 𝑗𝑗 within the window and μi, 

μj, σi, and σj are defined as: 

 𝜇𝜇𝑖𝑖 = ∑ 𝑘𝑘∑ 𝑃𝑃𝑘𝑘,𝑙𝑙
𝑁𝑁−1
𝑙𝑙=0

𝑁𝑁−1
𝑘𝑘=0 , (65) 

 𝜇𝜇j = ∑ 𝑙𝑙 ∑ 𝑃𝑃𝑘𝑘,𝑙𝑙
𝑁𝑁−1
𝑙𝑙=0

𝑁𝑁−1
𝑘𝑘=0 , (66) 

 𝜎𝜎𝑖𝑖 = ∑ (𝑘𝑘 − 𝜇𝜇𝑖𝑖)2 ∑ 𝑃𝑃𝑘𝑘,𝑙𝑙
𝑁𝑁−1
𝑙𝑙=0

𝑁𝑁−1
𝑘𝑘=0 , and (67) 

 𝜎𝜎j = ∑ (𝑙𝑙 − 𝜇𝜇𝑗𝑗)2 ∑ 𝑃𝑃𝑘𝑘,𝑙𝑙
𝑁𝑁−1
𝑙𝑙=0

𝑁𝑁−1
𝑘𝑘=0 . (68) 

 
Figure 3.29. Determining and labeling the region of analysis for calcium detection in OCT images. The original 
image (left) was annotated with lumen and calcium (center). A mask of the artery wall/ROI (right) was based upon 
a radial projection of the lumen and grayscale intensity. 
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A 7×7 pixel neighborhood around each pixel in the ROI was extracted from the OCT 

image. For each neighborhood, a GLCM was computed for distance 1 and angle 0. From the 

GLCM, the texture measures defined above in Equations 58 through 68 were calculate for each 

pixel. 

Neural Network Architecture and Training 
Different classification algorithms were initially tested, including a k-nearest neighbor 

classifier, a limited-memory BFGS neural network, and a neural network from the Keras API. The 

Keras sequential neural network model yielded the highest accuracy, so this model was selected 

for further development. 

An MLP classifier neural network was constructed with three densely connected layers 

(Figure 3.28). The MLP used the six texture measures as input and output a value between 0 (non-

calcium) and 1 (calcium). The first layer contained 12 neurons and the second contained 8 neurons, 

each of ReLU type (giving a positive output equal to the maximum of the input or zero). The output 

of the hidden layer was fed to a final layer with a sigmoidal activation function. This gave an 

output in the range of 0 to 1; if the output was greater than 0.5 the pixel was classified as calcium, 

and non-calcium otherwise. 

The model used binary cross-entropy loss to fit the training data. Cross-entropy (Equation 

54) measures how much the output of the neural network differs from the labeled output: a low 

value of cross-entropy loss means that the output of the neural network is close to the true value. 

The Adam optimization algorithm—a modification of the SGD procedure—sped the iterative 

updating of weights. Training data were fit with a batch size of 50 over 5 epochs. 

3.8.2 Dataset 

Imaging data were obtained from 8 patients undergoing examination of coronary stenosis 

of at least intermediate severity. After obtaining patient consent, invasive angiography and 

frequency domain OCT were performed in accordance with standard protocol [18], in some cases 

following implantation of a metallic stent. The OCT system acquired 500-line frames with 15 μm 

resolution at 100 frames/second. Only frames depicting at least one region of calcium were 

utilized, resulting in a dataset of 30 images. Ground truth was provided by a medical expert; the 

region of calcified plaque, as well as the inner wall of the artery, was annotated in each image by 

a cardiologist. 
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Pixels in the ROI of all images were used. Based on the expert annotations, each pixel was 

assigned a value of either 1, designating a pixel that resided within a region of calcified plaque, or 

0, designating a pixel depicting non-calcified tissue. Within the 30 OCT images, only 3.4×104 

pixels fell within regions classified as calcium; the other 5.1×105 pixels did not, resulting in a 

calcium to non-calcium ratio of 15:1. Pixels of each type were then pooled and randomly divided 

into testing and training sets. Half of the calcium pixels (1.7×104) was used as a training set and 

the other half as a testing set; non-calcium pixels were similarly divided evenly between training 

and testing sets. The model was subsequently trained with different numbers of pixels from non-

calcified regions; the number of pixels from calcified regions was constant throughout and the set 

size changed accordingly. 

3.8.3 Results 

Performance of the neural network model for automatic classification of calcium regions 

was measured in terms of accuracy and loss. Figure 3.30 shows three examples of the classification 

of calcified regions in the image by the neural network. Images in the center column show the 

regions annotated by human experts; they were not used in generating the images in the right 

column. The pixels that were assigned 1 (probability output >0.5) in the output layer of the neural 

network are shown in white in the classified image (right). Most of the calcified regions in the 

annotated image were correctly identified by the neural network model, but the output did contain 

some regions of false positive and false negative (misclassified) pixels. To quantitatively validate 

the local texture-based neural network method, PPV, sensitivity, and F1 score were calculated for 

both classified and non-classified pixels, and their averages (weighted by prevalence in the testing 

dataset) were found to be close to 95% when all available training data was used (Table 3.13). 

PPV value denotes precision of the method, while F1 score is the harmonic (or subcontrary) mean 

of precision and sensitivity. 

Table 3.13. Sensitivity, PPV, and F1 score of the calcium 
detection method obtained with the complete training dataset 

Pixel Class PPV Sensitivity F1 Score 
1 (classified) 0.69 0.35 0.47 

0 (non-classified) 0.95 0.99 0.97 
Average (overall) 0.94 0.95 0.94 
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The calcified regions were much smaller in area than non-calcified regions in the artery 

walls: the total number of pixels in calcified regions was 15 times smaller than the number of 

pixels in non-calcified regions in the full dataset. This made the data in the complete training set, 

as well as the testing set, severely imbalanced. To quantitatively assess how training data balance 

affects precision and sensitivity, performance metrics resulting from different ratios of classified 

pixels were compared (Figures 3.32 and 3.33). Figure 3.31 illustrates the associated qualitative 

performance in a demonstrative classified image. As fewer non-calcium pixels were included in 

 
Figure 3.30. Three sets of original image (left), manually annotated image (center), and neural network texture-
based classifier output (right) showing regions of calcium in white. Classification results (right) are shown for the 
full training dataset (15:1 ratio of non-calcium pixels to calcium pixels, shown diagrammatically in the top right). 

15:1
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the training set, the algorithm identified more pixels as calcium; as a result, both true and false 

positive rates increased. That is, as the number of non-calcium pixels is increased, the model 

classified fewer pixels as calcium overall, decreasing its sensitivity for identifying calcium 

(Figures 3.31 and 3.33). 

 
Figure 3.32. Performance comparison of the presented method (local texture classification) trained with extreme 
distributions of class representation ratios (15:1 and 1:1) and other calcium detection methods previously reported 
in the literature. PPV was not reported by He et al.; sensitivity is that reported for calcium. 
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Figure 3.31. Classification results with different ratios of non-calcium pixels to calcium pixels in the training 
dataset: 1:1 (left), 2:1 (center) and 4:1 (right). The subset of the total available training data used is shown 
diagrammatically in the top right of each result. (Compare with Figure 3.30.) 
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3.8.4 Discussion 

Coronary calcified plaque is an important indicator of atherosclerosis and thrombotic 

syndromes [292]. At present, however, these lesions are manually identified in intravascular 

images, which is time consuming and highly dependent on well-trained readers. As for many other 

biomarkers embedded in dense digital data, automated detection has attracted significant interest, 

though universally satisfactory methods remain elusive. Galvanized by the disparate reported 

performance of previous approaches [160], [256]–[258], a pixel-based neural network method was 

developed for automatic detection of calcified plaques in OCT images that allowed modulation of 

well-controlled training datasets to achieve a range of pixel type (class) representation ratios. Even 

using small datasets, calcification in arterial walls could be automatically detected with high 

precision and sensitivity using neural network approaches with the proper data distribution, but at 

a high cost to specificity. Results were strongly subject to training data class distribution. 

The range of sensitivity and PPV achieved by varying training datasets nearly spanned the 

entire range reported for previous calcium classification methods [160], [256]–[258] (Figure 3.32). 

Of note, performance achieved with a balanced training dataset more closely resembles that of 

 
Figure 3.33. As training sets were balanced (representation ratio approached 1), sensitivity and PPV for calcium 
improved while overall accuracy worsened. 
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methods tuned to calcium [256], [257]—training dataset representation was not reported for these 

methods—while that achieved with the imbalanced dataset resembled that of methods utilizing 

multiple classes [160], [258], which similarly report using imbalanced training datasets (which 

more closely reflect the underlying imbalanced distribution of the tissue itself). However, each 

method utilized different training datasets with varying class representation, prohibiting true direct 

comparison. 

There are some minor confounding factors to consider in evaluating the performance of the 

presented method. For example, the expert annotated only a single large region of calcium in each 

image. However, there could have been smaller regions of calcification in the artery wall which 

may not have been included in the annotation. It is possible that the neural network was able, in 

some cases, to identify these regions as well, but was penalized for doing so. Additionally, the 

region of analysis was defined artificially using a projection of the lumen by a fixed distance. This 

could lead to undesired inclusion of perivascular tissue in the dataset and exclusion of plaque 

(including the characteristic distinct outer border of calcified plaque). However, future work to 

improve the region of analysis could utilize a method for delineating the full wall of diseased 

arteries like that described in the previous chapter [157]. Finally, in this demonstration, only 30 

images were utilized, but performance would likely improve for all class distributions with a larger 

dataset. 

Nevertheless, the domineering impact of training data balance should not be overlooked. 

Indeed, performance achieved with datasets of varying distributions nearly spanned the full range 

reported for the various previously-reported methods, suggesting that the training dataset might 

even surpass segmentation approach or model architecture as the dominant factor in determining 

performance. It is clear, as expected, that having many data points of one type makes it more likely 

that a classifier will sort uncertain data into that overrepresented class. This is particularly 

challenging in medicine, where physiological variability produces precious few clear-cut 

distinctions. It is therefore necessary to determine the optimal performance tradeoff for any given 

application, acknowledging that there likely will not be a single universal solution for all scenarios 

(or even for all datasets within a single scenario). 

The global population, and physiological findings therein, are not equally distributed 

among medically relevant classes. While this will often suggest use of an imbalanced dataset 
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(reflecting the global class distribution) to achieve overall optimal performance, it may not always 

be so, depending, for example, on the consequence of missed detection or false discovery on 

patient treatment decisions. It may therefore be preferable to utilize a method that does not achieve 

overall optimal performance, or even a range of methods (or a range of weights for a given model) 

from which the preferred option is selected after a first pass of the data to be characterized and its 

context. Given anticipated tradeoffs, there will typically be no single “best” method or model—

one that will work in all scenarios or meet all needs. The optimal solution always depend on what 

metrics and aims matter, and competing interests may imply very different approaches to training 

data selection. 

In order to allow well-informed decisions on these matters, reported methods should be 

careful to convey not only complete performance metrics, but also the underlying distribution of, 

and sensitivity to, data used to train (or optimize) and test the computational method. The results 

shown here reinforce that it makes very little sense to talk about the results or performance of a 

method without context; the single method presented here spanned the full range of performance 

of others reported in literature, simply by tweaking the training data distribution. Unfortunately, 

very often there is insufficient information reported to fully assess and understand the performance 

of a method. Publically available, standardized datasets for training and evaluation will also be a 

critical tool in this effort. Such resources are the only reliable way to directly compare and evaluate 

different methods, which has become increasingly important as new methods and architectures are 

developed. 

It is known a priori that, without deliberate countermeasures, having many data points of 

one type during neural network optimization makes it more likely that a classifier will sort 

uncertain data into that highly-represented class. This is particularly challenging in medicine—

natural physiological variability produces very few unambiguous cases of anything, and on top of 

that, classes are not equally distributed among the dataset or population. Therefore, those working 

to develop machine learning methods, particularly for application in healthcare, must carefully, 

deliberately, and transparently consider the implications of training data curation decisions. 
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3.9. Implications & Future Directions 

Building upon my progress in extracting vascular geometry from intravascular imaging 

(Chapter 2), my work and findings in extracting vascular morphology from intravascular imaging 

extends, and is intrinsically imbued with, technical, scientific, and clinical implications. 

The confluence of domain knowledge in vascular pathology and physiology and 

intravascular imaging, and advancements in machine learning, has enabled enhanced deep learning 

approaches to classify atherosclerosis and indwelling devices using grayscale intravascular image 

data. With a clear modular framework providing structure to the approach, neural networks were 

leveraged in applications to related tasks of tissue characterization and device segmentation in 

IVUS and OCT. Each application introduced unique challenges and obstacles, but through flexible 

and considerate application of framework, strong results were achieved for all three. By 

appropriately constraining the problem with geometric information and selectively partitioning the 

solution space, successful automated methods to interpret rich imaging data were cultivated which, 

even in their shortcomings, strongly reflect—and inform—human experience in interpreting the 

images. 

These approached exceeded the performance of previously-reported methods for plaque 

segmentation in both IVUS and OCT without the use of spectral signals [175], and produced maps 

of tissue morphology that closely resembled clinical gold standard VH-IVUS. Of great importance, 

the methods offer some attributes that even exceeded those of VH-IVUS. Because no RF (spectral) 

data were required, the method’s applicability was not limited to ECG-gated frames or RF-enabled 

systems, but could be used to extract plaque morphologies in any grayscale intravascular image 

acquired with the system and parameters on which the network was trained. To acquire the same 

lateral resolution of plaque morphology using VH-IVUS would require extensive procedural time; 

the methods were also not subject to the loss of temporal resolution that limits VH-IVUS [277]. 

Furthermore, VH-IVUS offers lower axial spatial resolution than even its relatively low resolution 

grayscale IVUS counterpart [19], [234], [277], suggesting that a classification method based upon 

grayscale information alone—particularly from OCT—could offer superior detail and information 

on fine features. All of these benefits were achieved without the need for specialized hardware or 

proprietary software. 
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Elsewhere, automated extraction of vessel morphology in clinical intravascular imaging is 

sometimes approached in the absence of a unifying framework, which can result in disjointed 

contributions failing to reach full potential. Furthermore, the endeavors sometimes lack key 

features needed for granular analysis (especially for OCT, where little work has attempted full wall 

characterization), and frequently pursue globally optimal performance at the expense of other 

performance metrics without critical consideration of subsequent application and impact on utility. 

These shortcomings have led to often repetitive and duplicative work, unrealized utility, and low 

rates of adoption. The results of my studies demonstrate that these obstacles can each be overcome. 

In the context of the presented framework, similarities in challenges and solutions across 

applications can be readily appreciated, as can the ability to serve comparable and compatible 

outputs that enable utilization of, and comparison between, any pertinent available datasets. 

For example, learnings from work in tissue characterization were applied to the 

segmentation of indwelling vascular scaffold devices. The framework described here allows for 

complete, pixel-wise annotation of BVS struts, with potential opportunities to apply the framework 

to other indwelling devices. This capability offers exciting prospects to not only reconstruct the 

device for use in 3D computational models, but to comprehensively and quantitatively assess 

intervention success (e.g. extent of apposition and stent area), track the longitudinal progression 

of vascular response (e.g. neointimal growth or restenosis) and device status (e.g. degradation), 

and to study the relationship of these processes with the disease and lesion phenotype. These latter 

studies could be undertaken with the integration and joint use of the strut segmentation application 

with the tissue characterization methods developed in this thesis (Sections 3.3, 3.4, and 3.5). The 

range of possible studies may offer benefit to clinical practice, fundamental insight on disease and 

treatments, and improved treatment guidelines, intervention planning, and device design. 

Furthermore, the impact of leveraging domain knowledge was assessed, and was found to 

offer substantial benefit. The findings provide compelling motivation to leverage domain 

knowledge in other learned algorithmic tasks—especially in medical imaging—to reap benefits in 

the form of improved results and efficiency, even when such enrichment is not strictly necessary. 

The impact of training data was also assessed, and was found to be remarkably 

consequential. Unfortunately, in machine learning applications for cardiovascular imaging data, 

wherein often data is variable, cases ambiguous, and findings sparse—that is, when such impact 
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is likely to be greatest—adequate reporting of data distribution and comprehensive performance 

metrics to inform selection for specific applications was found to be lacking. Findings provided a 

strong argument for more careful and deliberate considerations of the implications of data curation 

and more transparent and comprehensive reporting of model performance. The findings also 

dispelled the notion of universally applicable models. Due to tradeoffs inherent to the 

characterization task, it is unlikely that a single method will be widely applicable across a wide 

range of applications, use scenarios, or populations. Rather, it may be preferable to develop a range 

of methods or models—from which the preferred option is selected after an initial assessment of 

the data—to perform well by selective and narrow criteria. These more realistic expectations may 

help to guide future development of technologies for commercial and clinical translation. 

Taken together, the work described in this chapter offers the means to conduct meaningful 

new research, and potentially better inform clinicians. Given the critical role of plaque morphology 

in lesion risk profile and optimal treatment strategy, the enabled availability of more 

comprehensive information from a wider range of sources could elevate consideration of this data 

to a more central position in the clinical consciousness and workflow. The role of plaque 

morphology in device and drug performance may also refine treatment strategies and guidelines, 

moving the field closer to the promise of highly-personalized medicine and computational 

cardiology [67]. 

Beyond extended validation with histology, improved efficiency and execution speed, 

refined ROI delineation, and establishing performance sufficiency (all discussed previously), there 

are several additional exciting avenues for future work. As noted earlier (Section 3.6), promising 

opportunities exist in the further development and assessment of semantic segmentation methods 

to classify full intravascular images, rather than pixel-wise classifiers. While largely effective, the 

pixel classifiers described in the central framework presented in this chapter—which apply a 

convolutional neural network to a pixel-centered patch to identify the tissue class depicted by the 

given pixel—were slow and failed to incorporate potentially useful contextual information. Initial 

work in applying a U-net to perform semantic segmentation yielded exciting preliminary results, 

but also generated many open questions. Advances in developing semantic segmentation models 

to classify all tissue depicted in an intravascular image could improve both accuracy and clinical 

applicability of tissue characterization methods, commensurately advancing the potential benefits 

thereof. Application to segmentation of indwelling devices (e.g. scaffold struts) may prove 
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particularly effect and also offers sizeable gains as well, given the large ROI in which the feature 

may reside and the current inefficiency of the presented strut segmentation method. Systematic 

assessment of hyperparameters, techniques to compensate for low class representation, and 

methods to leverage available manual annotation data for training would all be invaluable in these 

pursuits. 

Another immediate area which invites investigation, and builds upon the application of 

domain knowledge in the characterization tasks, is the impact of attenuation compensation on the 

characterization (tissue classification) of intravascular images. As noted previously, the light signal 

of OCT is attenuated as it traverses through the tissue, such that images appear darker at greater 

radial depths. Methods for compensating for this attenuation have been developed, such as the 

popular method described by Girard et al. [218], and its use has been shown to beneficial in visual 

inspection and interpretation by human experts (clinicians), and shown by Gerbaud et al. [65] and 

Teo et al. [293]. As signal intensity is associated with tissue class, performing attenuation 

compensation prior to classification may have a similarly beneficial effect on classifier 

performance. Indeed, anecdotal observations indicate that classifiers discussed in this chapter 

tended to falsely identify highly-attenuating tissue with higher incidence at greater radial depth. 

Future directions should investigate this phenomenon. Consideration extends to shadows cast by 

calcium in IVUS, which was suspected to inhibit NC classification accuracy. Work may apply 

attenuation compensation to images prior to classification—requiring the retraining of existing 

networks (or development of new networks)—and quantify the impact of such a pre-processing 

step. 

An additional direction for future work may address the application and assessment of the 

use of transfer learning across imaging modalities in the characterization of intravascular images. 

There is not an abundance of labeled data available with which to train networks in the 

classification of tissue in intravascular images. Furthermore, data availability varies across among 

modalities, including OCT and IVUS. In particular, VH-IVUS provides a relative abundance in 

pixel-wise tissue labels and is fairly well validated. However, significant differences between the 

modalities, and even within each modality (as hardware systems and acquisition parameters, e.g. 

ultrasound frequency, change) limit the utility of this data. Utilizing geometry-based co-

registration to construct multimodal corresponding datasets—an imaging Rosetta Stone of sorts—

may further facilitate the utilization of disparate training data. Future work could seek to leverage 
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all available data to the greatest extent possible by implementing transfer learning, allowing 

training in one modality or system to improve final performance in another. 

The application and assessment of the use of unsupervised training in the characterization 

of intravascular images should also be further explored. Two of the primary shortcomings of 

intravascular image characterization are the dearth of reliable labeled data and the necessity to 

impose prior assumptions regarding tissue classes, which themselves are defined inconsistently 

between imaging modalities. Endeavors to use unsupervised training may help to overcome both 

of these shortcomings, allowing networks to identify and segment tissue classes without reliance 

on label annotations and class specifications, instead relying upon inherent, underlying features 

and properties of the imaged tissue. 

Drawing upon lessons from findings described in the previous chapter on extracting 

geometry from intravascular imaging, future work is also warranted to implement and assess the 

use of 3D image data in the characterization of tomographic intravascular images. Both OCT and 

IVUS are tomographic in nature, meaning that the data is pseudo-volumetric. Therefore, while 

noise and artifacts may hinder classification of some images using in-plane information alone, the 

incorporation of information from adjacent planes (i.e. frames or slices) may improve classifier 

performance. Work to incorporate multi-dimensional imaging data from the tomographic 

intravascular sequences and quantify the impact of such inclusion of contextual information holds 

promise. 

Though several additional directions exist in this exciting, rapidly growing and evolving 

field, the final future direction noted here relates to the subject matter of the first chapter, geometry. 

Just as geometric information improved characterization of vessel morphology, morphology may 

improve or refine determination of vessel geometry; an iterative approach may yield better results 

for both. Morphological features, often utilized as fiduciary features by experts in the performance 

of manual co-registration and alignment tasks, likely would also prove useful in refining automated 

co-registration, enhancing the lumen-based method presented in the previous chapter. Rather than 

a unidirectional pipeline, bidirectional flows of information based on deeper relationships between 

geometry and morphology may prove mutually beneficial. 
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3.10. Conclusion 

In this chapter, I have described the development and critical assessment of methods to 

determine and characterize vessel wall morphology. Aided by constraints imposed by vessel 

geometry and effective artificial intelligence tools, plaque components of diseased vessels are 

labeled in OCT and IVUS images [160], [161]. The approach is extended as well to labeling 

intravascular devices (BVS), and modular substitution of the neural network classifier further 

illustrated its flexibility and adaptability while highlighting an innovative and promising approach 

to tissue classification. The importance of enriching the method with domain knowledge and 

information on vessel geometry was quantitatively assessed [161], as was the impact of training 

data on overall performance [162]. 

Plaque morphology has long been assessed visually in the clinic, but qualitative, sparse 

sampling and informal guidelines for use of this information has limited the utility of this trove of 

data. The methods detailed herein enable more comprehensive assessment and interpretation of 

lesion morphology, with the potential to inform clinical guidelines, device development, and 

fundamental research on disease pathology. The capability to autonomously characterize diseased 

vessels at scale was successfully and comprehensively demonstrated with unprecedented 

performance and flexibility. The approaches present intriguing methods for integrating domain 

knowledge—an understanding of anatomy, pathological presentation, and imaging mechanisms—

to achieve robust results, offering exciting clinical and technical applications and revealing 

important insights into the increasingly popular classification of medical images with neural 

networks. 

With vessel morphology and structure successfully extracted from intravascular imaging, 

next steps for these methods include their integration with computational methods to analyze and 

simulate plaque in patient-specific models. This approach, addressed in the next chapter, allows 

for the biomechanical assessment of heterogeneous models from in vivo geometry and 

morphology, without the limitations of idealization, unrealistic assumptions, or ex vivo mechanical 

testing. 
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Chapter 4 
 
Computational Modeling & Simulation of Patient-Specific 
Vessels 
 

Vessel geometry and plaque morphology yield critical 

insights and useful metrics for consideration in patient care 

and treatment of atherosclerosis. However, the consequences 

of these geometric and morphologic features are not intrinsic, 

but rather are contingent upon their effect on states with direct 

impact on physiological function or treatment efficacy—

flow, stress, inflammation, and similar facets which dictate 

system viability and to which the system responds. These 

facets are, to an extent, intuitively understood, but difficult to 

quantify or assess with certainty. Much interest has therefore 

been generated by the prospect of analyzing atherosclerotic 

plaques and diseased arteries from a biomechanical perspective using computational approaches 

[72]. Indeed, in silico models offer quantification of such states, as well as intriguing insights that 

cannot be obtained by direct measurement, particularly in vivo. However, study results can be 

highly sensitive to model fidelity. To obtain three-dimensional (3D) plaque geometry and 

heterogeneous morphology from patients, imaging is required [103]. However, image-based 

models are often highly simplified and fail to capture important structural details. Intravascular 

optical coherence tomography (OCT) offers an ideal data source to overcome these challenges, as 

it provides the highest resolution in vivo images currently available in medical practice [39]. 

Leveraging the methods developed in the previous two chapters, geometry and morphology was 

determined for lesions imaged with OCT, and this 3D information established the parameters for 

3D computational models. In this chapter, use of clinical OCT data to construct highly detailed 

finite element (FE) models of an in situ diseased artery is described, opening the way for exciting 

new research and potential future clinical applications. In particular, a novel approach to estimate 

patient-specific biomechanical tissue characteristics is demonstrated in silico and validated in 

vitro, highlighting potential for future in vivo application.  

CFD .... Computational Fluid 
Dynamics 

FE ....... Finite Element 

FEA..... Finite Element Analysis 

FSI ...... Fluid-Structure 
Interaction 

IVUS ... Intravascular Ultrasound 

OCT .... Optical Coherence 
Tomography 

VH ...... Virtual Histology 

2D ........ Two-Dimensional 

3D ........ Three-Dimensional 
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4.1. Diseased Vessel Modeling: Needs, Progress, & Challenges 

Geometry, structure, and material constitutive properties together describe fully the 

mechanical behavior of a physical object. All three of these parameters are altered for arteries in 

disease. However, if known, this information can be implemented in computational models to 

perform measurements and simulations which provide new and unique insights into the state of 

the vessel. 

A more comprehensive general discussion and review of the applications and approaches 

employed in modeling diseased vessels can be found in Section 1.3 of the Introduction, “Arterial 

Modeling & Simulation: Promise & Challenges.” 

4.1.1 The Need for Computational Modeling and Simulation in Cardiovascular Medicine 

As previously described, the course of atherosclerotic disease is in many ways driven by 

mechanical forces [9]. Symptoms and physiological effects are mediated by pressure-driven blood 

flow, changes to which can be precipitated by acute catastrophic events caused by the stress-driven 

rupture of mural tissue. Biology-mediated alterations to physiology in the course of disease 

progression (or regression) similarly respond to mechanical forces, including phenotype 

modulation by flow-induced shear stress along the endothelium and macroscopic stress-induced 

remodeling of the vascular wall. 

Mechanical state, however, is notoriously difficult to measure directly in situ. Pressure, for 

example, can be measured directly with an invasive catheter-mounted probe. However, such tools 

allow only for measurement at the single point in the vessel at which the sensor (or fluid channel 

outlet) is located—and even then with little control and low spatial precision. Furthermore, the 

presence of the measurement catheter itself induces errors in the vessel pressure measurements 

[294]. Cather access also limits the vessel segments in which measurements can be made (as the 

segment must be sufficiently large and navigable), and precludes simultaneous presence of other 

tools and devices. Therefore, pressure cannot be measured distal to narrow stenosis, during some 

interventions, or with differential precision though a vessel cross-section. Additionally, the 

injection of contrast, common for the placement of such catheters and the guidance of concurrent 

activities, impacts the intraluminal pressure [44], [48], [49]. In measuring flow and hydraulic 

resistance, direct measurement is made by injecting contrast, obtaining coronary cineangiography, 

and observing the extent and speed of antegrade contrast perfusion. Initial approaches to 
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assessment utilized rigid yet qualitative criteria to sort cases into one of four flow grades ranging 

simply from “no perfusion” to “complete perfusion” [295]. Subsequent approaches intended to 

increase precision and quantification adopted a proxy for flow; the number of cineframes (obtained 

at consistent, discrete time increments) over which contrast dye reached a standardized landmark 

after injection was counted [296]. While more objective and less categorical in nature, and shown 

to be a useful index for trial end point evaluation [296], this metric of flow and perfusion offers 

limited insight. Principally, the metric is not vessel- or lesion-specific, but instead yields only a 

single value for the entire coronary tree. This makes interrogation of local flow-mediated effects 

impossible to investigate in this manner. However, given appropriate boundary conditions, 

computational methods simulating pressure and flow distribution can precisely estimate these 

features at any arbitrary point within the modeled blood vessel. 

Beyond flow and pressure, stress—within the vessel wall and experienced by devices—is 

an important driving mechanical factor. Unlike the former, however, there is no means of direct 

observation or measurement of stress state and distribution. Coupled to stress state is the matter of 

material constitutive properties, which describe the strength of materials and their response to 

loading. While these properties can be inferred—to an extent—by their general composition, 

material properties vary dramatically, even among the same class of tissue or plaque [109], [297]. 

The directly observable state which provides insight into both stress and mechanical properties is 

displacement, or strain. Specifically, given a measured strain, either loading condition (stress) or 

material properties can be determined if the other is known. In the field of solid mechanics, this 

concept is exemplified by the tension test commonly used to determine fundamental constitutive 

mechanical properties of a material. A known load is applied to a material of unknown properties—

shaped into a known geometry—and the displacement experienced by the material is measured; 

from these results, mechanical properties are determined. However, such controlled testing is, 

naturally, not feasible for living tissue in situ. However, computational methods offer some 

alternative approaches to determining either stress distribution within a structure or constitutive 

properties of the composition. 

Without a sound understanding of the mechanics of a system, which often cannot be 

directly or reliably measured with high resolution, the function, risk profile, and mechanisms of 

diseased vessels, devices, and interventions cannot be fully appreciated. Computational modeling 

and simulation offer both qualitative and quantitative windows into these states, enabling their use 
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in clinical prognostication, treatment planning, device design, and establishment of intervention 

guidelines. 

4.1.2 Progress in Computational Modeling of Diseased Vessels 

The promise of applying computational modeling to diseased vessels was recognized not 

long after the establishment of FE methods for aeronautical applications [71]. Understanding that 

the approach could be used to investigate stress states in vessels, early approaches first used 

idealized two-dimensional (2D) models of vessel cross-sections to investigate the impact of 

various basic morphological features on stress [75], [298]. Subsequent approaches advanced to 

model lesion-specific morphology [72], [108] by manually annotating and extracting 2D geometry 

and tissue structure from histology of excised diseased vessels [299], [300], and later from 

intravascular ultrasound (IVUS) [301] and OCT [302]. These studies identified some general 

trends and associations, such as the inverse relationship between fibrous cap thickness and peak 

circumferential stress, and the colocalization of high stress and intimal tears, plaque fracture, and 

rupture. However, the simplistic models lacked specificity and substantial details needed for robust 

assessment of the complex systems, and more recent work has demonstrated that study results can 

be highly sensitive to model fidelity. For example, 2D models are inferior to 3D models and fail 

to capture important out-of-plane effects and interaction [303]. Similarly, in the blood flow 

modeling realm, initial work in idealized models gave way to patient-specific rigid-wall 

computational fluid dynamics (CFD) models [69]. However, models have moved to adopt 

increasing complexity, with implementation of fluid-structure interaction (FSI) models assuming 

a more prominent position in the field [69], [103]. Here, too, work has demonstrated that the 

increased complexity is important to model fidelity, with studies verifying the importance of wall 

compliance and displacement—implemented in FSI but not CFD modeling—in accurately 

computing wall (or endothelial) shear stress [81]. Despite much attention and continued use of 

simplified models for select applications, reliable methods for constructing detailed 3D 

computational models of diseased arteries, incorporating both geometry and morphology of the 

wall, have remained a challenge for the field. 

In addition to the construction of detailed 3D models, another important area of intense 

investigation, but limited achievement, has been in determining mechanical properties of tissue in 

situ. A robust body of work has demonstrated the fundamental impact of material property on 
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stress values and distribution in modeled arteries [109], [248], [304]–[307], which has motivated 

efforts to identify appropriate properties to use in such computational models. Mechanical testing, 

such as the tensile testing described briefly above, has been performed on excised tissue through 

painstaking separation of various plaque components and tissue classes [109], [297]. However, 

while such tests—which cannot be performed non-destructively for tissue in situ—provide some 

quantitative ranges of feasible values to implement in generic models, the high degree of variability 

observed among those samples highlighted the need to identify lesion-specific constitutive 

properties in order to yield reliable results from lesion-specific models. 

Alternative approaches to non-destructive, in situ material characterization have been 

explored for application to diseased vessels relying upon the same fundamental principles as the 

in vitro testing. Namely, by observing the displacement response of tissue to a distorting force, 

governing constitutive relationships can be estimated. This general approach has taken many 

forms. 

Relying upon microscopic behavior, laser speckle imaging has leveraged variation in 

Brownian motion with material viscosity and viscoelasticity. Because light scatterers are subject 

to such motion, decorrelation of laser light reflected within tissue can provide an index of 

viscoelasticity without imposition of external forces [111], [308], [309]. While robustness to small 

deformation conditions was demonstrated ex vivo and the feasibility for use in vivo is described 

[111], necessary hardware remains to be developed, and additional shortcomings inherent to the 

method exist. First, measurements are taken for a single 75 μm diameter spot at a time, with each 

spot requiring up to 200 milliseconds of signal acquisition for best performance [111]. Therefore, 

characterization of a full vessel segment seems prohibitively slow (though strategic, selective 

sampling may offer value even without a complete distribution). However, the primary limitation 

for use in computational modeling is that the image-based method reports only an index of 

viscoelasticity, but not a constitutive material property which could be implemented in a 

mechanical model. 

Shear wave elastography has been demonstrated in phantoms and ex vivo setups to 

characterize atherosclerotic plaques [310]–[313]. By inducing wall displacement and monitoring 

the speed of displacement wave progression along the length of the wall, the material’s shear 

modulus, which determines the speed of propagation, can be estimated. However, while able to 
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differentiate between different plaque groups, there was limited non-relative (i.e. absolute or 

independently-defined) quantification of properties which could be subsequently implemented in 

a mechanical model. The method also did not offer an ability to interrogate differences within the 

cross-section of a wall, instead reflecting some amalgamation of properties in the directions 

transverse to the direction of propagation [310]–[312]. Furthermore, the method relies upon the 

use of ultrasound (linear array) transducers and acoustic radiation force impulse imaging [310]–

[312] which is not currently amenable to intravascular use, so while feasible for superficial vessels 

like the carotid arteries, significant advances in hardware would be required for use in coronary 

and other deep arteries. 

The most common approach to in situ mechanical characterization has been displacement 

(i.e. non-shear wave) elastography. Given a known or controllable applied force or pressure, 

displacement (i.e. strain) can be observed and related to the governing constitutive relationship. 

This has typically been achieved through strain field estimation. Several methods have 

successfully utilized IVUS to track in-plane (2D) tissue displacement over time in response to 

changes in loading state in phantoms and excised tissue [314]–[317], with a small number of 

implementations even advancing to in vivo validation in animal models and clinical evaluation 

(though not widespread use) [313]. OCT elastography, or optical coherence elastography, has also 

been used for strain field estimation [110], [318]. While some methods have only been achieved 

in simulated data (reflecting a range of practical feasibility) [112], [319]–[321], the earliest 

approaches utilized basic 2D cross-correlation to map displacement in phantom models and tissue, 

even demonstrating in vivo capability (for easily accessible and manipulable skin) [322]. Others 

have utilized advanced acquisition and signal processing techniques to accurately acquire strain 

rate and strain mapping in a phantom while slowly imposing compression [323], [324]. All of these 

methods, however, advanced no further than deformation field estimation through image 

processing, yielding a strain map qualitatively implying information on relative stiffness of 

adjacent tissues within a given vessel cross-section. 

To yield values of material stiffness, approaches had to be extended beyond deformation 

tracking to also incorporate stress. The simplest approach to do so was to apply a known, well 

controlled force to the surface of samples and utilize simplifying assumptions. OCT elastography, 

for example, was performed on slabs of phantom materials and excised tissue to which weights 

were applied, compressing the samples [325], [326]. The elastic modulus could be subsequently 
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determined by making the assumptions that the material was uniform, isotropic, incompressible, 

and elastic, and that the load applied to the sample resulted in a uniform uniaxial stress. Under 

these conditions, moduli could be computed at each point in the deformation field as the quotient 

of stress (applied force per unit area) and strain (local relative displacement) [325], [326]. 

Advancing the framework somewhat to consider a more realistic intravascular application, IVUS 

palpation was performed by securing phantom vessels and excised artery specimens in a water 

tank and applying static intraluminal pressures during IVUS imaging [327]. Similar to the other in 

vitro tests, assumptions were made that the material was homogeneous, isotropic, incompressible, 

and linear elastic, resulting in a uniform stress; local incremental stress-strain modulus of elasticity 

was computed as the quotient of half the change in intraluminal pressure and radial strain [327]. 

These attempts at vascular elastography, while reasonably valid in some instances and still yielding 

qualitative insight in others, rely on assumptions which break down in most clinical applications. 

In particular, assumption of uniform material and constant stress—which yields stiffnesses 

inversely proportional to displacement/strain, thereby making derivation straightforward—are 

invalid in heterogeneous mechanical environments such as plaques, where much stiffer 

components (such as calcium) bear greater loads than more compliant ones (such as lipid). One 

alternative approach which does not require such an assumption is inverse finite element analysis 

(FEA). 

The inverse FEA approach utilizes a computational FE model of an imaged object’s 

geometry and morphological structure to iteratively simulate the imposed loading, updating 

material properties with each iteration until the simulation yields results matching the observed 

outcome. Early work on such methods assessed very simple models; optical coherence 

elastography displacement was simulated and coupled with an inverse FE model of a soft tissue 

block with a single heterogeneous inclusion (of varying size) [320]. Subsequent work advanced 

from simple, generic geometries to vessel-replicating models. Displacement was still simulated, 

but 2D OCT-derived vessel cross-section models and idealized 3D models were implemented, 

each including three distinct materials; inverse FEA was performed to estimate the mechanical 

properties of each [321]. Another method simulated noninvasive ultrasound images from high 

resolution multicontrast magnetic resonance imaging of in vivo carotid arteries; FE-simulated 

displacements and strain elastograms were utilized to generate the target for subsequent inverse 

FEA [328]. Moving beyond simulated displacement, tissue phantoms and excised tissue samples 
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were loaded under OCT imaging, with inverse FEA model material parameters optimized to 

recapitulate the displacement fields [329], [330]. However, while one method used simple models 

and reported only relative moduli [329], the other required a calibration layer of known stiffness 

to constrain the solution set [330]. Both were performed only in 2D [329], [330]. Relatively recent 

approaches have abandoned OCT in favor of noninvasive ultrasound, which, as noted before, is 

not currently amenable to intravascular use but feasible for superficial vessels (e.g. carotid 

arteries). One method used a linear array probe to estimate 2D strain in phantoms—homogeneous 

or with heterogeneous inclusions—and estimate maps of Young’s modulus for each through 

inverse FEA [328]. Another such framework derived displacement data of a cannulated iliac artery 

from an external ultrasound transducer and vessel structure from subsequent histology of the 

excised atherosclerotic vessel, and characterized 4 materials through inverse FEA [331]. 

All of the aforementioned approaches to characterizing mechanical properties of tissue 

relied on accurate acquisition of displacement fields. However, such data is difficult to obtain 

reliably, and even so is often very noisy, which is why many groups have resorted to simulating 

this input (e.g. as output of a forward FEA simulation) rather than actually measuring it. 

Specialized noise reduction has been the focus of several of the previous works [329], and cross-

correlation kernel size has been shown to be exceptionally important in the performance of OCT 

elastography of vascular tissue [332]. Furthermore, catheter position has also been shown to 

substantially influence estimated strain in intravascular elastography, though specialized routines 

have been proposed to partially attenuate these effects [333]. Beyond issues of noise and bias due 

to arbitrary acquisition state, elastography is typically performed in plane in order to record the 

reaction of tissue over time (in response to loading). Consequently, such methods rely upon 2D 

observations, which only allow for consideration of material stiffness in a single direction, even 

though the mechanical properties of tissue components in human atherosclerotic plaques, like most 

tissue, can be highly anisotropic [297]. 

A recent publication has described work in characterizing atherosclerotic tissue on the basis 

of virtual histology (VH) IVUS imaging independent of elastography [334]. Noble et al. performed 

repeated image acquisition sequences in ex vivo cadaveric femoral arteries pressurized at 6 

different pressure levels. A basic FE model of each vessel was constructed with elements assigned 

to material classes on the basis of VH designation. Inverse FEA was performed to optimize the 

properties of each class in order to minimize the difference between the maximum and minimum 
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observed and simulated vessel diameters (rather than minimizing the overall difference in 

displacement field, as in the aforementioned approaches) [334]. This process allowed for patient-

specific characterization of artery and plaque material properties in the diseased peripheral arteries. 

While previous work has utilized common imaging modalities to perform arterial 

elastography, often coupled with inverse FEA, this work was conducted in vitro or simulated in 

silico. As such, loading conditions were imposed at will and well defined, and sequential series of 

images of the same tissue under varying loading conditions allowed for continuous tracking of the 

same tissue. Even the method which did not rely on elastography was not well formed and utilized 

full acquisitions at a large number of known, well-controlled, constant (i.e. not time varying) 

pressures. These luxuries are not available in the clinic. Consequently, while several approaches 

to in vivo mechanical characterization have been proposed, none have been adopted for clinical 

use, and a reliable method for identifying appropriate constitutive parameters remains an 

outstanding challenge. Coupled with the dearth of reliable methods to construct detailed 3D 

models of diseased arteries, prospects of providing real-time patient-specific modeling and clinical 

decision-making guidance, as well as fundamental research insights, remain tenuous. 

4.1.3 The Endeavor to Model and Simulate Patient-Specific Vessels 

This chapter discusses thoughtful new approaches to modeling diseased, atherosclerotic 

vessels on the basis of imaging data, with a focus on determining lesion-specific mechanical 

constitutive properties. Building upon the new methods and approaches described in the previous 

chapters, geometry (Chapter 2) and plaque morphology (Chapter 3) were integrated into a 

continuous, 3D computational representation which allowed biomechanical assessment and 

simulation, with potential to extend to chemical and biological realms. 

Whereas most previous computational models of diseased arteries utilized simplified, 2D, 

or histology-derived structure, the work presented herein develops such models using intricate, 3D 

structure derived from in vivo clinical images. Considering heterogeneous and multidimensional 

plaque morphology enabled us to explore complex interactions and gain more confidence in 

observational results due to the model’s elevated fidelity. Furthermore, developing such models 

from intravascular imaging data rather than histology (or other method requiring tissue excision) 

promotes its consideration for future use with patients and in longitudinal studies examining 

changes of the tissue in situ over time. 
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Next, departing from previous work, an approach to material mechanical characterization 

was developed and validated which relied neither on elastography measurement nor on several 

sequences of highly-controlled image acquisitions. The hypothesis driving the approach was that, 

by blending morphological assessment with displacement observations, two tomographic image 

acquisitions with pressure data should provide sufficient information to estimate 3D vessel 

stiffness so long as the sequences are acquired at different pressures. Rather than requiring a full 

displacement field, only the initial and final states were compared. Here, the key assumption made 

was that all tissue of a single class, as determined through image analysis, displayed the same 

material properties within the imaged lesion, and that plaque features are consistently identifiable 

in sequential acquisitions. These assumptions alleviate the need for full displacement maps—

displacement of mural structures (plaque features) can be tracked instead of individual points, and 

rather than considering each individual point as an independent agent requiring individual 

characterization, a constrained number of constitutive parameters define the loading response of 

the entire vessel. Furthermore, by tracking mural structure, rather than discarding all displacement 

data other than inner and outer diameter, as others have done, a richer set of data can be extracted 

from each acquisition, thereby reducing the number of sequences needed to determine the desired 

information. While these strategic assumptions are simplifying, the approach may mitigate effects 

of noise, allow for characterization of tissue volumes (rather than discrete planes—elastography is 

performed in one or two dimensions), and enable assessment of anisotropic properties. 

Major contributions to this chapter were made by Narayanan [335], whose supervised 

master’s thesis, “Image-based Mechanical Characterisation of Atherosclerotic Plaques – An 

Inverse Finite Element Approach,” furthered this body of work substantially and includes several 

detailed, technical descriptions of model construction and in vitro validation testing not repeated 

here. Subsequent, ongoing work in honing the modeling approach, which is also briefly introduced 

in this chapter, benefits from major contributions by Kadry, whose supervised master’s thesis 

builds upon and further this body of work through refined model construction. 

With improved accuracy, fidelity, and robustness, the computational models, mechanical 

characterization methods, and other approaches described in this chapter may offer unprecedented 

insights into not only risk assessment and treatment planning for the modeled patient, but through 

high-volume analysis also general characteristics of plaque risk, disease progression, and 

intervention efficacy. 
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4.2. Constructing Detailed Image-Based Volumetric Models 

Having developed algorithms which could delineate and classify vessel tissue imaged by 

OCT or IVUS with high detail and accuracy, the next stage of the work focused on volumetric 

model construction. While the image-derived geometric and morphologic information is itself 

valuable, translating this series of 2D data (characterized intravascular images) into a 3D 

volumetric model—in an effective way—remained an unresolved challenge. Therefore, leveraging 

the detailed information derived from intravascular images, and with forethought towards future 

application in mechanical property estimation, techniques were developed to construct such FE 

models from the classified tomographic images. 

Geometry and morphology of a diseased coronary artery were first extracted from in vivo 

imaging data. A series of cross-sectional images acquired during an OCT pullback were processed 

using the automated method described in Chapter 3 [160]. Pre-processing delineated the vessel 

wall area, then designated non-diseased and media tissue using physiological geometric 

parameters. A convolutional neural network subsequently characterized the plaque within the 

vessel wall and assigned to each image pixel a label: calcium, lipid tissue, fibrous tissue, mixed 

plaque, or no visible tissue (i.e. guidewire shadow) [160]. Plaque label maps were then post-

processed to make the data more amenable to FE representation (Figure 4.1); lumen centroids were 

aligned to mitigate catheter position variation and reduce motion artifacts (4.1A), obscured regions 

were assigned tissue labels through region growing (4.1B), and 3D mode filtering was performed 

 
Figure 4.1. Classified label map pre-processing facilitated model generation from characterized images. After 
lumen centroids were aligned among the initial label maps (A), regions obscured by the guidewire catheter shadow 
artifact (light gray) were first assigned to tissue classes by estimating the obscured content (B). The resulting 
classification distribution was then smoothed to improve consistency by removing very small standalone regions 
of a distinct class and performing 3D mode filtering (C). Finally, non-diseased/media class labels were inserted to 
separate any plaque or lumen labels from immediately adjacent perivascular labels (D), which represented a non-
physiological arrangement which could occur in matrix format due to frame-to-frame variation in the context of 
limited longitudinal resolution. White arrows indicate instances of features impacted by the subsequent operation. 
The color scheme for the tissue classes is the same as that in Chapter 3. 

(B) (C) (D)(A)
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to improve spatial consistency (4.1C). Image characterization and label pre-processing was 

performed in MATLAB (MathWorks, Natick, MA). 

The series of processed plaque maps was then transformed into a 3D FE model (Figure 

4.2). From the maps (4.2A), point clouds of the inner and outer surfaces were generated using 

spatial characteristics of the images (4.2B). Additionally, point clouds of the full vessel wall were 

generated, with each point tagged with its corresponding plaque class. Next, a closed surface mesh 

of the vessel wall was constructed from the bounding surface points (4.2C). This surface was then 

meshed with tetrahedral elements to produce a volumetric FE mesh (4.2D). Subsequently, the 

tagged point nearest the centroid of each element was identified, and its class tag was assigned to 

the element (4.2E). The entire mesh could then be transformed to follow a 3D contour, and 

material-specific properties were assigned to the various element class sets. Point cloud processing 

and surface meshing were performed in MeshLab (Consiglio Nazionale delle Ricerche, Rome, 

Italy) [336] and Rhinoceros (Robert McNeel & Associates, Seattle, WA). Volumetric meshing and 

related processing was performed in Abaqus (Dassault Systèmes, Vélizy-Villacoublay, France). 

To quantify resolution and fidelity retained through the meshing procedure, slices of the 

model corresponding to plaque map locations were extracted for comparison to the input (4.2F). 

Boundary conditions and loads were applied to perform proof-of-concept simulations, as well. 

 
Figure 4.2. Finite element models were generated from characterized intravascular images. (A) OCT images were 
characterized with the method described in Chapter 3, and the classification maps were post-processed (Figure 
4.1). (B) Spatial point clouds of the vessel’s inner and outer surfaces were extracted from the tomographic maps. 
(C) Surface meshes of the vessel wall were constructed from the point cloud. (D) Volumetric (FE) meshes of the 
vessel wall (volume delineated by the surface meshes) were constructed. (E) Elements of the mesh were assigned 
to a material class on the basis of the tomographic label maps. (F) Cross-sections of the volumetric mesh were 
extracted for comparison to the tomographic label maps used to generate the model. 

(E)(B) (C)(A) (F)(D)
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Comparison of the plaque label map inputs and the extracted outputs showed tremendous 

agreement (Figure 4.3). Overlap of wall presence exceeded 98.0%, as evaluated by binary pixel-

wise comparison. In the coincident wall area, class label agreement reached 94.4%. Initial 

simulations carried out in Abaqus demonstrated corresponding FE model viability and 

functionality (Figure 4.4). 

The presented method retained exquisite detail of vessel wall morphology while enabling 

detailed assignment of heterogeneous tissue properties as well as 3D spatial consistency and 

continuity. By first generating a mesh for the entire wall and subsequently assigning mesh elements 

to material classes, interface and posterization issues of most other model generation approaches 

were avoided while demonstrating detail retention and flexible material segmentation on the 

spatial scale of individual volumetric elements (~105 μm3). Using OCT enabled exceptional 

resolution, but the method could be applied to other data sources, such as IVUS (VH or 

characterized grayscale). Through this flexible new approach, a highly detailed in vivo diseased 

artery model was successfully generated, offering unprecedented fidelity for research and future 

clinical application. 

Though simple and powerful, this method of model generation did have some drawbacks. 

The jaggedness and lack of refinement at interfaces between material regions (Figures 4.3 and 4.4) 

was non-physiological and led to stress concentrations and large stress gradients in these regions 

which could not be adequately resolved. Consequently, while the model yielded smooth and 

continuous displacement fields (Figure 4.4, bottom)—critical for later mechanical property 

 
Figure 4.3. Comparison of an OCT image (left), resultant tissue label map (model generation input; center), and 
tissue label slice extracted from the corresponding location of the generated FE model (output; right). Relative to 
the basis of the model (center), the resulting material distribution (right) has more sharp boundaries between 
material regions (due to the shape of the discrete tetrahedral elements), but retains many of the fine features, 
relative distributions, and spatial relationships of the input. 
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Figure 4.4. Initial simulations demonstrated coarse FE model viability and functionality. As shown in the cutaway 
views, the heterogeneous FE model (top) yielded heterogeneous distributions of von Mises stress (middle) and 
displacement (bottom). The five tissue classes were each modeled as incompressible neo-Hookean materials. A 
static pressure was applied to the lumen surface, and the boundary conditions were set such that the vessel was 
free to expand while the ends of the model were constrained in the longitudinal direction. Mesh colors (top) 
indicate material (class) assignment, with colors adhering to the scheme of Chapter 3. 
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characterization—due to the inherent spatial continuity and constraints, the corresponding stress 

fields were rather coarse and disjointed (Figure 4.4, middle). Therefore, while stresses in bulk 

regions likely provided reasonable estimates of stress, precise values, particularly at interface 

regions, and extreme (maximum and minimum) values were not reliable. To address this 

shortcoming, more precise methods were needed to construct heterogeneous models that provided 

accurate measures of mural stress. 

While not suitable or necessary for all uses, alternative approaches to generate refined 

volumetric computational modeling which built upon the initial strategy were developed. Rather 

than constructing a monolithic volumetric mesh for the full vessel wall—irrespective of plaque 

features—and subsequently assigning the resulting elements to material classes based upon the 

space the element happened to occupy, meshing was carried out to accommodate the plaque feature 

shapes. Geometries of significant plaque and wall features were determined and meshed 

independently, then merged and aligned to generate a full mesh of the vessel wall which conformed 

to the defined plaque component geometries. The various steps of the process were executed in 

MATLAB, Gmsh (Geuzaine & Remacle, Louvain-la-Neuve, Belgium) [337], and SpaceClaim 

(ANSYS, Canonsburg, PA). First, 3D geometries were generated by extracting plaque components 

from tomographic images, transforming 2D image indices to 3D spatial dimensions, and 

connecting discrete planar objects corresponding to the same component into continuous volumes. 

Volume meshes of these 3D plaque components were then meshed and merged. Unlike the coarse 

mesh (described earlier in this section), the resulting full vessel wall mesh was refined around 

interfaces between regions such that elements aligned along the interfaces between geometric 

features rather than straddling them. Element regions were then assigned to the material classes to 

which they belonged. Simulations were then conducted in Abaqus on models with increasing 

levels of refinement to assess mesh dependence and sensitivity of the results, which confirmed the 

validity of the simulations. Initial results incorporating a subset of identified plaques (Figure 4.5) 

highlighted the impact of various plaque components on stress distribution within the wall. 

While refined, this method of model generation also had drawbacks. The smoothness 

which was achieved came at the expense of manual processing time and effort, and simplification 

to define continuous geometries for plaque components (Figure 4.6). However, stress profiles—in 

addition to displacement fields—were more continuous and behaved as generally expected. Work 

is ongoing to reduce the simplifications imposed to generate the preliminary models created in this 
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Figure 4.5. Initial simulations demonstrated refined FE model viability and functionality, and illustrate trends in 
stress distribution and plaque composition. As shown in the cutaway views, the heterogeneous FE model (top) 
yielded heterogeneous distributions of von Mises stress (middle) and displacement (bottom). The three tissue 
classes were each modeled as hyperelastic materials. A static pressure was applied to the lumen surface, and the 
boundary conditions were set such that the ends of the model were completely constrained in the all directions. 
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way, though it remains to be determined what level of detail is needed and how tradeoffs between 

detail and refinement impact simulation results. 

 
Figure 4.6. The two modeling approaches exhibited tradeoffs in refinement and detail. Whereas generating a 
monolithic mesh and subsequently assigning material properties (left) allowed for substantially more detail to be 
retained, features were coarse. To the contrary, generating separate geometries for each plaque feature before 
generating an accommodating cohesive mesh (right) was far more laborious and enabled inclusion of fewer 
features, but included features were much more refined. Note that the two models shown here do not correspond 
to the same patient, and the latter had not been constructed to include distinct fibrous or mixed tissue—as 
preliminary (and laborious) work, only a subset of the plaque has been implemented in the model. The resulting 
differences in plaque representation are reflected in the stress and displacement distributions (Figures 4.4 and 4.5). 
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4.3. Determining Patient-Specific Constitutive Parameters 

A reliable approach to estimate mechanical properties of vessels from imaging data 

remained an outstanding challenge in the field. In particular, reliance on fickle elastography data 

or infeasible numbers of repeated acquisitions limited the feasibility and applicability of previous 

approaches (as discussed in Section 4.1.2). In addressing these challenges, inverse FEA presents 

an ideal option for its flexibility in allowing optimization to match any number of target metrics. 

For example, by aiming to match overall displacement of internal mural structures (alignment of 

plaque features) to determine material properties, the approach does not necessarily require a full 

displacement field to be captured, but rather images at just two states. Such an approach can be 

employed using the same imaging data and imposed constraints as the modeling approaches 

described in the previous section (Section 4.2), which can serve as the basis for mechanical 

property estimation. Work was therefore undertaken to develop methods of discerning mechanical 

parameters from imaging data by estimating mechanical properties for a given volumetric model 

of a heterogeneous diseased artery. 

Building upon previous work in extracting geometry and morphology of diseased vessels 

from intravascular images (Chapters 2 and 3), detailed 3D patient-specific FE models were 

constructed of a coronary artery. The first method described in Section 4.2 was utilized, whereby 

the vessel wall was meshed and elements subsequently assigned to materials based upon the spatial 

plaque class distribution determined from the tomographic image sequence (Figure 4.2). As 

described in detail by Narayanan [335], an inverse FEA routine was developed in which 

constitutive parameters were optimized for each of five different tissue classes to minimize the 

difference in deviation between surfaces in a simulated deformation and an observed (target) 

deformation. Unlike other approaches, which sought to match only inner and outer vessel surface 

dimensions—which substantially distills the rich displacement information, offering limited data 

on deformation and therefore requiring many image acquisitions—the interfaces between all tissue 

domains (as well as inner and outer vessel surface) were compared. Both linear elastic and neo-

Hookean material models were implemented. Tests were also carried out in which zero-pressure 

geometry was first estimated to account for initial stresses [85]. 

Mechanical property estimation was validated both through in silico simulated tests and in 

vitro phantom testing. A patient-specific model was forward-simulated with feasible material 
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properties specified to assume a deformed shape at an elevated pressure, which served as the target 

state. Inverse FEA was then executed for the initial model with the prescribed pressure increase 

and unknown material properties, which were optimized to achieve a final state which minimized 

deviation from the target (forward simulated) state. The final material properties differed from the 

specified properties (used in the forward simulation) between 3 and 21% among the five tissue 

types. 

Testing of the method in vitro was performed in phantoms comprised of materials which 

were directly tested by established means. Two phantoms, one constructed from homogeneous 

manufactured flexible polymer tubing, and another developed especially for this purpose made 

from a medical grade liquid plastic, were utilized (Figure 4.7). The former was comprised of Tygon 

tubing (Saint-Gobain, Courbevoie, France) with an inner diameter of approximately 3 mm and a 

wall thickness of around 0.8 mm. The latter was comprised of Steralloy elastomer E-2036 (Hapco, 

Hanover, MA) and formed in a custom 3D-printed mold shaped with a nominal 3 mm inner 

diameter, 2 mm wall thickness, and minor focal stenosis in which a heterogeneous inclusion of 

UV-cured glue resided. Both phantoms were imaged by OCT while subjected to various known 

internal pressures (Figure 4.7). Inner and outer surfaces of the phantom were automatically 

detected in each acquisition using approaches similar to those for extracting vessel geometry 

described in Chapter 2. When present, the heterogeneous inclusion was automatically segmented 

as well. With image-based geometry and structure fully defined, FE models were constructed in 

the manner described for atherosclerotic vessels in Section 4.2. The inverse FEA routine was then 

executed to determine the material properties which yielded the minimum deviation between a 

vessel imaged at an elevated pressure and a vessel imaged at a lower pressure and subjected to 

computational simulation of pressure inflation to the elevated pressure. 
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Figure 4.7. OCT acquisitions of two styles of phantoms were acquired. The first was constructed from a 
homogeneous manufactured flexible polymer tubing (left), and the other made from a medical grade elastomer in 
a specially-designed mold which allowed for inclusion of a secondary material in a stenotic region (right). 
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To establish a reference for evaluating method accuracy, mechanical characterization was 

carried out for the materials comprising the two phantoms. Testing was performed following, to 

the extent possible, the ASTM standard test method for tensile properties of plastics (D638-14) 

[338]. Specimens were prepared for the materials of both phantoms. For the phantom prepared in 

house, a dumbbell-shaped test specimen was prepared to match the standard’s designated 

dimensions for a Type IV specimen (for thin nonrigid plastics). A mold was designed in 

SolidWorks computer-aided design software (Dassault Systèmes, Vélizy-Villacoublay, France), 

3D printed with a stereolithography Form printer (Formlabs, Somerville, MA), and post-processed 

(Figure 4.8). Specimens were prepared alongside the phantoms, with material mixed and cured 

under shared conditions (Figure 4.9). A small segment of the tube (approximately 30.5×2.75×0.7 

mm) was cut from the same source as the phantom (Figure 4.9). Testing was performed on a load 

cell (Instron, Norwood, MA; 2580-2KN), with elongation prescribed at a speed of 50 mm/min. 

Unfortunately, no extension indicator was available, so strain was measured from the reported grip 

separation. Specimens were fixed within aligned grips and seated to remove slack in the system. 

Both specimens were tested three times (Figure 4.10): twice to an extension of 20%, and a final 

 
Figure 4.8. A mold was designed for creation of the mechanical testing specimen to characterize the elastomer 
mixture used in the custom phantom. The central image is a rendering of the model created in computer-assisted 
design software with dimensions conforming to published standards. The inset image in the top right shows the 
actual mold, which was 3D printed from the model design. 
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time to a much higher strain (75-100%). Data fitting and material stiffness estimation was 

performed in MATLAB according to standard definition; the slope of the stress-strain curve was 

determined for low stress/strain (≤10% strain) to estimate the modulus of elasticity (Figures 4.10; 

i.e. Young’s modulus). Poisson’s ratio could not be determined from the available data (as no 

transverse strain was measured). 

The in vitro phantom testing yielded promising results for the material characterization 

approach. The inverse method determined that the flexible tubing had a Young’s modulus of 3.37 

± 0.18 MPa, whereas the tensile testing reported a modulus of 2.98 ± 0.03 MPa (13% error). 

However, as noted above, because the tensile testing specimen was retrieved from the small tube 

itself, it did not conform to shape standards and therefore may not be entirely reliable. Furthermore, 

the modulus reported by the supplier for the material was a much lower 1.9 MPa, though the 

specimen was quite old and had likely stiffened substantially since its manufacture. The phantom 

elastomer was determined through the computational approach to have a modulus of 788 ± 69 kPa. 

Tensile testing yielded a modulus of 863 ± 11 kPa (8.7% error). The supplier reported a range of 

moduli from approximately 800 kPa. Unfortunately, due to delamination between the hard 

inclusions and the primary elastomer, the inclusion material could not be characterized by the 

inverse method. However, the combined success of the in silico validation of heterogeneous 

material characterization and in vitro validation of homogeneous material characterization, both 

yielding errors far less than the variation observed in mechanical testing of tissues, suggests that 

the approach could hold promise for future in vivo applications when at least two intravascular 

imaging acquisitions at different pressures are available. 

 
Figure 4.9. Test specimens were characterized in mechanical testing. Both specimens were subject to tensile 
testing along their longest dimension. Note that the scale of the two images differ—specimen (a) is approximately 
the length of the narrow region of specimen (b) demarcated by the inner set of markings. The outer set of markings 
on (b) indicates the grip positions. 

(a)

(b)
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Figure 4.10. Tensile test results for the homogeneous flexible polymer tubing material (top) and the custom 
phantom’s elastomer material (bottom). The red boxes and corresponding inset plots show the first 10% of strain 
and the region of elastic modulus fits (slope of dashed line). The best fit lines yielded Young’s moduli of 2.98 ± 
0.03 MPa and 863 ± 11 kPa for the flexible tubing (top) and liquid elastomer (bottom) materials, respectively. 
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4.4. Implications & Future Directions 

Building upon my progress in extracting vascular geometry (Chapter 2) and morphology 

(Chapter 3) from intravascular imaging, my work and findings in image-based computational 

modeling and simulation extends and offers technical and clinical potential. Various avenues for 

future work are also implied. 

Initial studies demonstrated the feasibility of constructing highly detailed patient-specific 

computational models from characterized intravascular images. Coarse meshes, readily 

constructed directly from geometry and pixel-wise class assignment information extracted from 

images, can successfully simulate displacement, though stress distributions resulting from such 

models are more tenuous. However, for application such as material mechanical characterization, 

which depends on displacement, these straightforward models are viable and have been shown to 

yield relatively accurate stiffnesses. Refined meshes formed by the assimilation of individually-

meshed plaque structures are more laborious to construct and reliant on morphological 

simplifications, but may be better suited for other applications, particularly those for which stress 

distributions and extremes are of central importance. However, the impact of the simplifying 

assumptions remains to be explored. 

One critical and ongoing direction of work is analyzing the impact of modeling 

assumptions. While previous work has shown that 3D modeling is superior to 2D models, and 

intima heterogeneity is critical to accurate stress calculations, the sensitivity and impact of more 

detailed techniques—including simplifying assumptions and choices made regarding retained 

resolution—must be quantified with respect to mechanical (simulation) outcomes. Comparisons 

of detailed models constructed from OCT data would also ideally be compared to models 

constructed from older, lower-resolution but well-validated imaging modalities (such as IVUS). 

Furthermore, the approaches presented here apply some degree of coarse posterizing of plaque 

morphology, and assume that all tissue of the same class share the same mechanical properties. 

These simplifying assumptions, which differ from elastography, warrant exploration. 

Additionally, while the ability to transform the coarse model to follow a 3D trajectory was 

developed in this work, it was not implemented in the demonstrative simulations, as accompanying 

angiographic data indicating imaged segments were not readily available. The impact of vessel 

trajectory is critical to fluid flow (and consequently CFD and FSI simulations), but it is unclear 
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whether, or under what conditions, the effects are as important in modeling the solid mechanics of 

the system. Finally, the impact of motion artifacts, non-uniform rotation, and non-tangential 

catheter alignment on 3D geometry reconstruction, modeling, and simulation should be examined. 

Beyond assessing the validity of assumptions and quantifying their impact on mechanical 

simulation results, a more fundamental question regarding model complexity must be considered. 

A compelling case has been made in favor of reducing patient-specific model complexity, rather 

than striving for ever-increasing detail, in order to achieve clinical translation and its concomitant 

benefits [339]. Indeed, that may well be true, but these different approaches need not be pursued 

or used exclusively—no single model will be applicable in all scenarios. Hybrid approaches, such 

as a lumped-parameter mesh model (like the non-isotropic linear-elastic spring mesh developed 

for smooth surface fitting in Chapter 2 [157]) could replace the far more complex FE model, with 

optimization of component parameters (e.g. spring constants) replacing the very computationally 

demanding inverse FEA process. Use scenarios demanding patient-specific model complexity, 

amenable to reduced model complexity, or possibly requiring a hybrid approach, should be 

identified to guide future work and improve likelihood of clinical impact. 

Additional information, which was assumed to be known in this work, is needed to perform 

mechanical characterization. In particular, to realize clinical and research utility, intraluminal 

pressure must be determined. As noted earlier, some form of load and displacement information 

is necessary in order to determine mechanical properties of a material. Further work must therefore 

undertake the task of measuring or estimating the pressure in an artery during its imaging. Given 

the frame rate and standard length of an OCT pullback, this data acquisition process lasts 

approximately 2.5 seconds. Therefore, it is to be expected that the patient’s heart will beat 2-4 

times during the imaging sequence, generating corresponding pressure waveforms. Given 

assumptions about the expected tapered shape of the coronary artery, as well as assumptions 

regarding standard pressure waveforms of the coronary artery, it may be possible to reconstruct a 

relative pressure trace corresponding to the luminal pressure experienced within the artery in each 

frame. Additional patient data (e.g. systemic blood pressure and other vital measurements), 

possibly in conjunction with lumped parameter models, may be necessary. Complications may be 

introduced by stenoses, which lead to diminished distal pressures, loading introduced by bulk 

motion and squeezing of the heart wall in which the arteries are embedded, and superimposed 

pressures induced by non-occlusive flush of blood-clearing media. Therefore, a strong preference 
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would be for direct pressure measurement to be acquired within the vessel concurrent to imaging, 

preferably with integrated hardware. 

Several improvements to the models are also worthy of exploration. First, in the theme of 

pressure variability, methods for obtaining zero-pressure geometry and comparing displacement 

throughout a dynamic loading process will likely be critical to future clinical use, where well-

controlled and constant intraluminal pressures would be difficult, if not impossible, to achieve. 

Extension of current approaches to achieve these capabilities should be possible, but will require 

more complex technical and logistical implementations. Second, refined models should 

incorporate more tissue classes (beyond calcium, lipid, and a third general class). Work exploring 

the utility of retaining mixed tissue as a separate class, or incorporating it with the fibrous class, 

should be considered. Finally, looking to applications beyond mechanical simulations, tissue-

specific properties of mass transfer (e.g. drug delivery) and biological response (e.g. inflammation, 

lipoprotein accumulation, calcification, and remodeling) can be incorporated into the model as a 

coupled, multi-physics platform. 

Even with current capabilities, the lesion-specific computational models developed in this 

chapter offer several exciting applications. One such application is the modeling of patient-specific 

lesions to determine clinically relevant characteristics. While designation of a plaque or lesion as 

“vulnerable” is generally an oversimplification (as discussed briefly in Chapter 3), certain 

characteristics have been shown to make plaques more or less susceptible to rupture. However, 

much less is known about the features which may be important to the gradual and catastrophic 

progression of plaque erosion, which is becoming an increasingly important and prevalent mode 

of acute coronary syndrome [340]. Furthermore, the relationship between plaque morphology and 

residual vasomotor capacity is not well understood. Through FE and CFD or FSI simulations and 

analysis of associated patient outcome data, the various morphological and mechanical features of 

plaques which make diseased vessels more or less stable and/or vasoactive can be explored and 

quantified. 

Another enticing application of the methods described herein is the assessment of devices 

and interventions in patient-specific and pathologically-relevant models. Despite tremendous 

progress made in the treatment of atherosclerosis and the devices used therein [2], complications 

and failures continue to dog the field. Using patient-specific arterial models and clinical 
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information on patient treatment and progression, it may now be possible to identify presently-

unknown factors which may impact success of treatment and mechanisms of device or treatment 

failure. Instances of devices of particular interest include bioresorbable vascular scaffolds, drug 

coated balloons, and atherectomy devices, the structure and deployment of which may be modeled 

and simulated within the context of the vessel model. For example, complications such as stent 

malapposition and strut fracture can be examined. The sensitivity and impact of various 

morphological and mechanical features of plaques may be quantified with respect to simulation 

and clinical outcomes. 

4.5. Conclusion 

In this chapter, the computational modeling and simulation of patient-specific vessels was 

described. Enabled by greater geometric and constitutive information extracted from clinically 

available intravascular OCT imaging, improved patient-specific models of individual artery 

segments were developed, offering the promise of more comprehensive assessment to guide 

clinical decision-making. An inverse approach utilizing the new models was also demonstrated for 

determining lesion-specific material properties, with promising results of in silico and in vitro 

validation shared. 

Models were developed with intricate, 3D heterogeneous structure on the basis of 

information which can be acquired non-destructively from patients. Offering greater model fidelity 

and wider applicability than previous methods, the approach was particularly amenable to use in 

in situ evaluations of mechanical constitutive properties through inverse FEA. By melding 

previous work on geometry and morphology segmentation with the simulation workflow, 3D 

material properties could be estimated for each tissue class on the basis of two image sequences 

acquired at different pressures. By segmenting mural structure in this way, constraints were 

imposed that negated the need for full displacement maps, which are susceptible to noise, typically 

one-dimensional or 2D, require homogeneity and uniform stress assumptions for direct stiffness 

estimates, and pose poorly constrained optimization problems. However, by leveraging this mural 

structure in defining the optimization target, richness in the dataset was preserved, thereby limiting 

the number of sequences required. 

The work laid out in this chapter implements and operationalizes the results of work 

reported in previous chapters in extracting greater information from data currently collected in the 
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clinical setting. With additional work, including the assessment of modeling assumptions and 

acquisition of intraluminal pressure data, the proposed work may well open new windows into the 

biomechanical state of atherosclerotic coronary arteries and provide expanded awareness of the 

mechanical context of interventions. A wide range of future directions for this work offers exciting 

and enticing opportunities for clinical, translational, and fundamental research applications. 
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Chapter 5 
 
Bridging the Chasm between Virtual & Physical Medicine 
with Synthetic Imaging 
 

Vessel geometry, morphology, and computational models 

hold great promise in interrogating fundamental questions in 

cardiovascular disease pathology. Integration of computation 

with medicine also offers great potential in refining and 

personalizing the diagnosis, prognosis, and treatment of 

patients. However, despite significant strides in modeling 

physiological systems, resulting from both advances in 

computing and understanding of governing mechanisms, 

translation to clinical use and patient care has been scarce. 

One impediment to crossing the chasm from computer to 

clinic is the discordance in data representation and 

visualization—the output of computational models doesn’t fit 

within the workflows and decision-making processes of 

clinical medicine. There are also impediments to crossing the 

chasm in the other direction, from clinic to computer. This 

represents a mismatch in priorities—while the clinic often 

cannot justify the complication risks and costs of testing and 

data acquisition not directly advancing patient treatment, 

computational models and researchers have an insatiable thirst for ever more data. In this chapter, 

a paradigm is presented to surmount the schism between physical and virtual medicine through the 

generation of synthetic medical images. Techniques developed to construct such images are 

described and compared, and potential applications and opportunities highlighted. 

  

AI ........ Artificial Intelligence 

cGAN .. Conditional Generative 
Adversarial Network 

CNN .... Convolutional Neural 
Network 

CT ....... Computed Tomography 

GAN .... Generative Adversarial 
Network 

IVUS ... Intravascular Ultrasound 

ML ...... Machine Learning 

MR ...... Magnetic Resonance 

OCT .... Optical Coherence 
Tomography 

ReLU .. Rectified Linear Unit 

RMSE . Root Mean Squared Error 

SGD .... Stochastic Gradient 
Descent 

VH ...... Virtual Histology 

2D ........ Two-Dimensional 

3D ........ Three-Dimensional 
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5.1. Synthetic Medical Imaging: Needs, Progress, & Challenges 

Even as increasingly capable and complex technologies and techniques are developed with 

the aim of advancing clinical practice, there remains a divide between engineers, scientists, and 

the medical doctors who are the target of growing sources of data and information. Concurrently, 

photo manipulation and generation facilitated through the application of artificial intelligence (AI) 

has prompted a reckoning in modern culture; convincing synthetic photos and videos force 

observers to question the reliability of their own discerning faculties while also providing 

opportunities to explore alternative realities that never came—or have not yet come—to pass. At 

the intersection of these trends lies unexplored opportunities for synthetic medical imaging. The 

implications of such technology in clinical medicine are both underexplored and profound; this 

potential solution to the translational gap offers both exciting prospects and foreboding 

admonitions. 

5.1.1 The Need for Synthetic Imaging in Medicine 

Integration of computation with medicine offers great promise in improving the diagnosis, 

prognosis, and treatment of patients. Significant strides have been achieved in modeling 

physiological systems, driven by both advances in computational technologies and mechanistic 

biological understanding. However adoption for clinical use and patient care has been 

disappointingly scarce [113]. One impediment to translation is incompatibility in data 

representation and visualization. The output of computational models, which can be highly 

technical and require specialized training to fully appreciate, isn’t readily integrated into the 

decision-making processes and workflows of medical practice. Furthermore, the disconnect 

between modeling and clinical practice acts in the opposite direction, inhibiting the medical 

knowledge and data from informing technological development. While scientists and engineers 

desire vast amounts of labeled image data with which to develop their models, clinicians often 

cannot justify the acquisition of additional data not directly advancing patient treatment, nor spare 

the time needed to laboriously label the data that is generated. Even so, the quality of the images 

that are acquired varies, and may compromise the utility to either group. These challenges are 

particularly prevalent in cardiology. 

Cardiovascular medicine is a data-rich specialty, capturing and communicating vast 

amounts of information numerically and visually as images. These modes of communication 
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establish a common language and facilitate holistic consideration—humans are particularly adept 

at interpreting information-dense images and rendering holistic assessment and judgment—and 

clinicians rely on visualization in diagnostic, prognostic, and intervention-planning workflows. 

However, their clinical utility is susceptible to variability in image quality, interpretability, and 

completeness. Specialization, training, and expertise also vary by imaging modality among 

clinicians and institutions. In some cases, honed clinical sense and intuition may enable experts to 

overcome these challenges, but this ability is case- and clinician-specific. Exacerbating these 

potential issues, the addition of new sources of information, even if complementary, may induce 

an information overload, whereby the additional information may provide limited benefit to, or 

even detract from, informed deliberation and consideration. Consequently, there is an unaddressed 

need to assimilate and fuse disparate complementary data, provide more coherent perspective from 

parochial images, and integrate information intuitively across or beyond imaging modalities. 

Furthermore, many technological advances, including computational methods, do not 

speak this “common language” central to clinical care, and so are not readily interpreted or 

integrated by those in the cardiovascular field. For example, patient-specific virtual phantoms—in 

silico representations of physical systems—promise to offer greater insight and foresight by 

computing parameters that are prohibitive to measure directly and simulating interventions or 

disease progression to inform treatment decisions, as discussed in Chapter 4.The outputs of such 

models, though, are often expressed in time-varying numerical solutions to partial differential 

equations, tensors of stress or strain distribution, or similarly abstruse structures, at best 

consolidated into arrays of metrics or somewhat more intuitive heat maps. Even such elaborate 

representations are not readily integrated into the image-based workflows and decision-making 

processes of personalized medicine [67], and so fail to reach their potential. Synthetic clinical 

imaging offers a potential means to provide the necessary “translation” to bridge this gap. 

In addition to facilitating clinical care and integrating technical advancements into medical 

practice, the lack of key clinical data obstructs the advancement of the medical technology itself. 

This is particularly true in the training and validation of image processing and image analysis tools 

to aid medical care providers in digesting and interpreting image data. Several challenges exist in 

this realm. First, training and validation of such methods typically require vast amounts of labeled 

data from which to learn and against which to be compared. This type of data is difficult to acquire 

in large quantities, as data must typically be labeled manually and painstakingly by experts with 



220 

substantial training (and even then is subject to human error and inter- and intra-observer 

variability in labeling). Beyond the issue of establishing reliable standards is the challenge of data 

imbalance, discussed in Chapter 3. Some features, phenotypes, or presentations are relatively 

scarce, which makes the training of methods to identify them difficult. Standard augmentation 

methods, such as mirroring or rotating existing images is inherently limited, yet increasing the data 

pool for these classes can take significant time (to encounter naturally in due course). Even when 

classes are sufficiently represented in the population and labeling can be reliably performed at 

scale, there is still the matter of collecting the data, which invokes potential cost, risk, ethical, and 

privacy considerations (particularly if not part of routine patient care). The ability to synthetically 

generate new data, particularly of scarce presentations, with inherent labels obviates each of these 

impediments. 

Technology development can be hindered by its unproven nature, cost, safety, and ethical 

considerations, and the acquisition of new or additional imaging data needed for its advancement 

or demonstration may not be justified. For example, computational methods (such as that used for 

constitutive property recovery discussed in Chapter 4) often require and consider multiple image 

acquisitions. While successful demonstration of such methods may unlock benefits for clinicians 

and patients, current (proven) benefit, clinical guidelines, and funding limitations do not 

substantiate the acquisition of additional imaging sequences. Such pragmatic considerations 

restrict exploration of new methods which could be employed if such data were available, and 

which have the potential to provide value justifying its acquisition in the future. Furthermore, 

methods (or devices) developed must be robustly validated in any use scenario. This important 

safeguard can significantly increase costs and delay deployment, as the method must be applied 

redundantly for extended periods and in a sufficiently diverse population of phenotypes. The desire 

to challenge and fully assess methodologies in a vast array of diverse presentations, while reducing 

the time and cost of such studies, has birthed an emerging paradigm of computer-simulated clinical 

trials for regulatory evaluation [341], which utilizes simulated patients and images but remains in 

its infancy. 

In various ways, synthetic imaging presents rich opportunities to address each of the above 

needs and challenges, as explored later in this chapter and by predecessors in the fledgling field. 
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5.1.2 Progress in Medical Synthetic Imaging 

AI and machine learning (ML) have gained tentative but growing popularity in medicine, 

and continue to offer great promise for their ability to tirelessly integrate vast amounts of data 

[122]. Applications to medical imaging are particularly attractive, especially in the field of 

cardiology where information-dense imaging has assumed a keystone role. Moving forward, AI to 

augment human intelligence and offer decision support offers perhaps the most challenging and 

beneficial future applications [133], [134]. Yet, while automated diagnosis, risk-stratification, 

decision-making, and intervention guidance are vaunted goals, more immediate contributions of 

AI will be to ancillary tasks and care delivery workflows [117]. Garnering particular interest are 

applications to collaboratively support clinicians in the amelioration of routine tasks [123], [125] 

and processing of incomprehensibly vast troves of medical data [125]–[129]. Residing at the 

intersection of routine task automation, big data processing, and augmented decision support, deep 

learning for medical image analysis is a booming, promising specialty [144]–[147]. A niche 

corollary in medical image generation and synthesis—which inverts prevailing paradigms of AI 

as an integrative tool of distillation—has attracted some interest in the research community as well, 

but is yet to find a foothold in any clinical applications [153]. However, recent exciting advances 

in ML addressing image processing and computer vision offer new possibilities for this specialty 

field. 

Interest has grown in medical image generation alongside progress in image segmentation 

within the medical imaging field. Motivation has been driven by difficulties in comparing data 

acquired with differing image modalities, as well as ethical considerations surrounding patient 

health and unnecessary risk exposure limiting availability of data for various research applications. 

Physics-based simulations can be conducted given a sufficiently simple system, sound 

understanding of the governing physics, and known, reliable physical behavior of the imaged 

tissues. For example, image generation has been accomplished with multiple radiation-based 

imaging modalities using ray tracing projections and Monte Carlo simulations, but these 

simulations required sophisticated anatomical models—digital or computerized phantoms—which 

are generated through constrained manipulation of intricate generic precursors [342], [343]. Even 

so, these existing anatomic models provide resolution on the organ, rather than tissue (or even 

cellular) scale, limiting their applicability to large scale imaging uses [343]. Furthermore, such 

physics-based models are not amenable to imaging systems governed by more complex physical 
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phenomena, which demand alternative approaches. The use of AI, which does not rely on a deep 

understanding of the physical principles underlying the imaging modality, are very attractive in 

such cases, and have motivated the application of ML, particularly generative adversarial networks 

(GANs), to the generation of medical images [153]. 

In GANs, two models—a generator and a discriminator—are trained concomitantly and in 

adversarial fashion, wherein the generator learns to construct more and more realistic images while 

the discriminator learns to distinguish original images from synthesized ones with greater and 

greater precision; the output of the generator serves as an input to the discriminator, and the output 

of the discriminator contributes to the loss of the generator [287]. In conditional GANS (cGANs), 

the two models are also provided with a structured input, which the network learns to map to the 

desired output image. Real images serve as the target for the generator and labeled input data to 

the discriminator. (See Section 5.2.1 for a more comprehensive description.) 

GANs have found several applications in medical image generation. Researchers have used 

computational techniques to generate synthetic images independent of any reliance on physical 

imaging principles [153]: magnetic resonance (MR) images have been directly translated into 

corresponding x-ray [344] and computed tomography (CT) images [345], [346] without a virtual 

phantom intermediary or physics-based simulator. However, these methods require an existing 

image dataset to transform; they would not facilitate generation of image data from a manipulated 

model—that is, one for which there may exist no physical basis in reality and consequently no 

directly corresponding imaging data. Intriguing work by Shin et al. generated MR images using a 

cGAN from a brain atlas manipulated to introduce various tumor labels [347]. Though able to 

introduce variation by imprinting new features (i.e. tumor label) onto the atlas, the map was 

otherwise static and did not facilitate further interaction or computational modeling. Still, 

highlighting both the protection of personal health information and the ability to augment training 

data for the detection of relatively scarce features, the images were subsequently used to augment 

a dataset in training a tumor segmentation network, improving its performance [347]. However, 

investigation of comparable applications to the intravascular imaging sub-field have been 

underexplored. 

Intravascular optical coherence tomography (OCT) and intravascular ultrasound (IVUS) 

provide cross-sectional images of a blood vessel wall which provide rich information to 
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interventional cardiologists, as discussed extensively throughout this thesis. OCT images have 

been previously simulated for research purposes through physical first principles by modeling the 

propagation and coherence of optical signals [112]. However, they have not been of complex 

physical systems such as arterial walls, but rather exceptionally simple physical systems 

(specifically gelatinous cubes with a hard inclusion) [112]. Simulating more complex systems has 

previously not been achieved, nor applied in a larger system. Indeed, interactions between highly-

variable heterogeneous materials, internal reflections resulting from complicated geometry and 

morphology, and the unintuitive nature of coherence measurement combine to make precise 

physics-based simulation of OCT images nearly intractable. IVUS images have been generated by 

a physics-based ultrasound image simulator and subsequently refined through several iterative 

applications of GANs to improve image texture and overall authenticity of appearance [348]. 

While producing convincing images, the method required both physics-based modeling to obtain 

general patterns and ML methods to improve texture and realism of the image. The more severe 

limitation, however, was that it only considered a homogeneous wall comprised of a single 

material [348], and thus was not applicable in clinically relevant diseased states. No solutions have 

been proposed for simulating intravascular imaging of diseased vessels relevant to clinical 

treatment. 

5.1.3 The Endeavor to Bridge the Chasm between Virtual and Physical Medicine 

This chapter details technological advancements and insights that inform an optimistic and 

enthusiastic perspective on how computational modeling and assessment of diseased vessels, 

developed from intravascular imaging, can be integrated into the clinical workflow. Integrating 

and building upon the achievements, lessons, and insight of work presented in the previous 

chapters, the work of this chapter seeks to bridge the chasm between virtual and physical medicine 

through synthetic medical imaging. Such a bridge enables emerging research platforms, including 

those presented in this thesis, to inform prognosis and treatment of atherosclerosis and advance 

fundamental knowledge of pathology and intervention mechanisms. 

A series of methods was explored with the purpose of generalizing the concept of image 

processing to not just deduce, but also communicate, information of interest. By learning the 

unspoken nomenclature of images in conveying geometric and morphological information, an 

unconventional approach to image processing was developed to express such information in 
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familiar visual vernacular from any digitized source of choice. In particular, synthetic medical 

images were generated of tissue or systems which may or may not have a basis in a physical, 

existing tissue or system. The work primarily applied ML methods to generate realistic OCT and 

IVUS images of diseased arteries given only cross-sectional tissue class label maps. The 

generation approaches were largely agnostic to imaging physics, and relied only on the basic 

assumption—arising a priori and thoroughly confirmed through the previous work on tissue 

characterization and segmentation (Chapter 3)—that different tissues appear differently (that is, 

interact differentially with the imaging system). Indeed, the goal of this work to generate realistic 

intravascular images of diseased arteries given only cross-sectional tissue class label maps can be 

essentially framed as the reversal of the tissue classification procedure. 

In this chapter, an AI tool is developed to synthesize enhanced yet familiar clinical images 

to augment the cardiologist’s visual clinical workflow. A departure from other AI approaches in 

cardiology [115], [150], it is adept at handling very real clinical scenarios by accommodating 

preconceived notions of appearance to quickly convey relevant information not available from 

individual raw images. This platform can fuse disparate complementary data to provide more 

coherent perspective from parochial images; anatomic inputs can be reconstructed as composites 

of several sources of data and information, resulting in a single comprehensible and intuitive visual 

representation. Images acquired with one modality can also be rendered as those of another. The 

tool demonstrates the potential to assimilate otherwise overwhelming sets of data with high speed 

and volume capacity. As such, the AI tool could potentially advance—rather than simply 

automate—honed clinical sense by integrating augmented information into enhanced yet familiar 

clinical images. The methodological framework is presented here, drawing in intravascular 

imaging to illustrate the potential of this approach. 

Furthermore, maps used by the image generation models can be extracted from an in silico 

model, like those discussed in the previous chapter. Such models may be built and/or manipulated 

independent of existing source image data; computational models—virtual and in silico 

representations of the physical system—not only enable generation of different projections and 

views, but, through simulation and modeling, visualization of the system at different time points 

and conditions. The capability to project in a familiar way information from tissue class spatial 

maps extracted therefrom may be key to closing the loop between clinicians and virtual models by 

transforming technical information contained within the computational models into clinically 
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relevant visual representations for interpretation by medical experts. This capability also offers 

unique, fully-controlled and inherently labeled datasets to aid in technology advancement. 

The following sections describe work in generating synthetic intravascular images and 

potential applications for such technology in the cardiology field at large. Initial foundational and 

informative work applied a simplified and intuitive physics-based model, following the basic 

principles of ray tracing, to simulate OCT images; results served as a useful baseline for 

comparison and an opportunity to appreciate the limitations of such approaches. Recent 

advancements in applying deep learning, a form of AI and ML, were subsequently used to generate 

synthetic medical images by learning the underlying relationship between system morphology and 

appearance in varying image modalities. Alongside the technological platform, the following 

section focuses on select proposed applications and clinical utility, including integration of 

augmented morphological information for clinical interpretation, merging of hybrid or multimodal 

image datasets for unified visualization, as well as translation between modalities. Consideration 

of future applications suggest that synthetic imaging could become a mainstay clinical tool for 

diagnostic, prognostic, and intervention-planning workflows in which cardiologists regularly 

render holistic assessment and judgement of visual data. The technological framework furthered 

herein offers promise in enhancing ancillary support of diagnosis and prognosis, improving 

training and education of clinicians, and advancing further technology development and testing. 

5.2. Synthetic Image Generation 

Integrating knowledge of vascular anatomy, pathology, and imaging, a well-performing 

approach was devised through various iterations and applied to synthesize realistic images 

replicating intravascular OCT and IVUS on the basis of vessel geometry and morphology. A 

preliminary approach optimized a mechanistic (physics-based) model to generate OCT images on 

the basis tissue distribution. Subsequent approaches leveraged the powerful, modern tools of deep 

learning; in brief, a neural network was trained on characterized images of coronary artery cross-

sections (posterized representations of the various classified tissue types comprising the wall; 

Chapter 3) and the associated IVUS or intravascular OCT images. The generative networks were 

then able to construct realistic synthetic IVUS or OCT images given just a classification map 

(which may be entirely contrived, determined through characterization of alternative imaging 
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modalities, defined by a computational model, or estimated from other data sources). The training 

and performance of these methods were critically assessed. 

5.2.1 Problem Definition and Technical Structure 

Translation of a class label map into an image is not a new problem in ML. However, 

details of the implementation are not universally applicable—though they are largely independent 

of the underlying imaging physics, factors such as data structures, loss functions, architectures, 

and hyperparameters should conform to the specific problem being addressed, as well as the 

specific aims and goals of the image generation. For example, the image generation goal can be 

cast as any of the following: (1) minimizing the intensity difference between real and generated 

images resulting from the same underlying physical composition; (2) minimizing the error of 

subsequent reclassification routines performed on the generated image (i.e. deviation from the 

input classification map); or (3) minimizing the ability of a human or machine to determine 

whether or not the generated image is real. 

In this work, such map-to-image translation was performed for OCT using a simplified 

physics-modeling approach and two different ML methods: basic pixel-by-pixel regression with 

hand-picked features, and cGAN image generation. All three leveraged knowledge of the dataset, 

underlying physiology and pathology, and basic understanding of the imaging modality to output 

estimates of grayscale (intensity) values for each pixel of the synthetic image. The actual grayscale 

value of corresponding pixels in the original images—discrete positive integers between 0 and 

255—represented the target values during the model training process. Note that, while OCT 

images are usually presented as gold-colored images, they are, in fact, just grayscale intensity 

images to which a known color map is applied to aid shade differentiation by the human eye. 

Therefore, to reduce the complexity of the problem, target images were converted to their 

corresponding grayscale representations and the models similarly generated grayscale images (to 

which the known color map could subsequently be applied). This aspect of the data structure across 

methods, which leveraged contextual knowledge of the problem and dataset, allowed the transition 

from three-dimensional (3D) to two-dimensional (2D) outputs through exclusion of color 

information. 

MATLAB (MathWorks, Natick, MA), running on a local workstation (2 Intel Xeon 

processors, 12 GB RAM), was utilized to implement the physics-based approach, which relied 
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upon functions in the Optimization Toolbox. Colaboratory (Google, Mountain View, CA) was 

utilized as the primary computational resource for the ML methods, with model construction, 

training, and testing executed on a virtual machine running Python 3 code with a graphics 

processing unit hardware accelerator. NumPy and TensorFlow libraries were used in implementing 

the regression and cGAN models, respectively. MATLAB was used for data pre- and post-

processing. 

Physics-Based Model Formulation 
In the basic physics-based approach, pixel-wise grayscale intensity values were calculated 

by explicitly modeling physical processes which give rise to images using optimized tissue optical 

properties. In brief, a method akin to ray tracing explicitly modeled light propagation, attenuation, 

and reflection within the vessel wall, and found optimal tissue parameters governing these 

processes for each class. Grayscale values were predicted for each individual pixel. In this case, 

the only aforementioned goal that could be readily expressed in the formulation of this model was 

(1), minimizing the intensity difference between corresponding pixels of the real and generated 

images. 

As for ray-tracing methods employed to simulate other modalities (e.g. CT), this approach 

was broadly guided by the underlying physics governing the imaging. OCT and IVUS imaging are 

performed in polar (cylindrical) coordinates, with the images being constructed in polar columns 

(A-lines) radiating from the catheter; the signal is generated and subsequently detected from within 

the catheter—located at the center of the image. The signal penetrates, and is attenuated, scattered, 

and reflected within, the vessel wall, whose constituent plaque tissues display distinct optical and 

echoreflective properties (Figure 5.1). Considering this physical process, tissue distribution was 

considered in polar coordinates, with each of 7 tissue types (calcium, fibrous, lipid, mixed, healthy 

or media, perivascular, and obscured/shadowed) being assigned a unique set of material optical 

properties, μ—one lumped attenuation and scattering term (as both mechanisms prevent signal 

from returning to the detector) and one reflection term. From these values, probability maps were 

constructed for each given plaque distribution, with each indexed pixel corresponding to the 

properties of the tissue class label at that point; patt indicated the probability that a signal would be 

attenuated (or scattered) while passing through the region of tissue represented by the pixel, while 

pref indicated the probability that a signal would be reflected while passing through the space. To 

generate more realistic images, scaled normally distributed random noise was introduced to the 
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Figure 5.1. Schematic of the physics-based method used in the synthetic image generation method. By tracing the 
path of a “ray” through discretized tissue elements, an estimate of the probability that the signal is reflected and 
returns to the imaging sensor for a given element (and thus the strength, or brightness, of the signal) could be made. 
Each material class (shown here in various colors) had different properties, which dictated the probability that a 
signal was reflected or attenuated (or scattered) within a discrete region of that material. In each element, a signal 
could be reflected back towards the receiver, attenuated (absorbed), scattered (redirected away from the receiver), 
or pass through unaffected; various such outcomes are shown. However, rather than a single ray of light/signal with 
a single outcome (as shown), outcomes were considered in probabilistic terms for a large starting population of 
signal emitted into the column (A-line). Element size is exaggerated here for clarity; individual pixels served as the 
discrete material elements. 
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maps of pref and patt (imitating in part the effect of discrete scatters distributed throughout the 

tissue). Consequently, the probability that signal passes through the tissue is the remainder: 

 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑟𝑟,𝜃𝜃, 𝜇𝜇) = 1 − 𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎(𝑟𝑟,𝜃𝜃, 𝜇𝜇) − 𝑝𝑝𝑟𝑟𝑟𝑟𝑟𝑟(𝑟𝑟,𝜃𝜃, 𝜇𝜇). (69) 

(Note that an equivalent interpretation is that the probabilities, p, indicate the fraction of a signal 

that experiences the given outcome.) The resulting strength of the signal reflected at each pixel, 

attenuated in both directions of travel, formed the reconstructed, synthetic image (Is), which can 

be expressed: 

 𝐼𝐼𝑠𝑠(𝑟𝑟,𝜃𝜃, 𝜇𝜇) = 𝐵𝐵 × 𝑝𝑝𝑟𝑟𝑟𝑟𝑟𝑟(𝑟𝑟, 𝜃𝜃, 𝜇𝜇) × ∏ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝜌𝜌,𝜃𝜃, 𝜇𝜇)2𝑟𝑟−1
𝜌𝜌=0 , where (70) 

B is a scalar brightness multiplier to achieve a maximum brightness equal to that observed in the 

training dataset. Note that the return of signal undergoing multiple internal reflections within the 

wall, which increases the complexity of the model exponentially, was not considered. 

The image, as the real one, was generated in initial raw, uncompressed format. For 

optimization purposes, the compressed grayscale image format of the actual (i.e. real) images 

(Icompr) therefore had to be transform back to their initial uncompressed format (Ia) [218]: 

 𝐼𝐼𝑎𝑎(𝑟𝑟, 𝜃𝜃) = �𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑟𝑟,𝜃𝜃)

255
�
4
. (71) 

The optimal material optical properties, μ, were identified by employing a nonlinear 

programming solver. The standard interior-point approach to constrained minimization found the 

minimum of a constrained nonlinear multivariable function to identify the model parameters (μ*) 

that minimized mean absolute error (L1 loss) for all pixels indices (r,θ) across all Ntrain images in 

the training dataset: 

 𝜇𝜇∗ = argmin
𝜇𝜇

1
𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

∑ ℒ(𝐼𝐼𝑠𝑠(𝜇𝜇), 𝐼𝐼𝑎𝑎)𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑛𝑛=1 , where (72) 

 ℒ(𝐼𝐼𝑅𝑅(𝜇𝜇), 𝐼𝐼𝑎𝑎) = ℒ𝐿𝐿1(𝜇𝜇) = ∑|𝐼𝐼𝑠𝑠(𝑟𝑟,𝜃𝜃, 𝜇𝜇) − 𝐼𝐼𝑎𝑎(𝑟𝑟,𝜃𝜃)|. (73) 

To reduce degrees of freedom while imposing domain knowledge of the modality, the optical 

properties of shadow were fixed such that its probability of attenuation/scatter was 100%. 

Because the physical elements which produce the catheter and guidewire artifact were not 

encoded in the tissue map, imaging artifacts, if desired, had to be added in a secondary step. The 

location and arc length of the guidewire shadow of the vessel wall was used to infer the position 
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of the guidewire relative to the imaging catheter, and this information was used to introduce the 

high-intensity intra-luminal crescent-shaped guidewire reflection artifact. The concentric rings of 

the imaging catheter artifact in the center of the image were added using the artifact observed in 

the training dataset as a simple template. 

Regression Model Formulation 
In the basic pixel-by-pixel regression approach, pixel-wise grayscale intensity values were 

predicted based on a set of curated features. Using standard supervised ML regression techniques, 

regression models were trained to predict grayscale values for individual pixels, thereby 

“generating” images in a piece-wise manner. In this case, as for the physics-based model, the only 

aforementioned goal that can be readily expressed in the formulation of this model is (1), 

minimizing the intensity difference between corresponding pixels of the real and generated images. 

Feature selection and representation presented the primary challenge, and required 

consideration of the underlying physics governing the imaging to ensure all relevant information 

was made available to the model (an undesirable feature, for reasons described earlier, which 

motivates the use of alternative ML methods). However, unlike the physics-based formulation, the 

processes did not need to be explicitly modeled, providing some added freedom and flexibility. 

Considering the physical processes, described above, encoded data included pixel tissue class 

assignment, radial depth, and the total number of proximal pixels (i.e. discretized tissue elements 

between the catheter and the given tissue element) belonging to each of 8 pixel classes (calcium, 

fibrous, lipid, mixed, healthy or media, perivascular, obscured/shadowed, and lumen), altogether 

resulting in 10 features. Pixel tissue class assignment was represented as a one-hot encoded vector: 

𝑦𝑦 = [𝑦𝑦1, … ,𝑦𝑦𝐾𝐾]T, where 𝑦𝑦𝑘𝑘 = 1 if pixel 𝑖𝑖 belongs to class 𝑘𝑘, and 𝐾𝐾 = 9 is the total number of 

encoded pixel classes (the 8 classes noted above and another for the central catheter artifact 

region). All other features (including target grayscale intensity values) were standardized: 

 𝑥𝑥(𝑓𝑓)
(𝑖𝑖) =

𝑥𝑥(𝑓𝑓)
(𝑖𝑖) −𝑥̅𝑥(𝑓𝑓)

𝜎𝜎(𝑓𝑓)
, (74) 

where the subscript 𝑓𝑓 indicates the feature index, 𝑥̅𝑥(𝑓𝑓) is the feature value mean: 

 𝑥̅𝑥(𝑓𝑓) = 1
𝑛𝑛
∑ 𝑥𝑥(𝑓𝑓)

(𝑖𝑖)𝑛𝑛
𝑖𝑖=1 , (75) 

and 𝜎𝜎(𝑓𝑓) is the feature value variance: 
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 𝜎𝜎(𝑓𝑓) = �1
𝑛𝑛
∑ �𝑥𝑥(𝑓𝑓)

(𝑖𝑖) − 𝑥̅𝑥(𝑓𝑓)�
2

𝑛𝑛
𝑖𝑖=1 . (76) 

Recognizing that non-linear interaction between features may play an important role, feature 

spaces were constructed using 1st- and 2nd-order polynomial bases. 

Standard supervised ML regression techniques were used to train regression models to 

predict grayscale values for individual pixels, thereby “generating” images in a piece-wise manner. 

Each pixel was associated with a set of values (𝑥𝑥(𝑖𝑖)) corresponding to the aforementioned curated 

features and calculated during a pre-processing step, and the intensity difference between 

corresponding pixels of the generated and real images was minimized. Squared error was 

implemented as the loss function: 

 ℒ �𝐼𝐼𝑠𝑠�𝑟𝑟(𝑖𝑖), 𝜃𝜃(𝑖𝑖)�, 𝐼𝐼𝑎𝑎�𝑟𝑟(𝑖𝑖),𝜃𝜃(𝑖𝑖)�� = �𝐼𝐼𝑠𝑠�𝑟𝑟(𝑖𝑖),𝜃𝜃(𝑖𝑖)� − 𝐼𝐼𝑎𝑎�𝑟𝑟(𝑖𝑖),𝜃𝜃(𝑖𝑖)��
2
 (77) 

where ℒ is the loss function, 𝐼𝐼�𝑟𝑟(𝑖𝑖),𝜃𝜃(𝑖𝑖)� is the grayscale value at discrete polar coordinate/pixel 

index �𝑟𝑟(𝑖𝑖),𝜃𝜃(𝑖𝑖)�, and subscripts 𝑠𝑠 and 𝑎𝑎 indicate synthetic and actual images, respectively. A 

linear hypothesis class ℎ was considered for transformed feature set 𝜑𝜑(𝑥𝑥): 

 𝐼𝐼𝑠𝑠(𝑟𝑟,𝜃𝜃) = ℎ(𝑥𝑥;Θ,Θ0) = ΘT𝜑𝜑(𝑥𝑥) + Θ0 (78) 

where Θ and Θ0 are the fit model parameters. Regression was treated as an optimization problem 

to find parameters that minimize mean squared error (with optimal parameters indicated by an 

asterisk, *): 

 Θ∗,Θ0∗ = argmin
Θ,Θ0

1
𝑛𝑛
∑ ℒ �𝐼𝐼𝑠𝑠�𝑟𝑟(𝑖𝑖),𝜃𝜃(𝑖𝑖)�, 𝐼𝐼𝑎𝑎�𝑟𝑟(𝑖𝑖),𝜃𝜃(𝑖𝑖)��𝑛𝑛
𝑖𝑖=1 + 𝜆𝜆‖Θ‖2. (79) 

Here, 𝜆𝜆 is a trade-off parameter providing weight to the regularizing term, which was added to 

prevent overfitting and reduce estimation error. Following best practices, stochastic gradient 

descent (SGD) with minimum step size 𝜂𝜂 was performed to identify these optimal model 

parameters: 

 𝜂𝜂(𝑡𝑡) = 0.01
√𝑡𝑡+1

. (80) 

Conditional Generative Adversarial Network Model Formulation 
In the cGAN image generation method, full grayscale images were generated by the 

generative network based on the full input class label map (Figures 5.2 and 5.3). Neither physical 
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process modeling nor physics-informed feature design was required, providing the greatest 

freedom and flexibility of the three approaches described here. Furthermore, in this case, both 

goals (1) and (3)—minimizing the intensity difference between corresponding pixels of the real 

and generated images and the ability to determine whether or not the generated image is real—can 

be readily expressed in the formulation of the model. 

In the formulation of the network that follows, note that notation differs here somewhat 

from that used in the physics-based and regression model formulations as described above. Here, 

𝑥𝑥 represents the conditioned input (the tissue class label map), 𝑦𝑦 represents the target (actual 

grayscale image Ia) image, and 𝑧𝑧 represents a random noise vector. Furthermore, 𝐺𝐺 represents the 

 
Figure 5.2. Schematic structure of the cGAN used in the synthetic image generation method. The network was 
comprised of a generator and a discriminator. The generator was provided with a conditioned input encoding the 
distribution of various tissue types and other key features of the image, and generated a corresponding image. The 
discriminator was provided with the same conditioned input as well as an image, and judges whether the image is 
real or fake (given the known tissue distribution and image features encoded in the conditioned input). During 
training, the generator is penalized based on direct comparison between the synthetic and target image and on the 
discriminator’s ability to identify its synthetic images as fake; the discriminator is penalized for falsely identifying 
the real target as fake or the synthetic image as real. 
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generation network (which produces synthetic image Is) and 𝐷𝐷 represents the discriminator 

network. 

The overall loss of a cGAN can be expressed as the combined binary cross-entropy loss of 

the discriminator 𝐷𝐷 when evaluating the true image (𝑦𝑦) and the output image from generator 𝐺𝐺, 

given the same conditioned input 𝑥𝑥: 

 ℒ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐺𝐺,𝐷𝐷) = log𝐷𝐷(𝑥𝑥,𝑦𝑦) + log �1 − 𝐷𝐷�𝑥𝑥,𝐺𝐺(𝑥𝑥, 𝑧𝑧)��. (81) 

As an adversarial network, generator 𝐺𝐺 is optimized to minimize this loss, while discriminator 𝐷𝐷 

is optimized to maximize this loss. The generator is further constrained, as in previous approaches 

to image generation [286], to concurrently minimize mean absolute error (i.e. L1 loss): 

 ℒ(𝐺𝐺,𝐷𝐷) = ℒ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐺𝐺,𝐷𝐷) + 𝜆𝜆ℒ𝐿𝐿1(𝐺𝐺), where (82) 

 ℒ𝐿𝐿1(𝐺𝐺) = ∑|𝑦𝑦 − 𝐺𝐺(𝑥𝑥, 𝑧𝑧)|. (83) 

 
Figure 5.3. Workflow of the synthetic image generation method, illustrating the training of the conditional 
generative adversarial network and application of the resulting generator. Classification maps utilized as input 
images to train the conditional generative adversarial network were generated through image classification (e.g. 
by CNN or VH) and prepared for cGAN input by subsequent image processing. Here, the OCT generator is shown, 
though an additional generator was trained to generate IVUS images. Conditioned input of classification maps are 
shown here as color-coded images to represented multidimensional one-hot encoded arrays. 
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Generator network weights were updated to minimize this weighted combination of mean absolute 

error (L1 loss) and error resulting from the discriminator’s ability to differentiate the generated 

and target images. 

Summation was taken over the entirety of the image on a pixel-by-pixel basis, and 

hyperparameter 𝜆𝜆 was again a trade-off parameter, here providing weight to the L1 loss term. L1 

loss has been found to encourage the generator to match the low frequency features of target 

images, but alone this loss function typically produces blurry images [286]. The cGAN loss term 

has been found to encourage the generator to match the high frequency features of target images, 

such as texture and style, but may not enforce global consistency and structure [286]. These loss 

terms are therefore combined to achieve sharp images with high-level structure. 

During training, discriminator and generator loss, ℒD and ℒG, respectively, are considered 

separately for the purposes of weight optimization and back-propagation: 

 ℒD(𝐺𝐺,𝐷𝐷) = −�log𝐷𝐷(𝑥𝑥,𝑦𝑦) + log �1 − 𝐷𝐷�𝑥𝑥,𝐺𝐺(𝑥𝑥, 𝑧𝑧)���; and (84) 

 ℒG(𝐺𝐺,𝐷𝐷) = log �1 − 𝐷𝐷�𝑥𝑥,𝐺𝐺(𝑥𝑥, 𝑧𝑧)��+ 𝜆𝜆ℒ𝐿𝐿1(𝐺𝐺). (85) 

The logarithm function prevents the loss from being dominated by outlier contributions, 

facilitating the consideration of overall trends. It can be seen that these component loss functions 

result in the same optimal points for the discriminator and generator as the overall loss function ℒ 

(Equation 82). In particular, the optimal generator (i.e. generator with optimal weights; 𝐺𝐺∗) is the 

one that minimizes both ℒ and ℒ𝐺𝐺  (given an optimal discriminator): 

 𝐺𝐺∗ = argmin
𝐺𝐺

max
𝐷𝐷

ℒ(𝐺𝐺,𝐷𝐷) = argmin
𝐺𝐺

max
𝐷𝐷

ℒG(𝐺𝐺,𝐷𝐷). (86) 

Feature selection and representation were fairly straightforward in comparison with the 

physics-based and regression models, as specific features of relevance need not be identified a 

priori—one of the benefits of neural networks. However, choices regarding data structure did 

leverage knowledge of the imaging modality and imaged subject matter. For example, by utilizing 

grayscale rather than colored representations, the network required only one output channel, rather 

than three (corresponding to the red, green, and blue channels of colored images)—and their 

corresponding learned series of weighted connections. To facilitate use of standard activation 
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functions and normalize the operating range, target images were linearly scaled from 8-bit integer 

representation in the range [0, 255] to the consolidated range [-1, +1]: 

 𝑦𝑦 = 𝑦𝑦0
255

× 2 − 1. (87) 

Reducing the complexity of the problem in this way, and consequently the dimensionality of the 

output, yielded immediate improvements in the speed of training progression (both in number of 

iterations and time to execute each iteration), and may have contributed to reduction of some 

artifacts that were observed in preliminary systems which utilized colored images. 

Furthermore, unlike image-to-image translation, which accepts input with numeric 

representation [286], the tissue class label map was represented with one-hot encoding of the 

discrete features. Each of the K channels represented a class, such that the information was encoded 

as a 500×500×K array (resized to base-2 friendly 512×512×K for network processing) with each 

channel representing a feature and exactly one channel activated for any given pixel (Figure 5.4). 

The K classes that were represented required some consideration and heuristic exploration. Initial 

classes included the 7 tissue types considered above (calcium, fibrous, lipid, mixed, healthy or 

media, perivascular, and obscured/shadowed), as well as lumen and image frame (the black region 

filling the square image in which the round data-inclusive image—converted from acquired polar 

coordinates—is set). After observing that the network struggled with the localization of the 

catheter artifact that appears in the center of every OCT image, an additional feature representing 

this artifact’s location was added, thus adding at 10th layer (K = 10; Figure 5.4). 

The architecture of the implemented cGAN reflected that of a model investigated as a 

general-purpose image-to-image translation solution by Isola et al. [286], with key modifications 

to better suit the application. The generator encoder-decoder network (Figure 5.5) progressively 

downsampled then upsampled the input (thereby forming a “U” shape) with recurring convolution, 

 
Figure 5.4. Feature representation for a single image prepared for input to the cGAN, using one-hot encoding with 
K = 10 features. Binary maps show, from left to right, (A) calcium, (B) fibrous tissue, (C) mixed tissue, (D) lipid 
tissue, (E) media and non-pathological tissue, (F) shadow, (G) lumen, (H) perivascular tissue, (I) catheter artifact, 
and (J) image frame. Channels were stacked in 3D (out of the plane of the page; 500×500×10), but are shown here 
in concatenated (2D) form for viewing and convenience. 

A B C D E F G H I J



236 

 

 
Figure 5.5. U
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s) concatenate channels of equal size. 
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batch normalization, and rectified linear unit (ReLU) activation operations. Several blocks of the 

generator encoder were subject to stochastic dropout. Additionally, skip connections concatenated 

channels in layers of the encoder with channels in a subsequent, equally-sized layers of the 

decoder, thereby generating a U-net [285]. The discriminator network (Figure 5.6) constituted a 

convolutional neural network (CNN) which progressively downsampled the conditioned input and 

accompanying image with recurring convolution, batch normalization, and ReLU activations. 

 
Figure 5.6. CNN architecture of the discriminator used in adversarial training of the U-net to generate synthetic 
intravascular images. Blue boxes indicate multi-channel feature maps resulting from convolution, normalization, 
and activation operations. A grayscale image (real or fake) and tissue map (one-hot encoded) are provided as input; 
a scaled confidence map is output. During training (concurrent to the generator), the discriminator is penalized by 
binary cross-entropy loss for incorrectly designating a classifier-generated (fake) image as authentic or a ground 
truth (real) image as inauthentic (Figure 5.2). 

Input
(512×512×11)

Output
(30×30×1)
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Detailed descriptions of the network architectures and illustrative diagrams can be found in 

groundbreaking papers by Ronneberger et al. [285] and Isola et al. [286]. The network 

implemented here deviated somewhat from those in the papers, particularly in the number of input 

and output channels, as well as the number of upsampling and downsampling layers, in order to 

accommodate the selected data structures and input size. Otherwise, the hidden layers reflect those 

implemented by Isola et al. [286]. Note the similarity of the network to that used in semantic 

segmentation to characterize images (Chapter 3), which was, in fact, an adaptation of the cGAN 

network presented here. 

Training was performed for 50 epochs using SGD with adaptive step size 𝜂𝜂 selected by the 

Adam method, which accounts for objective function gradient and momentum to promote timely 

convergence. Whereas other image generation approaches often apply random jittering and 

mirroring to the training dataset to induce randomness and avoid overfitting, it was expected that 

jittering would be counterproductive in this application, as the center of the image, which always 

includes a predictable imaging artifact, should remain fixed. However, the rotational orientation 

of an image around that center point is arbitrary (dependent upon the uncontrolled initial radial 

position of the catheter at the time the acquisition is initiated—a general characteristic of 

intravascular imaging), so random rotation was instead implemented to introduce randomness (in 

addition to random mirroring, which was retained). Therefore, target images and conditioned 

inputs were subjected to random rotation (in 90o increments, to avoid interpolation-driven loss of 

information) and mirroring to avoid, or at least delay and reduce, overfitting of the data. 

5.2.2 Demonstration, Refinement, and Assessment of Image Generation Approaches 

To demonstrate, refine, and assess the various image generation approaches, synthetic 

image generate was implemented using clinical datasets of characterized intravascular images. 

Dataset 
Two image datasets, one including OCT images and the other including IVUS images, 

were utilized in this study. Both datasets were described in detail in Chapters 2 and 3 (and previous 

publications [157], [160], [161]). All three generation methods were trained to synthesize OCT 

images and used the former dataset. Only the cGAN method was trained to synthesize IVUS 

images and used the latter dataset. 
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As described previously, intravascular OCT and IVUS provide cross-sectional images of a 

blood vessel wall. In diseases such as atherosclerosis, aberrations and lesions in the lumen (central 

blood passageway) and wall can be visualized, identified, and delineated. Such features include 

stenosis (narrowing of the lumen), devices (such as stents and vascular scaffolds), and plaque 

(heterogeneous fatty deposits; hallmark of atherosclerosis) [18]. While manual annotation of 

various plaque components is possible and the resulting information can be useful in quantifying 

the disease state, this process is time consuming, requires significant training, and is subject to 

high variability between experts. Some IVUS systems are equipped with virtual histology (VH) 

capabilities, which utilize supplementary radiofrequency to automatically label tissue, albeit with 

relatively low resolution, but no such capabilities exist in established OCT systems. Motivated by 

these challenges, discussed in Chapter 3, deep learning methods and neural networks have been 

applied to fully segment vessel walls imaged with OCT into standard tissue classes associated with 

atherosclerosis—calcium, lipid tissue, fibrous tissue, mixed tissue, non-pathological tissue or 

media, and no visible tissue (i.e. guidewire shadow artifact) [160], [349]. Similar methods have 

been applied to fully segment grayscale IVUS images into the comparable tissue classes—dense 

calcium, necrotic core, fibrous tissue, fibrofatty tissue, and non-pathological tissue or media [161]. 

The resulting dataset offers cross-sectional tissue class label maps of diseased coronary arteries 

along the full tomographic series (Figure 5.7). This progress in image segmentation within the 

medical imaging field has assumed a critical role in enabling growth in the field of medical image 

generation. 

The first dataset consisted of 751 OCT cross-sectional images of coronary arteries and their 

associated tissue classification maps (Figure 5.7). These medical images were drawn from 

pullbacks performed in 7 distinct patients in the course of their treatment; each patient underwent 

invasive angiography and were found to have one or more coronary stenosis of intermediate or 

greater severity. OCT imaging was performed in accordance with standard clinical acquisition 

procedures [18], as described for the same imaging dataset utilized in work described in Chapters 

2 and 3 [157], [160]. The acquired images were 500×500 pixels in size. OCT images were fully 

segmented into standard tissue classes associated with atherosclerosis using the CNN-based 

method described in Chapter 3 [160]. 
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The second dataset consisted of 553 IVUS cross-sectional images of coronary arteries and 

their associated tissue classification maps. These medical images were drawn from pullbacks 

performed in 8 distinct patients in the course of their treatment. VH-IVUS imaging was performed 

in accordance with standard clinical acquisition procedures [19], as described for the same imaging 

dataset utilized in work described in Chapter 3 [161]. The acquired images were 648×648 pixels 

in size. IVUS images were fully segmented into standard tissue classes associated with 

atherosclerosis by VH [235].  

The encoded classes varied somewhat by modality, as reflected in the tissue 

characterization work discussed earlier (Chapter 3). In OCT, the six segmented classes were: 

calcium, lipid tissue, fibrous tissue, mixed tissue, non-pathological tissue or media, and no visible 

tissue. In IVUS, the five classes were: dense calcium, necrotic core, fibrous tissue, fibrofatty tissue, 

and non-pathological tissue or media. Of note, classified plaque types were unequally represented 

in the dataset (Tables 5.1 and 5.2). The label maps generated by the classification network and VH 

system were post-processed to label the vessel interior (lumen), exterior (perivascular tissue), 

catheter artifact, and black outer frame (Figure 5.7). (Intravascular image data are acquired in polar 

coordinates but displayed in Cartesian coordinates, so the circular image is framed to complete the 

 
Figure 5.7. A representative image pair illustrating an original cross-sectional OCT image of a coronary artery 
(left) and the associated map of the plaque classification (right). White: calcium; Red: lipid tissue; Dark green: 
fibrous tissue; Light gray: shadow (no visible tissue/catheter artifact); Dark gray: media and non-pathological 
tissue; Magenta: lumen; Cyan: perivascular tissue; Black: outer frame. An additional class (mixed tissue; light 
green), does not appear in this cross-section but is present in others. 
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rectangular representation.) Locations of these additional classes were all deterministically implied 

by the combined geometry of the original tissue classes and the image dimensions. 

A portion of each set was reserved exclusively for testing and validation. Of the image-

map pairs, 500 from each set were randomly selected for use in training and the remaining pairs 

were reserved for testing and validation. For the regression model, pixels were pooled for the 

frames allocated to each subset and randomly selected for use. 

Evaluation Process 
Parametric analysis was performed to evaluate the impact of, and sensitivity to, various 

hyperparameters, and to select the best values for the ML methods. Refinement, assessment, and 

comparison between methods was performed for OCT images. The hyperparameters which 

resulted in the best (most desirable) performance were selected for subsequent use. For the 

regression model, regularizer weight (𝜆𝜆; Equation 79), feature polynomial base order, and 

maximum number of training iterations were varied, and changes in cross-validation root mean 

squared error (RMSE) and execution time were compared. Images generated from the resulting 

models were qualitative compared (Figure 5.10). For the cGAN model, the relative weight (𝜆𝜆; 

Equations 82 and 85) of the generator loss function components—L1 loss (mean absolute error) 

and GAN loss (differentiability of generated images from real images by the discriminator)—were 

varied, and the resulting changes in the various discriminator and generator loss functions were 

quantified. Again, images generated from the resulting models were qualitative compared. The 

Table 5.1. Relative content of tissue classes within the classification maps of the OCT dataset 
 Tissue Class 
 

Calcium Lipid Tissue 
Fibrous 
Tissue 

Mixed 
Tissue 

Media/Non-
Pathological  

No Visible 
Tissue 

Portion of 
Vessel Wall 2.07% 19.51% 29.98% 4.78% 36.94% 6.73% 

Portion of 
Total Image* 0.09% 0.83% 1.27% 0.20% 1.56% 0.29% 

*Balance of image (95.76%) comprised of lumen, perivascular tissue, and outer “frame” 

Table 5.2. Relative content of tissue classes within the classification maps of the IVUS dataset 
 Tissue Class     

 
Dense 

Calcium 
Necrotic 

Core 
Fibrous 
Tissue 

Fibrofatty 
Tissue 

Media/Non-
Pathological 

Portion of 
Vessel Wall 2.75% 7.62% 37.70% 19.17% 32.76% 

Portion of 
Total Image* 0.25% 0.69% 3.39% 1.73% 2.95% 

*Balance of image (90.99%) comprised of lumen, perivascular tissue, and outer “frame” 
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cGAN model was subsequently extended and applied to generate IVUS images, which were 

qualitatively assessed. 

5.2.3 Results and Analysis 

The three methods—explicit physics modeling, feature-based regression, and conditional 

adversarial generation—differed substantially in quantitative and qualitative performance, 

differing in training time, execution speed, and synthetic image fidelity. Representative images 

generated with physics-based and ML approaches, utilizing the tissue class label map and 

emulating the real image shown in Figure 5.7, are displayed side-by-side in Figure 5.8. 
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Figure 5.8. Representative actual (top left) and synthetic OCT images generated through simplified physics-based 
simulation (i.e. ray tracing; top right), regression modeling (bottom right) and cGAN synthesis (bottom left), 
corresponding to the same underlying tissue label map (i.e. structure; Figure 5.7). The three synthetic images 
illustrate some distinct similarities and differences in brightness, texture, and realism. 
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Physics-Based Image Generation and Impact of Noise 
The physics-based image generation method employing a simple model of the OCT 

imaging modality successfully generated synthetic images from the provided tissue class label 

maps. Optical property (μ) optimization (i.e. training; Equation 72) took 2.4 ± 0.1 hours to 

complete. Subsequent image generation required just 0.56 ± 0.06 seconds per frame, though the 

computation time was dominated by polar-Cartesian conversion (0.49 ± 0.02 seconds per frame); 

the method was otherwise highly scalable and rapid. 

 
Figure 5.9. The physics-based method captured general features of the true images it aimed to recapitulate. 
Relative to the real image (top left), the generated images appeared somewhat posterized and cartoonish due to 
their deterministic relationship with the provided label map (top right). This was particularly true without added 
noise (bottom left); the introduction of noise to the attenuation and reflection probability maps introduced a 
semblance of texture, enhancing the realism of the image (bottom right). 
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A resulting image generated in this manner is shown in Figure 5.8 (top right). The image 

is notably quite bright, with high levels of contrast. Also of note, the physics-based generated 

image demonstrates a posterized, cartoonish appearance arising from the image’s deterministic 

relationship with the provided label map, though the introduction of artificial noise somewhat 

disrupted this artificial appearance and introduced a semblance of texture, enhancing the realism 

of the image (Figure 5.9). 

Parametric Study of Regression Model Hyperparameters 
Training the regression model was a relatively fast endeavor. A single iteration took 63.2 

seconds, but 106 iterations took just 151.9 seconds, highlighting a highly non-linear scaling 

relationship (Figure 5.10). For the model, 1st-order polynomial basis feature representation offered 

far better performance than 2nd-order polynomial basis not only in execution time—which is 

expected, as the number of transformed features was increased from 18 to 189—but also in cross-

validation RMSE. Therefore, 1st-order polynomial basis feature representation was implemented 

in subsequent testing and validation. RMSE was found to increase monotonically with regularizer 

𝜆𝜆, which indicated that any decrease in RMSE attributable to greater generalizability arising from 

the regularization was more than offset by increases in loss arising from the repression of 

hypothesis complexity (structural error); the regularizer did have some positive effect in a narrow 

range for the exponentially higher dimension (and worse performing) 2nd-order polynomial basis 

model. Nevertheless, a marginal degree of regularization (λ=10-1) was retained as a precautionary 

measure. With these hyperparameters, results converged within 105-106 iterations (Figure 5.10). 
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Figure 5.10. Parametric analysis quantifying the impact of hyperparameters on regression model performance. 
Model performance is quantified in terms of cross-validation RMSE and execution time. Top: Regularizer loss 
term weight (λ) and feature polynomial base order were varied and results were evaluated after 105 iterations of 
training. Middle: Detailed view showing a subset of values for the 1st-order polynomial basis from the first plot 
(top). Bottom: Convergence was assessed over increasing training iterations for the 1st-order basis with λ = 10-1. 
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Interestingly, though not surprisingly, results of the regression model share several features 

with those generated by a simple physics-based model. This is largely expected, as the features 

selected for representation in the regression model input data were deliberately selected with 

consideration of the same governing physical imaging process and principles. Due to the inherently 

deterministic relationship with the provided tissue label map arising from a linear relationship 

among basic features, images appeared similarly posterized and cartoonish—even more so than 

the physics-based method due to the absence of introduced noise. However, a departure of the 

physics-based image from the regression-generated image was the brightness of each, with the 

former being generally much brighter than the latter. This is likely because expected exponential 

decay of the light signal with depth was explicitly modeled by the physics-based method, but could 

not be achieved by the simple linear regression model. As a consequence of the limited dynamic 

range which could be achieved, the optimal model which minimized the global error for generating 

the images—which, due to limited penetration depth of the signal, are dominated by poorly-

visualized tissues with dark appearance—was one with broadly dark grayscale values. As rapid 

drop-off and large intensity differences between adjacent tissue was not feasible, this regression 

approach may only be valid in scenarios where imaged tissues possess qualities resulting in 

constant or linearly diminishing signal intensities, which precludes most pathological vascular 

tissue (particularly lipid). 

cGAN Loss Contributions and Progression with Training 
Although hyperparameter 𝜆𝜆 (L1 loss weight; Equation 85) only modified the generator loss 

function, it was found to play a significant role in the training progression and performance of both 

the generator and the discriminator of the cGAN. Regardless of this weight value, the general trend 

during training was for both generator and discriminator loss magnitudes to initially decrease 

rapidly, then subsequently continue to increase (Figures 5.11 and 5.12). When observing training 

and outcome with respect to weight value, including the edge cases in which only L1 loss or GAN 

loss were used (but not a weighted combination of both), interesting trends arose. (Note that the 

“λ = ∞” case indicates that only the λ-weighted L1 loss term was considered and the GAN loss 

was neglected, not that the actual applied weight was infinitely large.) L1 loss quickly allowed the 

generator to defeat the discriminator (incur low GAN loss), but the generator subsequently 

becomes progressively less successful as training continued and the discriminator developed 

further. Indeed, when L1 loss was used alone, the discriminator was, over time, able to achieve 



248 

nearly 0 loss (i.e. correctly identify every generated image as fake and every real image as such). 

Furthermore, while heavily weighting or exclusively using L1 loss allowed the generator to rapidly 

achieve low L1 loss (as expected, because this was the objective which the generator was being 

optimized to achieve), GAN loss alone was still able to achieve similarly low L1 loss values nearly 

as quickly and in a sustained manner. Finally, it can be observed that generated loss and real loss—

discriminator loss resulting from misclassification of generated and real input images, 

respectively—follow each other closely as training progressed. This is not unexpected, as 

convincing output from the generator makes it more likely that the discriminator misclassifies both 

real and generated images (since they are alike), while unconvincing output from the generator 

makes the discriminator’s task easy, such that it is able to successfully distinguish one from the 

other consistently and incurs little loss on either front (akin to a high-margin problem). As noted 

earlier, a successful image generation system is therefore one in which generator loss is low but 

discriminator loss is high. 

 

 
Figure 5.11. Progression of cGAN generator and discriminator losses over 50 epochs (left), with a close-up view 
of the 1st epoch (right), for various values of hyperparameter λ (L1 loss weight). Both generator and discriminator 
loss magnitudes initially decrease rapidly, then subsequently continue to increase. (This phenomenon is present 
but masked in the generator loss plots due to the exceptionally high initial loss values in networks with large λ 
values and the resulting scaling.) 
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Figure 5.12. Progression of cGAN loss components over 50 epochs (left), with a close-up view of the 1st epoch 
(right), for extreme values of hyperparameter λ (i.e. when only GAN or L1 loss, but not both, are considered by 
the generator). Components of loss for the generator (L1 and GAN loss; Equation 85) and the discriminator 
(Generated and Real; Equation 84) coevolved. When the generator weight updates considered only GAN loss (λ 
= 0; ability to fool the discriminator), L1 loss dropped marginally more slowly but achieves low values while 
constraining GAN loss. When considering only L1 loss (λ = ∞; deviation of grayscale values), L1 loss dropped 
quickly and remained low, but GAN loss (inability to fool the discriminator) increased quickly and continuously. 
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Images generated from the resulting models were qualitative compared as well (Figure 

3.14). As expected, when the L1 loss was heavily weighted (e.g. λ = 104) or used exclusively (λ = 

∞), the image reflected the general intensity pattern but lacked local, high-frequency features such 

as texture and were smooth and blurry. (This expectation is discussed in Section 5.2.1’s subsection 

on “Conditional Generative Adversarial Network Model Formulation.”) However, when L1 loss 

was neglected entirely (λ = 0, considering only GAN loss), global structure was somewhat less 

consistent, with some abnormal splotches and non-uniformities present. Overall, the loss weight 

hyperparameter (λ) was found to significantly affect the training progression and performance of 

both the generator and the discriminator, and a loss function with a small L1 loss contribution 

(weight) produced the best performing generator (Figures 5.11, 5.12, and 3.14). The importance 

of the combination of both loss contributions suggests that a reductionist approach is insufficient. 

Replicating local structure, as evaluated by the discriminator, without enforcing global coherence 

and structure was insufficient, just as a focus on average intensity matching without integration of 

high-frequency features and texture failed to achieve desired outcomes. 

Time to execute each of the 50 training 

epochs was largely consistent for and between 

each weighted loss function (Figure 5.13). 

Average times per epoch were 61.3 ± 0.4, 64.4 

± 0.5, 62.9 ± 0.6, 61.3 ± 0.7, and 57.5 ± 0.5 

seconds, for the λ = 0, 1, 102, 104, and ∞ cases, 

respectively. These measured times represent a 

maximum deviation of 12% between cases, with 

standard deviations for each of less than 1% of 

their mean time. Complete training time (over 

50 epochs) took 51.3 ± 2.0 minutes. 

 
Figure 5.13. Time to execute each of the 50 training 
epochs for given weighted loss functions. The initial 
epoch included several logistical steps beyond the 
basic training, and iterations 20 and 40 were 
designated as checkpoints to save progress, so these 
three epochs exceeded normal training times. 
Excluding these values, average times per epoch were 
61.3±0.4, 64.4±0.5, 62.9±0.6, 61.3±0.7, and 57.5±0.5 
seconds, respectively. 
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Figure 3.14. OCT images generated with various hyperparameters governing the balance of error contribution (λ) 
after 15 and 50 epochs of training. When neglecting adversarial loss (λ = ∞), generated images reflected general 
intensity pattern but lacked local, high-frequency features such as texture and were blurry. When considering only 
adversarial loss (λ = 0), global structure was less consistent, with abnormalities and non-uniformities present. 
Signs of overfitting emerged after extensive training, as illustrated by the inclusion of the shadow artifact visible 
in the true image but not encoded in the conditioned input (yellow arrow); such signs had not emerged by the end 
of the 15th training epoch. Conditioned input shown here as color-coded representation of multidimensional array. 
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Some signs of overfitting emerged after extended training regardless of which weighted 

loss function was used. While each OCT-derived class label map should have included exactly one 

region of no visible tissue (i.e. shadow), the classification algorithm used to generate the images 

(described in Chapter 3 [160]) was fallible; in the particular true image replicated in Figure 3.14, 

the shadow occurred in a non-pathological segment of the wall, so no shadow artifact was 

segmented, and consequently, this class label did not appear in the map used to generate the images 

shown. Therefore, the dark, shadowed region indicative of this class should not necessarily appear 

in the generated image, as it did in the real one. However, after several epochs, such a feature did 

appear in some models. While the model may have learned some more fundamental rules about 

the location and occurrence of such features independent of its class label, it is probable that this 

instead constituted an example of overfitting as the model learned to replicate the target image 

from nearby images which weren’t excluded from training. This observation reinforced the need 

to segregate training and testing data by patient (rather than pooling patient data prior to set 

division) and to closely monitor validation progression during training to identify signs of 

degrading performance with increased training. Failing to do so would be expected to lead to poor 

performance when applied to new datasets. Equivalent to memorizing solutions to an equation 

rather than learning to solve them, through overfitting the model may learn to recognize specific 

label maps and output the associate image rather than learning underlying structure-appearance 

relationships allowing for the construction of entirely new, unfamiliar images. 

Building upon lessons learned from comprehensive assessment of image synthesis in OCT, 

the cGAN method of synthetic image generation was applied to IVUS. Both adversarial loss and 

mean absolute error (L1 loss) were considered to achieve a balance between general, globally 

consistent intensity pattern and local, high-frequency features (e.g. texture). As opposed to the 

CNN characterization output, VH served as a highly-detailed, reliable, and convenient source of 

conditioned input for cGAN training to synthesize corresponding grayscale IVUS images. Early 

attempts revealed that the network sometimes struggled to learn the proper placement of the scale 

bars embedded in the images (which is unsurprising given the spatial invariance and loss of relative 

spatial information inherent to the convolutional process). Therefore, in addition to the various 

tissue classes, perivascular tissue, lumen, image frame, and catheter artifact features encoded in 

OCT image generation (Figure 5.4), the scale bars imprinted in the IVUS images were included as 

an additional one-hot encoded channel. With these tweaks to the optimal strategy learned for OCT, 
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IVUS images were generated with a cGAN network that recapitulated the true images with 

excellent fidelity (Figure 5.15). 

 

 
Figure 5.15. IVUS images generated with a cGAN network recapitulate the true images with excellent fidelity. 
Building upon lessons learned from comprehensive assessment of image synthesis in OCT, both adversarial and 
L1 loss were considered (λ = 1); images reflected general intensity pattern and demonstrated local, high-frequency 
features (e.g. texture). Conditioned input derived from the VH-IVUS data (top right) is shown as a concatenated 
ribbon along the top of the image (top). In addition to the various tissue classes, perivascular tissue, lumen, image 
frame, and catheter artifact features encoded in OCT image generation, the scale bars imprinted in the IVUS 
images were included as an additional one-hot encoded channel. The true (target) grayscale image (top left) is very 
similar to the cGAN output after 15 (bottom left) and 50 (bottom right) epochs of training. 
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5.3. Applications in Cardiology 

In the previous section, physics-based and AI systems were developed to generate 

intravascular images based upon (patho)physiological tissue morphology. Models could likely be 

generated for any desired imaging system or acquisition parameters given sufficient training data. 

Exciting applications of these models in ancillary systems are envisioned that empower clinicians, 

who retain full autonomy and authority in the interpretation and decision-making processes. 

The above-described systems achieve competences that otherwise either require significant 

artistic and specialized medical training or simply could not be achieved by a human. They offer 

capabilities that may assist clinicians in making diagnoses, determining intervention success, 

evaluating patient state, and more, as well as capabilities that assist medical device developers in 

optimizing and/or training new computational tools. Because tasks performed by these systems 

either cannot be completed by a human, or require an immense amount of time and high degree of 

training, skill, and expertise, there are no viable, currently available alternative options to the 

above-described systems. Previously, one technical hurdle has been the lack of training data to 

develop the ML component of the above-described systems; this has only recently been solved by 

work described in this thesis (Chapters 3). As such, these systems were not feasible, and therefore 

not developed, previously. However, with further work in the field of tissue classification quickly 

growing, becoming more accurate and more widely available, opportunities to refine and expand 

application of synthetic image generation models becomes increasingly feasible. The absence of 

precedent invites speculation and inspired vision for this budding technology. 

One field in which synthetic imaging and virtual medicine offers tremendous unrealized 

promise is cardiology. Idealized and image-based models of diseased coronary arteries are already 

used to better understand the pathological mechanisms of lesion progression and vulnerability 

[103]. ML models have also blossomed in the field of cardiology, though with few applications 

translated to the clinic [114]. Fully realized concepts of “computational cardiology” [67] remain 

encumbered by barriers to integration with physical medicine, stranding years of work in modeling 

and image analysis across a chasm from the clinical bedside. New approaches are therefore sorely 

needed to bridge the gap; synthetic imaging may serve this role bridging role to merge physical 

and virtual medicine. 
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The full implications of such technology are still yet to be considered, but some potential 

applications are described here. The framework suggested for the bridging of physical and virtual 

medicine alludes to several possible applications of synthetic medical imaging in (interventional) 

cardiology. The ability of the methods described in Section 5.2 to generate synthetic medical 

images of tissue or systems which may or may not have a basis in a physical, existing tissue or 

systems enables several potential uses in the medical imaging and other medical or healthcare 

technology fields. While these systems more generally utilize tissue classification maps as 

intermediaries to achieve various tasks requiring full or partial image synthesis, the applications 

described below specifically address systems which would use ML and classified plaque maps (as 

specified in the technical description of Section 5.2) to construct whole or partial intravascular 

cross-sectional images of blood vessels. In this section, an exploration of several specific 

applications is presented with some preliminary results and proof-of-concept demonstrations. 

5.3.1 Modality Conversion 

Synthetic imaging from a plaque map intermediary facilitates the ability to select the 

modality in which image-encoded information is expressed. Indeed, once the underlying tissue 

architecture is established, images portraying physical structure can be synthesized for any 

applicable image modality. As such, images can be translated between modality renderings 

through this shared commonality, facilitate image sharing for consult or transfer of care when 

modality standards, preferences, or specialties differ, or in co-registering image series acquired 

with varying modalities in the course of longitudinal patient care or trials. 

The presented method has been applied to convert from VH-IVUS to OCT images via a 

plaque map intermediary (Figure 5.16). VH-IVUS, as well as some validated ML methods using 

grayscale IVUS (Chapter 3), can generate tissue/plaque maps of arterial wall cross-sections. These 

maps may then be used to generate corresponding OCT images of the same wall segment. The 

same methods have also been applied to generate grayscale IVUS images from tissue/plaque maps 

obtained from OCT tissue characterization routines (Chapter 3) in the same manner. 
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This application allows for imaging datasets acquired with different modalities, potentially 

during different patient visits or at different medical centers, to be directly compared, and also for 

a clinician to review the conveyed morphological data in the visualization and representation of 

choice. As such, this system might be useful for integration into (electronic) medical record 

systems by allowing for “conversion” of arterial imaging data among various 

representations/modalities. It may also aide in clinical study and research data management, as it 

could loosen limitations regarding equipment and expertise for clinical center inclusion (e.g. if a 

center only has IVUS capabilities, but a study is seeking and utilizing OCT data to monitor clinical 

endpoints). 

Modality conversion may assist in the co-registration of image sequences of inconsistent 

modalities. Co-registration is the identification (and alignment) of corresponding frames and 

relative orientation between multiple image acquisition sequences. Given two image sequences of 

the same vessel segment (or some common section thereof) acquired with different modalities, 

one image sequence could be converted from one to the other such that both are visualized as if 

they were acquired by the same modality. The two sequences could then be more readily be co-

registered, providing a one-to-one matching of the frames of one series to those in the another. 

However, the system need not be constrained to replicating standard modalities exactly; by 

training the AI to replicate contrast-enhanced images or providing the system with additional 

information to integrate, fundamental limitations of a modality can be transcended. 

 
Figure 5.16. Synthetic image generation enables “multimodal imaging” through translation between IVUS and 
OCT. Synthetic OCT images were generated from VH data associated with IVUS frames, which provided plaque 
label maps that were fed to the trained OCT generator. As such, the synthetic OCT images represent the exact “co-
registered” image, allowing for direct comparison of the synthetic OCT image to the real IVUS one it emulates. 

Real IVUS Labeled Tissue
(Real VH-IVUS)

Synthetic OCT
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5.3.2 Enhancing Images 

Synthetic image generation can 

address shortcomings in medical imaging 

by ameliorating challenges in image 

quality, interpretability, coherence, 

completeness, and granularity (Figure 

5.17). This can be achieved in part either 

through the fusion of imaging data or the 

employment of computational sub-

routines. 

One exciting prospect is the ability 

to select not only the modality in which 

image-encoded information is expressed, 

but also which enhancements to apply to 

standard modality rendering. Indeed, the 

goal need not be exact replication, replete 

with flaws and shortcomings. For example, by training the AI network to replicate images 

enhanced to aid in interpretation and use of the images [65], inherent limitations of a modality can 

be addressed without subsequent post-processing. Similarly, artifacts can be excluded and 

obscured regions manifested. 

Image generation technology offers advanced capabilities and improved imaging, for 

example by completing an image with an obscured region (Figure 5.18). Such areas include the 

shadowed region present in intravascular OCT images due to the presence of a guidewire. In the 

sample implementation shown (Figure 5.18), expected, likely, or nominal classifications of 

obscured pixels could be determined from supplemental or contextual information (e.g. through 

region growing and/or iterative mode filtering). A complete synthetic image from the resulting 

classification map was generated. This image could stand alone, or obscured pixels of the original, 

incomplete image could be replaced with the corresponding pixels of the generated image. 

(Additional ML techniques for completing partial images, not requiring tissue classification map 

precursors, may be applicable here as well, though the use of tissue maps to condition generation 

 
Figure 5.17. Synthetic image generation addresses 
shortcomings in medical imaging. Artificial intelligence 
can ameliorate challenges in image quality, interpretability, 
coherence, completeness, and granularity, offering 
promising applications in clinical decision-making and 
education. 
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of the missing segment enables the imposition of continuity and integration of a priori and domain 

knowledge.) 

In addition to addressing regions obscured by imaging artifacts, ambiguities resulting from 

limitations of the modality itself can be clarified using a priori and contextual information. The 

platform can generate synthetic intravascular images intuitively visualizing augmented 

morphological information for clinician interpretation. For example, information on the vessel 

geometry and morphology extracted from the initial OCT image, such as those described in 

Chapters 2 and 3, can be reported to the AI system. One illustrative set of images is shown in 

Figure 5.19. An initial series of acquired images was automatically processed and analyzed to 

ascertain information on the vessel morphology, and this enriched set of information was in turn 

used to generate enhanced images. In this case, automated image processing algorithms developed 

in this thesis characterized the frame and leveraged contextual information from adjacent frames 

and physical continuity constraints to enrich the underlying anatomy beyond that immediately 

visualized by the lone OCT frame. Consequently, while OCT has limited penetration depth in the 

presence of fatty plaques and regions obscured by guidewire shadows, the synthetic OCT images 

 
Figure 5.18. One possible approach for an application to improve incomplete or partially obscured images. An 
image is classified (e.g. by a CNN), from which a classification map and shadow mask is prepared through image 
processing. The shadowed region of the corresponding classification map is filled (e.g. through region-growing), 
and a synthetic image is generated from the resulting conditioned input. The synthetic image may be used 
independently, or those pixels corresponding to the shadow mask may be transferred to the original image. 

Image Classification Fill Shadow of Classification Map

Synthetic ImageInsert Synthetic Shadow Region into Original

Initial Image

Final Processed Image
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could be generated a fully-visible wall region and no such obfuscating artifact. Whereas limited 

penetration depth and image artifacts of the initial images do not allow for complete assessment 

of plaque burden or composition, remodeling, or vessel size—information critical for guiding 

treatment decisions and planning (e.g. pharmacotherapy prescription or lesion preparation and 

stent sizing for intervention)—this information is presented for clinician assessment in the subtly 

enhanced, synthetic set of images. Synthetic OCT imaging could therefore potentially rival IVUS 

imaging in far field visualization while retaining advantages of OCT imaging in the near field, 

overcoming the main limitation of this modality, with implications for both diagnostic and clinical 

decision-making purposes. 

In addition to leveraging contextual and domain knowledge through computational sub-

routines enhancing the information extracted from within a single image acquisition sequence, the 

platform can increase visible information and decrease ambiguity by integrating data from multiple 

sources. The platform transforms a digital representation of tissue anatomy (specified underlying 

physical structure of diseased vascular morphology), typically derived from stacked clinical 

images, into corresponding synthetic images for clinician interpretation. However, one benefit of 

 
Figure 5.19. Synthetic image generation addresses shortcomings in medical imaging. Images are synthetically 
generated based on anatomy, determined using any combination of data sources and modalities. Relative to the 
unprocessed acquired OCT image (here the sole source of underlying anatomy), the generated synthetic image 
shows the full vessel wall with enhanced feature discrimination, with no arc concealed by guidewire shadow (*) 
or far-field feature (e.g. vessel border) obscured due to limited penetration depth and signal dropout (†). Note that 
the corresponding IVUS frame was considered in verifying the geometry and morphology extracted from the OCT 
frame, but was not actually used to generate the “output” image in any way. 
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this transformation is that knowledge of the tissue architecture underlying the images need not be 

derived from a single source, but can be enhanced by integrating geometric and morphological 

information from various imaging acquisitions, modalities, processing and analysis algorithms, or 

patient test results, thereby unifying all relevant available information into a single coherent 

representation (Figure 5.19). For example, the labeled map of atherosclerotic plaques and adjacent 

tissue can be derived from manual annotation, virtual histology, automated image characterization, 

or any combination thereof. 

A specific form of this integration is the fusion of multimodal imaging. Due to the tradeoffs 

typical of imaging modalities, hybrid and multimodal technologies (combining modalities) are 

being explored to take advantage of distinct strengths and negate shortcomings [21], [26], [32]. 

However, preliminary efforts to overlay or fuse the various acquired images are typically 

unintuitive and difficult to interpret [202], [210], [211], [214], [232]. The framework developed 

here suggests an entirely alternative approach whereby structural information—the key insights 

offered by imaging—are first extracted from each available modality, then combined into a single 

digital representation of physical tissue structure from which a single image (or whichever desired 

modality) is generated, negating the need to contrive an entirely new visual representation that 

otherwise results from fusion of images from different modalities. 

Finally, acquired images can be recreated with decreased ambiguity and noise. Because the 

generation method is dependent only on provided anatomical (conditioned) input, the system is 

unlikely to learn and encode acquisition artifacts and irregularities, and as such does not inject 

them into the synthetically generated images. Figure 5.19 shows how synthetically generated 

images can enhance views of diseased vessel geometry and morphology from modalities which 

suffer from shadowing artifact and undesirable signal attenuation. The resulting image shows the 

entire vessel wall in familiar and interpretable format without gaps, greater discrimination of 

lesions, and fewer artifacts. Note that the guidewire shadow typically present in OCT images was 

electively excluded from the synthetic image (Figure 5.19), and artifacts arising from insufficient 

blood flush were not present. Whereas guidewire shadow obscures a significant arc of the original 

acquired image and highly-attenuating lesion obfuscates abluminal tissue, corresponding segments 

of the generated synthetic image clearly illustrate vessel wall structures. 
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5.3.3 Abnormality Identification 

Visible abnormality identification could assist clinicians making diagnoses and providing 

clinical care. In this application, a system could generate a synthetic image based upon the 

expected or classified tissue/plaque map, and this image would be compared to an actual image of 

the same physical segment. Direct comparison between the synthetic image (generated based upon 

standard presentation of the patient’s given morphology) and the actual/real image (reflecting the 

actual presentation of the patient’s morphology), could highlight unexpected findings and potential 

abnormalities warranting attention and further review. 

The discriminator, trained in tandem with the generator as part of the GAN to distinguish 

real or fake images based upon the provided plaque map, may also offer utility. The discriminator 

may aid in distinguishing between imaging artifact and physiological signal by flagging artifact-

affected image segments as “fake.” I may also assist in detecting possible instances of image 

tampering, a concern briefly addressed in Section 5.4. 

5.3.4 Model Training and Method Evaluation 

Image data can be generated for model training or method evaluation in research and 

development. Similar to the following application, images can be generated with a plurality of 

various plaques in known locations within a displayed arterial cross-section. Such a system allows 

for a practically infinite pool of inherently-labeled images; the method offers an unlimited source 

of sample images of nearly any conceivable physical scenario. The images and labels may 

thereafter be provided as input to a computational or numerical model (such as a ML model) to 

train, test, validate, and/or otherwise optimize the model or image processing, quantification, and 

analysis method, technique, or tool. Such derived image data could contribute to an emerging 

paradigm of computer-simulated clinical trials for regulatory evaluation in which image analysis 

systems are trained or validated on synthetic images [341]; the U.S. Food and Drug Administration 

is already exploring the use of synthetic images generated from physics-based models in computer-

simulated (virtual) clinical trials for regulatory evaluation [341]. 

In addition to employing the generator to synthesize images on which to test new methods, 

the trained discriminator could also be employed in quantifying confidence in classification or 

characterization of images. For example, the characterization map resulting from a new 

characterization method could be supplied as conditional input to the discriminator along with the 



262 

real image. The output of the discriminator would reflects the accuracy of the characterization 

method, since the actual image should always be discriminated as “real” given an accurate 

corresponding characterization map (conditional input). Alternatively, the system could generate 

a synthetic image based upon the tissue/plaque maps determined by the new characterization 

process. The synthetic image and actual image—upon which the characterization process was 

performed—could then be compared and quantified (either through direct comparison of images 

or by the discriminator). 

5.3.5 Education and Training 

Before reaching the clinic, initial application may well be in education and training. Just as 

synthetic images can be used to train and test computational algorithms, AI-powered medical 

image generation offers a unique tool to facilitate human education and training, particularly for 

medical professionals. Synthesizing medical images from morphological templates offers a 

limitless source of physiology-based images without the challenges of appropriate patient data 

acquisition and management, including ethical concerns, acquisition risk, and procedural cost. 

Nearly any conceivable physical scenario—even rare phenotypes, contraindicative conditions, or 

mild disease states which would not justify invasive imaging—could be rendered for illustrative 

educational purposes. Moreover, inherent label maps provide keys for identification tasks. 

Learners can therefore be presented with images of one or more relevant modalities depicting any 

underlying pathology to reinforce structure-appearance and inter-modality relationships. In the 

course of, for example, medical student training, professional certification or licensing exams, or 

continuing education courses, images could be generated and presented to a trainee, who would 

then be tasked with identifying the type and location of plaques, or performing diagnostic tasks. 

5.3.6 Representing Virtual Models through Clinical Images 

The ability to synthetically generate clinical images presents rich opportunities to integrate 

patient-specific virtual phantoms into the image-based workflows and decision-making processes 

of personalized medicine [67]. Computational models—virtual and in silico representations of 

physical systems—not only enable generation of different projections and views, but, through 

simulation and modeling, visualization of the system at different time points and conditions. This 

application is central to the paradigm proposed herein to surmount the schism between physical 

and virtual medicine (Figure 5.20). The suggested process is as follows: clinicians collect data, 
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including images or other anatomical and morphological data, from a patient; these data are used 

to generate patient-specific computational models; various simulated tests and procedures are 

performed on the virtual patient; and finally, results of the simulations are transformed back into 

clinical data, including images, to enable seamless integration and assessment by the care team. 

Outcomes could inform decision-making and guide procedure execution for the patient, or could 

be used to validate and assess outcomes of tests and procedures that are undertaken. 

This framework for clinician-driven personalized medicine is enabled, rather than 

governed, by ML. The role of ML, specifically deep learning neural networks, here is twofold 

(Figure 5.20): classification to segment images (to generate detailed patient-specific models) and 

tissue map-to-image translation to generate clinically-relevant images from model-derived (or 

image-derived) morphological maps. By introducing novel application of these approaches, 

formerly-disparate functions spanning several fields can be unified and integrated. 

The proposed framework has been applied to a cardiology case of coronary artery disease 

to demonstrate the broader paradigm in which physical and virtual medicine form a fluid 

continuum (Figure 5.20). Intravascular OCT data was acquired from a patient and characterized to 

segment geometric and morphological features following the process introduced in Chapters 2 and 

3. This information was subsequently transformed to an alternative modality (IVUS) image series, 

and also formed the basis of a computational finite element model (with 5 neo-Hookean material 

classes) following the procedure introduced in Chapter 4. A simple simulation of lumen 

pressurization was performed in the heterogeneous vessel model. Images of the final simulated 

state were then generated in multiple modalities for review by a clinician, along with standard 

clinical metrics extracted from the simulation results. 

More inventive applications of generating synthetic images in reflecting expected 

appearance of underlying morphology may serve to identify in real time the outcome of, or analyze 

post hoc system conditions during, intervention or testing by comparing acquired images to those 

generated from the outcomes of various simulations. For example, a characterized image would 

be used to construct a model system, the model system could be perturbed (e.g. simulated 

deployment of interventional medical device), and synthetic images for that modified/perturbed 

system would be generated. Several iterations with simulated interventions could be carried out 

with various parameters (e.g. device placement, settings, tissue characteristics, etc.). Resulting 
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images offered to clinicians would provide a glimpse ahead of time into what a successful—or 

unsuccessful—intervention for a given patient would look like, allowing for easy evaluation once 

the real intervention is undertaken and imaging acquired. Determining possible image 

manifestations of clinical outcomes could allow rapid and direct verification of outcome state in 

the clinical setting, enabling faster assessment and decision-making in the operating theater. 

5.4. Implications & Future Directions 

Building upon and unifying my progress in determining vascular geometry from 

intravascular imaging, extracting vascular morphology from intravascular imaging extends, and 

constructing lesion-specific models of diseased arteries, my work in generating synthetic 

intravascular images offers some immediate, and many speculative and forward-looking, 

implications. 

Some interesting insights are derived from the adequacy of the physics-based and ML 

image synthesis approaches. The simplified physics-based approach yielded reasonable though 

generally unconvincing images that were easily distinguished from real OCT images, particularly 

without added noise. This observation highlights the prevalence of stochastic distributions and 

discrete scatters in living systems and their prominence in dictating the results of imaging 

processes—by extension the limitations of bulk or continuum assumptions in physical descriptions 

of imaging mechanisms. A simple regression model proved inadequate for generating realistic 

images, as it couldn’t account for complex interactions beyond the features explicitly encoded. 

Yet, the model was provided the same basic descriptive information and metrics as that made 

available to the physics-based method (namely depth, proximal/adluminal tissue composition, and 

tissue class of the present pixel), but with worse outcomes. The primary reason this ML approach 

likely failed was its inability to generate exponential changes in signal with depth on account of 

its restriction to linear combinations of variables. This observation highlights the highly non-linear 

nature of OCT imaging and the insufficiency of linear approximations or linearity assumptions in 

utilizing this modality. The results of the physics-based and regression models further suggests 

that the uncompressed format of the images (rather than the compressed or clipped 0-to-255 format 

amenable to 8-bit base 2 binary encoding) may yield richer information for analysis and should be 

utilized when possible. cGANs present a promising approach to generate intravascular images and 

don’t require a deep understanding of the complex imaging physics. However, adversarial training, 
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rather than minimizing grayscale deviation alone, was critical, further highlighting the role of 

inhomogeneity in generating image texture. The networks were, further, very sensitive to 

hyperparameters and data representation strategies. As for many deep learning approach (like those 

described in Chapter 3), this finding once again underscores the importance of deliberate encoding 

strategies informed by domain knowledge, the importance of comprehensive hyperparameter 

evaluation, and the need for design decisions to be guided by end application-driven goals; the 

intended use of these images should always remain a foremost consideration. 

Further implications lie in the array of potential applications, particularly in cardiology. 

While image generation has been implemented in numerous fields and with various applications, 

the training data necessary to implement this method in OCT has only recently become available 

through the advancements presented in this thesis. The uniqueness of the body of work in 

straddling imaging, modeling, and mechanics also yields different opportunities and perspectives 

than previous advancements in the image generation academic community—particularly its 

application to interactive patient phantoms and the associated bridging of physical and virtual 

medicine. Image generation could soon enable researchers in the cardiovascular space to represent 

hypothetical patient states or conditions, including those resulting from virtual or simulated 

interventions and procedures. 

Application of AI to synthesize image data remains an underexplored paradigm for AI in 

medicine, mandating transparency in noting current uncertainties and limitations. Further work is 

needed to precisely determine the extent and context of resolution loss or gain, as well as to 

quantify reliability and robustness. Performance must be further assessed and validated in any 

proposed applications before use in clinical workflows informing diagnosis or treatment. Systems 

will likely fail in extenuating scenarios which violate standard morphology-appearance 

relationships present in training datasets; devices or pathologies not represented in the dataset 

would not be reliably rendered.  

As for any new technology, particularly those impacting human health, it is important to 

consider, insofar as possible, unintended consequences or malicious abuses of the technology. 

Concerning the former, concerns have been raised regarding the application and potential misuse 

of ML-based decision support systems [136]. In particular, there is risk that such systems may not 

be subjected to the same standards and scrutiny as usual changes in practice, and could be adopted 
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without robust evidence of clinical benefit and improved outcomes [136]. As such, efforts should 

be made to ensure that the presented framework and its constituent components are well validated 

and positively impact patient care in demonstrable and relevant ways. Regarding the latter issue 

of malicious abuse, clinicians should be aware that this paradigm can be employed by malicious 

actors to manipulate and tamper with patient data with dire consequence. The ability to tamper 

with medical records through application of deep learning image generation techniques, and 

consequently manipulate clinical diagnosis and treatment planning, has been demonstrated [154]. 

In a disconcerting exhibition, researchers attacked a hospital’s image archive system (in a 

controlled manner not impacting actual patients) and modified images to insert or remove 

cancerous nodules, deceiving multiple radiologists (and an AI screening system) who missed or 

issued false diagnoses [154]. As this work demonstrated, clinics must continue to take steps to 

ensure the security of their networks and systems, particularly as the role of virtual medicine 

becomes more integral to, and integrated with, that of physical medicine. 

The full clinical, scientific, academic, and commercial applications remain unclear. 

However, the potential for such technology could be profound, and it will be important for various 

stakeholders—technologists and clinicians foremost among them—to shepherd in its development 

and use responsibly to achieve its full benefit. 

5.5. Conclusion 

In this chapter, I have addressed a new way to bridge the chasm between virtual and 

physical medicine with synthetic imaging. Several uniquely-applied methods of synthetic image 

generation for intravascular OCT and IVUS were described, assessed, and compared, and several 

proposed clinical applications of such technology in cardiology were presented. 

Synthetic images were generated by models trained in the familiar visual vernacular of 

vascular imaging. More than just a new way of presenting old processing methods for ease of 

interpretation, the work advances the art of image processing. The developed systems generated 

subtly enhanced intravascular images based upon (patho)physiological tissue morphology, which 

could be extracted from existing images, computational models, or entirely contrived. Comparable 

systems could likely be generated for any desired imaging system or acquisition parameters given 

sufficient training data. Exciting—but as yet unproven—applications in ancillary systems are 
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envisioned that empower cardiologists, who retain full autonomy and authority in the interpretation 

and decision-making processes. 

In a time when seeing is no longer believing, the visually-driven field of cardiology is 

amenable and susceptible to AI-driven synthetic media generation technologies. The full 

implications and ramifications of such technology should be considered by the field; to 

constructively utilize and benefit from these advancements—and realize the tremendous 

opportunities—technical and medical stakeholders must work together to determine its useful and 

appropriate application. 



269 

Chapter 6 
 
Conclusion: Biomechanical Assessment & Modeling of 
Diseased Coronary Arteries 
 

Despite great progress in the past decades [2], cardiovascular 

disease, and coronary artery disease in particular, remains a 

persistent devastating and prevalent menace to health and 

wellbeing globally [1]. While biomechanical forces are 

known to play a driving role in the natural history of 

atherosclerosis [9], the nuanced yet profound impact of 

patient- and lesion-specific biomechanics in disease 

presentation, course, and treatment are not fully understood, appreciated, or accounted for in 

clinical care. These shortcomings result, in part, from a lack of quantitative approaches for 

assessing and modeling diseased arteries. Development of such methods have been inhibited by 

fundamental gaps in knowledge at the intersection of imaging, pathological anatomy, and 

biomechanical structural behavior. Through the application of image processing, artificial 

intelligence (AI), computational modeling, and numerical methods, new windows have been 

opened into the biomechanical state of atherosclerotic arteries, providing expanded awareness of 

the mechanical context of the disease. Through the insights described in this thesis, greater 

information can be extracted, augmented, and made accessible from data currently collected in the 

clinical setting. This information, currently unavailable to clinicians and researchers, could be used 

to monitor mechanical status of a lesion over time or in response to treatment, more quantitatively 

and reliably classify disease states, optimize intervention strategies, and assess tradeoffs between 

alternative treatment approaches. As such, troves of existing data could be leveraged, through use 

of tools and methods developed in the course of this thesis, to identify heretofore unrecognized 

trends and associations that may offer mechanistic insight into disease development, progression, 

and treatment response, ultimately leading to improved personalized patient care in an emerging 

era of computational cardiology [67]. 

  

AI ........ Artificial Intelligence 

FE ....... Finite Element 

IVUS ... Intravascular Ultrasound 

OCT .... Optical Coherence 
Tomography 

2D ........ Two-Dimensional 

3D ........ Three-Dimensional 
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6.1. Summary of Work & Contributions 

The contributions of this thesis have focused on several complementary aspects of 

cardiovascular biomechanics, including the determination, quantification, and assessment of three-

dimensional (3D) geometric and spatial parameters, structural morphology, constitutive material 

properties, and visualization, among others. Further work in collaboration with clinical partners, 

led by Ben-Assa et al.—beyond the immediate scope of this thesis—further elucidated the 

importance of cardiovascular biomechanics and the role of vascular stiffness and impedance on 

outcomes and impact of transcatheter aortic valve replacement in treating aortic stenosis [350], 

[351]. The work presented in this thesis, however, has considered and leveraged knowledge of 

diseased coronary arteries, with particular attention given to intravascular imaging. 

6.1.1 Introduction to Biomechanical Assessment & Modeling of Diseased Arteries 

Chapter 1 provided a comprehensive overview of the unique convergence of cardiovascular 

pathology, clinical practice, medical imaging, computational modeling, and artificial intelligence, 

at the intersection of which the work of this thesis resides. 

6.1.2 Extracting Vessel Geometry 

Chapter 2 presented a breakthrough method of extracting vessel geometry which 

overcomes current limitations of intravascular imaging [155]–[158], as well as a method and 

illuminating analysis of disparate geometric dataset alignment [159]. Human-like performance in 

annotating the outer border of diseased vessels with limited visibility in optical coherence 

tomography (OCT) was achieved only when consideration evolved from two-dimensional (2D) to 

3D context, and when continuity in 3D space was leveraged. Success of an equilibrated mechanical 

lumped-parameter model—an anisotropic linear-elastic spring mesh—demonstrated that anatomic 

geometry—and consequently plaque distribution—adheres to a consistent and predictable pattern 

which limits variation. Applications of the novel method of smooth surface fitting extend beyond 

image processing of intravascular images, and offers unique, flexible abilities in handling variably-

sparse and questionably-reliable data in any 3D context. Furthermore, a simple yet effective 

method to align vascular imaging datasets on the basis of luminal geometry was described and 

validated. Success in aligning vessel segments longitudinally without major features, such as 

bifurcations, and acquisitions acquired before and after lumen-altering interventions demonstrated 

that naturally occurring, subtle variations in lumen area represent unique, stable, and robust 
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features which can be matched across acquisitions and modalities. However, challenges in 

rotationally aligning acquisitions without major features (e.g. bifurcations) demonstrated that 

lumen eccentricity is not similarly unique and stable, so not a robust and reliable signal. 

6.1.3 Determining and Characterizing Vessel Morphology 

Chapter 3 described the development and critical assessment of a unified framework to 

automatically determine and characterize vessel wall morphology and indwelling devices in OCT 

[160] and intravascular ultrasound (IVUS) [161] images. Studies highlighted the importance of 

enriching such methods with domain knowledge of vascular geometry and imaging [161] and 

carefully considering the curation of training data [162]. Characterization of vascular tissue and 

indwelling devices was achieved in OCT and IVUS through the application of AI in specified 

regions of an image. Defining a region of interest on the basis of vessel geometry and knowledge 

of plaque distribution derived from past ex vivo studies proved critical in constraining 

characterization outputs to physiologically valid solutions and achieving accurate results. Plaque 

classes which shared compositional features were most commonly confused by automated 

characterization methods, just as they are by exert readers. However, neural networks still 

performed remarkably well across applications, even in cases with substantial variability. This was 

particularly true when contextual information on population prevalence was incorporated by 

commensurately weighting errors or balancing datasets during training of the system. Still, the 

work demonstrated that a single universal or general model is rarely the best choice. Rather, 

application-specific models optimized for specific use cases are typically preferable. 

6.1.4 Computational Modeling and Simulation of Patient-Specific Vessels 

Chapter 4 described use of clinical OCT data to construct highly detailed patient-specific 

finite element (FE) models of an in situ diseased artery, which enabled exciting new research and 

potential future clinical applications. One key application was demonstrated in the chapter through 

a novel approach to estimate lesion-specific biomechanical tissue characteristics, which was 

validated in silico and in vitro, highlighting potential for future in vivo application. Two methods 

of FE model construction were developed, and as for neural network models, the FE models 

demonstrated tradeoffs and preferred use cases. Whereas coarse meshes allow for morphological 

detail to be more readily retained and yielded useable displacement estimates, sharp edges 

compromised stress distribution estimates in some regions. Refined meshes, with plaque feature 
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geometries constraining mesh generation, resulting in smooth contours and stress distributions not 

contaminated by non-physiological distortions. However, retaining high levels of detail was more 

difficult. Inverse FE analysis studies with the coarse models allowed for the recovery of 

constitutive mechanical properties, as demonstrated for heterogeneous vessels in silico and 

homogeneous vessels phantoms in vitro. By imposing some degree of posterizing on the basis of 

characterized plaque morphology, and leveraging displacement among tissue feature interfaces, 

the approach may offer greater amenability to clinical use scenarios than alternatives which instead 

reside at the extremes of simplification—full displacement field measurement with no simplifying 

binning assumptions, or extensive displacement simplification considering only maximum and 

minimum diameter and therefore requiring multiple acquisitions at constant pressures. 

6.1.5 Bridging the Chasm between Virtual and Physical Medicine with Synthetic Imaging 

Chapter 5 presented a paradigm to surmount the schism between physical and virtual 

medicine through the generation of synthetic medical images. By learning the unspoken 

nomenclature of images in conveying geometric and morphological information, an 

unconventional approach to image processing was developed to convey such information in 

familiar visual vernacular from any digitized source of choice. Techniques developed to construct 

such images were described and compared, and potential applications and opportunities 

highlighted, forming the basis for the unification and integration of physical and virtual medicine. 

A fundamental approach explicitly modeling simplified imaging physics yielded interpretable but 

not entirely realistic images. However, the addition of noise to represent the stochastic distribution 

of discrete scatterers did improve realism and texture of generated images. A regression model 

considering the same feature as the physics-based model proved insufficient in cases with highly-

attenuating plaques, in which exponential dropout in signal is a dominant feature which cannot be 

replicated by linear relationships. An alternative approach, whereby an AI system learned 

underlying relationships between system morphology and appearance in varying image modalities 

without explicit modeling of imaging physics, was quite successful in generating both OCT and 

IVUS images but sensitive to model hyperparameters. In particular, tradeoff between grayscale 

deviation loss and adversarial discriminator loss was immensely consequential, with both serving 

an important role in achieving sharp, textured, and globally cohesive images. Several exciting 

applications of this technology were described, with some executed in promising proof-of-concept 

demonstrations. 
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6.1.6 Conclusion 

Chapter 6 now summarizes the work of the thesis, concluding the dissertation with a look 

forward at an envisioned future of cardiovascular medicine in the context of new insights into 

biomechanical assessment and modeling of diseased coronary arteries. 

6.2. A Vision and Roadmap for the Future of Cardiovascular Medicine 

Building upon the central pillars of the thesis, a personal optimistic vision for the clinical 

application of such technology in cardiology—and the concomitant unification and integration of 

physical and virtual medicine—has begun to take shape (Figure 6.1). 

In this section, a brief vignette illustrating envisioned applications of the approaches 

developed in this thesis within the field of cardiology is first presented, followed by a cursory 

overview of future work needed to address current obstacles to realizing this vision. 

 
Figure 6.1. The proposed vision for the future of cardiovascular medicine is one in which physical and virtual 
medicine forms a continuum. The envisioned flow of information is as follows: clinicians collect data, including 
images or other test results, from a patient; anatomical (geometric) and morphological information is automatically 
extracted by algorithmic processing routines; this set of information is both distilled into reported quantitative 
metrics and used to generate patient-specific computational models; various simulated tests and procedures are 
performed on the virtual patient; and finally, results of the analyses and simulations are transformed back into 
clinical data, including images and standard metrics, to enable seamless integration and assessment by the care 
team. Outcomes could inform decision-making and guide procedure execution for the patient, or could be used to 
validate and assess outcomes of tests and procedures that are undertaken. 
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6.2.1. Vision for the Future of Integrated Physical-Virtual Medicine: A Vignette 

A patient is admitted to the hospital with acute chest pain. Following vital sign 

measurement and preliminary screening with electrocardiography and blood biomarkers assays, 

doctors decide to proceed with minimally-invasive catheterization. Angiographic imaging of the 

coronary artery tree is performed to identify the likely cause of the symptoms and assess the 

severity and the condition. Spotting a stenosed artery which was flagged by integrated software 

for closer expert examination, interventional cardiologists pass catheters into the suspected culprit 

vessel to perform fractional flow reserve pressure measurement and two consecutive sets of 

intravascular OCT imaging, acquiring detailed pressure differential and morphological 

information on the lesion. Automated enhancement and augmentation of the data—leveraging 

previous observations from the angiographic imaging as well as algorithmic routines automatically 

processing the images—improves image clarity and integrates additional information for 

consideration. Key metrics of geometry and morphology are automatically computed and reported 

to the clinicians alongside the images. 

Throughout this evaluation process, collected data has been assimilated into a virtual 

patient model, which is further refined with each subsequent input. A 3D model of the coronary 

tree lumina was generated from the angiographic image, and contrast dispersion rates were 

automatically computed to provide rough estimates of relative pressures across the branches. 

Direct invasive pressure measurements update the pressure values in the model and refine the 

boundary conditions. Vessel wall geometry and morphology in the segment imaged by OCT is 

subsequently integrated following lumen-based co-registration of the angiographic and OCT 

acquisitions. Material characterization is performed through inverse methods utilizing the 

measured pressure waveforms and two OCT pullbacks (which have been similarly co-registered). 

Once sufficient information has been collected, the model undergoes several simulations. 

Risk assessments and failure analyses are performed, disease progression is prognosticated, and 

virtual interventions are evaluated to assess procedural risk and outcomes. Clinical metrics likely 

to result from various possible courses of treatment are reported alongside image sequences from 

corresponding future states. 

The clinicians review the treatment options and likely outcomes of each. A consult is 

requested from a colleague. This clinician has in recent weeks been honing image interpretation 
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skills in OCT through a continuing education program using interactive learning exercises pairing 

images—generated from a known tissue distribution—with their corresponding morphologies and 

pathologies. However, primary experience and comfort remains in reading IVUS images, so the 

acquired and generated sequences are toggled from one modality to the other for easier 

interpretation. 

Active intervention through stent deployment is pursued. The lesion preparation, stent 

design, device placement, and procedure parameters identified through simulations as yielding the 

lowest risk and highest probability of favorable outcome are selected. Following device 

deployment, another sequence of intravascular imaging is acquired and compared to images 

generated from the simulated outcome to confirm successful execution of the procedure. Deviation 

between the two sets highlights a region of sub-optimal state, and post-dilation of the stent is 

performed. Quantitative comparison of the post-procedural and synthetic image sequences also 

allows for the determination of some tissue constitutive properties under supraphysiological 

loading, which refine the virtual model for future use. 

The patient returns several weeks later for a follow-up appointment. New measurements 

reveal the patient’s longitudinal physiological, pathological, and pharmacological response. 

Deviations of model predictions from this observation are minimized, further refining and 

optimizing the patient phantom, which is used to simulate the vessel further forward in time and 

identify areas of concern to monitor. Reports of clinical metrics and imaging of future states are 

generated for the clinician, who uses them to determine the duration and aggression of medical 

treatment and frequency of follow-up. The future state images are also used as a concrete aid in 

discussion with the patient, enabling sounder understanding of the disease, ongoing risk, and 

reasons for treatment, thereby empowering the patient while promoting treatment adherence. 

6.2.2. Next Steps and Future Work 

The current state of the field is far from the envisioned vignette. Avenues for fruitful future 

work are addressed in each of the four preceding chapters in the context of work presented therein, 

with specific recommendations offered for areas of improvement and exploration. Overarching 

themes reveal a broad map to guide next steps in addressing current shortcomings which inhibit 

full realization of benefits from assessment and modeling of diseased arteries. 
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A primary focus of future work towards the presented vision is more extensive and robust 

validation. Whereas methods developed in this thesis for extracting vascular geometry and 

morphology were validated against expert annotations in intravascular images, more 

comprehensive validation should be carried out with histological studies. Development of 

improved phantoms with realistic optical properties could also provide a useful benchmarking tool. 

Similarly, improved phantoms with known heterogeneous properties should extend in vitro 

validation of the mechanical characterization approach of the inverse FE workflow. Here, as well, 

ultimate validation should be carried out with excised tissue, characterized through direct material 

testing procedures. Validation of synthetic images, which has so far been purely qualitative and 

subjective, should be executed more objectively by quantitatively assessing their interpretation by 

interventional cardiologists. In all cases, standardized datasets associated with reliable “ground 

truth” data would prove tremendous benefit to the field, enable greater contribution by a wider 

range of technical experts, allow the best methods and approaches to be more readily identified, 

and accelerate progress in advancing the state-of-the-art. 

Related to standardized datasets, more data will need to be collected to develop 

generalizable methods and robustly validate technologies. First, direct measurement or improved 

estimation methods to determine luminal pressuring during image acquisition will be critical in 

advancing and demonstrating material characterization strategies. Methods to manipulate and exert 

some level of control over those pressures (e.g. through flush injection), while not strictly 

necessary, would provide even greater flexibility and power in the measurement of mechanical 

properties. Beyond pressure data, longitudinal data (repeated image acquisitions at various times) 

and associated clinical outcomes will be instrumental in realizing the full vision outlined above, 

which includes simulation of disease progression and long term response to treatments. 

Unfortunately, such datasets are largely lacking in the field. Furthermore, compartmentalization 

of data and institutions results in smaller and less representative datasets being available to 

developers of technology. As a result, models may be built around datasets which are not 

representative of the clinical population in which they are intended to be applied. As shown 

throughout this thesis, and as supported by many other observations, such biased data can lead to 

non-optimal performance in the “real world,” and unequal outcomes. Future work should expand 

available datasets to improve the robustness of methods and validity of validation, and deliberately 
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assess how performance of methods varies with respect to the clinical population in which it is 

applied. 

Beyond more comprehensive and target population-aligned datasets, other assumptions 

will also need to be assessed. Modeling assumptions implemented in the construction of patient-

specific computational models require comprehensive examination and quantification to ensure 

the validity of their output. Assumptions enshrined in the integration of contextual and domain 

knowledge, shown to generally provide tremendous benefit, must also be carefully considered to 

ensure misconceptions and unsubstantiated dogma are not propagated. For example, the tissue 

characterization method presented in this thesis segmented non-pathological tissue and media on 

the basis of standard thresholds set by previous histology studies and clinical standards. However, 

by using virtual histology IVUS as the benchmark, which itself utilizes the same assumptions, the 

validity of such thresholds, as well as the grouping of non-pathological and media tissue, was 

perpetuated without a priori justification. Such assumptions should be carefully examined and 

justified prior to widespread application. 

Future work will need to accelerate the execution speed of many of the processes and 

analyses devised in this thesis. While the vision laid out above calls for nearly instantaneous 

processing and return of results for real time informing of decision-making, several workflows are 

currently far too slow for such application. Optimization of both hardware and software in image 

processing and generation, more strategic application of time-consuming processes, and greater 

automation of model construction are all needed. 

One avenue of investigation alluded to throughout the thesis but not directly addressed by 

the dissertation research is the interaction of arterial biomechanical state, interventions, and 

devices. Incorporating these features and effects into models will enable the investigation of 

relationships key to treatment planning and risk profiling in the manner suggested in the vignette. 

Additional properties and constitutive parameters will need to be measured and modeled—those 

governing pharmacodynamics and pharmacokinetics, injury, foreign body, and inflammatory 

responses, tissue and structural remodeling, and other multifactorial behaviors and processes 

which play key roles in disease progression, treatment response, and disease regression. 

Furthermore, the geometry-morphology relationships, and the visualization of key features in 
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imaging, may be modified by such devices in interventional scenarios; investigations should 

evaluate when and how these relationships hold or are invalidated. 

Finally, and perhaps most importantly, clinical needs must be comprehensively examined 

and understood. Scenarios in which additional insights may or would not impact clinical course, 

diminishing benefits or model accuracy—and consequently complexity—and the relative value of 

sensitivity, specificity, positive predictive value, and negative predictive value in various 

applications and scenarios must be honestly assessed. Doing so is imperative to ensuring the proper 

models are advanced and evaluation metrics optimized to yield clinical value. 

6.3. In Closing 

The achievements of this thesis have opened new windows into the biomechanical state of 

atherosclerotic arteries, and provided expanded awareness of the mechanical context of the 

disease. Through the work described in this thesis, greater insight is extracted from data currently 

collected in the clinical setting. With further refinement and validation, the methods and 

approaches will empower clinicians and researchers with enhanced information on diseased vessel 

constitution and biomechanical properties. Leveraging this information, which could previously 

only be derived through destructive in vitro testing, arterial modeling and clinical assessment will 

allow clinicians to make more informed choices regarding their course of treatment and researchers 

to pursue new insights into the pathobiology of atherosclerosis and the impact of interventions. 

These insights, currently unavailable to clinicians and researchers, could be used to monitor 

mechanical status of a lesion over time or in response to treatment, more quantitatively and reliably 

classify disease states, optimize intervention strategies, and assess tradeoffs between alternative 

treatment approaches. As such, troves of existing data could be leveraged, through use of tools and 

methods developed in the course of this thesis, to identify heretofore unrecognized trends and 

associations that may offer mechanistic insight into disease development, progression, and 

treatment response, ultimately leading to improve patient care. 

With profound awe for the exquisite complexity of the cardiovascular system—and the 

body as a whole—and appreciation for predecessors who have advanced knowledge thereof, it is 

my profound hope that the insights and advancements of this thesis contribute to continued 

progress in diminishing the detrimental effects of cardiovascular disease and atherosclerosis.
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