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ABSTRACT 

Patients with acute coronary syndrome (ACS) resulting in myocardial infarction are in 

the highest cardiovascular disease risk category. Current clinical risk stratification 

methods for ACS do not provide any information on plaque vulnerability and 

consequently have limited prognostic ability. The emergence of intravascular optical 

coherence tomography (OCT) in clinical practice has allowed for high-risk plaque 

features, such as thin-capped fibroatheroma (TCFA), to be visualised and used to assess 

risk, and also studied for research purposes. Unfortunately, OCT alone may not be 

sufficient; TCFA are often found in asymptomatic, stable patients, and frequently in both 

culprit and non-culprit arteries of patients with ACS.  Recently, 18F-sodium fluoride (18F-

NaF) positron emission tomography (PET) has been shown to be capable of detecting 

both high-risk atherosclerotic plaque features and regions of vascular calcification 

activity. Coronary plaques with increased 18F-NaF binding have also been associated with 

multiple other high-risk plaque features on intravascular ultrasound (IVUS) and OCT. 

Furthermore, the wall shear stress (WSS) acting on the endothelial layer of an artery 

influences plaque progression and stability. Previous work using IVUS demonstrated the 

ability of computational haemodynamic modelling to predict the progression of 

measurable plaque features. This work has been successfully extended to OCT image-

based computational models, however it has not been adapted to leverage the increased 

resolution and plaque localisation that OCT imaging provides. The aim of this thesis is to 

build on existing OCT image-based computational modelling approaches, and investigate 

the relationships between image-based plaque characteristics and WSS metrics simulated 

using computational fluid dynamics (CFD). In doing so, a new framework was developed 

to interface the data obtained from coronary computed tomography angiography (CCTA), 

OCT and 18F-NaF PET/CT with CFD. 

 

A high resolution semi-automatic segmentation algorithm forms part of this framework, 

in which plaque feature measurements are embedded for direct coupling with existing 

three-dimensional registration methods. A new software was developed and the lumen 

reconstruction method embedded in it was benchmarked against the active contour 

segmentation approach used in the literature. This new methodology demonstrates 

increased computational efficiency and contour accuracy. 

 

In addition to the geometry reconstruction processes, the haemodynamic modelling 

approach is intended to be computationally efficient and thus fit within clinically-relevant 
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timeframes. In developing the framework, the effects that transient, pulsatile, boundary 

conditions had on CFD simulations of the entire coronary artery networks were 

considered in relation to steady-state estimations of time-averaged WSS, as well as the 

effect of reducing the computational domain about the areas of interest (OCT segments). 

These investigations were performed for both rest and exercise, and data showed that 

steady-state simulations provide accurate estimations of the time-averaged WSS in the 

medial and distal regions of the coronary artery network. Furthermore, this study also 

showed that, in comparison to the OCT-derived geometric segments, simulations 

performed using CCTA-derived coronary artery geometries did not provide accurate 

distributions of WSS in the coronary arteries.  

 

To finalise the computational framework, a pilot study (20 arterial segments from 8 

patients) was performed where the OCT-based CFD modelling and plaque analysis was 

integrated with the analysis of 18F-NaF uptake measured using PET/CT. The 18F-NaF 

uptake data was analysed by a trained nuclear medicine expert using commercially-

available software. The patient-specific haemodynamics were simulated for multiple flow 

rates and viscosity models to assess the influence of key modelling assumptions on the 

correlations with clinical data. This novel computational study demonstrated that, 

amongst other metrics, pathophysiological levels of WSS were associated with 18F-NaF 

uptake and OCT biomarkers of disease, on multiple length scales. Here, low WSS burden, 

and parametric approximations of low WSS, were significantly and strongly predictive 

of elevated 18F-NaF uptake. The study also revealed significant inverse relationships 

between the quantity of healthy, plaque-free wall measured on OCT and low WSS burden. 

Furthermore, the relationships between the analysed haemodynamic metrics and 18F-NaF 

uptake were strengthened when the simulations included patient-specific modelling 

assumptions: an inlet flow rate dependent on left ventricular muscle mass and a viscosity 

model that utilised a patient-specific measurement of haematocrit.  

 

This research has provided a foundation for future work investigating the relationships 

between geometry, biomechanics, plaque features and micro-calcification activity 

detected with 18F-NaF uptake in the coronary arteries. It highlights the ability for 

computational haemodynamic analyses to provide new insights into the functional 

environment of image-based plaque characteristics. Combining data from multiple 

modalities provides deeper insights into patient-specific risk and, with further testing with 

larger cohorts, the findings of this research may have clinical utility.  



   

v 

TABLE OF CONTENTS 

Thesis Declaration .............................................................................................................. i 

Abstract ............................................................................................................................ iii 

Table of Contents .............................................................................................................. v 

List of Figures ................................................................................................................ viii 

List of Tables................................................................................................................... xii 

Acknowledgements ........................................................................................................ xiii 

Authorship Declaration: Co-Authored Publications ....................................................... xv 

List of Publications ...................................................................................................... xviii 

List of Awards and Achievements .................................................................................. xx 

List of Acronyms ........................................................................................................... xxi 

Chapter I: Introduction ...................................................................................................... 1 

Background ................................................................................................................... 3 

Coronary Artery Disease ........................................................................................... 4 

Predicting Risk .......................................................................................................... 8 

Current and Emerging Clinical Imaging Modalities ............................................... 10 

Computational Modelling and Coronary Artery Disease........................................ 14 

Research Objectives .................................................................................................... 19 

Thesis Overview.......................................................................................................... 20 

References ................................................................................................................... 22 

Chapter II: Geometric Variation and Patient-Specific WSS ........................................... 33 

Abstract ....................................................................................................................... 35 

Introduction ................................................................................................................. 36 

Methods ....................................................................................................................... 38 

Geometric Reconstruction ....................................................................................... 38 

CFD Mesh ............................................................................................................... 41 

Physical Assumptions and Boundary Conditions ................................................... 42 

Low WSS Analysis ................................................................................................. 44 

Results and Discussion ................................................................................................ 44 

Conclusion .................................................................................................................. 47 

Acknowledgements ..................................................................................................... 48 

References ................................................................................................................... 48 

Chapter III: Medical Image Reconstruction and Plaque Assessment ............................. 53 

Abstract ....................................................................................................................... 55 

Introduction ................................................................................................................. 56 

Section I ...................................................................................................................... 62 

Methods .................................................................................................................... 62 



   

vi 

Patient Details and Image Acquisition ................................................................. 62 

2D Segmentation Algorithm ................................................................................ 63 

3D Registration .................................................................................................... 73 

3D Reconstruction ............................................................................................... 75 

Results ...................................................................................................................... 77 

Sensitivity of Active Contour Method ................................................................. 77 

Comparison of Segmentation Methods ................................................................ 79 

Section II ..................................................................................................................... 84 

Methods.................................................................................................................... 84 

Coronary Artery Geometries ................................................................................ 84 

Computational Biomechanics Modelling ............................................................ 85 

Results ...................................................................................................................... 88 

Influence of Discretisation ................................................................................... 88 

Influence of Reconstruction Method on WSS ..................................................... 90 

Influence of Branching Structures on WSS ......................................................... 90 

Merging Biomechanical and Plaque Feature Data ............................................... 92 

Discussion ................................................................................................................... 95 

Conclusion ................................................................................................................ 100 

Acknowledgements ................................................................................................... 101 

References ................................................................................................................. 101 

Supplementary Material ............................................................................................ 108 

Chapter IV: Comparing Imaging Modalities and Boundary Conditions ...................... 113 

Abstract ..................................................................................................................... 115 

Introduction ............................................................................................................... 116 

Methods ..................................................................................................................... 118 

Imaging and Geometric Reconstruction ............................................................... 118 

Haemodynamic Analyses Performed .................................................................... 119 

Physical Assumptions and Numerical Models...................................................... 120 

Boundary Conditions ............................................................................................ 120 

Computational Mesh ............................................................................................. 123 

Transient Simulation Information ......................................................................... 124 

Coronary Artery Flows ......................................................................................... 125 

Results ....................................................................................................................... 126 

Convergence Behaviour of Unstructured Meshes ................................................ 126 

Comparing Transient and Steady-State Simulations ............................................ 127 

Comparing WSS Computed Using OCT+CT and CT Geometries ...................... 133 

Impact of Domain Size on Resulting Haemodynamic Data ................................. 136 

Discussion ................................................................................................................. 139 



   

vii 

Conclusion ................................................................................................................ 142 

Acknowledgements ................................................................................................... 143 

References ................................................................................................................. 143 

Supplementary Material ............................................................................................ 148 

Chapter V: Haemodynamics and Plaque Morphology ................................................. 151 

Abstract ..................................................................................................................... 153 

Introduction ............................................................................................................... 155 

Methods ..................................................................................................................... 162 

Medical Image Reconstruction for CFD (OCT/CCTA)........................................ 162 

Plaque Characterisation (OCT) ............................................................................. 164 

18F-NaF PET Acquisition and Processing ............................................................. 165 

Multimodal Plaque Quantification ........................................................................ 167 

Numerical Modelling (CFD) ................................................................................. 168 

Results and Discussion .............................................................................................. 173 

Feature-Burden and Geometric Analysis .............................................................. 173 

Influence of Flow and Viscosity on Haemodynamics .......................................... 178 

Relating Markers of Disease to Haemodynamic Data .......................................... 187 

(i) Site-Specific: OCT-Features and Haemodynamic Analysis ..............................187 

(ii) Segment-Specific: OCT-Features, NaF Uptake and Haemodynamic Analysis .192 

(iii) Arterial Analysis: OCT Morphology, NaF Uptake and Haemodynamics .........219 

Summary of Results .............................................................................................. 233 

Limitations ................................................................................................................ 237 

Conclusion ................................................................................................................ 239 

Acknowledgements ................................................................................................... 241 

References ................................................................................................................. 241 

Chapter VI: Conclusion, Limitations and Future Work ................................................ 251 

Research Outcomes ................................................................................................... 254 

Research Limitations ................................................................................................. 256 

Future Work .............................................................................................................. 258 

Final Remarks ........................................................................................................... 259 

References ................................................................................................................. 260 

Appendices: Journal Articles, Book Chapters and Conference Abstracts ................... 263 

 

 



   

viii 

LIST OF FIGURES 

Figure 1.1: The morphological extremes of coronary artery plaque ................................. 5 

Figure 1.2: Atherosclerotic plaque development .............................................................. 6 

Figure 1.3: Generalised haemodynamic behaviour ........................................................... 7 

Figure 1.4: 18F-NaF PET uptake and the presentation of disease ..................................... 9 

Figure 1.5: ICA and CCTA imaging showing a subtotal occlusion in a RCA ............... 10 

Figure 1.6: Maximum intensity projected CCTA image of the coronary arteries .......... 11 

Figure 1.7: Comparing plaque features on OCT with histology ..................................... 12 

Figure 1.8: Comparing plaque features on IVUS with histology ................................... 12 

Figure 1.9: WSS and PSS calculations ........................................................................... 17 

Figure 2.1: Determining the lumen of an OCT image .................................................... 40 

Figure 2.2: Reconstructed LAD coronary artery geometries .......................................... 41 

Figure 2.3: Mesh cross-section and surface refinement .................................................. 42 

Figure 2.4: The converged inlet velocity profile ............................................................. 44 

Figure 2.5: Circumferential-averaging of WSS .............................................................. 45 

Figure 2.6: Comparing the WSS fields for the three reconstruction methods ................ 45 

Figure 2.7: Comparing the areas of WSS < 0.4 Pa for each reconstruction method ...... 46 

Figure 3.1: An example of the control-point based lumen segmentation ....................... 58 

Figure 3.2: Implementation of segmentation tools in a graphical user interface ............ 61 

Figure 3.3: Combined OCT and CCTA image modalities for 3D model generation ..... 62 

Figure 3.4: The influence of threshold levels on border detection ................................. 64 

Figure 3.5: Comparing the background threshold levels detected .................................. 65 

Figure 3.6: 7x7 Derivative of a Gaussian kernel ............................................................ 66 

Figure 3.7: Comparing edge detection methods. ............................................................ 68 

Figure 3.8: The primary stages in the automatic segmentation process ......................... 71 

Figure 3.9: An example of a large intercept removal ..................................................... 71 

Figure 3.10: Lumen-prox. plaque features and a simple 3D presentation of plaque ...... 73 

Figure 3.11: Performing displacement and rotation operations during registration ....... 74 

Figure 3.12: Comparing the segmented lumen contours with the final geometry .......... 76 

Figure 3.13: The inclusion of an OCT-derived branch/shoulder .................................... 76 

Figure 3.14: The result of background thresholding, filtering and guidewire removal .. 77 

Figure 3.15: Iterative solutions to the active contour method ......................................... 77 

Figure 3.16: Active contour lumen segmentation at various point resolutions. ............. 78 

Figure 3.17: Active contour lumen segmentation of a bioresorbable-stent geometry .... 78 

Figure 3.18: The influence of point resolution on the bioresorbable-stent geometry ..... 79 



   

ix 

Figure 3.19: Comparing the new threshold-based lumen segmentations ....................... 80 

Figure 3.20: 3D reconstructions of a stented segment using both methods .................... 82 

Figure 3.21: Comparing the quantitative results of 3D-recosntructions ......................... 83 

Figure 3.22: Reconstructed OCT+CT lumen geometries ............................................... 84 

Figure 3.23: The CFD grid convergence of variables of interest .................................... 89 

Figure 3.24: Comparing volumetric meshes for different geometries ............................ 89 

Figure 3.25: Quantitative CFD results for different 3D-reconstructions ........................ 90 

Figure 3.26: Comparing WSS for different branching structures ................................... 91 

Figure 3.27: Comparing LDL residence and normalised wall transport ......................... 92 

Figure 3.28: Comparing high-risk plaque features and haemodynamic indicators ........ 93 

Figure 3.29: WSS fields and the registered calcium burden locations ........................... 94 

Figure 3.30: An automated solution to planar stress using an OCT image..................... 98 

Figure 3.31: Segmentation of low quality OCT images with blood swirl ...................... 99 

Figure 3.32: OCT histogram and background thresholding ......................................... 109 

Figure 4.1: OCT+CT geometries .................................................................................. 119 

Figure 4.2: Aortic root and coronary artery networks with lumped-param. models..... 122 

Figure 4.3: LM and RCA flow waveforms ................................................................... 125 

Figure 4.4: The serial convergence time for a steady-state solution ............................. 127 

Figure 4.5: The exercise simulation of patient two ....................................................... 128 

Figure 4.6: Comparing TAWSS and stead-state WSS at resting flow conditions ........ 131 

Figure 4.7: Comparing TAWSS and steady-state WSS at exercise flow conditions .... 132 

Figure 4.8: The relationship between TAWSS and OSI ............................................... 133 

Figure 4.9: Comparing steady-state WSS fields for CT and OCT geometries ............. 134 

Figure 4.10: Circumferential averaging of WSS........................................................... 135 

Figure 4.11: The solutions to steady-state WSS for different domain sizes ................. 137 

Figure 4.12: The site specificity of low and high steady-state WSS and TAWSS ....... 138 

Figure 4.13: Qualitative differences in steady-state rest and exercise WSS fields ....... 149 

Figure 4.14: Low WSS Regions ................................................................................... 150 

Figure 5.1: 18F-NaF PET uptake juxtaposed with high-risk OCT features ................... 156 

Figure 5.2: A comparison between CFD simulations based on IVUS and OCT .......... 158 

Figure 5.3: Registering OCT slices using landmarks.................................................... 163 

Figure 5.4: Reconstructed (CCTA-registered) OCT geometries .................................. 164 

Figure 5.5: Examples of the different plaque features marked on OCT ....................... 165 

Figure 5.6: Method used to compute the 18F-NaF PET activity of a segment .............. 166 

Figure 5.7: Coronary artery segment map..................................................................... 168 



   

x 

Figure 5.8: Comparing the viscosity models with experimental data ........................... 170 

Figure 5.9: Automatically generated meshes with prismatic boundary layer meshes .. 172 

Figure 5.10: OCT-Averaged WSS and WSSG mag. for each case .............................. 179 

Figure 5.11: The coefficient of variation of WSS mag. for each method ..................... 180 

Figure 5.12: The volume-average of helicity intensity for each method ...................... 181 

Figure 5.13: The areas of low and high WSS mag. for each method ........................... 182 

Figure 5.14: WSS mag. and helicity intensity for each method (case 4) ...................... 186 

Figure 5.15: Box and whisker plots of WSS-derived functions ................................... 190 

Figure 5.16: Box and whisker plots for the percentage surface area of disease ........... 191 

Figure 5.17: The correlation between geometric features and OCT morphology ........ 195 

Figure 5.18: Comparing PFW with very low WSS burden .......................................... 201 

Figure 5.19: The relationships between average WSS and WSS thresholds ................ 202 

Figure 5.20: Comparing the segment-burden of lipid with avg. helicity intensity ....... 202 

Figure 5.21: Segment-average WSS mag. and segment-average helicity .................... 203 

Figure 5.22: Lipid burden and the segment average WSS for each method ................. 203 

Figure 5.23: Segment average WSS vs segment-average WSSG mag. ........................ 204 

Figure 5.24: Lipid burden and the segment-average WSSG for each method ............. 204 

Figure 5.25: Segment-average MC and the segment CV of WSS ................................ 205 

Figure 5.26: Strong relationships between 18F-NaF uptake and OCT-seg. geom......... 206 

Figure 5.27: 18F-NaF segment-uptake and very low WSS (all methods; n=19) ........... 208 

Figure 5.28: 18F-NaF segment-uptake and very low WSS (methods A & B; N=20) ... 209 

Figure 5.29: 18F-NaF segment-uptake and very low WSS (normalised) ...................... 209 

Figure 5.30: 18F-NaF segment-uptake and low WSS for each method ......................... 210 

Figure 5.31: 18F-NaF segment-uptake and WSSG for each method ............................. 211 

Figure 5.32: 18F-NaF segment-uptake and WSS for each method. ............................... 212 

Figure 5.33: 18F-NaF segment-uptake and eccentricity × very low WSS .................... 213 

Figure 5.34: 18F-NaF segment-uptake and very low WSS burden + plaque burden. ... 213 

Figure 5.35: 18F-NaF segment-uptake and the parametric function P .......................... 215 

Figure 5.36: The relationship between the parametric function P and CFD metrics .... 216 

Figure 5.37: Lipid burden, calcium burden and average arterial eccentricity .............. 220 

Figure 5.38: Comparing PFW with average arterial cross-sectional area. .................... 221 

Figure 5.39: Strong relationships between 18F-NaF segment-uptake and geometry .... 221 

Figure 5.40: Artery ratios of OCT-disease and the CV of WSS ................................... 223 

Figure 5.41: Artery-average occurrence of OCT-point features and CV of WSS ........ 224 

Figure 5.42: Artery-ratio of PFW and the burden of very low WSS ............................ 224 



   

xi 

Figure 5.43: Average arterial 18F-NaF uptake and very low WSS + plaque burden .... 227 

Figure 5.44: Average arterial 18F-NaF uptake and eccentricity ÷ WSS ........................ 227 

Figure 5.45: Average arterial 18F-NaF uptake and very low WSS burden ................... 228 

Figure 5.46: Average arterial 18F-NaF uptake and very low WSS burden × ecc. ......... 229 

Figure 5.47: Average arterial 18F-NaF uptake and the parametric function P .............. 229 

Figure 5.48: Min. arterial 18F-NaF uptake and the parametric function P .................... 230 

Figure 5.49: Max. arterial 18F-NaF uptake and the parametric function P ................... 230 

 

 

 

  



   

xii 

LIST OF TABLES 

Table 3.1: List of active contour parameters. .................................................................. 79 

Table 3.2: 2D segmentation results for lumen contours ................................................. 81 

Table 3.3: Varied active contour parameters for lumen contours ................................... 81 

Table 4.1: Comparison of the WSS metrics measured for transient and steady flow ... 130 

Table 4.2: Comparison of WSS metrics for OCT and CT geometries ......................... 135 

Table 4.3: Comparison of artery diameters for OCT and CT geometries ..................... 136 

Table 5.1: Feature burdens ............................................................................................ 173 

Table 5.2: Cohort whole-artery geometric characteristics ............................................ 174 

Table 5.3: Cohort feature-specific geometric characteristics ........................................ 175 

Table 5.4: Cohort feature-specific area-weighted geometric characteristics ................ 176 

Table 5.5: The number of segments and their contributions to surface area ................ 177 

Table 5.6: The total area distribution of features for all modelled arterial segments ... 177 

Table 5.7: Segment-averaged point marker densities ................................................... 178 

Table 5.8: The LVM dependent flow rates, HCT values and average viscosities ........ 180 

Table 5.9: Changes in aggregate results with respect to simulation method A ............ 184 

Table 5.10: Aggregate results for all simulation methods ............................................ 185 

Table 5.11: Site-specific weighted-avg. of WSS functions for OCT morphologies ..... 189 

Table 5.12: Comparing the results of the proximal and distal segments ...................... 193 

Table 5.13: Correlations between OCT-feature burdens and geom. parameters. ......... 194 

Table 5.14: Significant corr. for OCT-features and CFD parameters: Method A ........ 197 

Table 5.15: Significant corr. for OCT-features and CFD parameters: Method B ........ 198 

Table 5.16: Significant corr. for OCT-features and CFD parameters: Method C ........ 199 

Table 5.17: Significant corr. for OCT-features and CFD parameters: Method D ........ 200 

Table 5.18: Significant corr. for 18F-NaF segment-TBR and CFD parameters ............ 207 

Table 5.19: Correlations between 18F-NaF segment-TBR and mutilpe functions ........ 217 

Table 5.20: Correlations between geom. parameters, LVM, HCT and OCT-features . 219 

Table 5.21: Correlations between key CFD metrics and OCT-features. ...................... 222 

Table 5.22: Correlations between key CFD, combined metrics and 18F-NaF uptake ... 225 

Table 5.23: Correlations between the parametric function P and 18F-NaF uptake ....... 226 

Table 5.24: Correlations between the OCT-features and 18F-NaF uptake .................... 226 

 

 

  



   

xiii 

ACKNOWLEDGEMENTS 

I would like to begin my acknowledgements by thanking the kind person who left two 

bags of MintiesTM on Barry’s desk months ago. Recently, I have been well equipped to 

overcome the end-of-PhD ‘Mintie moments’.  Other than this crucial support, I would 

like to thank my supervisor Professor Carl Schultz for his support and patience, while I 

toiled in methods and delayed producing any meaningful results. I would like to thank 

my supervisor Dr. Barry Doyle for his unwavering enthusiasm and the wisdom he has 

provided during the five odd years I have been a part of the Vascular Engineering 

Laboratory (the Doyler Room). A true legend, who despite his age, has a youthful passion 

for all his avenues of research. 

 

The Harry Perkins Medical Research Institute has a wonderful community and is a 

fantastic place to work (exist). I am grateful to have worked alongside so many bright 

students and collaborators that have passed through during my time here. In addition to 

my supervisors, I would like to thank Louis Parker, Joseph Rebhan, Jamie Bellinge, 

Samantha Richards and Kamran Majeed for their contributions to this body of work.  

 

I would also like the thank The University of Western Australia and the Australian 

Government for the opportunity to do this work, as this research was supported by an 

Australian Government Research Training Program (RTP) Scholarship, the National 

Health and Medical Research Council (Grants APP1063986 and APP1083572), and the 

Department of Health Merit Award. I would also like to thank CD-adapco (Siemens), the 

Pawsey Supercomputing Centre and the Royal Perth Hospital Medical Research 

Foundation for their support. As well as, the scholarships and assistance provided by The 

University Club of Western Australia and the Intelligent Systems for Medicine 

Laboratory. This additional funding supported the dissemination of this work at key 

conferences in Europe, and helped me to visit other laboratories that are at the forefront 

of biomedical engineering and science. Many thanks to the laboratories of Professor Xiao 

Yun Xu at Imperial College, Professor Marek Behr at RWTH Aachen University, Dr. 

Antony Callanan at The University of Edinburgh and Professor Natzi Sakalihasan at 

Liege University Hospital for hosting both Louis Parker and myself. 

 

I would also like to acknowledge the spiritual contributions that many others have made. 

As a collective, Harrison, Usaid, Lauren, Matt and Sumesh have reshaped my 

understanding of work ethic. On the other hand, I would like to thank James for always 



   

xiv 

being good for a couple of pies at Jesters, despite this interfering with his continual baby-

sitting of FSI simulations. I would like to acknowledge Nik for always acknowledging 

my terrible puns, and Louis for not. I would like to thank Joe for his evolutionary 

psychology phase: lunch time has never been the same. I hope you find the almond milk 

you are looking for. In your absence we are left talking about the cricket, with Bijit, while 

waiting for Bijit to finish eating. I would like to thank Bijit for extending lunch time. I 

would also like to thank Habib and Sudip for helping me find my love for a good goat 

curry. 

 

Outside of the lab, I would like to thank Peter Ewing and Kynan Maley for instilling me 

with a knowledge-of and passion-for computational fluid dynamics. As well as Liam 

David for the long hours studying mechanical engineering together, and William Crisp 

for helping me understand a few threshold concepts in computer programming. 

Furthermore, I am forever grateful to my parents, family and friends for their support. 

Notably, Michela, for making me smile every time I arrive home. Thanks to Bonnie, 

Henry, Peta and Ian for taking me on so many adventures. Particularly Henry, for always 

trying to get me out for a sail, and for not murdering me as a child. Regarding mortality, 

I must also thank my office mug for not murdering me despite going practically unwashed 

for four years - there must be something Lipton isn’t telling us about their black tea. 

Furthermore, thanks to Louis, for travelling around Europe with me, sharing much of this 

Journey, and wearing the same striped shirt consistently for 3 years; Oscar, for always 

bringing Chingus around; Warrun, for all the free beers and rants; Bijit, for a lesser 

amount of free beers, but more rants; Liam for galvanising my interests in all things 

engineer; Dave, for being a genuine, no-nonsense, nonsense bloke; Peta, for always 

offering help, being concerned, and wanting to change this entire body of work to a very 

passive voicing; Michael and Claire, for the best food and fantastic company; Will, for 

all the board games and blatant lack of trust at the table; Heem, for always being keen for 

a sloppy Jam; likewise for Tony, and I am sorry that I uninstalled Counterstrike and that 

you saw those older women naked in the dam. 

 

  



   

xv 

AUTHORSHIP DECLARATION: CO-AUTHORED PUBLICATIONS 

This thesis contains the results of the research that I, Lachlan James Kelsey, performed 

within the Department of Mechanical Engineering in the School of Engineering at The 

University of Western Australia, between January 2015 and June 2019. The body of this 

thesis contains one chapter that has been published (Chapter 2), while contents of the 

remaining chapters are being considered for future publication. Excluding the 

Introduction and Conclusion (sole authorship), the contributions I made to each Chapter 

of this thesis are listed below. As well as the locations where they appear in the thesis.  

 

The appendix of this thesis include first- and co-authored journal publications, and book 

chapters investigating other topics. These additional publications were completed during 

my enrolment, but are not presented for examination here. 

 

 

Details of the work: 
 

Title 
(Chapter 2) The effects of geometric variation from OCT-derived 3D-reconstructions on 

wall shear stress in a patient-specific coronary artery. 

Authors 
Kelsey, Lachlan J., Carl Schultz, Karol Miller, and Barry J. Doyle. 

Dissemination 

Kelsey, Lachlan J., Carl Schultz, Karol Miller, and Barry J. Doyle. "The Effects of 

Geometric Variation from Oct-Derived 3d Reconstructions on Wall Shear Stress in a 

Patient-Specific Coronary Artery." In Computational Biomechanics for Medicine: From 

Algorithms to Models and Applications, edited by Adam Wittek, Grand Joldes, Poul M. 

F. Nielsen, Barry J. Doyle and Karol Miller, 1-13. New York, NY: Springer International 

Publishing, 2017. 

 

Location in thesis:  
 

Chapter 2, in entirety. 

 

Student contribution to work: 80% 
 

The student was not involved in the collection of the medical images. The student was 

central to the design of the study, and entirely responsible for the geometry 

reconstruction, numerical modelling and the initial draft of the manuscript.  

 

 

 

 

 

 

 

 

 

 



   

xvi 

 

Details of the work: 
 

Title 
(Chapter 3) Workflow integration: A platform to merge medical image reconstruction, 

plaque assessment and computational analysis. 

Authors 
Lachlan J. Kelsey, Kamran Majeed, Jamie W. Bellinge, Carl J. Schultz, Barry J. Doyle 

Dissemination 

The intellectual property within this chapter is being considered for commercial 

purposes and is therefore not currently being published. 

 

Location in thesis:  
 

Chapter 3, in entirety. 

 

Student contribution to work: 80% 
 

The student was not involved in the collection of the medical images used to design the 

software platform described within this chapter. The student received advice from co-

authors on what could be incorporated into the software platform, and received 

feedback on the initial version of the software. The initial version of the software was 

used by co-authors to collect the coronary artery plaque morphology data presented 

within the chapter. The student performed all of the required computer programming 

involved in the design of the software platform, and is also responsible for the geometry 

reconstruction and numerical modelling presented within the chapter.  

 

 

Details of the work:  
 

Title 
(Chapter 4) Towards efficient simulation of patient-specific coronary artery 

haemodynamics: Investigating boundary condition and geometric dependence for OCT 

and CT geometries. 

Authors 
Lachlan J. Kelsey, Kamran Majeed, Jamie W. Bellinge, Joseph Rebhan, Louis P. Parker, 

Carl J. Schultz, Barry J. Doyle. 

Dissemination 

Parts of this chapter were presented at the 23rd Congress of the European Society of 

Biomechanics (2017) and the Australasian Society for Biomaterials and Tissue 

Engineering (2018). Contents from this chapter may be included in future publications. 

 

Location in thesis:  
 

Chapter 4, in entirety. 

 

Student contribution to work: 75% 
 

The student was not involved in the collection of the medical images. The student was 

central to the design of the study, and entirely responsible for the geometry 

reconstruction, analysis of the results, and the initial draft of the chapter. Assistance 

from co-authors was provided during the implementation of the boundary conditions 

in the numerical modelling processes. 

 

 



   

xvii 

 

 

Details of the work: 
 

Title 
(Chapter 5) Investigating patient-specific coronary artery haemodynamics, plaque 

morphology and micro-calcification activity: Linking OCT and 18F-NaF PET/CT with 

CFD. 

Authors 
Lachlan J. Kelsey, Kamran Majeed, Jamie W. Bellinge, Louis P. Parker, Samantha 

Richards, Carl J. Schultz, Barry J. Doyle. 

Dissemination 

Parts of this chapter were presented at the 8th World Congress of Biomechanics (2018), 

the Australasian Society for Biomaterials and Tissue Engineering (2018) and the 25th 

Congress of the European Society of Biomechanics (2019). Contents from this chapter are 

intended for publication. 

 

Location in thesis:  
 

Chapter 5, in entirety. 

 

Student contribution to work: 70% 
 

The student was not involved in the collection of the medical images. Furthermore, 

co-authors collected the coronary artery plaque morphology data presented within the 

chapter. The student was central to the design of the study, and was responsible for 

the geometry reconstruction, numerical modelling and the initial draft of the chapter. 

 

 
 

 

Student signature:  
 

 

Date: 07/11/2019 
 

 

 

 

I, Barry J. Doyle certify that the student’s statements regarding their contribution to 

each of the works listed above are correct.  
 

As all co-authors’ signatures could not be obtained, I hereby authorise inclusion of 

the co-authored work in the thesis. 
 

 

Coordinating supervisor signature: 
 

 

Date: 07/11/2019 
 

 

 



   

xviii 

LIST OF PUBLICATIONS 

Journal Articles 
 

Rebhan, J., L.P. Parker, L.J. Kelsey, F. Chen and B.J. Doyle. A computational framework to 

investigate retinal haemodynamics and tissue stress. Biomechanics and Modeling in 

Mechanobiology, 2019. DOI: 10.1007/s10237-019-01172-y 

 

Parker, L.P., J.T. Powell, L.J. Kelsey, B. Lim, R. Ashleigh, M.S. Venermo, I. Koncar, P.E. 

Norman and B.J. Doyle, Morphology and hemodynamics in isolated common iliac artery 

aneurysms impacts proximal aortic remodeling, Arteriosclerosis, Thrombosis and Vascular 

Biology, 2019;39:1125-36. 

 

Piper, R., P.J. Carr, L.J. Kelsey, A.C. Bulmer, S. Keogh and B.J. Doyle, The mechanistic 

causes of peripheral intravenous catheter failure based on a parametric computational study, 

Scientific Reports, 2018;8(1):3441.   

 
Drewe, C.J., L.P Parker, L.J. Kelsey, P.E. Norman, J.T. Powell and B.J. Doyle, 

Haemodynamics and Stresses in Abdominal Aortic Aneurysms: A Fluid-Structure Interaction 

Study into the Effect of Proximal Neck and Iliac Bifurcation Angle, Journal of Biomechanics, 

2017;60:150-156. 

 
Bappoo, N., L.J. Kelsey, L. Parker, T. Crough, C.M. Moran, A. Thomson, M.C. Holmes, C.S. 

Wyrwoll and B.J. Doyle, Viscosity and Haemodynamics in a Late Gestation Rat Feto-

placental Arterial Network, Biomechanics and Modeling in Mechanobiology, 2017;16:1361-

72.  

 
Kelsey, L.J., J.T. Powell, P.E. Norman, K. Miller and B.J. Doyle, A Comparison of 

Haemodynamic Metrics and Intraluminal Thrombus Burden in Common Iliac Artery 

Aneurysms, International Journal of Numerical Methods in Biomedical Engineering, 

2017;33(5):e2821. 

 
Kelsey, L.J., K. Miller, P.E. Norman, J.T. Powell and B.J. Doyle, The Influence of 

Downstream Branching Arteries on Upstream Haemodynamics, Journal of Biomechanics, 

2016;49(13):3090-6. 

 

Book Chapters 
 

Parker, L.P., L.J. Kelsey, J. Mallal, R. Hustinx, N. Sakalihasan, P.E. Norman and B.J. Doyle, 

Simulating platelet transport in Type-B aortic dissection, In: Nielson, P.M.F., A. Wittek, K. 

Miller, B.J. Doyle, G.R. Joldes, and M.R. Nash (Eds). Computational Biomechanics for 

Medicine: Measurements, Models, and Predictions (9th vol), Springer NY, 2018. ISBN: 978-

3-319-75589-2.  

 

Kelsey, L.J., C. Schultz, K. Miller and B.J. Doyle, The Effects of Geometric Variation from 

OCT-derived 3D Reconstructions on Wall Shear Stress in a Patient-Specific Coronary Artery, 

In: Wittek, A., G.R. Joldes, P.M.F. Nielson, B.J. Doyle and K. Miller (Eds). Computational 

Biomechanics for Medicine (8th vol), Springer NY, 2017, pp.1-13.  

 

Kristen, A., L.J. Kelsey, A. Wintermantel and B.J. Doyle, Fundus Image Based Blood Flow 

Simulation of the Retinal Arteries, In: Joldes, G.R., B.J. Doyle, A. Wittek, K. Miller and 

P.M.F. Nielson (Eds). Computational Biomechanics for Medicine: Imaging, Modelling and 

Computing (7th vol), Springer NY, 2016. ISBN: 978-3-319-28327-2. 

 

 



   

xix 

Selected Conference Proceedings 

Key: ● International | * Domestic | ‡ Full paper | † Abstract | ˚ Podium Presentation. 

 

●†˚ Kelsey, L.J., J.W. Bellinge, K. Majeed, L.P. Parker, C.J. Schultz and B.J. Doyle, 

Multimodal Analyses of Vulnerable Plaque: Combining CCTA, OCT, PET/CT and CFD, 25th 

Congress of the European Society of Biomechanics, Vienna, Austria. July 7-10, 2019. 

 

●†˚ Kelsey, L.J., K. Majeed, J.W. Bellinge, L.P. Parker, C.J. Schultz and B.J. Doyle, A 

framework for investigating the relationship between patient-specific coronary artery 

haemodynamics and plaque morphology through analysis of OCT and NaF PET-CT imaging. 

8th World Congress of Biomechanics, Dublin, Ireland. July 8-12, 2018. 

 

*†  Kelsey, L.J., K. Majeed, J.W. Bellinge, C.J. Schultz and B.J. Doyle, A New Computational 

Framework for Investigating Coronary Plaque Biomechanics, Australasian Society for 

Biomaterials and Tissue Engineering Annual Conference, Fremantle, Australia, April 3 – April 

5, 2018. 

 

*† Sasidharan, S., L.J. Kelsey, K. Majeed, C.J. Schultz and B.J. Doyle, Investigating Patient-

Specific Coronary Artery Plaque Biomechanics with Optical Coherence Tomography and 

Computational Modelling, Australasian Society for Biomaterials and Tissue Engineering 

Annual Conference, Fremantle, Australia, April 3 – April 5, 2018. 

 

●†˚ Kelsey, L.J., K. Majeed, C.J. Schultz, K. Miller and B.J. Doyle, Impact of geometric 

resolution and transient flow in coronary artery CFD, 23rd Congress of the European Society 

of Biomechanics, Seville, Spain. July 2-5, 2017. 

 

●‡ Kelsey, L.J., C. Schultz, K. Miller and B.J. Doyle, The Effects of Geometric Variation 

from OCT-derived 3D Reconstructions on Wall Shear Stress in a Patient-Specific Coronary 

Artery, Computational Biomechanics for Medicine Workshop, MICCAI, Athens, Greece, 

October 17, 2016. 

 

*† Kelsey, L.J., C. Schultz, K. Miller, and B.J. Doyle, Using Multi-Modality Imaging and 

Computational Fluid Dynamics to Better Understand Endothelial Shear Stress and Coronary 

Artery Disease. Science on the Swan, Perth, Australia, May 3-5, 2016. 

 

●†˚ Kelsey, L.J., P.E. Norman, J.T. Powell, K. Miller and B.J. Doyle, The Impact of Minor 

Downstream Arteries on Upstream Haemodynamics: An Iliac Aneurysm Case Study, 4th 

International Conference on Computational and Mathematical Biomedical Engineering 

(CBME2015), Paris, France, June 29 – July 1, 2015. pp. 794-797. 

  



   

xx 

LIST OF AWARDS AND ACHIEVEMENTS 

 

Awarded Journal Cover Image for Arteriosclerosis, Thrombosis and Vascular Biology 

(https://www.ahajournals.org/toc/atvb/39/6) (June 2019, vol. 39, issue 6). 

 

1st Prize in Mimics Innovation Award (2018) ($5500 prize)  

Parker L.P., Kelsey L.J., Powell J.T., Koncar I., Sakalihasan N., Jansen S., Norman P.E. and 

Doyle B.J. Computational modelling to evaluate intervention strategies for a complex case of 

aortic disease. 

 

2nd Prize in ASME SB3C BS Student Paper Award (2018)  

Bappoo N., Evans A., Kelsey L.J., Parker L.P., Tongpob Y., Moran C.S., Thomson A., 

Holmes M.C., Wyrwoll C.S. and Doyle B.J. Haemodynamics in the feto-placental vasculature 

of healthy and intrauterine growth restricted fetuses. 

 

Finalist in ASME SB3C MS Student Paper Award (2018)  

Caddy H., Kelsey L.J., Parker L.P., Mallal J., Newby D.E., Dweck M.R. and Doyle B.J. 

Haemodynamics in the thoracic aorta of patients with aortic valve disease. 

 

Finalist in ASME SB3C MS Student Paper Award (2018)  

Rebhan J.P., Parker L.P., Kelsey L.J. and Doyle B.J. Haemodynamics and tissue stresses in 

healthy and diseased retinas: a 3D fluid-structure interaction framework. 

 

Finalist in ASME SB3C MS Student Paper Award (2018)  

Lim B., Parker L.P., Kelsey L.J., Powell J.T., Norman P.E. and Doyle B.J. Towards a better 

understanding of isolated common iliac artery aneurysm: a computational haemodynamics 

study. 

 

1st Prize in Mimics Innovation Award (2017) ($5500 prize)  

Bappoo N., Kelsey L.J., Parker L.P., Crough, T., Moran C.S., Thomson A., Holmes M.C., 

Wyrwoll C.S. and Doyle B.J. Viscosity and haemodynamics in the feto-placental vasculature. 

 

Awarded Journal Cover Image for the Annals of Biomedical Engineering Special Issue on 

Patient Specific Applications (https://link.springer.com/article/10.1007/s10439-015-1519-9) 

(Jan. 2016, vol. 44, issue 1). 

 

University Club of Western Australia PhD Travel Award (2015) ($5,000). 

 

Honours thesis “Haemodynamics and the Site Specificity of Aneurysmal Disease in the Iliac 

Arteries,” was published by Siemens on their website: 

(http://mdx2.plm.automation.siemens.com/thesis/haemodynamics-and-site-specificity-

aneurysmal-disease-iliac-arteries). 

 

Computational Biomechanics for Medicine Award Top-up Scholarship ($15,000). 

 

 

  

http://mdx2.plm.automation.siemens.com/thesis/haemodynamics-and-site-specificity-aneurysmal-disease-iliac-arteries
http://mdx2.plm.automation.siemens.com/thesis/haemodynamics-and-site-specificity-aneurysmal-disease-iliac-arteries


   

xxi 

LIST OF ACRONYMS      

18F-FDG    (Fluorine-18-labelled) Fludeoxyglucose 

18F-NaF    (Fluorine-18-labelled) Sodium Fluoride 

ACS     Acute Coronary Syndrome 

BS     Bright Spots 

CAD     Coronary Artery Disease 

CC     Cholesterol Crystals 

CCTA     Coronary Computed Tomography Angiography 

CFD     Computational Fluid Dynamics 

CT     Computed Tomography 

CV     Coefficient of Variation 

CVD      Cardiovascular Disease 

DRT     Domain Residence Time 

FEA     Finite Element Analysis 

FFR     Fractional Flow Reserve 

FSI      Fluid Structure Interaction 

FV     Finite Volume 

GCI     Grid Convergence Index 

GRACE    Global Registry of Acute Coronary Event 

HCT     Haematocrit 

HWSS     High Wall Shear Stress 

ICA     Invasive Coronary Angiography 

IVUS     Intravascular Ultrasound 

LAD     Left Anterior Descending 

LCx     Left Circumflex 

LDL     Low Density Lipoprotein 

LM     Left Main 

LV     Left Ventricular 

LVM     Left Ventricular Mass 

LWSS     Low Wall Shear Stress 

MC     Micro-channels 

MI     Myocardial Infarction 

OCT     Optical Coherence Tomography 

OSI     Oscillatory Shear Index 

OVI     Oscillatory Velocity Index 



   

xxii 

PET     Positron Emission Tomography 

PFW     Plaque-Free Wall 

PSS     Plaque Structural Stress 

RBC     Red Blood Cell 

RCA     Right Coronary Artery 

Re     Reynolds number 

SA     Surface Area 

TAWSS    Time-Averaged Wall Shear Stress 

TCFA     Thin-Capped Fibroatheroma 

VLWSS    Very Low Wall Shear Stress 

WSS     Wall Shear Stress 

 

 

 

 



 

 

 

 

 

 

 

 
 

 

Chapter I 
 

Introduction 
 

 

 

  



 

 

 

 



Chapter One  Introduction 

3 

 

BACKGROUND 

Ever since the pioneering work of William Harvey in the 17th Century and his revelations 

that the cardiovascular system circulated blood through a connected system, the 

cardiovascular system can be considered the most critical pump system known to man, 

as without it, human life ceases. The pump itself is a highly dynamic four-chamber and 

four-valve system, controlled by electrophysiology and biomechanics. The pump is 

attached to a series of elastic-like pipes of varying diameter, wall thickness and shape. 

The pump displaces a shear-thinning fluid approximately 86,000 times per day through 

about 100,000 km of compliant tubing. Over the course of 80 years of life, the pump will 

perform approximately 2.5 billion cycles. Furthermore, the tubing that channels the fluid 

around the entire system is also under cyclical loading from fluid pressures and frictional 

forces. The cardiovascular system must operate within strict controls throughout its life 

time and yet can be disturbed by a range of genetic, environmental and lifestyle factors. 

Poor performance of the pump and the tubing is known as cardiovascular disease (CVD) 

which is currently the biggest killer in the world accounting for about one third of all 

deaths. In Australia, CVD kills one person every 12 minutes, with one in six Australians 

living with CVD and most people over 65 years living with long-term CVD (NHFA, 

2019). Furthermore, at least three quarters of the world’s deaths from CVDs occur in low- 

and middle-income countries where people do not have access to effective healthcare, are 

diagnosed later in the course of the disease, and consequently die younger, often during 

their most productive years. 

 

CVD represents a broad range of diseases including heart valve problems, stroke and 

aneurysm, but central to all CVD is arteriosclerosis and atherosclerosis. Arteriosclerosis 

is when the arteries carrying oxygen and nutrients from the heart to the rest of the body 

become thick and stiff. Atherosclerosis refers to the buildup of fats, cholesterol and other 

substances in and on the artery walls, which can restrict blood flow. This build up is 

referred to as plaque. Although arteriosclerosis and atherosclerosis can occur in any 

artery, one of the biggest health problems is when disease occurs in the arteries that supply 

blood to the heart itself: the coronary arteries. 
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Coronary Artery Disease 

Coronary artery disease (CAD) is characterised by the formation and evolution 

of atherosclerotic plaques in the coronary arteries, which is considered to be a chronic 

inflammatory process (relevant at both the local and systemic level) (Libby et al., 2009). 

The progression of atherosclerotic plaques/lesions is mostly asymptomatic but may lead 

to life-changing clinical events, most commonly either stable angina or acute coronary 

syndromes (ACS), with the possibility of myocardial infarction (MI; heart attack) (Figure 

1.1). Angina is the pain and discomfort that occurs when the blood supply to the heart is 

poor. The more stenotic (artery-narrowing) an atherosclerotic lesion becomes, the more 

restricted the blood supply is (Figure 1.1). In the case of stable angina, discomfort occurs 

during periods of stress/physical activity (Anderson et al., 2007). ACS, on the other hand, 

is linked to unstable angina, and is the form of CAD associated with sudden, reduced 

blood supply to the heart. ACS is typically caused by the rupture of a (vulnerable) 

atherosclerotic plaque, leading to the formation of a blood clot (thrombosis) nearby the 

rupture location (Kumar and Cannon, 2009). When a blood vessel is completely 

obstructed, a MI typically occurs. 

 

While plaque rupture tends to result in ACS, in 99% of cases it is clinically silent 

(asymptomatic) (Mark Webster et al., 1990) and to further complicate matters, the rate of 

development of atherosclerotic lesions is nonlinear and (currently) unpredictable (Kumar 

and Cannon, 2009). Patients with ACS resulting in MI are in the highest risk category 

with up to 30% dying or being re-admitted with a further event within three years (Al 

Saleh et al., 2017). Despite the ongoing advancements in the management and treatment 

of CAD, the mortality and morbidity of the disease remains high with approximately 12% 

of all deaths worldwide caused by ACS (McAloon et al., 2016).  

 

CAD shares the same systemic risk factors that are associated with other CVDs, such as 

male-sex, old-age, diabetes, smoking and hypertension (Matsuzawa and Lerman, 2014, 

Kumar and Cannon, 2009). Cardiovascular risk factors are typically linked with the 

impaired function of the vascular endothelium: the monolayer of cells lining the entire 

circulatory system. The endothelium is essential to most vascular functions in both health 

and disease, and is responsible for controlling the remodelling of the vessel wall (Reriani 

et al., 2012, Bonetti et al., 2003, Matsuzawa and Lerman, 2014). The development and 

progression of atherosclerotic lesions can occur at any stage of life, and endothelial 

https://www.sciencedirect.com/topics/medicine-and-dentistry/atherosclerotic-plaque


Chapter One  Introduction 

5 

 

dysfunction is involved in atherogenesis at every phase of atherosclerosis (Juonala et al., 

2004, Kumar and Cannon, 2009).  

 
Figure 1.1: The morphological extremes of coronary artery atherosclerotic lesions/plaque 

types. Stenotic lesions reduce the artery diameter making them easily detectable using 

traditional angiographic imaging approaches. They are typically associated with smaller 

lipid cores and tend to be more fibrous and calcified (i.e. relatively stable plaques). Non-

stenotic lesions generally outnumber stenotic lesions, they tend to have remodelled 

outwards, contain a large lipid-rich core and thin fibrous caps, making them susceptible 

to rupture and thrombosis (i.e. ACS). Here, the non-stenotic lesion schematic includes 

thrombosis due to plaque rupture. Furthermore, the occurrence of outward remodelling 

makes these types of lesions harder to detect with lumenographic imaging.  The majority 

of coronary artery lesions exist between these extremes. This figure has been modified 

from the source material (Libby et al., 2010, Libby and Theroux, 2005). 

 

Impaired endothelial function has been linked with unfavourable physiological vascular 

changes, including thrombotic dysfunctions, smooth muscle cell proliferation-and-

migration, and monocyte adhesion-and-migration (Bonetti et al., 2003). In this process, 

the monocytes, which are inflammatory (white blood) cells, migrate through the damaged 

endothelium by binding to adhesion molecules. They undergo differentiation, becoming 
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macrophages, whereby they digest oxidised low-density lipoproteins (LDL) that have 

also passed into the sub-endothelial space (Figure 1.2). This process transforms the 

macrophages into foam cells, producing fatty streaks within the artery wall (Kumar and 

Cannon, 2009, Fuster et al., 1992). It has been demonstrated that the ratio between smooth 

muscle cells and macrophages is central to plaque vulnerability and the propensity for a 

plaque to rupture (Mark Webster et al., 1990).  

 

Figure 1.2: Atherosclerotic plaque development through the migration-and-

transformation of inflammatory cells present in blood: represented here for monocytes, 

the most common leukocyte in plaque development. Recruitment begins with the 

expression of adhesion molecules at the endothelium. Inside the intima, macrophages 

become phagocytically active, and oxidatively-modified low-density lipoproteins 

accumulate within the developing plaque. Both of these processes serve as potential 

targets for nuclear imaging, while the foam cells exhibiting increased (glucose) metabolic 

activity is a process measurable by existing positron emission tomography of 18F-

fluorodeoxyglucose (FDG) uptake. Initial feasibility studies in animals show that each 

process in the white boxes here is a possible target for molecular imaging agents (Libby 

et al., 2010). Furthermore, the inflammatory process initiates a cascade of mechanisms 

that lead to active stages of mineralisation (micro-calcification) (Tarkin et al., 2014). 

Not depicted here, 18F-sodium fluoride (NaF) is another emerging molecular imaging 

agent that has a strong affinity for hydroxyapatite, which is the predominant mineral 

present in atherosclerotic calcifications (Blau et al., 1962, New and Aikawa, 2013, Clarke, 

2008). Figure image is from Libby et al. (2010).  
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In addition to the various systemic risk factors, local factors such haemodynamic stresses 

are considered to be important modulators of endothelial function and plaque progression 

(Chatzizisis et al., 2007, Kipshidze et al., 2004, Stone et al., 2012). The location of 

atherosclerotic plaques has been correlated with local haemodynamic features and the 

fluid shear stress experienced by the endothelium. This shear stress influences the 

phenotype of the endothelial cells, such that it is thought to modulate the inflammatory 

component of plaque progression. Regarding this, the location in which plaques occur has 

been shown to be preferential to regions of disturbed (oscillatory) flow and low wall shear 

stress (WSS <1 Pa) (Caro et al., 1969, Friedman et al., 1981). Furthermore, areas of very 

low WSS (<0.4 Pa) have been associated with neo-intimal thickening (Malek et al., 1999), 

as well as an exponential increase in monocyte adhesion (Lawrence et al., 1987). On the 

other hand, it has been reported that vulnerable plaques mainly occur in regions of high 

WSS, associated with induced apoptosis of vascular smooth muscle cells (Wentzel et al., 

2001, Kenagy et al., 2002, Cicha et al., 2011) (Figure 1.3). There is evidence to suggest 

that low, high and oscillatory WSS are all adverse to vascular health, however, the exact 

role of the haemodynamic environment in CAD progression and plaque rupture remains 

uncertain. 

Figure 1.3: Generalised haemodynamic behaviour (blood velocity vectors and WSS) 

upstream and downstream of a protruding atherosclerotic lesion: Figure image modified 

from source material (Koskinas et al., 2009). The WSS is elevated on the upstream 

shoulder and low and oscillatory on the downstream shoulder. The upstream conditions 

are thought to promote a rupture prone plaque phenotype (in the area of the red square), 

while additional plaque growth is expected in the downstream region (dashed-line). 

 

Previously, the degree of arterial stenosis was thought to be responsible for the bulk of 

complications in ACS. However, the qualitative aspects of plaque morphology are also 

important determinants of complication; that is unstable plaques are not necessarily 
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stenotic (Figure 1.1) (Libby et al., 2002, Viles-Gonzalez et al., 2004, Libby et al., 2010). 

It is now apparent that many identifiable features are intrinsically linked with the 

functions of vulnerable plaque, i.e. inflammation – the leading pathophysiological 

mechanism (Libby et al., 2002, Libby et al., 2009, Libby et al., 2010). The primary 

pathological features of vulnerable plaques include the presence of a thin fibrous cap, an 

accumulation of lipid, macrophage infiltration and a necrotic core (Felton et al., 1997, 

Kolodgie et al., 2001, Virmani et al., 2000, Virmani et al., 2002, Falk, 1992, Davies, 1996, 

Kolodgie et al., 2003). Endothelial dysfunction, as described above, plays an important 

role in the development of all of these features (Matsuzawa and Lerman, 2014, Libby et 

al., 2002). 

 

Predicting Risk  

In patients hospitalised with ACS the current best practice for predicting the cumulative 

risk of recurrent ACS and death in the clinic is the GRACE score (Global Registry of 

Acute Coronary Event) (Fox et al., 2006). The GRACE score determines six-month 

mortality risk from a patient’s clinical information, although, it does not provide any 

information on plaque accumulation and vulnerability. To provide a measurement of 

established plaque accumulation, the coronary artery calcium score (CCS) is commonly 

used. It requires computed tomography (CT) imaging to be performed but offers 

additional prognostic information over traditional risk factors (Detrano et al., 2008, 

Yeboah et al., 2012). Furthermore, observations of the progression of the CCS over time 

is a powerful prognosticator, however, this requires consecutive CCSs performed at least 

2 years apart, enabling mostly retrospective risk identification, limiting clinical 

application (Budoff et al., 2010, Budoff et al., 2013). It is thought that accurate, early 

identification of vulnerable (unstable) plaque features may be essential to improving 

ACS risk stratification and prognosis (Bellinge et al., 2018, Bugiardini, 2004). 

Approaches to identify high-risk patients have considered the need to combine the 

identification of these features with biomarkers for cumulative atherosclerotic burden 

(Koganti et al., 2017). However, vulnerable plaque features are often seen in 

asymptomatic patients and have been observed equally in the culprit and non-culprit 

arteries of patients with ACS (Arbustini et al., 1991, Arbab-Zadeh and Fuster, 2015). 

Without including estimations of the local structural and functional mechanisms involved 

in plaque vulnerability the true severity of a patient’s CAD may not be fully characterised. 

 

https://www.sciencedirect.com/topics/medicine-and-dentistry/risk-stratification
https://www.sciencedirect.com/topics/medicine-and-dentistry/vulnerable-plaque
https://www.sciencedirect.com/topics/medicine-and-dentistry/atherosclerosis
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Towards this end, the emergence of molecular imaging techniques is showing promise. 

18F-sodium fluoride (NaF) positron emission tomography (PET), has demonstrated the 

capability to detect both high-risk atherosclerotic plaque features and regions of vascular 

calcification activity in the coronary arteries. As 18F-NaF has strong affinity for 

hydroxyapatite, the predominant mineral present in atherosclerotic calcifications, it 

provides a functional assessment of plaque progression (Figure 1.4) (Dweck et al., 2014, 

Ishiwata et al., 2017, Bellinge et al., 2018, Lee et al., 2017). Furthermore, the emergence 

of intravascular optical coherence tomography (OCT) has allowed for the improved 

identification of key vulnerable plaque features (thin-fibrous caps, lipid and 

macrophages) in clinical practice (Sinclair et al., 2015) (Figure 1.4). The coupling of these 

two technologies may be of great clinical utility in the future. Additionally, the use of 

computer modelling algorithms to simulate coronary artery haemodynamics is replacing 

existing methods for stratifying cardiovascular disease risk (i.e. fractional flow reserve) 

(Kitabata et al., 2017, Chinnaiyan et al., 2017), and providing a basis for quantifying the 

mechano-biological processes involved in plaque progression (Stone et al., 2012, Kumar 

et al., 2018, Costopoulos et al., 2019). 

 

Figure 1.4: 18F-NaF PET uptake, and the presentation of disease on different coronary 

artery imaging modalities. Top row: Moderate-uptake lesion in the left anterior 

descending (LAD) coronary artery. Intravascular ultrasound (IVUS) shows positive 

remodelling and a calcified nodule, OCT shows both calcification and lipid, and 

computed tomography coronary angiography (CCTA) shows positive remodelling and 

calcification. Bottom row: A high uptake lesion in the RCA. Both CCTA and IVUS show 

posterior attenuation and positive remodelling, while OCT shows a lipid-rich plaque with 

a thin cap (thin-capped fibroatheroma: TCFA). Figure image modified from source 

material (Lee et al., 2017). 
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Current and Emerging Clinical Imaging Modalities 

The most prevalent clinical imaging modalities for the assessment and treatment of CAD 

are invasive coronary angiography (ICA), cardiac CT and coronary CT angiography 

(CCTA). These imaging modalities are routinely used as diagnostic tools or to refine risk 

as estimated by clinical risk scores (Bellinge et al., 2018). CT is useful for non-invasively 

detecting established calcifications and providing measurements of disease burden, such 

as CCS. However, due to the limited spatial resolution of cardiac CT, it only has the 

capability to accurately detect established vascular calcifications (Maurovich-Horvat et 

al., 2014). Compared to standard CT, CCTA includes the intravenous injection of an 

iodine-based contrast agent (through the hand or arm) making the lumen easier to 

identify on the computed images. This provides a low resolution method to visualise 

the coronary arteries in three-dimensions (3D), and can be used as a non-invasive 

(diagnostic) alternative to two-dimensional ICA (Pontone et al., 2009, Newby and 

Adamson, 2018) in low- to medium-risk patients. In ICA, the x-rays are performed before 

and during the invasive injection of the contrast agent, and the subtraction images 

highlight the coronary lumens. The contrast agent is injected at a higher concentration 

than for CCTA, directly into the ostia of the coronary arteries. Both CCTA and ICA are 

capable of detecting stenotic lesions (Figure 1.1 and Figure 1.5) but have limited ability 

to detect the vulnerable plaque characteristics (Figure 1.6) (Tearney et al., 2006, Sinclair 

et al., 2015, Mollet et al., 2005, Newby and Adamson, 2018). 

 

Figure 1.5: ICA (left) showing a subtotal occlusion in middle of the right coronary artery 

(RCA). Corresponding CCTA images: using different image post-processing techniques: 

volume rendered (middle) and maximum intensity projection (right). Figure sourced from 

literature (Mollet et al., 2005). 

 

https://www-sciencedirect-com.ezproxy.library.uwa.edu.au/topics/medicine-and-dentistry/coronary-artery
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Figure 1.6: Maximum intensity projected CCTA image of the left main and LAD 

coronary arteries: showing both calcified (Ca) and non-calcified (NC) plaques, in 

locations labelled as A, B and C. Figure sourced from literature (Mollet et al., 2005). 

 

ICA remains the clinical gold standard for identifying the presence and extent of 

coronary stenosis (Tavakol et al., 2012). However, modern imaging modalities such as 

intravascular ultrasound (IVUS) and intravascular OCT have better cross-sectional 

resolution than other modalities and offer improved clinical analysis of stent placement 

and restenosis (Elgendy et al., 2016, Wijns et al., 2015, Maehara et al., 2015). Yet 

despite their enhanced characterisation of plaque features compared to CCTA and ICA, 

they may remain under used for that purpose.  

 

OCT is unrivalled in its visualisation of thin-capped fibroatheroma (TCFA). It enables 

high-resolution (10 – 15 μm) in vivo analysis and identification of atherosclerotic 

lesions and micro-calcifications (< 50μm), associated with the mechanical instability of 

lesions (Figure 1.7) (Nakahara et al., 2017, Mizukoshi et al., 2013, Tearney et al., 2006, 

Sinclair et al., 2015, Kelly-Arnold et al., 2013, Lee et al., 2017, Bezerra et al., 2009). 

IVUS provides a lower resolution (100 – 200 μm) visualisation of features associated 

with ruptured or unstable atherosclerotic plaques (Nakahara et al., 2017, Ehara et al., 

2004, Fujii et al., 2005) and it is difficult to differentiate lipid components from fibrous 

tissue using IVUS (Sano et al., 2006) (Figure 1.8). However, the signal attenuation 

inherent to OCT makes IVUS superior at identifying regions of positive (outward) 

remodelling, typical of vulnerable plaques, and may also impair evaluations of total 

atherosclerotic burden (using OCT) (Mehanna et al., 2013). 
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Figure 1.7: Comparing plaque features on OCT with histology: A) Fibrotic plaque. B) 

Calcified plaques. C) Lipid-rich plaque with a thick fibrotic cap (> 200µm). ‡Calcified 

region; *lipid core.  (Bezerra et al., 2009). 

 

 

 

Figure 1.8: Comparing plaque features on IVUS with histology. A) Calcified nodule; B) 

fibroatheroma; and C) Calcified fibrosis (non-nodular calcium) (Lee et al., 2011). 
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As atherosclerotic lesions at risk of rupture have certain morphological and functional 

characteristics, the development of modern molecular imaging techniques targeting these 

pathologies in vivo is possible. Unlike invasive imaging modalities (ICA, IVUS, OCT), 

non-invasive imaging modalities (CT, CCTA, PET) have a much lower possibility of 

procedural complications that can lead to death (Tavakol et al., 2012), however it is 

possible for patients to suffer complications such as anaphylaxis, contrast extravasation 

and renal failure in CCTA. Due to this, there is great demand for non-invasive techniques 

that can reliably identify features of high-risk plaque, while minimising the risk to the 

patient. Studies have shown that existing clinical tools inadequately stratify the risk of 

asymptomatic individuals with CAD (Rogers and Tawakol, 2011, Libby et al., 2010, 

Rogers et al., 2010, Joshi et al., 2014, Dweck et al., 2012, Newby and Adamson, 2018, 

Lee et al., 2017). Previously, PET/CT using the tracer 18F-NaF as a marker of vascular 

calcification has proven capable of predicting patients with high-risk plaque features 

measured on IVUS, leading to hospitalisation at the time of PET (Joshi et al., 2014). 

However, there are no prospective studies that have tested whether 18F-NaF PET can 

predict clinical events. Other studies have used 18F-flurodeoxyglucose (18F-FDG) tracer 

as a marker for vascular inflammation and macrophage burden (Rogers et al., 2010, 

Wykrzykowska et al., 2009, Rudd et al., 2002, Cheng et al., 2012). However, compared 

with 18F-NaF, imaging coronary artery lesions with 18F-FDG is error prone due to the 

high glucose metabolism of the heart causing interference (Tarkin et al., 2014). 18F-

FDG is therefore inferior to 18F-NaF as a marker of disease in the coronary arteries (Joshi 

et al., 2014). 

 

The primary adverse outcome of coronary artery PET/CT may be the consequences of 

radiation exposure (effective dose ≈ 6 – 15 mSv) which has a measurable increase in risk 

of cancer over time (Fazel et al., 2009). Moreover, as PET is currently only used as a 

research tool in this area of medicine, it is of limited availability and is also of 

considerable cost (Newby and Adamson, 2018). Note that the radiation exposure of 

PET/CT includes the radiation exposure from the CT scan: 1-10 mSv depending on 

protocol (Newby and Adamson, 2018). Furthermore, the radiation exposure of a CCTA 

is less than 3 mSv when prospectively gated, but is often much higher, especially in obese 

patients, while the effective radiation dose of a diagnostic ICA is 7 mSv (Einstein and 

Knuuti, 2012). As ICA is also a requirement of other invasive imaging technologies 

(IVUS and OCT), the radiation risk of PET/CT is comparable to these methods. 
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Computational Modelling and Coronary Artery Disease  

Computational modelling in medicine is a broad field of research. The modelling 

approaches used in CAD research typically fall into two categories: computational fluid 

dynamics (CFD) or computational structural mechanics (performed using finite element 

analysis (FEA)). Compared to the currently compounding use of imaging modalities to 

assess CAD, the use of these biomechanical modelling methods present no additional risk 

to the patient when performed using routinely acquired image data.  

 

In addition to the usefulness of haemodynamic modelling for the analysis of plaque 

development and the assessment of plaque severity (Stone et al., 2012, Kumar et al., 2018, 

Costopoulos et al., 2019), computationally modelled plaque structural stresses have been 

associated with plaque rupture, ACS and future adverse cardiovascular events (Teng et 

al., 2014, Brown et al., 2016). The stress located on/within a plaque is a consequence of 

the vessel loading induced by arterial pressure (traction) and is dependent on multiple 

factors, including the plaque size, composition, position and the luminal geometry 

(Costopoulos et al., 2017). Therefore, the structural mechanics of atherosclerotic plaques 

are difficult to validate due to the difficulties in replicating the mechanical behaviour of 

diseased tissues in vivo (Holzapfel et al., 2014). Historically, structural stress models have 

shown that peak stress is spatially related to the location of plaque rupture (Cheng et al., 

1993, Lee et al., 1991). There is yet to be a clear quantitative basis for this, however, 

promising progress is being made to develop a more location- and lesion-specific 

structural stress-based failure criterion (Akyildiz et al., 2011, Holzapfel et al., 2014, Teng 

et al., 2014, Brown et al., 2016) 

 

To perform a 3D patient-specific biomechanical model, of either the structural mechanics 

or haemodynamics, data from an imaging modality is required to develop the patient-

specific geometry. This is simpler when concerned only with the fluid volume, as only 

the luminal geometry is required. The haemodynamics are simulated within the geometry 

by numerically solving the governing equations of fluid motion (Navier-Stokes equations 

(momentum), continuity (mass-conservation) and energy-conservation). The 

conservative 3D-form of the continuity and momentum equations are shown below 

(Equations 1.1 and 1.2) (Ferziger and Peric, 2002). The energy equation is not included 

here as blood may be treated as an isothermal fluid for in vivo modelling applications 

(Taylor et al., 1998, Updegrove et al., 2017, Kelsey et al., 2017a). To obtain the numerical 
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solution throughout the patient-specific geometry (computational domain), a method 

must be used to approximate these equations for discrete locations in space and time, 

using algebraic systems of equations that can be solved by a computer. There are many 

approaches for this, however finite-volume (FV) based methods are often adopted for 

haemodynamic modelling, in part due to its prevalence in commercial CFD codes (Kelsey 

et al., 2017a, Khan et al., 2015, Toutouzas et al., 2015, Li et al., 2015). In the FV method, 

the solution domain is subdivided into a finite number of contiguous control volumes (the 

numerical mesh), and the conservation equations are applied to each control volume, 

leading to the local and global conservation of the simulated quantities. This is a principal 

advantage of the FV method, along with its capacity to accommodate any type of 

numerical mesh (Ferziger and Peric, 2002), making it is suitable for simulating the blood 

flow through complex, patient-specific geometries. However, other suitable methods are 

available, such as finite element discretisations (Taylor et al., 1998, Updegrove et al., 

2017). It should be noted that these numerical methods use the continuum assumption, 

which is an idealisation where the fluid is treated as a continuous medium and is 

characterised by macroscopic variables.  

 

 

 

Here, ρ is density, u⃗  is velocity, t is time, b⃗  is body force per unit mass, V is volume and 

n⃗  dS is the surface vector of a control volume surface (in discrete terms). As momentum 

is a vector quantity, the connective and diffusive fluxes through a control volume 

boundary are described by the scalar products of the second rank tensors ρu⃗ u⃗  and T with 

the surface vector. Where T is the stress tensor, describing the molecular rate of transport 

of momentum. In the simplest case (Newtonian, incompressible), the stress tensor 

depends on the static pressure tensor, the rate of strain tensor and viscosity. 

 

For a given geometry and numerical method, the accuracy of haemodynamic simulations 

depends on the specified (macroscopic) fluid properties (i.e. density and viscosity), as 
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https://en.wikipedia.org/wiki/Continuous_function
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well as the boundary conditions (inlet/outlet velocity/pressure) (Myers et al., 2001, 

Papaioannou and Stefanadis, 2005, Johnston et al., 2004). The fluid domain may be 

coupled with a structural solution (i.e. the tissue mechanics) to incorporate the wall-

boundary motion. However, fluid-structure interaction (FSI) studies have reported only 

mild changes to the relevant haemodynamic indices, such as time-averaged WSS (<5%) 

(Torii et al., 2009, Malvè et al., 2012). Nor has the motion of the heart been shown to 

significantly change time-averaged haemodynamic metrics, despite altering the 

instantaneous results throughout the cardiac cycle (Torii et al., 2010). As a consequence 

of this, and the near uniformity of flow-direction, or to simply minimise computational 

expense, many coronary artery haemodynamic simulations are performed using a steady-

state, rigid-walled computational domain (Ilegbusi et al., 1999, Wentzel et al., 2001, 

Johnston et al., 2004, Goubergrits et al., 2009, Li et al., 2015, Bourantas et al., 2014, 

Toutouzas et al., 2015, Bourantas et al., 2019). However, it is accepted that the accuracy 

of simulations are improved by the inclusion of patient-specific, time-dependent 

boundary conditions; measurable by flow-wires (Samady et al., 2011, Kumar et al., 2018). 

Furthermore, external forces aside (heart motion), due to the low Reynolds number (Re) 

of coronary artery blood flow (<500 during rest) (Myers et al., 2001), the inclusion of 

turbulence modelling is not considered necessary, although robust modelling approaches 

and physical experiments have demonstrated that the ‘early’ onset of turbulence (Re ≈ 

700) can occur downstream of severe stenosis (Khan et al., 2018). 

 

Recently, for patients with non-obstructive CAD, it has been shown that low WSS (<1 Pa) 

averaged over an artery segment is independently associated with severe endothelial 

dysfunction, and arterial segments with intermediate (1 to 2.5 Pa) and high WSS (>2.5 Pa) 

were less likely to have severe endothelial dysfunction (Kumar et al., 2018). Furthermore, 

in 40 patients with baseline and follow-up IVUS virtual histology and bi-plane coronary 

angiography, it has been shown that high 2D plaque structural stresses were associated 

with increased plaque vulnerability (Costopoulos et al., 2019) (Figure 1.9). Compared 

with high WSS, it was also demonstrated that areas of plaque burden with low average 

WSS (<1 Pa) had greater plaque growth, supporting the previous findings in a larger 

cohort of 374 patients (Stone et al., 2012). Furthermore, areas of plaque regression with 

low WSS regressed less, while, high WSS (>2.5 Pa) was more commonly associated with 

expansive remodelling in areas of progression (and the opposite for regression) 

(Costopoulos et al., 2019). Another computational study of 68 patients, without structural 
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stress analysis or branching vessels, but with both OCT and IVUS imaging, showed that 

the effects of WSS on plaque progression were similar for all phenotypes. Furthermore, 

low segment-averaged WSS promoted atherosclerotic progression in all plaque types, and 

it was also concluded that plaque morphology can be misclassified by IVUS virtual 

histology (Bourantas et al., 2019). From these studies it is apparent that average WSS 

may not be sufficient to describe important changes in plaque size and composition, nor 

can a single imaging modality describe all aspects of plaque progression. However, the 

evidence base and clinical utility of these computational models is still developing.  

 

 

Figure 1.9: WSS and plaque structural stress (PSS) calculations (Costopoulos et al., 

2019). A) Wall shear stress profile of a LAD coronary artery segment. B) Examples of 

PSS band plots (left) from individual virtual-histology (VH) IVUS (middle) and VH-

IVUS with superimposed WSS (lumen) contours (right) at the proximal and distal frames 

shown in A, above.  

 

In another recent study, IVUS-based FSI simulations in nine patients demonstrated that 

plaque structural stress was more predictive of increased plaque burden than WSS. 

However, multifactor indices combining lipid burden with fluid and structural stress 
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better predicted increased plaque burden than any single variable (Wang et al., 2019). 

From this perspective, IVUS-based computational models have an advantage over OCT-

based models as the tissue penetration of IVUS allows for 3D structural simulations to be 

more reliably performed, with plaque volumes better characterised. In contrast, OCT is 

better at identifying high-risk plaque features and provides greater geometric resolution. 

But OCT-based models (alone) are currently limited to relating haemodynamic indices 

with luminal-area based assessments of burden. Nevertheless, the increased luminal detail 

of OCT allows for more accurate estimation of local haemodynamic behaviour 

(Bourantas et al., 2014, Goubergrits et al., 2009). However, due to the large amount of 

geometric information and the presence of image artefacts (guidewire shadow, blood 

swirl) the OCT model reconstruction process has proven challenging to automate (Cao et 

al., 2017, Chiastra et al., 2018). The emergence of automated techniques for OCT-based 

plaque quantification techniques (Gessert et al., 2019, Guo et al., 2018) may allow for 

OCT-based biomechanical models be more readily performed in the future. 

 

Initial OCT-based CFD studies investigating the relationship between haemodynamics 

and plaque burden remained focussed on average WSS values, supporting the link 

between low WSS and plaque progression (N=24 and N=25) (Vergallo et al., 2014, 

Yamamoto et al., 2017). In Vergallo et al., lipid-rich plaques and TCFA tended to occur 

in artery segments with low WSS, and segments with low WSS also had more superficial 

calcification (Vergallo et al., 2014). Then in Yamamoto et al., at baseline, low-WSS 

segments had significantly thinner fibrous caps, with cap thickness significantly 

increasing in the higher WSS segments (≥ 1 Pa) after 6 months.  

 

To date, there has yet to be any investigation relating CFD metrics such as WSS with the 

uptake of PET/CT radio-tracers in the coronary arteries, and none that combine all the 

modalities of CCTA, OCT and PET/CT, with CFD. 
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RESEARCH OBJECTIVES 

The overall aim of this thesis is to build on existing OCT image-based CFD modelling 

approaches and investigate the relationships between plaque characteristics and a range 

of CFD metrics. To achieve this aim, and to better understand the relationship between 

CFD-derived data and characteristics of vulnerable plaque, a new software framework is 

required to interface the data obtained from OCT, CCTA and 18F-NaF PET/CT with CFD. 

 

In pursuit of this, the following aspects of original work were undertaken: 

 Investigations into the influences of image segmentation fidelity, OCT 

computational-domain size, select boundary conditions and patient-specific 

modelling assumptions on the outcomes of CFD models in the coronary arteries. 

 A novel software was developed for interfacing OCT-based clinical 

measurements and biomechanical models. Including the development of a semi-

automated reconstruction algorithm to assist the workflow. 

 An approach was developed to interface the data obtained from OCT-based 

clinical measurements, 18F-NaF PET/CT measurements and various forms of CFD 

data. 

 Serial comparisons of imaging and CFD data at multiple scales: site-specific (at 

the lesion), segment-specific (across a larger segment of the artery) and artery-

specific (the whole-length of an OCT pull-back). This included the first 

comparison of haemodynamic metrics and 18F-NaF uptake measured using PET 

in the coronary arteries. 
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THESIS OVERVIEW 

This thesis is divided into four main chapters of original research, followed by a 

conclusion chapter that also includes recommendations for future work. Following this 

introductory chapter, chapters 2 – 4 present the developments of the methodology 

employed for OCT geometry reconstruction and haemodynamic modelling, to better 

understand the sensitivity and reproducibility of the CFD processes implemented in this 

work. Chapter 5 investigates the ability of the developed modelling processes to provide 

clinical insight. The outcomes of the work are then summarised and future perspectives 

are provided. 

 

Chapter 2 Geometric Variation and Patient-Specific WSS  

The level of artery wall detail in CFD models is expected to underpin predictions of 

plaque deposition as it influences the computation of WSS. In this chapter, the sensitivity 

of WSS computation to geometric variation from OCT-based reconstructions in the left 

anterior descending coronary artery geometry is investigated. This work clearly 

demonstrates the reliance of low WSS estimations on  local geometric features (Kelsey 

et al., 2017b) and emphasises the need for high-fidelity 3D reconstructions. 

 

Chapter 3 Medical Image Reconstruction and Plaque Assessment 

This chapter details the high-resolution semi-automatic lumen segmentation algorithm 

that was developed as part of a new software environment in which plaque feature 

measurements are embedded for direct coupling with existing 3D registration methods. 

Coronary artery lumen reconstructions are benchmarked against an automatic active 

contour segmentation approach described in the literature (and in Chapter 2). 

Furthermore, initial computational modelling shows the site-specific relationships 

between biomechanical data and measured high-risk plaque features. 

 

Chapter 4 Comparing Imaging Modalities and Boundary Conditions  

In this chapter, the effects of transient, pulsatile, boundary conditions on CFD simulations 

of entire coronary artery networks are considered in relation to steady-state estimations 

of time-averaged WSS. The effect of reducing the computational domain about the areas 

of interest (i.e. OCT geometry) is also explored. Investigations were performed for both 

rest and exercise, and the conditions under which steady-state simulations are expected 

to provide accurate estimations of the time-average WSS are summarised. In addition, the 
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error obtained when computing WSS fields within CCTA-based coronary artery 

geometries is estimated in reference to the simulations performed using the OCT-derived 

geometries. The findings of this chapter clearly show that if time-averaged WSS is 

desired, the computational domain can be reduced to the region of interest (including 

branches), and simple steady-state simulations are adequate. Therefore, fast, efficient, 

clinically-applicable simulations are possible.  

 

Chapter 5 Haemodynamics and Plaque Morphology 

In this chapter a pilot study is performed, integrating data obtained from 18F-NaF PET/CT 

with OCT-derived measurements and CFD simulations. Ten arteries from eight patients 

are studied, representing twenty artery segments and lumen-surface areas with varying 

plaque/tissue morphologies. The patient-specific haemodynamics are simulated for 

multiple flow rates and viscosity models to assess the influence of key modelling 

assumptions on the relationships between the measured haemodynamic metrics, OCT-

based plaque burden and 18F-NaF uptake. This chapter shows that combining data from 

each technique provides a deeper insight into patient-specific risk. However, further 

testing in larger cohorts is required and planned. 
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ABSTRACT 

Computational fluid dynamics (CFD) can be used to model the blood flow in patient-

specific arterial geometries and predict atherosclerotic plaque progression, as the site 

specificity of plaques has been shown to depend on endothelial wall shear stress (WSS).  

The level of artery wall detail in CFD models influences the computation of WSS and 

thus is expected to underpin predictions of plaque deposition. In this study, the sensitivity 

of WSS computation to geometric variation in a (proximally) stented left anterior 

descending (LAD) coronary artery geometry is investigated. The geometry is 

reconstructed from intravascular optical coherence tomography (OCT) images, which are 

registered and merged with coronary computed tomography angiography (CCTA) to 

include surrounding arteries. The WSS is modelled for low-, medium- and high-

resolution geometries; created by altering the point resolution of the contour algorithm 

used to trace the (OCT-imaged) artery lumen. The results show that areas of low WSS 

(and thus high thrombotic susceptibility) in the stented portion of the artery depended 

greatly on the resolution of the geometric reconstruction. Compared with the high-

resolution geometry, the low- and medium- resolutions failed to accurately determine the 

areas of low WSS in the stented region, as minor geometric features were inadequately 

represented. The sensitivity of WSS to geometric variation is also relevant to analyses 

using coronary artery geometries derived from other imaging modalities, particularly 

those of lower resolution than OCT. 
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INTRODUCTION 

In 2013, coronary artery disease (CAD) was the most common cause of death globally, 

resulting in 8.14 million deaths worldwide (Murray et al., 2014). While the underlying 

mechanisms of CAD are not entirely understood, it is generally accepted that 

atherosclerosis is the main cause (Libby et al., 2002, Hansson, 2005). The risk factors for 

atherosclerotic plaque formation in the coronary arteries are typically systemic in nature: 

i.e. diabetes, high cholesterol and hypertension. However, the local site specificity of 

atherosclerotic plaques has been shown to depend on the local haemodynamic behaviour 

and shear stress experienced by an artery’s endothelial layer. Plaques are generally 

located at regions of disturbed flow and low endothelial shear stress (Caro et al., 1969, 

Friedman et al., 1981). The wall shear stress (WSS) experienced by endothelial cells 

ultimately influences their phenotype, which is involved in the inflammatory component 

of plaque progression (Chatzizisis et al., 2007). 

 

Computational fluid dynamics (CFD) can model blood flow behaviour in large arteries, 

such as the aorta, renal or carotid arteries (e.g. Cheng et al., 2010). Common imaging 

methods such as computed tomography (CT) and magnetic resonance imaging (MRI) 

have enabled accurate reconstruction and subsequent modelling of the patient-specific 

human anatomy of these regions. However, imaging the coronary arteries is technically 

more challenging, as the spatial resolution of images limits our ability to reconstruct 

anatomically correct geometries (Kousera et al., 2014). In order to provide an evaluation 

of coronary artery stenosis severity in clinical practice three-dimensional (3D) coronary 

artery reconstructions are typically created using two different angiographic projections 

(bi-plane angiography) (Wellnhofer et al., 2006). However, these angiography-based 3D 

reconstructions assume that the vessel is either circular or elliptical in cross-section 

(orthogonal to the centreline), which results in an artificial smoothing of the lumen 

surface (Kousera et al., 2014). To increase the fidelity and lumen-detail of these 

reconstructions, cross-sectional information may be acquired from intravascular 

ultrasound (IVUS) or, more recently, intravascular optical coherence tomography (OCT). 

In this, the luminal contour must first be computed using an algorithm and then registered 

along the vessel centreline to obtain the 3D reconstruction. Aside from lumen detail, both 

IVUS and OCT imaging modalities provide useful diagnostic and prognostic information. 

OCT clearly shows high-risk features such as thin fibrous caps, inflammation and lipid 

pools, while IVUS allows for visualisation of atherosclerotic plaques (Toutouzas et al., 

2015).  
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Biplane angiography with IVUS was used in the PREDICTION study (Stone et al., 2012), 

which showed that CFD-computed low WSS regions correlated with regions of future 

plaque progression and lumen narrowing. While undoubtedly useful, the resolution of 

IVUS is an order of magnitude lower than OCT (i.e. 150 µm vs. 10 µm), and thus more 

likely to cause the loss of spatial information, important to accurate geometry 

reconstruction (particularly in stented arteries) (Ellwein et al., 2011, Otake et al., 2009, 

Slager et al., 2000, Bourantas et al., 2014, Goubergrits et al., 2009). However, both 

imaging modalities are limited by their axial/longitudinal resolution (≈ 200 µm distance 

between images).  

 

The level of artery wall detail is expected to underpin predictions of plaque deposition 

through better estimation of WSS. Therefore, coupling OCT data with image registration 

and vessel reconstruction methods to create 3D coronary artery models for CFD analysis 

is becoming more common (Ellwein et al., 2011, Toutouzas et al., 2015, Bourantas et al., 

2014, Li et al., 2015, Kousera et al., 2014). Though, in non-stented vessels, previous work 

has highlighted that simplifications to biplane angiographic models have had little impact 

on WSS estimation (Wellnhofer et al., 2006). Furthermore, the benefit that intravascular 

imaging brings to WSS estimation, i.e. biplane-angiography with IVUS (Santos, 2009), 

has been shown to be dependent on the geometry, as reasonably expected. Regarding this, 

CFD models based on CCTA-derived geometries have emerged as a non-invasive means 

to estimate WSS fields which correlate with the site-specificity of plaque (e.g. Hetterich 

et al., 2015). This is promising given the utility and availability CCTA.  

 

When compared to other methods, notably CCTA, the imaging and reconstruction of 

OCT is relatively time-consuming, but provides the greatest level of wall detail. However, 

the presence of the guidewire shadow in OCT images is a limitation, and depending on 

the geometric features present, the segmentation of the artery lumen can require a high 

(or low) contour (point) resolution (Hughey, 2014). 

 

This study explores how changes to the resolution of an active contour model (or SNAKE 

(Chenyang and Prince, 1998)) affect the lumen-segmentation of an OCT-imaged left 

anterior descending (LAD) coronary artery. Similar to previously studies using bi-plane 

angiography (without IVUS or OCT) (Wellnhofer et al., 2006), the primary objective is 

to see how small variations in geometric detail affect the haemodynamics within the 
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vessel (specifically, WSS) thus enabling conclusions on the merit of the reconstruction 

method used.  

 

METHODS 

Geometric Reconstruction 

Three versions of a LAD coronary artery geometry were reconstructed from OCT image 

sets (acquired using Dragonfly OPTIS imaging catheters; St. Jude Medical, St. Paul, MN, 

USA). The in-plane pixel resolution of the OCT images was 10 µm, while the axial 

distance between OCT images was 200 µm. For each reconstruction, a different point-

resolution was used to trace the lumen contours. These resolutions contained 25, 50 and 

100 points, respectively. The highest resolution reconstruction (100 Pts.) was considered 

to be geometrically accurate. The lumen contours were traced using an active contour 

function (MATLAB function Snake2D, copyright 2010, Dirk-Jan Kroon) previously used 

for OCT reconstruction (Kousera et al., 2014), where a deformable spline is used to 

outline object contours using gradient vector flow (Chenyang and Prince, 1998). This 

results in a non-uniform distribution of points discretising the lumen perimeters. For the 

100 pt., high-resolution contours the average (in-plane) displacement between contour 

points was approximately 87 µm, however, at regions of extreme curvature the lumen 

discretisation reduced to OCT pixel size (≈ 10 µm). The average displacement between 

contour points for the 50 and 25 pt. contours were two and four times greater than the 100 

pt. contours, respectively. However, at regions of extreme luminal curvature the 

minimum distances between points on the 50 and 25 pt. contours were larger than the 

OCT pixel size, with an average minimum discretization size of 55 and 230 µm, 

respectively. 

 

While the reconstruction method used here follows the rigid registration method used by 

Kousera et al. (2014), there are some refinements. Kousera et al. investigated single 

conduit geometries and registered their OCT-lumen contours along manually-traced 

centrelines (using multiple angiography projections). In our study the OCT geometry is 

registered along a CCTA-derived centreline and merged with the CCTA-derived 

geometry to include branching arteries (such as the circumflex) and a distal bifurcation. 

The 3D CCTA-reconstruction (0.4 mm pixel size) and centreline calculation was 

performed using Mimics v18 (Materialise, Belgium). The centreline extraction method 

used by Mimics follows the skeletonisation-based approach used by Bouix et al. (2005). 

The inclusion of side branches has been shown to improve the estimation of WSS (Li et 
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al., 2015). The side branches also serve as landmarks which guide the orientation of the 

OCT-lumen contours along the vessel centreline. This approach follows previous work 

(Li et al., 2015, Tu et al., 2013), where the necessary rotations and longitudinal 

displacements were interpolated in the absence of local landmarks. Additionally, while 

not present in previous OCT-CFD models, idealised (circular) branching arteries have 

been included where visible on OCT but not visible on CCTA (or of insufficient CCTA-

resolution to be reconstructed). 

 

While calculating the OCT-lumen contours using the active contour algorithm, slight 

modifications to the previous method (Kousera et al., 2014) were implemented to improve 

the success rate of the contour algorithm and reduce the need for image thresholding. This 

was achieved by altering the initial condition used by the contour algorithm. Instead of 

using a circle as the initial contour, the initial contour was calculated to more closely fit 

the lumen. To do this, the guidewire centre-point (stored digitally during the guidewire 

removal; Figure 2.1) was used as an initial estimate of a false lumen centroid, and the 

following steps were performed: 

 Radially search the greyscale OCT image for the points of maximum brightness 

about the centroid.  

 Remove any points whose radius is more than 1.5 standard deviations outside of 

the mean radial distance. 

 Estimate a new centroid from the remaining points (the centroid of a polygon).  

 Repeat this process until the change in the position of the new centroid is negligible. 

 Smooth the point cluster with a moving average (11 nearest neighbours) and shrink 

its radii by 15%. This is the initial contour for the active contour algorithm (Figure 

2.1). 
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Figure 2.1: Determining the lumen of an OCT image (greyscale). The two discontinuities 

in the artery wall are the guidewire shadow (top left) and a branching artery (bottom left). 

 

It should also be noted that in order to completely reconstruct the LAD coronary artery, 

three OCT image sets were required as each OCT pullback is only 54 mm in length (270 

images). The position of the patient’s stent was a useful landmark which helped determine 

OCT contour orientations, and the nature of the connection between the OCT image sets 

(Figure 2.2). A contour matching algorithm was implemented to find the rotational 

mismatch between overlapping contours. The mean and root-mean-square (RMS) of the 

difference in the magnitude of the radial vectors of each contour were minimised in this 

process. 
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Figure 2.2: Reconstructed LAD coronary artery geometries. The lower (distal) end of the 

stent is indicated on the medium-resolution geometry (the entire LAD coronary artery is 

stented above this point). OCT images A and B show the (similar) behaviour of the active 

contour model in the stented and non-stented regions of the geometry, respectively. 

 

CFD Mesh 

The volume mesh was constructed within STAR-CCM+ v10.06 (CD-adapco Group) 

using a core unstructured polyhedral mesh and a prism-layer mesh near the wall 

boundary. The prism-layer mesh was progressively refined approaching the wall and the 

thickness of the prism-layer mesh and the surface size (edge length) were defined relative 

to the local lumen diameter. Curvature refinement was performed with a minimum 

surface size of 10 µm to ensure that details present in the geometries were not lost during 

meshing (Figure 2.3). A conservative first-order Laplacian smoothing operation was 

applied to all three geometries before meshing to remove any unnatural transitions 

between neighbouring OCT contours, as well as attached branches. The outlets of the 

geometry were (normally) extruded by 11 times their diameter creating layers of prismatic 

cells to ensure that the outlets boundaries were isolated from the region of interest to avoid 

non-physical behaviour and instability in the numerical solution. Note that the polyhedral 

mesh was chosen over the more common tetrahedral mesh as it offers (finite-volume) 

solutions of similar accuracy at lower cost (Spiegel et al., 2011). 
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In order to determine a sufficient level of (uniform) mesh refinement, the Grid 

Convergence Index (GCI) (Roache, 1994) was investigated for the flow conditions 

outlined in the following section, for both the low and high resolution geometries (derived 

from 25pt. and 100pt. active contours, respectively). The same meshing parameters were 

used for each of the geometries and the GCI was determined for the average WSS on the 

LAD surface, the pressure at the inlet and the velocity throughout the domain (sum of 

scattered probes). The meshes were deemed optimal when the GCI was less than 2% for 

all the variables considered (Doyle et al., 2014). This resulted in meshes of 0.9, 1.2 and 

1.7 million cells, respectively, for the three geometries (low-, medium- and high-

resolution). The greater number of cells in the high-resolution geometry mesh is 

attributable to the curvature refinement undertaken to preserve geometric features and a 

slow volumetric growth rate away from these regions. 

 

 

Figure 2.3: Mesh cross-section and surface refinement (high-res. geometry). The meshes 

are made up of an unstructured polyhedral mesh and a prism-layer mesh near the no-slip 

wall boundary. The core polyhedral mesh is generated by STAR-CCM+, and is assembled 

from tetrahedra to create discrete volumes with a high number of neighbours (typically 

12 or 14 faces). Compared to a standard tetrahedral mesh, this improves the computation 

of local gradients, and helps to minimise the occurrence of poor quality, skewed 

computation cells. 

 

Physical Assumptions and Boundary Conditions 

The blood flow was approximated as laminar and was considered to be an isothermal, 

incompressible, (Carreau-Yasuda, generalised) non-Newtonian fluid with an infinite-

shear viscosity of 0.0035 Pa∙s and a density of 1050 kg/m3 (Doyle et al., 2014, Leuprecht 

and Perktold, 2001, Biasetti et al., 2012).  The walls of the arteries were characterised by 

a no-slip, rigid wall boundary condition (Steinman et al., 2013, Torii et al., 2009) and the 

Navier-Stokes and continuity equations were solved using STAR-CCM+ (using a finite-

volume discretisation and a second-order upwind convection scheme). The convergence 
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of each solution was considered to be achieved once the variables measured for 

determination of GCI were stable, and were supported by low (iterative) residuals (i.e. 

10-12 RMS-absolute error for each direction of momentum and continuity). 

 

As previous reports have shown that the WSS fields resulting from steady-state and 

transient simulations matched qualitatively (Myers et al., 2001), the geometries were 

compared for a steady-state flow field. The inlet flow (left main coronary artery) was set 

to an assumed mean diastolic flow-rate of 57 ml/min (Boutsianis et al., 2004) (Reynolds 

Number = 130), which is half the maximum flow-rate. The flow-rate exiting the 

circumflex artery was 29% of the inlet flow (Dong et al., 2015). For the remaining 

(unquantified) LAD coronary artery outlets, the flow was split according to Murray’s law, 

where the flow leaving each outlet is proportional to the cube of the outlet diameter (d) 

(Taylor et al., 2013). This is supported by the solution to the Poiseuille flow equation 

(1.1); as blood vessels are proven to regulate their size in order to maintain nominal levels 

of WSS (τw) (Kamiya and Togawa, 1980): 

 

 

where, 

Q is flow-rate, and 

µ is dynamic viscosity. 

 

To ensure that the inlet velocity field was well developed, after each solver iteration the 

inlet velocity profile assumed the shape of the velocity profile three cell lengths 

downstream (while enforcing the desired mass-flow). This approach is similar to 

assumptions of fully-developed parabolic flow and Womersley velocity profiles 

(Campbell et al., 2012), but also accounts for the asymmetry induced by the downstream 

geometry. The inlet velocity profiles for each of the three geometries were the same, as 

the geometry immediately downstream from the inlet was CCTA-based and sufficiently 

far upstream from the OCT geometry sections to be influenced by changes to the 

geometry (Figure 2.4). 

 

 Q = 
π

32μ
 ∙ τw ∙ d

3
 (2.1) 
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Figure 2.4: The converged inlet velocity profile. The shape of the inlet velocity profile 

follows the shape of the velocity field immediately downstream. Providing a good 

approximation of the velocity field given that the curvature of the upstream vessel is 

similar to the curvature immediately downstream of the inlet. The result is similar to a 

parabolic profile, as the vessel curvature is minimal.  

 

Low WSS Analysis 

Stent implantation causes changes in vascular geometry that alter local velocity and WSS 

distributions. These variations have been correlated with neointimal hyperplasia (LaDisa 

et al., 2005) and the ability of endothelial cells to migrate onto stent surfaces (Joner et al., 

2008). In relation to WSS, levels < 0.4 Pa have been associated with neointimal 

thickening in the coronary arteries (LaDisa et al., 2005, Malek et al., 1999). Time-

averaged WSS values below this threshold have been used to quantify the impact of 

implanted stents (using OCT derived geometries) (Ellwein et al., 2011). Furthermore, 

previous work has shown that monocyte adhesion exponentially increases when WSS is 

< 0.4 Pa (Lawrence et al., 1987, Hardman et al., 2013). Therefore, regions of WSS < 0.4 

Pa are used in this study to identify areas of thrombotic susceptibility, and form a relevant 

basis for the comparison of the three geometries. 

 

RESULTS AND DISCUSSION 

For the low-, medium- and high-resolution geometries, the LAD coronary artery surface-

averaged WSS was 0.835 (+7%), 0.794 (+2%) and 0.780 Pa, respectively. This was 

inversely related to the differences in the surface area of the three OCT geometries; the 

surface areas were 9.27 (-4%), 9.58 (-1%) and 9.69 cm2. Furthermore, the standard 

deviation of WSS across the LAD coronary artery increased with the resolution of the 

geometry; the values for the three geometries were 0.494 (-8%), 0.524 (-2%) and 0.537 

Pa, respectively. These trends are not unexpected, and are not indicative of large 

variations in the WSS fields. This is supported by the circumferential averaging of WSS 

along the LAD coronary artery centreline (Figure 2.5), as well as the qualitative 
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agreement observed for the solutions to WSS (and velocity) throughout the LAD coronary 

artery (Figure 2.6). 

 

 

Figure 2.5: Circumferential-averaging of WSS along the LAD centreline for all three 

reconstruction methods. When averaged longitudinally, the differences in the WSS fields 

are negligible.  

 

 

 

 

Figure 2.6: Comparing the WSS fields for the three varying reconstruction methods. 

Average WSS was: 25 pts = 0.835 (+7%); 50 pts = 0.794 (+2%); 100 pts = 0.780 Pa. 

Percentage differences are relative to the 100 pt. geometry. 

 

However, the variation in the regions of low WSS < 0.4 Pa, is much greater than the 

aggregate differences (discussed above). These differences occur in the proximal half of 

the LAD coronary artery where the artery is stented (Figure 2.7). Compared to the low-

resolution geometry, the walls of the medium- and high-resolution geometries contain a 

larger number of localised geometric recesses that harbour low-velocity blood and 

therefore have low WSS (Figure 2.7). For the low-, medium- and high-resolution 
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geometries, the area of the LAD coronary artery surface below 0.4 Pa is 0.66 (-51%), 1.08 

(-19%) and 1.34 cm2, respectively.  

 

Therefore, low WSS of the stented geometry is sensitive to the fidelity of the 

reconstruction. This is similar to previous observations of WSS field variation in stented 

arteries, which compared IVUS and OCT reconstructions (Bourantas et al., 2014). 

However, in that study the differences were more extensive, with greater than a 40% 

difference in both mean WSS and the total surface area <1 Pa, as the stent struts were not 

captured by the IVUS imaging modality (Bourantas et al., 2014). Furthermore, the 

similarity of the WSS fields in the distal half of the three geometries examined here 

concurs with results from analyses of non-stented coronary arteries, reconstructed using 

a range of methods including biplane angiography with OCT (Toutouzas et al., 2015). A 

high resolution geometry is only required where local geometric features are present. 

 

 

Figure 2.7: Comparing the areas of WSS < 0.4 Pa for each of the reconstruction methods. 

Low WSS area: 25 pts = 0.66 (-51%); 50 pts = 1.08 (-19%); 100 pts = 1.34 cm2. 

Percentage differences are relative to the 100 pt. geometry. 

 

There are a number of limitations to this study. This work only investigated a single 

patient. Furthermore, the model depended on physical simplifications which are 

commonly implemented. Primarily, a steady-state flow field was used; whereas, a 

pulsatile flow-field may increase the disparity in the results. Additionally, like other OCT 

reconstructions, it was assumed that the OCT images were orthogonal to the vessel 

centreline. This assumption can be violated in tortuous vessels as the guidewire does not 

follow the centreline path, but rather the path of lowest bend energy. It is recommended 
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that the guidewire path is always taken into account to minimise the reconstruction error 

(i.e. Ellwein et al. (2011)). This was not necessary for the geometry used here as the 

guidewire followed the vessel centreline and no longitudinal displacements had to be 

altered for the OCT image landmarks (branches) to agree with those shown on CCTA. 

Furthermore, while the high-resolution contour accurately segmented the lumen from the 

images, the stented geometry was not perfectly captured by OCT. Due to strut reflections; 

minor geometric details are missing where the stent struts are not embedded in the artery 

wall, as a neointimal layer has not yet developed in some areas of the stented LAD lumen. 

 

CONCLUSION 

Care should be taken when reconstructing geometries from OCT images to ensure that 

the final geometry closely represents the underlying imaging. This is particularly true for 

analyses of stented arteries (or complex geometries) – otherwise, poor reconstructions 

may produce misleading or incorrect results. 

 

In this study, the high-resolution (100 pt. contour) reconstruction accurately represented 

the OCT images for the entire LAD coronary artery lumen. In the un-stented region of 

the artery, the lower-resolution reconstructions produced similar geometries and thus 

similar results when modelling the haemodynamics.  However, the areas of low WSS in 

the stented portion of the artery depended greatly on the resolution of the geometric 

reconstruction. Compared to the high-resolution reconstruction, both the low- and 

medium- resolutions failed to accurately determine the areas of low WSS, as minor 

geometric features were inadequately represented. 

 

While alternative OCT segmentation methods are available (e.g. Bourantas et al., (2014)), 

the accuracy of the final geometry is limited by the ability of OCT to capture the in vivo 

geometry. In this regard, the axial distance between OCT images is more limiting than 

the pixel resolution (and cross-sectional information) of the images. Furthermore, the 

sensitivity of localised WSS to geometric differences is relevant in analyses using 

geometries derived from other imaging modalities. 
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ABSTRACT 

Patients with acute coronary syndrome (ACS) resulting in myocardial infarction are in 

the highest cardiovascular disease risk category. Current clinical risk stratification 

methods for ACS do not provide any information on plaque vulnerability and 

consequently have limited prognostic ability. However, the recent emergence of 

intravascular optical coherence tomography (OCT) in clinical practice has allowed for 

high-risk plaque features, such as thin-capped fibroatheroma (TCFA), to be viewed and 

studied.  Unfortunately, OCT alone may not be sufficient; TCFA are often found in 

asymptomatic, stable patients, and frequently in both culprit and non-culprit arteries of 

patients with ACS. Previous work using intravascular ultrasound (IVUS) demonstrated 

the ability of computational haemodynamic modelling to predict the progression of 

measurable plaque features. Recently, this work has been successfully extended to OCT 

image-based models, however it has not been adapted to leverage the increased resolution 

and plaque localisation that OCT imaging provides.  

 

In this chapter, a framework for accurately segmenting, reconstructing and analysing a 

wide variety of OCT plaque features is presented. As a part of this, a high resolution, 

automatic lumen segmentation algorithm was developed, in which plaque feature 

measurements are embedded for direct coupling with existing three-dimensional 

registration methods. The speed, precision and flexibility of the proposed segmentation 

algorithm is compared to the current active contour approach used throughout the 

literature. We show that this new method outperforms existing algorithms and then 

demonstrate how these new reconstructions link with computational modelling, with 

results showing a site-specific relationship between biomechanical data and high-risk 

plaque features.  

 

This work provides the foundation for a novel software environment that can extract and 

interface clinically-relevant data from OCT with the outcomes of image-based 

computational models. We aim to test this approach in patients with ACS to improve the 

clinical risk-stratification. 
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INTRODUCTION 

Cardiovascular disease (CVD) causes the death of one Australian every 12 minutes and 

remains one of Australia’s National Health Priority Areas. Coronary heart disease, 

specifically acute coronary syndrome (ACS), is the leading single cause of death in 

Australia, accounting for 12% of all deaths (AIHW, 2018). Worldwide, CVD accounts 

for more than 30% of all mortality, 43% of which is caused by ACS (McAloon et al., 

2016). Heart attacks or myocardial infarction (MI) occur when the coronary arteries are 

obstructed by blood clots formed during the rupture of atherosclerotic plaques. Patients 

with ACS resulting in MI are at very high risk, with up to 30% dying or being re-admitted 

with a further event within 3 years, despite conventional risk factor management (Al 

Saleh et al., 2017). There is considerable evidence that the unpredictable clinical course 

of coronary atherosclerosis is the consequence of widely variable behaviour of unstable 

versus stable plaques (Falk et al., 1995, Felton et al., 1997, Viles-Gonzalez et al., 2004).  

 

Up to 50% of hospital admissions for ACS are due to recurrent events. It follows that one 

in four high risk ACS patients disproportionately accrue poor outcomes and escalate 

health care costs, with $1930 million of Australian health care expenditure on ACS alone 

in 2017-18 (NHFA, 2018). The current gold standard for predicting the cumulative risk 

of recurrent ACS and death is the GRACE score (Global Registry of Acute Coronary 

Event) (Fox et al., 2006). The GRACE score determines six-month mortality risk from 

basic patient information. However, improved risk stratification is urgently needed 

because 1 in 5 patients in each of the low and intermediate GRACE score groups will 

have a recurrent event in the medium term, compared to 2 in 5 with high GRACE scores 

(Fox et al., 2010). Aside from the GRACE score, other risk stratification methods for 

assessing coronary artery disease (CAD) severity are available, such as SYNTAX 

(Kappetein et al., 2006). The SYNTAX score is an assessment of a patient’s total coronary 

artery lesion severity. It is measured using (invasive) angiographic images, and takes into 

account the size and location of the lesions (their contribution to risk). The SYNTAX 

score is a useful tool for surgical planning, but like the GRACE score, does not provide 

any information on plaque vulnerability.  

 

Unstable plaques are not necessarily stenotic (Viles-Gonzalez et al., 2004), but instead 

are typically associated with lipid accumulation, activated macrophages and a thin fibrous 

cap. Thin-caped fibroatheroma (TCFA) are the culprit lesion in approximately 80% of 

sudden cardiac deaths and 90% of TCFAs are found within 5 cm of the ostia of the major 
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coronary arteries (Felton et al., 1997, Kolodgie et al., 2001, Virmani et al., 2000, Virmani 

et al., 2002, Falk, 1992, Davies, 1996). However, TCFAs are also frequently found in 

asymptomatic or stable patients and are found equally in culprit and non-culprit arteries 

of patients with ACS (Arbustini et al., 1991). 

 

To better understand the role vulnerable plaques play in ACS, their evolution may be 

studied by imaging lesions at multiple points in time (Tearney et al., 2006). Coupling this 

with the utility of biomechanical models for assessing plaque stresses and rupture risk 

may also prove useful, as it is believed that TCFAs tend to rupture in response to 

biomechanical stresses (Lee et al., 1991, Cheng et al., 1993, Akyildiz et al., 2011, 

Holzapfel et al., 2014). Regarding this, computational fluid dynamics (CFD) modelling 

has helped improve our understanding of plaque progression in response to a patient’s 

haemodynamic environment and endothelial (wall) shear stress (Vergallo et al., 2014, 

Yamamoto et al., 2017, Stone et al., 2012).  

 

Unfortunately, these prior studies are currently limited, as the primary features of 

vulnerable plaques are not reliably identified by many clinical imaging modalities, 

including intravascular ultrasound (IVUS), computed tomography (CT), and magnetic 

residence imaging (MRI) (Tearney et al., 2006). In addition, experimental intracoronary 

imaging methods such as integrated backscatter IVUS (Machado and Foster, 2001), have 

not been able to consistently identify the primary features of vulnerable plaques. Only the 

advent of intracoronary optical coherence tomography (OCT) has allowed clinicians to 

adequately quantify a wide variety of microscopic vulnerable plaque features, such as 

those associated with TCFAs (Tearney et al., 2006). Subsequently, the clinical use of 

OCT is increasing and further advancements to the technology are expected. Current 

commercial OCT systems are Fourier domain (FD), swept laser, systems that are capable 

of capturing 100 images per second, capturing a 5 cm vessel segment in 3 seconds 

(Kanovsky et al., 2012). However, emerging OCT imaging technologies have been using 

fast Fourier domain mode locked lasers, which are capable of acquisition rates of up to 

4000 frames/s, reducing the artefacts due to heart motion (Wang et al., 2015a). These 

advancements have the capability to further increase the accuracy of the images and 

improve image analyses. 

 

Aside from the underlying imaging hardware, continued software is development is 

required to improve the accuracy of image based diagnoses. Due to differences in 
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application and setting, together with the typical ‘black box’ approach of commercial 

systems, data acquired from clinical OCT software systems are not suited to research 

applications such as coronary artery biomechanical or haemodynamic  modelling (i.e. 

CFD). Such modelling methods require artery lumen and plaque features to be accurately 

segmented (Bourantas et al., 2014, Kelsey et al., 2017b, Holzapfel et al., 2014), as well 

as access to the underlying raw data. The most widely implemented clinical OCT software 

system, and the one used throughout this study, is the OPTIS software by St. Jude Medical 

(St. Paul, MN, USA) (Kanovsky et al., 2012, SJM, 2017). This software is excellent at 

providing rapid geometric analysis of an entire OCT image set, however, it captures the 

artery lumen at a limited resolution using a spline-based segmentation method, giving the 

user the ability to manually perform or adjust the segmentation (Figure 3.1). The 

measurements performed by clinicians in this software system are not always constrained 

to geometric features, and are not designed to be used with third party software (SJM, 

2017). 

 

Figure 3.1: An example of the control-point based lumen segmentation implemented in 

the OPTIS OCT software (St. Jude Medical, St. Paul, MN, USA). Used for processing 

and exporting images obtained by OPTIS imaging catheters (SJM, 2017). Note that, the 

segmentation performed here is not well attached to the wall in two locations (shown by 

the red arrows). This error would propagate into the CFD derived statistics (i.e. wall shear 

stress), similar to the use of low resolution (25 pt) active contours for lumen segmentation 

in Chapter 2 (Kelsey et al., 2017b). 

 

Current commercial software exists that interfaces different imaging modalities such as 

IVUS and OCT (e.g. CAAS (Intravascular) by Pie Medical Imaging, The Netherlands). 

However, there currently exists a need to develop a software that integrates the clinical 
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tools used for OCT-based vulnerable plaque quantification (Tian et al., 2014, Kato et al., 

2013, Kataoka et al., 2015) into an environment that is both user friendly and capable of 

geometry reconstruction fit for coronary CFD. The utility of such a tool may benefit from 

integration with other emerging cardiovascular imaging modalities, such as positron 

emission tomography (Bellinge et al., 2018). Compatibility with common machine 

learning workflows, such as the recent applications of convolutional network 

architectures to OCT segmentation and plaque characterisation (Miyagawa et al., 2018, 

Gessert et al., 2019) is also highly desirable. 

 

Therefore, a robust, automatic or semi-automatic lumen segmentation method would have 

clinical potential. However, there are a number of challenges facing automatic OCT 

segmentation algorithms. These include the presence of blood artefacts, the guide-wire 

shadow and irregular lumen shapes caused by plaque, stent-struts or vessel bifurcations. 

To date, several methods using a wide variety of approaches have been proposed 

(Chiastra et al., 2018). These include a Canny edge detection based method (Sihan et al., 

2009), active contour models (Gurmeric et al., 2009, Kousera et al., 2014), border 

detection methods with smoothing splines  (Ughi et al., 2012b, Ughi et al., 2012a), graph 

cut models (Roy et al., 2016, Wang et al., 2015b) and recently, a gradient-based level set 

method (Cao et al., 2017). The initial application of convolutional neural network learning 

architectures, trained and tested on the same data-set (Miyagawa et al., 2018) is also 

showing promise. However, most of these methods can only be applied successfully in 

healthy non-bifurcating vessels (Macedo et al., 2016) and the majority of them report 

large executions times (>1s per image) (Chiastra et al., 2018). 

 

In the previous chapter, we used an active contour algorithm to reconstruct the coronary 

artery luminal-geometry from OCT images presented in a Cartesian image coordinate 

system (Kelsey et al., 2017b, Kousera et al., 2014). This method provided suitable results, 

however, in assessing multiple OCT image-sets it became apparent that the accuracy of 

this approach varied in more complex geometries. The parameter values required to 

accurately reconstruct the geometries changed according to the image quality and lumen 

shape. In the absence of excessive blood artefact, the variability in the image quality could 

be accounted for by using image filtering methods such as automated background 

thresholding (Otsu, 1979, Ng, 2006) and Gaussian filtering. However, despite some 

success, the requirement to correct for non-physical borders at branch locations remained 

a key limitation of this automated high-resolution segmentation method. In addition, the 
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inability to properly segment branching arteries and complicated features (i.e. over-hangs, 

or dissected arteries) present in the OCT images was a major limitation. 

 

In this chapter, an alternative lumen segmentation method is presented for OCT-image-

based reconstructions. The purpose of this work was to implement a useful segmentation 

method that acts as a platform for additional functionality: interfacing the creation of 

OCT-based computational models with the classification of plaque morphology in the 

clinical setting. The developed method is a simple, fast, pixel-intensity based approach 

which is embedded in a new software platform that also allows the user to easily enact 

manual segmentation when required (thresholding or spline-contour creation). The 

manual thresholding tools are applicable beyond the lumen, which enables for the 

coupling of branch shoulders and plaque volumes with the centreline reconstruction 

method (rigid registration) used in Chapter 2 (similar to Kousera et al., 2014). The core 

processes of the (automatic) lumen segmentation algorithm include a border detection 

method and a flood-fill algorithm, as well as a linear-intercept removal algorithm to 

overcome errors produced by ambiguous neighbours during edge detection.  

 

This chapter is structured into two sections. In Section 1, the algorithm and image 

analysis are described in detail and the results of the lumen segmentation are compared 

here with the active contour approach used in the literature (Kelsey et al., 2017b, Kousera 

et al., 2014): MATLAB function Snake2D (copyright 2010, Dirk-Jan Kroon 

(implementing a gradient vector flow algorithm (Chenyang and Prince, 1998))). The 

algorithms described are written in Java and embedded in a JavaFX graphical user 

interface whereby OCT segmentation, plaque classification and registration to a 

centreline (obtained from computed tomography (CT) or x-ray angiography) can be 

performed (Figure 3.2). Stored geometric data and plaque morphology information may 

be mapped to the 3D surface meshes. In addition to direct geometric comparisons, in 

Section 2 haemodynamic modelling is used to provide a broad example of how changes 

in the reconstructed geometries influence the simulated endothelial wall shear stress 

(WSS) field – the primary haemodynamic biomarker obtained using computational fluid 

dynamics (CFD) (Stone et al., 2012, Yamamoto et al., 2017, Vergallo et al., 2014). We 

compare local haemodynamics within coronary artery geometries reconstructed multiple 

ways, and both with and without an OCT-based branching artery. The influence of 

branching vessels is important as it remains commonplace to exclude branching arteries 

from the computational-domain (Li et al., 2015, Kousera et al., 2014, Wellnhofer et al., 
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2010), or to merge OCT geometries with branches reconstructed from other imaging 

modalities, such as x-ray angiography or contrast-enhanced coronary CT angiography 

(CCTA) (Sun and Xu, 2014, Li et al., 2015, Kelsey et al., 2017b).  

 

We then discuss the work of both sections together and conclude the chapter. We have 

called our new software Apricot (Analysis of Intravascular Optical Coherence 

Tomography). 

 

Figure 3.2: Implementation of segmentation tools in a graphical user interface. 
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SECTION 1 

METHODS 

Patient Details and Image Acquisition  

Twenty OCT pull-backs were acquired in ten male patients (age = 61.3±10.9 Y) using 

Dragonfly OPTIS imaging catheters (St. Jude Medical, St. Paul, MN, USA). The in-plane 

pixel resolution of the OCT images was 10 – 15 µm, while the axial distance between 

OCT images was ≈200 µm (270 images per 54 mm pull-back). The 3D registration and 

reconstruction of the OCT-derived geometry was performed using a coronary artery 

network reconstructed from CCTA images as the reference modality (Figure 3.3) (details 

provided further on). The CCTA images were acquired using a Phillips iCT256 scanner 

(120 kV) with an average pixel spacing of 449 ± 46 µm, slice spacing of 600 µm and slice 

thickness of 800 µm. All 20 OCT datasets were used to develop the segmentation and 3D 

registration methods so that a wide array of features and characteristics could be 

encountered. 

Figure 3.3: Combined OCT and CCTA image modalities for 3D model generation. A) 

Reconstruction of the heart, aortic-root and coronary-network performed using Mimics 

(Kelsey et al., 2017b). B) Example OCT image used in the study. C) Proximal-mid section 

of a right coronary artery OCT-derived vessel geometry (and CCTA-derived branches). 

D) The combination of the CCTA (Mimics) reconstruction merged with the OCT-derived 

vessel segments (C & E); the left circumflex artery was not included in this 

reconstruction. E) Proximal-mid left anterior descending (LAD) coronary artery OCT-

derived vessel geometry. This artery had been previously stented.  
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2D Segmentation Algorithm 

This section presents an approach for the semi-automatic segmentation of the artery 

lumen from OCT images (in Cartesian coordinates), which is later compared with the 

alternative active contour method. The algorithm may be initiated from any location on 

the image within the artery lumen and is described following the masking of the OCT 

guidewire region; the pixels in the middle of image are ignored (Athanasiou et al., 2012, 

Kousera et al., 2014, Cao et al., 2017). Furthermore, as this method does not rely on 

information from surrounding images and has been configured as a low cost, serial (CPU) 

algorithm, its implementation allows for segmentation of multiple images to be 

distributed amongst available threads, provided a thread is available to update to the 

graphical user interface. The method uses a pixel-based thresholding approach and 

therefore, unlike the active contour method, the underlying segmentation is obtained at 

the resolution of the image. This allows for more accurate representations of the lumen 

border as edge attachment is limited only by the chosen threshold value. 

 

The algorithm is performed in three main steps with sub-routines: (i) border detection, 

(ii) flood-filling and (iii) contour generation (including incept removal). The border 

detection method is used to seal the lumen border so that the flood-fill method may be 

used to mask the entire lumen area. The contour generation routine is then used to 

compute the border of the masked area. An advantage of this approach is that the border 

accuracy is only required at gaps in the lumen, as inconsistencies are accounted for during 

flooding. 

 

(i) Border Detection  

A luminal border is detected by performing an r-theta search about a specified location 

(i.e. user-defined cursor or fixed). A pixel location is considered to be on the lumen border 

(x,y) if it satisfies two conditions. For each pixel queried, these threshold conditions are 

tested in order of computational expense, to maximise the speed of the algorithm. The 

first test is for the image intensity threshold (I*); at image (I) location x,y: 

 

 

 I(x,y) > I* (3.1) 
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The second condition is a weighted image gradient value (|∇I(x,y)|w) satisfying: 

Where,  I* may be conservatively set to a value equal to the background threshold value 

of the grayscale image, calculated using the valley-emphasis method (Ng, 2006) (see 

Chapter 3 Supplementary Material). However, in practice we found that  I* may be 

increased to almost twice the background threshold. By exceeding this level, detail of the 

artery wall is lost and the lumen is no longer accurately detectable (Figure 3.4).  

 

 

Figure 3.4: The influence of threshold levels (I*) on the availability of pixels for border 

detection. Here, IBG is the background threshold level determined using the valley-

emphasis method (Ng, 2006) (see Chapter 3 Supplementary Material). The original OCT 

image is shown in the top-right, while the following images show the result of increasing 

the relative grayscale threshold level. Information relevant to border detection is lost from 

the image when the threshold level exceeds twice the background threshold. 

 

A scaling constant (W) is included when computing the (weighted/amplified) gradient 

intensity, to suit the gradient intensity threshold to the image intensity threshold, so that 

only one threshold value is required for both thresholds (Equations 3.1 and 3.2). Here we 

deemed W = 5 to be adequate, as a result there is a slightly higher background value in 

the gradient intensity image (Figure 3.5).  However, as the chosen gradient operator 

reduces image noise, the additional amplification is of no negative consequence. The 

 |∇I(x,y)|w > I* (3.2) 



Chapter Three                                         Medical Image Reconstruction and Plaque Assessment 

65 

image gradient is calculated via the convolution of the first order derivative of Gaussian 

kernels, whose values are computed using Equations 3.3 and 3.4. Figure 3.6 represents 

the kernel used here, which have a size of 7x7 and a standard deviation of σ = 1.5. 

 

 

Figure 3.5: Comparing the background threshold levels detected using the valley-

emphasis method (Ng, 2006) (see Chapter 3 Supplementary Material) for the original 

grayscale (intensity) image and the gradient intensity image (calculated using Equation 

3.8, with W=5). The 4876 images tested were obtained from the 20 OCT image datasets 

used in this study. The mean and standard deviation of the background threshold levels 

are 0.21±0.03 and 0.30±0.025 for the intensity images and gradient intensity images, 

respectively. 

 G(x,y) = 
1

2 ∙ π ∙ σ2
  ∙ e

- 
x2 + y2

2 ∙ σ2   (3.3) 
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Figure 3.6: 7x7 Derivative of a Gaussian kernel; σ = 1.5; x: [-3 3]; y: [-3 3]. 

 

Derivative of Gaussian kernels are commonly used in edge detection algorithms, such as 

Canny (Canny, 1986, Ziou and Tabbone, 1998). Compared to compact gradient kernels, 

such as the commonly used Sobel operators (3x3) (Sobel, 2014, Ziou and Tabbone, 1998), 

the larger filters reduce the influence of noise as the gradient magnitude and direction 

depend on a larger neighbourhood of image values (Figure 3.7). This also allows the 

gradient magnitude to be effectively weighted in the (imaging source) radial direction, 

removing the emphasis of edges at the guidewire shadow and branch locations (Equation 

3.8). In addition, while the relatively large (7x7) derivative kernels lead to thick edges 

being computed, the image intensity constraint means that the border will always be well 

placed. The equations for the weighted gradient computation are written below; where 

Equation 3.5 is the convolution formula (linear-filter) for a kernel F and the image I, at a 

location x,y (for a 7x7 filter, k = 3). In Equations 3.6 and 3.8, Fx, Fy are the derivative 

kernels for the horizontal and vertical directions, and, rx and ry are the normalised 

horizontal and vertical components of the radial vector spanning the space between the 

imaging source (image centre) and the pixel location (x,y). In Equation 3.8, if a gradient 

direction is aligned with this vector, [rx, ry], its magnitude is doubled. 
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Figure 3.7: Comparing edge detection methods. The small kernel sizes (i.e. Sobel; top-

left) are not appropriate for the amount of noise present in many OCT images. Using a 

larger derivative of Gaussian kernels (∇G), introduces Gaussian smoothing into the 

gradient operation, as 
∂

∂x
(G ∗ I) = 

∂G

∂x
∗ I. When the derivative magnitude is weighted 

radially (middle-right) (Equation 3.8) and combined with the image intensity threshold, 

the location of valid lumen edges (bottom) is comparable to the implementation of Canny 

edge detection (Canny, 1986) in MATLAB (with an optimised threshold range: top-

right). 
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In practice, the border detection process also works when I* is set to 0.32: 1.5 times 

greater than mean threshold value found and less than double the minimum (Figure 3.5). 

If this is the case, then the background threshold detection is not computed for the entire 

image and the computational time is decreased. Note that as the border is sampled using 

an r-theta search, it may not be well described by the initial search. The process of 

detecting the lumen border continues with another r-theta search from the centroid of the 

initial cloud of border points. This process is repeated until the centroid of the resulting 

point cloud, the succeeding search location, has not changed (i.e. <10 pixels). The 

aggregate dataset is then moving-filtered (20˚ window width) to remove points outside 

0.5 standard deviations of the mean radius and interpolated to provide a reduced, evenly 

distributed array of points. A stencil is then iterated along the tangent vector of the 

vertices in order to threshold/store the neighbourhood of pixels bordering the lumen (I < 

I*).  

 

This method effectively accounts for the guidewire shadow and any other gaps in the 

lumen boundary while minimising computational expense as the convolution operations 

are performed on a fraction of the image space (Figure 3.8a). 

 

(ii) Flood-Fill  

Once the border has been detected (and sealed), the interior of the vessel is thresholded, 

according to Equation 3.1, using a flood-fill method (Figure 3.8b; see Chapter 3 

Supplementary Material for more detail). The flood-fill proceeds from the location used 

to begin the segmentation process and provides a robust approximation of the luminal 

cross-sectional area and centroid (area-moment method). To improve the fidelity of the 

segmentation, morphological operations including uniform erosion and thresholded-

growth are appended to the flooding process to smooth the resulting pixel-mask.  

 

(iii) Contour Generation and Intercept Removal 

The lumen contour is then computed from the pixels on the lumen border: determined as 

the ordered list of thresholded pixels containing three to six thresholded neighbours. The 

ordering process progresses in the anticlockwise direction from the point of minimal 

radial standard deviation (determined during border detection) and continues to the 

closest neighbour within a subset (or sliding window) of the entire pixel/point list. 

However, a limitation of this method is the capacity for the contour to intercept itself at 
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regions of ambiguity (Figure 3.9). Therefore a linear-intercept removal method was 

developed. 

 

To detect any intercepts in the segmented contour, a search is performed whereby the line 

spanning two consecutive points is compared with lines spanning subsequent point pairs. 

When a valid intercept is detected, the intermediate points are flagged for removal and 

are replaced with the intercept location (xi, yi) (Equation 3.9 and 3.10) after the entire 

contour has been searched. Valid intercepts are those which lie on the contour, satisfying 

the inequalities of Equation 3.12 and 3.13. The final contour is generated after intercept 

removal and moving-average smoothing operations. 

 

 

Here, the intercept coordinates of two (non-parallel) lines, spanning the points 

(x1,y
1
), (x2,y

2
) and (xn,y

n
), (xn+1,y

n+1
), respectively, are determined using the coefficient 

M; defined below (3.11). Such that, the search algorithm looks for an intercept by 

computing M for a range values of n: 

 

 

 

 

 xi = x1 + M ∙ (x2 - x1) (3.9) 

 y
i
 = y

1
 + M ∙ (y

2
 - y

1
) (3.10) 

 M = 
(xn+1 - xn)(y1

- y
n
) - (y

n+1
- y

n
)(x1 - xn)

(x2 - x1)(yn+1
 - y

n
) - (y

2
 - y

1
)(xn+1 - xn)

,           n > 3 (3.11) 

 (x1 - xi)(x2 - xi) < 0    ∧     (xn - xi)(xn+1 - xi) < 0  (3.12) 

 (y1 - yi)(y2 - yi) < 0    ∧     (yn - yi)(yn+1 - yi) < 0 (3.13) 
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Figure 3.8: The primary stages in the automatic segmentation process (a purple shade is 

used for masked or thresholded pixels); A) Border detection; B) Flood-fill; C) Contour 

generation (post intercept-removal and smoothing). The lumen border is then marked in 

green. 

 

 

Figure 3.9: An example of a large intercept removal during the manual segmentation of 

a branching region (note: centroid displayed is not used for 3D-registration). 

 

Plaque Feature Classification  

Following the 2D segmentation of the OCT lumen, atherosclerotic-plaque features 

present in the OCT images may be classified and segmented for quantitative analyses, 

3D-registration and 3D-reconstruction. Plaques are classified here according to their 

primary features of clinical interest that are visible on OCT:  

 lipid 

 calcium 

 thrombus 

 macrophages (i.e. bright-spots (BS) (Phipps et al., 2015)) 

 micro-channels (MC) 
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 cholesterol crystals (CC)  

 thin-capped fibroatheroma (TCFA) (Kawata et al., 2011, Kato et al., 2013).  

In clinical OCT studies, large plaque features such as lipid accumulation or calcification 

are measured in terms of arc length, while focal features embedded in the artery 

intima/media, such as BS, CC or MC, are individually marked and counted (Tian et al., 

2014, Kato et al., 2013, Kataoka et al., 2015). 

 

Here, plaque feature data for all ten patients (4876 OCT images) was recorded at the 

lumen surface by a qualified cardiologist (Dr. Kamran Majeed, Royal Perth Hospital) 

(Figure 3.10). These data facilitate a ‘ground truth’ dataset for future use. Specifically, in 

this study these data were used for comparisons with site-specific endo-luminal shear 

stress information (Chapter 5). In our software the arc computation is performed about 

the lumen centroid by default, but other locations are specifiable (i.e. imaging source), 

such that an arc is measured with a minimum of two mouse clicks. The result is embedded 

in the lumen contour as an arc-line. In addition, more than one arc of any plaque feature 

can be easily specified with a total (cumulative) arc-line for that feature updated to avoid 

overlap error. Furthermore, once arcs are created denoting diseased regions, the software 

automatically computes the disease-free wall region and stores the information on the 

image (Figure 3.10). For the point markers used to identify and quantify the presence of 

localised plaque-features (BS, CC, MC), scalar variables are stored at the nodes of the 

lumen surface with values, f, determined as: 

 

where, 

N is the node identifier (index), 

ID is the disease identifier, and 

S is the feature-distance of the disease (corresponding to the ID) from the lumen 

node. 

 

In addition, the manual thresholding tools can be used to mask plaque volumes visible on 

OCT. Following the methods described earlier, once the mask is created, a border is 

provided to segment the region (Figure 3.10). As the software can automatically perform 

 f(N, ID) = {
 TRUE || FALSE 

S
 (3.14) 
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thresholding on series of images together, the result is a segmented stack of 2D data in 

3D space (Figure 3.10). 

 

Figure 3.10: Lumen-proximal plaque features (text colour relates to arc colour on image) 

and a simple 3D presentation of a segmented plaque volume. 

 

3D Registration  

To create an anatomically correct (or orientated) 3D geometry, the OCT lumen and 

segmented volumes are spatially registered with a vessel centreline and orientated with 

branch locations obtained from the CCTA reconstruction using Mimics (v20.0) 

(Materialise, Belgium) (details provided in Chapter 2). This process assumes that the 

OCT images are orthogonal to the CT-segmented vessel centreline. This assumption is 

deemed valid when there is negligible longitudinal misalignment of major branches and 

calcified lesions visible on the reference modality (CCTA), and the OCT guidewire 

(captured on x-ray angiography) is well placed. Furthermore, as the smaller coronary 

arteries are not clearly captured on CCTA (Kim et al., 2015), the orientation of the OCT 

geometry uses vessels that measure > 1 mm in diameter on both OCT and CCTA. This 

constrains the orientation method to linear interpolation as higher order approaches (e.g. 

smoothing splines) require more landmarks. To implement this within our software, a 

new tool called ‘Slinky’ was developed. Figure 3.11 describes the process of Slinky. 
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Figure 3.11: Performing displacement and rotation operations in the ‘Slinky’ registration 

application. Slinky was developed to provide an interactive way for the user to manipulate 

control points and edit the location and orientation of 2D slices on a centreline (specified 

through either the lumen centroid or imaging source location). The starting location, 

centreline displacement and (first vertex) rotation (matrix) of every slice is automatically 

generated (and updated) each time the user interacts with the scene. During or after Slinky 

registration, any features marked, disease segmentations or lumen segmentations within 

the control points used (A; top-left) are exportable with the applied spatial transforms (to 

.csv or .STL). In image B (top-right), the ‘lumen’ shape (arbitrarily drawn and segmented 

in A) is placed on a straight line in space (control points shown in purple). Images C and 

D show the manipulation of the of the control points, where the currently selected control 

point is highlighted in a yellow colour. For image C the displacements were altered and 

in Image D the selected control points underwent an 180˚ rotation. Image E shows the 

same shape registered on a real arterial centreline, with a smaller rotation applied to the 

centre control point. Note that in reality, when matching control points to branches on 

CCTA (Figure 3.12) interpolated centreline displacements are seldom necessary and 

interpolated rotations are typically <45˚. 
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Compared to previous rigid registration methods used to register the OCT lumen (e.g. 

Kousera et al., 2014), the registration of additional objects such as branches and plaque 

volumes here is performed by coupling the object vertices (v⃗ obj
i

) to the first vertex (v⃗ lum
0

) 

of the lumen contour using an axis-angle approach. Before lumen registration, in the OCT 

plane (rotation axis: n̂ = 0î + 0ĵ + 1k̂) the angles (θ:[0, 2π)) and magnitude (‖v⃗ ‖) of the 

vertices are obtained about the lumen centroid, following v⃗  = [vx,vy,vz]: 

 

 

The angular changes are then expressed as ∆θobj
i  =  θobj

i  - θlum
0

. For a given centreline 

location c  = [cx,cy,cz] and registered lumen vertices vr⃗⃗⃗  lum

i
, the orientation of the object 

vertices in the CT spatial domain follows:  

 

 

where, Ri
 is the rotation matrix for a rotation ∆θobj

i
 about the axis defined by the centreline 

tangent t  = [tx,ty,tz] (see Chapter 3 Supplementary Material).  

 

3D Reconstruction 

To best maintain the geometry captured during OCT imaging, the 3D reconstructions are 

generated using a swept meshing approach, conjoining consecutive CCTA-registered 

OCT-lumen contours. Following this, the geometries undergo shape-preserving re-

meshing and smoothing operations in STAR-CCM+ (v12.06) (Siemens). Geometries are 

compared with the registered lumen contours after these operations are performed to 

ensure that the geometric features captured by OCT have been retained (Figure 3.12). 

Furthermore, the uniting of non-contiguous meshes (e.g. branching structures) is 

performed using Boolean operations implemented within STAR-CCM+ (Figure 3.13). 

 

 θ = tan-1
vy

vx

 (3.15) 

 ‖v⃗ ‖ = √vx
2 + vy

2  (3.16) 

 vr⃗⃗⃗  obj

i
 = (

‖v⃗ obj
i
‖

‖v⃗ lum
0
‖
)(Ri

 (vr⃗⃗⃗  lum

0
- c⃗⃗ ))+ c  (3.17) 
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Figure 3.12: Comparing the segmented lumen contours (black polylines) with the 

geometry after surface creation, shape-preserving re-meshing and smoothing operations. 

 

 

Figure 3.13: The inclusion of an OCT-derived branch/shoulder. A) The reference CCTA 

geometry; B) The parent-vessel lumen from OCT; C) The branch shoulder from OCT; D) 

The final, united mesh, with a short extrusion to extend the branch beyond the shoulder. 

When necessary, surrounding CT vessels may be used to extend the computational 

domain further. 
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RESULTS 

Sensitivity of Active Contour Method 

All analyses were run in serial on 2.80GHz Intel CPU (i7-7700HQ). The active contour 

segmentations are performed following the processes implemented in Chapter 2 (Kelsey 

et al., 2017b), but are executed after both background thresholding and Gaussian 

smoothing of the image to remove noise (Figure 3.14). The active contour algorithm 

segments the contour iteratively and for most OCT images it reaches a converged solution 

in less than 100 iterations. Figure 3.15 shows the convergence of the active contour 

method where the final solution fails to accurately close the guidewire shadow. 

 

 

Figure 3.14: The result of background thresholding, Gaussian filtering and guidewire 

removal (left). The original OCT images are on the right.  The 2D Gaussian kernel used 

a standard deviation of 0.5 and was 15 x 15 in size (MATLAB, MathWorks, 

Massachusetts, USA). 

 

 
Figure 3.15: Iterative solution of the active contour method (convergence at iteration (i) 

40). The active contour method fails to accurately segment the lumen in place of the 

guidewire shadow. 
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For most OCT images presenting a healthy lumen, the segmentation may be accurately 

computed using a low active contour point resolution (i.e. 50 points (Kousera et al., 

2014)). However, the membrane energy must be correctly specified for the contour to 

properly subtend the guidewire shadow and any gaps in the lumen. Figure 3.16 shows the 

successful segmentation of a simple lumen geometry, where the set of parameters used is 

listed in Table 3.1 (Set 1). However, for complicated geometries, which are evident in the 

majority of OCT pull-backs, the membrane energy must be reduced so that the contour 

may attach to sharp edges such as stent-struts (Figure 3.17), ultimately requiring an 

entirely different configuration of parameters (Table 3.1; Set 2). Unfortunately, this leads 

to poor convergence of the active contour. A suitable solution is often obtainable at a 

lower number of iterations (Figure 3.18b), but the segmentation process is no longer 

automated. In general, increasing the resolution is the simplest way of increasing the 

fidelity of the contour, however the returns become insignificant beyond 500 points 

(Figure 3.18) as the average contour edge length becomes less than two pixels (~20 µm). 

 

Figure 3.16: Active contour lumen segmentation at various point resolutions. For the 75, 

150 and 300 point contours, the required membrane energies are 1, 4 and 16, respectively. 

The other (fixed) parameters may be found in Table 3.1 (Set 1). 

 

Figure 3.17: Active contour lumen segmentation for a bioresorbable stent geometry; A) 

Parameter Set 1 (300 points; membrane energy = 16) (Table 3.1); B) Parameter Set 2 (20 

iterations) (Table 3.1); C) Parameter Set 2 (80 iterations) (Table 3.1). 

 



Chapter Three                                         Medical Image Reconstruction and Plaque Assessment 

79 

 

Figure 3.18: The influence of point resolution on the active contour segmentation of a 

bioresorbable stent geometry (Table 3.1; Parameter Set 3). 

 

Table 3.1: List of active contour parameters. 

 

 

 

 

 

 

 

 

Comparison of Segmentation Methods 

Here, the new threshold-based segmentations are compared with active contour 

segmentations, whose parameters are optimised for each image. Figure 3.19a, shows the 

performance of both methods for an OCT image of a healthy lumen section, while Figure 

3.19b and 3.19c compare the methods for more complicated lumen geometries involving 

overhangs and stent-struts. Table 3.2 details the geometric characteristics of the 

segmentations presented in Figure 3.19, as well as the total solution times, while Table 

3.3 contains the active contour parameters used. 

 

Parameter Set 1 Set 2 Set 3 

Resolution (points) - 500 - 

Iterations 75 - 35 

White Line Attraction 1 1.5 2 

Edge Attraction 50 4 4 

Membrane Energy - 2 1.2 

Balloon Force 1 1 1.2 

External Force 0.5 5 10 

Gaussian 𝜎 for Derivatives 2 1 1 
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Figure 3.19: Comparing the new threshold-based lumen segmentations (left) with the 

active contour segmentations (right). A) Simple geometry; B) Bioresorbable stent 

geometry; C) Bioresorbable stent geometry with an overhanging feature. 
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Table 3.2: 2D segmentation results for lumen contours compared in Figure 3.19. 

 

 

Table 3.3: Varied active contour parameters for lumen contours in Figure 3.19. 

 

Comparing the threshold-based results with the optimised active contour segmentations, 

the differences in lumen area are within 2% and the differences in the circumference 

length are within 1%. However, the threshold-based approach outperforms the active 

contour method in the guidewire shadow region and has a greatly reduced solution time. 

For instance, the threshold-based approach takes approximately 13 s to segment an entire 

OCT dataset (270 images), while the active contour method takes more than 3 min, 

providing the segmentation parameters do not need changing. For each segmentation, the 

initialisation of the active contour algorithm consists of seven convolution (image 

gradient) filters for determining the external force image and external force (flow) field, 

attributing to approximately 150 ms of serial computation time (in MATLAB). 

Furthermore, the external forces must be interpolated onto the contour points at the start 

of each iteration, taking approximately 20 ms.  

 

Following the 2D contour segmentation process, the segmented luminal contours were 

reconstructed into 3D. Figure 3.20 shows the similarities of the 3D reconstructed active 

contour segmentations for multiple point resolutions of a complex geometry of an OCT 

Values 

Area  

(mm2) 

Circumference  

(mm) 

Centroid  

(px, px) 

Solution Time  

(ms) 

Healthy segment     

    Active Contour (A) 3.42 6.61 403, 512 982 

    Threshold-Based (A) 3.37 6.54 402, 513 50 

Stent geometry     

    Active Contour (B) 4.45 7.77 405, 516 681 

    Threshold-Based (B) 4.50 7.73 403, 518 58 

Complex stent geometry      

    Active Contour (C) 3.71 7.83 382, 471 1015 

    Threshold-Based (C) 3.78 7.77 379, 473 51 

Parameter 

Active Contour 

(A) 

Active Contour 

(B) 

Active Contour 

(C) 

Resolution 300 500 500 

Iterations 75 20 35 

White Line Attraction 1 1.5 2 

Edge Attraction 50 4 4 

Membrane Energy 16 2 1.2 

Balloon Force 1 1 1.2 

External Force 0.5 5 10 

Gaussian 𝜎 for Derivatives 2 1 1 
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pull-back of a coronary segment with partial in-stent restenosis and partial resorption of 

a bioresorbable stent structure. The surface contains both protruding stent features and 

vessel overhangs making it difficult to reconstruct the lumen. An example of the 2D 

segmentation of this geometry is presented in Figures 3.19c. The active-contour 

parameters used for the reconstructions in Figure 3.20 closely followed those listed in 

Table 3.3c, with variations made to the membrane energy and contour resolution. 

Importantly, when compared with previous work, the point resolutions used here are 

higher that what was required to accurately segment the artery lumen from OCT images 

(Kousera et al., 2014, Kelsey et al., 2017b). We see that even at the highest point 

resolution, the active contours could not capture all surface detail as they could not attach 

to the wall in small cavities while simultaneously being required to accurately subtend 

the guidewire shadow. As a result, the surface is always smoother than that of a threshold-

based border detection approach and as the OCT pixel resolution is small enough to 

capture the finest of detail, reconstructions using the active contour method omit true in 

vivo surface detail. 

 

 

Figure 3.20: 3D reconstructions of a stented coronary segment using the active contour 

method at three control point levels compared to the new thresholded method. Images 

show the geometries after uniform smoothing (<0.5% volume change). We can see that 

the active contours methods fails to capture the fine surface detail around the 

bioresorbable stent-struts, regardless of the number of control points. The full artery is 

shown in Figure 3.3e. 
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The diminishing marginal returns of the active contour model for this geometry are shown 

in Figure 3.21, where the difference in volume between a 125 point and 500 point active 

contour based construction is 0.8%, while the volume change between the active contour 

and threshold-based methods was found to be 2.5 – 3.4%.  

 

 

Figure 3.21: The results (f) of active-contour based 3D-reconstructions (in a stented left 

anterior descending coronary artery (LAD) geometry), normalised by the results found 

when using the threshold-based approach (f*). Increasing the active contour resolutions 

brings the lumen surface area and volume closer to the result obtained using the threshold-

based approach. 
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SECTION 2 

METHODS 

Coronary Artery Geometries 

The geometry of the coronary artery affects the WSS (Chapter 2; Kelsey et al., 2017b). 

To investigate the haemodynamic utility of the image analysis and reconstruction 

methods presented here, three patient-specific coronary artery geometries were selected 

from the ten patients for specific CFD analyses. The arteries were reconstructed using the 

methods described earlier. We first studied the a (bioresorbable) stented left-anterior-

descending (LAD) coronary artery geometry shown in Figure 3.3e (and Figure 3.20) to 

investigate the influence of reconstruction method on endothelial shear stress. We then 

studied the effect of bifurcating flow in a left-circumflex (LCx) coronary artery, for 

branches derived from both CT and OCT, using the new threshold-based segmentation. 

Finally, we explored the relationship between low density lipoprotein (LDL) distribution 

and the location of high-risk plaque features, in a tortuous LCx geometry. However, 

outside of these key case studies, other geometries were reconstructed in preparation for 

future work. Notably, an additional LAD geometry was simulated while comparing 

different LDL-derived statistics (residence and uptake). Figure 3.22 shows the 

reconstructed luminal geometries used in this section. 

 

 

Figure 3.22: Reconstructed OCT (+CT) lumen geometries. A) LAD with a complex, 

bioresorbable-stent (between two large branches). Used to investigate the influence that 

the difference reconstruction methods (active contour and threshold-based) have on WSS 

measurements; B) LCx geometry with a large OCT-derived branch shoulder (lowest 

branch). Used to investigate the influence that different branch structures (OCT-derived 

vs CT-derived vs none) have on WSS measurements. C) Tortuous LCx geometry with 

high-risk plaque features (measured on OCT). Used to compare these features with the 

simulated haemodynamic metrics. D) Un-stented LAD geometry, simulated to compare 

LDL-derived statistics in a straight geometry. E) Right coronary artery geometry (RCA), 

used demonstrate the reconstruction process.  
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Computational Biomechanics Modelling  

Computational Mesh 

Following previous work (Kelsey et al., 2017a, Kelsey et al., 2016, Kelsey et al., 2017b), 

haemodynamic modelling and mesh-generation was performed within STAR-CCM+ 

using a finite-volume discretisation to solve the Navier-Stokes and continuity equations. 

The computational meshes were comprised of a core, unstructured polyhedral mesh with 

a prism-layer mesh near the wall boundary. We ensured our simulations were grid 

independent (described later). 

 

Boundary Conditions and Physical Assumptions 

Steady-state solutions were performed to obtain an approximation of mean-flow 

conditions (Myers et al., 2001), whereby, the inlet flow rate was set to obtain a WSS of 

1.75 Pa, which is the median of the normal WSS range (1 – 2.5 Pa) (Vergallo et al., 2014) 

and close to previously simulated average values in the coronary arteries (Coskun et al., 

2003). For each simulation, a parabolic velocity profile was applied at the inlet boundary 

and the outlet flow-rates were determined as a proportion of the inlet flow. As the outlets 

were attached to high-order bifurcations, the outlet flow rates were distributed according 

to outlet area (Zamir et al., 1992, Choy and Kassab, 2008). 

 

Due to the low Reynolds number (Re) of the simulated flow (coronary flow Re during 

exercise ≈ 500 (Myers et al., 2001)), turbulence models were not required. Blood was 

approximated as a single-phase, isothermal, incompressible, (Carreau-Yasuda, 

generalised) non-Newtonian fluid with an infinite-shear viscosity of 0.00345 Pa∙s and a 

density of 1050 kg/m3 (Formaggia et al., 2009, Cho and Kensey, 1991, Kenner, 1989).  

The walls of the arteries were characterised by no-slip, rigid wall boundary conditions 

(Torii et al., 2009, Torii et al., 2010, Sun and Xu, 2014, Stone et al., 2012). 

 

Grid Independence 

A number of measures were taken to minimise the numerical error inherent to the 

simulation process: 

 The convergence of each solution was considered to be achieved once the 

(domain-RMS) absolute error in the iterative solution of WSS and residuals 

(continuity and momentum) fell below 10-12.  

 In order to determine a sufficient level of (uniform) mesh refinement, the Grid 

Convergence Index (GCI) (Roache, 1994) was investigated for the surface 
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average WSS, areas of extreme WSS (low or high), sum of probed velocity values 

and the domain (inlet – outlet) pressure drop. The meshes were deemed optimal 

when the GCI was less than 2% for majority the variables considered (Doyle et 

al., 2014). The GCI is computed using Equations 3.18 and 3.19, requiring the 

solution to be obtained on three unique meshes (f) that are refined according to a 

grid refinement ratio (r); f1 is the value measured on the finest mesh, while f3 is 

on the coarsest mesh. The GCI estimates the error between the solution on the 

finest mesh and an estimated exact solution (fexact), assuming that the solution 

converges asymptotically. 

 

 

 

Transport of Low Density Lipoprotein (LDL) 

LDL is integral to the development of atherosclerosis (Libby et al., 2002), and it’s 

permeability is considered to be inversely proportional to endothelial WSS, such that 

regions of LDL residence and low WSS are thought to be more susceptible to 

atherogenisis (Gabriel et al., 2015, Stangeby and Ethier, 2002). Integrating the generic 

transport equation for a (positive-definite) scalar property φ over a fluid control volume V 

and applying Gauss's divergence theorem, the following integral form of the transport 

equation is obtained (Equation 3.20). It may be solved discretely using the finite-volume 

method implementation in STAR-CCM+ to approximate the transport of LDL through a 

fluid domain, similar to the numerical solutions performed in previous studies (Stangeby 

and Ethier, 2002, Olgac et al., 2008, Gabriel et al., 2015).  

 

 

 

 

 GCI = 
f2 - f1

f1 ∙ (rp - 1)
 ≈

fexact - f1

f1

 (3.18) 

 
p = 

log (
f3 - f2

f2 - f1
)

log(r)
  

(3.19) 

 
∂

∂t
∫ρφ dV

.

V

 +  ∫ρφu⃗  ∙ n⃗  dS

.

S

 =  ∫ j  ∙ n⃗  dS

.

S

 +  ∫Sφ dV

.

V

 (3.20) 
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where, 

n⃗  dS is the surface area vector, 

u⃗  is the fluid velocity, 

t is time, 

ρ is fluid density, 

Sφ is the source term for the passive scalar component, and 

j  is the diffusion flux, determined here by the linear eddy diffusivity model: 

 

 

where, 

μ is fluid viscosity, 

μ
t
 is turbulent viscosity, 

σ is the molecular Schmidt number, and  

σt is the turbulent Schmidt number. 

 

For the solution to the LDL transport problem for laminar blood flow (of density ρ), μ
t
 

and σt are not present, and σ is determined from Equation 3.22; where the mass 

diffusivity, D, of LDL in blood is 5 × 10−12 m2/s (Back, 1975, Stangeby and Ethier, 

2002). This mass diffusivity is very low, such that the LDL transport is convection 

dominant and the concentration boundary-layer is orders of magnitude thinner than the 

momentum layer – requiring additional computational mesh refinement. 

 

For the scalar property, φ, to represent the concentration of LDL in transport, the source 

term (Sφ) is set to zero and a concentration profile must be specified at the domain inlet. 

This approach is used in studies concerned with the uptake (or flux) of LDL into the 

artery-wall, where the LDL-endothelial permeability must be specified, and the solution 

accuracy may be improved if transmural-flow and solute-dynamics within the wall are 

considered (Olgac et al., 2008, Stangeby and Ethier, 2002). 

 

 j  = (
μ

σ
 + 

μ
t

σt

) ∇φ (3.21) 

 σ = 
μ

ρ ∙ D
 (3.22) 
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Aside from the concentration field, the residence of LDL in the fluid domain of may be 

analysed by setting a constant source value equal to the density value of the fluid. The 

value of the passive scalar, φ, grows according to the time taken to transport it throughout 

the domain, as the source integral becomes equivalent to the control-volume mass. For 

each control-volume, this method approximates the age of the LDL since entering the 

computational domain; it is not a measure the local control-volume residence time. This 

measured is called LDL domain residence time (DRT). Additional simulations were 

performed to determine how regions of high LDL DRT related spatially with the 

concentration of LDL transported through the endothelium (uptake) for a constant bulk 

LDL-endothelial permeability of 2 × 10−10 m/s (Truskey et al., 1992, Stangeby and 

Ethier, 2002).  

 

RESULTS 

Influence of Discretisation 

Compared to geometric surface variations, the resolution of the computational mesh used 

to solve for velocity and pressure has a similar degree of influence on the results of the 

WSS dependent functions and other quantities. When determining a suitable level of 

discretisation in the complex geometries, the error between most variables and their 

estimated asymptotic solutions were less than 5%, and not exceeding 15% on the coarsest 

volumetric mesh (400K Cells) (Figure 3.23). After two consecutive refinements the mean 

GCI was 3.46 ± 2.39%, while, the error in the mean WSS (GCI) was estimated to be 

0.7%. A third refinement was required to reduce the mean GCI below 2%, to 1.51± 

1.21%. This mesh resolution was used to perform the geometric comparisons described 

later. Note that, there is slow convergence of the total low WSS area (WSS < 1 Pa) as it 

still has an estimated discretisation error of 4.02%. However, this is considerably less 

than the 25 – 35% difference found between the active contour and threshold-based 

geometries (described later). 
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Figure 3.23: The CFD grid convergence of variables of interest (f), normalised the 

estimated exact solution of each variable (f*) (extrapolated, asymptotically (Roache, 

1994)). The Asymptote estimate of the exact solution is obtained from the three finest 

meshes. 

 

Figure 3.24: Comparing volumetric meshes for different geometries. On the left is the 

mesh used for obtaining the results in Figure 3.25 where the lumen surface is smooth. On 

the right is the mesh used for the simulation of the complex geometry, with partial in-

stent restenosis and partial resorption of a bioresorbable stent structure shown in Figure 

3.20. Both meshes have satisfactory (mean) GCI results (0.22 ± 0.32% and 1.51± 1.21%, 

respectively). The high curvature of the complex geometry (small edge lengths and 

concavities) requires the total prism-layer thickness to be limited to avoid poor quality 

cells being generated. The surface size also influences core polyhedral cell size, which 

may be control by growth rates and density settings in STAR-CCM+ in order to achieve 

uniform refinement levels for the determination of the GCI. 
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Influence of Reconstruction Method on WSS 

Figure 3.25 displays the relative change in surface-area and surface-averaged WSS for 

each of the reconstructed geometries. These data show that the change in surface-area 

between the active contour and the threshold-based methods is 4.9%, while, the increase 

in volume (∝ diameter) of the threshold-based geometry leads to 5.7% lower WSS (on 

average). However, the area of low WSS regions (WSS <1 Pa) (Stone et al., 2012) was 

25 – 35% greater for the threshold-based geometries due to the dependence of WSS on 

local surface features (concavities), while high WSS areas (WSS > 3 Pa) (Malek et al., 

1999) were relatively unchanged (< 5%). It should be noted that for simpler geometries, 

like those presented in Figure 3.12 (Figure 3.19a; 2D image), the different segmentation 

methods produce near-identical results.  

 

Figure 3.25: The results (f) of active-contour based 3D-reconstructions, normalised by 

the results found when using the threshold-based approach (f*). The calculation of the 

WSS-based statistics are performed here using a single conduit simulation (ignoring 

minor vessels and surrounding branches), providing a controlled (pseudo) geometric 

comparison. 

 

Influence of Branching Structures on WSS 

When compared with an OCT-derived branch-shoulder, the CT-derived branch was close 

in calibre/outlet-area, hence the flow moving through each branch was similar (0.38 vs 

0.4 ml/s). This resulted in similar levels of WSS in each branch. However, the WSS 

patterns differ, resulting in high levels of relative difference, notably at the vertex of the 
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bifurcation (Figure 3.26). Despite this, the presence of a CT branch only changes the WSS 

in the parent vessel near the bifurcating region by approximately 13.3% (on average), 

while the variation downstream was negligible. There was negligible variation in the WSS 

field across the entire parent vessel. 

 

In the extreme case where the branch is completely disregarded, as is typical in previous 

studies (Kousera et al., 2014, Vergallo et al., 2014, Stone et al., 2012, Chatzizisis et al., 

2008, Wentzel et al., 2003), the average WSS in the downstream parent vessel changes 

proportionate to the redirected flow-rate. However, in many of these previous studies, 

arterial segments were only modelled if there were no major branching arteries present, 

and if the segment-specific flow-rate could be estimated from angiography (Coskun et 

al., 2003). Here, as the missing branch was large, the local changes in WSS shown here 

were significant and the relative difference in WSS near the bifurcating region was 64.5% 

(on average). 

 

Figure 3.26: Comparing the WSS field for different branching structures connected to an 

OCT-derived parent vessel. The relative error is computed in reference to the WSS field 

simulated for the geometry containing the OCT-derived branch-shoulder. The direction 

of blood flow is right to left. 
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Merging Biomechanical and Plaque Feature Data 

Figure 3.27 demonstrates the data produced using the LDL DRT method. The results 

show that regions of high LDL DRT typically coincide with regions LDL uptake. Note 

that, the lack of pulsatile flow and wall-motion/mechanics undermines absolute validity 

of these results (Gabriel et al., 2015). However, the simplicity of both models supports 

their utility as complementary haemodynamic indicators. The LDL DRT field is less 

sparse than the uptake field modelled here (Figure 3.27), providing the potential for more 

site-specific correlations where the local residence times are high (e.g. Figure 3.28). 

 

 

Figure 3.27: Comparing LDL residence and wall transport for a LAD coronary artery 

geometry. LDL domain residence time (DRT) (top); normalised LDL wall uptake 

(middle); and correlation plot for the two scalar fields (rs: Spearman’s rank coeff.) 

(bottom). The LDL wall uptake is normalised from 0 to 1: at 0 the wall (adjacent) 

concentration is equal to the inlet concentration, at 1 the wall concentration is equal to the 

domain minimum concentration. Note that the solution is linearly proportional to the 

concentration specified at the domain inlet. 
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The classification/segmentation of plaque during OCT lumen segmentation allows for 

quantification of both disease burden and site-specific analysis of biomechanical forces. 

Importantly, with the newly developed methods, this is possible in 3D for the first time. 

Figure 3.28 compares the low WSS areas and LDL DRT with regions presenting high-

risk plaque features in an OCT-derived computational domain. The high-risk features are 

characterised as regions where there is both lipid deposition and bright-spot (macrophage) 

accumulation within the artery wall (Virmani et al., 2002). Despite the absence of a 

patient-specific flow rate in the model, there is qualitative agreement between the location 

of low WSS and disease burden. The average WSS magnitude was 1.75 Pa in the entire 

vessel and was an average of 0.95 Pa at the across the surface cells in the diseased regions. 

Furthermore, the average LDL DRT in all wall-adjacent computation cells was 3.62 s, 

but 7.36 s, across the diseased regions. 

 

 

Figure 3.28: Comparing high-risk plaque features (from OCT) with haemodynamic 

indicators for disease: low WSS and LDL DRT. 
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In Figure 3.29, we show the calcium burden of the diseased vessel mapped onto the 3D 

geometry. As the spatial location of data on OCT is automatically stored, we can 

determine the WSS at the exact location of calcium burden. 

 

 

Figure 3.29: The WSS magnitude field function displayed on the OCT-derived calcium 

burden locations (top-left) for a right coronary artery geometry. The calcium burden map 

(middle) is obtained after the geometric registration is performed. The registration process 

of the OCT derived lumen geometry along the centreline obtain from a CCTA geometry 

(bottom-right). 
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DISCUSSION 

This chapter has introduced and described a new suite of algorithms that create high 

fidelity 3D reconstructions of coronary arteries and their plaque features. Our methods 

create more accurate reconstructions of in vivo data than existing methods and 

importantly, dramatically reduce the image analysis time. Furthermore, we have designed 

our methods to be compatible with computational biomechanical modelling with a view 

to providing new insights into the spatial relationship between endothelial shear stress 

and markers of plaque vulnerability. 

 

When compared with the active contour method implemented here, the new segmentation 

method provides an improvement in both speed and accuracy for the tested OCT images, 

increasing the reproducibility of segmentations. On average, the presented method took 

53 ms compared with 893 ms for the active contour method, with both methods run using 

the same hardware. The active contour method would benefit greatly from parallelisation 

as its dependence on several filtering operations is well suited to a GPU-based 

implementation (Teodoro et al., 2012). Furthermore, different active contour methods for 

OCT segmentation exist (Gurmeric et al., 2009), such that the performance and 

parametric dependence of the method used here (Chenyang and Prince, 1998) is not 

representative of all active contour methods. Nevertheless, the presented threshold based 

segmentation method does not require substantial image filtering and is executed in a 

reasonable timeframe (<15 s per 270 images); despite 80% of its processing time being 

attributed to the rudimentary flood-filling method used (see Chapter 3 Supplementary 

Material). As it is written in Java, it is expected to run slightly faster than it otherwise 

would, if implemented in a higher level programming language such as MATLAB. 

 

Fast processing times are important for clinical applicability and therefore our method 

has potential. In a recent review paper by Chiastra et al. (2018), they summarise the 

processing times reported in 30 different studies. They show the highly variable times 

required, ranging from <0.1s to 19s per image. Although the hardware used in each study 

varies, the large variation remains.  For instance, they report details of two studies who 

both used similar hardware yet the processing time in one study was <1.1s per image and 

the other was 13s per image. Furthermore, Chiastra et al. conclude their review by stating 

that the improvement of automated OCT segmentation methods and the reduction of the 

time needed for the entire modelling process are crucial for widespread clinical use of 
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OCT-based models and future in silico clinical trials. We believe our methods and 

software environment, Apricot, has made a significant step towards this goal.  

 

However, the meshing and simulation processing times required for computational 

modelling applications can take orders of magnitude longer than the segmentation 

processes. For comparison, the serial CPU generation of the two polyhedral meshes (with 

near-wall prismatic layers) displayed in Figure 3.24 took 2 and 8 minutes, while their 

steady-state simulations converged after 6 and 30 minutes, respectively. These times are 

based on the use of typical computing hardware and would be greatly reduced through 

parallel computing or cloud-based methods. 

 

Unlike the case where the branch was omitted, we show that the use of a branching vessel 

derived from either OCT or CCTA has little influence on the WSS in the parent vessel 

near the bifurcation and does not change the upstream or downstream haemodynamics. 

In this instance the branch was large (2 mm in diameter) and easily visible with CCTA. 

However, as the outlet boundary conditions of the model are dependent on the size of the 

vasculature (Zamir et al., 1992), due to its high resolution, it is recommended that 

branching vessels be measured/reconstructed using OCT where possible. Furthermore, 

this work supports previous research, where the absence of branching structures 

significantly changes the simulated haemodynamics (Li et al., 2015, Wellnhofer et al., 

2010). 

 

In this Chapter we have also demonstrated how site-specific classification of OCT plaque 

morphology can be mapped to the domain used to compute relevant haemodynamic 

disease indicators (Figure 3.28 and 3.29). There is qualitative and quantitative agreement 

between the WSS and LDL field functions studied here, as well as the localised locations 

of high risk plaque features. Previous, studies investigated the relationship between shear 

stress and plaque morphology on a segment or arterial basis (e.g. sections of the arterial 

tree between major branches (Stone et al., 2012)). However, the methods presented here 

provide another, localised, means to compare vulnerable plaque characteristics and 

haemodynamic disease indicators. Although, this work currently relies on the manual 

segmentation/marking of the relevant plaque features on the OCT images by a trained 

clinician. In future, this workflow may be enhanced by the inclusion of automatic plaque 

characterisation algorithms (Zahnd et al., 2017, Gessert et al., 2019) leading to machine 

learning methods, although more research in this area is required. 
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In order to prepare Apricot for future research efforts, we have created additional 

functionality beyond the scope of this thesis, which for completeness is discussed here. 

First, we have created tools to enable importation of medical imaging data in DICOM 

format, for instance, data from positron emission tomography (PET) imaging. By 

developing registration tools, we can ensure that radiotracer uptake data (e.g. sodium 

fluoride (Joshi et al., 2014)) is analysed within the same spatial domain as all other data. 

Second, we have designed our software to interface with the deep learning algorithms that 

we are developing, following (LaLonde and Bagci, 2018), which should allow us to more 

robustly conduct automated image segmentation and plaque classification tasks. With the 

intention of overcoming the presence of image artefacts, e.g. Figure 3.31. Third, a 3D 

geometry is required to solve for the cross-sectional (image-plane) arterial 

haemodynamics, but this is not necessarily true for structural mechanics. Therefore, we 

have created a method for converting the 2D OCT segmentations into computational 

structural biomechanics simulations. We achieved this through 2D planar-stress finite-

element analysis (FEA) simulations as the resulting 2D stress fields have already shown 

promising spatial correlation between peak-stress regions and plaque-rupture locations 

(Akyildiz et al., 2011, Cheng et al., 1993) and we believe that this may be clinically-

useful in the future.   

 

There are a limited number of 3D patient-specific models which have analysed the stress 

distribution at physiological conditions in diseased coronary arteries (Holzapfel et al., 

2014), and comparatively, planar-stress simulations tend to over-estimate the peak stress, 

but successfully compute the location (Ohayon et al.). Compared to IVUS, OCT disease 

segmentation is limited by signal attenuation, however, the lumen detail is superior (10 

vs 150 µm) and the (rupture prone) thin fibrous-caps (<65 µm) (Burke et al., 1997) may 

be accurately imaged. Here, in regions where plaque may be classified at depth, stress 

fields may be obtained automatically as the segmentation is coupled to batch-file 

execution of an FEA analysis using STAR-CCM+ (Figure 3.30); with material properties 

currently following previous research (Williamson et al., 2003, Cheng et al., 1993). As 

there are no current methods to measure material properties in vivo, a better method may 

be to adopt a statically determinate approach to the simulation; the geometry is already in 

the loaded configuration as it is pressurised in vivo at the time of imaging and so it is safe 

to assume that the deformed geometry is known. Indeed, this type of approach is showing 

promise in other cardiovascular structural simulations where material properties are 

unknown (Joldes et al., 2016, Joldes et al., 2017, Conlisk et al., 2017). This will be 
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investigated in future work. However, due to the signal attenuation in OCT imaged lesions 

(e.g. Figure 3.10), the computational analysis of vulnerable plaque features is better suited 

to haemodynamic modelling methods, as (rigid-wall) CFD models only require the fluid 

volume to be accurately segmented. Hence, current research remains focussed on 

haemodynamic analyses. 

 

 

Figure 3.30: An automated, two-dimensional solution to the planar stress-field of an 

artery imaged using OCT. The stiffness of the artery is an order of magnitude greater than 

the connective tissue, and two orders of magnitude greater than the plaque (with stress 

and strain modelled currently by a linear-elastic constitutive relationship (Williamson et 

al., 2003, Cheng et al., 1993)). The thin, stiff regions support the majority of load and the 

stress concentrations occur at the plaque edges (in agreement with previous findings 

(Loree et al., 1992, Williamson et al., 2003, Holzapfel et al., 2014). 

 

There are a number of additional limitations that need to be considered in this work. 

Firstly, current algorithms typically struggle to segment complicated stent geometries 

(often bioresorbable stents). Therefore, manual thresholding and editing can be required 

in stented regions. Particularly if there are mal-opposed stent struts present. Furthermore, 

to properly study the haemodynamics within geometries with mal-opposed stent struts, it 

is recommended that the OCT luminal geometry be merged with a separate patient-

specific 3D-reconstruction of the stent geometry itself (Chiastra et al., 2018). However, 

120 
mmHg 
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we are currently more concerned with the mechanobiology of natural plaque progression 

and therefore, stented geometries are not as relevant. 

 

Furthermore, an important distinction between the lumen segmentation methods 

investigated here and some of the other methods proposed in the literature, is the image 

space used for segmentation. This is either polar: the system that the OCT data is acquired 

in (Athanasiou et al., 2012, Cao et al., 2017), or Cartesian: the system the OCT data is 

viewed in. The methods studied here used the 1024x1024 DICOM formatted Cartesian 

images (SJM, 2017, Macedo et al., 2016) present in the study database. The benefit of 

this is that it uses the image space (and resolution) that is analysed by the clinician and 

thus easily incorporates manual editing operations in this space which allows the user to 

quickly obtain a high quality segmentation in the event that the automatic algorithm fails 

(Figure 3.31). Nevertheless, the performance of Apricot in poor quality OCT images 

requires further study. 

 

 

Figure 3.31: Segmentation of low quality OCT images with blood swirl. These features 

are not handled well by either segmentation method, despite background thresholding and 

Gaussian filtering being present during segmentation. A) The optimum active contour 

segmentation: parameters from Table 3.3A. This method does not reach the lumen border. 

B) Failed threshold-based segmentation. This method has a higher sensitivity to noise 

than the active contour configuration (with high membrane energy). C) Threshold-based 

segmentation with manual editing of the mask. 
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CONCLUSION 

Intravascular OCT has major strengths over all other imaging modalities, in its unrivalled 

resolution of the lumen boundary, which is limited only by the presence of the guidewire 

shadow. This makes OCT a perfect modality to support CFD modelling of haemodynamic 

interactions that occur at the arteries endothelium. The software described in this chapter 

provides a fast and effective segmentation and reconstruction method for OCT images 

where clinically-relevant plaque features can be stored and quantified. It offers the ability 

to couple with computational biomechanics solvers, providing a new platform to better 

understand the site-specific relationships between haemodynamic indicators (e.g. 

endothelial WSS), plaque morphology and plaque progression. Further development of 

this technology will help integrate clinical and biomechanical data with the aim of 

ultimately testing the ability of our methods to both better understand coronary artery 

disease and better stratify patients at risk of a clinical event. 
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SUPPLEMENTARY MATERIAL 

Background Thresholding 

The valley-emphasis method is used here to perform automatic background thresh-

holding of the OCT images (Ng, 2006). The aim of this is approach to select an optimal 

gray-level threshold value for separating objects, such as the lumen border, in an image 

from the background based on gray-level distributions. The valley-emphasis method is a 

variation of the very popular Otsu method (Otsu, 1979), which selects threshold values 

that maximize the between-class variances of the image histogram (Equation 3.31). The 

Otsu method is optimal for thresholding large objects that produce bimodal or multimodal 

gray-level distributions. However, it fails for when the image histogram has a unimodal, 

or close to unimodal distribution. To overcome this limitation, the valley-emphasis 

method selects threshold values that have a small probability of occurrence, and therefore 

avoids selecting a threshold at or near the peak of a unimodal distribution (Equation 3.29). 

Figure 3.32 shows the unimodal nature of the OCT image histograms, whereby the 

computed threshold values occur above the mode of the histogram (adequately 

representing the background of the OCT image). The formulation for the valley-emphasis 

method is as follows: 
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t* = max
0 ≤  t < L

{ (1 - p
t
)(w1(t) ∙ μ1

(t)2 + w2(t) ∙ μ1
(t)2) } (3.29) 

where,  

p
i
 is the probability of occurrence of an image level (𝑖), 

n is the number of occurrences of all image level, 

L is the number of image levels (256 are used here), 

μ is the average image level of the entire image, 

w1,2 is the probability of belonging to a class of levels (C)  (C1:{i ≤ t}, C2:{i > t})   

μ
1,2

 is the average image level of the respective classes, and 

t* is the optimum threshold determined by the valley emphasis method. 

  

tOstu
*  (shown below) is the optimum threshold determined by the Otsu method; 

maximising the variance between the two classes – (σt
2). 

 

 

Figure 3.32: OCT (grayscale) histogram and background threshold value (calculated 

using valley emphasis method). 

 

 

 σt
2 = w1(t) ∙ (μ1

(t) - μ)
2
 + w2(t) ∙ (μ2

(t) - μ)
2
 (3.30) 

 tOtsu
*  = max

0 ≤ t < L
{ σt

2 } (3.31) 
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Flood-Fill 

The following method is similar to the approach used by the flood-fill routine mentioned 

in Chapter 3. The method executes a flood-fill for a number of iterations (iters) on a single 

image, initialised for coordinates (listXY), for an image value threshold (thresh). 

 

private List<int[]> flood(List<int[]> listXY, int iters, double thresh){ 
 

    //get current pixels status (Thresholded? 1:0) 

    boolean[][] Fill = copyLumenFill(sliceData[currentSlice].getLumenFill());  
    //initialise variables 

    List<int[]> listNXY = new ArrayList<>(); //List for storing filled points 

    int[][] Stencil;                         //Filling Stencil 

    Color col_old; int col_new;    //Colours 

    int[] pt = new int[2];               //Temporary point storage 

    int k = 0;                               //Iteration Counter 

    boolean condA, condB;        //Temporary Conditions 

     

    while (k < iters) { //Perform iterations 
 

        //Iterate through point list 

        for (int i = 0; i < listXY.size(); i++) {       
            //Retrieve Filling Stencil (about point/coord) 

            Stencil = getRandomStencil(listXY.get(i)); 
 

            //Iterate through Stencil points, pt 

            for (int j = 0; j < 5; j++) {               

                pt[0] = Stencil[0][j];        //Stencil Point x 

                pt[1] = Stencil[1][j];        //Stencil Point y 
 

                //Check if pixel is already filled && below the threshold 

                condA = !Fill[pt[0]][pt[1]]; 

                condB = getImageValue(pt[0], pt[1],originalImageFX) < thresh; 

                if (condA && condB) {    //Fill! 

                    Fill[pt[0]][pt[1]] = true; //Change pixel fill status     

                    listNXY.add(new int[]{pt[0],pt[1]}); //Append to list of filled points 
                    //Change buffered image colour (for display) 

                    col_old = originalImageFX.getPixelReader().getColor(pt[0], pt[1]); 

                    col_new = getNewColour(col_old);  

                    lumenImageBF.setRGB(pt[0], pt[1], col_new);                     

                } 

 

            } 

        } 
 

        //New point list becomes the list of filled points (i.e. NXY = Next X,Y) 

        listXY = listNXY; 

        listNXY = new ArrayList<>();  

        k++; 

    }  
 

    //Save and display 

    sliceData[currentSlice].setLumenFill(Fill); 

    lumenImageFX = SwingFXUtils.toFXImage(lumenImageBF, null); 

    sliceViewer.setImage(lumenImageFX); 
 

    return listXY; //Return points 

} //End Method 
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Axis-Angle to Rotational Matrix 

The following are the two java methods used to obtain the rotational transform between 

two vectors (a and b). However, if the rotation angle and axis are already known, the first 

method is not needed, and the rotation matrix may be obtained from the second method. 

 

 

 

 

 

 

 

 

 

 

 

 

 

private double[] getAxisAngle(double[] a, double[] b){ 
    //Normalise inputs 

    double aMag = Math.sqrt(a[0]*a[0]+a[1]*a[1]+a[2]*a[2]); 

    double bMag = Math.sqrt(b[0]*b[0]+b[1]*b[1]+b[2]*b[2]); 

    a[0] = a[0]/aMag; a[1] = a[1]/aMag; a[2] = a[2]/aMag; 

    b[0] = b[0]/bMag; b[1] = b[1]/bMag; b[2] = b[2]/bMag; 
 

    //Get axis 

    double[] v = Matrix.cross(a,b); //Get normalised axis 

    double vMag = Math.sqrt(v[0]*v[0]+v[1]*v[1]+v[2]*v[2]); 

    v[0] = v[0]/vMag; v[1] = v[1]/vMag; v[2] = v[2]/vMag; 
 

    //Get angle 

    double ang = Math.acos(Matrix.dot(a,b)); 

    double[] out = new double[4]; 
 

    //Set outputs 

    out[0] = ang; out[1] = v[0]; out[2] = v[1]; out[3] = v[2]; 

    return out; 

} //End Method 
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private double[][] axisAngleToEulerRMat(double ang, double[] v) { 
 

    double[][] R; 
 

    double c = Math.cos(ang); double s = Math.sin(ang); double t = 1 - c; 

   

    double he, al, pi, bk; 

    pi = Math.PI; 
 

    if ((v[0] * v[1] * t + v[2] * s) > 0.9999) {     // north pole singularity 

        he = 2 * Math.atan2(v[0] * Math.sin(ang / 2), Math.cos(ang / 2)); 

        al = pi/2;  bk = 0; 

    } else if ((v[0]*v[1]*t + v[2]*s) < -0.9999) { //south pole singularity 

        he = -2*Math.atan2(v[0]*Math.sin(ang/2),Math.cos(ang/2)); 

        al = -pi/2; bk = 0; 

    } else { 

        he = Math.atan2(v[1]*s - v[0]*v[2]*t,  

               1 - (Math.pow(v[1],2)+Math.pow(v[2],2))*t);  //Heading 

     al = Math.asin(v[0]*v[1]*t + v[2]*s);                         //Altitude 

     bk = Math.atan2(v[0]*s - v[1]*v[2]*t,  

               1 - (Math.pow(v[0],2)+Math.pow(v[2],2))*t);  //Bank 

  } 
 

    c = Math.cos(he); s = Math.sin(he); 

    double[][] Rh = new double[][] { new double[] { c, 0.0, s }, 

                                                   new double[] { 0.0, 1.0, 0.0},  

                                                   new double[] { -s, 0.0, c}}; 

    c = Math.cos(al); s = Math.sin(al); 

    double[][] Ra = new double[][] { new double[] { c, -s, 0.0 },  

                                                   new double[] { s, c, 0.0},  

                                                   new double[] { 0.0, 0.0, 1.0}}; 

    c = Math.cos(bk); s = Math.sin(bk); 

    double[][] Rb = new double[][] { new double[] { 1, 0.0, 0.0},  

                                                   new double[] { 0.0, c, -s},  

                                                   new double[] { 0.0, s, c}}; 

    R = Matrix.multiply(Rh,Ra); 

    R = Matrix.multiply(R,Rb); 
 

    return R; 

} //End Method 
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ABSTRACT 

The location of atherosclerotic plaques in the coronary arteries has been shown to depend 

on the local haemodynamic behaviour and shear stress experienced by an artery’s 

endothelial layer. Previous work has shown that low wall shear stress (WSS) regions, 

computed using computational fluid dynamics (CFD), have correlated well with regions 

of future plaque progression and lumen narrowing. High resolution coronary artery 

geometries can be derived using intravascular optical coherence tomography (OCT) and 

can increase the fidelity of CFD WSS estimation. This work uses CFD to investigate 

blood flow throughout the coronary arteries using 3D patient-specific geometries derived 

from both computed tomography (CT) and OCT, for three patients. The effects that 

transient, pulsatile, boundary conditions have on CFD simulations of the entire coronary 

artery networks is considered in relation to steady-state estimations of time-averaged 

WSS, as well as the effect of reducing the computational domain about the areas of 

interest (OCT segments). For both rest and exercise, steady-state simulations provided 

accurate estimations of the time-averaged WSS in the medial and distal regions of the 

coronary artery network. Additionally, in comparison to the OCT-derived geometric 

segments, the CT geometries were not appropriate for computing the distribution of WSS 

in the coronary arteries in this study. 
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INTRODUCTION 

Arterial remodelling is associated with changes to the lumen size and morphology, vessel 

wall structure, and vascular function (Chatzizisis et al., 2007). Fluid shear stress at the 

arterial wall (endothelium) is known to be an important mediator of arterial remodelling 

and, in adverse mechanical environments, atherosclerotic remodelling can occur through 

lipid accumulation and elastin degradation (Jo et al., 2006, Chatzizisis et al., 2007). The 

location of atherosclerotic plaques has been shown to depend on the local haemodynamic 

features and shear stress experienced by an artery’s endothelial layer. The wall shear 

stress (WSS) experienced by endothelial cells influences their phenotype and may 

modulate the inflammatory component of plaque progression, such that plaques tend to 

be located at regions of disturbed/oscillatory flow and low WSS (Caro et al., 1969, 

Friedman et al., 1981). Regarding this, regions of low WSS and oscillatory flow have 

been linked to arterial stiffening (Duivenvoorden et al., 2010, Kim et al., 2017). 

Furthermore, areas of WSS less than 0.4 Pa have been associated with neo-intimal 

thickening (Malek et al., 1999), as well as an exponential increase in monocyte adhesion 

(Lawrence et al., 1987). It has also been reported that vulnerable plaques are mainly in 

regions of high WSS that are associated with induced apoptosis of vascular smooth 

muscle cells (Wentzel et al., 2001a, Kenagy et al., 2002, Cicha et al., 2011). Classic in 

vivo studies show that short-term deterioration of the endothelium is associated with 

exposure to WSS levels of 38 Pa (Fry, 1968), whereas normal, vasoprotective regions of 

WSS typically range from 1-3 Pa (Malek et al., 1999). Evidence suggests that low, high 

and oscillatory WSS are all adverse to vascular health, yet the exact role of these 

haemodynamic metrics in coronary artery disease (CAD) still remains uncertain.  

 

Computational fluid dynamics (CFD) has been increasingly used in biomedical research 

of CAD (Samady et al., 2011) and is recognised as an effective way to study relationships 

between haemodynamic behaviour and cardiovascular disease. CFD simulations based 

on three-dimensional (3D) luminal reconstructions can be used to analyse the local flow 

fields and haemodynamic stresses, allowing the identification of risk factors for the 

development and progression of CAD (Sun and Xu, 2014). Significantly, the 

PREDICTION study (Stone et al., 2012), showed that CFD-computed low WSS (< 1 Pa) 

regions in coronary artery geometries, derived from intravascular ultrasound (IVUS), 

correlated with regions of future plaque progression and lumen narrowing.  

 



Chapter Four                                         Comparing Imaging Modalities and Boundary Conditions 

117 

However, the fidelity of coronary artery WSS calculations from CFD simulations relies 

on the accurate reconstruction of the patient-specific arterial geometry (Kelsey et al., 

2017b, Bourantas et al., 2014). Other important factors include patient-specific boundary 

conditions: encompassing both wall compliance and cardiac motion, as well the blood 

velocity and pressure. Use of appropriate boundary conditions is a significant challenge 

facing the integration of CFD for the assessment of physiologically significant CAD (Sun 

and Xu, 2014, Lee et al., 1998). Furthermore, due to the small size of the coronary arteries 

(≈3 mm in diameter), any increase in image resolution may have a large effect on the 

resultant patient-specific geometry and therefore the simulated WSS field.  

 

To increase the lumen-detail of standard angiographic or computed tomography (CT) 

geometric reconstructions, cross sectional information may be acquired/derived from 

IVUS or intravascular optical coherence tomography (OCT) and registered along the 

vessel centreline (Bourantas et al., 2014, Kousera et al., 2014). Additionally, IVUS and 

OCT imaging modalities also provide useful diagnostic and prognostic information. OCT 

clearly shows high-risk features such as thin fibrous caps, inflammation and lipid pools, 

while IVUS allows for visualisation of atherosclerotic plaques and remodelling 

(Toutouzas et al., 2015). The resolution of OCT is an order of magnitude higher than 

IVUS (≈10 µm vs ≈150 µm pixel size), and thus more likely to avoid the loss of spatial 

information important to accurate model reconstruction (Ellwein et al., 2011, Otake et al., 

2009, Slager et al., 2000, Goubergrits et al., 2009, Bourantas et al., 2014).  

 

Previous work has shown that the compliance of the artery wall is of little consequence 

to both the time-average WSS (TAWSS) and the oscillatory shear index (OSI) (Ku et al., 

1985, Torii et al., 2009), with these metrics being the primary time-independent 

haemodynamic indicators associated with disease. However, bulk cardiac/arterial motion 

has been shown to produce significant variation to both OSI as well as the instantaneous 

WSS in the right coronary artery (RCA) (Torii et al., 2010), though TAWSS remains less 

effected. Previous work by Myers et al. (2001) also showed that changing the inlet 

velocity profile did not produce significant changes in simulated steady and unsteady 

(time-averaged) WSS and velocity patterns in a (rigid) RCA segment. In addition, the 

TAWSS distributions were similar regardless of the waveform used for the unsteady 

simulation and the difference in OSI never exceeded 10% (0.05). They concluded that the 

vessel curvature was most influential on the distribution of (high and low) velocity and 

WSS (Myers et al., 2001). 
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The aim of this study was to first investigate the effects of including high-resolution OCT 

(≈10 µm resolution) patient-specific geometries with CT geometries (OCT+CT) on CFD 

simulations, compared with reconstructions derived from CT alone (≈400 µm resolution). 

In contrast to Chapter 2, the work in this study implements the advanced reconstruction 

process presented in Chapter 3. Then, the effects of transient (pulsatile) and steady-state 

boundary conditions on the simulation of haemodynamic disease indicators were 

investigated in three patient-specific coronary artery geometries. The effects of rest versus 

exercise on resulting haemodynamics were also studied. Finally, the influence of domain 

size was explored whereby CFD data obtained from a simulation of a whole coronary 

artery network (with the aortic root) was compared with data from smaller domains (i.e. 

specific arterial segments). This was performed in order to facilitate an efficient and 

streamlined process for the simulation of WSS for plaque analysis in the coronary artery 

vasculature and the potential clinical implementation.  

 

METHODS 

Imaging and Geometric Reconstruction 

Three patients with CAD were used in this study. Patient 1 was a 79 year old male, Patient 

2 was a 56 year old male with an aneurysmal RCA and a bioresorbable stent in the LAD, 

and Patient 3 was a 47 year old male. Each patient was imaged using contrast-enhanced 

coronary CT angiography (CCTA) (120 KV) and intravascular OCT. CT images had an 

average pixel size of 432 µm (± 41.9), slice spacing of 600 µm and slice thickness of 800 

µm. In each patient, 5 cm segments of the LAD, RCA and/or LCx were imaged using 

Dragonfly OPTIS imaging catheters (St. Jude Medical, St. Paul, MN, USA) with average 

pixel size of 11.3 ± 1.24 µm and 200 µm spacing. For each patient, the 3D CT-

reconstruction and arterial centreline calculations were performed using Mimics v19 

(Materialise, Belgium) and OCT-reconstructions performed using the methods in Chapter 

3, before being registered along the CT-derived arterial centrelines (Figure 4.1). This 

improved the fidelity of the geometry in these sections, which corresponded to high risk 

regions, where the geometries contained features such as embedded stent structures or 

vessel dilation (Figure 4.1b). Also, as the OCT geometry was merged with CT, the 

geometries include all visible, major branching vessels; inclusion of side branches 

improves the estimation of WSS in the vicinity of the branches (Li et al., 2015). These 

side branches also served as landmarks which guide the orientation of the OCT-lumen 

contours along the vessel centreline from CT. This approach follows previous work (Li 
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et al., 2015, Kelsey et al., 2017b, Tu et al., 2013), where the necessary rotations and 

longitudinal displacements were interpolated in the absence of local landmarks. 

 

 

 

Figure 4.1: OCT+CT geometries used in this study: CT is shown in red; registered OCT 

segments in dark grey. A) Patient 1, 79 year old male; B) Patient 2, 56 year old male with 

an aneurysmal RCA and a bioresorbable stent in the LAD; C) Patient 3, 47 year old male; 

D) Example OCT image segmentation of lumen contour. Geometries are shown from the 

anterior view. 

 

Haemodynamic Analyses Performed 

The reconstructed geometries were subject to both transient and steady-state CFD 

modelling in order to determine the sensitivity of the computed velocity, WSS, and WSS-

dependent fields to the choices of boundary conditions. In the absence of patient-specific 

flow rates, transient simulations bounded by lumped parameter models were implemented 

to provide an estimation of normal pulsatile flow conditions throughout the aortic root 

and coronary artery networks. This was done at resting conditions for all OCT+CT 

geometries, and at exercise in one OCT+CT geometry (Patient 2). 

 

The transient simulations were compared to the steady-state simulations at mean flow to 

investigate the variation in TAWSS and steady-WSS, as well as the time-averaged 

velocity magnitude and steady-velocity magnitude. In doing this, both the OSI and 

B C 

D 

A 
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oscillatory velocity index (OVI) were studied. The OVI is represented by Equation 4.1, 

and is the measurement of the oscillation of the velocity vector (u⃗ ) throughout the cardiac 

cycle; synonymous with OSI’s measurement of WSS oscillation. For the exercise flow 

condition, the effect of restricting the computational domain to the region of interest (i.e. 

OCT geometry segments) was also investigated through steady-state simulation. 

 

  

In addition, a steady-state comparison of all three OCT+CT and CT geometries was 

carried out at resting conditions. 

 

Physical Assumptions and Numerical Models 

The blood flow was approximated as laminar and was considered to be an isothermal, 

incompressible, (Carreau-Yasuda, generalised) non-Newtonian fluid with an infinite-

shear viscosity of 0.0035 Pa∙s and a density of 1050 kg/m3 (Kelsey et al., 2017b, Doyle 

et al., 2014, Leuprecht and Perktold, 2001, Biasetti et al., 2012, Kelsey et al., 2017a). The 

walls of the arteries were characterised by a no-slip, rigid wall boundary condition 

(Steinman et al., 2013, Torii et al., 2009, Kousera et al., 2014, Kelsey et al., 2017a) and 

the Navier-Stokes momentum and continuity equations were solved using STAR-CCM+ 

v11.06 (Siemens) – using a finite-volume discretisation and second-order upwind 

convection scheme. 

 

Boundary Conditions 

Transient Simulations 

For the resting and exercise transient simulations, the CFD model domains were coupled 

to lumped-parameter models at all boundaries (velocity inlet; pressure outlets) in order to 

describe the surrounding vasculature (Figure 4.2). In the absence of patient-specific flow 

data, these models were calibrated to provide the expected flow conditions for a person 

with 120/80 mmHg nominal blood pressure at rest. The simulation becomes driven by the 

left ventricle elastance waveform (Senzaki et al., 1996) (whose period is halved during 

exercise (Kim et al., 2010)), and controlled by the choice of resistance, compliance and 

inductance parameters used at the boundaries. Each coronary artery pressure boundary is 

coupled to a coronary artery lumped parameter model, described within the work of Kim 

 OVI = 
1

2
(1 -  

|
1
T∫ u⃗ (t)

t
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 dt|

1
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et al. (2010), while the heart model attached to the aortic velocity inlet follows Kim et al. 

(2009). The aortic outlet was coupled to a three-parameter Windkessel model (Kim et al., 

2010, Kelsey et al., 2017a, Alimohammadi et al., 2014). The aortic (Windkessel) and total 

coronary artery resistance values were divided such that the target mean coronary artery 

blood supply was 5% of mean aortic flow (Kim, 2009, Berne and Levy, 2001). The total 

coronary artery resistance at each coronary boundary was proportional to mean vessel 

cross-sectional area, with the cross-sectional area of the proximal left and right coronary 

artery vessels determining the flow rate through each of these major coronary artery 

networks (Zamir et al., 1992). Compared to Kim et al. (2010), the implementation of the 

lumped-parameter system was simplified. The right coronary artery boundary intra-

myocardial pressure (Pim) was assumed to be a fifth of the left ventricular pressure (Opie, 

2004), as the entire vascular system was not modelled as a closed loop. Due to the lower 

pressures in the right side of the heart, the right coronary arteries are less affected by the 

intra-myocardial pressure than the left coronary arteries, accounting for the phase 

differences observed in right and left coronary artery flow waveforms (Kim et al., 2010). 

The intra-myocardial pressure for the left coronary artery boundaries was estimated here 

as the left ventricular pressure: modelled by the lumped-parameter heart model (Kim et 

al., 2009, Kim et al., 2010). 
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Figure 4.2: Aortic root and coronary artery networks with lumped-parameter circuit 

diagrams attached to inlet/outlet extrusions. A) The Windkessel model. B) The coronary 

artery lumped-parameter model (Kim et al., 2010, Kim, 2009). C) The heart model (Kim 

et al., 2009); Bottom-right: Time-normalised left ventricle elastance waveform, E(t) (Kim 

et al., 2009, Senzaki et al., 1996). The Windkessel and coronary artery lumped parameter 

models describe the relationship between pressure and flow in terms of vessel resistance 

(R) and compliance (C), with the coronary artery model introducing an intra-myocardial 

(back) pressure term (Pim). For the Windkessel model there is a proximal (p) and a distal 

(d) resistor. For the coronary artery model the parameters are specified as either arterial 

(a), micro-arterial (μa), venous (v), micro-venous (μv) or intra-myocardial (im). The heart 

model considers the flow from the atrium (at constant pressure) into the left ventricle (at–

v), and the flow from the left ventricle out into the aorta (v–a). The heart model also 

incorporates inductance elements (L) to account for fluid inertia, and uses an elastance 

waveform (E(t)) to determine the ventricular pressure. Note that, the coronary artery 

model is applied independently to each coronary artery outlet boundary, using unique 

parameter values. 

 

Unlike the previous CFD applications of the coronary artery lumped parameter model, 

here, a set of equations (4.2 – 4.6) were used to explicitly update the outlet pressure 

equation (4.6) after each simulation time-step. This is a different coupling method to what 

was used by Kim et al. (2010), but is similar to the explicit coupling of the Windkessel 

model to the aortic outlet (Alimohammadi et al., 2014). The analytical equations (4.2, 

4.3) are numerically integrated using a first order approximation to calculate the change 

in the compliant volumes (𝑉𝐶𝑎, 𝑉𝐶𝑖𝑚) between consecutive time levels (t0: previous time, 

t1: current time) (Equations 4.4, 4.5). The outlet pressure used by the CFD simulation at 

the current time level, P(t1) is specified using Equation 4.6, remaining dependent on the 
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current outlet flow, Q(t1). Please refer to Figure 4.2 for the identification of the parameters 

used in the following equations. 

 

 

 

 

   

Steady-State Simulations 

The boundary conditions for steady-state simulations used a parabolic velocity profile 

and flow-split outlets, carrying the (transient-target) mean coronary artery blood supply. 

Similar to the lumped parameter resistances, the steady-state flow-split outlets were 

proportional to outlet area. 

 

Computational Mesh 

A conservative (1st order Laplacian) smoothing operation was applied to all geometries 

before meshing to remove any unnatural transitions between neighbouring OCT contours, 

as well as at the attached CT branches. The volume mesh was constructed within STAR-

CCM+ v11.06 using a core unstructured polyhedral mesh and a prism-layer mesh near 

the wall boundary – following our previous coronary artery discretisation methodology 

(Kelsey et al., 2017b). In this method, curvature refinement is performed with a minimum 
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surface size of 10 µm to ensure that surface details present in the OCT geometries are not 

lost during meshing. The behaviour of various unstructured mesh types was also assessed 

to ensure that the polyhedral mesh provided the most efficient spatial discretisation and 

fastest convergence for the finite-volume discretisation used. Furthermore, the outlets 

were extruded (normally) creating layers of prismatic cells to ensure that the outlet 

boundaries were isolated from the regions of interest, and the velocity field was aligned 

at the boundary to avoid possible non-physical behaviour and instability in the numerical 

solution. The same approach was used for the geometries without OCT segments, which 

were solely based on CT. 

 

In order to determine a sufficient level of (uniform) volumetric mesh refinement, the Grid 

Convergence Index (GCI) (Roache, 1994) was investigated for steady state simulation of 

the predicted maximum exercise flow conditions (from Kim et al. 2010), for a stented 

vessel section imaged with OCT in the LAD coronary artery of Patient 2. This section 

has velocity gradients due to its relatively small diameter (2 – 3 mm), and was deemed 

suitable for the purpose of calculating the necessary volumetric mesh density. The GCI 

was determined for the average WSS on the LAD surface, the pressure at the domain inlet 

and the velocity at probes scattered throughout the domain. The spatial discretisation error 

was considered sufficient when the GCI was less than 5% for all these variables (this error 

is expected to be lower when simulating resting conditions). When the entire coronary 

artery and aortic root geometries are meshed the total number of computational cells 

ranges from 2M – 3M for all three geometries (CT and OCT+CT geometries). These 

meshes all contain 12 prism-layers near the wall boundary, with approximately 1M cells 

in the aortic root and were used to simulate both the resting and exercise flow conditions 

in this study. 

 

Transient Simulation Information 

The transient simulations were run for three to five cardiac cycles on a coarse mesh 

(≈500K cells) to allow for the pressure and flow waveforms to stabilise. Following this, 

the fine mesh (see Computational Mesh section) was used for a final two to three cycles, 

and data was taken from the last the cycle. This was sufficient as during exercise 

conditions the cycle to cycle relative error in the (OCT) surface averaged TAWSS and 

OSI were 1.5% and 2.3%, respectively. 
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For all transient simulations, in order to achieve stability and convergence, the time-steps 

used were less than 0.5 ms. The simulated exercise conditions (Patient 2) required half 

this time-step (0.25 ms) for stability, as the gradients were approximately twice the values 

they were at rest. The larger the number of coronary arteries boundaries, the more 

sensitive the simulations were (due to the explicit coupling methods used with the lumped 

parameter models). A time-step of 0.05 ms was employed for the resting simulation of 

the geometry with 28 outlets (Patient 1). However, the same level of numerical 

convergence (10-10 absolute domain-RMS continuity and momentum residuals) could be 

achieved for that geometry with only five inner iterations per time-step, as opposed to 15. 

We found that this level of numerical error showed good convergence of WSS, pressure 

and velocity monitors within each time step. Due to the varying conditions used by the 

solver, the (fine mesh) transient simulations took between 12 and 48 hours per cardiac 

cycle running on 12 cores of an Intel Xeon CPU workstation (two Xeon X5650 CPUs). 

It is also worth noting that the coarser mesh simulations were more stable (time-steps < 5 

ms) as the numerical grid was much more diffusive. 

 

Coronary Artery Flows 

The total right and left the coronary artery flow waveforms were similar for each patient, 

and similar to previous work (Kim et al., 2010) for both rest and exercise, showing a 

strong dependence on the lumped parameter values used at the boundaries. Figure 4.3 

shows the coronary artery waveforms for Patients 1 and 2, whose geometries were very 

different (Figure 4.1).  

 
 

Figure 4.3: Example of left main (LM) coronary artery and RCA flow waveforms in two 

patients, one for resting simulation and the other exercise (Exe). 
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At the coronary artery branch points the flows were split with less than 5% error when 

compared to the local area ratios used to calculate the target flows (outlet resistances). 

The CFD geometries provided no significant restrictions to the flow (i.e. significant 

stenosis, present in the study by Kim et al. (2010)) and therefore the pressure drops within 

the coronary artery networks had little effect on boundary flow rates. 

 

RESULTS  

Convergence Behaviour of Unstructured Meshes 

The convergence behaviour was assessed for three types of unstructured meshes: 

tetrahedral, polyhedral and trimmed, for consecutive mesh densities acquired through 

uniform refinement. Each mesh type was extruded near the wall to include prismatic cells 

to provide anisotropic boundary-layer refinement. The meshes were assessed on the time 

taken to converge to the steady-flow solution through a RCA geometry (Re = 225) with 

absolute domain-RMS continuity and momentum residual values of less than 10-12. The 

mesh refinement strategy followed global target sizes of 0.8, 0.4 and 0.2 mm for both the 

volume and surfaces mesh discretisation, while the number of prism-layers near the wall 

increased from 3 to 6 to 12 (uniformly). However, the surface mesh was constrained to 

have at least 36 pts per curvature for the coarser meshes. The meshing time for the 

polyhedral mesh took the longest (< 2 min; serial CPU) as it is built upon the underlying 

tetrahedral mesh.  

 

All of the meshes converged to the target residual levels, with the most refined meshes 

all achieving similar results for both velocity and WSS (mean, max and SD around the 

major bifurcation). The results are presented in Figure 4.4, with all assessed variables (f) 

weighted against the mesh-independent (asymptotic) values (fi) computed from the 

results obtained at varying polyhedral mesh densities. The polyhedral meshes converged 

slightly faster than the trimmed meshes, while the tetrahedral meshes had much slower 

convergence times. The high ratio of faces to cells in the polyhedral meshes gives them 

high connectivity, leading to fast convergence. The polyhedral meshes also have a greater 

number of neighbours per cell than the other mesh types, improving the accuracy of local 

gradients (computed using the least squares method implemented in STAR-CCM+). The 

finest polyhedral mesh was comprised of 299K cells with 1.27M faces, while the trimmed 

and tetrahedral meshes had 425K cells with 1.23M faces and 638K cells with 1.67M 

faces, respectively. 
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Figure 4.4: The serial (CPU) convergence time for a steady-flow solution through a RCA 

geometry for different finite-volume mesh types with increasing mesh densities (which 

have increasing solution times). The mean convergence of the mean, max and SD of 

velocity and WSS (parameters f) is presented here, normalised by their estimated mesh-

independent solution (fi). 

 

Comparing Transient and Steady-State Simulations 

The variation in the results of mean flow steady-state simulations and pulsatile-flow 

transient simulations of haemodynamic parameters are investigated here for rest and 

exercise flow conditions. This was performed for all three OCT+CT geometries at resting 

conditions, and one OCT+CT geometry (Patient 2) at exercise, focusing on the WSS 

fields computed for the OCT segments of the geometries. 

 

Velocity Fields 

Figure 4.5 shows the comparative data of time-averaged (TA) transient and steady-state 

velocity fields for Patient 2 for the exercise flow conditions.  
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Figure 4.5: The exercise simulation of Patient 2. A) TA velocity magnitude; B) Steady-

state velocity magnitude; C) The relative error between these two fields (A vs. B); D) The 

velocity plane highlighting the separation of the boundary layer entering the mildly 

aneurysmal region – present for both A and B; E) OVI. 

 

It can been seen that the percentage deviation between velocity fields is minimal in the 

coronary arteries. The error is low throughout the coronary arteries, with <10% 

disagreement at bifurcations and in the dilated regions of the RCA where there is near-

wall stagnation. With the exception of the breakdown of the boundary layer as the RCA 

widens (velocity plane; Figure 4.5b), the oscillatory velocity index (OVI) is negligible (< 

20%; 0.1) in the coronary arteries, as the velocity fields are not significantly disturbed 

over the course of the cardiac cycle. 
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Wall Shear Stress Analyses 

For both the resting and exercise flow conditions, the TAWSS and steady-state WSS were 

similar in the coronary arteries, while dissimilar in the aortic root, and at the limit of the 

proximal coronary trunks where the flow is less uniform (Figure 4.6 (rest); Figure 4.7 

(exercise)). The lack of retrograde flow in coronary arteries and low Reynolds numbers 

(Re < 700 during peak exercise), make it possible for steady-state simulations to be 

suitable for estimating TAWSS away from the aortic root. Even at the bifurcations where 

there is up to 50% error (difference to transient simulation) in the steady-state estimation 

of average WSS (e.g. Figure 4.7f), there remained little variation in the results (qualitative 

and absolute-quantitative) (Table 4.1). Considering the propensity for bifurcations and 

other significant geometric features to cause flow instabilities and flow recirculation (e.g. 

boundary layer separation; Figure 4.5d), it is not surprising that small changes in WSS 

(and TAWSS) in these regions, containing low WSS, produce high relative error for all 

compared numerical simulations.  

 

For the resting physiological flow condition analysed, the transient and steady state 

simulations shared the same OCT surface area with average WSS < 1 Pa (relative error: 

1.95 ± 1.29%). The error in the low WSS metrics were similar to the measured numerical 

error here (TAWSS: 1.5%; GCI: < 5%) (see Computational Mesh and Transient 

Simulation Information sections). For the other shear stress ranges examined, the site 

specificity of these areas was unchanged (e.g. Figure 4.7), however there were some 

inconsistencies between the steady-WSS and TAWSS (Table 4.1). Notably, the 

magnitude of the areas of WSS greater than 3 Pa, for the resting simulation, and greater 

than 5 Pa for the exercise simulation were associated with more than 8% error (see further 

data in the Supplementary Material). Furthermore, during exercise, the area of the low 

WSS regions below 1 Pa and 0.4 Pa were associated with 13.4 ± 12.2% and 32.4 ± 15.6% 

error on average. However, during exercise these regions of WSS < 0.4 were less than 7 

mm2 in area in total. For the rest and exercise simulation, the average relative error 

between the steady-WSS and TAWSS on the OCT segments was 3.37 ± 1.89% and 4.09 

± 0.70%, respectively. In addition, the variation in the surface average steady-WSS and 

TAWSS was 1.49 ± 1.09% and 2.80 ± 0.08%, respectively. However, in the left main 

(LM) and proximal right coronary artery (RCA), 1 cm from the aortic root, these surface-

average errors were considerable, and varied significantly within the range of 5 – 70% 

(Table 4.1). 
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Table 4.1: Comparison of the mean ± standard deviation (SD) relative error of WSS 

metrics measured for transient-simulated TAWSS and steady (flow-average) WSS.  

 

For the OCT geometry segments, the surface-averaged relative error between the steady-WSS and 

TAWSS fields was 3.37 ± 1.89% at rest and 4.09 ± 0.70% at exercise. However, in the ostia of coronary 

arteries (CT geometry) proximal to the aortic root these results were 26.0 ± 20.4% and 10.8 ± 4.54%, 

respectively. 

 

 

 

  

  Rest Exercise 

 

Relative Error 

  Mean ± SD 

[%] 

Absolute Error  

Mean ± SD 

Relative Error  

Mean ± SD  

[%] SD [%] 

Absolute Error  

Mean ± SD 

OCT     

   Area < 0.4 Pa   4.98 ± 3.65 1.71 ± 1.70 mm2 32.0 ± 15.6 6.70 ± 6.07 mm2 

   Area < 1.0 Pa 1.95 ± 1.29 4.04 ± 1.87 mm2 13.4 ± 12.2 2.93 ± 1.51 mm2 

   Area > 3.0 Pa 7.84 ± 4.44 2.87 ± 2.64 mm2 2.16 ± 1.83 6.44 ± 5.07 mm2 

   Area > 5.0 Pa 20.0 ± 11.7 2.15 ± 3.48 mm2 8.02 ± 5.88 8.07 ± 0.66 mm2 

   Area > 10.0 Pa - - 21.7 ± 18.4 3.43 ± 2.82 mm2 

   Surface Average  1.49 ± 1.19 0.03 ± 0.04 Pa 2.80 ± 0.08 0.16 ± 0.11 Pa 

LM & proximal RCA     
   Surface Average 11.4 ± 3.49 0.17 ± 0.056 Pa 7.41 ± 5.23 0.44 ± 0.18 Pa 



Chapter Four                                         Comparing Imaging Modalities and Boundary Conditions 

131 

 

 

Figure 4.6: Comparing TAWSS and stead-state WSS at resting flow conditions for Patient 

1. A) TAWSS; B) Steady-state WSS computed for mean flow; C) OSI; D) Relative error 

in the area of the low WSS regions computed from the TAWSS and steady-state WSS. 

Measured for the entire coronary artery networks for each patients (P1, P2, P3); E) 

Relative error between the TAWSS and steady-state WSS fields; F) Relative error across 

Patient 1 OCT geometry segments, shown in Figure 4.1a. Comparing the WSS fields, 

areas of high relative error (and high OSI) are observed in the proximal region of the 

coronary arteries, adjacent to the aortic root. 

 

 

  

Relative Error 
(OCT) 

0.0                     WSS [Pa]                 8.0   

100   

[%]   

A                           B                           C 

D                               E                            F               



Chapter Four                                         Comparing Imaging Modalities and Boundary Conditions 

132 

 

 

Figure 4.7: Comparing TAWSS and steady-state WSS for exercise flow conditions for 

Patient 2. A) TAWSS; B) Steady-state WSS computed for mean flow; C) OSI; D) Regions 

of TAWSS < 1 Pa; E) Regions of steady-state WSS <1Pa; F) The relative error between 

TAWSS and steady-state WSS fields. Regions of high relative error coincided with 

regions of low TAWSS and WSS, as well as high OSI. The LAD coronary artery contains 

approximately 4% relative error in TAWSS and WSS across most of its surface, while 

the RCA has a lower nominal relative error, closer to 1%. This minor variation could be 

attributed to the differences in the vessels sizes, their flows, or numerical errors. 
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From Figure 4.8 it can also be seen that OSI is typically increased in regions near 

bifurcations where steady-state WSS and TAWSS are low. This relationship is presented 

in Figure 4.8 that clearly shows excessive OSI in regions of low TAWSS for all patients 

and during both rest and exercise. 

 

 

Figure 4.8: The relationship between TAWSS and OSI for the two OCT segments of each 

patient geometry and flow condition. For Patient 2, the diameter of the (aneurysmal) RCA 

OCT segment is twice that of the LAD OCT segment and subsequently the TAWSS and 

OSI values were different for the two vessels (Figure 4.6; Figure 4.7). Regarding this, the 

results for Patient 2 show bimodal characteristics and are more sparsely distributed. 

 

Comparing WSS Computed Using OCT+CT and CT Geometries 

To estimate the benefit of using high resolution OCT geometries for patient-specific 

coronary artery WSS analysis, mean (resting) steady-state flow simulations were 

performed for 3D CT-based geometries, both with and without registered OCT segments 

(OCT+CT geometries). The results for one of the patient geometries is shown in Figure 

4.9. 



Chapter Four                                         Comparing Imaging Modalities and Boundary Conditions 

134 

 

Figure 4.9: Steady-state WSS distributions on a CT (left) and OCT+CT (right) geometry. 

High relative error (using OCT as reference) (centre) is local to the segments of the CT 

geometry where OCT geometry was also available for comparison (Figure 4.1c; Patient 

3). 

 

There is clear qualitative disagreement between WSS on CT and OCT segments, as well 

as high relative error (difference to OCT). The geometric variation has very little 

influence on the upstream and downstream regions surrounding the OCT segments. Table 

4.2 summarises the absolute and relative errors between the WSS fields of the OCT and 

CT geometries. When compared with the CT geometry, for all patients the average 

variation in OCT-derived artery surface areas containing WSS < 1 Pa and WSS < 0.4 Pa 

was 41.1 ± 61.6% and 46.5 ± 27.1%, respectively. The average relative error in the WSS 

fields between the OCT and CT derived geometries was 53.2 ± 12.6 % and there was no 

agreement between the regions of high WSS (> 3 Pa). The average WSS computed on 

OCT segments was 1.51 ± 0.81 Pa, compared to 1.27 ± 0.55 Pa for the CT, with the 

average WSS in the coronary arteries previously approximated to be 1.5 Pa (Wentzel et 

al., 2001b). Despite vessels having similar mean diameters (Table 4.3), the mean WSS 

was dissimilar due to the presence of local geometric features captured by the high 

resolution OCT (Figure 4.10), however it is possible that in more regular geometric 

segments the discrepancy may be lower than reported here.   

  

OCT+CT CT 
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Figure 4.10: Circumferential averaging of WSS along the left anterior descending (LAD) 

coronary artery, left circumflex (LCx) coronary artery and right coronary artery (RCA), 

showing the differences in the averaged results for CT and OCT geometries at mean-

resting flow conditions. A) Patient 1, LCx; B) Patient 2, RCA; C) Patient 3, LAD. 

 

 

Table 4.2: Comparison of WSS metrics for OCT and CT geometries. Analysis of steady-

state simulation of mean-resting blood flow conditions in all patient geometries 

(OCT+CT and CT). The same six arterial sections are used for the OCT and CT 

measurements (two per patient; as shown in Figure 4.1). 

 

 

 

 

 

 

  

Steady-WSS Fields 

Relative Error 

Mean ± SD [%] 
Absolute Error 

Mean ± SD 

Area < 0.4 Pa   46.5 ± 27.1 24.2 ± 33.3 mm2 

Area < 1.0 Pa 41.1 ± 61.6 52.4 ± 35.6 mm2 

Area > 3.0 Pa 121 ± 84.4 30.3 ± 23.4 mm2 

Surface Average 23.8 ± 14.4 0.44 ± 0.56 Pa 
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Table 4.3: Comparison of artery diameters for OCT and CT geometries. The same six 

arterial sections are used for the OCT and CT measurements (two per patient; as shown 

in Figure 4.1). 

 

Impact of Domain Size on Resulting Haemodynamic Data 

The influence that reducing the domain has on the WSS fields computed for the steady-

state simulation of the mean exercise flow is investigated here (Figure 4.11). The domain 

is reduced about the OCT-reconstructed segments of the RCA and LAD in Patient 2 and 

a parabolic velocity profile is applied to each inlet. It is clear that there is significant error 

in both WSS and velocity immediately distal to the inlet, however, within 10 mm from 

the inlet the relative error in WSS compared with the full domain steady-state solution 

falls to a nominal level in both vessels. Compared with the full domain solution the 

average relative error was 5.30 ± 1.53%, with the average WSS for the entire reduced 

domain differing by 0.29 ± 0.17%. The variation in the areas of WSS < 1 Pa and < 0.4 Pa 

was 0.85 ± 0.84% and 4.20 ± 3.05%, respectively. The variation in the areas of high WSS 

> 3, 5 and 10 Pa, were 1.72 ± 1.16%, 2.01 ± 0.74% and 0.79 ± 0.71%, respectively.  

 

Artery Diameters  Mean ± SD [mm] Min ± SD [mm] Max ± SD [mm] 

Left anterior descending     

   OCT 2.95 ± 0.34 1.99 ± 0.21 3.35 ± 0.35 

   CT 2.98 ± 0.37 2.06 ± 0.12 3.89 ± 0.74 

Left circumflex     

   OCT 3.37 ± 0.05 2.23 ± 0.43 4.18 ± 0.29 

   CT 3.47 ± 0.24 2.80 ± 0.24 4.23 ± 0.43 

Right coronary artery    

   OCT 3.37 ± 0.00 2.42 ± 0.00 4.49 ± 0.00 

   CT 3.29 ± 0.00 2.58 ± 0.00 4.01 ± 0.00 
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Figure 4.11: Comparison of the solutions to steady-state WSS, computed in reduced-

domains surrounding the OCT segments in Patient 2, with the solution previously 

computed for the entire coronary network at mean exercise flow conditions. A) RCA full 

domain (left) and reduced-domain solution (right); B) LAD full-domain (right) and 

reduced-domain solution (left); C) The relative error (difference) in the full- and reduced-

domain solutions to WSS plotted against distance from the RCA reduced-domain inlet; 

D) The relative error mapped onto the reduced domains; E) The relative error plotted 

against distance from the LAD reduced-domain inlet. 
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Figure 4.12 shows the site specificity of low and high WSS regions compared with the 

TAWSS results displayed on the reduced domains. The difference is negligible, agreeing 

with the low errors reported here, and between steady-state and transient simulations. 

 

 

Figure 4.12: The site specificity of areas of low (A-D) and high (E-H) steady-state WSS 

and TAWSS. The TAWSS is computed during transient exercise simulation in the entire 

OCT+CT geometry and is displayed on the reduced-domains used to compute steady-

state WSS locally; across the OCT segments in Patient 2 RCA (A,B,E,F) and LAD 

(C,D,G,H). 
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DISCUSSION 

Understanding shear stress is key to better understanding coronary artery disease and over 

recent years computational methods have evolved so that it is possible to estimate the 

shear stress acting on the inner wall of coronary arteries (i.e. WSS). However, the 

accuracy of the WSS calculation is critically dependent on the local geometry. 

Furthermore, methods to compute coronary artery WSS are computationally expensive, 

thus limiting their potential for application in clinical practice. Here we report an 

alternative approach to computing endothelial WSS using simplified computational 

methods on state of the art 3D geometries.  

 

Overall, our data shows that WSS is significantly different in arteries when computed 

using OCT+CT geometries versus those reconstructed from CT only. Results show that 

TAWSS in the coronary arteries is insensitive to transient boundary conditions, as 

TAWSS for rest and exercise flow conditions could be estimated by steady-state 

simulations. Furthermore, reduced domain models yielded similar results to full domain 

models, therefore it may be more practical to only investigate specific arteries of interest. 

Ultimately, these methods show that simplified CFD approaches return similar data 

compared with more sophisticated methods and due to the reduced computation and 

analysis time, may be more clinically applicable.  

 

Here, we again confirm the necessity for higher resolution geometric reconstructions of 

the coronary arteries for WSS analyses. OCT geometries produce marked WSS 

differences compared with the CT geometries. The geometric influence on WSS 

estimation is far greater than the variation in average WSS that occurs when choosing a 

pulsatile or steady-flow boundary condition, which in the medial and distal regions of the 

coronary arteries had a negligible influence on the solution for multiple physiological 

flow conditions. Previous studies using idealised arterial geometries have shown how 

geometric characteristics such as curvature are more influential to WSS than other factors 

such as steady-state and or pulsatile boundary conditions (Myers et al., 2001); this is 

strongly reflected here for OCT versus CT based geometry segments. Furthermore, given 

the variation in WSS reported for complex geometries derived from IVUS and OCT 

(Bourantas et al., 2014), OCT seems important for highly accurate WSS simulation in the 

coronary arteries. However, OCT is an invasive imaging modality and is applicable only 

in the subset of patients at high clinical risk who proceed to x-ray angiography. 
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In the absence of patient-specific flows rates, for geometries lacking significant stenosis 

and flow impeding features, the target flow rates were adhered to when simulating 

transient, pulsatile flow through the entire coronary artery network, bound by lumped 

parameter boundary conditions. However, as the lumped parameter models and values 

chosen followed the work by Kim et al. (2009 and 2010) (typically used for CT-based 

fractional flow reserve (FFR) calculation (Zarins et al., 2013)) the aortic flow was 

inherently tuned to provide expected physiological flows rates for normal pressure ranges 

(5 L/min; 120/80 mmHg). This resulted in the segment-averaged WSS in coronary artery 

vasculature at rest to be within the expected physiological range (1 – 3Pa) (1.51 Pa on 

average) and while non-invasive estimation of patient-specific coronary-artery flow is 

challenging, previously used estimations of mean patient-specific flow rates using x-ray 

angiography frame-counting (Gibson et al., 1996, Coskun et al., 2003) allowed simple 

steady-state simulations to provide similar physiological WSS levels (Stone et al., 2012, 

Coskun et al., 2003). Methods like these can be used to assess mean coronary artery flow, 

as well as power-law estimations and relationships between left ventricular mass and 

coronary artery flow (Zamir et al., 1992, Anderson et al., 2000). However, due to the 

similarity in the aggregate distribution of WSS for mean, steady-state resting and exercise 

flow in the coronary arteries, as well as the shared site-specificity of low and high WSS 

regions, even in the absence of accurate patient-specific flow rates it is possible to identify 

regions of extreme shear stress (see Supplementary Material). 

 

The results show low OSI (and OVI) in the coronary arteries, which is synonymous with 

previous simulations performed without cardiac motion (Myers et al., 2001, Torii et al., 

2009). Without retrograde flow, the OSI is only elevated by the influence of geometric 

features. OSI was shown to be elevated in regions of low WSS, which supports the utility 

of steady-state CFD simulation for low WSS assessment which may be applicable to CAD 

risk (Stone et al., 2012). However, the elevation of OSI due to cardiac motion is not trivial 

and in its absence it is unlikely that OSI may be reliably estimated (Torii et al., 2010). 

 

Reduced domain steady-state models of coronary artery (OCT-segmented) vasculature 

produce acceptable estimations of average WSS fields compared to the full-domain 

steady-state and transient, pulsatile flow models. These reduced domain models have 

strong qualitative agreement and low relative error after a short distance (< 10 mm) from 

the inlet when assuming parabolic inlet flow. It is expected that this will remain true for 

other coronary artery geometries. Additionally, previous work recommended that, 
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independent of the inlet flow profile assumed, the upstream geometric domain should be 

three times the inlet diameter for pulsatile flow simulation through the carotid bifurcation 

(Hoi et al., 2010). This is to ensure that inlet conditions do not impact flow in the regions 

of interest. This is supported here for parabolic inlet conditions in the coronary artery 

vasculature where the Reynolds number is lower than other large artery simulations (Re 

≈ 200 at rest), and the required inlet length is low. Ultimately, if one is not concerned 

with haemodynamics and surface stresses in the regions adjacent to the aortic root (i.e. 

proximal right and left main coronary arteries), the extent of the domain can be reasonably 

limited about the area of interest without significantly affecting the solution to average 

WSS and other WSS-derived metrics. Importantly, these reduced domain models are 

more computationally efficient, with a steady-state reduced domain model requiring <5 

minutes to solve, compared to >24 hours for a transient full domain simulation (see 

Transient Simulation Information section). Furthermore, while transient simulations are 

required to accurately resolve the average WSS field near the aortic root, previous work 

has shown that very few culprit lesions (1%) are found in the LM coronary artery, 

compared with the LAD (45%), LCx (14%) and RCA (38%) (data from a ST-segment 

elevated cohort) (Antoni et al., 2011). Furthermore, the median distance of LAD- and 

LCx-based lesions from the LM coronary ostia has been found to be 40 and 55 mm, 

respectively, while the median distance of RCA lesions from the vessel ostia was 47 mm 

(Gibson et al., 2003). In this current study, steady-state solutions to WSS provide an 

accurate representation of TAWSS for distances greater than 10 mm from the coronary 

ostia, or aortic root. Therefore, reduced domain steady-state modelling is likely valid for 

the majority of patient morphologies, supporting previous steady-state simulations in the 

coronary vasculature. 

 

Similar to other studies, the current work is limited by the rigid wall assumption, and thus 

focusses on understanding of how various scenarios affect the simulation of average 

WSS. Until material properties can be accurately obtained using non-invasive methods, 

rigid wall models are preferred. Also, our patient-specific geometries are bound by 

lumped parameter models which were tuned to provide generic haemodynamic 

environments. Actual patient-specific flow rates and pressures may differ. Due to the low 

Reynolds number of coronary artery flow, the blood flow was assumed to be laminar, 

however, flow in the aortic root is often turbulent (Benim et al., 2011b, Benim et al., 

2011a) and henceforth the results in the proximal coronary arteries may be affected by 

this.  
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CONCLUSION 

This work clearly shows that OCT-based geometries provide an improved estimation of 

shear stress in coronary arteries, and that reduced domain CFD models employing steady-

state flow behaviour are comparable to sophisticated transient simulations when 

concerned with average flow behaviour and shear stress. Importantly, these simplified, 

reduced domain models could be more feasible for translation to clinical practice. 
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SUPPLEMENTARY MATERIAL 

Steady-State Rest vs. Exercise 

During the transient simulation of rest and exercise, the portion of flow down each 

coronary artery branch adhered closely to the target flow distribution (outlet resistances). 

Having demonstrated that transient and steady-state simulations produce equivalent 

(time-averaged) WSS results, the differences in the steady-state rest and exercise 

simulations at the mean-flow conditions in an OCT+CT geometry were analysed to 

determine how the WSS results vary with flow rate. The variation in WSS is assessed by 

scaling the resting WSS field by a factor of two, the difference in the mean flow rates; in 

the manner of Hagen-Poiseuille pipe-flow, where WSS is directly proportional to flow 

rate. The results are qualitatively similar (Figure 4.13), and reflect previous observations 

(Figure 4.6, Figure 4.10) where the relative difference between WSS fields is highest at 

the low WSS zones found near bifurcations. Comparing the scaled resting-WSS field to 

the exercise-WSS field, for both the LAD and RCA, the average relative difference was 

11.0 ± 7.97% and the difference in the average WSS was 13.8 ± 2.83%. The differences 

in the area of low WSS regions, below 0.4 Pa and 1 Pa, were 64.4 ± 9.37% and 26.5 ± 

20.5%, respectively, however, the areas of low WSS very clearly shared the same site 

specificity for both the left and right coronary arteries for (unscaled) resting and exercise 

flow (Figure 4.14). The assessment of regions of intermediate to high WSS were more 

closely related to the change in the boundary conditions, with the difference in the area 

of regions with WSS above 3, 5 and 10 Pa being 1.24 ± 0.4%, 12.7 ± 3.22% and 15.0 ± 

8.58%, respectively. In supplement to these results, the histograms in Figure 4.13 show 

that the WSS distributions are very similar for both of the flow conditions, however, 

strong quantitative agreement is lacking. 
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Figure 4.13: Qualitative differences in steady-state rest and exercise WSS fields for the 

left (A, B) and right (C, D) coronary artery domains for Patient 2. A) Scaled steady-state 

WSS at mean resting flow conditions in the LAD; B) Steady-state WSS at mean exercise 

flow conditions in the LAD; C) Scaled steady-state WSS at mean resting flow conditions 

in the RCA; D) Steady-state WSS at mean exercise flow conditions in the RCA; E) The 

relative error (difference) between the scaled-rest vs exercise WSS fields. 
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Figure 4.14: Low WSS Regions: A) RCA steady-state (rest); B) RCA steady-state 

(exercise); C) LAD steady-state (rest); D) LAD steady-state (exercise).  
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ABSTRACT 

The current clinical risk stratification methods for acute coronary syndrome (ACS) do not 

provide any information on plaque vulnerability and consequently have limited 

prognostic ability. Recently, the availability of intravascular optical coherence 

tomography (OCT) in clinical practice has allowed for high-risk plaque features, such as 

thin-capped fibroatheroma (TCFA), to be viewed and studied. However, OCT alone may 

not be sufficient, as the rate of development of atherosclerotic lesions is nonlinear and 

currently unpredictable. It is thought that multimodal plaque assessment may help to 

alleviate uncertainty. With respect to this, the emergence of molecular imaging techniques 

is showing promise. In particular, 18F-sodium fluoride (18F-NaF) positron emission 

tomography (PET) has been shown to be spatially related with high-risk atherosclerotic 

plaque features and regions of micro-vascular calcification activity. Additionally, local 

factors such haemodynamic stresses are considered to be important modulators of 

endothelial function and plaque progression. The wall shear stress (WSS) acting on the 

endothelial layer has been linked with both plaque progression and stability, and previous 

work has demonstrated the ability of computational fluid dynamics (CFD) to predict the 

progression of measurable plaque features. The exact role that the haemodynamic 

environment plays in coronary artery disease (CAD) progression remains uncertain. 

Progressing our understanding of the mechano-biological processes involved in plaque 

progression is integral to improving clinical decision making. 

 

The aim of this study is to build on existing OCT image-based computational modelling 

approaches, and investigate the relationships between image-based plaque characteristics 

and haemodynamic metrics simulated using CFD. This study presents the application of 

a novel computational framework, where the OCT-based CFD modelling and plaque 

analysis, described in Chapter 3, is integrated with the analysis of 18F-NaF uptake 

measured on PET/CT. In order to determine whether or not pathophysiological WSS, or 

other haemodynamic metrics, occur in regions of elevated 18F-NaF uptake and/or OCT 

biomarkers of disease.  

 

For twenty coronary artery segments (ten arteries), we simulated the patient-specific 

haemodynamics for multiple flow rates with a variety of viscosity models to assess the 

influence of key modelling assumptions. The OCT images were semi-automatically 

segmented and plaque morphology was quantified by a trained cardiologist. The PET/CT 

data was analysed by a trained nuclear medicine expert using commercial software 
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(Syngo.via, Siemens). We then compared the haemodynamic data to plaque 

characteristics and regions of 18F-NaF uptake. In doing this, the results were investigated 

at the local site-specific level, at the segment level, and at the whole artery level (an entire 

OCT pullback). 

 

The inclusion of patient-specific flow-rates and viscosity changed the results of the CFD 

simulations, significantly, and are thought to be necessary. Significant inverse 

relationships were found between very low WSS burden and the area ratios of plaque-

free wall (PFW) at the segment and arterial levels. As well as significant positive 

relationships between very low WSS burden and 18F-NaF uptake (micro-vascular 

calcification activity). The results demonstrated that micro-vascular calcification activity 

depends on the existence of atherosclerosis (i.e. the absence of PFW), as well local 

haemodynamic behaviour and areas of very low WSS (< 0.4 Pa). These findings agreed 

with previous landmark research which demonstrated that plaque progression occurs in 

arterial sections with low average WSS and pre-existing atherosclerotic burden. PFW also 

had the least local association with extreme haemodynamic conditions, while OCT 

disease morphologies were associated with extreme haemodynamic conditions on a site-

specific basis.  

 

Furthermore, significant positive relationships found between increased lipid burden and 

average lumen eccentricity. Following this, a simple parametric function was formulated 

to estimate the ratio of average eccentricity to average WSS magnitude for a given artery 

section or segment. This approach is a surrogate for the CFD simulation of very low WSS 

in the presence of disease, and likewise a predictor of 18F-NaF uptake. The formulated 

function out performed all other metrics (CFD and geometric), presenting the strongest 

correlations with 18F-NaF uptake in this study. If validated in future work, it could become 

a useful metric as it requires only the CT and OCT imaging modalities to be estimated. 

However, a more comprehensive risk stratification method may be obtained in future, 

with more data to link high risk plaque morphology measured on OCT with 18F-NaF 

uptake and the haemodynamic environment. In doing this, follow-up data would be 

necessary to test any prediction of plaque progression and vulnerability. 
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INTRODUCTION 

The prognostic capability of current clinical risk stratification methods is limited. There 

is often over-treatment of low-risk individuals and under-treatment of those at high-risk 

(Bellinge et al., 2018). As discussed already throughout this thesis, intravascular optical 

coherence tomography (OCT) is showing promise in coronary artery disease risk 

stratification. However, molecular imaging techniques are also demonstrating promising 

potential, most notably, 18F-sodium fluoride (18F-NaF) positron emission tomography 

(NaF-PET). 18F-NaF has a strong affinity for hydroxyapatite, which is the predominant 

mineral present in atherosclerotic calcifications (Blau et al., 1962, New and Aikawa, 

2013, Clarke, 2008). NaF-PET is capable of detecting both high-risk atherosclerotic 

plaque features and regions of vascular calcification activity. Furthermore, regions of 

active calcification detected by NaF-PET have been shown to progress to computed 

tomography (CT)-detectable calcifications (Dweck et al., 2014, Ishiwata et al., 2017). 

Therefore, early detection of actively calcifying atherosclerotic lesions is possible. The 

sensitivity of NaF-PET has been reported to exceed that of CT, intravascular ultrasound 

(IVUS), as well as histological staining methods (McKenney-Drake et al., 2016). 

Furthermore, due to its limited resolution (CT ≈ 400 um pixel size), coronary artery 

calcium scoring only has the capability to accurately detect established vascular 

calcifications (Maurovich-Horvat et al., 2014), while, NaF-PET has the ability to detect 

micro-calcifications.  

 

Micro-calcifications have been associated with mechanical instability of the 

atherosclerotic plaque cap, possibly increasing the susceptibility of a plaque to rupture 

and thrombose (Kelly-Arnold et al., 2013). Regarding their detection on 18F-NaF PET, 

the chemisorption of the 18F− ion into hydroxyapatite is increased in regions with blood 

supply with large surface areas available for binding (Irkle et al., 2015, Czernin et al., 

2010). Thus, clusters of micro-calcifications present within unstable atherosclerotic 

plaques close to the arterial lumen are expected to have a greater propensity for 18F-NaF 

binding than heavily calcified atherosclerotic plaques (Mizukoshi et al., 2013, Virmani et 

al., 2005). Additionally, coronary atherosclerotic plaques with increased 18F-NaF binding 

have been associated with multiple other high-risk plaque features on IVUS and OCT 

(Figure 5.1) (Joshi et al., 2014, Lee et al., 2017). However, outcome studies demonstrating 

the true ability of 18F-NaF PET to detect vulnerable atherosclerotic plaques of clinical 

relevance are required (Bellinge et al., 2018). 
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Investigations comparing the information obtained from intravascular OCT with 18F-NaF 

PET may be integral to this. Intravascular OCT has been developed, amongst other things, 

for the identification of vulnerable plaque (van der Meer et al., 2005, Regar et al., 2003, 

Yabushita et al., 2002), as the microscopic characteristics of vulnerable plaques are not 

reliably identified by existing imaging modalities, such as IVUS, CT and MRI (Tearney 

et al., 2006). Large micro-calcifications (≈50um) are detectable with intravascular OCT 

(Mizukoshi et al., 2013), however, the limited tissue penetration OCT may lead to under 

evaluation of total calcium burden (Mehanna et al., 2013). The main strength of OCT is 

its ability to reliably detect thin-caped fibroatheroma (TCFA), which are the morphology 

of the culprit lesion in approximately 80% of sudden cardiac deaths (Kolodgie et al., 2001, 

Virmani et al., 2002, Falk, 1992). The TCFA is typically a minimally occlusive plaque 

characterised histologically by a thin fibrous cap (<65 µm), large lipid pool, and activated 

macrophages nearby or inside the fibrous cap (Kolodgie et al., 2001, Virmani et al., 2002, 

Falk, 1992). All of which are detectable on OCT, as well as myriad of other features, 

including red-blood-cell rich and platelet rich thrombus, calcified plaques, necrotic cores, 

cholesterol crystals, micro-channels and plaque-free wall (Sinclair et al., 2015, Tearney 

et al., 2006) 

 

 

Figure 5.1: 18F-NaF PET uptake (LAD) juxtaposed with the OCT features of high-risk 

atherosclerotic plaque. Within the PET image (left), the green arrow locates the OCT 

image (right). This region has multiple high-risk plaque features shown on the OCT 

image: Cholesterol crystals (White arrow); micro-calcifications (Red arrow); Lipid rich 

plaque (Blue arrow) (Bellinge et al., 2018). 

 

Aside from the advancements in cardiovascular imaging modalities, biomechanical 

computer-based models present another frontier that is emerging with tools for stratifying 

cardiovascular disease risk. Recently, CT-based computational fluid dynamics (CFD) 

simulations have begun supplementing traditional, invasive measurements of fractional 
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flow reserve (FFR) in clinical practice (Kitabata et al., 2017, Chinnaiyan et al., 2017, 

Douglas et al., 2016, Lu et al., 2017), where FFR is the physiological gold standard for 

assessing the clinical significance of coronary stenosis and is a measurement of the fluid 

pressure gradient. Wall shear stress (WSS) is another (local) haemodynamic quantity 

attainable from CFD simulations which is indicative of disease burden (Sun and Xu, 

2014). 

 

As addressed in the previous chapters of this thesis, WSS is known to be an important 

mediator of arterial remodelling and in adverse haemodynamic environments, 

atherosclerotic remodelling can occur through lipid accumulation and elastin degradation 

(Jo et al., 2006, Chatzizisis et al., 2007). WSS affects endothelial cells, influencing their 

phenotype and possibly modulating the inflammatory component of plaque progression, 

such that plaques have been observed in regions of disturbed flow and low WSS (Caro et 

al., 1969, Friedman et al., 1981). Furthermore, regions of low WSS and oscillatory flow 

have been linked to arterial stiffening (Duivenvoorden et al., 2010, Kim et al., 2017), with 

regions less than 1 Pa associated with endothelial dysfunction, lipoprotein accumulation, 

and inflammation (Chatzizisis et al., 2007), while areas of WSS less than 0.4 Pa have 

been further associated with neo-intimal thickening (Malek et al., 1999) and an 

exponential increases in monocyte adhesion (Lawrence et al., 1987). On the other hand, 

it has been reported that vulnerable plaques are typically found where WSS is high, as 

high WSS has been associated with induced apoptosis of vascular smooth muscle cells 

(Wentzel et al., 2001a, Kenagy et al., 2002, Cicha et al., 2011). Classic in vivo studies 

showed that rapid deterioration of the endothelium occurs with exposure to WSS levels 

exceeding 38 Pa (Fry, 1968), which is far above the normal vasoprotective range (1–3 Pa) 

(Malek et al., 1999). In addition to WSS, CFD models often use complementary 

haemodynamics metrics to characterise the local haemodynamic environment, i.e. the 

level of flow disturbance. Recently, helical flow in coronary arteries has been established 

as potentially atheroprotective (De Nisco et al., 2019), while simple WSS dependent 

functions, such as the spatial WSS gradient (WSSG) are representative of disturbed flow 

(Lei et al., 1997) and have been linked with various vascular pathologies (Dolan et al., 

2013). 

 

To perform a patient-specific CFD simulation, data from an imaging modality is required 

to develop the three-dimensional (3D) patient-specific geometry, through which the 

haemodynamics are simulated. The primary benefit of CFD as a clinical modality is that 
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it presents no additional risk to the patient, when using routinely acquired image data and 

a non-invasive measurement of blood flow (Samady et al., 2011). In the past decades, the 

PREDICTION study (Stone et al., 2012) has been arguably the most influential CFD 

study linking WSS with coronary artery plaque progression. It showed that low WSS (< 

1 Pa) regions correlated with regions of future plaque progression and lumen narrowing. 

It was performed using patient-specific geometries derived from IVUS images. However, 

the emergence of OCT as clinical imaging modality now provides researchers with a 

superior medium for assessing the relationships between coronary artery plaque 

morphology and local haemodynamic environments. Despite IVUS also providing 

visualisation of plaque features, the resolution of OCT is an order of magnitude higher 

than IVUS (150 µm pixel size), and thus more likely to avoid the loss of spatial 

information important to accurate model reconstruction (Ellwein et al., 2011, Otake et al., 

2009, Slager et al., 2000, Goubergrits et al., 2009, Bourantas et al., 2014) (Figure 5.2).  

 

Figure 5.2: A comparison between arterial CFD simulations based on IVUS (left) and 

OCT (right) (Bourantas et al., 2014). 

 

As demonstrated in the previous chapters of this thesis, the patient-specific imaging and 

3D reconstruction greatly influences the estimation of local WSS values. In addition, the 

other major physical influences on WSS are the blood flow rate and the blood viscosity 

(Myers et al., 2001, Papaioannou and Stefanadis, 2005); which are not easily determined 
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on a patient-specific basis. Subsequently, previous CFD studies have set the coronary 

artery flow rate to maintain a normal level of average WSS (e.g. 1.5 Pa) (Wentzel et al., 

2001b). However, this only allows for the relative assessment of WSS values within a 

single patient, rather than assessment of absolute quantities across patients with unique 

blood flow rates. In the PREDICTION study, the patient-specific flow rates were well 

estimated from the volume change of radio opaque contrast measured on x-ray 

angiography  (Coskun et al., 2003, Stone et al., 2012), with a reported average WSS of 

1.7 ± 0.5 Pa (Coskun et al., 2003). There are other robust blood flow measurement 

techniques that also rely on invasive procedures, e.g. the use of a Doppler wire (Samady 

et al., 2011). However, in order to limit the number of invasive procedures a patient 

undergoes, another approach for estimating coronary-artery blood flow is to use the direct 

relationship between coronary artery flow and left ventricular myocardial mass (LVM) 

(Choy and Kassab, 2008). This has become an established and validated method to non-

invasively estimate coronary artery flow rate for CFD-based FFR (i.e. CT-FFR) (Taylor 

et al., 2013). It is important to note that CT-FFR is now recommended by the National 

Institute for Health and Care Excellence (NICE) of the UK Department of Health. 

 

The evidence base linking CFD derived WSS metrics and atherosclerotic plaque 

morphology in the coronary arteries has been steadily expanding. Another IVUS-based 

study (Samady et al., 2011) presented similar findings to the PREDICTION study, 

reporting that arterial segments with low WSS developed plaque progression with 

constrictive remodelling. However, high-WSS segments were reported to develop greater 

necrotic core and calcium progression, regression of fibrous and fibro-fatty tissue, and 

excessive expansive remodelling (Samady et al., 2011). Furthermore, in 2014, the first 

evaluation of the relationship between local WSS and OCT-derived coronary plaque 

characteristics was performed in humans (Vergallo et al., 2014). Newtonian CFD 

modelling was undertaken for 24 arteries selected from a cohort of 117 patients presenting 

with acute coronary syndrome (ACS). Similar to the PREDICTION study, the models 

used single conduit arterial segments. There was a higher prevalence of lipid-rich plaques 

and thin fibrous caps in arteries with low WSS (< 1 Pa), with thinner fibrous caps and 

higher macrophage densities reported in segments with both lipid-rich plaques and low 

WSS. Segments with low WSS also reported more superficial calcification. As a 

successor to this work, in 2017 a study analysing the WSS in OCT-derived arterial 

segments at multiple time-points was published (25 arteries; 20 patients) (Yamamoto et 

al., 2017). At baseline, low-WSS segments had significantly thinner fibrous caps 
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compared with higher WSS segments (≥ 1 Pa). After 6 months, the fibrous cap thickness 

significantly increased in the higher WSS segments, while the lipid arc widened in the 

low WSS segments. The conclusion was that low WSS segments were associated with 

high risk plaque features with an increase in risk in a 6-month period. Conversely, recent 

work using both OCT and IVUS showed that low WSS influenced plaque progression 

similarly for all phenotypes. This work analysed 68 vessels and also concluded that 

plaque morphology could not be accurately assessed by IVUS virtual histology alone 

(Bourantas et al., 2019). 

 

There are multiple models for blood viscosity that are commonly used when simulating 

haemodynamics with CFD. The largest constituent of blood is plasma, however, despite 

plasma being nearly Newtonian in behaviour, whole blood exhibits markedly non-

Newtonian characteristics, particularly at low shear rates (Formaggia et al., 2009). Red 

blood cells (RBC) have been shown to have the greatest influence on the mechanical 

behaviour of blood, primarily due to their presence in very high concentration: 

approximately 40–45% of blood volume in healthy individuals (haematocrit/HCT). The 

non-Newtonian behaviour of blood occurs due to the tendency of RBC to form a 3D 

microstructure at low shear rates, as well as their deformability and tendency to align with 

the flow direction at high shear rates (Formaggia et al., 2009). Blood is predominantly a 

shear thinning fluid (Fisher and Rossmann, 2009, Revellin et al., 2009, Chen et al., 2006), 

and in haemodynamic CFD modelling, the most popular shear-thinning non-Newtonian 

model is the Carreau-Yasuda model (Sochi, 2013). However, blood is often modelled as 

a Newtonian fluid (Bodnár et al., 2011, Fan et al., 2009, Doyle et al., 2014, Johnston et 

al., 2006) as this provides a good approximation of viscosity in large vessels at medium 

and high shear rates (Sochi, 2013, Yilmaz and Gundogdu, 2008). Another shear-thinning 

model of note is the Quemada model, which includes the HCT as a dependent variable, 

with recent work demonstrating an increase in FFR model certainty when patient-specific 

HCT values were incorporated using a Quemada model (Gashi et al., 2017). However, it 

should be noted that no single model captures all of the complex behaviours of the blood 

(Yilmaz and Gundogdu, 2008). The majority non-Newtonian models are shear-thinning 

models which do not incorporate the yield stress, thixotropic, nor the viscoelasticity 

properties of blood (Sochi, 2013), but may be implemented inexpensively in 

computational models as generalised-Newtonian fluids (Formaggia et al., 2009). 
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To date, there are no studies that have coupled computational biomechanics analysis with 

atherosclerotic plaque detection using molecular imaging techniques in the coronary 

arteries. The uptake of 18F-fluorodeoxyglucose (18F-FDG) which is a surrogate for 

vascular inflammation, has been shown to correlate with wall expansion rates and 

computed wall stress distributions within aneurysms (Xu et al., 2010, Nchimi et al., 2014, 

Sakalihasan et al., 2002). In addition, the uptake of both 18F-NaF and 18F-FDG has 

recently been spatially related to regions of low time-averaged WSS and high oscillatory 

shear stress conditions in the thoracic aorta (Caddy, 2018). Although 18F-FDG is the most 

commonly used radiotracer for imaging atherosclerosis (Bellinge et al., 2018) as it targets 

inflammatory cells with increased metabolic activity, imaging the coronary arteries with 

18F-FDG is challenging due to presence of high glucose metabolism in myocardium 

(Tarkin et al., 2014). 18F-NaF does not have significant myocardial uptake and 

consequently is superior to 18F-FDG for detection of coronary atherosclerotic lesions 

(Joshi et al., 2014). 

 

In conjunction with the work detailed in the previous chapters of this thesis, a framework 

for incorporating patient-specific modelling with geometric OCT data is further 

developed here. In Chapters 2 and 3, we established the 3D reconstruction methods 

suitable for resolving coronary artery WSS to the fidelity of the geometric resolution 

provided by the OCT image data. In Chapter 4, we characterised the model boundary 

condition and domain size sensitivity of these coronary artery haemodynamics models. 

This Chapter presents a pilot study, the first of its kind, where the coronary OCT (and 

CCTA) based modelling framework is integrated with the uptake of 18F-NaF measured 

on PET/CT. Our hypothesis is that regions of pathophysiological WSS occur in regions 

of elevated 18F-NaF PET uptake and/or OCT biomarkers of disease. In addition, we 

investigate how the haemodynamic modelling results and relationships with plaque 

morphology change with the modelled blood viscosity and flow rates when these 

variables become dependent on the patient’s HCT (Formaggia et al., 2009) and LVM 

(Choy and Kassab, 2008) in OCT derived geometries. Therefore, the ultimate aim of this 

study is to determine if CFD model estimations of WSS provide additional insight into 

coronary artery disease when combined with multi-modal plaque characterisation, as well 

as determine whether or not there are shared relationships between the WSS and plaque 

characteristics on 18F-NaF PET/CT and OCT. The expectation is that the haemodynamic 

metrics analysed should have similar relationships to the disease measured on both OCT 

and 18F-NaF PET/CT.  
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METHODS 

Medical Image Reconstruction for CFD (OCT/CCTA) 

Following the methods presented in the previous chapters, eight patients selected from an 

ACS cohort (all males, aged 63.8 ± 10.7 y) had their coronary artery network 

reconstructed from coronary CT angiography (CCTA) images with an average pixel size 

of 446 µm (± 50), slice spacing of 600 µm and slice thickness of 800 µm. In addition to 

the 3D CT-lumen surface reconstruction and arterial centreline calculation, the LV 

volume was measured on the CCTA. These operations were performed using Mimics v20 

(Materialise, Belgium), and the LVM estimation followed previous work which assumed 

a myocardial density of 1.05 g/cm3 (Cain et al., 2009). In each patient, the major coronary 

arteries were reconstructed from OCT image sets (10 – 15 µm pixel size), with a total of 

four LAD, four LCx and two RCA geometries obtained from the eight patients after 

excluding stented vessels. The ten OCT pullbacks were 5.4 cm in length, decomposed 

into 270 images (~200 µm image-spacing), acquired using Dragonfly OPTIS imaging 

catheters (St. Jude Medical, St. Paul, MN, USA) and registered along the CCTA-derived 

arterial centrelines. The mapping of the OCT geometry and subsequent features to CCTA 

centrelines was performed using rigid registration following Chapter 3, resulting in 

reliable, high-fidelity reconstructions of each lumen. As before, the OCT geometries were 

merged with the CCTA to include all visible, major branching vessels to improve the 

estimation of WSS in the vicinity of the branches (Li et al., 2015). The shoulders and 

bifurcating regions at the branch locations were reconstructed from the OCT images (as 

per Chapter 3) and their orientation served as landmarks guiding the orientation of the 

OCT-lumen contours along the vessel centreline obtained from CCTA (Figure 5.3) (Li et 

al., 2015, Kelsey et al., 2017b, Tu et al., 2013). 
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Figure 5.3: OCT slices (salmon) mapped to a CCTA-derived centreline (yellow). A) An 

OCT image with a control point present at a branch location. The control point is used for 

branch alignment during 3D-registration. Note that the contour represents the parent 

vessel and does not include the branch shoulder. B) The registration and (initial) 

alignment of the OCT contours to the CCTA-derived centreline (at the branch location 

shown in A). Linearly interpolated longitudinal and angular displacement corrections are 

used for cases with two or more landmarks/control points. Note: the contours are 

individually meshed (thickened) for visual clarity. C) The OCT contours (and control-

points) are realigned towards the OCT camera path (grey) (pivoting about its location), 

as the camera path tangent may deviate from the centreline tangent. The OCT camera 

path is locally interpolated/smoothed to overcome discrete errors in its position: i.e. the 

OCT-centroid of the parent vessel may disagree with the (assumed true) CCTA parent 

vessel centreline at branch locations. The contours are shifted to account for any 

corrections/changes made to the camera path before realignment (pivoting). D) The OCT 

parent vessel lumen with a swept mesh (connecting adjacent contours) and other entities 

during registration. Note: if the OCT camera path were to be non-physical and/or the OCT 

geometry highly warped or invalidated (e.g. intersecting contours) after the initial 

alignment or realignment processes then the geometry would not be included in the study. 
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Figure 5.4: Reconstructed (CCTA-registed) OCT geometries (with branches derived from 

OCT and/or CCTA). A) RCA (Patient 1); B) LAD (Patient 2); C) LCx (Patient 2); D) 

RCA (Patient 3); E) LCx (Patient 4); F) LAD (Patient 5); G) LAD (Patient 6); H) LCx 

(Patient 6); I) LAD (Patient 7); J) LAD (Patient 8). LAD = Left Anterior Decending; LCx 

= Left Circumflex; RCA = Right Coronary Artery. 

 

Plaque Characterisation (OCT)  

The plaque features were characterised for each slice of the OCT pullbacks using the 

programmed methods developed in Chapter 3 of this thesis (Figure 5.5), following 

existing practices for quantifying OCT biomarkers (Tian et al., 2014, Kato et al., 2013, 

Kawata et al., 2011). OCT lipid and (superficial) calcium arcs are recorded, as they have 

been used in previous studies to quantify relationships with WSS (Yamamoto et al., 

2017). In addition to thrombus, the current work also includes the quantification of 

plaque-free wall (PFW) (arcs), due to its utility and clear presentation on OCT 

     A                                                                B                                                             C 

D                                                  E                                           F                                             G 

     H                                                                I                                                             J 
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(Hoogendoorn et al., 2016). Furthermore, the focal plaque features recorded on OCT were 

bright spots (macrophages (Phipps et al., 2015)), thin fibrous cap locations, cholesterol 

crystals (CC) and micro-channels (MC). Lipid plaques associated with bright spots (BS) 

and/or thin fibrous cap sections (TCFA) were considered to be high-risk plaques. 

 

Figure 5.5: Examples of the different plaque features marked on OCT (left; A – F) and a 

representation of locations with both lipid and bright spot burden (in blue) mapped to an 

arterial lumen (right). A) Superficial calcium arc (red); B) Lipid arc (blue); C) Plaque-

free wall arc (yellow); D) Lipid arc with a fibrous cap section (yellow-points) (TCFA); E) 

Bright spots (blue-points); F) Cholesterol crystals (cyan-points). The plaque features are 

presented here in isolation to one another, while there are multiple features each image. 

 

18F-NaF PET Acquisition and Processing 

The 18F-NaF PET acquisition, processing and analysis methods have been previously 

described by Bellinge et al. (2019). Within four weeks of hospital discharge, participants 

underwent 18F-NaF PET. They were injected with 250 MBq of 18F-NaF and rested for 

an hour before imaging. An attenuation-correction CT scan was performed (120 kVp, ref. 

mAs = 50) followed by 10 minutes of free-breathing PET acquisition using a Siemens 
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Biograph mCT 64 PET/CT scanner. The PET images were taken using a list-mode 

acquisition with prospective electrocardiograph (ECG) gating. In the two weeks 

following the PET imaging an ECG-gated, end-expiratory CCTA was performed. If 

required, subjects were pre-treated with oral beta-blocker therapy to obtain a heart rate 

<65 bpm during the imaging processes. 

 

The diastolic PET images, representing 50–75% of the cardiac cycle, were fused with the 

CCTA images and analysed by an experienced independent observer using Siemens 

Syngo.via VB10B (Dr. Jamie Bellinge, Royal Perth Hospital). Following previous work, 

the coronary artery 18F-NaF PET analysis was performed by drawing regions of interest  

around the adventitial border of major coronary arteries on 3mm axial slices (Joshi et al., 

2014) (Figure 5.6). The maximum radiotracer activity in each region of interest was 

recorded and adjusted for blood pool activity by measuring the mean activity within the 

right atrium, resulting in the tissue-to-background ratio (TBR). 

 

 

 

Figure 5.6: A region of interest used to compute a segment’s 18F-NaF PET activity. 

Presented here on a single slice. 
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Multimodal Plaque Quantification 

The CFD metrics and OCT biomarkers were compared with one another on a site-specific 

basis. To do this, the location of the luminal arcs defining the various plaque 

morphologies and the focal plaque characteristics were interpolated on to the luminal 

geometry used to perform the CFD solution. For determining the coexistence of plaque 

features, the luminal distance to BS, CC, and other focal characteristics were stored at the 

luminal boundary. At the site-specific level, the coexistence of two arc-based plaque 

features is considered to be the intersection of the luminal arcs. Focal plaque features 

were mapped to the lumen by implementing a distance threshold of 1 mm. That is, 

sections of the luminal arcs (lipid or calcium) were considered to coexist with focal plaque 

features if they were within 1 mm of one another.  

 

In the CFD domain, a trained cardiologist (Dr. Kamran Majeed, Royal Perth Hospital) 

separated the arterial geometries into segments following the model used to collect the 

18F-NaF PET data (Leipsic et al., 2014). This process was limited to the major coronary 

artery segments (above 2 mm in diameter). On these segments, the CFD metrics were 

compared with segment-maximum 18F-NaF TBR, as well as the luminal surface area 

characterised by the arc-based OCT biomarkers (lipid, calcium, PFW), and the 

accumulated number of focal OCT plaque features. Incomplete arterial segments were 

exempt from analysis, and the results were considered both with and without segment 5 

(LM), due to the uncertainty of reduced-domain CFD analysis close to the aortic root 

(refer to Chapter 4 of this thesis) (Figure 5.7). However, all segments were included when 

the CFD metrics are compared across to the PET and OCT biomarkers for the whole 

OCT-derived geometry. To account for the variance in geometry/segment sizes, arc 

burdens are expressed as percentages of luminal surface area, while focal features were 

expressed in terms of average number of features per OCT image, for each segment. The 

haemodynamic metrics were assessed similarly, with low and high areas of WSS 

magnitude (WSSmag < 0.4 Pa; WSSmag < 1 Pa; WSSmag > 2.5 Pa) measured as a percentage 

of luminal surface area. The surface average of WSSmag, WSSGmag and the surface 

standard deviation (sd.) of WSSmag were also recorded. In addition to these metrics, the 

(steady-state, ‘average’) helicity intensity (Hi) in the segment and artery volumes were 

assessed, following Equation 5.1, where u⃗  is the fluid velocity vector and V is volume: 

 Hi=
1

V
∫|u⃗  ∙ (∇ × u⃗⃗ )| dV

.

V

 (5.1) 
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Figure 5.7: Coronary artery segment map modified to show only the segments analysed 

in this study (centre) (Leipsic et al., 2014); segments (red=1, green=2, blue = 3 

(incomplete on OCT pullback)) mapped to the RCA OCT lumen surface (left); segments 

(red=5, green=6, blue=7) mapped to an LAD OCT lumen surface (right).  

 

Numerical Modelling (CFD) 

The walls of the arteries were characterised by a no-slip, rigid wall boundary condition 

(Steinman et al., 2013, Torii et al., 2009, Kousera et al., 2014, Kelsey et al., 2017a) and 

the Navier-Stokes momentum and continuity equations were solved using the steady, 

segregated flow solver within STAR-CCM+ v12.06 (Siemens), using a finite-volume 

(FV) discretisation and second-order upwind convection scheme.  

 

Viscosity Models 

For each of the ten OCT geometries, the blood flow was solved as an isothermal, laminar, 

incompressible fluid with density of 1050 kg/m3, using two different generalised-

Newtonian viscosity (μ) models: Carreau-Yasuda and Quemada (Quemada, 1981, Cho 

and Kensey, 1991). The Carreau-Yasuda and Quemada methods model the non-

Newtonian shear-rate (γ') dependence of blood’s viscosity. The Carreau-Yasuda model 

used here is widely implemented (Formaggia et al., 2009, Cho and Kensey, 1991) and 

was determined from data taken from human and canine samples with HCT values 

ranging from 0.33–0.45 (Equation 5.2): 
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where, 

μ
0
= 56 mPa·s, μ

∞
= 3.45 mPa·s, λ = 1.902 s, n = 0.22, a = 1.25. 

 

The infinite shear-viscosity of the Carreau-Yasuda model is similar to the commonly used 

constant Newtonian viscosity of 0.0035 Pa·s (Vergallo et al., 2014). Quemada considered 

that the red blood cell (RBC) and RBC-protein interactions underpinning the rheological 

behaviour of blood may be expressed by a viscosity equation depending primarily on the 

concentration of RBC: HCT, as well as the intrinsic viscosity values at the γ' = 0 and γ' =

 ∞, K0 and K∞, a critical shear-rate γ
c
' , and the plasma viscosity μ

plasma
 (Equation 5.3). 

 

where, 

μ
plasma

= 1.2 mPa·s, K0= 4.33, K∞= 2.07, γ
c
' = 1.88 (Formaggia et al., 2009, 

Schmid-Schonbein and Wells, 1971). 

 

Previous work demonstrated that the Quemada model inputs may be reduced to two 

parameters (HCT, μ
plasma

) by fitting K0, K∞ and γ
c
'  to HCT dependent viscosity data 

(Gashi et al., 2017). However, the parameters used here were fitted to shear-rate 

dependent viscosity data taken from blood samples with 45% HCT (Formaggia et al., 

2009, Schmid-Schonbein and Wells, 1971). In this, the plasma viscosity was fixed to 1.2 

mPa·s; falling within the normal range of 1.10 – 1.30 mPa·s, independent of age and 

gender (Kesmarky et al., 2008). The simulations performed in this chapter using the 

Quemada model depend solely on the patients’ HCT (measured on the day of OCT image 

acquisition). In Figure 5.8, the viscosity models are compared to measured viscosity-HCT 

data (Schmid-Schonbein and Wells, 1971). Unfortunately, there are no data available at 

very high shear rates as the cells lyse. The Quemada model agrees well with the measured 

data at its upper limit (Schmid-Schonbein and Wells, 1971), beyond which the viscosity 

 μ(γ') = (μ
0
-μ

∞
)(1+(λγ')a)

n-1
a +  μ

∞
 (5.2) 

 μ(γ') = μ
plasma

∙

(

 
 
 

1-
1

2
HCT∙

K0+K∞∙√
γ'

γ
c
'

1+√
γ'

γ
c
'

)

 
 
 

-2

 (5.3) 
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values are expected to converge (γ'>225) (Gnasso et al., 1996). The viscosity values of 

the Quemada model converge to between 3.2 and 4.6 mPa·s for normal HCT values, 

ranging from 0.35 to 0.45 (Kim et al., 2009), falling within the expected range of 

viscosities (Formaggia et al., 2009, Gnasso et al., 1996, Mehri et al., 2018) and within 4% 

of μ(225). Note that, at 40% HCT, there is also agreement with the constitutive equation 

for whole human blood (Figure 5.8) proposed by Walburn and Schneck used in the 

PREDICTION Study to determine a constant viscosity for an estimated average shear-

rate (Coskun et al., 2003, Walburn and Schneck, 1976). This method also includes HCT 

dependency, but does not have an infinite shear-rate viscosity and is therefore subject to 

error when higher shear-rates are locally modelled.   

 

Figure 5.8: Comparing the viscosity models with a range of experimental data (Schmid-

Schonbein and Wells, 1971). Viscosity increases when HCT increases. It is clear that 

there is significant variation between the different models, as well as between the models 

and the presented experimental data. However, there is agreement at higher shear-rates, 

primarily when HCT is 40%. 

 

Inlet Flow Rates 

The geometries were simulated for two flow rate conditions, a fixed flow rate of 1.5 mL/s 

and a flow rate determined from the patient’s LVM. The fixed flow rate was chosen based 

on the rationale that approximately 5% of aortic flow feeds the coronary artery network 

(Kim, 2009, Berne and Levy, 2001) via three major coronary arteries. Therefore, it may 

be reasonably assumed that for an average (male) with a LV stroke volume (SV) of 78 

mL (ages 61–70 (Cain et al., 2009)) and resting heart rate (HR) of 70 bpm (ages > 60 
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(Jensen et al., 2013, Johansen et al., 2013)), that major coronary vessel flow (Qv) may be 

approximated by Equation 5.4 (omitting variability in coronary artery calibre). 

 

 

 

For a more sophisticated estimation of coronary artery flow, the power law relationship 

between coronary artery flow and LVM follows Equation 5.5 (R2 = 0.97; p < 0.001) 

(Choy and Kassab, 2008): 

The constant is determined to be 0.1 mL/s/g3/4 here, inferring total coronary flow from 

human HR (Jensen et al., 2013, Johansen et al., 2013), SV and LVM data (Cain et al., 

2009) and a coronary-aortic flow fraction of 5%. For the cohort-average LVM of 160g, 

the total coronary flow (all vessels) is computed as 4.5 mL/s; coincidentally equal to the 

value used to determine the fixed-flow rate (1.5 mL/s per major vessel: 4.5/3). However, 

unlike the fixed flow rate approach, each of the simulations performed using the LVM-

dependent flow rate set the inlet flow rate according to the ratio of luminal cross-sectional 

areas (Av), measured on OCT; i.e.: 

 

This is based on the morphological power-law relationship between diameter and flow, 

Q α d
b
, in major coronary arteries, which is much closer to d

2
, as opposed to Murray’s 

law (d
3
) (Choy and Kassab, 2008, Zamir et al., 1992): inferring that each vessel receives 

the same mean velocity. In all simulations the outlet boundary flow rates were also 

determined using this relationship for the ratio of outlet areas. This is applicable as the 

model domains were limited to the major coronary arteries, following the reduced domain 

modelling approach presented in Chapter 4. 

 

 Q
v
 ≅ 

1

3
(

5

100
∙SV∙

HR

60
)= 1.51 mL/s (5.4) 

 Q = Const.∙(LVM)
3/4

 (5.5) 

 QLAD=
ALAD

ALAD+ALCx+ARCA
(0.1∙(LVM)3/4) (5.6) 
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Meshing 

The mesh generation followed the practices used throughout previous chapters, where the 

spatial discretisation was considered satisfactory when the grid convergence index (GCI) 

(Roache, 1994) of key solution variables indicated that the variables were within 5% of 

the estimated asymptotic solution (Kelsey et al., 2017a, Doyle et al., 2014, Kelsey et al., 

2017b).  Here the GCI was determined for the average and maximum WSS magnitude 

measured on the OCT-derived surface(s), the pressure at the domain inlet and the sum of 

velocity magnitude at probes throughout the domain, using solutions performed at 

increasing levels of uniform refinement. The core FV meshes used a polyhedral mesh due 

to their high connectivity and fast convergence times (~14 faces per cell). However, if a 

solution failed to obtain satisfactory convergence, i.e. absolute domain-RMS continuity 

and momentum residual values below 10-12, a trimmed hexahedral mesh is implemented 

to improve the quality of the volumetric mesh, as its performance is not directly 

influenced by surface features. In all instances, the near-wall regions were meshed with 

anisotropically refined prismatic cell-layers, with all suitable meshes containing 12 

prismatic layers. For all simulations the mean final computational cell count was 1.4 ± 

0.56 million. Simulations were meshed and run on up to 512 cores of Magnus, a Cray 

XC40 Series Supercomputer (Pawsey Supercomputing Centre, Perth, Western Australia). 

The process of generating the computational meshes and obtaining the steady-state 

solution for consecutive levels of mesh refinement was automated and executed in less 

than 20 minutes for each case. 

 

 

Figure 5.9: Example of automatically generated (core) 14-sided polyhedral (left) and 

(core) trimmed hexahedral (right) mesh cross-sections with prismatic boundary layer 

meshes (meshes are unique for different geometries and flow rates).  
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RESULTS AND DISCUSSION 

Feature-Burden and Geometric Analysis 

In each of the ten arteries (2594 OCT images in total) lipid-rich lesions and superficial 

calcium nodules were measured. Regions containing lipid and BS were present in every 

artery. However, PFW and TCFA were only present in seven and three of the ten arteries, 

respectively. No thrombus was measured in any artery. Table 5.1 shows burden 

measurement data. The feature measurements described here only consider the vessels 

with a given feature: ignoring zero values. On average, about 20% of artery surface area 

was marked as lipid; 10% as calcium; 11% as PFW; 5% as lipid and BS combined; and 

7% as TCFA. For the point-based features, only BS were present within all arteries, while 

CC and MC were present in six and eight arteries, respectively. Furthermore, BS were 

present in the highest densities (points per image). Over the ten arteries the average BS 

density was 1.34 ± 1.04 (mean ± sd.). The rates of occurrence of CC and MC were much 

lower. Over the 6 arteries with CC, the average density was 0.24 ± 0.23, while for the 8 

arteries with MC the average density was 0.16 ± 0.12. 

 

Table 5.1: Feature burdens. Feature area burdens are presented as a percentage of the total 

lumen area. For point features, their densities report the average number of (feature) 

points per OCT image (slice). n represents the number of arteries in the sample space. 

Each artery reconstruction spans approximately 240–270 OCT images. 

 

On each OCT image the luminal minimum diameter, maximum diameter, cross-sectional 

area and circumference are measured. The lumen eccentricity is then stored as the ratio 

of the maximum and minimum diameter. After taking the mean value of each OCT-

pullback from measurements on each image (OCT-mean) for all ten arteries, the average 

(± sd.) data are shown in Table 5.2. In this work, the mean arterial eccentricity varied the 

least from vessel to vessel. 

 

 

Feature Burdens Min Mean ± Sd. Max n 

Lipid Area (%) 6.41 19.5 ± 13.3 47.0 10 

Lipid & BS Area (%) 0.80 5.30 ± 3.62 11.3 10 

Calcium Area (%) 1.01 9.26 ± 8.36 31.2 10 

TCFA Area (%) 2.59 6.92 ± 3.83 11.9 3 

PFW Area (%) 0.63 10.7 ± 11.8 37.0 7 

BS Density (#BS/image) 0.17 1.34 ± 1.04 3.69 10 

CC Density (#CC/image) 0.02 0.24 ± 0.23 0.71 6 

MC Density (#MC/image) 0.01 0.16 ± 0.12 0.40 8 
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Table 5.2: Cohort whole-artery geometric characteristics. The mean arterial eccentricity 

varied the least from vessel to vessel. The mean arterial cross-sectional area varies the 

most (highest coefficient of variation: sd./mean). Sd. = Standard deviation. n = Number 

of arteries in the sample space.  

 

After CFD meshing was performed, these OCT-based geometric measurements were 

mapped, along with the stored plaque features, to the surfaces of the 3D-geometries used 

to compute the CFD solutions. The surface averages of these quantities were calculated 

for each arc-based feature and are presented in Table 5.3. Across all arteries, the surface 

average (± sd.) luminal cross-sectional area was 8.32 ± 3.14 mm2 at sites of lipid; 8.80 ± 

4.57 mm2 at sites of lipid and BS; 7.94 ± 3.03 mm2 at sites of calcium; 7.76 ± 2.50 mm2 

at sites of PFW; 9.03 ± 0.90 mm2 at sites of TCFA.  

 

Comparing these average vessel cross-sections at feature sites to the average arterial 

cross-sections, the relative cross-section at sites of lipid was -7.04%; at sites of calcium -

11.2%; at sites of PFW +3.02%; at sites of lipid-with-BS -5.04%; and at sites of TCFA -

6.85%. These feature-values are weighted according to the luminal surface area occupied 

by the feature in each vessel (sample). That is, if a vessel contains less of a given feature, 

the resulting (weighted) average changes less than for a vessel with more of that feature. 

Furthermore, the surface average, area-weighted, eccentricity was 1.28 at sites of lipid; 

1.23 at sites of lipid-with-BS; 1.25 at sites of calcium; 1.18 at sites of PFW; 1.41 at sites 

of TCFA (Table 5.4). 

 

We found that TCFA occurred in regions of vessels (n=3) with a high degree of average 

luminal eccentricity (n=2) and mild reductions in (average) cross-sectional area. Sites of 

lipid and lipid-with-BS occurred in vessels (n=10) where there were mild reductions in 

(average) cross-sectional area and slightly above average luminal eccentricity. Sites of 

calcium occurred where there were larger reductions in cross-sectional area and the 

vessels were eccentric. PFW occurred in vessels (n=7) at regions where the eccentricity 

was below average and the (average) cross-sectional was slightly greater than the vessel 

average. 

Lumen Characteristics Min Mean ± Sd. Max n 

Cross-sectional Area (mm2) 4.76 8.94 ± 3.00 15.80 10 

Minimum Diameter (mm) 2.22 2.96 ± 0.47 3.91 10 

Surface Area (mm2) 381 534 ± 109 778 10 

Circumference (mm) 7.63 10.45 ± 1.80 14.10 10 

Eccentricity (mm/mm) 1.15 1.22 ± 0.06 1.35 10 
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Table 5.3: Cohort feature-specific geometric characteristics. Note that the location of 

features within the vessels is not taken into account here. The feature characteristics are 

averaged for each vessel before averaging is performed across the cohort (as well as min 

and max operations). Sd. = Standard deviation. n = Number of arteries in the sample space 

used for cohort averaging. The feature cross-sectional area normalised by the artery-

average value is displayed in Table 5.4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Feature Characteristics Min Mean ± Sd. Max n 

Lipid     

    Cross-sect. Area (mm2) 4.59 8.32 ± 3.14 15.8 10 

    Min. Diameter (mm) 2.04 2.83 ± 0.53 3.95 10 

    Circumference (mm) 7.68 10.1 ± 1.93 14.3 10 

    Eccentricity (mm/mm) 1.15 1.25 ± 0.08 1.38 10 

Lipid & BS     

    Cross-sect. Area (mm2) 4.54 8.80 ± 3.78 18.2 10 

    Min. Diameter (mm) 2.05 2.89 ± 0.59 4.11 10 

    Circumference (mm) 7.28  10.2 ± 2.31 15.5 10 

    Eccentricity (mm/mm) 1.11 1.21 ± 0.08 1.35 10 

Calcium     

    Cross-sect. Area (mm2) 3.98 7.94 ± 3.03 12.7 10 

    Min. Diameter (mm) 1.83 2.73 ± 0.55 3.53 10 

    Circumference (mm) 7.03 9.84 ± 1.95 12.7 10 

    Eccentricity (mm/mm) 1.06 1.26 ± 0.12 1.55 10 

TCFA     

    Cross-sect. Area (mm2) 7.82 9.03 ± 0.90 9.98 3 

    Min. Diameter (mm) 2.51  2.95 ± 0.34 3.34 3 

    Circumference (mm) 10.6 10.9 ± 0.27 11.2 3 

    Eccentricity (mm/mm) 1.11 1.34 ± 0.18 1.56 3 

PFW     

    Cross-sect. Area (mm2) 4.43 7.76 ± 2.50 11.5 7 

    Min. Diameter (mm) 2.26 2.80 ± 0.38 3.38 7 

    Circumference (mm) 7.39 9.80 ± 1.71 12.1 7 

    Eccentricity (mm/mm) 1.08 1.19 ± 0.08 1.35 7 
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Table 5.4: Cohort feature-specific area-weighted eccentricity and area-weighted relative 

cross-sectional area. Compared with Table 5.3, the mean values presented here take into 

account the feature burden per-vessel (luminal area). Note: for a given sample the relative 

cross-sectional area (CSA) of a feature is determined to be equal to (CSAfeature-avg ÷ 

CSAarterial-avg. – 1) × 100%. n = Number of arteries in the sample space used for averaging.  

 

On average, the cross-sectional areas at feature sites were near to or below the artery-

average value, with regions containing calcium being associated with a lower average 

cross-sectional area than the high-risk plaque features. The average cross-sectional areas 

are explained by the location with which these features occurred in the coronary artery 

vasculature. In the case of PFW, for all OCT-pullbacks, only 20.6% of its total area was 

within the proximal segments of the coronary vascular tree (segments 1, 5, 6 and 11 

(Figure 5.7)). In the absence of stenosis, due to its distal specificity, a lower average cross-

sectional area is expected; distal vessels are narrower than proximal vessels (after 

bifurcations). On the other hand, the high-risk features of lipid, lipid and BS, and TFCA, 

predominantly occurred within the proximal segments. Note that, 49.0% of the total 

lumen surface area (of all arteries) was within these proximal segments (1, 5, 6, and 11), 

while the remaining 51.0% were within the more distal segments 2, 3, 7, 8 and 13 (Table 

5.5). 58.5% of all lipid (marked luminal-surface-area) was within the proximal segments 

of the coronary arteries, while for regions containing lipid-with-BS it was 66.4%. For 

TFCA the value was the greatest, at 74.4%. For calcium, only 30.1% was within the 

proximal segments (Table 5.6).  

Feature Characteristics Min Meanw Max n 

Lipid     

    Rel. Cross-sect. Area (%) -24.3 -6.04 2.81 10 

    Eccentricity (mm/mm) 1.15 1.28 1.38 10 

Lipid & BS     

    Rel. Cross-sect. Area (%) -20.8 -4.15 15.5 10 

    Eccentricity (mm/mm) 1.11 1.23 1.35 10 

Calcium     

    Rel. Cross-sect. Area (%) -35.8 -12.9 12.6 10 

    Eccentricity (mm/mm) 1.06 1.25 1.55 10 

TCFA     

    Rel. Cross-sect. Area (%) -9.36 -6.85 -4.13 3 

    Eccentricity (mm/mm) 1.11 1.41 1.56 3 

PFW     

    Rel. Cross-sect. Area (%) -26.9 3.27 24.5 7 

    Eccentricity (mm/mm) 1.08 1.18 1.35 7 
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Table 5.5: Number of segments and their contributions to total surface area. n = Number 

of segments of a given segment ID. The proximal segments (1, 5, 6 & 11) are shaded. 

 

 

 

 

 

 

 

 

 

 

 

Table 5.6: The total area distribution of features for all modelled arterial segments: the 

percentage of the total (cohort ⅀) feature area was obtained from segment(s) of a given 

ID. This is not the average percentage burden of a segment. n = Number of segments of 

a given segment ID. Lip = Lipid; L&BS = Regions containing both lipid and BS. The 

proximal segments (1, 5, 6 & 11) are shaded. 

 

Furthermore, after averaging the point-marker densities (average points-per-image) for 

each segment (Table 5.7), it was found that the average BS density of the proximal arterial 

segments was 276% of (or 176% greater than) the average value of the distal segments. 

For CC the average proximal density value was 63.8% of the average distal value and for 

MC the average proximal density value was 37.0% of the average distal value. The site-

specificity of high-risk plaque features agree with previous work (Konstantinos et al., 

2012). 

 

Segment Total Surf. Area (%) n 

1  10.3 2 

2  8.3 2 

3 3.9 1 

5  2.3 1 

6 8.5 2 

7 12.0 4 

8 11.7 2 

11  28.0 4 

13 15.2 2 

All 100 20 

Segment Lip (%) L&BS (%) Calc (%) TCFA (%) PFW (%) n 

1 21.7 23.0 4.05 24.8 1.3 2 

2 8.4 7.1 29.3 11.7 17.4 2 

3 6.6 4.6 5.0 13.9 7.9 1 

5 3.8 5.2 0.5 0 0 1 

6 17.8 26.8 11.5 49.6 2.8 2 

7 7.4 4.8 21.6 0 7.1 4 

8 5.2 5.6 10.2 0 4.1 2 

11 15.2 11.4 14.2 0 16.5 4 

13 13.9 11.5 3.7 0 42.8 2 

All 100 100 100 100 100 20 
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Table 5.7: Segment-averaged point marker densities (ρ). (#/image = average points-per-

image). n = Number of segments of a given segment ID. These results present the average 

value of the point densities for the images belonging to a given segment ID. The proximal 

segments (1, 5, 6 & 11) are shaded. 

 

Influence of Flow and Viscosity on Haemodynamics 

In the following section, the segment specific and feature-site-specific haemodynamic 

quantities obtained using the four different simulation methods are investigated. In order 

of the degree of patient-specificity, the simulations are referred to here as: 

A. LVM & HCT dependent: simulations with a LVM dependent flow rate and a HCT 

dependent viscosity (Quemada). 

B. LVM dependent: simulations with a LVM dependent flow rate and a fixed 

viscosity function (Carreau-Yasuda). 

C. HCT dependent: simulations with a fixed flow rate and a HCT dependent viscosity 

(Quemada). 

D. Fixed flow and fixed viscosity: simulations with a fixed flow rate and a fixed 

viscosity function (Carreau-Yasuda). 

 

Figure 5.10 presents the average arterial WSS (magnitude) and WSSG (magnitude) 

values, estimated using the four simulation methods for each patient. When comparing 

the four simulations methods, it can be seen that the surface average WSS magnitude and 

WSSG magnitude results respond similarly to the changes in flow and viscosity. In most 

instances, particularly cases 1 and 4, the flow rate has the greatest influence on these 

average results, however, in case 10 the viscosity is the cause of the discrepancy (Table 

5.8). The LVM dependent flow-rates for cases 1 and 4 were 2.23 ml/s and 2.24 ml/s, 

respectively, whereas the average (±sd.) flow rate used by simulation approaches A and 

B was 1.70 ± 0.40 ml/s: 12.6% greater than the fixed flow rate used by simulation 

Segment ρBS (#/image)  ρCC (#/image) ρMC (#/image) n 

1 2.01 0.05 0 2 

2 1.55 0.13 0.30 2 

3 0.71 0.06 0.04 1 

5 3.81 0.26 0 1 

6 4.88 0.08 0.12 2 

7 1.12 0.11 0.12 4 

8 1.08 0.56 0.31 2 

11 0.62 0.06 0.13 4 

13 0.67 0 0.06 2 
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approaches C and D. In case 10, due to the high HCT (0.5), the HCT-dependent viscosity 

values (A, C) were approximately 50% greater than the Carreau-Yasuda viscosity values 

(B, D) (Table 5.8). The average (±sd.) viscosity at the artery wall was 3.87 ± 0.80 cP for 

approach A; 4.09 ± 0.32 cP for approach B; 3.89 ± 0.77 cP for approach C; and 4.15 ± 

0.38 cP for approach D. Furthermore, the average (±sd.) wall shear-rates were 402 ± 253 

/s, 393 ± 243 /s, 345 ± 205 /s and 341 ± 203 /s for approaches A, B, C and D, respectively. 

These closely follow the differences in flow-rate as the change in shear rates were 

approximately 14–15% lower for methods C and D, compared with A and B. 

 
Figure 5.10: OCT-Averaged WSS and WSSG magnitude for each case estimated using 

all four simulation methods. A) LVM & HCT dependent; B) LVM dependent; C) HCT 

dependent; D) Fixed flow & fixed viscosity. 
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Table 5.8: The LVM dependent flow value (Q) for each simulated geometry (used in 

approaches A and B), the HCT values (used in approaches A and C) and the average 

dynamic viscosity (µ) of the cells adjacent to the OCT-derived lumen surface in each of 

the simulation methods (A, B, C and D). 

 

Figure 5.11 presents the coefficient of variation (CV) of WSS magnitude for each case – 

obtained by dividing the surface standard-deviation of WSS magnitude by the surface 

average of WSS magnitude. The changes in the WSS fields were quite uniform and 

proportionate to the changes in flow-rate and viscosity, with the CV of WSS across the 

OCT arterial surfaces similar for each simulation method (< 5% different, on average) 

(Table 5.9). 

Figure 5.11: The CV of WSS magnitude for the OCT surface of each reconstructed artery 

estimated using all four simulation methods. A) LVM & HCT dependent; B) LVM 

dependent; C) HCT dependent; D) Fixed flow & fixed viscosity. 

Case Q (A,B)  HCT (A,C)  µwall (A) µwall (B) µwall (C) µwall (D) 

1 2.23 ml/s 0.36 3.43 cP 4.07 cP 3.58 cP 4.15 cP 

2 1.27 ml/s 0.37 3.66 cP 4.23 cP 3.63 cP 4.17 cP 

3 1.61 ml/s 0.37 3.73 cP 4.33 cP 3.75 cP 4.37 cP 

4 2.24 ml/s 0.36 3.30 cP 3.78 cP 3.38 cP  3.94 cP 

5 1.80 ml/s 0.41 4.14 cP 3.91 cP 4.19 cP 3.96 cP 

6 1.58 ml/s 0.37 3.44 cP 3.74 cP 3.45 cP 3.81 cP 

7 1.90 ml/s 0.35 3.29 cP 4.06 cP  3.35 cP  4.21 cP 

8 2.04 ml/s 0.35 3.49 cP 4.90 cP  3.59 cP 5.16 cP 

9 0.94 ml/s 0.4 4.08 cP 4.04 cP 3.95 cP 3.86 cP 

10 1.38 ml/s 0.5 6.13 cP  3.84 cP 6.09 cP 3.82 cP 
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Figure 5.12 compares the volume-averaged helicity intensities of the computational cells 

in the interior of the OCT-derived arterial surfaces. Compared with the surface averages 

of WSS magnitude and WSSG magnitude, the volume-averages of helicity intensity are 

not as strongly influenced by the changes in viscosity. Unlike WSS, helicity is less 

dependent on dynamic viscosity as it is not directly proportionate to the viscosity value 

and only varies due to changes in the velocity field. 

 

Figure 5.12: The volume-average of helicity intensity of the cells within the parent-vessel 

lumen where reconstructed from OCT estimated using all four simulation methods. A) 

LVM & HCT dependent; B) LVM dependent; C) HCT dependent; D) Fixed flow & fixed 

viscosity. 

 

Figure 5.13 compares the differences in areas of low and high WSS computed on the 

OCT-derived arterial surfaces. Furthermore, comparing Figures 5.10 to 5.13, it can be 

seen that the changes in surface average WSS magnitude are distributed similarly to the 

changes in the areas of WSS magnitude above 2.5 Pa (high WSS). For the areas of low 

WSS magnitude (<0.4 and <1 Pa) this is not the case. 
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Figure 5.13: The areas of low and high WSS magnitude on the OCT-reconstructed arterial 

surface estimated using all four simulation methods. A) LVM & HCT dependent; B) 

LVM dependent; C) HCT dependent; D) Fixed flow & fixed viscosity. 
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The changes in results presented here are further detailed in Table 5.9 with the raw 

averages presented in Table 5.10 and a qualitative comparison of an example case 

presented in Figure 5.14. With respect to simulation method A, simulation methods B, C 

and D were on average ± sd. (excluding outliers; Table 5.9): 

 3.05±13.7%, -7.19±30.7% and -5.13±29.6% different for average WSS 

magnitude. 

 0.56±10.9%, -7.37±35.1% and -7.52±33.6% different for average WSSG 

magnitude. 

 -5.56±9.23%, -22.7±38.7% and -26.7±40.7% different for average helicity 

intensity. 

 -13.6±15.3%, 20.5±40.8% and 3.24±38.5% different for area of WSS < 0.4 Pa. 

 -5.53±7.98%, 16.9±40.4% and 10.5±36.0% different for area of WSS < 1 Pa. 

 3.78±19.4%, -43.2±29.6% and 44.3±22.3% different for area of WSS > 2.5 Pa. 

 

In summary, the results for each simulation approach vary, highlighting the importance 

of patient-specificity. On average, for the variables considered (Table 5.9), the results of 

simulation method B were the closest to simulation method A: 4.86% different (in 

absolute terms), while simulations methods C and D differed by 17.0% and 14.4%. 

Furthermore, the mean surface-average WSS magnitude was 1.52, 1.50, 1.35 and 1.31 Pa 

for methods A, B, C and D, respectively, which are within the normal coronary artery 

WSS range: 1–2.5 Pa (Vergallo et al., 2014, Kumar et al., 2018).  
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Table 5.9: Changes in aggregate (surface-averaged; volume-averaged) results with 

respect to simulation method A. Simulation methods: A) LVM & HCT dependent; B) 

LVM dependent; C) HCT dependent; D) Fixed flow & fixed viscosity. µ = mean;                 

σ = standard deviation; ΔSA = change in surface area. Outliers (>µ+3σ) removed.  

*Average change in the areas of WSS < 0.4 Pa was 3203% when comparing methods B, C and D 

to A for case 10. Case 10 is the outlier for the areas of WSS < 0.4 and WSS < 1 Pa (see Figure 

5.13). For the areas of high WSS the outliers are case 2 and 9.  For average helicity intensity the 

outlier is 9. 

 

 

 

 

 

 

 B (%)  C (%) D (%) 

ΔWSS magnitude    

   Minimum -34.3 -42.4 -37.8 

   µ±σ 3.05±13.7 -7.19±30.7 -5.13±29.6 

   Maximum 14.7 64.5 61.3 

ΔWSSG magnitude    

   Minimum -29.8 -45.4 -42.7 

   µ±σ 0.56 ±10.9 -7.37±35.1 7.52±33.6 

   Maximum 9.26 75.3 71.5 

ΔCV    

   Minimum -8.49 -13.5 -21.0 

   µ±σ -1.93±5.36 -1.23±6.70 -3.64±10.2 

   Maximum 11.73 12.7 14.4 

ΔHelicity Intensity    

   Minimum -18.8 -62.7 -65.8 

   µ±σ -5.56±9.23 -22.7±38.7 -26.7±40.7 

   Maximum 15.6 56.6 44.1 

ΔSA:WSS<0.4 Pa    

   Minimum -31.0 -57.1 -57.9 

   µ±σ -13.6±15.3 20.5±40.8 3.24±38.5 

   Maximum 24.1 98.9 71.4 

ΔSA:WSS<1 Pa    

   Minimum -18.7 -58.1 -56.3 

   µ±σ -5.53±7.98 16.9±40.4 10.5±36.0 

   Maximum 10.5 99.7 77.3 

ΔSA:WSS>2.5 Pa    

   Minimum -42.1 -80.0 -74.5 

   µ±σ* 3.78±19.4 -43.2±29.6 44.3±22.3 

   Maximum 18.4 99.7 -1.26 



Chapter Five  Haemodynamics and Plaque Morphology 

185 

Table 5.10: Aggregate (surface-averaged; volume-averaged) results (min, mean, max) for 

all simulation methods: A) LVM & HCT dependent; B) LVM dependent; C) HCT 

dependent; D) Fixed flow & fixed viscosity; µ = mean; σ = standard deviation. 

 

 

 

 

 

 

Aggregate Results A B  C D 

WSS magnitude (Pa)     

   Minimum 0.45 0.52 0.40 0.47 

   µ±σ 1.52±0.94 1.50±0.88 1.35±0.88 1.31±0.75 

   Maximum 3.06 3.22 3.10 3.04 

WSSG magnitude (Pa/mm)     

   Minimum 0.44 0.48 0.41 0.47 

   µ±σ 1.91±1.28 1.84±1.21 1.64±1.15 1.57±0.96 

   Maximum 3.87 4.02 3.99 3.55 

Coefficient of Variation     

   Minimum 0.41 0.40 0.46 0.45 

   µ±σ 0.81±0.23 0.80±0.23 0.79±0.22 0.77±0.22 

   Maximum 1.29 1.27 1.28 1.27 

Helicity Intensity (m2/s2)      

   Minimum 0.55 0.44 0.45 0.36 

   µ±σ 6.49±6.77 6.22±6.42 4.43±4.09 4.29±4.00 

   Maximum 21.8 20.5 14.7 14.2 

SA:WSS<0.4 Pa (mm2)     

   Minimum 0.16 8.12 0.24 7.35 

   µ±σ 110±114 88.6±90.8 134±146 107±116 

   Maximum 346 302 470 396 

SA:WSS<1 Pa (mm2)     

   Minimum 34.4 93.0 26.6 102 

   µ±σ 300±181 298±164 325±205 322±188 

   Maximum 642 613 740 717 

SA:WSS>2.5 Pa (mm2)     

   Minimum 0.06 0.07 0.04 0.04 

   µ±σ 80.1±82.8 79.5±85.3 54.7±58.4 52.7±52.6 

   Maximum 254 272 170 164 
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Figure 5.14: Case 4 – WSS magnitude and helicity intensity for each simulation approach: 

A) LVM & HCT dependent; B) LVM dependent; C) HCT dependent; D) Fixed flow & 

fixed viscosity. The helicity intensity is clipped below the minimum value of the colour 

bar. The inlet flow rate is 2.24 ml/s in A and B, and 1.51 ml/s in C and D. The HCT value 

used by the Quemada viscosity model in A and C is 0.36. The viscosity model choice 

does not alter the results, but the inlet flow rate does. In each geometry the peak helicity 

occurs at the location of the Dean-vortices produced at the region of distal curvature.  
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Relating Markers of Disease to Haemodynamic Data 

For each of the four simulation methods, the derived haemodynamic data was correlated 

with disease markers from OCT at the feature level (site-specific), the artery segment 

level (segment-specific), and the whole artery level (artery-specific). Due to the low 

spatial image resolution of NaF-PET, data are only available/assessed at the segment and 

artery level. 

 

(i) Site-Specific: OCT-Features and Haemodynamic Analysis 

For each of the simulation methods, the WSS-dependent functions (introduced 

previously) were measured at sites of lipid, lipid with BS, calcium, PFW and TCFA.  The 

data sets were tested for normality with a Shapiro-Wilk test (alpha > 0.05), and compared 

using a paired t-test for normally distributed data and a paired Mann-Whitney U-test 

otherwise. As the WSS-dependent functions were also measured at the arterial level, the 

site-specific measurements were compared with the arterial result as a point of reference. 

The data sets at sites of TFCA were not included in this analysis (t-test, U-test) due to the 

low sample sizes (N=3). 

 

Comparing simulation method A with the other three methods, there were no statistically 

significant differences (alpha = 0.05) between the results of the WSS-derived statistics 

averaged over the sites containing lipid, lipid-with-BS, calcium or PFW. For example, 

comparing the surface-average WSS at the lipid sites in each vessel (N=10) (≈20% of 

lumen area; Table 5.1), the two-tailed p=0.84 for simulation approaches A and B; p=0.36 

for approaches A and C; and p=0.22 for approaches A and D. The results using simulation 

approach D were the least similar to A, as reasonably expected, as approach A included 

all patient-specific information in its estimations (HCT and LVM), while D included 

none. 

 

For simulation approach A, when comparing the lipid sites with the lipid-with-BS sites 

and calcium sites, there were no significant differences in the WSS-dependent functions. 

However, when comparing these data with the PFW sites, the following were found 

(Table 5.11): 

 The average WSS magnitude at lipid sites was significantly different to the 

average WSS magnitude at PFW sites: t-test two-tailed p=0.043. 

 The percentage surface area of calcium with WSS magnitude > 2.5 Pa was 

significantly different to the value for PFW: t-test two-tailed p=0.040. 
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Additionally, for simulation approach A, when comparing the results at the sites of 

marked features (disease and PFW) with the results for the whole artery (including 

features) the following differences were found (Table 5.11): 

 The average WSS magnitude at sites of PFW was significantly different to the 

artery average WSS magnitude: t-test two-tailed p=0.020 

 The CV of WSS magnitude at sites of lipid was significantly different to the artery 

CV of WSS magnitude: t-test two-tailed p=0.031 

 The CV of WSS magnitude at sites of calcium was significantly different to the 

artery CV of WSS magnitude: t-test two-tailed p=0.0017 

 

The differences in results for the marked OCT-features are shown in Figures 5.15 and 

5.16, and the weighted-average results are presented in Table 5.11 for simulation method 

A. Keeping in mind the limited sample size of the datasets, there are clear differences 

between the PFW and disease morphologies for WSS magnitude, CV of WSS magnitude, 

WSSG and high WSS area (>2.5 Pa). Other than the CV of WSS magnitude, the value of 

these functions were predominantly higher in the regions of disease. Areas of high WSS 

(> 2.5 Pa) were more than twice as prevalent in the diseased regions: likely attributable 

to the varying degrees of stenosis occurring at lesion locations, which incur higher WSS.  

 

Compared to the disease morphologies, the sites of PFW were, on average (Table 5.11), 

associated with higher percentage surface areas of WSS below < 1 Pa.  However, on 

average, the areas of very low WSS (< 0.4 Pa) were more present at regions of disease: 

13.9% of lipid area, 8.9% of lipid-with-BS area, 12.6% of calcium area, 16.3% of TCFA 

area and only 7.6% of PFW area. Compared to any of the site-specific measurements 

(disease or PFW) the entire artery-lumen had the greatest proportion (percentage) of 

surface area afflicted with both low (< 1 Pa) and very low WSS (< 0.4 Pa) (Table 5.11). 

The site-specific analysis of WSS at surfaces marked with disease is limited in this 

respect, as it does not account for the surrounding haemodynamic environment.  

 

Furthermore, the average WSS magnitude, WSSG magnitude and areas of high WSS at 

diseased and PFW regions were consistently higher or lower than the average value for 

the entire artery (≈ +44% for Lipid; -22% PFW; values in Table 5.11). The differences in 

these values is thought not to be related to the differences in the location of the features 

within the coronary artery network, but rather local geometric variation. The burden of 

lipid predominantly occurs within the proximal segments of the coronary artery network, 
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while calcium (like PFW) was more prevalent in the distal segments of the arteries studied 

here. Yet the average of the WSS-derived functions are all within 10% of one another for 

the sites of lipid and calcium (Table 5.11). 

 

Table 5.11: Site-specific (burden-area) weighted-averages of WSS dependent functions 

for the investigated lesion morphologies, and regions absent of any disease (PFW). 

Presented here for simulation method A (LVM dependent inlet flow rate, and HCT 

dependent viscosity function). The highlight columns indicate the most prevalent disease 

morphologies, lipid and calcium (Calc.), as well as PFW. The weighted-averages for lipid 

and calcium are near-identical and distinctly different from those of PFW. Note that the 

artery average is also included for reference (and is unweighted).  

 

 

 

 

Weighted Averages Lip. & BS Lipid Calc. TCFA PFW Artery 

WSS (mag.) (Pa) 2.42 *2.04 2.12 1.78 1.36 *1.52 

WSSG (mag.) (Pa/mm) 3.05 2.70 2.78 2.24 1.41 1.91 

CV of WSS (mag.) 0.68 *0.73 **0.76 0.72 0.79 0.81 

SA: WSS<0.4 Pa (%) 8.85 13.9 12.6 16.3 7.58 18.7 

SA: WSS<1 Pa (%) 39.4 43.4 43.9 39.8 48.8 54.0 

SA: WSS>2.5 Pa (%) 27.1 25.0 *27.0 26.4 11.6 16.1 

Significantly different data-sets: paired t-test, * = two-tailed p < 0.05, ** = two-tailed p < 0.005; 

reference data-set in Italics. For WSS (mag.) both the lipid results and the artery results are 

significantly different from the PFW results. For CV of WSS (mag.) both the lipid results and calcium 

results are significantly different from the artery results. The percentage of high WSS area at sites of 

Calcium was significantly different from the percentage of high WSS area at sites of PFW. 
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Figure 5.15: Box and whisker plots of WSS-derived functions (magnitude, gradient 

magnitude, CV) at sites of disease (N=10 lipid, calcium; n=3 TFCA) and PFW (n=7) in 

the simulated arterial geometries (for each approach: A, B, C, D). The weighted average 

values are also plotted here, taking into account the differences in surface area burden in 

each geometry (sample). 
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Figure 5.16: Box and whisker plots for the percentage surface area of sites of disease 

(N=10 lipid, calcium; n=3 TFCA) and PFW (n=7) for the WSS threshold ranges < 0.4 Pa, 

< 1 Pa and > 2.5 Pa, simulated for all arterial geometries (using each approach: A, B, C, 

D). The weighted average values are also plotted, taking into account the differences in 

surface area burdens in each geometry (sample). 
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Site-Specific Summary 

There were clear differences in the site-specific and the arterial-specific results, as well 

as clear differences when comparing the results at diseased areas with those of PFW. 

Compared to the arterial (average) results, no (average) site-specific measurement 

(disease-feature or PFW) had a high proportion of low or very low WSS area. However, 

regions of disease all tended to have high proportions of high WSS area, while PFW was 

the opposite. Compared to the results obtained for the disease features, PFW was not 

associated with any haemodynamic extremes at the site-specific level (on average). 

Furthermore, when comparing different disease morphologies (e.g. lipid vs calcium) there 

were no significant differences in the results. This is interesting as the majority of lipid 

occurred in the proximal segments, while the calcium did not. Furthermore, the arcs of 

superficial calcium and lipid do not overlap, so they do not share haemodynamic 

measurements (unlike lipid-with-BS, or TCFA). 

 

(ii) Segment-Specific: OCT-Features, NaF Uptake and Haemodynamic Analysis 

By extending the analysis to coronary artery segment level (i.e. Figure 5.7) it is possible 

to analyse the broader haemodynamic environment and relate it to the regional burdens 

of OCT-features as well as the maximum TBR of 18F-NaF uptake in each segment. In 

addition, as there is volumetric representation of each segment, the average helicity 

intensity in each segment is considered as well as the value of WSS-dependent functions 

across the surface of each segment. Due to the limited data set (N=20 segments), the data 

set may not be reliably compared for specific segment IDs, however the results obtained 

for the proximal segments may be compared directly with the remaining segments (mid-

distal).  

 

As mentioned previously, the total surface area of the proximal segments of the major 

coronary arteries (segments 1, 5, 6 and 11; n = 9) make up 49% of the total surface area 

of all OCT segments analysed in this study. The proximal segments also contain the 

majority of total lipid, lipid-with-BS and TCFA surface areas (58.5%, 66.4% and 74.4%, 

respectively), and the minority of calcium and PFW (30.1% and 20.6%, respectively). 

Furthermore, the average density of BS is 176% greater in the proximal segments, while 

CC and MC occurrence is much less frequent. 

 

Table 5.12 contains the average 18F-NaF segment-maximum TBR, OCT-feature area-

ratios and average CFD results from simulation method A, for the proximal and (mid-) 
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distal regions of the coronary arteries. There is a large data spread of both OCT-feature 

areas and CFD results in both the proximal and (mid-) distal segments. There were no 

significant differences found between the two regions. However, both the segment 

average and weighted segment-average percentage surface areas of very low WSS (<0.4 

Pa) and low WSS (< 1 Pa) were higher in the proximal segments: by 66.2% and 39.4%. 

These were the largest differences between any of the CFD metrics. On average, helicity 

intensities were similar in both regions. The average 18F-NaF segment-maximum TBR 

was 13.7% higher in the proximal region. Furthermore, the arteries were approximately 

17% larger in diameter and 5% more eccentric in the proximal segments. 

 

Table 5.12: Comparing the results of the proximal (n=9) and distal (n=11) segments. CFD 

results presented here use simulation method A. For the CFD metrics, the segment-area 

weighted average value is presented in front of the brackets. For the OCT features the 

total area ratio is presented (italics). This measurement details what portion of a feature 

(total surface area) exists in the top or bottom halves of the coronary artery tree. The 

segment average and standard deviations are presented in brackets (mean ± sd.). 

 

 

 

 

  

Aggregate/Average Results Proximal Distal 
18F-NaF segment max. TBR 1.24 ± 0.32 1.09 ± 0.22 

Lipid Total Ratio (%) 58.5 (30.0 ± 19.1)  41.5 (16.9 ± 11.2)  

Lipid & BS Total Ratio (%) 66.4 (9.25 ± 7.38)  33.6 (3.32 ± 2.29)  

TCFA Total Ratio (%) 74.4 (2.83 ± 5.03)  25.6 (1.29 ± 2.73)  

Calcium Total Ratio (%) 30.1 (10.0 ± 9.16)  69.9 (12.5 ± 14.8) 

PFW Total Area Ratio (%) 20.6 (5.14 ± 7.05)  79.4 (8.1 ± 12.4) 

WSS magnitude (Pa)  1.29 (1.95 ± 1.55)  1.59 (1.76 ± 0.95) 

WSSG magnitude (Pa/mm) 1.56 (2.59 ± 2.15) 2.04 (2.24 ± 1.19) 

CV of WSS magnitude 0.77 (0.82 ± 0.23) 0.84 (0.85 ± 0.26) 

Helicity Intensity (m2/s2)  6.21 (10.3 ± 10.8)  7.09 (8.34 ± 7.10) 

SA: WSS<0.4 Pa (%) 26.1 (19.0 ± 21.8) 15.7 (15.3 ± 14.0) 

SA: WSS<1 Pa (%) 65.8 (50.8 ± 32.5) 47.2 (43.5 ± 27.8) 

SA: WSS>2.5 Pa (%) 12.2 (23.3 ± 25.2) 17.8 (21.6 ± 19.1) 

Cross-sectional Area (mm2) 11.0 (9.60 ± 3.29) 8.00 (7.77 ± 2.55) 

Circumference (mm) 11.6 (10.9 ± 1.90) 9.91 (9.75 ± 1.69) 

Eccentricity 1.25 (1.26 ± 0.08) 1.19 (1.20 ± 0.06) 
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Segment-Specific OCT Morphology 

Here, the geometric and CFD metrics are related to the OCT feature burdens in each 

segment, to establish whether or not statistically significant relationships between the 

disease burden and haemodynamic/geometric parameters exist in this data set.  

 

Initially, relationships are tested using Spearman's correlation coefficient, rs: a non-

parametric measure of the strength and direction of association between two ranked 

variables. As it tests for a monotonic relationship between the variables, it does not 

require the assumption that the relationship between the variables is linear, and is less 

influenced by outliers than Pearson’s correlation (de Winter et al., 2016). To account for 

variability in segment sizes, the burden of OCT-features are expressed in terms of 

percentage of segment surface-area. 

 

Arterial lumen eccentricity was the only geometric feature clearly associated with OCT 

plaque components (Table 5.13); and larger vessels tended to have less PFW. Of these 

relationships, only the relationship between the average segment eccentricity and lipid 

burden had a clear linear correlation (Figure 5.17). It also had the strongest monotonic 

relationship (Table 5.13). Lumen eccentricity is considered to be a marker of plaque 

burden (Hausmann et al., 1994), and has been independently correlated with increased 

plaque structural stress (Costopoulos et al., 2017). Here, at the site-specific level both 

calcium and lipid lesions had similar average-eccentricity values (Table 5.3), however, 

segments with high calcium burden were not more eccentric than segments with low 

calcium burden (Figure 5.17). Note that the size of the arterial segments was not 

associated with the amount of OCT-feature burden, and there were no significant 

geometric relationships between BS, CC or MC. 

 

Table 5.13: Spearman’s rank correlations between a subset of OCT-feature burdens and 

geometric parameters. The geometric measurements are taken as the artery (lumen) 

average for a given segment. % = % of a segments luminal surface area feature affected. 

 

 

 

 

 

 

Association Tested rs p-value 

Eccentricity vs Lipid% 0.668 0.0013 

Eccentricity vs Lipid-with-BS% 0.423 0.0632 

Eccentricity vs Calc.% 0.452 0.0452 

Circumference vs PFW% -0.451 0.0459 

Cross-sectional Area vs PFW% -0.476 0.0338 
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Figure 5.17: The linear correlation between segment-averaged (artery) geometric features 

and the segment surface area-ratios of morphological features marked on OCT.  

 

For the CFD metrics from the four simulation methods, the significant Spearman’s rank 

correlations are listed in Tables 5.14 to 5.17. Interestingly, the number of significant 

correlations increased when the modelling methods were simplified (C and D), however, 

in most cases, the strength of the correlations weakened (from methods A and B to C and 

D). 
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For each of the simulation methods, there were no significant relationships between any 

of the CFD metrics and the burden of calcium. Whereas, for each simulation method: 

 There was a significant inverse relationship between the percentage area of very 

low WSS (< 0.4 Pa) and the percentage area of PFW. 

 There were significant positive relationships between the average helicity 

intensity and the burden (percentage-area) of lipid, as well as lipid-with-BS. 

 There was a significant positive relationship between the CV of WSS and the 

density of MC (average number per OCT-image). 

 

For all simulation methods, PFW did not occur in regions where more than 20 to 30% of 

the segment surface area experienced very low WSS (< 0.4 Pa). This relationship/finding 

was not present for the segment-average WSS magnitude (Figure 5.18). From Figure 

5.19, it is clear that the area ratios of very low WSS do not follow as predictable a 

relationship as the low WSS (< 1 Pa) and high WSS (> 2.5 Pa) area ratios. In this sense, 

very low WSS surface-area is a metric that is more independent than the low WSS and 

high WSS thresholds. 

 

When plotted, there were weak linear relationships between the helicity intensity and the 

burden of lipid and lipid-with-BS (Figure 5.20). Investigating this further, it was found 

that removing the LVM-dependent inlet flow rate (methods A, B vs C, D) had a similar 

influence on the WSS, WSSG and high-WSS-area relationships. These functions showed 

a very weak positive linear relationship with lipid burden for simulation methods A and 

B (Figure 5.22: WSS; Figure 5.24: WSSG) – similar to site-specific findings (higher 

values at disease sites). Both WSSG and the area-ratio of high WSS had a very strong 

linear relationship with WSS, no matter the simulation method (Figure 5.23). This 

relationship also existed for helicity (Figure 5.21), but weakened slightly in the presence 

of a HCT-specific viscosity function.  Furthermore, the relationship between CV of WSS 

and the density of MC was not appreciable when plotted (Figure 5.25). 

 

To summarise these result, there were no strong relationships between the surface area of 

the OCT-features and the average/aggregate CFD metric measured at the segment scale. 

The relationship between average segment eccentricity and lipid burden agreed the with 

findings from previous work (Hausmann et al., 1994) (similarly measured using max/min 

diameter). The correlations are stronger for the simulations with patient-specific 

modelling assumptions (A and B), and the inverse correlation between PFW and areas of 
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very low WSS supports the low WSS theory for plaque progression (Stone et al., 2012, 

Chatzizisis et al., 2007, Malek et al., 1999). 

 

Table 5.14: Significant Spearman’s rank correlations (rs) between OCT-feature burdens 

and CFD parameters for simulation method A (LVM & HCT dependent). For clarity, 

non-significant associations (p-value > 0.05) are not included here. For each of the OCT-

features, associations were tested for the average WSS mag., WSSG mag., helicity int., 

CV of WSS mag., and the lumen-area ratios of extreme WSS (<0.4 Pa, < 1 Pa and > 2.5 

Pa). In the middle section (columns) the correlations are presented for all segments 

(N=20). In the right-hand section the correlation values (*rs, *p-value) are without the 

LM coronary artery segment (due to uncertainty of CFD results in this segment – see 

Chapter 4) (n=19). Note, % is the segment area-ratio; ρ = point features per-image 

(density); and VLWSS = WSS (mag.) < 0.4 Pa. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Relationships (Method A) rs p-value *rs *p-value 

VLWSS%     

  PFW% -0.512 0.0209 -0.619 0.0047 

  ρCC 0.421 0.0643 0.535 0.0182 

Av. Hel. Int.     

  Lipid% 0.589 0.0062 0.589 0.0079 

  Lipid-&-BS% 0.525 0.0175 0.560 0.0127 

CV of WSS     

  Lipid% 0.445 0.0492 0.430 0.0663 

  ρBS 0.454 0.0443 0.372 0.1169 

  ρMC 0.487 0.0294 0.616 0.0049 
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Table 5.15: Significant Spearman’s rank correlations (rs) between OCT-feature burdens 

and CFD parameters for simulation method B (LVM dependent). For clarity, non-

significant associations (p-value > 0.05) are not included here. For each of the OCT-

features, associations were tested for the average WSS mag., WSSG mag., helicity int., 

CV of WSS mag., and the lumen-area ratios of extreme WSS (<0.4 Pa, < 1 Pa and > 2.5 

Pa). In the middle section (columns) the correlations are presented for all segments 

(N=20). In the right-hand section the correlation values (*rs, *p-value) are without the 

LM coronary artery segment (due to uncertainty of CFD results in this segment – see 

Chapter 4) (n=19). Note, % is the segment area-ratio; ρ = point features per-image 

(density); VLWSS = WSS (mag.) < 0.4 Pa; LWSS = WSS (mag.) < 1 Pa; and HWSS = 

WSS (mag.) > 2.5 Pa. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Relationships (Method B) rs p-value *rs *p-value 

Av. WSS     

  Lipid% 0.453 0.0451 0.416 0.0766 

  Lipid-&-BS% 0.507 0.0226 0.479 0.0380 

Av. WSSG     

  Lipid% 0.478 0.0376 0.454 0.0501 

VLWSS%     

  PFW% -0.572 0.0084 -0.659 0.0022 

LWSS%     

  Lipid% -0.523 0.0179 -0.495 0.0313 

  Lipid-&-BS% -0.484 0.0305 -0.482 0.0364 

HWSS%     

  Lipid-&-BS% 0.465 0.0390 0.462 0.0476 

Av. Hel. Int.     

  Lipid% 0.529 0.0164 0.523 0.0216 

  Lipid-&-BS% 0.495 0.0266 0.526 0.0206 

CV of WSS     

  ρMC 0.497 0.0259 0.624 0.0043 
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Table 5.16: Significant Spearman’s rank correlations (rs) between OCT-feature burdens 

and CFD parameters for simulation method C (HCT dependent). For clarity, non-

significant associations (p-value > 0.05) are not included here. For each of the OCT-

features, associations were tested for the average WSS mag., WSSG mag., helicity int., 

CV of WSS mag., and the lumen-area ratios of extreme WSS (<0.4 Pa, < 1 Pa and > 2.5 

Pa). In the middle section (columns) the correlations are presented for all segments 

(N=20). In the right-hand section the correlation values (*rs, *p-value) are without the 

LM coronary artery segment (due to uncertainty of CFD results in this segment – see 

Chapter 4) (n=19). Note, % is the segment area-ratio; ρ = point features per-image 

(density); VLWSS = WSS (mag.) < 0.4 Pa; and LWSS = WSS (mag.) < 1 Pa. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Relationships (Method C) rs p-value *rs *p-value 

Av. WSS     

  PFW% 0.405 0.0763 0.514 0.0244 

Av. WSSG     

  PFW% 0.429 0.0592 0.483 0.0362 

VLWSS%     

  PFW% -0.470 0.0366 -0.548 0.0152 

  ρCC 0.459 0.0417 0.557 0.0133 

LWSS%     

  PFW% -0.465 0.0388 -0.482 0.0366 

  ρCC 0.500 0.0246 0.547 0.0154 

Av. Hel. Int.     

  Lipid% 0.466 0.0383 0.444 0.0569 

  Lipid-&-BS% 0.535 0.0150 0.523 0.0216 

  PFW% 0.388 0.0911 0.477 0.0391 

CV of WSS     

  Lipid% 0.486 0.0299 0.470 0.0422 

  ρBS 0.478 0.0330 0.400 0.0900 

  ρMC 0.391 0.0882 0.506 0.0271 
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Table 5.17: Significant Spearman’s rank correlations (rs) between OCT-feature burdens 

and CFD parameters for simulation method D (fixed flow & fixed viscosity). For clarity, 

non-significant associations (p-value > 0.05) are not included here. For each of the OCT-

features, associations were tested for the average WSS mag., WSSG mag., helicity int., 

CV of WSS mag., and the lumen-area ratios of extreme WSS (<0.4 Pa, < 1 Pa and > 2.5 

Pa).  In the middle section (columns) the correlations are presented for all segments 

(N=20). In the right-hand section the correlation values (*rs, *p-value) are without the 

LM coronary artery segment (due to uncertainty of CFD results in this segment – see 

Chapter 4) (n=19). Note, % is the segment area-ratio; ρ = point features per-image 

(density); VLWSS = WSS (mag.) < 0.4 Pa; and LWSS = WSS (mag.) < 1 Pa. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Relationships (Method D) rs p-value *rs *p-value 

Av. WSS     

  Lipid-&-BS% 0.465 0.0390 0.421 0.0726 

  PFW% 0.348 0.1322 0.462 0.0464 

VLWSS%     

  PFW% -0.446 0.0486 -0.521 0.0221 

  VLWSS vs ρCC 0.388 0.0905 0.500 0.0293 

LWSS%     

  Lipid-&-BS% -0.471 0.0362 -0.458 0.0487 

  PFW% -0.418 0.0668 -0.484 0.0358 

  ρCC 0.403 0.0778 0.490 0.0331 

Av. Hel. Int.     

  Lipid% 0.457 0.0427 0.426 0.0687 

  Lipid-&-BS% 0.540 0.0140 0.537 0.0178 

  PFW% 0.408 0.0739 0.475 0.0400 

CV of WSS     

  ρMC 0.385 0.0666 0.499 0.0298 
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Figure 5.18: Comparing the segment surface area-ratio of PFW with the area-ratio of very 

low WSS (top), segment average WSS (mag.) (middle) and the area ratio of very low 

WSS normalised by the average WSS (mag.) (bottom) for simulation method A. There is 

no relationship between PFW and the average WSS. Low area-ratios of very low WSS 

occur in conjunction with PFW. 
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Figure 5.19: The relationships between segment-average WSS and the area ratios of low 

and high WSS – shown here for simulation method A. Very low WSS burden (<0.4 Pa) 

is weakly described by a power law function, while low WSS burden (< 1 Pa) is well 

fitted to an exponential function, and high WSS burden (> 2.5 Pa) follows a standard 

positive linear relationship. 

 

 
Figure 5.20: Comparing the segment surface area-ratio (burden) of lipid with the segment-

volume average helicity intensity for simulation method A (top) and method D (bottom). 

A: LVM dependent inlet flow and HCT dependent viscosity function; D: fixed flow and 

fixed viscosity function. The relationship between lipid burden and helicity weakens in 

the absence of the absence of the patient-specific, LVM dependent flow rate (Tables 5.14–

5.17). 
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Figure 5.21: The relationship between segment average WSS magnitude and segment 

average helicity intensity for simulation method A and D. A) LVM dependent flow & 

HCT dependent viscosity; D) fixed flow and fixed viscosity. The relationship is weaker 

in method A. 

 

Figure 5.22: The relationship between lipid burden and the segment average WSS 

magnitude for each simulation method A, B, C and D. A) LVM dependent flow & HCT 

dependent viscosity; B) LVM dependent flow & fixed viscosity; C) fixed flow & HCT 

dependent viscosity; D) fixed flow & fixed viscosity. The LVM dependent inlet flow has 

the greatest influence on the correlation. Method B presents the strongest correlation. 
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Figure 5.23: The relationship between segment average WSS magnitude and segment 

average WSSG magnitude for simulation method A and D. A) LVM dependent flow & 

HCT dependent viscosity; D) fixed flow & fixed viscosity. The relationship is very strong, 

regardless of the simulation approach. 

 

Figure 5.24: The relationship between lipid burden and the segment average WSSG 

magnitude for each simulation method A, B, C and D. A) LVM dependent flow & HCT 

dependent viscosity; B) LVM dependent flow & fixed viscosity; C) fixed flow & HCT 

dependent viscosity; D) fixed flow & fixed viscosity. The LVM dependent inlet flow has 

the greatest influence on the correlation. Method B presents the strongest correlation. 
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Figure 5.25: The relationship between segment-average occurrence of micro-channels 

(MC) and segment surface CV of WSS magnitude, for simulation approach A) LVM 

dependent flow & HCT dependent viscosity. 
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Segment-Specific 18F-NaF Uptake 

Here, the relationships between the CFD metrics and the 18F-NaF uptake are investigated. 

Unlike previous work (e.g. Yamamoto et al. (2017), Stone et al. (2012), Bourantas et al. 

(2019)), the progression of plaques in this current study are unknown. However, 

comparing the geometric and CFD based metrics with 18F-NaF uptake, the mechano-

biological factors of vascular calcification activity may be better understood. Similar to 

the structure of the previous section, the maximum TBR of 18F-NaF uptake is compared 

with the OCT geometric and CFD metrics at the segment basis. 

 

In this study, the strongest, significant, relationships between the segment-maximum 

TBR and the OCT-segment geometry were (Figure 5.26): 

 Average Cross-sectional Area: rs = 0.597, p = 0.0055 

 Average Circumference: rs = 0.606, p = 0.0047. 

 

Figure 5.26: The strongest relationships between 18F-NaF segment-maximum TBR and 

the OCT-segment geometry. 
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In Table 5.18, the significant Spearman’s rank correlations of the CFD metrics with the 

18F-NaF uptake are listed for each of the simulation methods. No significant correlations 

were found for the average helicity intensity, CV of WSS magnitude or area-ratio of high 

WSS (>2.5 Pa). The average WSS and WSSG magnitudes were inversely correlated with 

the segment-maximum 18F-NaF TBR, while the area-ratios of very low (<0.4 Pa) and low 

(<1 Pa) WSS were positively correlated with the segment-maximum 18F-NaF TBR. In all 

instances, the correlations were strengthened slightly in the absence of the left main (LM) 

coronary artery segment (Table 5.18; Figure 5.28). The omission of the LM from analyses 

is undertaken as it is thought to be a possible source of error, as it is a small vessel segment 

interfacing with the aortic root, proximal to the inlet of the computational domain. As 

described in Chapter 4, steady-state simulations are not entirely accurate in this region. 

More simulations with LM coronary artery segments are required to characterise this error 

on a segment basis. The tabulated data in this section presents correlations both with and 

without this data point. 

 

Table 5.18: Significant Spearman’s rank correlations (rs) between 18F-NaF segment-

maximum TBR and CFD parameters for all simulation methods (A, B, C and D). In the 

middle section (columns) the correlations are presented for all segments (N=20). In the 

right-hand section the correlation values (*rs, *p-value) are without the LM coronary 

artery segment (n=19). Note, % is the segment area-ratio; VLWSS = WSS (mag.) < 0.4 

Pa; and LWSS = WSS (mag.) < 1 Pa. 

 

18F-NaF Max. TBR vs: rs p-value *rs *p-value 

Av. WSS (A) -0.414 0.0699 -0.453 0.0516 

Av. WSS (B) -0.293 0.2096 -0.365 0.1245 

Av. WSS (C) -0.445 0.0492 -0.526 0.0206 

Av. WSS (D) -0.343 0.1389 -0.432 0.0650 

Av. WSSG (A) -0.462 0.0405 -0.482 0.0364 

Av. WSSG (B) -0.352 0.1231 -0.390 0.0993 

Av. WSSG (C) -0.535 0.0150 -0.577 0.0097 

Av. WSSG (D) -0.481 0.0317 -0.516 0.0238 

VLWSS% (A) 0.546 0.0128 0.619 0.0047 

VLWSS% (B) 0.541 0.0137 0.625 0.0043 

VLWSS% (C)  0.495 0.0266 0.551 0.0145 

VLWSS% (D) 0.469 0.0369 0.537 0.0178 

LWSS% (A) 0.435 0.0555 0.451 0.0527 

LWSS% (B) 0.311 0.1816 0.339 0.1562 

LWSS% (C)  0.526 0.0171 0.547 0.0153 

LWSS% (D) 0.411 0.0722 0.456 0.0497 
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For the relationships between the segment-maximum 18F-NaF TBR and the area-ratios of 

very low WSS, simulation methods A and B were stronger than C and D (Table 5.18; 

Figure 5.27). These relationships were stronger than any geometric relationship and were 

still present after normalising the results by the significant geometric relationships (Figure 

5.29; Table 5.19). This is not the case for the other CFD metrics (Table 5.18; Figure 5.30; 

Figure 5.31; Figure 5.32).  

 

 

Figure 5.27: The relationship between 18F-NaF segment-maximum TBR and the area-

ratios of very low WSS (< 0.4 Pa) for each simulation method (A, B, C and D). The results 

here are shown for n=19 segments (without the single LM segment). In Figure 5.28 the 

relationships with N=20 segments are shown, and are listed in Table 5.18. The 

correlations are the strongest with the LVM-dependent inlet flow rate (methods A and B). 

The Quemada, HCT-dependent, viscosity function has less influence (present in methods 

A and C). 

 

 

 

 

 



Chapter Five  Haemodynamics and Plaque Morphology 

209 

 

 

Figure 5.28: The relationship between 18F-NaF segment-maximum TBR and the area-

ratios of very low WSS (< 0.4 Pa) for simulation methods A and B. The results are shown 

for all segments, including the LM coronary segment (in comparison to Figure 5.27). 

 

 

Figure 5.29: The relationship between 18F-NaF segment-maximum TBR and the area-

ratios of very low WSS (< 0.4 Pa) normalised by geometric features (circumference and 

area); simulation method A. The results here are shown for n=19 segments (without the 

single LM segment). The relationships with all, N=20, segments are listed in Table 5.19.  
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Figure 5.30: The relationship between 18F-NaF segment-maximum TBR and the area-

ratios of low WSS (< 1 Pa) for each simulation method (A, B, C and D). The results here 

are shown for n=19 segments (without the single LM segment). The relationships with 

N=20 segments are listed in Table 5.18. The correlations are the strongest for the 

simulations with the Quemada, HCT-dependent viscosity function (methods A and C). 

The patient-specific inlet flow rate had less influence on these correlations (methods A 

and B). 
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Figure 5.31: The relationship between 18F-NaF segment-maximum TBR and the segment 

average WSSG magnitude for each simulation method (A, B, C and D). The results here 

are shown for n=19 segments (without the single LM segment). The relationships with 

N=20 segments are listed in Table 5.18. Similar to the area-ratios of low WSS (<1 Pa), 

the correlations are the strongest for the simulations with the Quemada, HCT-dependent 

viscosity function (methods A and C). The patient-specific inlet flow rate had less 

influence on these correlations (methods A and B). 
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Figure 5.32: The relationship between 18F-NaF segment-maximum TBR and the segment 

average WSS magnitude for each simulation method (A, B, C and D). The results here 

are shown for n=19 segments (without the single LM segment). The relationships with 

N=20 segments are listed in Table 5.18. Similar to the area-ratios of low WSS (<1 Pa), 

the correlations are the strongest for the simulations with the Quemada, HCT-dependent 

viscosity function (methods A and C). The patient-specific inlet flow rate had less 

influence on these correlations (methods A and B). 

 

Initial studies have shown that 18F-NaF uptake has the capability of detecting both high-

risk atherosclerotic lesions and the potential to provide early detection of calcifying 

atherosclerotic lesions (Ishiwata et al., 2017, Joshi et al., 2014, Dweck et al., 2012). 

Eccentricity correlates well with lipid burden but less well with the segment-maximum 

TBR (rs=0.450, p=0.0527; R2=0.22). However, when multiplied with very low WSS area, 

the combination of these two parameters provided a strengthened correlation with 18F-

NaF uptake (Figure 5.33; Table 5.19). This finding supports previous reports which found 

that the progression of atherosclerotic lesions in regions of low WSS (<1 Pa) required 

pre-existing atherosclerotic burden (Stone et al., 2012, Bourantas et al., 2019, Yamamoto 

et al., 2017). When implemented here directly, the linear summation of the area-ratio of 

very low WSS and total plaque burden (lipid and calcium) provided an even stronger 

basis for predicting 18F-NaF uptake at the segment level (rs=0.737, p=0.0003; R2=0.470, 
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Figure 5.34; Table 5.19). But requires a trained clinician to perform the analysis. It should 

be noted that 18F-NaF uptake did not correlate with lipid burden (rs=0.065, p=0.787) or 

calcium burden (rs=0.150, p=0.527) at the segment-level, however, summed they 

presented a positive relationship (rs=0.414, p=0.070). As the burden areas of lipid, 

calcium and PFW do not overlap, this agrees with the significant inverse association 

between 18F-NaF uptake and the area-ratio of PFW (rs=-0.479, p=0.033; Table 5.19), and 

the idea that plaque progression (to a more vulnerable state) can occur independent of 

phenotype (Bourantas et al., 2019). 

 

 

Figure 5.33: The relationship between 18F-NaF segment-maximum TBR and the 

combination of average eccentricity and the area-ratios of very low WSS (< 0.4 Pa), for 

simulation methods A and B. The results here are shown for n=19 segments (without the 

single LM segment). The relationships with N=20 segments are listed in Table 5.19. 

 

 

 
Figure 5.34: Comparing the segment-maximum 18F-NaF TBR with the sum of very low 

WSS burden and total plaque burden (lipid plus calcium luminal surface area). Simulation 

method A. n = 19 (Table 5.19). 
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Developing a CFD-Surrogate Metric 

Our data suggests that there is benefit in using a patient-specific flow rate (LVM-

dependent: methods A and B) as it strengthens correlations involving areas of very low 

WSS (e.g. Table 5.18). After considering this, along with the inverse relationship between 

WSS and low WSS area (Figure 5.19), a simple parametric approach was implemented 

to see if combining an estimation of low WSS burden with eccentricity (positively 

associated with plaque burden) could provide a simple way to predict 18F-NaF segment-

maximum TBR. 

 

To create a parametric estimation of eccentricity divided by WSS (Equations 5.7 – 5.9) 

(without performing a CFD simulation), the WSS is estimated using the exact solution to 

the Navier-Stokes equations in a circular pipe: a parabolic flow profile representative of 

steady, laminar flow conditions (Schlichting and Gersten, 2016). Under these conditions 

(Equation 5.7), the WSS is proportional to the flow rate (Q), viscosity (µ) and (inversely) 

the cube of diameter (d) (Zamir et al., 1992). Equation 5.8 is obtained from Equation 5.7 

by considering the relationship between total coronary flow and LVM (Equation 5.5), 

when flow is split according to a d2 relationship at major-vessel bifurcations (Equation 

5.6) (Zamir et al., 1992, Choy and Kassab, 2008). The final parametric function (P) shown 

in Equation 5.9 includes HCT to approximate changes in viscosity, while the 

circumference (circ.) was included to approximate the changes in average vessel diameter 

(d). However, the square-root of the average cross-sectional area was just as effective in 

practice (Table 5.19). 

 

 

 

 

 f(Q,μ,Ecc,d)  = 
Eccavg

K ∙ (Q/ davg
3 ) ∙ μ

avg

  ≈  
Eccavg

|WSS⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗|
avg

 (5.7) 

 f(Q,μ,Ecc,d) ∝ 
Eccavg ∙ davg

LVM3/4 ∙ μ
avg

 (5.8) 

 P = 
Eccavg ∙ Circavg

LVM3/4 ∙ HCT
 (5.9) 
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Figure 5.35: The relationship between 18F-NaF segment-maximum TBR and the 

parametric function P (Equation 5.9). The results here are shown for n=19 segments 

(without the single LM segment). The relationships with N=20 segments are listed in 

Table 5.19, along with variations to the function. 

 

The relationship between Equation 5.9 (parametric function P) and 18F-NaF segment-

maximum TBR is stronger and more significant than any other relationship with PET 

uptake tested here (Figure 5.35, rs=0.774, p=0.0001, R2=0.524; Table 5.19). Interestingly 

the monotonic relationships between function P and the CFD estimations of WSS and 

Ecc./WSS were not very strong (rs < 0.5) (Figure 5.36). In the CFD estimation of WSS, 

the eccentricity and local geometric variations in diameter influence the average WSS 

value, non-linearly. Such that, in the regions containing both high and low WSS, the 

average WSS value cannot account for both haemodynamic extremes and more closely 

following high WSS burden (Figure 5.19). In this respect, the function P is useful as its 

simplified estimation of WSS is not confounded by the existence of arterial eccentricity. 

When compared with each CFD metric, the function P was found to have the strongest 

relationship with the percentage of segment-surface area below 0.4 Pa (very low WSS 

burden) (Figure 5.36; rs=0.626, p=0.0032, R2=0.405; Method A). 
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Figure 5.36: The relationship between the parametric function P (Equation 5.9) and CFD 

metrics for simulation method A. The results here are shown for N=20 segments. 

 

The CFD simulations were a useful tool to investigate the physical relationships presented 

above. However, ultimately, it was beneficial to simplify the analysis to the set of base 

variables that were expected to influence 18F-NaF uptake in the coronary arteries. It 

should be noted that this functional correlation weakened when assuming the flow was 

split according to the diameter-cubed power law (Zamir et al., 1992), while the inclusion 

of HCT only improved the strength and significance of the correlation slightly (Table 

5.19).  
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Table 5.19: Spearman’s rank correlations (rs) between 18F-NaF segment-maximum TBR 

and scaled CFD metrics, OCT-burden, OCT-geometry, patient-parameters and the 

parametric functions (P). P is presented here for variations of Equation 5.9: diam. ∝ circ., 

diam. ∝ √area, without HCT and without circ. (flow proportionate to diam.-cubed). In the 

middle section (columns) the correlations are presented for all segments (N=20). In the 

right-hand section the correlation values (*rs, *p-value) are without the LM coronary 

artery segment (n=19). Note: % is the segment area-ratio; and VLWSS = WSS (mag.) < 

0.4 Pa. Furthermore, as Spearman’s rank correlation measures monotonic relationships, 

the correlation between 18F-NaF max. TBR and LVM3/4 is equivalent to that of 18F-NaF 

max. TBR and LVM. A and B represent the two different simulation methods. 

 

 

 

 

 

  

18F-NaF Max. TBR vs: rs p-value *rs *p-value 

P: f(Ecc., Circ., LVM, HCT) 0.746 0.0002 0.774 0.0001 

P: f(Ecc., Area, LVM, HCT) 0.745 0.0002 0.772 0.0001 

P: f(Ecc., Circ., LVM) 0.717 0.0004 0.745 0.0003 

P: f(Ecc., LVM, HCT) 0.571 0.0085 0.632 0.0037 

LVM3/4 -0.276 0.2383 -0.337 0.1576 

HCT -0.365 0.1138 -0.384 0.1045 

Av. Circ. 0.605 0.0047 0.595 0.0072 

Av. Area 0.597 0.0055 0.588 0.0081 

Av. Ecc. 0.441 0.0516 0.438 0.0607 

VLWSS% × Av. Ecc.   (A) 0.554 0.0119 0.625 0.0043 

VLWSS% × Av. Ecc.   (B) 0.550 0.0120 0.638 0.0033 

VLWSS% / Av. Circ.   (A) 0.531 0.0160 0.604 0.0062 

VLWSS% / Av. Circ.   (B) 0.513 0.0208 0.596 0.0070 

VLWSS% / Av. Area   (A) 0.523 0.0183 0.595 0.0072 

VLWSS% / Av. Area   (B) 0.474 0.0349 0.577 0.0097 

PFW% -0.479 0.0325 -0.445 0.0564 

Lipid% 0.065 0.7865 0.049 0.8417 

Lipid-&-BS%  -0.012 0.9599 0.065 0.7918 

Calc.% 0.150 0.5268 0.188 0.4416 

Plaque% : Lipid% + Calc.% 0.414 0.0699 0.388 0.1010 

Plaque% – PFW% 0.414 0.0699 0.388 0.1010 

VLWSS% + Plaque%   (A) 0.672 0.0012 0.737 0.0003 

VLWSS% + Plaque%   (B) 0.615 0.0039 0.665 0.0019 
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Segment-Specific Summary 

Compared with the mid-distal segments, the proximal vessel segments encountered 

greater proportions of low and very low WSS area, were associated with greater lipid 

burden, and were larger and slightly more eccentric. When comparing OCT-feature 

burdens for all segments, there was a strong relationship between the average segment 

eccentricity and lipid burden. Compared to this geometric relationship, the relationships 

between the surface area of the OCT-features and the average/aggregate CFD metrics 

were not as strong. The correlations were stronger for the simulations with patient-

specific modelling assumptions (A and B). In all instances (methods) there was a 

significant inverse correlation between PFW and areas of very low WSS. 

 

For 18F-NaF PET uptake, the segment-maximum TBR was significantly and positively 

related with vessel calibre. However, the relationship between the segment-maximum 

TBR and the area-ratios of very low WSS for simulation methods A and B were stronger 

than any geometric relationship. Furthermore, these relationships were still present after 

normalising the results by vessel calibre (area and circumference), and strengthened when 

combined with segment-average eccentricity. Inspired by this relationship, a simple 

parametric approach was formulated as an alternative to the CFD estimation low WSS 

burden, in presence of existing plaque burden (eccentricity (Hausmann et al., 1994)). This 

approach presented the strongest relationship with 18F-NaF segment-maximum TBR, 

similar to, but surpassing the relationship between 18F-NaF PET uptake and the combined 

burden of plaque and very low WSS. 

 

From the simplest point of view, these results convey that larger, more eccentric vessel 

segments, with relatively low blood supply and WSS are likely to have higher 18F-NaF 

uptake. However, a comprehensive multivariate analysis would be of use here and will 

be performed for the larger dataset expected to be analysed in the future. In the meantime, 

the same analysis is applied at the arterial scale in the following section. 
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(iii)  Arterial Analysis: OCT Morphology, NaF Uptake and Haemodynamics  

The key findings from the previous sections were applied here to test how they translated 

to the whole artery. As there are only ten arteries (samples) in total, the significance of 

the correlations were generally lower (Tables 5.20–22). The CFD metrics are only 

assessed here for simulation methods A and B (LVM dependent inlet flow rate), as these 

methods provided the most significant results of the correlations shared by all four 

methods. For both the geometric and CFD metrics, many of the correlations presented 

here were stronger than at the segment level. This is perhaps due to the greater consistency 

in the size of the samples (area and volume) and the ability for the characteristics of a 

segment to influence the mechano-biological environment in the surrounding segments. 

It seems that the wider haemodynamic environment, specifically regions of low WSS, are 

better accounted for in arterial analysis (whole-OCT-pullback). However, high WSS 

features may be better resolved at the site-specific basis.  

       

Table 5.20: Spearman’s rank correlations (rs) between key lumen geometric parameters, 

LVM, HCT and OCT (arc-based) features. As well as with min, max and mean 18F-NaF 

TBR. Note: the mean 18F-NaF TBR is the average of the segment-maximum TBR values 

and the arterial minimum TBR is the minimum of the segment-maximum TBR values for 

a given artery. (N=10).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Relationship rs p-value 

Av. Ecc.   

  Lipid% 0.758 0.0111 

  Lipid-&-BS% 0.297 0.4047 

  Calc.% 0.794 0.0061 

  Min. TBR 0.624 0.0537 

  Av. TBR 0.818 0.0038 

  Max. TBR 0.685 0.0289 

Av. Circ.   

  PFW% -0.693 0.0262 

  Min. TBR 0.709 0.0217 

  Av. TBR 0.709 0.0217 

  Max. TBR 0.515 0.1275 

Av. Area   

  PFW% -0.767 0.0096 

  Min. TBR 0.661 0.0376 

  Av. TBR 0.661 0.0376 

  Max. TBR 0.491 0.1497 

LVM3/4 vs Av. TBR -0.220 0.5423 

HCT vs Av. TBR -0.636 0.0481 
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The correlations between eccentricity, and lipid and calcium burden were significant and 

stronger than at the segment level (Figure 5.37). In addition, there were also stronger 

inverse geometric correlations (circumference and area) with PFW. The relationship 

between the surface area-ratio of PFW and both average vessel circumference and cross-

sectional area (Figure 5.38) shows that that the largest vessels do not have any PFW. This 

is a similar, but less well stratified, relationship than that of PFW and very low WSS areas 

(Figure 5.18, Figure 5.42). Furthermore, HCT had a significant inverse, monotonic 

correlation with the artery average 18F-NaF TBR (rs=-0.636, p=0.048 (Table 5.20); 

R2=0.32 (linear)). As HCT is a sampled at the patient level, it is better represented at the 

arterial level. Note that, the artery average uptake is the average of the segment-maximum 

TBR values, likewise the arterial minimum TBR is the minimum of the segment-

maximum TBR values for a given artery (Table 5.20–23). The relationship between 

average 18F-NaF TBR and arterial eccentricity is strong and significant at the artery level 

(rs=0.818, p=0.0038 (Table 5.20); R2=0.545 (linear)). 

 

 

Figure 5.37: The relationships between lipid burden (left), calcium burden (right) and 

arterial average eccentricity. 
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Figure 5.38: Comparing the surface area-ratio of PFW with average arterial cross-

sectional area. 

 

 

Figure 5.39: The strongest relationships between the average 18F-NaF segment-maximum 

TBR and geometric features. Average arterial eccentricity (left); average arterial 

circumference (right). 

 

For simulation methods A and B, Table 5.21 lists the relationships between select CFD 

metrics and OCT feature burdens analysed at the arterial level. For these variables of 

interest, at the artery level, more significant relationships are present for the set of 

simulations performed using method A, compared with method B.  
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Table 5.21: Spearman’s rank correlations (rs) between key CFD metrics and OCT features 

at the artery level, as well as the relationship between combined metric, VLWSS% × Av. 

Ecc, and PFW% (N=10). Note: % is the area-ratio; and VLWSS = WSS (mag.) < 0.4 Pa. 

 

The CV of WSS presented stronger correlations at the arterial level, with promising linear 

relationships of the point-based features (BS, CC and MC) (Figure 5.41), which do not 

follow any clear geometric relationships. Remarkably, the CV of WSS was positively 

related with increased burden of every OCT disease feature (Figure 5.40; Figure 5.41). 

Furthermore, a significant relationship between the surface area-ratio of PFW and very 

low WSS (<0.4 Pa) occurred at the artery level, and similar to at the segment level, arteries 

with greater than 20% area of very low WSS have negligible PFW (Figure 5.42).  

    Method A      Method B 

Relationship rs p-value rs p-value 

Av. Hel. Int.     

  Lipid% 0.467 0.1739 0.406 0.2442 

  Lipid-&-BS% 0.479 0.1615 0.418 0.2291 

  Calc.% 0.321 0.3655 0.297 0.4047 

  PFW% 0.252 0.4833 0.301 0.3986 

  ρBS 0.600 0.0667 0.552 0.0984 

Av. WSS     

  Lipid% 0.176 0.6272 0.357 0.3104 

  Lipid-&-BS% 0.442 0.2004 0.564 0.0897 

  Calc.% 0.018 0.9602 0.176 0.6272 

  PFW% -0.362 0.3040 0.411 0.2379 

  ρBS 0.539 0.1076 0.685 0.0289 

CV of WSS     

  Lipid% 0.455 0.1869 0.467 0.1739 

  Lipid-&-BS% 0.358 0.3104 0.333 0.3466 

  Calc.% 0.672 0.0330 0.600 0.0667 

  PFW% -0.153 0.6723 0.018 0.9598 

  ρBS 0.454 0.1869 0.454 0.1869 

  ρCC 0.675 0.0321 0.532 0.1139 

  ρMC 0.827 0.0032 0.705 0.0227 

VLWSS%     

  Lipid% -0.030 0.9338 -0.018 0.9602 

  Lipid-&-BS% -0.345 0.3282 -0.382 0.2762 

  Calc.% 0.455 0.1839 0.418 0.2291 

  PFW% -0.755 0.0116 -0.719 0.0194 

  ρCC 0.456 0.1848 0.481 0.1588 

VLWSS% × Av. Ecc.     

  PFW% -0.767 0.0096 -0.730 0.0165 
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Figure 5.40: The relationship between the artery surface area-ratios (%) of OCT-disease 

features and the artery surface coefficient of variation (CV) of WSS magnitude, for 

simulation approach A: LVM dependent inlet flow and HCT dependent viscosity 

function, N=10. 
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Figure 5.41: The relationship between artery-average occurrence of OCT-point features 

and artery surface coefficient of variation (CV) of WSS magnitude, for simulation 

approach A: LVM dependent inlet flow and HCT dependent viscosity function. N=10. 

 

 

Figure 5.42: Comparing the artery surface area-ratio of PFW with the area-ratio of very 

low WSS for simulation method A (left) and simulation method B (right). N=10. 
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For simulation methods A and B, Table 5.22 below lists the relationships between CFD-

based metrics and 18F-NaF uptake, analysed at the arterial level. Similar to the 

relationships with OCT-features, stronger relationships were present for the set of 

simulations performed using method A, compared with method B. Furthermore, Table 

5.23 contains the strengths of association between the parametric function, P (Equation 

5.9) and the 18F-NaF PET uptake, with and without HCT.  

 

Table 5.22: Spearman’s rank correlations (rs) between key CFD, combined (CFD, 

geometric, burden) metrics and 18F-NaF uptake (TBR). Note: % is the lumen area-ratio; 

and VLWSS = WSS (mag.) < 0.4 Pa. Plaque% refers to the sum of the Lipid% and 

Calcium% surface-area burdens (Table 5.24). Furthermore, Av. Ecc / Av. WSS is the CFD 

equivalent of the parametric function P (Equation 5.9), whose 18F-NaF uptake 

correlations are listed in Table 5.23. N=10. 

 

 

 

 

 

    Method A      Method B 

Relationship rs p-value rs p-value 

Av. Ecc / Av. WSS     

  Min. TBR 0.576 0.0816 0.455 0.1869 

  Av. TBR 0.552 0.0984 0.455 0.1869 

  Max. TBR 0.455 0.1869 0.418 0.2291 

VLWSS%     

  Min. TBR 0.648 0.0425 0.648 0.0425 

  Av. TBR 0.818 0.0038 0.794 0.0061 

  Max. TBR 0.745 0.0133 0.697 0.0251 

Av. Ecc × VLWSS%     

  Min. TBR 0.782 0.0076 0.684 0.0289 

  Av. TBR 0.867 0.0012 0.842 0.0022 

  Max. TBR 0.685 0.0289 0.733 0.0158 

VLWSS% + Plaque%     

  Min. TBR 0.673 0.0330 0.697 0.0251 

  Av. TBR 0.976 <0.0001 0.951 <0.0001 

  Max. TBR 0.934 <0.0001 0.842 0.0022 

Av. Ecc × [VLWSS% + Plaque%]     

  Min. TBR 0.756 0.0111 0.673 0.0330 

  Av. TBR 0.976 <0.0001 0.923 0.0001 

  Max. TBR 0.855 0.0016 0.818 0.0038 
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Table 5.23: Spearman’s rank correlations (rs) between parametric function, P (Equation 

5.9) variations (without and without HCT) and 18F-NaF uptake, N=10. 

 

 

 

 

 

 

 

 

 

Table 5.24: Spearman’s rank correlations (rs) between the lumen area-ratios OCT-features 

and 18F-NaF uptake, N=10. Unlike at the segment-level, the percentage surface burden of 

superficial calcium presents a significant relationship with the average of the segment-

maximum TBR (average PET uptake per vessel). However, the linear correlation is very 

weak (R2= 0.072). The linear correlations for total plaque burden (lipid + calcium) and 

total plaque burden minus PFW were stronger: R2= 0.238 and R2=0.452, respectively. 

 

 

 

 

 

 

 

 

At the arterial scale, the average 18F-NaF TBR values had stronger correlations with the 

CFD metrics, and function P, than the maximum or minimum 18F-NaF TBR values (Table 

5.22; Table 5.23), suggesting that when these metrics are assessed at the whole artery 

scale they could lack sensitivity/precision. Particularly function P, which had a slightly 

stronger association with minimum 18F-NaF TBR, than maximum (Table 5.23).  

 

Similar to the results obtained at the segment level, function P presented strong significant 

(positive) associations with 18F-NaF TBR (Figures 5.47 – 5.49) (rs=0.879, p=0.0008 

(Table 5.23); R2=0.743 (linear)). At the arterial level the CFD equivalent of the parametric 

function P also presented a weaker correlation with 18F-NaF uptake than function P 

(Table 5.22; Table 5.23; Figure 5.44). However, for simulation method A, the relationship 

between very low WSS burden and PET uptake was almost as strong as the relationship 

between function P and PET uptake at the arterial level (rs=0.818, p=0.0039; R2=0.539 

Relationship rs p-value 

P: f(Ecc., Circ., LVM, HCT)   

  Min. TBR 0.794 0.0061 

  Av. TBR 0.879 0.0008 

  Max. TBR 0.721 0.0186 

P: f(Ecc., Circ., LVM)   

  Min. TBR 0.794 0.0061 

  Av. TBR 0.806 0.0049 

  Max. TBR 0.624 0.0537 

18F-NaF Av. TBR vs: rs p-value 

PFW% -0.571 0.0850 

Lipid% 0.430 0.2145 

Lipid-&-BS%  -0.018 0.960 

Calcium% 0.721 0.0186 

Plaque% : Lipid% + Calcium% 0.455 0.1869 

Plaque% – PFW% 0.673 0.0330 
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(linear); Figure 5.45) (rs=0.867, p=0.0012; R2=0.590 (linear); Figure 5.46 (multiplied by 

average eccentricity)). Furthermore, the combination of very low WSS and total plaque 

burden presented the strongest correlation with average 18F-NaF uptake at the arterial 

level (rs=0.967, p<0.0001; R2=0.804 (linear); Figure 5.43; Table 5.22), while OCT 

morphologies in isolation were not strong predictors of 18F-NaF TBR uptake (Table 5.24). 

 

 

Figure 5.43: Comparing the arterial average 18F-NaF TBR with the sum of very low WSS 

burden and total plaque burden (lipid plus calcium luminal surface area). Simulation 

method A, N = 10 (Table 5.22). 

 

Figure 5.44: Comparing the arterial average 18F-NaF TBR with the average eccentricity 

divided by average WSS for simulation method A (left) and simulation method B (right), 

N=10. This is the CFD equivalent of the parametric function P (Equation 5.7 – 5.9). It 

presents a weaker correlation with 18F-NaF uptake than function P (Table 5.22; Table 

5.23). 
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Figure 5.45: Comparing the arterial averages (of the segment-maximum) 18F-NaF TBR 

with the area ratios of very low WSS for simulation method A (top left) and simulation 

method B (top right), N=10. The areas of very low WSS (computed using method A) are 

shown on the OCT-derived vessel lumens for the artery with the lowest 18F-NaF uptake 

(bottom left) and the artery with the highest 18F-NaF uptake (bottom right). The segment-

maximum TBR values for these vessels are also shown alongside their corresponding 

PET images. 
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Figure 5.46: Comparing the arterial average 18F-NaF TBR with the area ratio of very low 

WSS multiplied by the arterial average eccentricity for simulation method A (left) and 

simulation method B (right), N=10. 

 

 

Figure 5.47: Comparing the arterial average 18F-NaF TBR with the parametric function P 

(Equation 5.9), N=10. 
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Figure 5.48: Comparing the arterial minimum 18F-NaF TBR with the parametric function 

P (Equation 5.9), N=10. Despite presenting a weaker monotonic correlation than P and 

the arterial average 18F-NaF TBR (Figure 5.47), the linear correlation is stronger here.  

 

 

 

Figure 5.49: Comparing the arterial maximum 18F-NaF TBR with the parametric function 

P (Equation 5.9), N=10. 
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Arterial Analysis Summary 

In general the strength of association between the analysed data-sets were stronger at the 

arterial level than in the segment-specific analysis. The average CFD results are expected 

to be more accurate (less error prone) at the arterial level, as OCT segments simulated 

near to the ostia of the coronary arteries are not analysed in isolation. Additionally, the 

size and location (proximal to distal range) of the analysed data is more consistent for 

arterial level analysis. 

 

In comparison to the result obtained during segment-level analysis, similar geometric 

correlations were found for the OCT feature burdens at the arterial level. However, the 

average eccentricity had a strong positive relationship with PET uptake at the arterial 

level, similar in strength to relationship between the area-ratio of very low WSS and PET 

uptake. Furthermore, the correlation between average eccentricity and OCT-lipid burden 

was slightly stronger at the arterial level, and both the function P and the very low WSS 

correlations improved. In most instances, compared with simulation method B (LVM 

dependent flow-rate), the CFD correlations were (monotonically) stronger for the 

simulations performed using method A (LVM dependent flow-rate and HCT dependent 

viscosity). In addition, similar to the segment analysis, there was a significant (and 

stronger) inverse monotonic association between PFW and the area-ratio of very low 

WSS at the arterial level. Furthermore, the CV of WSS magnitude presented stronger, 

more significant (positive) relationships with the burden of all OCT disease morphologies 

investigated. This is promising, as the CV of WSS magnitude across each artery vessel is 

a dimensionless parameter, and was demonstrated to be the least sensitive parameter to 

the modelling approach used (e.g. flow-rate, viscosity) (Figure 5.11). It is therefore, akin 

to a geometric assessment. 

 

Despite the need for future work, repeatability and validation studies, 18F-NaF uptake is 

(significantly) proportionate to very low WSS areas, rather than high WSS areas (at the 

segment and arterial levels). As mentioned previously, the relationship between WSS and 

diameter is not linear, such that average WSS is not a surrogate measurement for very 

low WSS area in OCT CFD studies (Equation 5.7; Figure 5.19). Very low WSS area is 

not only influenced by both the vessel flow-rate and blood viscosity, but is highly 

sensitive to the ability of the imaging and reconstruction process to capture complex 

geometric features (Kelsey et al., 2017b) (Chapter 2; Chapter 3). Thus, compared to OCT, 

it is unlikely that IVUS studies would produce quantitatively similar areas of very low 
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WSS burden. The parametric function P, and the measurements of eccentricity and 

circumference also benefit from high resolution imaging and quantification, however, as 

they are averaged in this work for each of the arteries (and segments), lower resolution 

imaging may be sufficient for the estimation of their values. However, this remains 

untested and should be covered in future work. At both the segment and arterial levels the 

parametric function P presents promising, strong correlations with 18F-NaF uptake, 

comparable to, but slightly weaker than the combination of total plaque burden and very 

low WSS. Both of these multifactor indices were far more predictive of 18F-NaF uptake 

than OCT morphology alone. 
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Summary of Results 

The hypothesis of this study was that abnormal haemodynamic metrics would be 

correlated with disease measured on both OCT and 18F-NaF PET/CT. The findings 

support this hypothesis. PFW was significantly and inversely related with the area-ratio 

of very low WSS (<0.4 Pa) at the segment and arterial level (Figure 5.18; Figure 5.42), 

and very low WSS burden was significantly positively associated with 18F-NaF uptake at 

the segment and arterial levels (Figure 5.28; Figure 5.45). PFW was also inversely related 

to 18F-NaF uptake and when combined, both total plaque burden and very low WSS 

burden were strongly associated with 18F-NaF uptake (Figure 5.34; Figure 5.43). In 

isolation, total plaque burden (lipid plus calcium) was consistently (positively) associated 

with 18F-NaF uptake, but to no great significance or strength (Table 5.19; Table 5.24). 

 

Compared to the other CFD metrics analysed, very low WSS burden presented stronger 

and more consistent relationships with both OCT morphology (PFW) and 18F-NaF uptake 

at both the segment and arterial levels. Furthermore, in comparison to the relationships 

between OCT-features and 18F-NaF uptake, very low WSS area burden and the 

formulated functional parameter P both exhibited stronger relationships with 18F-NaF 

uptake. In general the relationships between the other haemodynamic metrics and the 

OCT disease morphologies were not strong. Nor were they as consistently found at both 

the segment and arterial levels, and between the different simulation methods. In addition 

to these results, average arterial eccentricity was significantly and positively related to 

both lipid burden and 18F-NaF uptake at the arterial level (Figure 5.37; Figure 5.39), 

providing the single strongest geometric link between OCT plaque morphology and 18F-

NaF uptake in this study. However, the strength and significance of the association with 

18F-NaF uptake was not present at the segment level. 

 

Simulation Methods and Haemodynamic Metrics 

When analysed at the arterial level (independent of disease markers), the haemodynamic 

results for each simulation approach varied, highlighting the importance of patient-

specificity to the simulation of key haemodynamic metrics. On average, for the variables 

considered, the results of simulation method B were the closest to simulation method A 

(approximately 5% different). This suggests that the inclusion of accurate patient-specific 

flow rate is of key importance. When comparing the different simulation methods, the 

WSS magnitude and WSSG magnitude results responded similarly to the changes in flow 

and viscosity. The CV of WSS across the OCT arterial surfaces was similar for each 
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simulation method (Figure 5.11), while the volume-averages of helicity intensity (Figure 

5.12) were not as strongly influenced by the changes in viscosity as the WSS and WSSG 

magnitude (Figure 5.10). Furthermore, the surface average WSS magnitudes were 

distributed similarly to the areas of high WSS (>2.5 Pa), however, this was not the case 

for the areas of low and very low WSS (<1 and <0.4 Pa) (Figure 5.10; Figure 5.13). 

Additional analysis performed at the segment level showed that there were very strong 

positive significant linear and monotonic relationships between the average WSS 

magnitude and both the average WSSG magnitude and the area-ratio of high WSS, 

independent of the simulation method used (Figure 5.19; Figure 5.23). There was a 

similar, but weaker positive linear relationship between average WSS magnitude and the 

average helicity intensity (Figure 5.21). However, the non-linear inverse relationships 

between average WSS magnitude and low WSS burden were weaker the lower the WSS 

threshold (i.e. <0.4 Pa versus <1 Pa) (Figure 5.19), supporting the use of very low WSS 

burden/area as an independent haemodynamic indicator of disease in the coronary 

arteries. 

 

Site-Specific Findings 

On a site-specific basis, PFW had lower and less variable WSS than the other OCT 

disease surface-features (Figure 5.15; Figure 5.16). The average-WSS at PFW was also 

significantly different to the (elevated) average-WSS magnitude at lipid sites, as well as 

significantly lower than the arterial average-WSS magnitude. Despite this, the area-ratios 

of low and very low WSS for every site-specific feature (disease-feature or PFW) were 

less than the area-ratios in the surrounding arterial haemodynamic environment; site-

specific measurements were not subject to low WSS burden. This was not the case for 

high WSS burden, as regions of disease all tended to have relatively large proportions of 

high WSS. However, PFW was not associated with any haemodynamic extremes at the 

site-specific level. Furthermore, when comparing different disease morphologies (e.g. 

lipid vs calcium) there were no significant differences in the results – hemodynamically 

or geometrically. On average, both encountered similarly elevated levels of local WSS, 

were eccentric and had reduced diameters, when compared to the arterial averages. 
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Segment and Arterial Analyses 

In general, the proximal vessel segments encountered greater proportions of low and very 

low WSS area, were associated with greater lipid burden, and were larger and slightly 

more eccentric (Table 5.12). Additionally, the correlations between haemodynamic 

metrics and disease markers were generally strongest for the CFD simulations performed 

using methods A and B. The association between the analysed data-sets were stronger at 

the arterial level than the segment level. Aside from the relationships found for 

eccentricity (Figure 5.37), the 18F-NaF uptake was significantly and positively related to 

vessel calibre at both the segment and arterial levels (Figure 5.26; Figure 5.39). Vessel 

calibre was also inversely proportional to the area ratios of PFW (Figure 5.17; Figure 

5.38) and the relationships between very low WSS burden and plaque 

morphology/activity, were still present and significant after normalising the results by 

geometric measurements (Figure 5.18; Figure 5.29). 

 

Aside from the promising results found for very low WSS burden (Figure 5.43; Figure 

5.45; Figure 5.46), eccentricity (Figure 5.39) and the parametric function P (Figure 5.47; 

Figure 5.48), the CV of WSS magnitude presented a number of significant and positive 

monotonic relationships with disease burden at the arterial level (Figure 5.40; Figure 

5.41). This was not true for measurements of WSS magnitude, WSSG magnitude and 

helicity intensity. However, there are other ways to assess helicity in the coronary arteries 

and that may benefit from the more comprehensive, transient CFD analyses performed 

elsewhere (De Nisco et al., 2019).  

 

Comparisons with Literature  

A previous OCT-based CFD study showed that there was a higher prevalence of lipid-

rich plaques and thin fibrous caps in arteries with low WSS (< 1 Pa), with thinner fibrous 

caps and higher macrophage densities reported in segments with both lipid-rich plaques 

and low WSS (24 vessels) (Vergallo et al., 2014). Despite the low prevalence of TCFA 

in this current work, the specificity of lipid, macrophage (i.e. BS) and TCFA was greatest 

in the proximal vessels of the coronary artery network examined here. These proximal 

segments were also associated with lower average WSS values, as well as 66.2% and 

39.4% more burden of WSS below 0.4 Pa and 1 Pa, respectively. On average, the 

percentage area of the lumen afflicted with lipid-with-BS were three time greater in the 

proximal than distal segments (Table 5.12). These finding agree with Vergallo et al. and 

the spatial distribution of high risk plaque features in the coronary arteries (Konstantinos 
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et al., 2012). However they also reported that arterial sections with low WSS had more 

superficial calcification (Vergallo et al., 2014). This was not found to any degree of 

significance in this work.  

 

More recent work using both OCT and IVUS (in 68 vessels) reported that low WSS 

influenced plaque progression similarly for all phenotypes (Bourantas et al., 2019). 

Similarities between the haemodynamic and geometric characteristics of lipid and 

(superficial) calcium were also measured on a site-specific basis. Our data supports this 

previous work through the significant inverse relationships found between very low WSS 

burden and the area ratios of PFW at the segment and arterial levels. As well as, the 

significant positive relationships between very low WSS burden and 18F-NaF uptake, 

representing micro-vascular calcification activity. These findings are also in agreement 

with the landmark PREDICTION study (Stone et al., 2012), which demonstrated that 

plaque progression occurs in artery sections with low average WSS, provided there is pre-

existing atherosclerotic burden. Our data suggest that micro-vascular calcification activity 

depends on the existence of atherosclerosis (i.e. the absence of PFW), but also local 

haemodynamic behaviour and areas of very low WSS. 

 

Furthermore, average arterial lumen eccentricity was significantly and positively related 

to both lipid burden and 18F-NaF uptake here. Lumen eccentricity is an established marker 

of plaque burden (Hausmann et al., 1994), as well as an independent predictor of 

increased plaque structural stress (PSS) in 4053 virtual histology IVUS frames 

(Costopoulos et al., 2017). PSS has been associated with plaque rupture, ACS and future 

adverse cardiovascular events (Teng et al., 2014, Brown et al., 2016). Here, the average 

eccentricity was integral to the parametric function P and its strength of association with 

18F-NaF uptake (Equation 5.9) (Figure 5.35; Figure 5.47). Additionally, when combined 

with very low WSS burden, average eccentricity improved its correlation with 18F-NaF 

uptake at both the segment and arterial levels (Figure 5.33; Figure 5.46). 

 

Future Perspectives 

This study presents a novel investigation into the relationships between haemodynamics, 

plaque morphology and 18F-NaF uptake, however future work is required to scrutinise the 

findings presented here. As PET radiotracers are transported through the blood, 18F-NaF 

uptake may be preferential to regions with very low WSS for a number of reasons, aside 

from endothelial dysfunction and vascular calcification activity. As regions of low WSS 
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are typically associated with higher particle residence times in regions of low near-wall 

velocity (Himburg et al., 2004), as well as in larger vessel calibres, these two conditions 

could promote tissue uptake. The strong correlations between the parametric function P 

and 18F-NaF uptake could also be attributed to this as P takes into account both vessel 

calibre and an estimation of the flow rate through the measurement of left ventricle mass. 

However, the capacity for very low WSS and existing plaque burden (lipid plus calcium) 

to predict 18F-NaF uptake agrees with established understandings of coronary artery 

plaque progression. 

 

Nevertheless, provided that the utility of 18F-NaF PET continues to show promise 

clinically (Joshi et al., 2014, Bellinge et al., 2018) and that parametric function P proves 

to be useful predictor of 18F-NaF uptake in future work, P could become an invaluable 

metric. P requires only the CT and OCT imaging modalities in order to be estimated 

(ideally with patient HCT, if available). Furthermore, due to the limited dataset here and 

lack of TCFA, the current work focussed primarily on the relationships between 

geometric or haemodynamic quantities and plaque morphology/activity. A more 

comprehensive risk stratification method may be obtained in future, with more data to 

link high risk plaque morphology measured on OCT with 18F-NaF uptake, and other 

functional measurements of haemodynamics. In doing this, follow-up data would be 

necessary to test any prediction of plaque progression and vulnerability. 

 

LIMITATIONS 

Considering the limited statistical analysis possible in this work, this study is not 

conclusive and requires more data to be confident in the results. Furthermore, due to the 

very high number of statistical tests performed it is likely that some of the associations 

seen are due to chance. Particularly, as not all the associations explored have a clear 

pathophysiological or clinical interpretation at this time. Additionally, as only three of the 

ten arteries contained TCFA, this study could not provide any statistically significant 

links between TCFA burden and the arterial geometry, or its haemodynamic environment. 

The limited sample sizes also meant that intra-vessel (LAD, LCx, RCA) comparisons 

were not performed, nor were all of the segments of the coronary artery vascular tree 

represented here. Additionally, the limited samples sizes used to generate the site-specific 

results meant that the location, and prevalence, of the OCT-features was not considered 

when performing the statistical analysis.  
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Furthermore, for the segment-level CFD analysis, the presented results/correlations both 

included and excluded the left main segment from the dataset, as CFD estimations in that 

region were shown to contain error (Chapter 4). In most instances, the absence of the left 

main segment slightly improved correlations with both 18F-NaF uptake and OCT feature 

burdens, however, further investigation is required. Proximal sections of the coronary 

artery network, or reconstructed geometry, are excluded from other CFD studies of plaque 

progression, favouring the reliability of comparisons performed between major branching 

vessels (analysed locally for fixed segment lengths, e.g. Bourantas et al. (2019), Stone et 

al. (2012)). However, this is primarily due to the exclusion of branching vessels in these 

studies rather than the uncertainty of the simulated haemodynamics in the ostia of the 

coronary artery vascular network. 

 

Additionally, the utility and validity of a biomechanical model is dependent on the 

physical assumptions made. This study assumed a fixed plasma viscosity, however, it 

may vary by 10% (Kesmarky et al., 2008), which would change the simulated WSS 

values, proportionately. Furthermore, the HCT values do not remain fixed and are subject 

to as much as 5% error (Mayer, 1965). Neither the Quemada, Carreau Yasuda nor any 

other model is truly patient-specific. The Carreau Yasuda model offers a commonly used 

approximation of viscosity, while the Quemada method estimates the increase or decrease 

in blood viscosity that occurs on behalf of increased or decreased HCT. Note that, the 

implemented Quemada model agrees better with the viscosity-HCT data (Schmid-

Schonbein and Wells, 1971, Formaggia et al., 2009) approaching the high shear-rate 

plateau, as opposed to the lower shear-rate values (γ'<50). The average wall shear rates 

observed during simulation were higher than this (e.g. 402 ± 253 /s: simulation method 

A). 

 

Furthermore, the simulated outlet boundary conditions relied on a commonly used 

morphological relationship (Zamir et al., 1992, Choy and Kassab, 2008), and did not take 

into account the downstream microvascular resistance of the coronary artery vascular 

beds (Kim et al., 2010). Nor were inlet flow rates based on in vivo patient-specific 

measurements from Doppler flow wires (Kumar et al., 2018, Samady et al., 2011), but 

inferred from LVM measurements (Choy and Kassab, 2008, Taylor et al., 2013) (or 

fixed). We also did not account for the time-variability of blood-flow and arterial motion 

(Torii et al., 2010) which restricts the analysis to the simulation of average haemodynamic 

conditions. The CFD models were performed for rigid-wall steady-state conditions, an 
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efficient approximation of average haemodynamic conditions in OCT geometries 

(Chapter 4), also used elsewhere throughout the literature (Bourantas et al., 2019, 

Toutouzas et al., 2015, Bourantas et al., 2014, Stone et al., 2012).  

 

The gated-CT images used here, capture the vessels during diastole, which corresponds 

to the period where the motion of the heart is minimum. The influence that this has on the 

results is expected to be negligible, however, this position nominally favours the left 

coronary artery haemodynamic estimations, as the majority of blood-flow is delivered to 

left-side during diastole (Kim et al., 2010). Note that, while most previous studies have 

used bi-plane angiographic centreline reconstructions (e.g. Bourantas et al. (2019), 

Kousera et al. (2014), Stone et al. (2012)), registering the OCT images to a CCTA-derived 

centreline allows for the 18F-NaF PET data (CCTA-aligned) to be directly mapped onto 

the CFD (CCTA-registered) domain. However, due to the limited resolution of the PET 

imaging, 18F-NaF uptake could not be analysed on a site-specific basis. 

 

CONCLUSION 

This study presented a novel computational framework where the OCT-based CFD 

modelling and plaque analysis was integrated with the uptake of 18F-NaF measured with 

PET/CT. The aim was to determine if pathophysiological WSS or other haemodynamic 

metrics occur in regions of elevated 18F-NaF uptake and/or OCT biomarkers of disease. 

Results were investigated for various simulation methods and at varying degrees of focus: 

local site-specific analysis; artery segment-specific analysis; whole artery analysis (i.e. 

an entire OCT pullback). The inclusion of patient-estimated flow-rates and viscosity 

significantly changed the results of the CFD simulations and are necessary in future work.  

 

The areas of very low, pathophysiological WSS were related to both OCT plaque 

morphology and 18F-NaF uptake. The uptake of 18F-NaF was consistently and positively 

related with areas of very low WSS, while PFW was consistently and inversely associated 

with areas of very low WSS (and 18F-NaF uptake). PFW also had the least local 

association with extreme haemodynamic conditions, while OCT disease morphologies 

were associated with extreme haemodynamic conditions on a site-specific basis. 

Following the positive relationships found between increased lipid burden and average 

lumen eccentricity, a parametric function was formulated to estimate the value of average 

eccentricity divided by average WSS magnitude for a given artery section or segment. 

This was deemed a surrogate for CFD simulation of very low WSS and a predictor of 18F-
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NaF uptake. This formulated function out performed all other metrics (CFD and 

geometric), having a strong correlation with 18F-NaF uptake analysed at both the segment 

and whole-artery levels. However, the combination of very low WSS and total plaque 

burden was more predictive of average 18F-NaF uptake at the arterial level, presenting a 

strong linear relationship. 
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In the last two decades, the computational analysis of coronary artery plaque progression 

and vulnerability has become an established research field. Central to this is the continued 

development of coronary artery imaging technologies, where intravascular OCT and 18F-

NaF PET/CT present the latest invasive and non-invasive modalities to be adapted for use 

in the coronary arteries. Before undertaking this current research, there were only a 

handful of CFD analyses using OCT-based patient-specific geometries, and only one that 

analysed the relationships between haemodynamic metrics and vulnerable plaque features 

(Vergallo et al., 2014). Most recent studies in this area have used other existing imaging 

modalities. For instance, studies have leveraged the benefits of IVUS for both 

computational haemodynamic and structural analyses of lesions to provide new insights 

(Costopoulos et al., 2019, Wang et al., 2019). Yet, when studying the natural progression 

of atherosclerotic lesions in the coronary arteries, OCT provides a number of key benefits 

over IVUS and other existing imaging modalities. The key benefits are:  

 Higher resolution imaging of the patient-specific geometry. 

 Clarity of vulnerable plaque features. 

This current work sought to implement a method that faithfully reconstructs patient-

specific OCT-lumen geometries to use as the basis for accurate haemodynamic modelling 

and the measurement of clinically relevant high-risk plaque features. Furthermore, in an 

effort to understand the relationships between haemodynamic behaviour, OCT 

morphology and the uptake of 18F-NaF in the coronary arteries, a variety of different 

haemodynamic metrics were investigated.  

 

To achieve this a new software environment was created to both quantify and interface 

clinically-relevant data from OCT with data from image-based computational models, 

with the overarching aim of improving the clinical risk-stratification of acute coronary 

syndrome (ACS). The haemodynamic modelling framework was created to be 

computationally efficient and thus fit within clinically-relevant timeframes, while the 18F-

NaF uptake measurements were performed following state-of-the-art methods (Joshi et 

al., 2014), using a common coronary artery segment guide (Leipsic et al., 2014). These 

aspects of the study were controlled to facilitate the future clinical translation of research 

outcomes when/if determined feasible.  

 

Efforts were made to understand the influence of computational modelling methods on 

the outcomes of relevant haemodynamic disease indicators investigated in this work. The 

results of this thesis show, for the first time, the potential for low WSS area analysis to 
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be predictive of 18F-NaF uptake. In previous work, the uptake of the 18F-NaF radiotracer 

correlated with the location of high-risk plaque features in patients with ACS. Throughout 

the computational modelling investigations, a simple parametric approach was 

formulated as an alternative to the more sophisticated CFD estimation of low WSS burden 

(in presence of existing plaque burden). In many instances, this approach demonstrated 

superior correlations with 18F-NaF uptake, ultimately conveying that larger, more 

eccentric vessel segments, with relatively low blood supply and WSS are likely to have 

higher 18F-NaF uptake. 

 

The work presented throughout this thesis has advanced our understanding of 

haemodynamic modelling in the coronary arteries. Specifically, it has provided further 

insights into the limitations of existing methods and also highlighted new relationships 

between haemodynamic variables, geometric parameters, OCT phenotypes and 18F-NaF 

uptake.  However, there is still a significant amount of future work required in the fields 

of CFD and biomechanical modelling to realise their full potential for predicting plaque 

progression.  

 

Below, the significant contributions of this thesis are outlined, along with the limitations 

of the studies undertaken, and areas of future work. 

 

RESEARCH OUTCOMES 

Chapter 2 Geometric Variation and Patient-Specific WSS  

The sensitivity of wall shear stress (WSS) computation to geometric variation from 

CCTA- and OCT-based reconstructions in a left anterior descending coronary artery 

geometry was investigated. This work clearly demonstrates the reliance of low WSS 

estimations on  local geometric features (Kelsey et al., 2017) and emphasised the need for 

high-fidelity 3D reconstructions, as the level of artery wall detail in the CFD model 

underpinned the computational approximation of low WSS burden. However, the average 

approximation of WSS was less sensitive to accurate geometric reproduction. 

 

Chapter 3 Medical Image Reconstruction and Plaque Assessment 

The software described in this Chapter contains fast and effective segmentation and 

reconstruction methods for OCT images, and allows for clinically-relevant plaque 

features to be quantified and stored. Plaque feature measurements are embedded into the 

data for direct coupling with existing 3D registration methods. The speed, precision and 
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flexibility of the proposed segmentation algorithm was shown to be superior to the current 

active contour approach used throughout the literature (and in Chapter 2). This chapter 

also showed how OCT-based reconstructions combine with computational modelling, 

demonstrating site-specific relationships between biomechanical data and high-risk 

plaque features. This work provides the foundation for a novel software environment that 

can extract and interface clinically-relevant data from OCT with the outcomes of image-

based computational models.  

 

Chapter 4 Comparing Imaging Modalities and Boundary Conditions  

In this Chapter, the effects of transient, pulsatile, boundary conditions on CFD 

simulations of the entire coronary artery networks were considered in relation to steady-

state estimations of time-averaged WSS. The effect of reducing the computational domain 

about the areas of interest (i.e. OCT pull-back geometry) was also explored. Transient 

simulations were performed for both rest and exercise, and comparisons between 

accuracy of OCT-based and CCTA-based computational models were investigated. This 

work demonstrated that OCT-based geometries provide improved estimations of the 

haemodynamics in coronary arteries and that reduced domain CFD models employing 

steady-state flow behaviour are comparable to sophisticated transient simulations, if the 

analyst is concerned with average flow behaviour and average WSS. In conclusion, 

simplified, reduced-domain models could be more feasible for translation to clinical 

practice. 

 

Chapter 5 Haemodynamics and Plaque Morphology 

A pilot study of eight patients (20 arterial segments) was performed where the OCT-based 

CFD modelling and plaque analysis, described in Chapter 3, was integrated with the 

analysis of 18F-NaF uptake measured using state-of-the-art methods. The efficient 

reduced-domain modelling approach established in Chapter 4 was implemented and the 

patient-specific haemodynamics were simulated for multiple flow rates and viscosity 

models to assess the influence of key modelling assumptions on correlation with clinical 

data. This novel computational study demonstrated that, amongst other metrics, 

pathophysiological levels of WSS were associated with 18F-NaF uptake and OCT 

biomarkers of disease, on multiple length scales. 

 

The inclusion of patient-specific flow-rates and viscosity significantly changed the results 

of the CFD simulations and were deemed necessary for future work. Significant inverse 
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relationships were found between very low WSS burden and the presence of healthy 

arterial regions (i.e. areas without visible markers of disease), in conjunction with the 

significant positive relationships between very low WSS burden and 18F-NaF uptake. The 

primary outcome of this chapter was evidence of the dependence of micro-vascular 

calcification activity (i.e. NaF uptake) on the existence of atherosclerosis (i.e. absence of 

healthy tissue), as well as areas of very low WSS. These findings agree with previous 

landmark research (Stone et al., 2012, Joshi et al., 2014) and support the utility of CFD 

research in future studies of plaque progression using 18F-NaF PET/CT. 

 

RESEARCH LIMITATIONS 

Chapter 2 Geometric Variation and Patient-Specific WSS  

This work only investigated a single patient and included commonly-used physical 

simplifications. Primarily, a steady-state flow field was simulated, whereas a pulsatile 

flow-field may increase the disparity in the results. Additionally, like other OCT (and 

IVUS) reconstructions, it was assumed that the OCT images were orthogonal to the vessel 

centreline. This assumption can be violated in tortuous vessels as the guidewire does not 

follow the centreline path, but rather the path of lowest bend energy (Ellwein et al., 2011). 

However, no longitudinal displacements had to be altered for the OCT landmarks 

(branches) to agree with those shown on CCTA. 

 

Chapter 3 Medical Image Reconstruction and Plaque Assessment 

The developed segmentation algorithm is not fully automatic and in some instances 

additional manual thresholding and editing is required, particularly in stented regions. 

The OCT segmentation algorithm is fit for the current research, concerned with the 

mechanobiology of natural plaque progression, and offers improvements over existing 

tools. However, to properly study the haemodynamics within stented geometries it is 

recommended that the OCT luminal geometry be merged with a separate patient-specific 

3D-reconstruction of the stent geometry itself (Chiastra et al., 2018), particularly, if mal-

opposed stent struts are present. Additionally, the automated performance of the proposed 

segmentation method requires further study in poor quality OCT images. 

 

Chapter 4 Comparing Imaging Modalities and Boundary Conditions  

Similar to other studies (Bourantas et al., 2019, Toutouzas et al., 2015, Bourantas et al., 

2014, Stone et al., 2012, Kumar et al., 2018, Kousera et al., 2014), the work in this chapter 

is limited by the rigid wall assumption and thus focusses on understanding of how various 
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scenarios affect the simulation of average WSS. Throughout a cardiac cycle there is 

movement of the heart and thus the coronary arteries, which will likely effect the 

haemodynamics. However, as material properties cannot be accurately obtained using 

non-invasive methods, the use of rigid wall models is preferred. Also, the patient-specific 

geometries were bound by lumped-parameter models which were tuned to provide 

generic haemodynamic environments. Actual patient-specific flow rates and pressures 

may differ and may affect the results. Without measuring the flow in vivo using Doppler 

flow wires (Samady et al., 2011, Kumar et al., 2018), the true characteristics of the 

patient-specific flow cannot be captured. Therefore, this work does not show that patients 

with high levels of retrograde flow (more oscillatory conditions) are well represented by 

steady-state simulation methods. In additions, due to the low Reynolds number of 

coronary artery flow, the blood flow was assumed to be laminar, however, flow in the 

aortic root is often turbulent (Benim et al., 2011b, Benim et al., 2011a) and henceforth 

the results in the proximal coronary arteries may be affected by this. This would amplify 

the current haemodynamic uncertainty in these regions. 

 

Chapter 5 Haemodynamics and Plaque Morphology 

Due to the limited sample size and the lack of follow-up data, this study could not provide 

any statistically significant links between thin-capped fibroatheroma burden, arterial 

geometry, haemodynamic environment and actual patient outcomes. The limited sample 

size meant that intra-vessel (LAD, LCx, RCA) comparisons were not performed, nor were 

all of the segments of the coronary artery vascular tree represented here. Following the 

findings of Chapter 4, the haemodynamic analysis of the proximal segments of the 

coronary artery is uncertain, and also requires further investigation. Furthermore, the 

simulated outlet boundary conditions relied on commonly-used morphological 

relationships (Choy and Kassab, 2008, Zamir et al., 1992), and similar to Chapter 4, the 

CFD models were performed for rigid-wall steady-state conditions. Finally, the inlet flow 

rates were not based on in vivo patient-specific measurements (Doppler flow wire) 

(Samady et al., 2011, Kumar et al., 2018). However, flow rates were inferred from the 

mass of the left ventricle which is the standard non-invasive approximation of coronary 

blood supply used in the computational method of CT-FFR (Choy and Kassab, 2008, 

Taylor et al., 2013), which is now the standard approach to clinical care in the UK. 
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FUTURE WORK 

Due to the absence of in vivo patient-specific data, more comprehensive modelling 

approaches were not implemented in this work. However, despite the limitations of the 

modelling approaches implemented here, the methods presented in the final chapter are 

computationally efficient and readily constructed. For these reasons, compared with more 

physically-consistent biomechanical modelling approaches, e.g. transient structural and 

fluid mechanics (Wang et al., 2019), the methods used throughout this thesis are more 

clinically feasible and thus translatable. However, they forgo any analysis of plaque 

structural stress (PSS), which may be of future utility as multifactor indices combining 

OCT plaque morphology with WSS and PSS have demonstrated improved predictions of 

increased plaque burden (Wang et al., 2019). Furthermore, the recent advent of integrated 

dual-function OCT and IVUS imaging catheters (Bourantas et al., 2017, Li et al., 2014) 

may allow future computational modelling processes to exploit the benefits of both OCT 

and IVUS, allowing for more high-resolution fluid-structure simulations to be performed. 

As well as provide a more complete descriptions of plaque morphology for comparisons 

with biomechanical models and 18F-NaF uptake. A future study could investigate such 

advanced imaging and modelling methods in a cohort of patients with follow-up image 

and clinical data. 

 

The pilot data presented in Chapter 5 of this thesis is part of a larger study that is currently 

underway. Having establish the benefits of including left ventricular mass in the 

estimation of patient-specific flow in this computational framework, future modelling 

methods should focus on a single simulation approach and investigate more cases. In 

entirety, this project will recruit 582 patients across Australia and determine if our 

methods can better stratify risk in patients with ACS.  

 

It would also be beneficial to isolate the analysis to particular arteries and segments of 

the coronary artery vascular tree. As atherosclerotic burden favours the proximal 

segments (Wang et al., 2004), any predictions of disease progression should be validated 

in these regions. The left main coronary artery represented a single data point in the 

current work, yet it is associated with substantial plaque burden (Oviedo et al., 2010) and 

connects with proximal segment of LAD artery, which is afflicted with a large proportion 

of all plaque rupture (Hong et al., 2005). 
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Furthermore, while not present in the pilot study presented here, the normal level of 18F-

NaF radiotracer activity in the coronary arteries is currently being determined. A low-risk 

cohort of participants with no prior coronary heart disease and coronary calcium score 

equal to zero are being used to determine the radiotracer activity for each of the coronary 

artery segments (Leipsic et al., 2014). This will help to provide a quantitative basis for 

both coronary artery risk stratification using 18F-NaF PET as well as novel predictors of 

18F-NaF uptake, such as the geometry-based parametric function established in Chapter 

5 of this thesis. With respect to this, any geometry-based function may also be tested 

using other imaging modalities; as the geometric quantities are averaged, they may be 

insensitive to the reproduction of local the geometric features as thus lower resolution 

imaging modalities such as CT may suffice. This should be confirmed in future work. 

 

FINAL REMARKS 

This research has demonstrated the ability for novel computational haemodynamic 

analyses to provide new insights into the functional environment of image-based plaque 

characteristics. The presented data provides a strong foundation for future work 

investigating the relationships between geometry, biomechanics and micro-calcification 

activity detected with 18F-NaF uptake in the coronary arteries. Both, low WSS burden and 

its surrogate parametric approximation were significantly predictive of elevated 18F-NaF 

uptake. As 18F-NaF uptake has already been associated with high-risk plaque features in 

coronary artery disease (Joshi et al., 2014), our data supports the utility of CFD to help 

progress our understanding of the mechano-biological processes involved in plaque 

progression. The computational modelling approaches used here may help maximise the 

information available to assist with the risk stratification of ACS, while posing no further 

harm to patients. 

 

 

  



  Conclusion, Limitations and Future Work 

260 

REFERENCES 

BENIM, A. C., GÜL, F., NAHAVANDI, A., ASSMANN, A., FEINDT, P. & JOOS, F. 

2011a. CFD Analysis of Blood Flow in Human Aorta with Experimental 

Validation. 7th International Conference on Computational Heat and Mass 

Transfer. 

BENIM, A. C., NAHAVANDI, A., ASSMANN, A., SCHUBERT, D., FEINDT, P. & 

SUH, S. H. 2011b. Simulation of blood flow in human aorta with emphasis on 

outlet boundary conditions. Applied Mathematical Modelling, 35, 3175-3188. 

BOURANTAS, C. V., JAFFER, F. A., GIJSEN, F. J., VAN SOEST, G., MADDEN, S. 

P., COURTNEY, B. K., FARD, A. M., TENEKECIOGLU, E., ZENG, Y., VAN 

DER STEEN, A. F. W., EMELIANOV, S., MULLER, J., STONE, P. H., 

MARCU, L., TEARNEY, G. J. & SERRUYS, P. W. 2017. Hybrid intravascular 

imaging: recent advances, technical considerations, and current applications in the 

study of plaque pathophysiology. Eur Heart J, 38, 400-412. 

BOURANTAS, C. V., PAPAFAKLIS, M. I., LAKKAS, L., SAKELLARIOS, A., 

ONUMA, Y., ZHANG, Y.-J., MURAMATSU, T., DILETTI, R., BIZOPOULOS, 

P., KALATZIS, F., NAKA, K. K., FOTIADIS, D. I., WANG, J., GARCIA 

GARCIA, H. M., KIMURA, T., MICHALIS, L. K. & SERRUYS, P. W. 2014. 

Fusion of optical coherence tomographic and angiographic data for more accurate 

evaluation of the endothelial shear stress patterns and neointimal distribution after 

bioresorbable scaffold implantation: comparison with intravascular ultrasound-

derived reconstructions. The International Journal of Cardiovascular Imaging, 

30, 485-494. 

BOURANTAS, C. V., ZANCHIN, T., SAKELLARIOS, A., KARAGIANNIS, A., 

RAMASAMY, A., YAMAJI, K., TANIWAKI, M., HEG, D., MOSCHOVITIS, 

A., FOTIADIS, D., MIHALIS, L., BAUMBACH, A., TORII, R., SERRUYS, P., 

GARCIA-GARCIA, H. M., WINDECKER, S. & RÄBER, L. 2019. Implications 

of the local haemodynamic forces on the phenotype of coronary plaques. Heart, 

105, 1078-1086. 

CHIASTRA, C., MIGLIORI, S., BURZOTTA, F., DUBINI, G. & MIGLIAVACCA, F. 

2018. Patient-Specific Modeling of Stented Coronary Arteries Reconstructed 

from Optical Coherence Tomography: Towards a Widespread Clinical Use of 

Fluid Dynamics Analyses. Journal of Cardiovascular Translational Research, 11, 

156-172. 

CHOY, J. S. & KASSAB, G. S. 2008. Scaling of Myocardial Mass to Flow and 

Morphometry of Coronary Arteries. Journal of applied physiology (Bethesda, Md. 

: 1985), 104, 1281-1286. 

COSTOPOULOS, C., TIMMINS, L. H., HUANG, Y., HUNG, O. Y., MOLONY, D. S., 

BROWN, A. J., DAVIS, E. L., TENG, Z., GILLARD, J. H., SAMADY, H. & 

BENNETT, M. R. 2019. Impact of combined plaque structural stress and wall 

shear stress on coronary plaque progression, regression, and changes in 

composition. Eur Heart J, 40, 1411-1422. 

ELLWEIN, L. M., OTAKE, H., GUNDERT, T. J., KOO, B.-K., SHINKE, T., HONDA, 

Y., SHITE, J. & LADISA, J. F. 2011. Optical Coherence Tomography for Patient-

specific 3D Artery Reconstruction and Evaluation of Wall Shear Stress in a Left 

Circumflex Coronary Artery. Cardiovascular Engineering and Technology, 2, 

212-227. 

HONG, M. K., MINTZ, G. S., LEE, C. W., LEE, B. K., YANG, T. H., KIM, Y. H., 

SONG, J. M., HAN, K. H., KANG, D. H., CHEONG, S. S., SONG, J. K., KIM, 

J. J., PARK, S. W. & PARK, S. J. 2005. The site of plaque rupture in native 

coronary arteries: a three-vessel intravascular ultrasound analysis. J Am Coll 

Cardiol, 46, 261-5. 



  Conclusion, Limitations and Future Work 

261 

JOSHI, N. V., VESEY, A. T., WILLIAMS, M. C., SHAH, A. S., CALVERT, P. A., 

CRAIGHEAD, F. H., YEOH, S. E., WALLACE, W., SALTER, D., FLETCHER, 

A. M., VAN BEEK, E. J., FLAPAN, A. D., UREN, N. G., BEHAN, M. W., 

CRUDEN, N. L., MILLS, N. L., FOX, K. A., RUDD, J. H., DWECK, M. R. & 

NEWBY, D. E. 2014. 18F-fluoride positron emission tomography for 

identification of ruptured and high-risk coronary atherosclerotic plaques: a 

prospective clinical trial. Lancet, 383, 705-13. 

KELSEY, L. J., SCHULTZ, C., MILLER, K. & DOYLE, B. J. 2017. The Effects of 

Geometric Variation from OCT-Derived 3D Reconstructions on Wall Shear 

Stress in a Patient-Specific Coronary Artery. In: WITTEK, A., JOLDES, G., 

NIELSEN, P. M. F., DOYLE, B. J. & MILLER, K. (eds.) Computational 

Biomechanics for Medicine: From Algorithms to Models and Applications. New 

York, NY: Springer International Publishing. 

KOUSERA, C. A., NIJJER, S., TORII, R., PETRACO, R., SEN, S., FOIN, N., HUGHES, 

A. D., FRANCIS, D. P., XU, X. Y. & DAVIES, J. E. 2014. Patient-specific 

coronary stenoses can be modeled using a combination of OCT and flow 

velocities to accurately predict hyperemic pressure gradients. IEEE Trans Biomed 

Eng, 61, 1902-13. 

KUMAR, A., HUNG, O. Y., PICCINELLI, M., ESHTEHARDI, P., CORBAN, M. T., 

STERNHEIM, D., YANG, B., LEFIEUX, A., MOLONY, D. S., THOMPSON, 

E. W., ZENG, W., BOUCHI, Y., GUPTA, S., HOSSEINI, H., RAAD, M., KO, 

Y. A., LIU, C., MCDANIEL, M. C., GOGAS, B. D., DOUGLAS, J. S., 

QUYYUMI, A. A., GIDDENS, D. P., VENEZIANI, A. & SAMADY, H. 2018. 

Low Coronary Wall Shear Stress Is Associated With Severe Endothelial 

Dysfunction in Patients With Nonobstructive Coronary Artery Disease. JACC 

Cardiovasc Interv, 11, 2072-2080. 

LEIPSIC, J., ABBARA, S., ACHENBACH, S., CURY, R., EARLS, J. P., MANCINI, G. 

J., NIEMAN, K., PONTONE, G. & RAFF, G. L. 2014. SCCT guidelines for the 

interpretation and reporting of coronary CT angiography: a report of the Society 

of Cardiovascular Computed Tomography Guidelines Committee. J Cardiovasc 

Comput Tomogr, 8, 342-58. 

LI, X., LI, J., JING, J., MA, T., LIANG, S., ZHANG, J., MOHAR, D., RANEY, A., 

MAHON, S., BRENNER, M., PATEL, P., SHUNG, K. K., ZHOU, Q. & CHEN, 

Z. 2014. Integrated IVUS-OCT Imaging for Atherosclerotic Plaque 

Characterization. IEEE journal of selected topics in quantum electronics : a 

publication of the IEEE Lasers and Electro-optics Society, 20, 7100108-7100108. 

OVIEDO, C., MAEHARA, A., MINTZ, G. S., ARAKI, H., CHOI, S.-Y., TSUJITA, K., 

KUBO, T., DOI, H., TEMPLIN, B., LANSKY, A. J., DANGAS, G., LEON, M. 

B., MEHRAN, R., TAHK, S. J., STONE, G. W., OCHIAI, M. & MOSES, J. W. 

2010. Intravascular Ultrasound Classification of Plaque Distribution in Left Main 

Coronary Artery Bifurcations. Circulation: Cardiovascular Interventions, 3, 105-

112. 

SAMADY, H., ESHTEHARDI, P., MCDANIEL, M. C., SUO, J., DHAWAN, S. S., 

MAYNARD, C., TIMMINS, L. H., QUYYUMI, A. A. & GIDDENS, D. P. 2011. 

Coronary Artery Wall Shear Stress Is Associated With Progression and 

Transformation of Atherosclerotic Plaque and Arterial Remodeling in Patients 

With Coronary Artery Disease. Circulation, 124, 779-788. 

STONE, P. H., SAITO, S., TAKAHASHI, S., MAKITA, Y., NAKAMURA, S., 

KAWASAKI, T., TAKAHASHI, A., KATSUKI, T., NAKAMURA, S., 

NAMIKI, A., HIROHATA, A., MATSUMURA, T., YAMAZAKI, S., YOKOI, 

H., TANAKA, S., OTSUJI, S., YOSHIMACHI, F., HONYE, J., HARWOOD, D., 

REITMAN, M., COSKUN, A. U., PAPAFAKLIS, M. I. & FELDMAN, C. L. 



  Conclusion, Limitations and Future Work 

262 

2012. Prediction of Progression of Coronary Artery Disease and Clinical 

Outcomes Using Vascular Profiling of Endothelial Shear Stress and Arterial 

Plaque Characteristics: The PREDICTION Study. Circulation, 126, 172-81. 

TAYLOR, C. A., FONTE, T. A. & MIN, J. K. 2013. Computational fluid dynamics 

applied to cardiac computed tomography for noninvasive quantification of 

fractional flow reserve: scientific basis. J Am Coll Cardiol, 61, 2233-41. 

TOUTOUZAS, K., CHATZIZISIS, Y. S., RIGA, M., GIANNOPOULOS, A., 

ANTONIADIS, A. P., TU, S., FUJINO, Y., MITSOURAS, D., 

DOULAVERAKIS, C., TSAMPOULATIDIS, I., KOUTKIAS, V. G., BOUKI, 

K., LI, Y., CHOUVARDA, I., CHEIMARIOTIS, G., MAGLAVERAS, N., 

KOMPATSIARIS, I., NAKAMURA, S., REIBER, J. H. C., RYBICKI, F., 

KARVOUNIS, H., STEFANADIS, C., TOUSOULIS, D. & GIANNOGLOU, G. 

D. 2015. Accurate and reproducible reconstruction of coronary arteries and 

endothelial shear stress calculation using 3D OCT: Comparative study to 3D 

IVUS and 3D QCA. Atherosclerosis, 240, 510-519. 

VERGALLO, R., PAPAFAKLIS, M. I., YONETSU, T., BOURANTAS, C. V., 

ANDREOU, I., WANG, Z., FUJIMOTO, J. G., MCNULTY, I., LEE, H., 

BIASUCCI, L. M., CREA, F., FELDMAN, C. L., MICHALIS, L. K., STONE, P. 

H. & JANG, I.-K. 2014. Endothelial Shear Stress and Coronary Plaque 

Characteristics in Humans. Circulation: Cardiovascular Imaging, 7, 905-911. 

WANG, J. C., NORMAND, S.-L. T., MAURI, L. & KUNTZ, R. E. 2004. Coronary 

Artery Spatial Distribution of Acute Myocardial Infarction Occlusions. 

Circulation, 110, 278-284. 

WANG, L., TANG, D., MAEHARA, A., MOLONY, D., ZHENG, J., SAMADY, H., 

WU, Z., LU, W., ZHU, J., MA, G., GIDDENS, D. P., STONE, G. W. & MINTZ, 

G. S. 2019. Multi-factor decision-making strategy for better coronary plaque 

burden increase prediction: a patient-specific 3D FSI study using IVUS follow-up 

data. Biomech Model Mechanobiol, 18, 1269-1280. 

ZAMIR, M., SINCLAIR, P. & WONNACOTT, T. H. 1992. Relation between diameter 

and flow in major branches of the arch of the aorta. J Biomech, 25, 1303-10. 
 

 

  



 

 

 

 

 

 

 

 

 

 

Appendices 
 

 

 

  



 

 

 



 

 

 

 

 

 

 

 

 

 

Appendix A 
 

Journal Articles 
 

 

  



 

 

 



  



 



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019



D
ow

nloaded from
 http://ahajournals.org by on June 24, 2019





























 









































 



























  



 













































 



 

 

 

 

 

 

 

 

 

 

Appendix B 
 

Book Chapters 
 

 

 

 

 

 

 

  



 

 

 



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



<i>Computational Biomechanics for Medicine : Measurements, Models, and Predictions</i>, edited by Poul M. F. Nielsen, et al.,
         Springer, 2018. ProQuest Ebook Central, http://ebookcentral.proquest.com/lib/uwa/detail.action?docID=5394409.
Created from uwa on 2019-06-24 07:08:35.

C
o

py
ri

gh
t 

©
 2

0
18

. 
S

p
rin

ge
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.



 



The effects of geometric variation from OCT-
derived 3D reconstructions on wall shear 
stress in a patient-specific coronary artery  

 

Lachlan J. Kelsey
1,2

, Carl Schultz
3,4

, Karol Miller
2,5

 and Barry J. Doyle
1,6,7 

 
1 Vascular Engineering Laboratory, Harry Perkins Institute of Medical Research, Perth, Australia. 
2 Intelligent Systems for Medicine Laboratory, School of Mechanical and Chemical Engineering, 

The University of Western Australia, Australia. 
3 Department of Cardiology, Royal Perth Hospital, Perth, Australia. 
4 School of Medicine and Pharmacology, The University of Western Australia, Australia. 
5 Institute of Mechanics and Advanced Materials, Cardiff University, UK. 
6 British Heart Foundation Centre for Cardiovascular Science, The University of Edinburgh, UK. 
7 School of Mechanical and Chemical Engineering, The University of Western Australia, Australia. 

 

Keywords: optical coherence tomography, active contour model, wall shear-

stress, computational fluid dynamics. 

 

 

Abstract 

Computational fluid dynamics (CFD) can be used to model the blood flow in pa-

tient-specific arterial geometries and predict atherosclerotic plaque progression, as 

the site specificity of plaques has been shown to depend on the wall shear stress 

(WSS) experienced by an artery’s endothelial layer.  The level of artery wall detail 

in CFD models is expected to underpin predictions of plaque deposition, as it in-

fluences the computation of WSS. In this study, the sensitivity of WSS computa-

tion to geometric variation in a (proximally) stented left anterior descending 

(LAD) coronary artery geometry is investigated. The geometry is reconstructed 

from intravascular optical coherence tomography (OCT) images, which are regis-

tered and merged with computed tomography (CT) to include surrounding arter-

ies. The WSS is modelled for low-, medium- and high-resolution geometries; cre-

ated by altering the point resolution of the contour algorithm used to trace the 

(OCT imaged) artery lumen. The results show that areas of low WSS (and thus 

high thrombotic susceptibility) in the stented portion of the artery depended great-

ly on the resolution of the geometric reconstruction. Compared with the high-

resolution geometry, the low- and medium- resolutions failed to accurately deter-

mine the areas of low WSS in the stented region, as minor geometric features were 

inadequately represented. The sensitivity of WSS to geometric variation is also 

relevant to analyses using coronary artery geometries derived from other imaging 

modalities (particularly those of lower resolution than OCT). 
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1   Introduction 

In 2013, coronary artery disease (CAD) was the most common cause of death 

globally, resulting in 8.14 million deaths worldwide [1]. While the underlying 

mechanisms of CAD are not entirely understood, it is generally accepted that ath-

erosclerosis is the main cause [2,3]. The risk factors for atherosclerotic plaque 

formation in the coronary arteries are typically systemic in nature: i.e. diabetes, 

high cholesterol and hypertension. However, the local site specificity of athero-

sclerotic plaques has been shown to depend on the local haemodynamic behaviour 

and shear stress experienced by an artery’s endothelial layer. Plaques are generally 

located at regions of disturbed flow and low endothelial shear stress. The wall 

shear stress (WSS) experienced by endothelial cells ultimately influences their 

phenotype and therefore the inflammatory component of plaque progression [4,5]. 

Modelling an arteries’ haemodynamics with computational fluid dynamics 

(CFD) can be used to predict the blood flow behaviour in large arteries, such as 

the aorta, renal or carotid arteries (e.g. [6]). Common imaging methods such as 

computed tomography (CT) and magnetic resonance imaging (MRI) have enabled 

accurate reconstruction and modelling of the patient-specific human anatomy of 

these regions. However, imaging the coronary arteries is technically more chal-

lenging, as the spatial resolution of images limits our ability to reconstruct ana-

tomically correct geometries [7]. In order to provide an evaluation of coronary ar-

tery stenosis severity in clinical practice, angiographic images are commonly used 

to create three-dimensional (3D) coronary artery reconstructions [8]. However, 

these reconstructions (which determine the vessel centerline from angiography) 

typically assume that the vessel is either circular or elliptical in cross-section, 

which results in an artificial smoothing of the lumen surface [7]. To increase the 

fidelity/lumen-detail of these bi-plane angiography reconstructions, cross sectional 

information may be acquired/derived from intravascular ultrasound (IVUS) or, 

more recently, intravascular optical coherence tomography (OCT), and registered 

along the vessel centreline. Aside from lumen detail, both IVUS and OCT imaging 

modalities provide useful diagnostic and prognostic information. OCT clearly 

shows high-risk features such as thin fibrous caps, inflammation and lipid pools, 

while IVUS allows for visualisation of atherosclerotic plaques [9].  

Biplane angiography with IVUS was used in the PREDICTION study [10], 

which showed that CFD-computed low WSS regions correlated with regions of 

future plaque progression and lumen narrowing. While proven useful, the resolu-

tion of IVUS is an order of magnitude lower than OCT (i.e. 150 µm vs. 10 µm), 

and thus more likely to cause the loss of spatial information, important to accurate 

model reconstruction (particularly in stented arteries) [11-15]. However, both im-

aging modalities are limited by their axial/longitudinal resolution (≈ 200 µm dis-

tance between images). The level of artery wall detail is expected to underpin pre-

dictions of plaque deposition through better estimation of WSS. Therefore, 

coupling OCT data with image registration and vessel reconstruction methods to 

create 3D coronary artery models for CFD analysis is becoming more common 
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[11,9,14,16,7]. However, in non-stented vessels, previous work has highlighted 

that simplifications to biplane angiographic models have had little impact on WSS 

estimation [8]. Furthermore, the benefit that intravascular imaging brings to WSS 

estimation, i.e. biplane-angiography with IVUS [17], has been shown to be de-

pendent on the geometry, as reasonably expected. Regarding this, CFD models 

based on coronary CT-derived geometries have emerged as a non-invasive means 

to estimate WSS fields which correlate with the site-specificity of plaque (e.g. 

[18]). This is promising given the utility and availability CT.  

When compared to other methods, notably coronary CT, the imaging and re-

construction of OCT is relatively time-consuming, but provides the greatest level 

of wall detail. However, the presence of the guidewire shadow in OCT images is a 

limitation, and depending on the geometric features present, the segmentation of 

the artery lumen can require a high (or low) contour (point) resolution [19]. 

This study explores how changes to the resolution of an active contour model 

(or SNAKE [20]) affect the lumen-segmentation of an OCT-imaged left anterior 

descending (LAD) coronary artery. Similar to previously studies using bi-plane 

angiography (without IVUS or OCT) [8], the primary objective is to see how 

small variations in geometric detail affect the haemodynamics within the vessel 

(WSS computed from CFD) and provide comment on the merit of the reconstruc-

tion method used. The proximal end of the LAD coronary artery contains a stent, 

which may impact the performance of the active contour model, while the results 

are expected to change less in the distal end of the artery. 

 

 

2   Method 

2.1   Geometry reconstruction 

Three versions of a LAD coronary artery geometry were reconstructed from OCT 

image sets (acquired using Dragonfly OPTIS imaging catheters; St. Jude Medical, 

St. Paul, MN, USA). The in-plane pixel resolution of the OCT images was 10 µm, 

while the axial distance between OCT images was 200 µm. For each reconstruc-

tion, a different point-resolution was used to trace the lumen contours. These reso-

lutions contained 25, 50 and 100 points, respectively. The highest resolution re-

construction (100 Pts.) was considered to be geometrically accurate. The lumen 

contours were traced using an active contour function (MATLAB function 

Snake2D, copyright 2010, Dirk-Jan Kroon) previously used for OCT reconstruc-

tion [7], where a deformable spline is used to outline object contours using gradi-

ent vector flow [20]. This results in a non-uniform distribution of points discretiz-

ing the lumen perimeters. For the 100 pt., high-resolution contours the average 

(in-plane) displacement between contour points was approximately 87 µm, how-

ever, at regions of extreme curvature the lumen discretization reduced to OCT 

pixel size (≈ 10 µm). The average displacement between contour points for the 50 

and 25 pt. contours were two and four times greater than the 100 pt. contours, re-



4  

spectively. However, at regions of extreme curvature the minimum distances be-

tween points on the 50 and 25 pt. contours were larger than the OCT pixel size, 

with an average minimum discretization size of 55 and 230 µm, respectively. 

While the reconstruction method used here closely follows that of Kousera et 

al. (2014), there are a few distinctions. Kousera et al. investigated single conduit 

geometries and registered their OCT-lumen contours along manually-traced cen-

trelines (using multiple angiography projections). However, in our study the OCT 

geometry is registered along a CT-derived centreline and merged with CT to in-

clude branching arteries (such as the circumflex) and a distal bifurcation. The 3D 

CT-reconstruction (0.4 mm pixel size) and centreline calculation was performed 

using MIMICS v18 (Materialize, Belgium). The inclusion of side branches has 

been shown to improve the estimation of WSS [16]. The side branches also serve 

as landmarks which guide the orientation of the OCT-lumen contours along the 

vessel centreline. This approach follows previous work [16,21], where the neces-

sary rotations and longitudinal displacements were interpolated in the absence of 

local landmarks. Additionally, while not present in previous OCT-CFD models, 

idealised (circular) branching arteries have been included where visible on OCT 

but not visible on CT (or of insufficient CT-resolution to be reconstructed). 

While calculating the OCT-lumen contours using the active contour algorithm, 

slight modifications to the previous method [7] were implemented to improve the 

success rate of the contour algorithm and reduce the need for image thresholding. 

This was done by altering the initial condition used by the contour algorithm. In-

stead of using a circle as the initial contour, the initial contour was calculated to 

more closely fit the lumen. To do this, the guidewire centre-point (stored during 

the guidewire removal; Fig. 1) was used as an initial estimate of a false lumen cen-

troid, and the following steps were performed: 

 

 Radially search the greyscale OCT image for the points of maximum 

brightness about the centroid.  

 Remove any points whose radius is more than 1.5 standard deviations out-

side of the mean radial distance. 

 Estimate a new centroid from the remaining points (the centroid of a poly-

gon).  

 Repeat this process until the change in the position of the new centroid is 

negligible. 

 Smooth the point cluster with a moving average (11 nearest neighbours) 

and shrink its radii by 15%. This is the initial contour for the active con-

tour algorithm (Fig. 1). 

 

 



5 

 
 

Fig. 1 Determining the lumen of an OCT image (greyscale). The two discontinuities in the 

artery wall are the guidewire shadow (top left) and a branching artery (bottom left) 

 

It should also be mentioned that, in order to completely reconstruct the LAD coro-

nary artery, three OCT image sets were required as each OCT pullback is only 54 

mm in length (270 images). The position of the patient’s stent was a useful land-

mark which helped determine OCT contour orientations, and the nature of the 

connection between the OCT image sets (Fig. 2). A contour matching algorithm 

was implemented to find the rotational mismatch between overlapping contours. 

The mean and root-mean-square (RMS) of the difference in the magnitude of the 

radial vectors of each contour were minimized in this process. 
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Fig. 2 Reconstructed LAD coronary artery geometries. The lower (distal) end of the stent 

is indicated on the medium-resolution geometry (the entire LAD coronary artery is stented 

above this point). OCT images A and B show the (similar) behaviour of the active contour 

model in the stented and non-stented regions of the geometry, respectively 

 

2.2   CFD Mesh 

The volume mesh was constructed within STAR-CCM+ v10.06 (CD-adapco 

Group) using a core unstructured polyhedral mesh and a prism-layer mesh near the 

wall boundary. The prism-layer mesh was progressively refined approaching the 

wall and the thickness of the prism-layer mesh and the surface size (edge length) 

were defined relative to the local lumen diameter. Curvature refinement was per-

formed with a minimum surface size of 10 µm to ensure that details present in the 

geometries were not lost during meshing (Fig. 3). A conservative first-order La-

placian smoothing operation was applied to all three geometries before meshing to 

remove any unnatural transitions between neighbouring OCT contours, as well as 

attached branches. The outlets of the geometry were (normally) extruded by 11 

times their diameter creating layers of prismatic cells to ensure that the outlets 

boundaries were isolated from the region of interest to avoid non-physical behav-

iour and instability in the numerical solution. Note that the polyhedral mesh was 

chosen over the more common tetrahedral mesh as it offers (finite-volume) solu-

tions of similar accuracy at lower cost [22]. 

In order to determine a sufficient level of (uniform) mesh refinement, the Grid 

Convergence Index (GCI) [23] was investigated for the flow conditions outlined 



7 

in Section 2.3, for both the low and high resolution geometries (derived from 25pt. 

and 100pt. active contours, respectively). The same meshing parameters were used 

for each of the geometries and the GCI was determined for the average WSS on 

the LAD surface, the pressure at the inlet and the velocity throughout the domain 

(sum of scattered probes). The meshes were deemed optimal when the GCI was 

less than 2% for all the variables considered [24]. This resulted in meshes of 0.9, 

1.2 and 1.7 million cells respectively for the three geometries (low-, medium- and 

high-resolution). The greater number of cells in the high-resolution geometry 

mesh is attributable to the curvature refinement undertaken to preserve geometric 

features and a slow volumetric growth rate away from these regions. 

 

 
Fig. 3 Mesh cross-section and surface refinement (high-res. geometry) 

 

 

2.3   Physical Assumptions and Boundary Conditions 

The blood flow was approximated as laminar and was considered to be an iso-

thermal, incompressible, (Carreau-Yasuda, generalized) non-Newtonian fluid with 

an infinite-shear viscosity of 0.0035 Pa∙s and a density of 1050 kg/m
3
 [24-26].  

The walls of the arteries were characterised by a no-slip, rigid wall boundary con-

dition [27,28] and the Navier-Stokes and continuity equations were solved using 

STAR-CCM+ (using a finite-volume discretisation and a second order upwind 

convection scheme). The convergence of each solution was considered to be 

achieved once the variables measured for determination of GCI were stable, and 

were supported by low (iterative) residuals (i.e. 10
-12

 RMS-absolute error for each 

direction of momentum and continuity). 

As previous reports have shown that the WSS fields resulting from steady-state 

and transient simulations matched qualitatively [29], the geometries were com-

pared for a steady-state flow field. The inlet flow (left main coronary artery) was 

set to an assumed mean diastolic flow-rate of 57 ml/min [30] (Reynolds Number = 

130), which is half the maximum flow-rate. The flow-rate out the patient’s cir-

cumflex was 29% of the inlet flow [31]. For the remaining (unquantified) LAD 
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coronary artery outlets, the flow was split according to Murray’s law, where the 

flow leaving each outlet is proportional to the cube of the outlet diameter (d) [32]. 

This is supported by the solution to the Poiseuille flow equation (1); as blood ves-

sels are proven to regulate their size in order to maintain nominal levels of WSS 

(ꞇw) [33]: 

 
Q = (π/32µ) ꞇw d

3    
(1) 

where, 

Q is flow-rate, and 

µ is dynamic viscosity. 

 

To ensure that the inlet velocity field was well developed, after each solver itera-

tion the inlet velocity profile assumed the shape of the velocity profile three cell 

lengths downstream (while enforcing the desired mass-flow). This approach is 

similar to assumptions of fully-developed parabolic flow and Womersley velocity 

profiles [34], but also accounts for the asymmetry induced by the downstream ge-

ometry. The inlet velocity profiles for each of the three geometries were the same, 

as the geometry immediately downstream from the inlet was CT-based and suffi-

ciently far upstream from the OCT geometry sections to be influenced by changes 

to the geometry (Fig. 4). 

 

 
Fig. 4 Inlet velocity profile 

 

2.4   Low WSS Analysis 

Stent implantation causes changes in vascular geometry that alter local velocity 

and WSS distributions. These variations have been correlated with neointimal hy-

perplasia [35] and the ability of endothelial cells to migrate onto stent surfaces 

[36]. In relation to WSS, levels of 0.4 Pa or less has been associated with neointi-

mal thickening in the coronary arteries [35,37]. Time-averaged WSS values below 

this threshold have been used to quantify the impact of implanted stents (using 

OCT derived geometries) [11]. Furthermore, previous work has shown that mono-
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cyte adhesion exponentially increases when WSS is below 0.4 Pa [38,39]. There-

fore, regions of WSS below 0.4 Pa are used in this study to identify areas of 

thrombotic susceptibility, and form a relevant basis for the comparison of the three 

geometries. 

 

 

3   Results and Discussion 

For the low-, medium- and high-resolution geometries, the LAD coronary artery 

surface-averaged WSS was 0.835 (+7%), 0.794 (+2%) and 0.78 Pa, respectively. 

This was inversely related to the differences in the surface area of the three OCT 

geometries; the surface areas were 9.27 (-4%), 9.58 (-1%) and 9.69 cm
2
. Further-

more, the standard deviation of WSS across the LAD coronary artery increased 

with the resolution of the geometry; the values for the three geometries were 0.494 

(-8%), 0.524 (-2%) and 0.537 Pa, respectively. These trends are not unexpected, 

and are not indicative of large variations in the WSS fields. This is supported by 

the circumferential averaging of WSS along the LAD coronary artery centreline 

(Fig. 5), as well as the qualitative agreement observed for the solutions to WSS 

(and velocity) throughout the LAD coronary artery (Fig. 6). 

 

 

 
 

Fig. 5 Circumferential-averaging of WSS along the LAD centreline 
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Fig. 6 Comparing the WSS fields for a wide range of values 

 

However, the variation in the regions of low WSS, below 0.4 Pa, is much greater 

than the aggregate differences (discussed above). These differences occur in the 

proximal half of the LAD coronary artery where the artery is stented (Fig. 7). 

While not completely different to the low-resolution geometry, the walls of the 

medium- and high-resolution geometries contain a larger number of localised re-

cesses that harbour low-velocity blood and therefore have low WSS (Fig. 7). For 

the low-, medium- and high-resolution geometries, the area of the LAD coronary 

artery surface below 0.4 Pa is 0.66 (-51%), 1.08 (-19%) and 1.34 cm
2
, respective-

ly. The low WSS analysis of the stented geometry appears to be very sensitive to 

the fidelity of the reconstruction. This is similar to previous observations of WSS 

field variation in a stented artery, which compared IVUS and OCT reconstruc-

tions. However, in that study the differences were more extensive [14]. Further-

more, the similarity of the WSS fields in the distal half of the three geometries ex-

amined here concurs with results from analyses of non-stented coronary arteries, 

reconstructed using a range of methods (including biplane angiography with OCT) 

[9]. 

 



11 

 
 

Fig. 7 Areas of WSS below 0.4 Pa 

 

There are a number of limitations to this study. This work only investigated one 

patient’s geometry. Furthermore, the model depended on physical simplifications 

which are commonly implemented. Primarily, a steady-state flow field was used; 

whereas, a pulsatile flow-field would likely increase the disparity in the results. 

Additionally, like other OCT reconstructions, it was assumed that the OCT images 

were orthogonal to the vessel centreline. This assumption is not suitable for tortu-

ous vessels, as the guidewire does not follow the centreline path, but rather the 

path of lowest bend energy. It is recommended that the guidewire path is always 

taken into account to minimise the reconstruction error (i.e. [11]). This was not 

necessary for the geometry used here as the guidewire followed the vessel centre-

line and no longitudinal displacements had to be altered for the OCT image land-

marks (branches) to agree with those shown on CT. Furthermore, while the high-

resolution contour accurately segmented the lumen from the images, the stented 

geometry was not perfectly captured by OCT. Due to strut reflections; minor ge-

ometric details are missing where the stent struts are not embedded in the artery 

wall, as a neointimal layer has not yet developed in some areas of the stented LAD 

lumen. 
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4   Conclusion 

Care should be taken when reconstructing geometries from OCT images to ensure 

that the final geometry closely represents the underlying imaging. This is particu-

larly true for analyses of stented arteries (or complex geometries) – otherwise, 

poor reconstructions may produce misleading or incorrect results.  

In this study, the high-resolution (100 pt. contour) reconstruction accurately 

represented the OCT images for the entire LAD coronary artery lumen. In the un-

stented region of the artery, the lower-resolution reconstructions produced very 

similar geometries, and thus similar results when modelling the haemodynamics.  

However, the areas of low WSS in the stented portion of the artery depended 

greatly on the resolution of the geometric reconstruction. Compared to the high-

resolution reconstruction, both the low- and medium- resolutions failed to accu-

rately determine the areas of low WSS, as minor geometric features were inade-

quately represented. 

While alternative OCT segmentation methods are available (e.g. [14]), the ac-

curacy of the final geometry is limited by the ability of OCT to capture the in vivo 

geometry. In this regard, the axial distance between OCT images is more limiting 

than the pixel resolution (and cross-sectional information) of the images. Further-

more, the sensitivity of localized WSS to geometric differences is just as relevant 

in analyses using geometries derived from other imaging modalities. 
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Fundus image based blood flow simulation of the
retinal arteries

Andreas Kristen, Barry Doyle, Matthias Schuh

Abstract Computational fluid dynamic (CFD) simulations can help to understand
the hemodynamics of the retinal vascular network and the microcirculation. Sys-
temic diseases, like hypertension and diabetes change the geometry and blood flow
in the retina, which is a indicator for cardiovascular diseases. The aim of this study is
to create a plane 2D model of the retinal arterial network based on a high-resolution
fundus photograph to perform a CFD simulation on its blood flow. The blood ves-
sels were segmented from the image with the Frangi’s filter method. A structural
fractal tree were implemented to calculate the boundary conditions obtained of the
peripheral vascular bed. With the Frangi’s filter method and the high-resolution fun-
dus image a comprehensive model of the visible retinal artery network could be
achieved. The simulation results show realistic velocity and pressure distributions
of the retinal blood flow in a healthy retina compared to in-vivo measurements in
the literature.
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1 Introduction

The retina is effected by numerous systemic disease related to the vascular circula-
tion, like diabetes, hypertension and atherosclerosis, which are belonging to major
health problems in modern society [7]. Several studies show that narrowing of reti-
nal arterioles and widening of the retinal veins indicate cardiovascular health risk
including coronary heart disease (CHD), hypertension and risk of strokes even be-
fore clinical symptoms of the disease occur [11, 25]. Therefore, the eyes represent
a window into the cardiovascular health of a person. The retinal vasculature with
blood vessels with diameters less than 150 µm include the small resistance arteries,
arterioles, capillaries and venules in the microcirculation [24]. These make up the
largest part of the circulation system of a person, but it is still not possible to exam-
ine this system non-invasive, except in the retina. Compared to large arteries, vessels
of the microcirculation have different rheological properties due to the physiological
and physical limit [5].

Therefore, it is necessary to understand the hemodynamics of the retinal vascula-
ture and investigate the microcirculation system. Fundus photograph is a widespread
and easy to perform imaging method to gain a view onto the retinal blood vessel
network, consequently on the microcirculation of a person. A realistic model of the
retinal vascular network can improve the knowledge of the hemodynamics and may
help physicians to detect abnormalities earlier.

The aim of this work is to investigate the blood flow in the retina by computa-
tional modelling and a computational fluid dynamics (CFD) simulation. The data
for the model are obtained from a fundus photograph. In all visible branches of the
plane 2D retinal artery network the velocity and pressure distribution is examined.

2 Methods

For this work we used a high resolution fundus image from the free High-Resolution
Fundus (HRF) Image Database (Friedrich-Alexander Universitaet Erlangen-Nuernberg)
[3] of a healthy subject. The image of the retina were taken by an expert with a
CANON CF-60UVi camera and has a resolution of 3504x2336 pixels. The vessels
were segmented with the method described by Budai et al. [2] using the Frangi’s al-
gorithm [29] for ridge detection. Frangi’s filter method extracts tubular objects based
on measurements of the eigenvalues of the Hessian matrix. The Hessian matrix con-
tains the second-order derivatives in a local neighbourhood. Before applying the
Frangi’s filter, the RGB image was decomposed into the green channel, because this
offers the best illumination [2]. Then histogram stretching and homomorphic filter-
ing were performed to normalise and increase the contrast as well the brightness and
remove noise. The Frangi’s algorithm were applied on the image with σ = 1,2...8,
on a rescaled image by the factor of 0.5 with σ = 1,2,3,4 and on a rescaled image
by the factor of 0.25 with σ = 1,2. σ is the standard deviation of Gaussian to ap-
proximate the second-order derivatives. The filter correction constants β1, β2 were
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set to 2 and 4. The images are converted to binary images by a threshold and rescaled
back to the original size. The final segmented blood vessels is the result of the orig-
inal and rescaled superimposed images. The different scaled images helps to keep
the geometry of the vessels compared to the basis fundus image. When increasing
the sigma stepwise the segmented vessel gets thicker, which means that tiny vessels
become at a specific sigma too thick, whereas the larger vessels are still thinner than
in the basis image. In the rescaled images the larger vessels are widened, while the
tiny vessels are not detected anymore. The original fundus image with the green
channel and the segmented vessels are shown in Fig. 1.

Fig. 1 a) The basis fundus image of a healthy subject taken from the High-Resolution Fundus
(HRF) Image Database [3] extracted to the green channel. b) Segmented blood vessels after apply-
ing Frangi’s filter algorithm.

Since the CFD simulation is performed on the artery tree, the segmented vessels
have to be divided into arteries and veins. The classification was done manually and
the arteries were marked on the original image with red lines and the veins with blue
lines. A special written MATLAB (MathWorks, USA) script compared the original
image with the added lines and the segmented blood vessels to generate a new binary
image containing just the arteries or veins. The classification into arteries and veins
as well the segmentation showing only the artery network are displayed in Fig 2.

With Mimics v18 (Materialise, Belgium) a mask was created of the binary file
shown in Fig. 2b, which was scaled into mm by using the standard optic disc di-
ameter assumed to 1.85 mm [10, 9] and exported into 3-mativ v10 (Materialise,
Belgium) afterwards. A smoothed geometry curve were generated to export the seg-
mented blood vessels as a STL or CAD file containing a plane surface. The geometry
can be imported directly into ANSYS Workbench v15 (Ansys, USA) to mesh the
structure, define the boundary conditions and run the CFD simulation with ANSYS
Fluent v15.

For the mesh of the vessel structure quadrilateral mesh were used including on
each wall boundary inflation with 20 layers starting on the wall with a size of 0.5 µm
and growing with a factor of 1.2 into the centre.

The blood flow in the retinal arteries is assumed to be steady and governed by
the Navier-Stokes equation for incompressible fluid [12, 19, 1]
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Fig. 2 a) Classification of the retinal blood vessel network into arteries marked red and veins
marked blue. b) Arteries divided from the segmented blood vessels.

∇ ·V = 0
ρ(V ·∇)V =−∇p+µ∇2V (1)

where V is the velocity of the blood, p the pressure, ρ the blood density, and µ is
the dynamic viscosity of the blood. The vessel walls were assumed to be rigid [12]
and the density of the blood was set to 1055 kg/m3 [18]. Because the diameters of
the visible arteries are in the range of 15-120 µm and the complex characteristic of
blood, a non-Newtonian fluid model has to be considered. In the microcirculation
the dynamic viscosity depends on the hematocrit and vessel diameter, known as the
Fahraeus-Lindqvist effect [21]. But in our simulation we used the standard non-
Newtonian fluid model Carreau-Yasuda for blood flow.

Due to some of the smaller vessels are not visible on the image or were not
detected by the segmentation, the unsolved peripheral vessels were modelled by
generating structural fractal trees [17, 26]. The same was applied for the vessels
ending abruptly on the edge of the fundus image due to the limitation of 2D planar
photographs. The outlet diameters in the image are in the range of 14-86 µm. For
all vessels terminating with diameters larger or equal 30 µm are connected to an
asymmetric binary structured tree, where at each bifurcation the radius of the two
daughter vessels is scaled by factors α and β. The relationship across bifurcations
between the radius of the parent vessel rp and the two daughter vessels rd1, rd2 can
be described by the power law

rp = rd1
ξ + rd2

ξ (2)

and the asymmetry index γ

γ =
rd2

2

rd1
2 (3)
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where ξ is set to 3 [16] and γ to 0.62 and 0.41, respectively, depending on the
vessel radius [14, 30]. A schematic structured fractal tree can be viewed in Fig. 3.

1.

2.

3.

rp

rd1 rd2

= rp = βrp

Blood flow

Structured fractal tree

a) b)

Q0,P0

Pend

Fig. 3 a) An asymmetric binary fractual tree. b) Schematic structural fractal tree connected to the
trunk vessel.

To generate the vascular bed, the branches of a fractal tree terminates, when the
daughter vessel reaches a diameter below 30 µm and have an equal relative pressure
Pend of 0 mmHg [12]. The outflow boundary condition at each outlet is given by the
pressure drop

∆P = P0 −Pend = R0 ×Q0 (4)

where R0 is the total resistance of each fractal tree, Q0 the volumetric outflow
rate and P0 the outflow pressure at the outlet of the trunk arteries [18, 12]. The total
resistance of each fractal tree is calculated iteratively in recursive manner starting
from the terminal branch.

A constant velocity from the central retinal artery of 0.07 m/s [15] was assumed
as the inlet flow. The no-slip condition was used for the wall boundaries, where
the wall shear stress (WSS) at the wall interface is infinite and thus the velocity
zero [6]. The values for the non-Newtonian fluid model Carreau-Yasuda were set to
η0 = 2.5mPa.s, η∞ = 160mPa.s, λ = 8.2s, n = 0.2128, a = 1,23 adopted from Cho
et al. [4] with additional reduce the η∞ to approximate the viscosity by the model
of Pries. The Navier-Stokes equation were solved numerically by the commercial
finite volume solver ANSYS Fluent.

3 Results

The visible arterial network has 2 inlets, where the central retinal artery (CRA)
enters the network in the optic disc and branches into the superior temporal and
inferior temporal arteriole [28]. The outflow occurs via 52 outlets (see Fig. 4). To
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take account that the inlet flow of the CRA is divided into two arteries the velocity-
inlet boundary is set by the volume flow rate vCRA ×ACRA = v1 ×A1 + v2 ×A2 with
v1 = v2 and A1 = A2. Resulting at each inlet a velocity of 0.037 m/s by using a mean
CRA diameter of 175 µm [8].
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Fig. 4 Retinal arterial vessel network with 52 outlets represented by ’Oi’ and a split at the optic
disc for 2 inlets represented by ’Ii’. (Rotated through 180◦ compared to the raster image.)

Fig. 5 shows the blood flow velocity distribution in the retinal arterial network.
The velocity vectors at 3 bifurcations (junction J1, J2, J3) are displayed in Fig. 1. As
the volumetric flow rate is defined as Q = v×A, the velocity is depend of the diam-
eter of the vessel. At each bifurcation the flow rate as well the velocity of the blood
is reduced, which shows the calculated velocity distribution correctly. This is also
in correlation with measurements in the human retinal arteries performed by Riva
et al. [23]. At the ending branches after several bifurcations the blood flow reaches
a nearly zero velocity (1×10−5 m/s). Exceptions are vessels with less bifurcations
leaving the visible vascular network near the optic disc (e.g. O2, O30). The velocity
profiles were close to parabolic and became flatter downstream (see Fig. 7), which
is similar to the results from Liu et al. [12].

Fig. 8 shows the pressure distribution of the retinal arterial network. The pres-
sure drops further away from the optic disc to the terminating branches to around
14-15 mmHg, whereas the vessels leaving the visible vascular network near the op-
tic disc maintain a high pressure level. Yet, there are still no direct measurements
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Fig. 5 Contour plot of the velocity distribution of the retinal arterial network.

Fig. 6 Vector plot of the velocity at junction J1, J2, J3.
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Fig. 7 Velocity profiles at section S1 and S2.

of pressure drops in human retinal arteries [12], but Quigley et al. [22] estimate a
pressure drop form the optical disc to the peripheral vessels with diameters of 30 to
40 µm to around 15 mmHg, which correlates with this study. In Tab. 1 are listed the
pressure drops and velocities for certain outlets.

Fig. 8 Contour plot of the pressure distribution of the retinal arterial network. (1000 Pa ≈
7.5 mmHg)
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Table 1 Calculated pressure drop and mean velocity at outlet.

Location Pressure drop (mmHg) Mean velocity (cm/s)

O1 8.55 0.93
O2 12.38 2.31
O3 10.08 0.84
O4 9.47 0.52
O5 12.75 1.02
O6 15.38 2.25
O7 13.00 0.10
O8 15.08 0.86
O20 15.38 0.01
O21 15.38 0.04
O29 13.22 0.43
O30 7.80 1.80
O31 13.76 0.07
O42 15.34 0.01
O43 15.27 0.02
O44 15.20 0.34
O45 13.91 0.23

4 Discussion

In this study we have investigated the blood flow of the retinal artery network by
computational fluid dynamics of a high-resolution fundus image as a plane 2D sur-
face, ignoring all 3D geometry, like the curvature of the retina and the tubular form
of the vessels. Due to the sphere geometry of the retina the length and diameters of
the vessel branch are not represented correctly in a plane 2D model. Furthermore,
the volumetric flow rate behave different in a 2D simulation and consequently the
pressure (refer to ∆P = R0 ×Q0), because the cross section is calculated as a rect-
angle and not with r2 × π . Also the assumption of a steady blood flow does not
consider cardiac cycles.

In our simulation we used the Carreau-Yasuda non-Newtonian fluid model,
which is used general blood flow simulations, but it is not considering the Fahraeus-
Lindqvist effect in microcirculation, where the viscosity depends of the hemat-
ocrit and vessel diameter and increases in vessels with diameters below 40 µm [20]
(hematocrit HD = 0.45). But in the range of 40-120 µm with shear rates of 1500-
1800 1/s [27], both models provide nearly similar dynamic viscosities. In a math-
ematical model of Takahashi et al. [27] about hemodynamic parameters in the hu-
man retina vasculature, the apparent viscosity decreases even till a vessel diameter
of 7.4 µm.

The not visible vessels or ending vessels due to the limitation of planar 2D pho-
tographs are represented by a structural tree, which makes possible to generate the
outlet boundaries, but it does not adequately represent the real branching of the ves-
sels and their physical parameters. In this study we used a terminating criteria, like
the previous blood flow simulation studies of Liu et al. [12] and Malek et al. [13], of
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an vessel diameter below 30 µm, where the pressure is set to Pend = 0. 16 of the 52
outlets have diameters below 30 µm and are assumed as the final vessel bed, which
generates an abrupt pressure change inside the vessel system. As a consequence the
blood flow accelerate in front of the outlet and creates unphysiological conditions
(see outlets O6, O14, O26). The attempt to calculate down to 14 µm as terminating
criteria failed due to unrealistic results. In further studies the structural fractal tree
have to be designed down to vessel diameters below the tiniest vessel in the model.
Takahashi et al. [27] stated in their study that the pressure drop of the vascular bed
after the arterioles to the capillaries occurs only within a vessel diameter of 5 µm and
before the intravascular pressure in the retinal arteries decreases from 38.9 mmHg
at a vessel diameter of 108 µm to 29.3 mmHg at a vessel diameter of 5.1 µm.

5 Conclusion

In this study we presented a CFD simulation of the blood flow in the retinal arteries
of a planar 2D vessel network model. The vessel network with 52 outlets and visible
branches with diameters of 14 µm were obtained from high-resolution fundus photo-
graph with the Frangi’s filer method. This is the most comprehensive human retinal
artery network reported in the literature, where a CFD simulation was performed.
Based on this initial model, further CFD studies can be realised to understand the
hemoynamics in the retinal microcirculation.
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