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SUMMARY

SHORT ABSTRACT

BACKGROUND: Cardiovascular disease (CVD) is the leading cause of

death in economically developed countries, of which a signi�cant subset is

untimely. Additionally, the socio-economic impact of non-fatal cardiovas-

cular events such as stroke or myocardial infarction, highlights the need

for accessible screening tools. Existing technologies are often costly, re-

quire operator expertise, and are con�ned to dedicated medical facilities.

The InSiDe-project aims to introduce a novel, user-friendly cardiovascular

screening technique using laser Doppler vibrometry (LDV), which meas-

ures skin displacement caused by cardiac pulses. By assessing pulse transit

time (PTT) between the carotid and femoral artery measurement sites, the

system estimates pulse wave velocity (PWV) � a key biomarker of arterial

stiffness and CVD risk. This thesis explores the potential applications of

LDV in enhancing arterial stiffness assessment.

PART II: LDV enables a fast and non-invasive (potentially even non-

contact) acquisition of cardiovascular signals but suffers from the com-

plexity and interpretability of the measured signals and inconsistent signal

quality, both across and within subjects. To address this, a real-time signal-

quality metric was developed using features of recurring heartbeat related

patterns, exploring two distinct signal pattern detection techniques: matrix

pro�le and template matching. This can guide operators during measure-

ments to improve overall signal quality. Algorithms were then created to

compute PTT using these patterns. It was found that both methods allowed

for reliable pattern detection leading to indicative quality metrics.

Besides detecting patterns, we also explored a method to en-

hance the quality of the signals to process. Using ’beamforming’,

we exploited the availability of multiple LDV-channels (6 signals per

handpiece/measurement site) to enhance signal quality. Signals were

time-aligned and combined using weights based on signal-to-noise ratios.

It was found that analysis based on beamformed signals yielded a more

robust PTT estimate than benchmark methods.

xix



SUMMARY

PART III: While carotid-femoral PWV is a clinically feasible and well-

accepted standard method to assess arterial stiffness, it cannot measure the

stiffness of the most compliant segment of the aorta. Therefore, we ex-

plored an alternative PWV-pathway from the heart to the carotid artery,

which includes the ascending aorta. A feasibility study assessed four ways

to estimate heart-carotid PTT using two measuring positions on the heart

and two different features on the signals measured on the heart and carotid

artery, associated with opening and closure of the aortic valve. The most

effective method used the second heart sound (aortic valve closure) and

carotid dicrotic notch, with the LDV probe aimed at the base of the heart

where the most consistent signals could be recorded.

During the development phase, we always co-registered the ECG sig-

nal to support signal processing and to provide a reference indication of

the onset of cardiac contraction. Future LDV technology, however, should

not include ECG. We therefore developed a deep neural network (DNN)

to infer heartbeat timings from carotid LDV signals alone. This enabled

ECG-free segmentation of heartbeats and automated heart-carotid PTT cal-

culation with a stronger agreement to ground-truth.

CONCLUSION: This work presents algorithmic enhancements to an

LDV prototype for improved cardiovascular assessment. Real-time signal

quality metrics and beamforming techniques support carotid-femoral PTT

estimation, while a deep learning model enables ECG-free heart-carotid

PTT measurement. The heart-carotid pathway shows potential as a com-

plementary biomarker to carotid-femoral PWV. Despite promising results,

broader clinical adoption requires improved hardware and signal stability

to overcome current limitations.

LONG ABSTRACT

BACKGROUND

Cardiovascular disease (CVD) is responsible for about one-third of

all deaths in economically developed countries, with many considered

untimely. Non-fatal events like stroke, heart attacks, and heart failure

also have major personal and societal consequences. To assess CVD risk,

especially in people with hypertension, clinicians often use the SCORE2

and SCORE2-OP models. These tools estimate the 10-year risk of fatal

and non-fatal cardiovascular events in individuals aged 40 and older.

The 2024 European Society of Cardiology guidelines recommend using

additional risk assessment tools for people under 40 with risk factors like

high blood pressure, smoking, or obesity. These tools are also useful

for those with borderline clinical indicators. Supplementary diagnostics
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such as ECG, vascular ultrasound, and arterial stiffness measurements are

advised in these cases.

Arterial stiffness, which increases with age, is a strong predictor of car-

diovascular disorders. It is commonly measured using pulse wave velocity

(PWV), which re�ects how fast a pulse wave travels through the arteries.

PWV is typically derived from the pulse transit time (PTT), de�ned as the

temporal delay between the arrival of the pulse wave at two anatomically

distinct measurement sites, divided by the distance separating these sites.

Higher PWV indicates stiffer arteries and greater cardiovascular risk. Tra-

ditional PWV measurement methods like MRI, ultrasound, and applanation

tonometry are often expensive, require expert operators, and are typically

limited to specialized medical facilities. These limitations have driven in-

terest in alternative approaches to assess PWV.

One promising method is laser Doppler vibrometry (LDV), which uses

laser light to infer vibrations � originating from cardiac contraction and

the propagating pulse � on the skin surface with minimal contact. When

applied to the neck and groin simultaneously, LDV can measure carotid-

femoral PWV. This technique has been developed and tested in EU-funded

projects (CARDIS and InSiDe), resulting in a working prototype used in

two clinical studies (named CARDIS and InSiDe) and each involving 100

patients. To support the development of the device, parallel development

of algorithms to extract clinically relevant information from LDV measure-

ments was necessary.

The PhD pursued three primary objectives. First, it aimed to develop

a real-time signal quality index to enhance the reliability and ef�ciency of

pulse wave velocity (PWV) measurements by enabling the identi�cation

of high-quality signal segments during acquisition. Second, a pseudo real-

time algorithm for estimating carotid-femoral PWV was to be implemen-

ted, allowing for near-instantaneous analysis and feedback suitable for clin-

ical settings. Third, the feasibility of heart-carotid PWV as an alternative

biomarker for arterial stiffness was investigated, with the goal of expanding

the diagnostic toolkit for vascular health assessment.

PART II: Laser-Doppler vibrometry carotid-femoral signal-quality

enhancement and pulse transit time estimation

LDV offers a non-invasive and relatively rapid method for assessing arter-

ial stiffness, but its effectiveness can be limited by variable signal quality.

This variability is observed both across subjects, within a subject over the

duration of the measurement and over the six sensors within a single LDV

handpiece. To address this, a real-time signal quality metric was developed,

designed to enhance measurement reliability by guiding the operator during

xxi



SUMMARY

acquisition. The metric was based on features extracted from automatically

detected recurring patterns in the LDV signals, presumed to correspond to

heartbeat-induced perturbations. Two algorithms � matrix pro�le analysis

and template matching � were employed for pattern detection. This quality

metric was integrated into the measurement interface to provide real-time

feedback.

Building upon insights gained from the signal quality analysis, ded-

icated algorithms were developed for PTT estimation, utilizing the previ-

ously identi�ed waveform patterns to enable robust and automated feature

extraction. The resulting algorithm, termed CAPE (Continuous Automatic

PWV Estimation), employs template matching for the automated selection

of �ducial points and facilitates beat-to-beat analysis of LDV signals in

near real-time. CAPE was evaluated using a multichannel LDV database

comprising 100 patients (CARDIS: 50 male, 50 female). By incorporat-

ing real-time signal quality control, the framework selectively analyzed

high-quality data segments. In the subset of patients meeting these qual-

ity criteria, CAPE demonstrated strong concordance with reference meas-

urements obtained via applanation tonometry, con�rming its potential for

reliable and ef�cient carotid-femoral PWV estimation in clinical settings.

To further improve signal �delity, a beamforming approach was in-

troduced, exploiting the multidimensional nature of the LDV data. This

method aligned the six sensor signals in time and combined them into a

single trace with enhanced signal-to-noise ratio (SNR), using a segment-

wise weighted sum based on blind SNR estimation. Template matching

performed on the resulting beamformed signals yielded more robust PTT

estimates compared to conventional methods. This was tested on a high-

quality subset of the CARDIS database.

PART III: Investigating heart-carotid pulse transit time for arterial

stiffness assessment

Although carotid-femoral PWV remains the clinical reference standard due

to its extensive validation, alternative measurement pathways may provide

complementary insights into arterial stiffness, particularly in vascular re-

gions not encompassed by the standard route. One such alternative is the

heart-carotid pathway, which includes the proximal ascending aorta, con-

tributing most to the buffering capacity of the aorta due to its high com-

pliance. A feasibility study was conducted using LDV data from the IN-

SIDE clinical trial, comprising 100 participants (55 male, 45 female), to

evaluate the potential of this pathway. The study investigated two heart

measurement sites � speci�cally, LDV probe placement at the right second

intercostal space (close to the base of the heart) and the �fth left intercostal
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space (close to the apex of the heart) � in combination with two heart-

carotid �ducial point combinations for PTT estimation: (i) the �rst heart

sound paired with the foot of the carotid pulse wave, and (ii) the second

heart sound paired with the carotid dicrotic notch. This resulted in four

heart-carotid PTT estimation strategies. The derived PTT values were ana-

lyzed for correlation with established markers of arterial stiffness, including

age and systolic blood pressure. The most robust method, demonstrating

the highest statistically signi�cant correlations and the lowest inter- and

intra-operator variability, involved targeting the base of the heart and using

the second heart sound in conjunction with the carotid dicrotic notch for

PTT calculation.

During the development phase, ECG was measured in parallel with

LDV as support for algorithmic validation. As future LDV systems are

not expected to incorporate electrocardiography (ECG) functionality, an

alternative approach was required to enable automated segmentation of

cardiac cycles for heart-carotid PTT estimation. To address this, a deep

neural network (DNN) architecture was developed and trained on carotid

LDV signals to predict the onset of cardiac cycles, thereby enabling ECG-

independent heartbeat segmentation. During training, the target output was

not the raw ECG signal but a simpli�ed proxy signal encoding only the

relevant temporal markers for heartbeat onset detection. This abstraction

facilitated effective learning of the underlying cardiac rhythm from LDV

data alone. The resulting DNN-based method enabled fully automated

heart-carotid PTT estimation, demonstrating strong correlation with ref-

erence values obtained in the heart-carotid feasibility study. Notably, this

approach proved more inclusive than traditional template-matching tech-

niques, yielding valid PTT estimates for a signi�cantly larger proportion of

the patient cohort.

CONCLUSION

This work introduced several algorithmic advancements to enhance the per-

formance of an existing LDV prototype. Real-time signal quality metrics

support optimal device positioning, while beamforming improves the ro-

bustness of PTT estimation. The heart-carotid pathway was validated as

a potential complementary biomarker to carotid-femoral PWV. Finally, a

deep learning-based method was developed to enable automated, ECG-free

heart-carotid PTT estimation, with the potential to broaden the applicability

of the methodology to scenarios involving sparse physiological signals.

LDV has demonstrated its potential for accurate arterial stiffness assess-

ment in patients exhibiting high SNR measurements. However, despite the

integration of a real-time signal quality index, the technique remains sus-

ceptible to signal degradation, which can limit applicability across broader
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SUMMARY

patient populations. To position LDV as a competitive alternative to current

state-of-the-art arterial stiffness assessment technologies, further advance-

ments in hardware design and signal acquisition stability are essential.
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SAMENVATTING

KORTE SAMENVATTING

ACHTERGROND: Cardiovasculaire aandoeningen vormen de belangrijk-

ste doodsoorzaak in economisch ontwikkelde landen, waarvan een aanzien-

lijk deel als voortijdig overlijden wordt beschouwd. De socio-economische

gevolgen van niet-fatale cardiovasculaire gebeurtenissen, zoals beroertes en

hartinfarcten, zijn bijzonder groot en hadden mogelijk kunnen worden ver-

meden mits toegankelijke screeningsmethoden. Bestaande technologieºn

voor screening zijn vaak duur, vereisen gespecialiseerde vaardigheden van

de gebruiker en worden enkel gehanteerd in gespecialiseerde medische

centra. Het InSiDe-project beoogt een innovatieve, gebruiksvriendelijke

screeningstechniek te introduceren op basis van laser-Doppler vibromet-

rie (LDV). LDV laat toe om kleine huidverplaatsingen, veroorzaakt door

het kloppende hart en de arteriºle puls in slagaders, op te meten. Door

de pulstransittijd (PTT) tussen de meetlocaties op de arteria carotis (hals)

en arteria femoralis (lies) te bepalen, kan het systeem de polsgolfsnelheid

(PWV) schatten, die een belangrijke biomarker voor arteriºle stijfheid en

cardiovasculair risico is.

DEEL II: LDV laat toe om op een snelle en niet-invasieve manier

cardiovasculaire signalen te registreren, maar wordt beperkt door de

complexiteit en moeilijke interpretatie van de gemeten signalen alsook

door een inconsistente signaalkwaliteit, wat leidt tot een grote variabiliteit

van signalen en signaalkwaliteit zowel tussen als binnen proefpersonen.

Om dit probleem aan te pakken werd een realtime signaalkwaliteitsindex

ontwikkeld, gebaseerd op kenmerken van terugkerende hartslaggerelat-

eerde patronen in het signaal. We onderzochten hierbij twee verschillende

patroonherkenningstechnieken: matrixpro�elanalyse en template match-

ing. Deze kwaliteitsindex helpt de operator tijdens de meting om de

algehele signaalkwaliteit te verbeteren. Vervolgens werden algoritmen

ontwikkeld om PTT te berekenen op basis van deze herkende patronen.

Beide methoden bleken betrouwbare patroonherkenning mogelijk te

maken, wat leidde tot kwaliteitsmetingen die indicatief waren voor het

kwaliteitsniveau van inkomende meetdata.
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Naast patroonherkenning werd ook onderzocht hoe de signaalkwaliteit

zelf verbeterd kon worden (na de metingen), waarbij gebruik kan worden

gemaakt van het gegeven dat op ØØn enkele meetlocatie 6 parallelle kanalen

worden geregistreerd. Met behulp van ‘beamforming’ kunnen deze kanalen

in de tijd worden uitgelijnd en gecombineerd via gewichten gebaseerd op

signaal-ruisverhoudingen, om tot ØØn samengesteld en kwalitatiever sig-

naal te komen. Analyse op basis van deze beamformed signalen leverde

robuustere PTT-schattingen op dan de betrokken referentiemethoden.

DEEL III: Hoewel hals-lies PWV momenteel een klinisch haalbare en

goed geaccepteerde standaard is voor het beoordelen van arteriºle stijfheid,

kan deze methode geen inzicht verschaffen in de eigenschappen van de

meest elastische segmenten van de aorta. Daarom werd een alternatieve

PWV-route onderzocht, rechtstreeks van het hart naar de halsslagader,

die wØl het meest elastische segment (de opstijgende aorta) omvat. In

een haalbaarheidsstudie werden vier methoden voor het schatten van de

hart-hals PTT geºvalueerd, gebaseerd op twee meetposities op het hart en

twee verschillende signaalkenmerken gemeten ter hoogte van het hart en

de halsslagader. Deze twee kenmerken waren gerelateerd aan het openen

en sluiten van de aortaklep. De methode waarbij gebruik werd gemaakt

van het tweede hartgeluid (sluiting van de aortaklep) en de dicrotische

notch in het carotissignaal, met de LDV-sonde gericht op de basis van het

hart, bleek meest effectief met de meest consistente signalen.

Tijdens de ontwikkelingsfase werd het electrocardiogra�e-signaal

(ECG) steeds mee geregistreerd ter ondersteuning van de signaalver-

werking en als referentie voor het identi�ceren van het begin van de

hartcontractie. Aangezien toekomstige LDV-systemen geen ECG-

functionaliteit zullen bevatten, werd een diep neuraal netwerk (DNN)

ontwikkeld om het begin van de hartcontractie rechtstreeks uit de

carotis-LDV-signalen af te leiden. Op die manier kunnen LDV-signalen

eenduidiger worden gesegmenteerd, onafhankelijk van het ECG, wat beter

toelaat om hart-hals PTT op een geautomatiseerde manier te berekenen,

met een sterke overeenkomst met manueel bepaalde referentiewaarden.

CONCLUSIE: Dit doctoraatsonderzoek leverde meerdere verbeterin-

gen op voor LDV-gebaseerde metingen van arteriºle stijfheid en verhoogt

het potentieel voor klinische toepassing van LDV in cardiovasculaire op-

volging.

LANGE SAMENVATTING

ACHTERGROND

Cardiovasculaire aandoeningen (CVD) zijn verantwoordelijk voor

ongeveer een derde van alle sterfgevallen in economisch ontwikkelde
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landen, waarvan een aanzienlijk deel als voortijdig overlijden wordt

beschouwd. Niet fatale gebeurtenissen zoals beroertes, hartinfarcten en

hartfalen hebben eveneens ingrijpende persoonlijke en maatschappelijke

gevolgen. Om het risico op CVD te beoordelen, vooral bij personen met

hypertensie, maken artsen vaak gebruik van de SCORE2- en SCORE2-OP

modellen. Deze modellen laten toe om het 10-jaarsrisico op zowel fatale

als niet fatale cardiovasculaire gebeurtenissen te schatten bij personen van

40 jaar en ouder. Voor personen jonger dan 40 jaar met risicofactoren

zoals hoge bloeddruk, roken of obesitas heeft de European Society of

Cardiology in 2024 een nieuwe richtlijn opgesteld, waarbij ze aanbeveelt

om aanvullende risicobeoordelingsinstrumenten te gebruiken om het

CVD risico correcter te kunnen inschatten. Deze instrumenten zijn ook

nuttig voor patiºnten met klinische grenswaarden voor bijvoorbeeld de

bloeddruk. In dergelijke gevallen worden aanvullende diagnostische

technieken zoals ECG, vasculaire echogra�e en metingen van arteriºle

stijfheid aanbevolen.

Arteriºle stijfheid, die toeneemt met de leeftijd, is een sterke voor-

speller van cardiovasculaire aandoeningen. Arteriºle stijfheid wordt door-

gaans onrechtstreeks gemeten via de polsgolfsnelheid (PWV), die de snel-

heid weergeeft waarmee een drukgolf zich door de slagaders voortplant.

PWV wordt meestal afgeleid uit de pulstransittijd (PTT), gede�nieerd als

de tijdsvertraging tussen de aankomst van de puls op twee anatomisch ver-

schillende meetlocaties, gedeeld door de afstand tussen deze locaties. Een

hogere PWV duidt op stijvere slagaders en een verhoogd risico op cardi-

ovasculaire aandoeningen. Traditionele methoden om PWV te meten zoals

MRI, echogra�e en applanatietonometrie zijn vaak duur, vereisen gespe-

cialiseerde vaardigheden van de gebruiker en zijn doorgaans beperkt tot

gespecialiseerde medische centra. Deze beperkingen hebben geleid tot een

toenemende interesse in alternatieve methoden voor het meten van PWV.

Een veelbelovende methode is laser-Doppler vibrometrie (LDV), waar-

bij laserlicht wordt gebruikt om trillingen op het huidoppervlak, veroorz-

aakt door het samentrekken van het hart en de propagerende arteriºle puls,

met minimale contactbelasting te detecteren. Wanneer LDV gelijktijdig

wordt toegepast op de hals en lies, kan de carotis-femorale PWV worden

gemeten. Deze techniek werd ontwikkeld en getest in twee aansluitende

door de EU ge�nancierde projecten (CARDIS en InSiDe), wat resulteerde

in een werkend LDV-prototype dat werd ingezet in twee klinische stud-

ies (verder CARDIS en InSiDe genoemd) met in totaal elk 100 patiºn-

ten. Ter ondersteuning van de ontwikkeling van het apparaat was paral-

lelle ontwikkeling van algoritmen nodig om klinisch relevante informatie

uit LDV-metingen te extraheren.
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Het doctoraatsonderzoek, uitgevoerd binnen de context van het InSiDe

project, had drie hoofddoelstellingen. Ten eerste werd beoogd een realtime

signaalkwaliteitsindex te ontwikkelen om de betrouwbaarheid en ef�ciºntie

van PWV-metingen te verbeteren door het identi�ceren van hoogwaardige

signaalsegmenten tijdens de meting. Ten tweede was het de doelstelling om

een pseudo realtime algoritme te implementeren voor het schatten van de

hals-lies PWV, met als doel onmiddellijke analyse en feedback mogelijk te

maken in een klinische context. Ten derde werd de haalbaarheid onderzocht

van hart-hals PWV als alternatieve biomarker voor arteriºle stijfheid, met

als doel het uitbreiden van het diagnostisch arsenaal voor de beoordeling

van vasculaire gezondheid.

DEEL II: Verbetering van signaalkwaliteit en schatting van

pulstransittijd met Laser-Doppler Vibrometrie voor de

carotis-femorale route

Laser-Doppler Vibrometrie (LDV) biedt een niet invasieve en relatief snelle

methode voor het beoordelen van arteriºle stijfheid, maar de effectiviteit

ervan wordt beperkt door een sterk variabele signaalkwaliteit. Deze vari-

abiliteit doet zich zowel voor tussen verschillende proefpersonen, binnen

de meting van ØØn proefpersoon en tussen de zes verschillende sensoren

binnen ØØn enkele LDV-meetkop. Om dit probleem aan te pakken, werd

een realtime signaalkwaliteitsindex ontwikkeld die de betrouwbaarheid van

de metingen verhoogt door de operator tijdens de meting te begeleiden.

Deze index is gebaseerd op kenmerken die worden geºxtraheerd uit auto-

matisch gedetecteerde terugkerende patronen in de LDV-signalen, waar-

van wordt aangenomen dat ze overeenkomen met hartslaggerelateerde ver-

storingen. Twee algoritmen, matrixpro�elanalyse en template matching,

werden toegepast voor patroonherkenning. De kwaliteitsindex werd geïn-

tegreerd in de meetinterface om realtime feedback te bieden.

Vervolgens werden speci�eke algoritmen ontwikkeld voor de schatting

van de pulstransittijd (PTT), waarbij de eerder geïdenti�ceerde golfvorm-

patronen werden benut voor een robuuste en geautomatiseerde extractie

van kenmerkende punten op de gemeten golfvormen. Het resulterende al-

goritme, CAPE (Continuous Automatic PWV Estimation), maakt gebruik

van template matching voor de automatische selectie van kenmerkpunten

en maakt beat-to-beat analyse van LDV-signalen in quasi realtime mo-

gelijk. CAPE werd geºvalueerd op basis van de CARDIS LDV-databank

(50 mannen, 50 vrouwen). Integratie van realtime signaalkwaliteitscontrole

laat toe om een meer selectieve analyse uit te voeren, op basis van hoog-

waardige signaalsegmenten. Binnen de subset van patiºnten die aan min-

imale kwaliteitscriteria voldeden, toonde CAPE een sterke overeenkomst
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met referentiemetingen verkregen via applanatie tonometrie, wat de bet-

rouwbaarheid en klinische toepasbaarheid van het systeem bevestigt voor

het schatten van hals-lies PWV.

Om de signaalintegriteit verder te verbeteren, werd een ’beamforming’

benadering geïntroduceerd die de beschikbaarheid van data gemeten lang-

sheen 6 parallelle kanalen optimaal benut. Deze methode synchroniseert

de zes sensorkanalen in de tijd en combineert ze tot ØØn verbeterd signaal

met een verhoogde signaal-ruisverhouding (SNR), via een segmentgewo-

gen som gebaseerd op blinde SNR-schatting. Template matching toegepast

op deze beamformed signalen resulteerde in robuustere PTT-schattingen

dan conventionele methoden. Deze aanpak werd gevalideerd op een subset

van hoge kwaliteit binnen de CARDIS-database.

DEEL III: Onderzoek naar hart-carotis pulstransittijd voor de

beoordeling van arteriºle stijfheid

Hoewel hals-lies PWV de klinische referentiestandaard blijft vanwege de

uitgebreide validatie, kunnen alternatieve meetposities aanvullende in-

zichten bieden in arteriºle stijfheid, met name in vaatsegmenten die buiten

het bereik van de standaardmethode vallen, zoals het meest elastische

deel van de aorta. Een van deze alternatieven is de hart-hals route, die

wel de proximale opstijgende aorta omvat. Dit deel van de aorta draagt

het meest bij aan de bufferfunctie van de gehele slagader vanwege haar

hoge compliantie. In het kader van een haalbaarheidsstudie werd hart-hals

PWV geºvalueerd aan de hand van LDV-data uit de InSiDe klinische

studie, bestaande uit 100 deelnemers (55 mannen, 45 vrouwen). Er werden

hierbij twee meetlocaties op het hart onderzocht, namelijk plaatsing van de

LDV-sonde op de tweede intercostale ruimte rechts (dicht bij de hartbasis)

en de vijfde intercostale ruimte links (dicht bij de apex van het hart). Deze

twee locaties werden elk gecombineerd met twee combinaties van �duciale

punten voor PTT-bepaling: (i) het eerste hartgeluid gecombineerd met het

begin van de carotispuls, en (ii) het tweede hartgeluid gecombineerd met

de dicrotische notch in het carotissignaal. Dit resulteerde in vier strategieºn

voor het schatten van de hart-hals PTT. De verkregen PTT-waarden werden

geanalyseerd op correlatie met bekende determinanten van arteriºle

stijfheid, waaronder leeftijd en systolische bloeddruk. De meest robuuste

methode, met de hoogste statistisch signi�cante correlaties en de laagste

inter- en intra-operatorvariabiliteit, betrof de meting aan de basis van het

hart en gebruik van het tweede hartgeluid in combinatie met de dicrotische

notch.

In de haalbaarheidsstudie werd het electrocardiogram (ECG) mee

opgemeten als referentie voor het identi�ceren van de start van de
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hartcontractie. Aangezien toekomstige LDV-systemen naar verwachting

geen ECG zullen bevatten, was een alternatieve aanpak nodig om auto-

matische segmentatie van hartcycli voor hart-hals PTT mogelijk te maken.

Hiervoor werd een diep neuraal netwerk (DNN) ontwikkeld en getraind op

carotis-LDV-signalen om het begin van hartcycli te voorspellen, waardoor

ECG-onafhankelijke segmentatie van hartslagen mogelijk werd. Tijdens

de training werd niet het ruwe ECG-signaal gebruikt als doeluitvoer,

maar een vereenvoudigd proxiesignaal dat enkel de relevante temporele

markers voor het detecteren van de start van de hartcontractie bevatte.

Deze abstractie maakte effectieve training mogelijk op basis van LDV-data

alleen. De resulterende DNN-gebaseerde methode maakte volledig geauto-

matiseerde hart-hals PTT-bepaling mogelijk, met een sterke correlatie met

de referentiewaarden uit de haalbaarheidsstudie. Opmerkelijk is dat deze

aanpak inclusiever bleek dan traditionele template-matching technieken,

doordat ze bij een aanzienlijk groter deel van de patiºntengroep geldige

PTT-schattingen opleverde.

CONCLUSIE

Dit werk introduceerde verschillende algoritmische verbeteringen om

de prestaties van een bestaand LDV-prototype voor het meten van

arteriºle stijfheid te optimaliseren. Realtime signaalkwaliteitsmetingen

ondersteunen een optimale positionering van het apparaat, terwijl

beamforming de robuustheid van de PTT-schatting verhoogt. De hart-hals

route werd gevalideerd als een potentiºle aanvullende biomarker naast de

hals-lies PWV. Ten slotte werd een op deep learning gebaseerde methode

ontwikkeld om geautomatiseerde, ECG-vrije hart-hals PTT-schatting

mogelijk te maken, met het potentieel om de methode uit te breiden naar

alternatieve klinische toepassingen van LDV.

LDV heeft zijn potentieel aangetoond voor nauwkeurige beoordeling

van arteriºle stijfheid bij patiºnten met metingen met een hoge signaal-

ruisverhouding. Desondanks blijft de techniek, zelfs met de integratie van

een realtime signaalkwaliteitsindex, gevoelig voor signaaldegradatie, wat

de toepasbaarheid bij een bredere populatie kan beperken. Om LDV te

positioneren als een volwaardig alternatief voor de huidige geavanceerde

technologieºn voor het meten van arteriºle stijfheid, zijn verdere verbe-

teringen in hardwareontwerp en stabiliteit van signaalacquisitie essentieel.
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1
INTRODUCTION

1.1 BACKGROUND AND CLINICAL RATIONALE

Cardiovascular disease (CVD) accounts for approximately one-third of all

deaths in Western countries, of which a subset is generally considered to

be premature [1, 2]. Also non-fatal cardiovascular events, such as such as

stroke, myocardial infarction and heart failure, have signi�cant individual

and societal impact and come with a high socio-economic cost [3, 4].

To evaluate an individual’s risk of developing CVD, particularly among

patients with hypertension, clinicians commonly employ the SCORE2 and

SCORE2-OP (Older Persons) risk strati�cation models [5, 6]. These tools

estimate the 10-year probability of both fatal and non-fatal cardiovascular

events, incorporating various biophysical parameters, and are validated for

use in individuals aged 40 years and older.

According to the 2024 guidelines from the European Society

of Cardiology on hypertension management, additional risk assess-

ment tools should be considered for individuals who fall outside the

SCORE2/SCORE2-OP eligibility criteria, such as those under 40 years of

age with elevated blood pressure, smoking habits, or obesity [2]. Early

risk evaluation in these populations aims to support timely preventive

interventions. This recommendation also extends to patients with border-

line clinical indicators, such as blood pressure readings near diagnostic

thresholds or intermediate SCORE2/SCORE2-OP risk estimates (5�10%).

In such cases, supplementary diagnostic modalities are advised to enhance
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cardiovascular risk pro�ling and guide clinical decision-making. These

modalities include electrocardiography (ECG), vascular ultrasound and

arterial stiffness measurements.

Arterial stiffness is a biomarker that is a known predictor of cardiovas-

cular complications and increases with chronological age [7�10]. The met-

ric most commonly used to assess arterial stiffness is pulse wave velocity

(PWV) [11]. It is measured as PWV = dx=PTT from a pulse transit time

(PTT), the time delay between the arrival of a pulse wave at two different

points on the arterial tree, and the distance dx between those two points.

PWV quanti�es the speed with which a pulse wave, generated by the con-

tracting heart, travels through the arteries. It increases for increasingly stiff

arteries. Particularly the large arteries and their characteristic elastic beha-

viour is indicative of vascular age, as it deteriorates with increasing indic-

ators of cardiovascular disease risk [12�14].

A plethora of technologies and their derived devices to measure PWV

exist already, such as magnetic resonance imaging [15], ultrasound [16] or

applanation tonometry [17], to name the most prominent. However, these

methods suffer from some common drawbacks, namely that they are typic-

ally expensive due to the required high-end equipment, expert staff and/or

time-consuming nature of the technique, resulting in them being used in

dedicated medical facilities only. Another challenge is the required oper-

ator expertise of the state-of-the-art. Further issues such as patient comfort

could additionally be an incentive for the search for alternative methods.

One such novel alternative is the application of laser Doppler vibro-

metry (LDV) to assess arterial stiffness [18, 19]. LDV measures the dis-

placement of a vibrating surface over time using laser light, with high tem-

poral and spatial resolution [20�22]. LDV can also detect skin vibrations

that have been induced by underlying cardiac contractions and propagation

of the arterial pulse over the arterial tree, generating mechanical waves that

propagate to the skin. When simultaneously applied to the neck and groin

of a patient, it can measure the time of pulse wave arrival in the carotid and

femoral artery respectively, leading to carotid-femoral PWV [23].

Within 2 successively EU-funded projects, CARDIS (H2020, Grant

agreement ID: 644798, 2015 to 2019, doi: 10.3030/644798) and InSiDe

(H2020, Grant agreement ID: 871547, 2020 to 2024, doi: 10.3030/871547),

a consortium led by Medtronic and imec developed multi-beam LDV proto-

types aimed to measure arterial stiffness. At the start of this PhD, a working

LDV prototype existed (the CARDIS device, see Figure 2.13) [18, 19, 24],

which was also used in a clinical study where LDV data was acquired in

100 patients [23, 25, 26].
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1.2 OBJECTIVES

The research performed within this PhD thesis was done within the context

of the InSiDe project, with as the general objective to enhance the LDV

signal acquisition and processing and explore alternative PWV assessment

methods.

First, the prototype developed with the preceding CARDIS project did

not include any form of intuitive real-time signal-quality control. Measure-

ments were conducted with a �xed length at 20 seconds and signal quality

assessment was at the mercy of the operators device positioning according

to their expertise (or lack thereof) with other, similar probe-based techno-

logies. From inspection of the data measured by this device, it was found

that the average quality was subpar [27]. In order to get a robust estimate

of PTT, and consequently PWV, signal features associated with the arrival

of the pulse wave have to be discernible. The features get hampered by

noise from motion artefacts, or lack of physiologically sound signal. Nat-

urally, this means that for a noisy signal, no reliable PWV values could be

estimated. This issue seemed to occur especially for measurements at the

femoral artery and for subjects with an elevated BMI. A quality metric that

could inform the operator in real-time, suggesting a repositioning if neces-

sary, would strengthen the case for LDV applied to arterial health. The

�rst objective of this thesis is therefore to: develop algorithms that assess

signal quality for real-time feedback.

Secondly, following an improvement to average signal quality in ca-

rotid and femoral LDV measurements, PTT and PWV should be be derived

from the data in an automated manner. Ideally, the operator performs a

measurement, with little to no delay between the end of the measurement

and the returning of a reliable PWV value. The second objective is there-

fore: the development of a pseudo-real-time carotid-femoral PWV es-

timation algorithm.

Third, the advantage of an LDV device that it can measure very small

displacement (nanometer range), may open up other avenues of assessing

arterial stiffness. A major drawback of carotid-femoral PWV is its arterial

pathway. While extensively researched and proven to be a robust metric

for arterial stiffness [28, 29], carotid-femoral PWV does not infer the as-

cending part of the aortic arch, which accounts for a large part of the elastic

capabilities of the arterial stiffness [30]. Subsequently, arterial stiffening

should have the highest impact on this part of the aorta, but is not appar-

ent from carotid-femoral PWV. The proposed corollary biomarker is heart-

carotid PWV, which aims to assess PWV along the path from the aortic

valve to the carotid artery. However, since heart-carotid PWV has not been
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investigated thoroughly, little is known on conventions surrounding PTT,

dx and PWV. Hence, a third objective is to explore the potential of heart-

carotid PWV as an additional biomarker to carotid-femoral PWV.

1.3 STRUCTURE

This dissertation is structured according to 4 distinct parts:

1. Part I � Clinical Rationale and State-of-the-Art in Pulse Wave

Velocity Estimation. The �rst part of this book introduces the ra-

tionale behind the widespread clinical investigation of arterial stiff-

ness. Its association with cardiovascular disease will be explained as

well as the underlying anatomical structures that in�uence the stiff-

ness of human vasculature. The concept of PWV will be introduced

as a metric for arterial stiffness, and several ways of estimating PWV

will be derived theoretically. Next, state-of-the-art technologies for

the measurement of PWV will be discussed. Speci�cally an over-

view of LDV will be provided as a potential solution for some of the

pitfalls of the other technologies in the �eld.

2. Part II � Laser-Doppler Vibrometry Carotid-Femoral Signal-

Quality Enhancement and Pulse Transit Time Estimation.

Part II will address the efforts made in regards to the design,

construction and validation of LDV-signal quality metrics. First,

this is done via two pattern recognition techniques in matrix pro�le

and template matching, both of which detect recurring waveforms

that correspond with the arrival of the pulse wave at the associated

LDV-measurement site. These methods will be validated using

a logistic regression model. Next, signal-to-noise ratio will be

improved by leveraging the multi-beam build of the CARDIS device.

This beamforming will combine multiple signals per handpiece in

a smart, piecewise manner and return a single, enhanced signal

from which arterial stiffness will be assessed and compared with

benchmark methods. Finally, a real-time implementation of a PWV

estimation algorithm will be discussed. The determined heuristics

of the algorithm are largely based on insights gained from the

signal-quality analysis using pattern recognition methods.

3. Part III � Exploring Heart-Carotid Pulse Transit Time for Arter-

ial Stiffness Assessment. While carotid-femoral PWV is standard,

alternative arterial pathways for PWV assessment like heart-carotid

may offer complementary insights, especially into the stiffness of the
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CLINICAL RATIONALE

2.1 PHYSIOLOGY OF THE ARTERIAL SYSTEM

First a broad summary is given on the anatomy and function of the hu-

man cardiovascular system, with an emphasis on the arterial system. The

concept of arterial stiffness and its relation to hemodynamic functionality

and cardiovascular disease is next. This is followed by a brief overview of

several state-of-the-art solutions for measuring arterial stiffness with the ad-

ded rationale behind laser Doppler vibrometry as an alternative technology

in development.

2.1.1 The heart anatomy and function

The heart is in essence an organic pump that sustains the circulatory sys-

tem, carrying oxygenated blood and nutrients throughout the rest of the

cardiovascular system, shown in Figure 2.1 [31]. Oxygen gets transferred

from inspired air in the lungs to oxygen-poor blood in the lungs. Oxygen-

ated blood is then transported via the pulmonary vein to the heart. It is

then pumped into the aorta (about 2 cm in diameter close to the heart), fur-

ther down the large arteries leading to smaller arteries, arterioles (diameter

30-100 mm) and capillaries (diameter 8 mm) where, �nally, the oxygen

diffuses into the surrounding tissue, along with exchange of nutrients and

waste products [32]. The total blood volume is compartmentalised by this

branching tree-like structure, whose branches gradually decrease in caliber

with successive generations.
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After the blood loses its oxygen content and picks up CO2, it travels

back to the heart via the veins that coincide into the vena cava. The heart

then completes the circulatory system by pumping this received blood to

the lungs via the pulmonary artery.

In brief, the heart itself consists of two distinct sides, each with an at-

rium and a ventricle. Blood �ows into the atria �rst, then to the ventricles

from where it is ejected into either the aorta for the left side or the pul-

monary vein for the right side. Figure 2.2 shows the anatomy of a healthy

heart. Going forward, we will focus on the left side of the heart, respons-

ible for the receiving and projection of oxygen-rich blood into the aorta and

systemic arteries.

Through evolution, the heart had to become a self-regulating and self-

sustaining entity [33, 34]. This means that no external energy can drive

its mechanism, as is the case with human-made electrically-driven pump-

ing devices. This forces the heart to operate into two distinct phases. One

is where it delivers energy outwards in the form of mechanical work and

where it ejects blood into the vasculature (systole). The other phase requires

the heart to relax and take in (chemical) energy via oxygenated blood that is

circulated through the coronary arteries, delivering oxygen to the myocar-

dial �bers in the left ventricle (diastole). This energy is then converted into

potential and kinetic energy when the heart contracts, at the time where the

cardiac muscle receives an electric starting signal in the form of an R peak

in electrocardiagram (ECG) signals. Of the whole cardiac cycle duration,

about 30% amounts to systole in resting conditions; the remaining 70% is

diastole. Figure 2.3 provides a graphical overview of these two phases.

Valves such as the mitral and aortic valves play a critical role in main-

taining the heart’s pulsatile �ow by ensuring unidirectional blood move-

ment between chambers and into the systemic circulation. The mitral valve,

located between the left atrium and left ventricle, opens during diastole to

allow ventricular �lling and closes at the onset of systole to prevent back-

�ow. The aortic valve, situated between the left ventricle and the aorta,

opens during systole to permit ejection of blood into the aorta and closes

during diastole to maintain arterial pressure.

These valves operate in a tightly coordinated sequence, and their func-

tion is audibly re�ected in the heart sounds heard during auscultation. The

�rst heart sound corresponds primarily to the closure of the mitral and tri-

cuspid valves, marking the beginning of systole, while the second heart

sound is generated by the closure of the aortic and pulmonary valves, sig-

naling the end of systole and the onset of diastole. A low-pitched third

heartsound can be observed during early diastole, signaling the rapid-�lling
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2.1. Physiology of the arterial system

Figure 2.1: Schematic representation of the human cardiovascular system. Blood

vessels containing oxygen-rich blood are marked in red, while oxygen-poor blood

travels through the blue vessels. Several arteries and veins that are relevant to

future chapters are indicated. Created in Biorender.
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Figure 2.2: The anatomy of the human heart. The main components are indicated.

Those that correspond to the left side of the heart are highlighted in red. Created

in Biorender.

phase of the ventricles. These acoustic events are not only diagnostic mark-

ers but also physiological indicators of the mechanical integrity and timing

of valvular function.

2.1.2 Arterial function, anatomy and modelling

2.1.2.1 The windkessel model

Aside from their function as conduits, (large) arteries also act as a buffer-

ing reservoir for blood [32, 35, 36] and they enable continuous blood �ow

through the systemic vasculature. The aorta and large elastic arteries ex-

pand during ventricular systole, storing blood volume which is released

during diastole, ensuring continuous �ow down the arterial tree. Their

branching structure constitutes an eventual drop in blood �ow in the micro-

circulatory beds as opposed to the high pulsatility closer to the heart. This

inherent degree of distensibility of these vessels will determine storage ca-

pacity, something that is commonly referred to as (local) vessel compliance

or area compliance CA (units in mm2/mmHg). CA is de�ned as the ratio of

the change in cross-sectional area ¶A and the change in intra-arterial pres-

sure ¶P that drives ¶A. Area compliance normalized for cross-sectional

area (the diastolic area is commonly used) gives distensibility DA (units in

1=mmHg).
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Figure 2.3: Aortic and ventricular pressure expressed in time for an example,

healthy subject. Systole and diastole are distinctly indicated as well as the

timepoints at which the mitral and aortic valve close (MC & AC respectively).

When observing the complete arterial system with parameters such as

the total arterial compliance (TAC, units in mL/mmHg) and stroke volume

(SV), we get to PP = SV=TAC [37, 38]. PP refers to pulse pressure, which

is the difference between peak systolic and diastolic arterial pressure. For a

healthy individual 120=80 mmHg is the desired readout on state-of-the-art

blood-pressure measurement devices, yielding a PP of 40 mmHg [2].

Arterial stiffness determines the degree of expansion in large blood ves-

sels which accommodates increases in blood volume. In general, arterial

stiffness is inversely proportional to CA and DA, and is directly proportional

to pulse pressure. Arterial stiffening typically manifests itself in an in-

creased pulse pressure in the elderly [39, 40], as arterial stiffness increases

with age following a loss of compliance [41, 42].

The volume buffering effect of large arteries can be modeled using

a windkessel-model (Figure 2.4). It borrows its name from a closed-

volume water tank with a certain capacitance C (modeling TAC; units in

mL/mmHg), used by �re brigades where the intermittent water volume
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arriving in the tank, due to an oscillating pump, �lls the volume to a degree

making the water �ow rate out of the actual �rehose with resistance R

(units in
mmHg
mL/s

) be constant. The rough outline of the mechanism can

easily be �t to what is observed in the (left) cardiovascular system. The

windkessel represents the storage capacity for blood of the large arteries,

with the resistance representing the bifurcations and narrowing of the

peripheral blood vessels.

Figure 2.4: A schematic overview of the windkessel model with its oscillating

inlet �ow, storage capacitance in the windkessel and resistance. Physiological

parallels are provided in addition. Figure made in Biorender.

Because stroke volume is a function of instantaneous changes over the

duration of systole Tsys, it can be expressed as an integral of ventricular

out�ow rate Q(t), commonly expressed in units of mL/s.

SV =
Z Ts

0
Q(t)dt (2.1)

Qvent(t) can then be decomposed as:

Qvent(t) = Qr(t)+Qc(t) (2.2)

Qr(t) is the part of the �ow rate that is associated with R, the total res-

istance to blood �ow under pressure. This resistance is attributed to the

bifurcations and narrowing of blood vessels in the peripheral vasculature �

something that follows from Poiseuille’s law where �ow resistance of a ves-

sel is inversely proportional with its diameter to the fourth power. The �ow

rate Qc(t) is the component of Qvent(t) which is stored following the elastic

expansion of the arterial wall due to the arterial compliance. Furthermore,

the windkessel model constitutes the following equation, from volume con-

servation in a resistive-compliant system and with the assumption that no

in�ow occurs during diastole:
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Pd(t) = P0 � e�t=t (2.3)

In the equation above, P0 refers to the end-systolic arterial pressure.

(2.3) is also dependent on a time constant t = R �C, which has units in

seconds. It determines the diastolic pressure decay over time for a sys-

tem with speci�c arterial resistance and compliance, dictating that for a de-

creased C, and consequently increased arterial stiffness, the diastolic pres-

sure will drop faster since the time to release the stored blood in the arterial

wall will be shorter as well. This leads to t being a major determinant in

pulse pressure, and by association also arterial stiffness [39, 40, 43].

While the windkessel model explains the concepts of arterial stiffness

and peripheral resistance, with their effects on blood pressure and �ow, it

can still be expanded upon by adding several more elements. A limiting

factor is that it is a so-called ’lumped-parameter model’, meaning that each

parameter is a mathematical scalar without taking any physical dimensions

into account. More in-depth approaches model each parameter as time and

space variant values, yielding pressure and �ow waves travelling along the

axial dimension of the modelled vessels [44, 45].

2.1.2.2 Arterial wall composition

Arteries are distensible conduits that expand, storing blood during systole,

as well as elastic energy in the arterial wall, and consequently recoil us-

ing that elastic energy to squeeze the stored blood during diastole. During

heavy resistance exercise, intra-arterial blood pressures can reach extreme

values, with measurements up to 480/350 mmHg reported in healthy indi-

viduals [46]. These values re�ect acute physiological responses, including

the Valsalva maneuver and vascular compression, rather than baseline car-

diovascular mechanics. It follows that specialised tensile properties are

required to withstand these pressure gradients. The two main components

that contribute to this are the proteins elastin and collagen, as they are about

30 and 50% respectively of the dry weight of the aortic wall [47, 48].

Viewing a typical cross-section of a large elastic artery, elastin and col-

lagen are built in concentric layers, or lamellae, in the arterial media, see

Figure 2.5. For the human aorta, this amounts to � 60 lamellae [49]. This

number decreases with the vessel dimensions in peripheral arteries, which

also switch to more muscular-type arteries, losing the concentric organiza-

tion. Elastin is by far the most distensible, carrying the load on the arterial

wall at low resting stresses. Conversely, collagen is much less distensible

but has a signi�cantly higher yield strength, which is the stress at which the

tissue begins to irreversibly deform [50, 51].
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It follows then that for an increasing wall stretch, �rst elastin distends

until progressively more of the helical collagen �bers start to carry the load

[52, 53]. The vessel stops expanding and starts recoiling due to the more

resilient elastin. Since collagen is distinctly more stiff than elastin, arterial

stiffness will be higher during systole, as the vessel is distended more [54].

Arteries proximal to the heart have material properties that make them

highly distensible [30], as discussed previously. Subsequently, distal ar-

teries change in geometric (reduced dimensions) and material (less elastin,

more collagen) ways [55]. By extent, these more distal arteries are stiffer,

have reduced storage capacities and will have an associated increased pulse

pressure. Since these arteries have more smooth muscle cells in their me-

dia, they are referred to as muscular arteries, as in Figure 2.5 [56, 57].

The reduced compliance of the vasculature along the axial direction due to

geometric and elastic material changes also affect the speed at which the

travelling pulse waves propagate.

This description of the arterial wall composition is ultimately a sim-

pli�ed one. From various ex-vivo studies, it has become clear that arterial

tissues are anisotropic, meaning that material properties differ along dif-

ferent directions due to �ber structure [58]. They also exhibit viscoelastic

behaviour, where internal friction causes heat loss during vessel wall expan-

sion and contraction [59]. Finally, it is also the non-linear relation between

stress and strain for these tissues that challenges biomechanical modelling

of the arterial wall beyond classic material science [60].

2.1.2.3 Compliance and distensibility for arterial stiffness assessment

The relation between arterial pressure and lumen cross-sectional area is

non linear, following from what was explained previously. The relation can

be described using different mathematical expressions, but a way to phe-

nomenologically capture the non-linear relation over a wide pressure range

is an arctan function which was �tted to experimental data [61]. Lange-

wouters et al. applied pressures ranging from 0 to 200 mmHg to thoracic

and abdominal aortic segments. This can be observed in the top panel of

Figure 2.6. Of interest to us is the physiological pressure range of 80 to 120

mmHg. From this empirically found expression, area compliance CA and

distensibility DA can be derived, leading to PWV.

Local arterial compliance CA coincides with the local slope of

the pressure-area curve in the physiological pressure range. From the

experimentally-found arctan function [61], it can also be expressed as a

function of pressure, see the second panel in Figure 2.6. The maximum

value for CA is reached for sub-physiological pressures. When observing
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Figure 2.5: A schematic cross section of the ascending, descending and abdom-

inal aorta is given, alongside two cross sections of a distinctively elastic part of

the aorta, and a more muscular part situated more downstream. The layers and

components of the arterial wall are indicated. Made in Biorender.
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physiological ranges, CA is (non-linearly) reduced with increasing pressure,

which is pressure-dependent stiffening.

CA normalised for cross-sectional area, yielding DA can be observed

from the third panel in Figure 2.6. It follows from the de�nition of CA that

DA = dA=A

dP
, which is the ratio of the relative change in cross-sectional area

and change in arterial pressure.

DA and CA are inherently localised parameters that depend on wall tis-

sue properties and vessel dimensions and describe the mechanical proper-

ties of the vessel wall. To compute them local pressures are ideally used

as well, something that can prove to be dif�cult when it comes to the large

vessels of interest e.g. the ascending aorta. While technologies such as ul-

trasound and MRI can, in theory, assess this [16, 62], they have limitations.

In general, while of interest for phenotyping speci�c arterial sites, getting

the required pressure and area values to compute local stiffness CA and DA,

is too tedious for large-scale clinical use.

From these expressions of DA and CA, a measure for pulse wave velo-

city (PWV) can be derived. But in order to get there, the Bramwell-Hill

equation is needed. In the next section we will derive this in a stepwise,

intuitive manner.

2.1.2.4 Pulse wave propagation

For blood �ow in an elastic artery, the famous Bramwell-Hill equation is

noted as follows [63, 64]:

PWV =

s
V �dP

rb �dV
(2.4)

With pulse wave velocity (PWV) the term used to describe the speed

of the traveling pulse wave, V the volume of the accelerated blood, dP the

instantaneously applied pressure on the vessel with cross-sectional surface

area A, rb as the density of blood and dV as the volume expansion of the

elastic tube. Another expression derived from (2.4) is the Moens-Korteweg

equation [65, 66].

PWV =

s
E �h

2rb � r (2.5)

Here, wave speed is expressed in terms of wall thickness (h), internal

vessel radius (r), rb and the Young’s modulus of the vessel wall E (Pa).

The latter characterizes the linear relationship between applied stress and
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Figure 2.6: A schematic representation of the pressure-area relationship expressed

as an arctan function in the top panel. The second panel shows area compliance

as a function of pressure. Am, P1 and P0 are all empirically found parameters

based on experimental data. Am is the max cross-section at high pressures, P0 the

pressure at the point of maximum compliance and P1 is a measure the steepness

of the pressure-area relation. From panel 1 and 2, distensibility and PWV (via

the Bramwell-Hill equation) can be derived as seen in panel 3 and 4 respectively.

Figure adapted from [31].
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Crucially for this work, PWV increases with increased arterial stiffness

[72]. Assuming that the ratio of vessel wall thickness and radius stays

constant for large arteries [49], an increased PWV can then be related to

a change in wall composition, its intrinsic properties and consequently its

Einc, see 2.5. More speci�cally, changes in the vessel wall media, which

holds the bulk of composite material that determines the wall elasticity and

hence, stiffness.

It is of note that arterial stiffness, and by extent also its associated meas-

ured PWV, can be determined by more factors besides the passive interpret-

ation of stiffness due to aging [73]. Smooth muscle cell stiffness and tone,

calci�cation of the media and atherosclerosis, changes in the cross-linking

between collagen and elastin, thickening of the vessel wall through �brosis

and endothelial cell dysfunction all can have profound effects on (local)

arterial stiffness [7].

So, while PWV is not the only metric for arterial stiffness, it has become

clinical routine for in-vivo state-of-the-art medical technology [7, 8, 74�

76]. It contains information on potential remodelling of the vessel wall,

if controlled for the pulsatile pressure dependence of arterial stiffness in

general [77, 78]. To fully understand the potential of PWV as a biomarker,

it behoves understanding the associated pathological spectrum.

2.1.3 Arterial stiffening and associated cardiovascular disease risk

Increased chronological and biological age is associated with an increase

in arterial stiffness due to elastin degradation in the large elastic arteries

[31, 79]. When elastin starts to degrade (it has an estimated half-life of

40 to 50 years), the collagen patterns dispersed in this joint-protein matrix

progressively carries more of the applied wall stress [80]. Being the less

resilient of the two causes these vessels to start to lose their windkessel

function over time [41]. Aside from the loss of elastin, the vessel walls

also experiences growth and remodeling with aging and disease, affecting

arterial stiffness [77, 78, 81, 82].

Exasperating the gradual elastin decrease is the fact that elastin, is

mainly synthesized in the arterial media during fetal and infantile growth,

making the protein quite literally irreplaceable [83, 84]. As an individual

grows, this elastin deposition stretches along, introducing permanent in-

tramural stresses. Later in life, the wear on elastin manifests into vessel

dilation, elongation and increased tortuosity [85].

Elevated large artery stiffness in turn leads to several detrimental ef-

fects on cardiovascular health. It causes an increase in systolic blood pres-

sure [86], and consequently pulse pressure, which increases shear stress
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2.2 STATE-OF-THE-ART IN MEASURING ARTERIAL STIFFNESS AND

ITS CHALLENGES

Over the last years, many devices have been released that measure pulse

wave velocity [113]. The work presented in the following chapters of this

book is based on data measured by an LDV-device that is intended to join

this cohort of medical technology. First, two existing, validated technolo-

gies will be discussed here whose measurement data are considered ground

truth for the experiments performed in this thesis.

2.2.1 Arterial tonometry

Arterial pressure waveforms can be measured non-invasively via applana-

tion tonometry applied to subcutaneous peripheral arteries e.g. the radial,

carotid or femoral artery [114�116]. A probe, installed with piezoelec-

tric sensors, is pressed onto the skin and perpendicular to the underlying

artery of interest. If possible, the compression exerted by the probe pushes

(and partially �attens) the artery against neighbouring stiffer tissues such as

bone, cartilage or muscle, �xing the artery in place. In doing this, tangential

forces are eliminated and the sensors couple to the intra-arterial pressure,

yielding high-quality recordings.

While central aortic blood pressure can be derived from these peripheral

waveforms through mathematical transformations [117, 118], the applica-

tion of interest to this work remains arterial stiffness and PWV. To allow

for the estimation of transit times via consecutive measurements at 2 arter-

ial sites, the ECG is typically co-recorded such that time delays, relative to

the R-peak of the ECG, can be obtained as with e.g. the Sphygmocor sys-

tem [75, 109, 119]. When taking a carotid measurement for a suf�ciently

large number of heartbeats, leading to several clean pressure waveforms,

the time delay between start of systole and arrival of the pulse wave in

the carotid can be derived together with the R peaks in the ECG signal.

This is referred to as carotid pulse arrival time, which could lead to a PWV

metric describing aortic pressure, but will be an underestimation of the real

PWV in that arterial segment due to the isovolumic contraction period (time

between start of systole and opening of the aortic valve) being included in

the time delay.

Following this, a second measurement can be performed at the femoral

artery. Including ECG, femoral pulse arrival time can be calculated, given

enough qualitative pressure waveforms were measured. At this point, the

carotid-femoral pulse transit time is then calculated from the difference of

femoral and carotid pulse arrival times. From here, only a tape measure is

required to measure the distance between carotid and femoral measurement

sites to get carotid-femoral PWV. This methodology is commonly accepted
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as a highly reliable manner of assessing arterial stiffness and will be con-

sidered a reference for carotid-femoral PWV throughout this thesis [17].

Drawbacks to this method are: (i) it has a signi�cant learning curve.

Especially at the femoral artery, measurements can be dif�cult to conduct

in a qualitative manner, in particular for individuals with a femoral artery

situated deep in the tissue of the inner thigh. (ii) It can become uncomfort-

able for the patient when the probe is being pressed with excessive force

(either through necessity to guarantee qualitative measurements or user in-

experience) and (iii) the device setup is dependent on the inclusion of ECG

and the taking of separate carotid and femoral measurements, increasing

the duration of the average measurement protocol, making it less suited for

adoption by �rst responders e.g. at the general practitioner (GP) level.

Note that the most recent version of the Sphygmocor system

(Sphygmocor XCEL) has replaced the femoral tonometer measurement by

a thigh cuff-based measurement of the femoral waveform, which allows

for simultaneous measurements and discarding the ECG.

2.2.2 MRI

Magnetic resonance imaging (MRI) is a widely accepted medical imaging

technology. Its phase-contrast variant (PC-MRI) is a specialized MRI tech-

nique used primarily to quantify and visualize the velocity of moving �u-

ids, most commonly blood �ow in vessels or cerebrospinal �uid in the brain

and spine. [88, 120�122]. From these data, estimation of PWV on a longer

segment of the aorta is feasible as well i.e. aortic PWV [15, 123�129].

Crucially, aortic PWV includes the proximal, ascending part of the aorta

(the most distensible part) in its considered pathlength, something that is

excluded when working with carotid-femoral PWV.

In order to measure aortic PWV, �ow wave pro�les at multiple points on

the aorta are required. Transit time between the ascending and descending

aorta is to be derived. Phase-contrast MRI provides the user with images

taken at several points on the aortic arch, perpendicular to the aortic center-

line. From this, �ow pro�les for the entire cross section at every considered

point, for one cardiac cycle, are derived and transit time can be calculated.

The timepoints of the foot of these �ow waves is compared between the

waves of the different points on the aortic arch. From the time delays found

in this way, transit time can be calculated in a reliable fashion as this avoids

the effect of early re�ected waves.

The biggest drawback of this technique is the limited temporal resolu-

tion of the �ow curves. In Figure 2.11, the curves span 50 points, over an

averaged cardiac cycle of 870 ms, resulting in a temporal resolution of 17.4
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2.3 LASER DOPPLER VIBROMETRY

Laser Doppler vibrometry (LDV) was developed and applied to aerospace

and mechanical engineering �rst in the 1970s [130]. Its non-contact prin-

ciple was deemed ideal for the precise modus operandi required for meas-

uring vibrations on moving, hot or fragile components. In the follow-

ing decades, as the technology improved, LDV was extrapolated to other

�elds such as civic infrastructure (e.g. bridge health), automotive indus-

tries, micro-electromechanical systems and �nally: biomedical diagnostics

[131].

The basic con�guration of LDV is an optical interferometer, where one

laser is re�ected on a vibrating target, moving with velocity v(t) and con-

sequently captured again. The technology is based on the Doppler effect, a

photonic principle relating the out-of-plane velocity of the illuminated tar-

get to a phase shift fD picked up by the laser due to re�ection. l0 is the

laser wavelength, and f0 = 1=l0 its frequency.

fD(t) =
2 � v(t)

l0

(2.7)

To extract the Doppler shift fD, the re�ected signal is coherently mixed

with a reference signal prior to detection by a photodiode. The photodi-

ode then converts the received optical power into a current from which the

amplitude and direction of the vibrating target can be extracted. The prac-

tical execution comes in the form of a Mach-Zehnder interferometer, as

illustrated in Figure 2.12. Panel A shows the theoretical principle of the

interferometer for a single-point LDV. Two laser beams are generated. The

measurement beam is lead towards the vibrating target, which it hits, con-

sequently re�ects on and is then received again. The second beam, known

as the reference beam, does not illuminate any vibrating surfaces but is in-

stead �rst split from and later combined again with the measurement beam.

The recombined signal is picked up by a detector, the photodiode in our

case.

Panel B shows a schematic of the practical build of an LDV device con-

taining six parallel interferometers [18, 19, 24, 132], resulting in a multi-

beam LDV. The system is homodyne, meaning that the reference and meas-

urement beams both have the same frequency f0, resulting in a less complex

con�guration. The Figure also indicates that lasers are coupled into the sys-

tem using optical antennas (or grating couplers) before being split into the

separate beams. The measurement beam is also transmitted and received

through transmitter-receiver optical antennas. This part of the system, en-

capsulating the interferometers is referred to as the photonic package of the
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2.3.1 The InSiDe project and CARDIS device

Figure 2.13 shows the LDV device of Figure 2.12 at work. In panel A, the

operator points the two handpieces of the device at the neck of the subject.

One handpiece is equipped with a handle, resulting in a pistol-like grip. The

second handpiece is mounted on top of the �rst one, but can be uncoupled

and pointed at other regions of the body while the �rst handpiece remains.

In this way, neck-groin (panel B) or chest-neck (panel C) measurements

can be conducted, something that will result in carotid-femoral and heart-

carotid LDV data from which different measures of pulse wave velocity are

endeavoured to be estimated in the later chapters of this thesis.

Figure 2.13: The CARDIS device measuring skin displacement via LDV. Panel A:

the device measures carotid-carotid. Panel B: example of a carotid-femoral meas-

urement. Panel C: A heart-carotid measurement with one of the two handpieces

pointed at the second right intercostal space on the thorax.

The device in panel C of Figure 2.12 is the LDV prototype designed and

constructed within the scope of the H2020 project called CARDIS (Grant

agreement ID: 644798). The prototype will be referred to as the CARDIS

device. The main result from CARDIS that is of relevance for this thesis is

the existence of this device with proven carotid-femoral PWV assessment

capabilities as well as the availability of an LDV database [19�23].

Naturally, since the CARDIS device was an early prototype, many

points for improvement were apparent. The CARDIS device is heavy and
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2.4 BIOMEDICAL SIGNAL PROCESSING

To better understand the later chapters, key concepts of signal processing

and statistical signal analysis are presented. This is not meant as an exhaust-

ive introduction to biomedical signal processing but more as a refresher of

the concepts exploited in the later chapters.

2.4.1 The 1D biomedical digital signal

In nature, biomedical signals x(t) are analogue i.e. continuous over time,

with time index t. However, digital technology necessitates that any con-

tinuous signal is represented as an array of discrete points sampled from the

original signal [133]. The sampling frequency fs =
1
Ts

, which describes the

number of samples taken per second, plays a crucial role in accurately cap-

turing the original signal in the sampled, discrete-time signal x(n) = x(nTs),
with n the discrete sample index. While a high sampling frequency can

closely approximate the original signal, it may not always be practically

feasible and could be considered excessive in certain contexts.

Deciding on the appropriate sampling frequency involves examining

the original signal and estimating its frequency content. A signal can be de-

composed into a combination of different sinusoids with varying frequen-

cies, a process known as Fourier decomposition [133�135]. To preserve

the frequency content, the sampling frequency must be suf�ciently high.

According to the Nyquist theorem [136], the sampling frequency must be

at least twice the highest frequency component present in the signal ( fm) to

avoid information loss due to aliasing.

fs � 2 � fm (2.8)

Figure 2.14 illustrates an example ECG signal sampled under two con-

ditions: once at a rate satisfying the Nyquist criterion, and once at a sub-

Nyquist rate. The latter demonstrates how insuf�cient sampling frequency

leads to aliasing, distorting the representation of the original signal.

The information embedded within biomedical signals is of critical im-

portance, necessitating the use of optimal signal representation techniques

to facilitate its extraction. The Fourier transform is a widely employed

method that enables the analysis of signals in the frequency domain, provid-

ing insights into their spectral composition . Given that biomedical sig-

nals exhibit variability in amplitude ranges, noise characteristics, and fre-

quency content, attributable to differences in physiological origin, acquis-

ition resolution and application context, the selection of appropriate ana-

lytical methodologies must be tailored to the speci�c requirements of each

application.
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For instance, electroencephalograms (EEG) contain different frequen-

cies that correspond to various brain activities at speci�c times. Electro-

cardiograms (ECG) display stationary, rhythmic waveforms related to heart

rhythms, with frequency content and temporal morphology that change dur-

ing certain cardiac events or conditions related to the electrical activity of

the myocardium. Electromyograms re�ect the electrical activity and activa-

tion of muscle �bers, showing distinct frequency and time domain changes

during muscle contractions. In the analysis of such signals, primary object-

ives often include the identi�cation of recurring temporal patterns or the

detection of anomalies.

2.4.2 Pattern recognition

When analyzing LDV skin vibration signals, a key challenge lies in identi-

fying recurring waveform patterns that correspond to physiological events,

such as heartbeats. Detecting these patterns is essential for assessing sig-

nal quality and for enabling accurate physiological measurements, such

as PWV. Pattern matching techniques are well-suited to this task, as they

allow for the retrieval of similar waveform segments across time-series

data. Within the scope of this dissertation, two techniques, matrix pro�le

and template matching, are particularly relevant to Parts II and III. These

methods facilitate the detection of heartbeat-related patterns, which in turn

provide insights into the quality of the LDV signal and the reliability of

derived PWV estimates. A brief overview of both techniques is provided

below, along with illustrative examples.

2.4.2.1 Matrix pro�le

The matrix pro�le is a powerful tool for time series analysis for identi-

fying patterns as well as anomalies [138�142]. It borrows its name from

the matrix pro�le structure, a 1D array which annotates the signal it is ap-

plied to. This structure is constructed by calculating the distance between

a subsequence of the signal at time index n, and with a length of m, and

all other subsequences of equal length in the signal using a sliding window

approach. The value of the matrix pro�le at that index n becomes the min-

imum of the all calculated distances, and this for every n for the signal with

a total length of N. The ’distance’ calculated for the matrix pro�le can be

any measure of similarity between two sequences, with the one most often

used being the Euclidean distance [142]. The result can indicate how sim-

ilar the closest match of the subsequences of the signal is and where it can

be found.

Regions with low values in the matrix pro�le indicate the presence of

closely matched subsequences in the original signal segment. Conversely,

high values in the matrix pro�le suggest the presence of anomalies, also
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called discords. This dual purpose, together with the lack of prede�ned

�eld-speci�c knowledge are the de�nite strengths of the matrix pro�le tech-

nique. The method only depends on the hyper-parameter ’m’, the length of

subsequences investigated, and the choice of a suitable distance metric.

Building on the matrix pro�le structure, algorithms have been

developed that search for complete motifs i.e. collections of similar

waveforms containing more than two subsequences of the original signal

[141�143]. In other words, motifs can be found that indicate all points in

a given signal where a similar waveform is located. Figure 2.15 shows an

example of the matrix pro�le being constructed for an LDV measurement,

of which three seconds are highlighted. For an extended application of this

technique to LDV data, we refer to chapter 3.

Figure 2.15: Example of the matrix pro�le technique performed on a skin-

acceleration signal measured by the LDV prototype introduced in section 2.3. The

top graph shows this LDV signal. The bottom graph is the annotating matrix pro-

�le on which the best recurring motif is indicated by red dots. The equivalent

recurring pattern in the LDV signal is indicated and highlighted in red. m = 200

in this example.

2.4.2.2 Template matching

Template matching is a technique used to identify segments of a signal that

match a prede�ned template [27, 144�147]. This method involves sliding

the template across the signal and calculating a similarity measure at each

position, often a cross-correlation function. The segments with the highest

similarity scores are considered matches. This is determined by a threshold
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value set for the cross-correlation function. The magnitude of this threshold

has an immediate impact in the number and quality of the detected matches.

For the application of template matching to LDV signals, see chapters 3, 4,

5 and 7. Further details and �gures regarding the construction of the carotid

and femoral templates are provided in chapter 3.

Both matrix pro�le and template matching are capable of identifying

recurring patterns in time-series data; however, they differ in their method-

ological requirements and susceptibility to error. Template matching neces-

sitates the manual construction of a representative template and the tuning

of multiple hyperparameters, such as similarity thresholds, often requiring

iterative re�nement. In contrast, matrix pro�le relies primarily on the se-

lection of a single parameter, the subsequence length m, which is informed

by domain knowledge. While matrix pro�le offers a more automated and

parameter-ef�cient approach, it may occasionally prioritize patterns that

are statistically conserved yet clinically irrelevant. In such scenarios, the

use of a well-constructed template can make template matching the more

suitable technique, as it enhances the speci�city and clinical relevance of

the detected patterns.

2.4.3 The stochastic nature of biomedical signals

A stochastic signal is one that exhibits inherent randomness and cannot be

predicted exactly, even with complete knowledge of its past values. Un-

like deterministic signals, which can be described by explicit mathematical

functions and fully determined at any point in time, stochastic signals are

better characterized by their statistical properties, such as their mean, vari-

ance, and autocorrelation structure. In biomedical applications, many sig-

nals � such as ECG, EEG or LDV � exhibit stochastic behavior due to the

complex, composite and dynamic nature of physiological processes [133,

134].

Several factors contribute to the stochastic nature of biomedical signals.

First, intrinsic physiological variability results from the complex, nonlin-

ear interactions among biological subsystems. For example, even under

resting conditions, the intervals between heartbeats vary due to autonomic

nervous system modulation [148, 149]. Second, measurement noise, in-

cluding electronic noise, quantization error, and motion artifacts (especially

true for LDV), introduces random perturbations into recorded signals [150,

151]. Third, environmental in�uences such as temperature �uctuations and

electromagnetic interference further contribute to variability, making the

observed signal a noisy and often incomplete re�ection of the underlying

physiological activity [152, 153].
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Biomedical signals with a stochastic nature, such as LDV measure-

ments of skin vibrations, can be modeled as combination of deterministic

signal s(n) and additive noise components v(n) as

x(n) = s(n)+ v(n) (2.9)

To extract s(n) from x(n), thereby separating s(n) from v(n), we en-

counter a fundamental challenge in the broader �eld of signal processing:

source separation. This challenge is often modeled as the well-known

’cocktail party problem’ [154].

The cocktail party problem involves separating individual sources of

sound from a mixture of sounds, analogous to distinguishing different bio-

medical signals from a composite signal [133]. This problem is named

after the challenge of focusing on a single conversation in a noisy envir-

onment, such as a cocktail party, where multiple people are speaking sim-

ultaneously. In biomedical signal processing, the cocktail party problem

is highly relevant. For example, separating EEG signals from background

noise [155, 156] or isolating heart sounds from lung sounds in phonocar-

diogram (PCG) signals are critical tasks [157]. These applications require

distinguishing the signal of interest from various overlapping signals.

Several techniques can be employed to address the cocktail party prob-

lem: (i) Beamforming uses spatial �ltering, involving arrays with multiple

sensors, to enhance the signal from a speci�c direction while suppressing

signals from other directions [158�160]. It is particularly useful in scen-

arios where the spatial location of the signal sources is known. An applic-

ation of beamforming to LDV data is presented in chapter 4. (ii) Blind

source separation involves separating a set of signals into their individual

components without prior knowledge of the source characteristics. Meth-

ods like independent component analysis (ICA) are commonly used for this

purpose [161]. ICA has also been applied to LDV measurements in chapter

4.

2.4.3.1 Beamforming

Beamforming is a signal processing technique that functions as a spatial

�lter, analogous to spectral �lters, but operating across sensor arrays dis-

tributed in space. Its primary objective is to enhance signals arriving from

speci�c directions of interest while attenuating interference and noise from

other directions. This is achieved by coherently combining the signals

(xm(n)) captured by the M array sensors in a directionally selective manner,

resulting in an output signal y(n):
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each frequency bin. This transformation reduces the problem to a simpler

form, where signal enhancement can be achieved through matrix operations

rather than deconvolution, signi�cantly reducing computational complexity

as

Xm( f ) =
J

å
j=1

Hm j( f )S j( f ) (2.12)

The beamformed output in frequency domain becomes

Y ( f ) = wH( f )X( f ) (2.13)

where wH( f ) is the conjugate transpose of the complex weight vector

and X( f ) is the vector of sensor signals at frequency f .

Beamforming techniques have been successfully applied in various do-

mains, including EEG, where the assumption of instantaneous mixing is

often valid even in the time domain. In such cases, spatial �ltering can be

used to isolate neural sources of interest, improving signal-to-noise ratio

and aiding in source localization tasks [162]. While beamforming suggests

spatial information, it can generally be applied to models that assume an

instantaneous mixing even in time domain like x(n) = As(n)+ v(n) where

A is the "steering" vector. In these cases, beamforming estimates a �lter

w such that y(n) = wT x(n) to maximize the contribution of the source of

interest while minimizing the in�uence of sources considered interference.

2.4.3.2 Independent component analysis (ICA)

ICA is a computational technique used to decompose a multivariate signal

into a set of additive components that are statistically independent and ex-

hibit non-Gaussian distributions [161, 163]. The method enables the recov-

ery of underlying source signals from observed mixtures without requiring

prior knowledge of the source characteristics or the mixing process. ICA is

particularly effective in blind source separation tasks, where the goal is to

disentangle latent signals based solely on their statistical independence.

For example, in a scenario where multiple people are speaking sim-

ultaneously, ICA can help isolate each person’s voice from the combined

audio recording (if the mixtures are instantaneous). The relevance is ex-

plained via an example. Starting from Figure 2.16, Let the original source

signals be denoted as:

s(n) =

"
s1(n)
s2(n)

#
(2.14)
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Figure 2.17: ICA applied to a noisy mixture of an LDV-measurement segments1
and Gaussian noises2. From top to bottom, �rst the original signal is portrayed.
The second graph shows one of the two mixture signals in this experiment (x1 and
x2), followed by the two independent ICA components (u1 andu2). From these two
components, �rst the noise and then the recovered clean signal can be recognized.

2.4.4 Machine learning

With the surge in capabilities of arti�cial intelligence (AI) in recent years,
especially for generative AI, an understanding of the broad scope of these
methods is required. Especially for a sensitive �eld such as healthcare,
optimized tools such as diagnostic AI assistants are in constant demand
[165, 166]. AI in general aims to build intelligent systems that mimic hu-
man cognition for reasoning, learning and problem-solving while often be-
ing specialized and optimized for speci�c applications like image recogni-
tion [167]. Machine learning is a subset of AI. It speci�cally encapsulates
systems that learn from data as opposed to being explicitly programmed
(which is the case with knowledge-based systems). For the scope of this
dissertation, we will focus on the supervised-learning branch of machine
learning.

2.4.4.1 Supervised learning and logistic regression

A machine learning model can learn trends and properties present in data,
given labels that represent them. This form of machine learning is super-
vised learning, referring to the requirement of said training labels during the
model training. In general, the model learns to map input featuresx to the
target output labely that they correspond to. During training, a loss func-
tion measures the error between the model's prediction at a given point and
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