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Abstract

Abnormal blood pressure (BP) is a key indicator of cardiovascular dysfunction and
a leading risk factor for stroke, heart failure, and mortality. Hypertension affects
more than a quarter of adults in England, costing the NHS approximately £2.1
billion annually. Despite effective therapies, rates of uncontrolled BP remain high,
underscoring the need for earlier detection and continuous monitoring. Beat-to-
beat BP measurement offers distinct advantages by capturing rapid cardiovascular
dynamics, yet current methods face limitations: invasive catheters are unsuitable
for long-term use, oscillometric cuffs lack temporal resolution, and photoplethys-
mography (PPG) is prone to artefacts, latency, and skin-tone variability.
This thesis presents a novel, non-invasive cuffless blood pressure (BP)
monitoring system that employs fibre Bragg grating (FBG) cantilever
sensors to estimate pulse transit time (PTT) and integrates electrocardiog-
raphy (ECG) to derive pulse arrival time (PAT). The proposed system offers
a light-insensitive and motion-resilient solution capable of high-fidelity pulse de-
tection, making it suitable for real-time monitoring across clinical, home, and
telemedicine settings.
A validated pipeline – spanning mechanics, temperature-strain decoupling, phan-
tom haemodynamics, and in-human exercise trials – demonstrates technical fea-
sibility, with a biocompatible FBG cantilever and compact interrogator achieving
tens-of-milliseconds timing resolution. In human trials, PAT showed strong inverse
correlations with systolic BP and heart rate, supporting its use in cuffless moni-
toring. Algorithmically, a GAN-based reconstruction stage restored morphology
under artefacts, while Bayesian Gaussian Process Regression (GPR) produced cal-
ibrated mmHg estimates (SBP ≤10 mmHg, DBP ≤4 mmHg) and modelled inter-
and intra-subject variability.
By combining high-sensitivity optical sensing, probabilistic modelling, and AI-
based signal reconstruction, this work establishes a new pathway toward contin-
uous, personalised BP monitoring. The findings have direct implications for
next-generation medical devices that support early diagnosis, community screen-
ing, and digital health strategies aimed at reducing the global burden of hyper-
tension.
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HRV Heart Rate Variability.

ICG Impedance Cardiogram for the signal and Impedance Cardiography for the
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OFS Optical Fibre Sensors.
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RMSE Root Mean Square Error.

SBP Systolic Blood Pressure.
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SVM Support Vector Machine.
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1. Introduction and Background

1.1 Clinical and Societal Context

Blood pressure (BP) is a fundamental biomarker in the diagnosis, management,

and prevention of cardiovascular and systemic diseases. Deviations from normal

BP values – either hypertension or hypotension – can reflect underlying organ

dysfunction or indicate elevated cardiovascular risk. Hypertension is strongly as-

sociated with conditions such as coronary artery disease, stroke, heart failure,

chronic kidney disease, vascular dementia, and vision loss. Collectively, these con-

ditions cost the NHS over £2.1 billion annually [1]. While less frequently discussed,

chronic hypotension can also present significant risks, contributing to complica-

tions such as neurological disorders, adrenal insufficiency, and syncope [2].

Globally, hypertension remains one of the top three leading risk factors for early

mortality and disability-adjusted life years (DALYs) according to the Global Bur-

den of Disease study [3]. In the United Kingdom, it is the third-highest risk factor

for disease burden [1]. Despite the availability of effective antihypertensive medica-

tions, rates of uncontrolled hypertension remain high, particularly in populations

with limited access to continuous monitoring or healthcare services [4]. This un-

derscores the need for enhanced diagnostic tools that enable early detection and

continuous tracking of BP trends.

Public health authorities have recognised the urgency of addressing this gap. The

1
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NHS Long Term Plan prioritises early detection and personalised management of

cardiovascular disease, including through the improved identification and control

of hypertension [5]. NICE guidelines (NG136) recommend the use of ambulatory

blood pressure monitoring (ABPM) as a standard for diagnosis and control [6]. At

the international level, the World Health Organization (WHO) set a global target

to reduce the prevalence of raised blood pressure by 25% by the year 2025 as part

of its Global Action Plan for the Prevention and Control of Noncommunicable

Diseases [7]. However, according to a recent WHO report, this target is unlikely

to be met at the global level, despite progress in some countries [8]. This reflects

persistent challenges in the detection, treatment, and long-term control of hyper-

tension – particularly in low-resource or ambulatory settings – and reinforces the

need for innovative, scalable monitoring technologies.

Moreover, BP is often measured intermittently – whether in clinical, home, or am-

bulatory settings – which may fail to capture rapid physiological fluctuations that

could indicate early signs of cardiovascular instability. Continuous BP monitoring

plays a crucial role in perioperative care, especially when patients are under anaes-

thesia, where sudden haemodynamic changes can be life-threatening [9]. However,

existing technologies for continuous monitoring are often invasive, uncomfortable,

or poorly suited for long-term use. This reinforces the clinical and economic mo-

tivation for developing wearable systems capable of capturing BP in real time and

in free-living environments.

1.2 Physiological Basis of Blood Pressure

Blood pressure (BP) is the force exerted by circulating blood on the walls of

blood vessels. It is generated primarily when the left ventricle of the heart con-

tracts, ejecting blood into the aorta and subsequently through the arterial system.

The pressure peaks during ventricular systole (systolic BP) and reaches its low-
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est point during ventricular diastole (diastolic BP). The difference between these

values is known as pulse pressure, which reflects the elasticity and compliance of

arterial walls. In healthy adults, systolic blood pressure (SBP) is typically below

120 mmHg, while diastolic blood pressure (DBP) should be below 80 mmHg. On

average, females tend to have SBP and DBP values approximately 8-10 mmHg

lower than males, partly due to differences in vascular compliance and hormonal

influences. Blood pressure is highest in the aorta and large systemic arteries, where

it reflects the force generated by left ventricular contraction. As blood travels fur-

ther from the heart, pressure gradually declines. By the time it reaches the sys-

temic capillaries, mean arterial pressure has dropped to approximately 35 mmHg.

At the venous end of the capillaries, it further decreases to around 16 mmHg. The

pressure continues to fall along the venous circulation and approaches 0 mmHg

upon reaching the right atrium. This progressive pressure gradient is essential for

maintaining unidirectional blood flow and efficient capillary exchange throughout

the circulatory system [10]. Figure 1.1 illustrates a typical arterial blood pressure

waveform, highlighting its key morphological features across the cardiac cycle.

The waveform begins with the systolic upstroke, a rapid rise in pressure as the left

ventricle contracts and ejects blood into the aorta. The curve reaches its highest

point at the systolic peak, corresponding to the systolic pressure of approximately

115 mmHg. Following this peak, the pressure declines and a distinct dicrotic

notch appears, which marks the closure of the aortic valve and the brief rebound

of blood against it. The waveform then continues to fall until reaching the dias-

tolic pressure of around 80 mmHg, representing the lowest arterial pressure during

ventricular relaxation [11, 12].

The cardiovascular system functions as a closed-loop circuit in which the heart

pumps blood through arteries, veins, and capillaries. The pressure generated must

overcome the resistance of the vascular system to ensure adequate tissue perfu-

sion. This resistance is influenced by vessel diameter, blood viscosity, and vascular
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Figure 1.1: Typical arterial blood pressure waveform diagram with wave features. Blood
pressure of 115/80 mmHg and a heart rate of 60 beats per minute (bpm) [11, 12].

tone. Cardiac output – determined by heart rate and stroke volume – along with

systemic vascular resistance (SVR), are the principal determinants of BP. Arte-

rial compliance, or the ability of vessels to expand and contract in response to

pressure changes, also plays a critical role. In healthy individuals, elastic arteries

accommodate these fluctuations, while arterial stiffening contributes to elevated

BP and increased cardiovascular risk.

BP regulation involves a complex interplay of neural, hormonal, and local mech-

anisms that maintain homeostasis in response to physiological demands. The au-

tonomic nervous system (ANS) governs short-term regulation through the barore-

flex, which involves baroreceptors in the carotid sinus and aortic arch. These

mechanoreceptors detect changes in arterial wall stretch and relay signals to the

nucleus tractus solitarius in the medulla, modulating sympathetic and parasympa-

thetic outputs. Sympathetic activation increases heart rate and vasoconstriction,

while parasympathetic activity reduces heart rate. This dynamic balance enables

rapid BP adaptation during exercise, posture changes, and emotional stress.

Long-term BP regulation is primarily mediated by hormonal systems, particularly

the renin-angiotensin-aldosterone system (RAAS) and vasopressin. These mech-

anisms influence blood volume, vascular tone, and renal function, stabilising BP
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over hours to days [10].

1.3 Importance of Beat-to-Beat Blood Pressure

Monitoring

Traditional intermittent BP measurements provide only isolated snapshots and

may fail to capture dynamic fluctuations that occur on a beat-to-beat basis. In

contrast, beat-to-beat BP monitoring offers high temporal resolution, allowing for

the detection of rapid, physiologically relevant changes that may indicate early

signs of cardiovascular dysfunction, organ damage or autonomic imbalance.

In patients with autonomic dysfunction or baroreflex impairment, beat-to-beat

BP monitoring can reveal abnormal variability patterns that are not evident in

routine measurements. The baroreflex, which governs short-term BP regulation,

depends on intact neural circuits between arterial baroreceptors and the central

nervous system. When these pathways are compromised – as in brainstem stroke,

Parkinson’s disease, or multiple system atrophy – the body’s ability to buffer sud-

den BP changes is impaired. This manifests as exaggerated fluctuations and loss

of BP stability [13, 14].

Another example is early kidney dysfunction. In chronic kidney disease (CKD) and

even in its early stages, patients may exhibit elevated nocturnal BP, non-dipping

BP profiles, or increased BP variability. These abnormalities often precede over

clinical markers such as elevated serum creatinine or diagnosed hypertension. At

a beat-to-beat level, the loss of autonomic regulation leads to larger oscillations

in BP, resulting in increased shear stress on glomerular capillaries. Over time,

this contributes to glomerular injury and the progression of kidney damage [15–

17]. Continuous BP monitoring can enable earlier identification of such patterns,

supporting timely interventions to slow or prevent further organ deterioration.
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1.4 Standard Techniques for Blood Pressure Mea-

surement

A variety of options are available to accurately monitor blood pressure (BP) mea-

surement in both clinical and ambulatory settings. These methods differ in terms

of accuracy, invasiveness, temporal resolution, and patient comfort.

1.4.1 Invasive Arterial Blood Pressure (ABP) Monitoring

Invasive intra-arterial blood pressure monitoring involves inserting a catheter into

a peripheral artery – commonly the radial, femoral, or axillary artery – which is

connected to a continuous column of pressurised saline and a transducer. The

saline column transmits pressure fluctuations to the transducer, which converts

them into an electrical signal displayed on a monitor. A pressurised saline bag at

300mmHg acts as a flushing system to prevent clot formation.

This method offers high-fidelity, beat-to-beat measurements and can detect rapid

BP fluctuations. It is especially valuable in critical care due to its accuracy in hy-

potensive states and its suitability for patients with obesity or peripheral oedema.

Additionally, the arterial line allows for blood sampling and arterial blood gas

analysis. However, the technique has notable drawbacks: it is invasive and expen-

sive, carries a risk of local thrombosis and infection, and may result in catastrophic

ischaemia if drugs like thiopentone or antibiotics are inadvertently administered

through the line. Brachial artery access is avoided due to the risk of compromising

distal perfusion [18].
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1.4.2 Auscultatory Methods: Mercury, Aneroid, and Hy-

brid Sphygmomanometers

The mercury sphygmomanometer, based on the auscultatory Korotkoff method,

remains the gold standard for non-invasive BP measurement. A cuff is inflated

to occlude the brachial artery, then deflated while a stethoscope detects the Ko-

rotkoff sounds corresponding to systolic (SBP) and diastolic (DBP) pressure [10].

While highly accurate, the use of mercury poses environmental and health haz-

ards. Mercury exposure has been linked to neurological, renal, and respiratory

damage [19]. Consequently, many hospitals have phased out mercury-based de-

vices in favour of aneroid and hybrid alternatives. Aneroid manometers require

frequent calibration, while hybrid devices tend to lose accuracy over time. Further-

more, these methods do not provide beat-to-beat resolution and depend heavily

on operator skill and patient cooperation.

1.4.3 Oscillometric Method

Oscillometric monitors, commonly used in ambulatory and home settings, mea-

sure BP based on oscillations in the pressure cuff during deflation. The systolic

pressure is estimated at the onset of oscillations, the mean pressure corresponds

to the peak amplitude, and diastolic pressure is derived from the disappearance

of oscillations [20]. Proprietary algorithms are used to estimate SBP and DBP,

introducing device-to-device variability.

These monitors are user-friendly and suitable for untrained individuals, but their

limitations include poor performance during motion or physical activity, lack of

beat-to-beat resolution, and reduced accuracy in patients with arrhythmias or

peripheral vascular disease [21].
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1.4.4 Volume Clamp Method (Peñáz Method)

The volume clamp method, originally developed by Peñáz, allows for non-invasive

continuous BP monitoring using a finger cuff with an integrated photoplethys-

mography (PPG) sensor, a fast pneumatic servo system, and a dynamic pressure

controller [22]. The servo system applies variable pressure to maintain a constant

arterial volume, effectively “clamping” the artery to eliminate pulsatile changes.

The pressure required to maintain this constant volume approximates the intra-

arterial pressure waveform.

While this method offers continuous, beat-to-beat BP waveforms with medical-

grade accuracy, its widespread adoption has been hindered by several issues. Pro-

longed use can cause finger discomfort, numbness, or tingling due to constant pres-

sure. Its accuracy decreases in fingers with stiffer arteries (sick/elderly). Tight

or misaligned cuffs can induce temporary ischaemia, skin damage, or even tissue

injury [23]. Furthermore, the devices are bulky, costly (Finapres NOVA systems

range from £20,000 to £40,000), and require regular calibration and maintenance,

making them unsuitable for routine or home-based long-term monitoring.

1.5 Cuffless Blood Pressure Monitoring Tech-

nologies

The cuff-based method remains the gold standard for evaluating and managing

hypertension in clinical practice. However, as discussed in the previous section, os-

cillometric cuffs only provide intermittent measurements, while the volume clamp

technique is not suitable for extended use. Both approaches fail to capture rapid

and dynamic fluctuations in blood pressure in response to the physical and mental

demands of daily life [24].

Another approach is pulse tonometry, which employs a pressure transducer to

record the pulsatile waveform at superficial arteries. To maintain consistent sen-



Chapter 1. Cuffless Blood Pressure Monitoring Technologies 9

sor contact, the artery is partially flattened – a process often supported by an air

chamber in modern devices to optimise skin coupling [25]. A key advantage of

this method is its ability to generate a peripheral pressure waveform that closely

reflects intra-arterial BP. However, tonometry is highly sensitive to sensor place-

ment and typically requires the subject to remain supine, reducing its practicality.

Furthermore, accuracy and comfort tend to decline over prolonged use [23]. Al-

though often categorised as cuffless due to the absence of inflatable cuffs, arterial

tonometry involves mechanical applanation that partially occludes the artery. Un-

der stricter definitions – such as those outlined in the Handbook of Cuffless Blood

Pressure Monitoring – it is therefore not classified as a truly cuffless technique

[26]. A persistent challenge of such semi-occlusive methods lies in calibrating and

interpreting local pressure measurements at peripheral sites.

To understand the broader landscape of BP monitoring technologies, Figure 1.2

categorises the principal methods currently used in both clinical and research

settings [26]. The classification begins by distinguishing between invasive and

non-invasive techniques. Among the non-invasive approaches, a further division is

made based on whether the method involves arterial occlusion.

Fully occlusive methods include intermittent measurements performed using aus-

cultatory or oscillometric techniques – both widely adopted in clinical practice

for the management of hypertension. Semi-occlusive methods allow for continu-

ous monitoring by partially compressing the artery, as seen in volume clamp and

tonometry techniques.

In contrast, non-occlusive methods – which do not apply any arterial compres-

sion – are further divided into two categories. The first includes monitors based

on the principle of pulse wave velocity (PWV), which estimate BP by measuring

local or regional PWV using at least two pulsatile sensors and/or complementary

cardiovascular signals such as ECG. This includes approaches based on Pulse Ar-

rival Time (PAT) and Pulse Transit Time (PTT). The second category includes

methods based on pulse wave analysis (PWA), which derive BP estimates from



Chapter 1. Cuffless Blood Pressure Monitoring Technologies 10

features of the pressure waveform using a single pulsatile sensor. These latter

methods are commonly referred to as cuffless blood pressure monitors. Thus, a

cuffless BP monitor has been broadly defined as a device or technology that

estimates blood pressure non-invasively, without applying any form of

arterial occlusion [26].

Recent advances in sensor technologies have enabled the acquisition of high-fidelity

pulse waveforms from the skin surface using a variety of non-invasive modalities.

These signals – often expressed in arbitrary units depending on the sensing prin-

ciple – can capture physiological dynamics that correlate with blood pressure [27].

Such technologies are capable of supporting continuous, non-occlusive estimation

of blood pressure, aligning with the definition of cuffless monitoring.

As a result, cuffless BP monitoring holds great promise for a wide range of appli-

cations, including professional short-term continuous monitoring of hospitalised

patients, hypertension diagnosis and long-term follow-up in treated individuals,

and simple screening of asymptomatic individuals in primary care. It also of-

fers opportunities to better understand blood pressure profiles in relation to daily

habits – while avoiding sleep disturbances caused by cuff inflation. Furthermore,

the large-scale deployment of such devices facilitates big data collection for popu-

lation health research and personalised care, enhances phenotypic classification in

epidemiological studies, and supports precision medicine through the integration

of genetic, behavioural, and physiological data.

Notably, the importance of blood pressure as a key cardiovascular risk factor was

recognised over a century ago, when life insurance companies began recording

handwritten annotations of BP values in asymptomatic individuals [28].

The Handbook of Cuffless Blood Pressure Monitoring defines the underlying ar-

chitecture of such devices as comprising three functional layers (Figure 1.3).

The first layer, known as the transducer layer, involves the sensing principle used
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Figure 1.2: Classification of blood pressure monitoring technologies. Methods are first
divided into invasive and non-invasive approaches. Non-invasive techniques are further
categorised based on the degree of arterial occlusion: fully occlusive (e.g., oscillometric
and auscultatory methods), semi-occlusive (e.g., volume clamp and tonometry), and non-
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to detect the pulse or pulsatile energy generated at peripheral sites. Several tech-

niques have been developed for pulsatile signal acquisition at the skin surface, in-

cluding Photoplethysmography (PPG), Impedance Cardiography (ICG), Ballisto-

cardiography (BCG), Seismocardiography (SCG), and Phonocardiography (PCG).

Among these, ICG, BCG, SCG, and PCG primarily capture mechanical vibrations

associated with cardiac activity [29]. PPG, by contrast, is one of the most widely

studied and applied techniques for non-invasive cardiovascular monitoring. It de-

tects blood volume changes in the microvascular bed of tissue by analysing the

light transmitted through or reflected from the skin. Standard PPG systems em-

ploy light-emitting diodes (LEDs) – typically green, red, or infrared – alongside a

photodiode to measure changes in perfusion [30]. Originally developed for pulse

oximetry, PPG has emerged as a promising approach for cuffless, beat-to-beat BP

estimation due to its non-invasiveness, wearability, and potential for miniaturisa-

tion.

The second layer, the processing layer, analyses the pulsatile waveform, which con-

tains time-, amplitude-, and frequency-domain features relevant to blood pressure.

This waveform may be supplemented with additional cardio-synchronous signals

such as Electrocardiography (ECG), ICG, or PCG to improve signal interpreta-

tion. These inputs feed into pulsatile-based algorithms, including those based on

pulse wave velocity (PWV) and pulse wave analysis (PWA). Recent advances in

machine learning have further enabled the use of PPG signals – alone or in com-

bination with ECG – for continuous BP estimation. The integration of ECG and

PPG facilitates the derivation of cardiovascular timing parameters such as Pulse

Arrival Time (PAT), thereby improving prediction accuracy [31]. Moreover, the

availability of large, publicly accessible PPG datasets has supported the develop-

ment and validation of data-driven models. The output of the processing layer

is typically expressed in non-pressure units – such as milliseconds, millivolts, or

hertz – that correlate with blood pressure. In some implementations, this output



Chapter 1. Cuffless Blood Pressure Monitoring Technologies 13

can be used directly to monitor BP trends or assess blood pressure variability.

However, a third layer is required to derive systolic and diastolic pressure values.

The third layer, referred to as the initialisation layer, converts the non-pressure

values produced by the processing layer into clinically interpretable systolic and

diastolic blood pressure values (expressed in mmHg or kPa). This mapping can be

achieved using theoretical or empirical parametric models and may involve person-

specific calibration parameters, population-based models, or hybrid approaches.

Pulsatile 
sensor

Pulsatile-based
algorithm 

Initialisation 
algorithm

Pulsatile
waveform

Additional 
cardio-synchronous

information

Calibration
Parameters

Pulsatile
energy

Transducer layer Processing layer Initialisation layer Output

Non-intialised BP

Systolic BP
Diastolic BP

Body

Non-invasive cuffless blood pressure monitor
architecture

Figure 1.3: Generic architecture of cuffless blood pressure monitoring systems, com-
prising three functional layers. The transducer layer acquires pulsatile signals using
non-invasive sensing modalities such as PPG, ICG, BCG, SCG, and PCG. The pro-
cessing layer extracts cardiovascular features and applies algorithms based on pulse wave
velocity (PWV) or pulse wave analysis (PWA). The initialisation layer converts the
processed signals into clinically interpretable systolic and diastolic BP values through
calibration models [26].

1.5.1 Pulse Wave Velocity Methods

PPG-based signals have been widely used in both Pulse Wave Analysis (PWA) and

Pulse Wave Velocity (PWV) estimation – two indirect methods for assessing blood

pressure. While PWA focuses on analysing the morphology of the PPG waveform

(e.g., systolic peak, dicrotic notch, and reflected wave), this thesis concentrates

on PWV-based techniques. The features extracted through PWA are influenced



Chapter 1. Cuffless Blood Pressure Monitoring Technologies 14

by arterial compliance, wave reflections, and vascular resistance, offering valuable

insight into cardiovascular health [32].

Physiological Basis of PWV Methods. The heart functions as a periodic

fluid pump, generating pulsatile blood flow throughout the arterial system. This

intermittent flow is influenced by both cardiac performance and the mechanical

properties of the arterial tree. The arterial tree serves not only as a conduit for

the continuous delivery of oxygen and nutrients but also as a hydraulic cushion

that dampens pressure oscillations, thereby ensuring a steady flow at the capillary

level. With each heartbeat, a pressure wave is propagated along the arterial walls

and can be felt as pulsations in superficial arteries near the skin surface.

The speed at which this pressure wave travels – i.e., the PWV – is directly re-

lated to arterial stiffness, which in turn depends on the arterial wall’s mechanical

properties, particularly its Young’s modulus. Importantly, since arterial stiffness

increases with distending pressure, PWV serves as a dynamic marker of blood

pressure. Therefore, measuring the velocity of the travelling pulse wave provides

an indirect estimation of intra-arterial pressure [31].

Time-Domain Parameters. In practice, two timing parameters are commonly

derived from physiological signals: Pulse Arrival Time (PAT) and Pulse Transit

Time (PTT). PAT is defined as the interval between the R-peak of the ECG and

the arrival of the pulse at a distal site (e.g., a finger or wrist PPG), and includes

the pre-ejection period (PEP). PTT, on the other hand, excludes PEP and is de-

fined as the time it takes for the pulse wave to travel between two arterial sites.

Both parameters are inversely related to blood pressure and form the basis of

many model-based approaches for continuous, non-invasive monitoring [29]. Re-

cent advances in machine learning have further enabled the use of PPG – alone or

in combination with ECG – for BP estimation. In particular, PAT-based models

have benefited from large public datasets and improved algorithmic performance
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[31].

Theoretical Models. The Moens-Korteweg equation (Equation 1.1) relates

PWV to arterial wall thickness h, radius R, Young’s modulus E, and blood density

ρ, under the assumption of inviscid flow in a thin-walled elastic vessel:

c20 =
L

τ
=

hE

2Rρ
(1.1)

Building on this, Hughes et al. [33] demonstrated that Young’s modulus increases

exponentially with mean distending pressure P , leading to the following relation:

c20 =
L

τ
=

hE0e
γP

2Rρ
(1.2)

Here, E0 is the zero-pressure modulus, and γ is a subject-specific constant (typ-

ically 0.016-0.018). Combining these equations provides a theoretical basis for

estimating blood pressure from PWV measurements, using measured transit time

τ over a known arterial path length L.

Based on this physiological and theoretical foundation, cuffless blood pressure esti-

mation using Pulse Arrival Time (PAT) or Pulse Transit Time (PTT) may offer a

more direct and physiologically grounded approximation of intra-arterial pressure

compared to conventional indirect methods. These include palpatory detection

of distal pulses (e.g., in PWA), Korotkoff sounds (auscultatory method), and the

analysis of pressure oscillations during cuff deflation (oscillometric method).

One example that illustrates the limitations of direct pressure measurement at

the limb skin surface is the case of arterial tonometry. Despite extensive efforts

to use tonometry for direct BP assessment, commercial research tools – such as

the SphygmoCor (AtCor Medical, Sydney, Australia), Form/VP-2000, and HEM-

9000AI (Omron Healthcare Co., Ltd, Kyoto, Japan) – have been primarily used for

pulse wave analysis, arterial stiffness assessment, and central BP estimation. This
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is largely due to the practical challenges associated with tonometric measurements,

including the need for precise sensor positioning, sensitivity to motion artefacts,

and frequent calibration requirements.

Discrepancies Between PTT and PAT

Among research groups, there are differences in the definition of PTT, and it is

often confused with PAT. The concept of PTT was introduced as early as 1964,

using ECG and downstream pulse signals over a known arterial length to measure

PWV [34, 35]. In 1981, the introduction of the pre-ejection period (PEP) – defined

as the interval between the ECG R-wave and the opening of the aortic valve – led

to a clearer distinction between PAT and PTT.

Since then, PAT has been defined as the interval from the ECG R-wave to the

arrival of the pulse wave at a peripheral site, encompassing the PEP. Conversely,

PTT refers to the time taken for the pulse wave to travel between two arterial

locations [36–38]. This thesis adheres to these latter definitions.

Limitations of PPG-Based Methods

Despite the substantial research interest and progress in using PPG-based methods

as the transducer for pulsatile detection for Cuffless BP estimation, several fun-

damental limitations remain that affect signal fidelity, patient-specific variability,

and beat-to-beat accuracy.

The primary limitation is the high susceptibility to motion artefacts, arising

from light scattering, contact pressure variation, and skin movement. These arte-

facts degrade the beat-to-beat resolution of the PPG waveform and impair feature

detection. Additionally, ambient light interference can reduce the signal-to-

noise ratio if not adequately shielded [30, 39].

Inter-patient variability is another critical factor: skin tone, tissue thickness,

and measurement site influence light absorption and scattering, leading to dif-

ferences in signal strength and waveform morphology. As a result, PPG-based BP
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estimation models often require subject-specific calibration or large, diverse

datasets to generalise effectively [39].

PPG systems also face challenges in harsh environments (e.g., MRI), where

electronic components may become unstable. Importantly, PPG signal quality

is heavily dependent on peripheral blood perfusion, which varies with skin

temperature and vasoconstriction. These physiological factors affect both the

amplitude and the latency of the PPG waveform – the latter typically ranging

from 10-50 ms and introducing timing errors in PAT/PTT estimation [40–42].

These latency errors can be as well attributed to the fact that PPG waveforms

exhibit markedly lower systolic peak prominence compared to simultaneously

recorded invasive arterial blood pressure (ABP) waveforms [43–45]. The dimin-

ished upstroke slope and reduced dicrotic notch visibility in PPG complicate the

accurate detection of fiducial points, leading to variability in PAT/PTT calcula-

tions.

1.6 Optical Fibre Sensors for arterial pulse de-

tection

Optical Fibre sensing systems (OFS) are evolving as an excellent choice compared

to opto-electronic components or electrical sensors based on catheters, guidewires

and MEMS [46]. For medical applications, specifically arterial pulse detection

based on strain sensing, OFS have several strategic advantages over classical mea-

surements technologies.

Footprint and Geometry the diameter range of silica-based optical fibres is

around 125µm such as standard SMF-28, where variants can even reach 80 µm,

now commercially available. Advances in tower manufacturing techniques are al-

lowing the fibre fabrication keeping the protective coating, therefore, preserving

the fibre mechanical strength. Moreover, the widespread availability of polarizing
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independent fibres or bend insensitive fibres, increase the fibre sensor reliability

when subjected to narrow curvatures [46, 47].

Multiplexing and Scalability OFS for temperature and strain sensing such as

Fibre Bragg Grating sensors enables multiple FBGs with different Bragg wave-

lengths can be written along a single fibre [48] – enabling multi-site PWV/-

PAT measurement. This is based on wavelength division multiplexing (WDM).

Distributed sensing systems based on Rayleigh backscattering demodulation can

achieve 1mm of spatial resolution – valuable for detecting subtle mechanical or

physiological changes along a body or structure [49].

Long-term stability A key objective in biomedical sensing is to enable long-term

physiological monitoring using minimally invasive devices. To meet this require-

ment, pressure sensors must demonstrate consistent performance over extended

periods. OFS exhibit excellent long-term stability, with prototype devices achiev-

ing typical drift rates of approximately 1mmHg/hour [50].

Thermal linearity The performance of pressure sensing technologies is often

constrained by their cross-sensitivity to temperature fluctuations. In many con-

ventional sensors – such as electronic or mechanical types – temperature changes

introduce non-linear distortions in the output signal, which typically require ther-

mally isolated packaging to reduce their impact. In contrast, OFS exhibit lin-

ear responses to both temperature and pressure, enabling effective compensation

through appropriate calibration or dual-sensor configurations [49].

EMI immunity OFS are typically manufactured from silica glass – a dielec-

tric material – are inherently immune to electromagnetic interference (EMI). This

intrinsic property makes OFS-based systems well-suited for use in clinical envi-

ronments where EMI is prevalent, such as in magnetic resonance imaging (MRI),
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computed tomography (CT), radiofrequency (RF) or microwave ablation, and var-

ious other imaging or interventional procedures [51].

Among the various fibre optic sensing technologies with strain and bending sensi-

tivity for arterial pulse detection – such as Fibre Bragg Gratings (FBG), Fabry-

Pérot interferometers (FPI), Mach-Zehnder interferometers (MZI), microbending

sensors, and hetero-core fibres – FBG sensors appear to offer the most favourable

balance between accuracy, wearability, and scalability. [52]. While FPI and MZI

systems can achieve extremely high sensitivity, they are not yet practical for wear-

able or ambulatory applications due to their reliance on complex optical alignment

and interrogation setups [53]. Conversely, microbending and hetero-core fibre sen-

sors provide advantages in terms of simplicity, mechanical robustness, and cost-

effectiveness; [54, 55], however, they can potentially underperfom as these sensing

technologies are based on the intensity of the transmitted light caused by the fi-

bre deformation making them vulnerable to source power fluctuations, connector

losses, and any curvature or deformation outside the sensing region.
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Table 1.1: Comparison of optical fibre sensing technologies for pulsatile signal detection and cuffless BP monitoring

Feature FBG Fabry-Pérot
Interferome-
ter

Mach-
Zehnder
Interferom-
eter

Microbending
Sensor

Hetero-Core
Fibre

Sensing principle Wavelength shift
due to strain or
pressure

Interference
from cavity
length change

Interference be-
tween two fibre
paths

Optical loss
due to bending-
induced mode
coupling

Mode loss at
core-cladding
mismatch

Signal encoding Spectral (wave-
length)

Interferometric
(phase/inten-
sity)

Interferometric
(phase shift)

Intensity-based Intensity-based

Sensitivity High (picostrain-
level)

Very high Very high Moderate Moderate

Temperature compen-
sation

Easy via dual
FBGs

Complex (re-
quires reference
arm)

Complex (re-
quires stabilisa-
tion)

Difficult Difficult

Multiplexing capability Excellent (WDM) Limited Limited Limited Limited
Interrogation complex-
ity

Moderate-High
(requires spec-
trometer or
tunable laser)

High (requires
interferometric
demodulation)

High Low Low

Cost Moderate-High High High Low Low
Mechanical robustness High Moderate (frag-

ile cavity)
Moderate High High

Suitability for wearable
use

Excellent Poor-Moderate Poor-Moderate Good Good

BP monitoring poten-
tial

Excellent for
PAT, PTT, wave-
form features

Theoretically
strong, but
impractical for
wearables

High theoretical
accuracy; low
wearability

Basic pulse de-
tection, low BP
estimation accu-
racy

Basic pulse/p-
resence de-
tection; not
suitable for full
BP estimation
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1.7 Fibre Bragg Grating sensing principle

The potential of FBG sensors in physiological measurement based on strain and

temperature sensitivity is due to the optical interference generated by the modu-

lation of the refractive index measured in an optical fibre. The modulation of the

refractive index is produced by the periodical grating inscription with an ultra-

violet laser in the core of a single-mode optical fibre [56] (Figure 1.4). The light

travelling along the core of an optical fibre is scattered by each grating plane.

The Bragg condition requires the conservation of energy and momentum. Energy

conservation (Equation 1.3) occurs when the frequency of the incident radiation

(ℏωi) is the same as the frequency of the reflected radiation (ℏωf ). The momentum

conservation (Equation 1.4) is when the wavevector of the incident wave ki, plus

the grating wavevector K are equal to the wavevector of the scattered radiation

kf .

ℏωf = ℏωi (1.3)

ki +K = kf (1.4)

The grating wavevector K, has its direction normal to the grating planes with a

magnitude 2π/Λ (Λ is the spacing between each grating plane.). The diffracted

wavevector has the same magnitude but opposite direction, to the incident wavevec-

tor 2πneff/λB. Therefore, the momentum of conservation condition becomes

Equation 1.5, that simplifies to the first order Bragg condition (Equation 1.6).

2
2πneff

λB

=
2π

Λ
(1.5)

λB = 2neffΛ (1.6)

Where λB is the Bragg grating wavelength, the free space centre wavelength of

the guided light that will be back reflected from the Bragg grating, and neff is
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the effective refractive index of the fibre core at the free space centre wavelength.

When the Bragg condition is satisfied, the contributions of reflected light from

each grating plane add constructively in the backward direction that forms a back-

reflected peak with a centre wavelength set by the grating parameters. Otherwise,

if this condition is not met, the reflected light from each of the planes becomes

progressively out of phase, and eventually it cancels out. Furthermore, the light

that differs from the Bragg wavelength resonance will have a very weak reflection

at each of the grating planes because of the index mismatch, however this reflection

accumulates over the length of the grating.

Figure 1.4: Bragg grating inscribed into the core of an optical fibre. Part of the input
light is represented (at the Bragg condition) and rest is transmitted. The bandwidth of the
reflected and transmitted light depends on the Bragg grating, its length and modulation.

1.7.1 Strain and Temperature dependency of Bragg grat-

ings

The centre wavelength of the back-reflected light (Bragg grating resonance) from

a Bragg grating, depends on the effective index of refraction of the core and the

periodicity of the grating. Where the effective index of refraction and the spacing

between the grating planes are affected by changes in strain and temperature [56].

Equation 1.7 describes the shift in the Bragg grating centre wavelength due to
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changes in temperature and strain.

∆λB = 2[Λ
∂neff

∂l
+ neff

∂Λ

∂l
]∆l + 2[Λ

∂neff

∂T
+ neff

∂Λ

∂T
]∆T (1.7)

The first term in Equation 1.7 describes the strain effect on an optical fibre, change

in the grating spacing and the optical strain induced change in the refractive index.

1.8 Modelling Blood Pressure from PAT and PTT

Numerous studies have reported an inverse, yet non-linear, relationship between

pulse arrival time (PAT) or pulse transit time (PTT) and blood pressure (BP).

To capture this non-linearity, various modelling strategies have been employed,

ranging from empirical calibration curves to advanced machine learning methods

such as artificial neural networks. While modern sensors are often sufficiently

robust for reliable signal acquisition, translating the measured time delays into

accurate BP estimates remains a major challenge. This difficulty stems from the

variability in physiological conditions, the frequency and accuracy of calibration

procedures, and the site-specific differences in arterial pressure waveforms [57].

To address these challenges, this research proposes the use of Gaussian Process

Regression (GPR) to model the non-linear inverse relationship between BP and

PAT/PTT features. GPR offers a non-parametric, probabilistic framework capa-

ble of capturing complex functional dependencies while also providing uncertainty

estimates – a crucial feature for clinical interpretability and risk assessment [58].

This approach also enables the integration of data-driven feature selection mecha-

nisms to mitigate overfitting by eliminating redundant inputs. Such methods are

particularly promising in handling the variability and subject-specific characteris-

tics inherent in cuffless BP estimation [59, 60].
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1.9 Pulse Waveform Reconstruction Rationale

Physiological, mechanical, and environmental factors contribute to the distortion

of the pulsatile waveform measured by any transducer in cuffless blood pressure

(BP) monitoring, particularly at distal measurement sites during daily life activ-

ities. This research identifies five key sources of waveform distortion: transmural

pressure, hydrostatic pressure, physiological variability, variable contact pressure,

and motion artefacts.

Transmural pressure – defined as the difference between internal arterial pres-

sure and external tissue pressure – plays a fundamental role in arterial pressure

wave propagation due to its intrinsic relationship with the mechanical properties

of the arterial wall. This dependency makes pulse wave velocity (PWV)-based

methods more physiologically grounded for estimating BP than approaches rely-

ing solely on single-point pulse detection (PWA) [31, 57]. However, variations in

transmural pressure may also explain differences in waveform morphology along

the arterial tree and between individuals, owing to tissue heterogeneity and vaso-

motor tone.

Another key factor is hydrostatic pressure, which varies with the vertical po-

sition of the limb relative to the heart. Changes in limb height induce shifts in

local pressure, which alter the amplitude (peak prominence) and morphology of

the detected waveform [61]. While such variations affect PWV to a lesser extent

than pulse wave analysis (PWA), they can still degrade signal quality and re-

duce the signal-to-noise ratio (SNR), particularly in wearable systems where limb

movement is frequent.

Similarly, variable contact pressure – arising from body movement or incon-

sistent sensor attachment – can modulate both the amplitude and baseline of the

measured pulse signal [62].

Motion artefacts constitute a particularly complex source of distortion in wear-

able and ambulatory monitoring systems. These artefacts result from relative

movement between the sensor and the skin, tissue deformation during limb mo-
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tion, cable tension, or mechanical vibrations transmitted through the body. In the

context of FBG sensors, motion artefacts can manifest as low-frequency baseline

drift, abrupt transients, or spectral distortion due to unintended strain imposed

on the fibre or mounting substrate. Although FBG sensors are inherently more

mechanically stable than optical methods such as photoplethysmography (PPG),

they remain sensitive to non-cardiac strain – especially under dynamic conditions

such as walking, arm swinging, or changes in posture [63].

Unlike optical noise, motion-induced strain overlaps both spectrally and tempo-

rally with the cardiac signal, making it difficult to isolate through conventional

filtering. Furthermore, since motion artefacts are typically non-stationary and

subject-specific, their impact varies depending on sensor placement, attachment

method, and individual movement patterns. This complexity necessitates the de-

velopment of robust reconstruction techniques capable of separating physiological

pulsations from artefactual components in real time.

As this research employs a Fibre Bragg Grating (FBG) sensor as the transduction

layer, it is also necessary to account for additional sources of signal distortion

that are FBG-dependent. These include: (i) spectral FBG crosstalk [64],

arising from overlapping spectra in multiplexed arrays; (ii) source/interroga-

tor instability, such as laser wavelength drift or polarisation fluctuations [65];

(iii) spectral resolution and ADC noise, due to finite wavelength bin size

and digitisation errors [66]; and (iv) humidity and environmental ingress[67],

which can alter the fibre’s refractive index. These factors originate within the

optical fibre, grating structure, or interrogation hardware, and are generally ad-

dressed through sensor design optimisations such as increased spectral spacing,

use of reference gratings, high-resolution interrogators, or hermetic coatings.

In contrast, the non-FBG-dependent factors pose greater challenges, typically

requiring enhancements in mechanical design, the integration of auxiliary sensors

(e.g., inertial measurement units or force sensors), or the application of advanced

signal processing. These strategies are often constrained by trade-offs involving
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real-time performance, computational complexity, and environmental variability.

To overcome these limitations, this work proposes an artificial intelligence-based

approach for real-time pulse waveform reconstruction using a Fully Conditional

Generative Adversarial Network (FC-GAN) model. The literature review sup-

porting this approach, as well as its implementation, are detailed in Chapters 2

and 6.

1.10 Research Gap and Research Question

Despite enormous efforts to meet the public health demand for non-invasive blood

pressure (BP) monitoring – particularly for the early detection of cardiovascular

diseases – current standard and emerging technologies including oscillometric cuffs,

the volume-clamp method, cuffless PPG wearables, and arterial tonometry remain

unsuitable for ambulatory beat-to-beat BP assessment.

Oscillometric cuffs are limited by their intermittent nature lacking a beat-to-

beat resolution. The volume clamp method suffers from discomfort and potential

health-risks during prolonged use, dependence on finger perfusion, and hardware

complexity that hinders miniaturisation and wearability. Arterial tonometry, while

capable of high-fidelity waveform capture, often requires precise positioning and

external pressure to maintain arterial contact, limiting its practicality in free-living

conditions. Cuffless PPG-based methods are highly sensitive to motion artefacts,

skin tone, and perfusion variability, leading to signal degradation and reduced

accuracy.

Furthermore, PPG waveforms recorded at distal sites often lack the morphological

fidelity of invasive arterial pressure waveforms, including reduced systolic peak

prominence and poor dicrotic notch visibility, which leads to errors in timing-

based BP estimation approaches such as PAT and PTT.

This highlights the need to investigate alternative sensing technologies that can

overcome the limitations of PPG-based methods for non-invasive BP estimation.
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A solution with sufficient accuracy and robustness that could be adopted as a

standard technology for non-invasive, unobtrusive, beat-to-beat BP monitoring.

Among the most promising innovations are fibre Bragg grating (FBG) sensors –

optical fibre sensors with remarkable sensitivity to physical parameters such as

strain and temperature. Their high strain sensitivity has been widely utilised

in structural health monitoring across civil and aerospace engineering, where they

detect vibrations and early-stage damage in materials. In biomedical applications,

FBG sensors have been explored for monitoring respiratory rate via chest wall

movement, heart rate, and body temperature [68].

More recently, early-stage studies have investigated the feasibility of using FBG

sensors for BP measurement. These works have demonstrated that FBGs can

detect arterial pulse waveforms when mounted using mechanical structures that

amplify the minute blood vessel wall displacements. The arterial pulses wave-

forms detected by FBG sensors can potentially be correlated with arterial pressure

waveforms. Such mounting systems are essential to resolve the pulse signal with

adequate fidelity. The review of FBG-based methods for BP and arterial pulse

methods is discussed in detail in the literature review (Chapter 2).

This research proposes a sensing framework based on an FBG sensor embedded

in a millimetre-scale rectangular cantilever, specifically designed to detect distal

arterial pulse waveforms. This configuration enables the extraction of PAT and

PTT features in conjunction with ECG signals. Building on this physiological

and theoretical foundation, cuffless blood pressure estimation using these timing

features may provide a more direct and physiologically grounded approximation

of intra-arterial pressure compared with conventional indirect methods.

Research Question. Can a fibre Bragg grating (FBG)-based cantilever sensor

capture distal arterial pulse waveforms with sufficient morphological fidelity and

timing stability to derive precise PAT and PTT features, thereby enabling accurate

beat-to-beat BP estimation in ambulatory conditions?
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1.11 Aims and Objectives

Aim

To develop a continuous, beat-to-beat blood pressure (BP) monitoring system

based on a fibre Bragg grating (FBG)-cantilever sensing platform.

Objectives

1. To design and fabricate a wearable FBG-based cantilever sensor capable of

detecting distal arterial pulsations.

2. To construct a cardiovascular phantom for controlled validation of the FBG-

cantilever sensing system.

3. To evaluate the sensor system’s accuracy and reliability through human sub-

ject testing.

4. To model the non-linear relationship between BP and timing features (PAT/PTT)

using a Gaussian Process Regression (GPR) model.

5. To develop a pulse waveform reconstruction method using generative arti-

ficial networks (GAN) to enhance signal quality and improve robustness in

ambulatory conditions.

1.12 Methodological Overview

To enhance the sensitivity of distal arterial pulse detection at the skin surface,

this research proposes the use of a fibre Bragg grating (FBG) sensor mounted

on a rectangular cantilever. To support ambulatory applications, a miniaturised

interrogator (FiSpec FBG X100, FiSens, Rolleiwerke GmbH) is integrated to im-

prove system portability and facilitate real-time data acquisition.

The reliability and performance of the FBG-cantilever sensing system are first

evaluated in a controlled setting using a custom-built cardiovascular phantom.
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This setup enables repeatable pulse waveform generation under known pressure

conditions for sensor calibration and validation.

Subsequently, human volunteer experiments are conducted, where blood pressure

changes are induced through cycling exercise. During these trials, discrete systolic

and diastolic BP values are recorded alongside continuous ECG and FBG data

streams.

To derive BP from timing features, a multitask Gaussian Process Regression

(GPR) model is employed to capture the non-linear relationships between sys-

tolic/diastolic BP and the extracted pulse arrival time (PAT) features.

Finally, to address motion-induced signal degradation in ambulatory settings, gen-

erative models are investigated for reconstructing corrupted pulse waveforms and

enhancing signal quality.
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1.13 Thesis Outline

This thesis is organised in seven chapters (Figure 1.5).

Ch1. Introduction
and Background

Ch2. Literature Review

Ch3. FBG-cantilever
sensing system

Ch4. Cardiovascular
Phantom

Ch6. FC-GAN model
for pulse

reconstruction

Ch7. Conclusions
and Further Work

Ch5. Human studies
and BP model

Proposal to address the
scientific and technical

challenges in continuous BP
measurement 

Hardware solution 

Hardware validation in a
controlled environment

Hardware validation in humans

 State of the art of the
selected methods 

Software to aid the robustness of a
continuous BP monitor in ambulatory

settings

Software mapping Signals to BP 

Samples of real-life data

Figure 1.5: Thesis Outline. Schematic overview of the seven-chapter thesis structure,
illustrating the logical progression and interdependencies from the introductory motiva-
tion and literature review (Chs. 1-2) through hardware development (Ch. 3), controlled
and human validation (Chs. 4-5), AI-based signal reconstruction (Ch. 6), and culmi-
nating in the conclusions and proposed future work (Ch. 7).

• Chapter 1: Introduction and Background

This chapter articulates the motivation for the investigation and situates it

within both clinical and societal contexts. It begins with a concise overview

of the physiological mechanisms that regulate blood pressure, underscoring

the clinical importance of continuous, beat-to-beat monitoring. The discus-
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sion then critiques the limitations of standard measurement techniques and

surveys recent advances in emerging monitoring technologies. By clarify-

ing the associated scientific and technical challenges, the chapter identifies

the central research gap, from which the proposed solution and the guiding

research question of this thesis are derived.

• Chapter 2: Literature Review

This chapter presents a comprehensive review of the literature relevant to

the proposed methodologies. It examines prior research on the use of Fibre

Bragg Grating (FBG) sensors for blood pressure measurement, highlighting

key developments and limitations. In addition, it explores software meth-

ods for blood pressure derivation, including signal processing and machine

learning techniques. The chapter also reviews methods for pulse waveform

reconstruction, with a focus on algorithms designed to mitigate signal dis-

tortion by motion artefacts. This comprehensive review provides the foun-

dation for selecting and justifying specific methodological approaches within

the context of the proposed solution.

• Chapter 3: FBG-cantilever sensing system

This chapter details the development of the FBG-cantilever sensing system.

It presents the technical specifications of the rectangular cantilever beam,

including its structural and material properties, as well as the characteristics

of the integrated FBG sensors. The chapter further outlines the design

evolution of the FBG-cantilever assembly, highlighting key iterations and

improvements. In addition, it examines the selection, benchmarking, and

instrumentation of the FBG interrogator, providing a rationale for the chosen

system based on its performance specifications and compatibility with the

proposed sensing platform. This chapter outputs the hardware developed

for the continuous beat-to-beat BP measurements.

• Chapter 4: Cardiovascular Phantom
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This chapter describes the development of a customised physical model of the

cardiovascular system. The model is designed to facilitate the validation of

the FBG-cantilever sensing system under controlled experimental conditions.

It enables the acquisition of pulse transit time (PTT) and pulse arrival time

(PAT) measurements, providing a reproducible platform for assessing the

system’s performance and reliability prior to human testing.

• Chapter 5: Human Studies and BP model

This chapter presents the human studies performed to obtain PAT and PTT

values using the FBG-cantilever sensing system and ECG. The experimental

protocol selected is described as well, the post-processing of the data and the

results from 15 participants. This chapter also describes the development

of a Gaussian Process Regression model of BP using PAT values, using the

data collected from the human studies. The model testing results of this

model is also presented in this chapter.

• Chapter 6: FC-GAN model for pulse reconstruction

This chapter presents the development of a generative adversarial network

with fully connected layers (FC-GAN) for the reconstruction of arterial pulse

waveforms primarily distorted by motion artifacts. It details the creation of

an artificially corrupted dataset used to support the training and validation

of the model, along with a comprehensive description of the network archi-

tecture, training protocol, and implementation strategies. The performance

of the proposed model is evaluated using a range of qualitative and quantita-

tive metrics and is benchmarked against existing state-of-the-art approaches

reported in the literature. Furthermore, the chapter investigates the ap-

plication of the FC-GAN to FBG arterial pulse signals obtained from the

human subject studies from Chapter 5, and critically examines the impli-

cations of deploying such AI-based reconstruction methods in ambulatory

medical devices.
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• Chapter 7: Conclusion and Further work This chapter synthesises the

principal contributions and acknowledged limitations of the present investi-

gation. It first summarises the development and experimental validation of

the FBG-cantilever sensing system using both cardiovascular phantoms and

human cohorts, with particular emphasis on its capacity to acquire PTT and

PAT. The discussion then addresses the derivation of systolic and diastolic

blood pressure (SBP and DBP) from PAT by means of a Gaussian-process

regression model. The chapter also reflects on the development and appli-

cation of an FC-GAN model for the reconstruction of arterial pulse wave-

forms. Collectively, these accomplishments are evaluated in terms of their

impact on overcoming the scientific and technical barriers inherent in con-

tinuous blood-pressure monitoring. The chapter concludes by critiquing the

remaining limitations, proposing solutions to mitigate them, and outlining

prospective research stages intended to advance this field further.

Figure 1.5 offers a schematic overview of the logical flow and interdependencies

among these chapters. At the top left, Chapter 1 (“Introduction and Background”)

establishes the clinical and societal motivation, reviews relevant physiological fun-

damentals, and – together with Chapter 2 (“Literature Review”) – frames the key

research gap, the proposed solution, and the specific methodological approaches.

This foundation then drives the hardware development presented in Chapter 3

(“FBG-cantilever sensing system”), whose performance is first validated under

controlled conditions in Chapter 4 (“Cardiovascular Phantom”), and subsequently

in human subjects in Chapter 5 (“Human studies and BP model”). The human

validation also informs the development of the blood-pressure estimation model.

Real-world FBG pulse signals collected in Chapter 5 feed into Chapter 6 (“FC-

GAN model for pulse reconstruction”), which describes an AI-based approach to

reconstruct motion-corrupted waveforms. Finally, Chapter 7 (“Conclusions and

Further Work”) synthesises the hardware and software contributions, evaluates

their collective impact on continuous blood-pressure monitoring, critiques remain-
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ing limitations, and outlines proposed next steps.



2. Literature Review

This chapter presents a critical review of the existing literature relevant to the

development of the proposed cuffless blood pressure (BP) monitoring system. It

is structured around the three key functional layers of the device, as illustrated in

Figure 1.3: (i) the transducer layer, focusing on the use of Fibre Bragg Grating

(FBG) sensors for pulse waveform detection; (ii) the initialisation layer, address-

ing machine learning techniques for BP estimation from physiological signals; and

(iii) the processing layer, covering signal reconstruction methodologies for pul-

satile signals corrupted by motion artefacts, which support the accurate extraction

of pulse wave velocity (PWV) features.

The objective of this review is to identify current technological and methodolog-

ical limitations that the proposed research aims to overcome. The first section

explores FBG-based sensing systems, which provide promising capabilities for cap-

turing arterial pulse waveforms at the skin surface but face constraints in terms

of repeatability, self-attachment, and portability. The second section evaluates

data-driven BP estimation models that rely on features such as Pulse Transit

Time (PTT), Pulse Arrival Time (PAT), and morphological descriptors derived

from ECG and PPG signals. While these models demonstrate promising accuracy,

many depend on high computational resources or frequent calibration protocols.

The final section reviews signal reconstruction strategies for recovering distorted

pulsatile waveforms, including classical signal processing approaches and gener-

ative machine learning methods. These are essential for ensuring reliable PWV

feature extraction under real-world motion conditions.

35
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Collectively, this chapter establishes the context and rationale for the methodolog-

ical framework and system design choices elaborated in the following chapters.

2.1 Fibre Bragg Grating (FBG) Sensors for Pul-

satile Detection

As described in Section 1.6, Fibre Bragg Grating (FBG) sensors have demon-

strated significant potential for non-invasive pulse wave detection by measuring

strain at various skin surface locations. Their ability to capture pulsatile arterial

motion offers a compelling alternative to traditional contact-based or optical meth-

ods, particularly in wearable and continuous monitoring systems. FBGs offer a

miniature footprint, mechanical flexibility, and inherent immunity to electromag-

netic interference, making them well-suited for integration into wearable devices

and for use in electromagnetically noisy clinical environments such as MRI or CT

suites. Unlike intensity-based fibre sensors, which are susceptible to artefacts aris-

ing from source power fluctuations or connector losses, FBGs detect strain through

shifts in Bragg wavelength, offering improved stability, linearity, and robustness.

Furthermore, their capacity for wavelength-division multiplexing enables the in-

tegration of multiple sensing sites along a single fibre – crucial for deriving phys-

iological parameters such as pulse wave velocity (PWV) and pulse arrival time

(PAT). These features collectively position FBG sensors as ideal transducers for

cuffless blood pressure monitoring applications.

Leitão et al. [69] investigated the use of a silica-based FBG sensor embedded in a

small housing, featuring a spherical structure designed to transfer carotid artery

micro-movements to the fibre (Figure 2.1). As the carotid artery is anatomically

close to the aorta, these measurements provide insights into central arterial stiff-

ness. However, the sensor system is not self-attaching, requires operator training

for placement, and suffers from limited measurement repeatability.
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Figure 2.1: Carotid pulse waveform measured using a silica FBG sensor with a spher-
ical contact mechanism [69], © 2012 SPIE. Reprinted with permission.

Koyama et al. [70] evaluated a polymer-based FBG sensor for pulsation strain

measurements at the fingertip. This plastic optical fibre exhibits a lower Young’s

modulus than silica, resulting in greater deformation and a larger Bragg wave-

length shift under identical pressure, which enhances sensitivity. The sensor was

positioned 10 – 15 mm from the distal interphalangeal joint, and measurements

were recorded under varying blood flow conditions simulated via upper-arm cuff

compression and release. Despite its improved sensitivity, the polymer fibre is

more expensive and, like the previous design, lacks self-attachment.

Haseda et al. [71], from the same research group, extended this approach by es-

timating systolic and diastolic blood pressure (SBP/DBP) from brachial pulse

waveforms using Partial Least Squares Regression (PLSR) (Figure 2.2). Their

model achieved a moderate correlation (R = 0.54 – 0.72), but the recordings were

conducted only at rest and covered a narrow BP range, limiting generalisability.

Figure 2.2: Measurement of arterial pulse using a plastic fibre FBG sensor on the
upper arm [71], licensed under CC BY 4.0.
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Jia et al. [72] introduced a radial artery pulse sensing system incorporating a silica

FBG sensor and a mechanical lever amplification mechanism (Figure 2.3). The

system followed the Traditional Chinese Medicine (TCM) pulse diagnosis protocol

for precise pulse localisation. While effective, the bulky design precludes wearable

integration.

Figure 2.3: Lever-based amplification mechanism used with a silica FBG sensor to
capture radial pulse waveforms [72], © 2018 IEEE. Reprinted with permission.

Gowda et al. [73] developed a 3D-printed holder integrated with a silica FBG

sensor to target radial artery pulse positions based on the TCM “Guan” location

(Figure 2.4). The sensor requires manual support for skin contact, making it

unsuitable for autonomous or wearable use.

Figure 2.4: 3D-printed FBG device for radial artery pulse monitoring [73], licensed
under CC BY 4.0.

Wang et al. [74] implemented simultaneous bilateral FBG measurements using

sensors embedded in PDMS structures (Figure 2.5), placed at the elbows (fossa

cubitalis) and wrists. The pulse wave velocity (PWV) was estimated from each

arm using these synchronised measurements.
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Figure 2.5: Simultaneous bilateral PWV estimation using FBG sensors embedded in
PDMS structures [74], licensed under CC BY 4.0.

Katsuragawa et al. [75] explored BP estimation using FBG measurements at the

radial and brachial arteries (Figure 2.6) with PLSR-based modelling. Their study

reported mean differences in SBP/DBP of less than 5 mmHg, although the results

were obtained from only three subjects in a supine position and within a limited

BP range.

Figure 2.6: FBG sensor placed along the arterial line (radial and brachial arteries) for
BP estimation [75], © 2015 IEEE. Reprinted with permission.

Table 2.1 summarises key studies that have employed Fibre Bragg Grating (FBG)-

based sensors for pulse wave analysis and blood pressure (BP) estimation. The

table provides a comparative overview of the sensor types, measurement locations,

primary findings, and associated limitations of each approach.

Despite their demonstrated potential in pulse waveform detection, Fibre Bragg

Grating (FBG) sensors have seen limited application in blood pressure (BP) mon-

itoring. Several key barriers have impeded their broader adoption, including the

lack of access to continuous invasive BP reference data for model development, the

limited portability and high cost of commercial FBG interrogators, and the use of

mechanically simplistic sensor designs. These limitations contribute to poor signal

repeatability, reduced robustness under dynamic conditions, and limited usabil-

ity – factors that collectively hinder progress toward deployable, beat-to-beat BP
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monitoring systems. In response to these challenges, and informed by the current

state of the field, this research proposes an enhanced FBG-based sensing system

incorporating a rectangular cantilever structure. The cantilever functions both

as a stable mounting platform and as a mechanical amplification mechanism, im-

proving strain transfer from arterial pulsations to the embedded FBG sensor and

enabling more reliable waveform acquisition for continuous, cuffless BP estimation.

To further address cost and portability constraints associated with conventional

interrogation systems, this work employs the miniature interrogator FiSpec X100

(FiSens GmbH, Braunschweig, Germany), offering a compact and cost-effective

alternative suitable for wearable or semi-portable applications.

Study Sensor Type Measurement Location Key Findings Limitations

Leitão Silica FBG Carotid Artery Central arterial stiffness Training to apply the sensor
et al. 2012 [69] Pulse wave profile Not self-attachment

Lack of repeatability

Koyama Polymer FBG Fingertip Lower Young’s modulus More expensive than Silica fibres
et al. 2021 [70] (Plastic) (10-15 mm from DIP joint) gives higher sensitivity Not portable

not self-attachment

Haseda Polymer FBG Brachial Artery BP through pulse Narrow BP reference range
et al. 2019 [71] sampled 1KHz wave analysis-PLSR only measurements at rest

R = 0.54 - 0.72

Jia Silica FBG with Radial Artery Pulse waveform Bulky lever amplification system
et al. 2018 [72] lever

Gowda Silica FBG with Radial Artery Pulse waveform Not self-attachment
et al. 2024 [73] 3D Printed Device

Wang 2 FBGs Fossa cubitalis Pulse wave velocities Not portable
et al. 2024 [74] attached to PDMS Wrist left and right arms

sampled at 1KHz self-attachment

Katsuragawa FBG material radial & BP through pulse Narrow BP reference range
et al. 2015 [75] not disclosed brachial arteries wave analysis-PSLR only in supine position

Average difference: N subjects = 3
(SBP/DBP) < 5mmHg not portable

Table 2.1: FBG-based sensors for pulse wave analysis and blood pressure measurements

2.2 Blood Pressure Machine Learning Models

Machine learning (ML) models are gaining popularity over theoretical approaches

for blood pressure (BP) derivation, as they can capture the complex, non-linear,

and subject-specific relationships between pulse features – such as Pulse Arrival

Time (PAT) and Pulse Transit Time (PTT) – and BP, which theoretical models of-
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ten oversimplify due to idealised assumptions about vascular properties. ML mod-

els learn directly from data, making them more robust to physiological variability,

noise, and signal artefacts commonly encountered in wearable and ambulatory

settings. Numerous ML-based methods have been developed to estimate BP from

physiological signals such as electrocardiogram (ECG) and photoplethysmogram

(PPG), using either transit-time features like PAT/PTT or morphological and

spectral descriptors derived from the pulse waveform in both time and frequency

domains. These models have consistently demonstrated improved performance

in predicting diastolic BP (DBP) over systolic BP (SBP), with further accuracy

gains observed under calibration-based conditions.

Yang et al.[76] extracted PAT and signal complexity features from ECG and PPG

using least absolute shrinkage and selection operator (LASSO) regression, support

vector machines (SVM), and artificial neural networks (ANN). The mean absolute

error (MAE) for SBP prediction using SVM was 7.33±9.53mmHg, while DBP

prediction using ANN achieved 5.15±6.46 mmHg.

Kauchee et al.[77] applied PWV features to multiple models, including regularised

linear regression (RLR), SVM, decision tree regression, adaptive boosting (Ad-

aBoost), and random forest regression (RFR). Calibration-free models yielded

an MAE of 11.17±10.09mmHg for SBP and 5.35±6.14 mmHg for DBP, while

calibration-based models improved the accuracy to 8.21±5.45 mmHg (SBP) and

4.31±3.52 mmHg (DBP).

Su et al.[78] employed long short-term memory (LSTM) networks on PWV features

from ECG and PPG, achieving root mean square errors (RMSE) of 3.73mmHg

for SBP and 2.43 mmHg for DBP.

Khalid et al.[79] used PPG-only signals in combination with multiple linear regres-

sion, SVM, and decision trees, achieving MAE values of 4.82±4.31mmHg (SBP)

and 3.25±4.17 mmHg (DBP).

Wang et al.[80] leveraged morphological and spectral features of PPG segments

with ANN, reporting MAEs of 4.02±2.79mmHg for SBP and 2.27±1.82 mmHg
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for DBP.

Ertugrul et al.[81] transformed ECG and PPG into spectrograms via short-time

Fourier Transform (STFT) and used extreme machine learning (EML), achieving

RMSEs of 4.37mmHg (SBP) and 3.95 mmHg (DBP).

Liang et al. [82] applied continuous wavelet transform (CWT) to derive scalogram

representations of PPG, then used a pre-trained GoogleNet convolutional neural

network (CNN) for hypertension classification.

Baek et al.[83] used time- and frequency-domain features, including derivatives

and fast Fourier transform (FFT), from ECG and PPG in a CNN, yielding MAEs

of 5.32±5.54mmHg (SBP) and 3.38±3.82 mmHg (DBP) under a calibration-based

protocol.

Paviglianiti et al.[84] benchmarked several deep learning techniques using ECG,

PPG, and arterial blood pressure (ABP) signals from the MIMIC database. Their

ResNet + three-layer LSTM architecture achieved the best results, with MAEs

of 4.118mmHg (SBP) and 2.228 mmHg (DBP), satisfying AAMI standards. A

secondary LSTM model trained using only PPG and ABP from MIMIC-I aimed

to reconstruct BP waveforms. Preliminary outputs showed periodic waveform

patterns with amplitude variations but diverged from true ABP morphology.

Ahmed et al. [85] proposed a hybrid machine learning method for estimating sys-

tolic and diastolic blood pressure (SBP and DBP) using oscillometric waveform

envelopes (OWEs). The authors extract 27 features from the OWEs – including

time-domain, chaotic, and frequency-domain components – and use three Gaus-

sian Process Regression (GPR) models (Exponential, Matern 5/2, and Rational

Quadratic) to predict BP values. The best performance was achieved with the

Exponential GPR model, yielding mean absolute errors of 3.64 mmHg for SBP

and 4.27 mmHg for DBP.

Table 2.2 summarises the machine learning approaches reviewed. Long Short-

Term Memory (LSTM) models, as demonstrated by Su et al.[78] and Paviglianiti

et al.[84], have achieved notable performance by effectively capturing temporal
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dependencies in physiological signals. However, their high computational cost

presents a challenge for deployment in real-time or resource-constrained embedded

systems. In contrast, Bayesian methods such as Gaussian Process Regression

(GPR) offer a promising alternative, especially when combined with streamlined

feature extraction pipelines. If the complexity of feature engineering is minimised

and cuffless signals are utilised, GPR models may represent a practical and energy-

efficient solution for real-time blood pressure estimation.

Considering the limitations of existing machine learning approaches, this research

proposes the use of a tailored Gaussian Process Regression (GPR) model for blood

pressure estimation using pulse wave velocity (PWV) features derived from FBG

and ECG signals. GPR offers a principled Bayesian framework capable of cap-

turing the non-linear and subject-specific relationship between pulse arrival time

(PAT) and blood pressure without relying on extensive feature engineering. Its

probabilistic nature provides both predictive values and associated uncertainty es-

timates, which are especially valuable in clinical applications where interpretability

and reliability are essential. Furthermore, GPR has demonstrated robustness with

limited datasets, making it particularly suitable for this study, where sample sizes

per participant are constrained. Given these advantages, GPR presents a flexible,

interpretable, and data-efficient solution for continuous, cuffless blood pressure

monitoring.
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Table 2.2: Machine Learning Models for Blood Pressure Prediction

Study Features Model Metric Results (SBP/DBP) [mmHg] Notes

Yang PAT, Complexity (ECG, PPG) LASSO, SVM, ANN MAE SVM: 7.33±9.53 / ANN: 5.15±6.46 Different models for SBP and DBP
et al. 2020 [76]

Kauchee PWV (ECG, PPG) RLR, SVM, DT, MAE Cal-Free: 11.17±10.09 / 5.35±6.14 Calibration improves accuracy
et al. 2015 [77] AdaBoost, RFR Cal-Based: 8.21±5.45 / 4.31±3.52 RFR achieves best results

Su PWV (ECG, PPG) LSTM RMSE 3.73 / 2.43 LSTM achieves lowest RMSE,
et al. 2018 [78] use temporal dependency, HPC

Khalid PPG only MLR, SVM, DT MAE 4.82±4.31 / 3.25±4.17 PPG-only approach with good accuracy
et al. 2018 [79]

Wang Morphological, Spectral (PPG) ANN MAE 4.02±2.79 / 2.27±1.82 ANN performs well on PPG
et al. 2018 [80]

Ertugrul Spectrogram, STFT (ECG, PPG) Extreme ML RMSE 4.37 / 3.95 Exploits signal periodicity for BP estimation
et al. 2018 [81]

Liang Scalogram (PPG, CWT) CNN (GoogleNet) - Hypertension Classification Focuses on classification, not regression
et al. 2018 [82]

Baek Time, Frequency (ECG, PPG, FFT) CNN MAE 5.32±5.54 / 3.38±3.82 Uses FFT for feature extraction
et al. 2019 [83]

Paviglianiti ECG, PPG, ABP (MIMIC) ResNet+LSTM MAE 4.118 / 2.228 Deep learning hybrid model,
et al. 2022 [84] PPG (MIMIC I) LSTM - Work in Progress Ongoing work on MIMIC dataset

exploits temporal dependency
HPC

Ahmed 27 featured from Oscillometric Waveforms GPR with exponential kernel MAE 3.64/ 4.27 Efficacy of GPR with engineered features
et al. 2020 [85] without deep learning complexity

Feature extraction complexity
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2.3 Machine Learning for Pulsatile Signal Re-

construction

As described in section 1.9, in cuffless BP monitoring, the accuracy of pulsatile

waveform detection is compromised by several physiological, mechanical, and en-

vironmental factors, including transmural pressure, hydrostatic effects, variable

contact pressure, and motion artefacts. Among these, motion artefacts represent

the most significant challenge, especially during daily activities, due to their non-

stationary and subject-specific nature. Unlike optical noise, motion-induced strain

overlaps temporally and spectrally with the cardiac signal, making it difficult to

filter using conventional methods. Although Fibre Bragg Grating (FBG) sensors

are more mechanically stable than optical methods like PPG, they remain sus-

ceptible to motion-induced distortion, as well as FBG-specific limitations such as

spectral crosstalk and source instability.

This section reviews techniques for reconstructing pulsatile signals, particularly

those corrupted by motion artefacts. FBG waveforms share morphological similar-

ities with PPG signals and are similarly susceptible to motion-induced distortion.

As such, PPG denoising literature offers valuable insights for FBG signal recovery.

Initial approaches to motion artefact mitigation involved manual segment removal

or signal quality assessment using classification [86–88]. More advanced methods

combine signal decomposition, adaptive filtering, and deep learning.

Kim and Yoo [89] applied independent component analysis (ICA) and low-pass

filtering to separate motion artefacts, reporting mean squared errors (MSE) of

0.4–4. Salehizadeh et al. [90] introduced iterative motion artefact removal using

singular spectral analysis, finding no significant differences (p > 0.05) between

reference and reconstructed heart rate in 7 of 9 subjects.

Mullan et al.[91] used wavelet denoising in combination with acceleration data,

achieving MAE = 1.96±2.86 bpm and Pearson’s r = 0.98 for heart rate esti-

mation. Zhang et al.[92] employed ensemble empirical mode decomposition and
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spectrum subtraction, reporting average absolute error (Aerror) = 1.83±1.21 bpm

and correlation r = 0.989.

Tang et al.[93] used a hybrid of discrete wavelet transform and empirical mode

decomposition, with mean sum error (MSumE) ranging from 2.95 to 32.94 bpm

depending on signal quality. Lee et al.[94] proposed a bidirectional recurrent

denoising autoencoder (BRDAE), achieving an average SNR improvement of 7.9

dB.

Generative models have shown great promise in imaging tasks such as super-

resolution, deblurring, and colour normalization. Techniques like PCA-SRGAN

and CycleGAN have improved performance and broadened applicability, especially

when paired data are unavailable [95]. In biomedical imaging, GAN-based models,

including Asymmetric CycleGANs and DC-GANs, have been applied to tasks

like smoke removal [96]. Zargari et al.[97] introduced a CycleGAN model for 2D

transformation and unpaired signal reconstruction, achieving peak-to-peak error

(PPE) of 0.95 bpm and RMSE of 2.18 bpm. Wang et al.[98] proposed a Deep

Convolutional GAN (DC-GAN) for PPG denoising, requiring averaging of the

reconstructed and raw signals to improve fidelity, with PPE ranging from 0.7 to

1.9 seconds.

Table 2.3 presents a comparative summary of state-of-the-art techniques and their

performance metrics in PPG signal reconstruction. Despite advances in deep gen-

erative models, accelerometer-assisted methods such as those from Zhang [92] and

Mullan [91] still outperform standalone algorithms. However, such hardware de-

pendencies are not always feasible in constrained settings (e.g., oesophageal or

tracheal measurements using optical fibre probes [99, 100]).

Thus, there remains a clear need for motion-robust signal reconstruction meth-

ods that operate independently of inertial measurements. Approaches capable of

real-time sliding window processing without relying on ECG, accelerometers, or

gyroscopes would significantly benefit wearable cuffless BP devices.
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Paper Method Acc. Outcome Notes
and/or
Gyro

Kim and ICA No MSE 0.4 - 4 Sensitive to
Yoo 2006 noise amplitude

Salehizadeh IMAR No HR with p > 0.05 Limited
et al. 2014 in 7 out of 9 subjects test set

Mullan Wavelet Yes MAE 1.96± 2.86 BPM Relies on acc.
et al. 2014 r= 0.98 input

Zhang EMD Yes Aerror: 1.83± 1.21 BPM Relies on acc.
et al. 2015 σ = 3.62 r=0.989 inputs

Tang DWT & EMD No MSE 2.95-32.24 BPM Exploits
et al. 2016 frequency spectrum

Lee BRDAE No 7.9dB SNR improved Potential in noise
et al. 2019 reduction, but

lack of metrics
Zargari CycleGAN No PPE: 0.95 BPM High
et al. 2021 RMSE: 2.18 BPM computational

resources
Wang DC-GAN No PPE:.7 - 1.9 s Needs averaging
et al. 2022 after reconstruction

Table 2.3: Results comparison of the state-of-the-art techniques for denoising PPG
signals with motion artifacts. Different metrics were employed by these authors for
performance evaluation, Kim and Yoo evaluated the Mean Square Error between the
reference and denoised PPG signal. Salehizadeh evaluated the statistical significance
with reference HR values with the HR extracted from reconstructed PPG signals. Mul-
lan assessed the Mean Absolute Error (MAE) by extracting the HR of the reconstructed
PPG signals. Zhang used the Average absolute error (Aerror) and Average percentage
error, Bland-Atlman, and Correlation analysis with the HR extracted from the recon-
structed PPG signals. Tang used the Mean Sum Error, the reference HR and the HR
of the reconstructed PPG signal. Zargari calculated the Peak-Peak Error (PPE) and
RMSE between the generated and reference signals.
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Based on these findings, this research proposes a generative adversarial network

with fully connected layers (FC-GAN) tailored for one-dimensional physiological

signal reconstruction. The architecture builds upon the GANomaly framework

introduced by Akcay et al.(2018) [101] and further refined by Wang et al.(2022)

[102], which integrates an autoencoder-based generator, a latent-space feature

encoder, and a discriminator implemented as an encoder to enhance reconstruction

quality. The key innovation in this study lies in the replacement of convolutional

layers with fully connected linear layers.

This design choice is motivated by the observation that linear layers are better

suited for processing one-dimensional signals that lack spatial locality or hierar-

chical structure. Unlike convolutional layers, which are optimised for extracting

local features from multi-dimensional data, fully connected layers establish global

dependencies by connecting each input element to every neuron in the subsequent

layer, thus treating all input points with equal importance [103, 104]. Prior studies

have demonstrated that such architectures can effectively capture global patterns

in spectral and temporal data, including in applications such as predicting optical

properties from diffuse reflectance spectra [105]. Accordingly, the FC-GAN model

is expected to offer improved performance in reconstructing pulse-like waveforms

with global temporal dependencies, such as those distorted by motion artefacts.

2.4 Proposed Cuffless Blood Pressure Monitor-

ing Architecture

The proposed architecture for cuffless blood pressure (BP) monitoring is depicted

in Figure 2.7. This architecture is organised into three functional layers: the

transducer layer, the signal processing layer, and the initialisation layer. Each

layer has been designed to address and mitigate the key methodological challenges

identified in the literature review, including pulsatile detection robustness and

repeatability, non-linear relationship between timing features and blood pressure
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and waveform distortion, motion artefacts. By adopting this layered approach,

the architecture ensures that signal acquisition, reconstruction, and BP derivation

are systematically optimised to enhance overall accuracy and reliability.

FBG-cantilever
sensing system PAT/PTT GPR model

Pulsatile
waveform

ECG as additional 
cardio-synchronous

information
Individual calibration

Pulsatile
energy

Transducer layer Processing layer Initialisation layer Output

Non-intialised BP

Systolic BP
Diastolic BP

Body

Proposed cuffless blood pressure monitor architecture

FC-GAN model

Figure 2.7: Proposed cuffless BP monitoring architecture. The system is structured
into three functional layers: the transducer layer, which employs an FBG-cantilever
sensing system to convert pulsatile energy from the body into a measurable strain wave-
form; the processing layer, using a Generative Adversarial Network with Fully Connected
layers (FC-GAN) to reconstruct the waveform and the extraction of PAT and PTT fea-
tures, with ECG as a cardio-synchronous reference; and the initialisation layer, where a
GPR model performs personalised BP estimation using PWV features derived from the
pulsatile signals. The system outputs continuous estimations of systolic and diastolic
BP.

Transducer Layer: FBG-Cantilever Sensing Mechanism

At the sensor level, a Fibre Bragg Grating (FBG) embedded in a cantilever struc-

ture is employed as the primary transducer. This configuration enables the high-

sensitivity detection of pulse-induced skin surface deformations, converting me-

chanical strain into wavelength shifts. The cantilever mechanism enhances the

strain transfer efficiency from the skin to the fibre, allowing the detection of sub-

tle pressure fluctuations associated with the arterial pulse. This layer forms the

physical interface with the user and provides the raw data required for downstream

feature extraction.



Chapter 2. Proposed Cuffless Blood Pressure Monitoring Architecture 50

Processing Layer: Feature Extraction and Signal Recon-

struction

The signal processing layer extracts timing-based cardiovascular features – specifi-

cally PTT from two FBG-derived pulse waveform at the wrist and upper-arm and

PAT by synchronising with an ECG signal as a proximal timing reference. Given

that real-world signals are often corrupted by noise and motion artefacts, a Gen-

erative Adversarial Network with Fully Connected layers (FC-GAN) is integrated

into this layer to reconstruct and denoise the distorted pulse waveform.

Initialisation Layer: BP Estimation using Gaussian Process

Regression with PWV Features

In the final layer, a Gaussian Process Regression (GPR) model is employed to

derive blood pressure values from the reconstructed pulse signals. The model is

trained using pulse wave velocity (PWV)-related features, derived from PAT and

PTT measurements, as surrogate markers of arterial stiffness and haemodynamic

state. GPR is selected for its non-parametric nature and capacity to model the

complex, non-linear relationship between timing features and BP. This layer func-

tions as the calibration and inference stage of the system, enabling continuous,

cuffless BP estimation with quantified uncertainty.
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2.5 Design Specifications and Goals - Proof of

Concept

The primary objective of this proof-of-concept (PoC) cuffless blood pressure moni-

tor is to evaluate the technical feasibility of estimating beat-to-beat blood pressure

from non-invasive physiological signals, without the use of an inflatable cuff.

At this early stage, the design prioritises signal acquisition fidelity, algorithmic

validation, and system integration. Although real-time latency, compact form fac-

tor, and wireless connectivity are not strict requirements at this proof-of-concept

stage, this research is designed to explore solutions that can be projected toward

future implementation in a wearable, real-time blood pressure monitoring system.

The system is intended for supervised experimental use and centres on collecting

high-quality data from optical (FBG) and electrical (ECG) sensors to investigate

the relationship between pulse timing features – such as pulse arrival time (PAT)

and pulse transit time (PTT) – and reference blood pressure. Hardware and soft-

ware configurations support flexible prototyping using benchtop instrumentation,

tethered power supply, and post-processing pipelines. Regulatory compliance,

safety certifications, and user interface design are not addressed at this stage, as

the primary goal is to determine whether the core measurement approach can

yield reliable and repeatable results for further development.

Note on clinical relevance. While this PoC study does not aim to meet clin-

ical validation criteria, it is informed by the general design principles outlined in

recent international consensus statements on cuffless BP monitoring [24]. In par-

ticular, the focus on pulse timing features (e.g., PAT, PTT), the use of reference

BP measurements for validation, and the emphasis on reproducibility are aligned

with the early stages of developing a system capable of future adherence to such

standards. To address the challenge of BP tracking under dynamic conditions, an

exercise protocol is proposed to induce measurable changes in cardiovascular state.

However, metrics such as long-term drift and calibration stability over extended
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periods will be addressed in subsequent studies once feasibility has been confirmed.

The design requirements and feasibility objectives of the proof-of-concept system

are summarised in Table 2.4, which outlines key specifications related to accuracy,

latency, hardware form factor, and system interface. Detailed hardware consider-

ations, including the use of dual-site FBG sensors and ECG for timing reference,

are discussed in the Hardware Specifications section. The algorithmic approach,

described in Table 2.5, focuses on exploratory modelling using Gaussian Process

Regression (GPR) based on PAT and PTT features, with performance evaluated

against cuff-based BP measurements. User safety and operational constraints are

summarised in Table 2.6, which clarifies that the system is intended solely for su-

pervised laboratory testing. Finally, the intended validation strategy is outlined

in the Testing Goals PoC subsection, which highlights internal phantom testing

and controlled human studies as the initial experimental focus.

Table 2.4: Design specifications for proof-of-concept (PoC) cuffless BP monitor

Category PoC Goals
Accuracy Within ±10 mmHg (exploratory range acceptable)
Latency Not real-time required – batch or post-processing is ac-

ceptable
Form Factor 3D-printed or flexible PCBs may be used
Power Battery operation not critical – system can be tethered
Connectivity USB or local storage is sufficient; wireless connectivity

is optional
Interface Developer-facing graphical interface (e.g., Python

scripts, MATLAB)

Hardware Specifications

Off-the-shelf development boards (e.g., STM32, ESP32, Raspberry Pi), optical

bench setups, or exposed FBG interrogators may be used. The setup includes

dual-site FBG sensors for pressure waveform acquisition and a three-lead ECG

system to provide timing reference points for PAT estimation.
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Algorithm Goals

Table 2.5: Algorithmic goals and performance targets for proof-of-concept (PoC) system

Gaussian Process Regression (GPR) Model
Feature PoC Target
Algorithm Type Exploratory: Gaussian Process Regression (GPR)
Input Features Raw or filtered pulse arrival time (PAT) and pulse tran-

sit time (PTT)
Validation Comparison with reference cuff-based BP measure-

ments; regulatory-grade validation not required at this
stage

Performance Metrics Emphasis on BP trend estimation; target R2 > 0.7, not
required to meet AAMI or ISO standards

FC-GAN Model for Signal Reconstruction
Feature PoC Target
Algorithm Type Exploratory: FC-GAN model for signal reconstruction
Input Features MIMIC II database, PPG signals as example of pulsatile

signal
Validation Comparison with ground truth clean PPG signals and

HR of ECG signals
Performance Metrics HR from PPG and ECG signals, SNR and Euclidean

Distance

User and Safety Considerations

Table 2.6: User and safety considerations for proof-of-concept (PoC) system

Aspect PoC Approach
Safety Laboratory-grade electrical isolation is implemented;

the system is not intended for clinical or unsupervised
use.

User Experience Designed solely for supervised testing and data collec-
tion; not optimised for end-user interaction or deploy-
ment.

Materials Biocompatibility is not a requirement unless human tri-
als are explicitly planned.

Testing Goals PoC

• Internal lab validation with known references (e.g., simulated signals through

a cardiovascular phantom).
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• Controlled human testing if ethical approval is granted.

• Focused on demonstrating feasibility, not full generalisability.

2.6 Research Scope and Contributions

The preceding review has highlighted key limitations in the current landscape

of cuffless blood pressure monitoring technologies. Specifically, three core chal-

lenges persist: (i) the limited mechanical robustness and portability of existing

FBG-based pulse sensors; (ii) the constrained generalisability and computational

demand of machine learning models for blood pressure estimation; and (iii) the

susceptibility of pulsatile signals to motion artefacts, which complicates reliable

feature extraction in dynamic, real-world conditions.

Informed by these gaps, this research adopts a multi-layered system architecture

that integrates novel sensor design, machine learning, and signal reconstruction

strategies. The system-level design and specification goals, outlined at the end

of this chapter, serve to define the technical scope and performance expectations

for the proposed proof-of-concept (PoC) system, particularly in terms of signal

fidelity, modelling feasibility, and supervised experimental validation.

The main contributions of this thesis are as follows:

• The design and characterisation of a dual-site FBG-cantilever sensing system

optimised for non-invasive pulse waveform acquisition at the wrist and upper

arm (Ch 3).

• The development of a cardiovascular phantom that mimics arterial pressure

waveforms and enables controlled validation of pulse arrival time (PAT) and

pulse transit time (PTT) measurements (Ch 4).

• A preliminary human validation protocol investigating the relationship be-

tween FBG-derived timing features and reference blood pressure, under dy-

namic BP changes (Ch 5).
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• A data-driven modelling pipeline for systolic and diastolic BP estimation,

based on Gaussian Process Regression (GPR), which addresses the limita-

tions of hand-crafted feature dependence and provides interpretable uncer-

tainty estimates (Ch 5).

• The application of a generative adversarial network with fully connected lay-

ers (FC-GAN) for motion artefact mitigation in pulsatile signals, supporting

improved signal quality for downstream feature extraction (Ch 6).



3. FBG-cantilever sensing

system

This chapter presents the development of the transducer layer for pulsatile signal

detection at the skin surface of the proposed architecture of the cuffless BP mon-

itoring system, as illustrated in Figure 2.7. The transducer is based on a novel

FBG-cantilever sensing configuration. The originality of this design lies in using an

FBG sensor coupled to a rectangular cantilever beam structure for arterial pulse

detection. This configuration not only enables targeted measurement of arterial

pulse waves but also enhances signal sensitivity through mechanical amplification,

guided by the slenderness principles of Euler-Bernoulli beam theory. Addition-

ally, the feasibility of this system for portable applications is investigated with

the integration of the miniature FBG interrogator (FiSpecX100, FiSens GmbH,

Braunschweig, Germany), allowing real-time signal acquisition in a compact form

factor.

By mechanically amplifying subtle deformations at the skin-sensor interface with

the proposed 3D printed design, this design addresses key limitations identified

in the literature (Table 2.1), including the attenuation of pulse signals due to

soft tissue damping and reduced sensitivity in wearable settings, wearability and

robustness. The proposed FBG-cantilever system thus contributes to improving

the fidelity of distal pulse waveform acquisition under non-invasive and ambulatory

conditions.

56
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3.1 Cantilever design and sensor fabrication

As discussed in Chapter 1, Section 1.7, fibre Bragg grating (FBG) sensors are

highly sensitive to strain; however, this sensitivity can be compromised by the

miniaturisation of the optical interrogation systems. Aiming a portable ambu-

latory BP monitor, this research explores the integration of the miniature inter-

rogator FiSpecX100, which operates within a spectral bandwidth of 808-880nm.

It is believed that this wavelength range yields approximately half the sensitivity

compared to conventional interrogators operating within the 1525-1575nm spec-

tral range. Moreover, as highlighted in the literature review (Section 2.1), most

previous studies incorporate additional structures to better couple the FBG sensor

to the arterial pulse.

To address both sensitivity limitations and targeting of arterial pulsations at the

skin surface, the FBG sensor in this study is proposed to be mounted on a rect-

angular cantilever. This cantilever acts as a mechanical amplifier, magnifying the

strain signals induced by arterial wall distension and improving the sensor’s ability

to detect pulse waveforms.

3.1.1 Strain amplification with rectangular beam

To enable strain amplification in a compact form factor, this work adopts a

rectangular cantilever beam design satisfying the slenderness criterion h
L

≤ 1
10
,

which ensures minimal shear deformation. This assumption allows the use of

Euler–Bernoulli beam theory, where the beam is considered to deform primar-

ily through bending moment rather than shear forces [106]. In such bending-

dominated deformations, strain varies linearly through the height h of the beam,

and the bending moment at the fixed end is proportional to the applied load F

and the beam length L, i.e., M = F · L, hence the amplification of the physical

load detected at the tip of the beam.
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Beam dimensions and mechanical properties

The cantilever dimensions were selected to satisfy the slenderness condition while

maintaining compatibility with limb-wearable form factors. The rectangular beam

dimensions are 10mm × 4 mm × 1mm (Figure 3.1). The width b = 4mm was

chosen to accommodate the typical external diameters of superficial arteries such

as the radial and brachial arteries (b ≥ 3mm) [107].

Furthermore, the beam – with a height-to-length ratio of 1:10 – behaves as a

harmonic oscillator with a natural frequency well above the fundamental frequency

range of arterial pulsations (≈ 1-2 Hz). This ensures that the cantilever’s response

is quasi-static and primarily governed by mechanical coupling with the arterial wall

at the skin surface. Wu et al.[108] explored triangular cantilevers to raise resonant

frequencies without increasing size; however, the rectangular geometry used here

remains suitable for wearable integration and fabrication simplicity.

The structure was fabricated via SLA 3D printing using BioMed White Resin

(Formlabs, UK), a certified biocompatible material appropriate for human-contact

applications and the human testing goals of this research. According to manu-

facturer specifications, the post-cured Young’s modulus is approximately E =

2020MPa [109]. However, the mechanical properties of this resin may vary with

environmental factors such as temperature and humidity. The material density

was assumed to be ρ = 1.14 g/cm3, consistent with the datasheet values.

y

z x

Fixed end

Free end
L=10mm

b=4mmh=1mm

Figure 3.1: Rectangular cantilever beam with dimensions L × b × h = 10mm × 4mm
× 1mm.

Following Euler-Bernoulli beam theory, the bending moment, shear forces, mo-
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ment of inertia, stress distribution, the maximum beam deflection and the beam

dynamic behaviour are assessed for the proposed cantilever beam dimensions.

Bending moment and shear forces

The shear force Fsh at any point x along the beam’s length is constant for a point

load applied at the free end Fsh = C. Whereas the bending moment varies linearly

along the length of the cantilever beam L= 10mm.

x (Position along beam) Shear Force(Fsh(x)) Bending Moment (M(x))

0 (Fixed end) C C · L

L/2 (Midpoint) C C · (L/2)

L (Free end) C 0

Therefore, assuming a unit load of 1 N, the maximum bending moment – located

at the fixed end – is Mmax = 10,N ·mm . This illustrates the linear relationship

between the cantilever length and the maximum bending moment at the fixed

end. The proposed beam length satisfies the slenderness requirement for Euler-

Bernoulli beam theory, without further increasing the length in order to maintain

the smallest possible compact form factor suitable for limb wearability.

Moment of Inertia

The moment of inertia, which represents the beam’s resistance to bending, for the

designed rectangular cross-section is calculated as:

I =
bh3

12
=

4mm× (1mm)3

12
=

4

12
mm4 = 0.33mm4 (3.1)

This value is essential for understanding the mechanics of motion, force balance,

and the dynamic behaviour of the beam.
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Normal stress distribution

The stress varies linearly from zero at the neutral axis to a maximum at the top

and bottom edges. The maximum normal stress σmax (Figure 3.2) occurs at the

outermost layers of the beam (top and bottom surfaces where y = ±h/2), in this

case h/2 = 2mm, and with the maximum bending moment Mmax, at the fixed

end x = 0, constrained by the Moment of Inertia I. Assuming a unit load F of 1

Newton.

σmax =
Mmax(h/2)

I
=

5N ·mm2

0.33mm4
= 15.15N/mm2 ≈ 15.1MPa (3.2)

This value lies within the elastic regime for typical biocompatible resins. The

corresponding surface strain is:

εmax =
σmax

E
=

15.1MPa

2020MPa
≈ 7.5× 10−3 (7.5µε/mN),

ensuring a measurable response for the FBG sensor while maintaining a compact

form factor suitable for wearable applications.

Maximum beam deflection

Assuming a unit load F of 1 Newton, the maximum beam deflection δmax would

be:

δmax =
FL3

3EI
=

1 · 103N ·mm3

3 · 2020.16N/mm2 · 0.33mm4
≈ 0.495mm (3.3)

Note: 1MPa = 1N/mm2.

The calculated maximum beam deflection of approximately 0.495mm under a unit

load indicates a relatively compliant structure, which is advantageous for enhanc-

ing strain sensitivity in the context of FBG-based sensing. A higher deflection

leads to increased surface strain at the beam’s surface, resulting in greater modu-

lation of the Bragg wavelength, which can improve signal resolution. However, this

level of deflection must also be assessed in the context of mechanical stability and
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repeatability, especially in wearable applications where excessive bending might

affect alignment, sensor bonding, or user comfort. The result reflects a good bal-

ance between mechanical responsiveness and structural integrity, supporting the

use of the proposed cantilever design for dynamic pressure or pulsation monitoring

in a compact, wearable format.

Beam dynamic behaviour

The estimated first natural frequency f1 of the cantilever beam is calculated as:

f1 =
1.8752

2πL2

√
EI

ρA
=

1.8752

2π · 100mm2

√
2020.16N/mm2 · 0.33mm4

0.08145 g/mm3 · 4mm2
= 254.4Hz

(3.4)

Note: 1N = 1× 106 g ·mm/s2.

The calculated first natural frequency of approximately 254.4 Hz indicates that

the beam’s structural resonance lies well above the typical frequency range of

physiological pulsations (1-2 Hz), such as arterial pressure waves. This separation

ensures that the beam does not enter resonance during normal operation, thereby

avoiding signal distortion or mechanical instability. Furthermore, the relatively

high natural frequency reflects the stiffness and compactness of the cantilever de-

sign, allowing for fast mechanical response and suitability for real-time, dynamic

sensing applications. The result supports the use of Euler-Bernoulli beam theory

assumptions, where inertial and damping effects remain negligible at the operating

frequencies of interest. Overall, this dynamic profile is ideal for wearable biomedi-

cal sensing, as it allows for high-fidelity strain transmission to the embedded FBG

sensor without resonance artifacts interfering with signal acquisition.
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3.1.2 FBG-cantilever sensor

Figure 3.2 shows arterial pulse measurements at the wrist and upper arm using the

developed FBG-cantilever sensors. The strain signals are processed by a miniature

optical interrogator. Two cantilever sensors were fabricated to conduct PTT mea-

surements. Figure 3.3 illustrates how distal arterial motion is detected at the skin

surface: as the radial artery expands and contracts against the scaphoid bone, the

resulting displacement passes through the adipose tissue and skin, allowing the

FBG-cantilever sensor to measure the arterial pulse externally. This section de-

scribes the fabrication of the FBG-cantilever sensor, using the cantilever described

on section 3.1.

Figure 3.2: Arterial pulse measurement at wrist and upper arm with FBG-cantilever
sensors.
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Arterial expansionArterial contraction

radial artery

scaphoid bone
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nerves

ulnar artery

Wrist cross-sectional area

Figure 3.3: Arterial movement detected on skin surface with the FBG-cantilever sensor.

FBG sensor attachment to cantilever

Silica optical fibres were chosen based on their accessibility from verified suppliers

and cost-effectiveness for prototyping. The FBG sensor consisted in an optical

fibre with 2 FBG sections (FBG Sensor Array, FiSens GmbH, Braunschweig, Ger-

many) was used. The specifications of this optical fibre sensor are:

1. An acrylate coated silica fibre of wide spectral range. The fibre core and

cladding are made of silica, and it has an acrylate polymer coating. Silica

is standard for optical fibres because of its transparency over a broad range

of wavelengths. The acrylate coating adds mechanical protection to the

fragility of the silica fibre.

2. Hytrel tubing as lead-in protection. Thermoplastic polyester to enhance

flexibility and toughness in the “lead-in” portion.

3. Bare fibre sensor capillary. The sensing region is left bare without acrylate

coating and, it is housed in a small capillary tube. Thus, the fibre can

interact with strain.
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4. Two FBG sensors with their corresponding Bragg wavelengths. FBG1 at

850 nm and FBG2 at 860 nm.

This optical fibre sensor was affixed in a 3D printed cantilever with limb support.

Several design iterations were performed (Figure 3.4) for the support that holds

the cantilever. The contact between the cantilever and the arterial site at the

skin surface, as well as the attachment to the limb, was progressively optimised

through each design iteration. Iteration #1 corresponds to the cantilever support

used for the cardiovascular phantom. Iterations #2 and #3 were developed with

the aim of adapting the cantilever for attachment to a human limb. Iteration #4

represents the first mechanical design that successfully enabled the acquisition of

a wearable pulsatile signal. Iteration #5 introduced improvements in mechanical

stability and pulse detectability. Finally, iteration #6 demonstrated the most

effective design, offering optimal contact, signal fidelity and the smallest compact

form factor for limb wearability.

 1  2  3  4  5  6

 Design iterations

Figure 3.4: Cantilever support design iterations. The contact of the cantilever beam
with skin and limb attachment was optimised through each iteration

Figure 3.5 illustrates the sensor performance in detecting pulsatile waveforms at

the wrist using cantilever support designs from iterations #4 and #6 in the same

human subject. Overall, the signal quality improved across iterations; notably,

iteration #6 enhanced the visibility of the dicrotic notch as illustrated in Figure

1.1, indicating improved waveform fidelity.
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Figure 3.5: Comparison of raw FBG pulse waveforms acquired from Volunteer 1 at
wrist using two different cantilever designs. (a) Signal obtained using Cantilever design
#4, exhibiting higher noise content. (b) Signal obtained using Cantilever design #6,
showing improved signal quality and clearer pulsatile features such as the dicrotic notch.
These results suggest enhanced strain amplification and mechanical coupling in design
#6.

The final support was attached to the limbs of the body along with an elastic

band, Figure 3.6. Specifically, at the skin surface near the radial and brachial
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arteries located in the arm at the wrist and upper-arm respectively. Additionally,

a ring was designed to secure the band and adjust the fitting of the attachment

considering different limb sizes Figure 3.7.

The cantilever with their support were 3D printed and the two FBG sensors of

the optical fibre were glued along with their jacket (small capillary tube) with a

fast-acting cyanoacrylate (ELFY Super Glue, ELFY Chemical Industries (Pvt)

Ltd, Pakistan) covering its whole length near to the fixed-end of each cantilever-

beam where the maximum bending moment Mmax was estimated in Section 3.1.1.

Moreover, to enhance the robustness of the FBG-cantilever sensor, a drop of glue

was added at the entrance of the optical fibre in the support of the cantilever and

at the free-end (placing the FBG sensing area near the entrance). Also, the bare

optical fibre was reinforced with hytrel tubing and heat-shrink. This setup is also

illustrated in the lateral and top view of Figure 3.6.

LATERAL VIEW

Heat shrink

Cantilever

6.00 mm

TOP VIEW

Fibre Bragg grating

Silica fibre

ELFY Super Glue

Support for
 attachment

20.00 mm

14.00 mm

BOTTOM VIEW

Figure 3.6: FBG-cantilever sensor. 3D CAD design bottom, lateral and top views.
From lateral and top view, the attachment of the FBG sensor to the cantilever is visu-
alised.
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Figure 3.7: Ring designed to secure and adjust with an elastic band different limb sizes.

3.1.3 Strain transfer in the FBG–cantilever bonded with

cyanoacrylate

This section analyses the strain amplification and strain transfer that occur when

bonding the FBG sensor to the cantilever beam using cyanoacrylate adhesive.

First, the minimum detectable axial force for a bare, unbonded FBG sensor is cal-

culated based on its intrinsic strain sensitivity. Assuming a fibre Young’s modulus

Ef = 72GPa and fibre radius rf = 62.5µm, the cross-sectional area is

Af = πr2f = π(62.5× 10−6)2 ≈ 1.227× 10−8m2 (3.5)

Given the interrogator’s minimum detectable strain εmin = 1µε = 1 × 10−6, the

minimum axial force detectable by the bare FBG is:

Fmin, axial = EfAfεmin = (72× 109)(1.227× 10−8)(1× 10−6) ≈ 0.883mN (3.6)

This force represents the threshold at which the bare fibre, without any adhesive

or structural interface, will register a detectable strain.

This value is now compared to the minimum force detectable when the same FBG

sensor is surface-bonded to a rectangular cantilever beam using cyanoacrylate.

In this configuration, strain is induced via bending, and only a fraction kc of

the surface strain is transferred into the fibre due to bonding and shear transfer
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limitations. A conservative transfer efficiency of kc = 0.9 is assumed for a thin

cyanoacrylate bond [110].

The cantilever beam is fabricated from a biocompatible resin with Young’s mod-

ulus E = 2.02GPa, width b = 4mm, thickness h = 1mm, and length L = 10mm.

The second moment of area is calculated in Equation 3.1 as 0.33mm4. Then, the

surface strain at the fixed end of a tip-loaded cantilever is:

εbending =
FLh

2EI
(3.7)

Rearranging to solve for the minimum detectable force with strain amplification

and strain transfer included:

Fmin, cantilever =
2EIεmin

hLkc
=

2(2.02× 109)(0.333× 10−9)(1× 10−6)

(1× 10−3)(10× 10−3)(0.9)
≈ 0.149mN

(3.8)

This result demonstrates that, due to the cantilever’s geometry and the strain

amplification from bending, the detectable force threshold is reduced by a factor

of nearly 6 compared to direct axial loading. This mechanical advantage makes the

FBG-cantilever system suitable for detecting low-magnitude physiological forces

such as arterial pulses at the skin surface.

3.1.4 Temperature Effects in FBG Pulsatile Sensing

As noted in Equation 1.7 from Section 1.7.1, the modulation of the effective re-

fractive index within the inscribed gratings of the fibre core – which leads to a

shift in the reflected Bragg wavelength – is sensitive to both mechanical strain and

temperature. Equation 1.7, the general differential form, can be linearised into

Equation 3.9 by assuming several approximations: (i) small perturbations in ϵ and

∆T , where higher-order terms are negligible, (ii) first-order Taylor expansions of

neff and Λ with respect to strain and temperature and (iii) Bragg wavelength shift

∆λB expressed as a linear combination of strain and temperature.
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∆λB = λB [(1− pe)ϵ+ (α + ξ)∆T ] (3.9)

Where:

λB: nominal Bragg wavelength (e.g., 1550,nm or 850,nm)

ϵ: mechanical strain (e.g., from arterial pulse or cantilever bending)

∆T : temperature change relative to baseline

α ≈ 0.55× 10−6: thermal expansion coefficient (per °C)

ξ ≈ 8.6× 10−6: thermo-optic coefficient (per °C)

pe ≈ 0.22: effective photoelastic constant of the optical fibre

These values are widely reported as standard for silica-based FBG sensors [56].

Although both pressure and temperature changes can influence the Bragg wave-

length of an FBG sensor, these phenomena in physiological monitoring at the

distal skin surface operate on fundamentally different timescales and thus occupy

distinct regions of the frequency spectrum. Pressure wave propagation, such as the

arterial pulse, is a high-frequency phenomenon typically observed in the 1–2Hz

range (corresponding to heart rates of 60–120BPM). In contrast, thermal effects at

the skin surface, including conductive heat transfer, vasodilation, and evaporative

cooling, evolve much more slowly, with dominant frequency components typically

below 0.01Hz [111, 112]. This substantial separation in frequency bandwidths

allows for effective differentiation between the two signals using appropriate filter-

ing or decomposition methods, such as high-pass filtering to isolate the pulsatile

strain or the use of a reference FBG for temperature compensation. Therefore,

despite both affecting the sensor’s output, thermal and mechanical signals can be

decoupled due to their spectral distinctiveness.

In addition to occupying distinct frequency bands, thermal and mechanical effects

differ in their temporal structure. Arterial pressure waves are inherently peri-

odic, driven by the cardiac cycle and typically observed as regular oscillations in

the range of 1–2Hz. In contrast, temperature-induced effects at the skin surface

are aperiodic and gradual, evolving over timescales of tens of seconds to several
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minutes. These include phenomena such as conductive heat transfer, vasomotor

regulation, and sweating, which manifest as slow drifts or non-oscillatory trends

in the FBG signal.

To assess the impact of temperature on FBG strain sensing, a simulation was

performed modelling the thermal drift experienced by the fibre during physical

exercise – one of the daily routines characterised by rapid and sustained increases

in body temperature. Reference temperature values were taken from physiologi-

cal studies on thermal responses to physical activity [113]. Figure 3.8 illustrates

the simulation of the temperature changes across different exercise stages (e.g.,

rest, moderate, intense). The simulated response includes both the strain-induced

and temperature-induced wavelength shifts in each stage. Figure 3.9 provides a

zoomed-in view that clearly shows how the baseline of the strain waveform is dis-

torted due to temperature variation. These simulated results confirm the physio-

logical nature of temperature signals and their capacity to distort strain-based pul-

satile measurements. This highlights how the difference in both frequency band-

width and periodicity enables decoupling of thermal drift from pressure-induced

strain oscillations using filtering techniques or dual-FBG configurations.
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Figure 3.8: Simulated Bragg wavelength shift of an FBG sine wave corrupted by body
temperature drift during a 40-minute exercise routine.
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Figure 3.9: Zoomed-in view of the same simulation, highlighting the baseline shift due
to temperature-induced drift.

3.2 Instrumentation of the miniature interroga-

tor

As illustrated in Figure 3.2, a miniature interrogator device is used to process

the strain based on distal arterial movements at skin surfaces (wrist and upper

arm). This section details the benchmarking of this portable optical interrogator

(FiSpecX100, FiSens GmbH, Braunschweig, Germany) against a benchtop inter-

rogator (DM-8125, SENTEA, Belgium). Furthermore, this section describes the

instrumentation FiSpecX100 interrogator with ESP32 and with a Raspberry Pi.

3.2.1 Benchmarking of FiSens Against SENTEA FBGMea-

surements

Several established schemes exist for detecting Bragg wavelength shifts in fibre

Bragg gratings (FBGs). One common approach involves injecting a broadband

light source – such as a super-luminescent diode (SLED), edge-emitting LED, or
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erbium-doped fibre superfluorescent source-into the fibre and detecting the peak

reflected wavelength. Alternatively, the Bragg grating can be interrogated using a

laser tuned to the sensor’s wavelength, or by embedding the sensor within a laser

cavity.

High-resolution Bragg wavelength detection is often performed using optical spec-

trum analyzers (OSAs), suitable for laboratory environments. For more practical

applications, compact and cost-effective alternatives include broadband optical fil-

ters, interferometric systems, and fibre laser-based interrogation methods. Among

the simplest approaches is passive broadband illumination paired with miniature

spectrometers, tuneable filters, or interferometric tracking [56].

In earlier work, Åslund et al. [114] demonstrated that FBGs fabricated using

the point-by-point (PbP) technique with femtosecond Ti:sapphire lasers (800 nm)

exhibited strong attenuation at shorter wavelengths due to Mie scattering. These

scattering effects arise from microstructural irregularities in the gratings. The

study showed that diffraction patterns could be observed when HeNe laser light

(632.8 nm) was launched into the fibre core, with scattered light projected onto a

screen. This property supports the development of compact interrogation systems

based on internal diffraction and scattering.

One such compact interrogator is the FiSpecX100 (FiSens GmbH), which is em-

ployed in this research. It measures the reflected spectrum of guided SLED light

within the fibre by integrating a tilted FBG inscribed via a femtosecond laser. The

resulting diffraction and Mie scattering effects couple light out of the fibre, which

is then spectrally resolved on a planar surface using a diffraction grating. A CCD

sensor captures the spectrum, which is processed by an onboard microprocessor

[115]. This design enables high-precision measurements (0.1°C or 1 µε at 10 Hz)

in a highly compact, battery-powered format, ideal for wearable applications.

By contrast, most commercial FBG interrogators – such as those from SENTEA

(Belgium), HBM and Polytec (Germany), Smart Fibres (UK), and Micron Op-

tics (USA) – offer high-resolution, multi-channel capabilities suitable for a range
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of industrial and medical uses. However, their relatively large size and lack of

portability make them less suitable for long-term wearable monitoring.

The FiSens interrogator is approximately seven times smaller than conventional

units, making it an attractive option for compact, wearable sensing systems. To

assess its suitability for physiological monitoring applications, this study compares

the strain sensitivity of the miniature FiSpecX100 (FiSens GmbH, Germany) with

that of a reference system, the DM-8125 interrogator from SENTEA (Belgium).

The SENTEA operates over a Bragg wavelength range of 1525–1575 nm, while

the FiSens operates in the shorter wavelength range of 808–880 nm. Because

strain sensitivity in FBGs is proportional to the Bragg wavelength, as shown in

Section 3.2.2, the FiSens is expected to have lower sensitivity. This benchmarking

therefore aims to quantify the practical performance of the miniature interrogator

in terms of resolution and sensitivity under controlled loading conditions.

3.2.2 Strain Sensitivity Prediction at Different BraggWave-

lengths

The strain-induced shift in Bragg wavelength can be estimated by isolating the

strain-dependent part of Equation 3.9. Expressing strain as:

∆l

l
= 1µϵ (3.10)

and relating the change in effective refractive index neff to the effective photoelastic

constant pe, the strain sensitivity is given by:

∆λB = λB(1− pe)
∆l

l
(3.11)

The effective photoelastic constant pe is defined as:

pe =
n2

2
[p12 − v(p11 + p12)] (3.12)
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Combining Equations 3.10 and 3.11, the strain sensitivity per microstrain is:

∆λB

µϵ
= λB(1− pe) (3.13)

Where:

µϵ: micro-strain

n: fibre core refractive index

v: Poisson’s ratio

p11, p12: strain-optic coefficients

For a fused silica fibre, pe = 0.22 [116]. Using this value:

At λB = 1550 nm, the predicted strain sensitivity is:

∆λB

µϵ
= 1550× (1− 0.22) = 12.1× 10−4 nm/µϵ

At λB = 850 nm, the predicted strain sensitivity is:

∆λB

µϵ
= 850× (1− 0.22) = 6.63× 10−4 nm/µϵ

These results predict a strain sensitivity at 850 nm that is approximately half that

at 1550 nm. To confirm this theoretical relationship in practice, an experimental

comparison was conducted as described below.
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3.2.3 Experimental setup to compare FiSens against SEN-

TEA strain sensitivity

To evaluate and benchmark the strain sensitivity of the FiSens FiSpecX100 against

the SENTEA DM-8125, a controlled optical bench experiment was designed. The

aim was to apply identical, incremental strain steps to two FBG sensors with cen-

tral wavelengths matched to the operational ranges of each interrogator – 1550 nm

for SENTEA and 860 nm for FiSens – while recording the corresponding wave-

length shifts. This approach enables a direct comparison of sensitivity and linearity

under identical loading.

The experimental setup is shown in Figure 3.10, where both fibres are anchored at

identical locations – at the same axis where axial strain is applied – and subjected

to precisely controlled displacement using a micrometer stage. The procedure

ensures that both sensors experience the same mechanical strain environment,

thereby enabling an accurate sensitivity comparison.

 SENTEA interrogator  FiSens interrogator

Figure 3.10: Experimental setup to compare FiSens against SENTEA strain sensitivity.
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Procedure:

1. Connect the interrogators SENTEA and FiSens with their correspondent

fibres at wavelengths of 1550 nm and 860 nm respectively.

2. Pre-strain the fibres and set the anchoring points at the same location in

both fibres (Figure 3.10).

3. Record the initial length, in this case l=320 mm

4. Apply 8-step increases of strain controlling the micrometer in steps of 0.02

mm

5. Record each step for 30 seconds. Figure 3.11 shows the wavelength response

as the strains steps increases.

6. Calculate the average wavelength at each step

7. Calculate the wavelength shift ∆λB for each fibre measurement 1550 nm

and 860 nm, subtract the measurement from the central wavelength at the

initial position.

8. Calculate the microstrain dividing the change in strain by the initial length.

9. Plot wavelength shift against micro-strain measurements for both fibres (Fig-

ure 3.12).

Figure 3.12 illustrates the difference in the wavelength shift response to strain

between the FiSens and SENTEA interrogators. The slope of the wavelength

shift-strain relationship is smaller in the FiSens measurements, indicating lower

strain sensitivity. This difference in sensitivity is quantified in Table 3.1, where the

strain sensitivity of FiSens is attenuated by a factor of approximately 2. This at-

tenuation is consistent with the theoretical predictions presented in Section 3.2.2.

Additionally, a calibration curve was generated to interpolate FiSens strain mea-

surements relative to those obtained with the SENTEA system (Figure 3.13).
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µϵ SENTEA ∆λB (nm) FiSens ∆λB (nm) Ratio ∆λ1550

∆λ860

62 0.0638± 0.001 0.0260± 0.001 2.45
123 0.1272± 0.001 0.0616± 0.001 2.06
185 0.1968± 0.001 0.1017± 0.001 1.93
247 0.2640± 0.001 0.1384± 0.001 1.90
309 0.3280± 0.001 0.1729± 0.001 1.89
370 0.3932± 0.002 0.2087± 0.002 1.88
432 0.4562± 0.002 0.2434± 0.002 1.87

Table 3.1: Wavelength shift values under different microstrain with different Bragg
wavelengths (SENTEA interrogator with 1550 nm and FiSens interrogator with 860
nm, results plotted in Figure 3.12).
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Wavelengths using the experimental data from the sensitivity test.
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3.2.4 Instrumentation with ESP32

The ESP32-WROOM-32D module (Espressif Systems, Shanghai, China) was ini-

tially selected as the microcontroller platform for interfacing with the FiSpecX100

interrogator via the UART protocol. This module integrates a dual-core Ten-

silica LX6 processor and multiple hardware UART interfaces, enabling reliable

and low-latency serial communication while concurrently supporting tasks such

as real-time signal acquisition, data processing, and wireless transmission. Its

compact footprint, low power consumption, and integrated Wi-Fi and Bluetooth

connectivity make it particularly well suited for wearable and portable biomedical

monitoring systems. Furthermore, the availability of extensive open-source devel-

opment resources and support for real-time operating systems (RTOS) facilitates

seamless UART integration, ensuring consistent and robust acquisition of optical

data from the FiSpecX100 interrogator in embedded environments.

Two communication protocols were implemented: UART and WebSocket. The

UART protocol is used to establish a direct serial connection between the ESP32

microcontroller and the FiSpecX100 interrogator, enabling the acquisition of FBG

data. In parallel, the WebSocket protocol enables bidirectional communication

between the microcontroller (as a server) and a client-side web application, allow-

ing real-time visualisation of the FBG data. The ESP32 was programmed using

MicroPython v1.18 to manage both data acquisition and wireless transmission

processes. The overall communication architecture is illustrated in Figure 3.14,

and the data acquisition pipeline between the microcontroller and the interrogator

is detailed in Figure 3.15.

The integration time of the mini-interrogator was set to 100 ms. This integration

time equals a sampling rate of around 10 Hz, which was the maximum allowed by

the external UART connection of FiSpecX100, as it is limited to a baud rate of

115,200 bits per second. The follow peak function was enabled with the FiSens in-

terface command “Pv,1>” with a follow peak limit of 50%, and the peak detection

mode was set to extreme detection using the 1st derivative. Once the intensity



Chapter 3. Instrumentation of the miniature interrogator 80

Battery 

WEBSOCKET PROTOCOL

Esp32 server

Client

WiFi connection established 

START readings

STOP

Sending Wavelength Shifts

Figure 3.14: System diagram of the mini-interrogator operation with WebSocket pro-
tocol

and wavelength values were obtained, the Bragg wavelength at rest is measured,

which corresponds to the maximum amplitude peak in the reflected spectrum at

rest position. When the temperature changes, the Bragg wavelength will shift,

and it is recorded relative to the Bragg wavelength at rest.

Following the calculation of the wavelength shift from the FBG sensor, data are

sent through the WebSocket and a real time chart of this value was generated until

the client stops it.

To start the WebSocket protocol, a Wi-Fi connection was established between

the server with an iPhone hotspot, using the credentials of the hotspot. The

WebSocket protocol begins when receiving a Handshake from the client (in this

case the web app), then the server sends an Acknowledgement, and the full duplex

communication is enabled until the connection is closed by the client or the server.

The implementation of the WebSocket protocol used an available microWebSrv li-

brary in MicroPython [117]. Inside recvTextCallback function, the parsing data

algorithm was included, and every new wavelength shift value was converted to a

JSON array. The JSON array was sent through the function webSocket.SendText.

The web application was developed in JavaScript, CSS and HTML, furthermore

the chart was generated using plotly.js library. Inside the HTML file, JS scripts

with different websocket functions were created for different events,onOpen , onClose,
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onMessage and onError. Inside the onMessage function the JSON data received

was parsed and the x, y values were defined from the data parsed and plot. Ad-

ditionally, the displayed data can be downloaded in a “.csv” file for further pro-

cessing.

3.2.5 Instrumentation upgrade with Raspberry Pi

When using the ESP32 microcontroller for UART communication with the FiS-

pecX100 interrogator, it was observed that the external UART interface – accessed

via pin header connections – was limited to a baud rate of 115,200 bits per second.

In contrast, the internal UART module of the FiSpecX100, accessible through the

micro-USB port, supports a significantly higher baud rate of up to 3,000,000 bits

per second. This higher rate allows for an increased sampling frequency of the FBG

measurements. Additionally, it was found that achieving the maximum sampling

rate via the USB-UART interface requires configuring the latency timer of the

FTDI USB controller to 1 ms. This adjustment minimizes communication delays

and increase the performance capabilities of the FiSpecX100 under the UART

protocol.

To use the internal UART, the FiSpecX100 was connected from its micro-USB

port to one of the USB ports of a Raspberry Pi 4 Model B. The Raspberry Pi

has a Linux customised operating system called Raspbian/Raspberry Pi OS with

Python installed. Therefore, the UART protocol and WebSocket protocol were

adapted for this case in Python. The UART protocol was adapted using the py-

serial library. On the other hand, for the WebSocket protocol the websockets and

asyncio libraries were used. Asyncio enables writing asynchronous code, allow-

ing multiple tasks to run concurrently through cooperative multitasking. This is

particularly useful in the context of WebSockets, as it facilitates fast, full-duplex

communication over a single TCP connection.

Figure 3.16 shows the implementation of the WebSocket communication using

Asyncio in Python. The key features of using Asyncio are the event loop that



Chapter 3. Instrumentation of the miniature interrogator 83

initialise the asynchronous code and the coroutines that allows the asynchronous

tasks execution control from the client messages. The event loop calls the main

Asyncio function/coroutine that creates the WebSocket connection, calling the

server logic that handles the communication with the client, and specifies the

network and port that establishes the connection. The server logic is the coroutine

that handles the client messages, which in this case are: start, process, stop and

disconnect. If the client message is “start”, the Raspberry Pi reads the data

parsed (wavelength shifts values) from the FiSpecX100 interrogator and streams

the data through the WebSocket. If the client message is “process”, the Raspberry

Pi checks if there is enough FBG data collected to smooth it and find the peak

values to calculate the Pulse Transit Time. Also, the client can stop the data

streaming and disconnect from the WebSocket. As the UART transmission in this

case was faster (3,000,000 bits per second reaching 100Hz of sampling frequency

in the Raspberry Pi), the data was sent to the WebSocket every 10 datapoints

to achieve continuous real-time display of the FBG measurements. For the Web

application (Figure 3.17) an index.html file in the same folder as the Python file.
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asyncio.run( main() )

WebSocket with Asyncio



 in Python

main()

server _logic

Data streaming Processed data 


streaming

handle WebSocket msg

Do Nothing Break

START PROCESS STOP DISCONNECT



async with websockets.serve(server_logic, '0.0.0.0', 8001):



            await asyncio.Future()





Creates the the WebSocket connection, specifying:





--> the coroutine (server_logic) to handle the communication



--> netwrok interface will bind to ('0.0.0.0') and port to listen (8001)



--> asyncio.Future(): place holder for a result that will be available

  

Asyncio event loopAsyncio coroutines   WebSocket client inputs  




async def server_logic(websockert, path):



      async def start_data_collection():


              
          read and parse FBG measurements (WS)




          Send FBG data to WebSocket 



          if data_collected:



               process FBG data


                      
               Send FBG processed data to WebSocket




      async for msg in websocket:




         check if msg == 'start', 'process','stop' or 'disconnect'







Coroutine to handle the client websocket messages 




(start, process, stop and disconnect)  to control internal




coroutine that  collects,  processes and streams data

 

Figure 3.16: Implementation in Python of WebSocket protocol along with Asyncio.
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3.3 Summary

This chapter presented the development of the FBG-cantilever sensing system de-

signed to capture arterial pulse signals for BP estimation using PWV methods, in

accordance with the cuffless BP monitoring architecture shown in Figure 2.7. The

work focused on ensuring high-fidelity signal acquisition and effective system inte-

gration, following the design specifications and goals described in Section 2.5, and

addressing the first objective of this research: “To design and fabricate a wearable

FBG-based cantilever sensor capable of detecting distal arterial pulsations.”

The feasibility of the proposed design was assessed through calculations of key

mechanical properties – including maximum bending moment location, normal

stress distribution, beam deflection, and first natural frequency – based on Euler-

Bernoulli beam theory for a rectangular beam structure used to mechanically am-

plify the FBG strain sensitivity, where the beam structure is primarily dominated

by bending moment than shear forces, ensuring a linear bending strain transfer

along the beam.

The applied sensing element was developed as a compact, 3D-printed component in

biocompatible resin – envisioning future human testing – with isotropic mechanical

properties for stability, optimising strain transfer from the skin surface to the FBG

region in the optical fibre. Strain transfer analysis, assuming the optical fibre

was bonded to the beam with cyanoacrylate, was based on a reported transfer

efficiency reduction to approximately 90% [110], while still achieving six times the

strain response of a bare FBG sensor.

Since FBG sensors are also sensitive to temperature, the influence of temperature

variations on pulse measurements was evaluated via simulation of an exercise

scenario, introducing body temperature changes reported in the literature into

Equation 3.9. The results highlighted that strain and temperature signals differ in

frequency content and temporal behaviour – strain being periodic and temperature

largely non-periodic – allowing for their separation with signal processing methods.

The miniature interrogator FiSens FiSpecX100, intended for ambulatory use, was
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benchmarked against the conventional SENTEA DM-8125 through theoretical and

experimental testing with incremental axial strain steps. The FiSens device ex-

hibited approximately half the sensitivity of the SENTEA unit, attributed to

differences in the Bragg grating period determining the central Bragg wavelength.

For real-time, wireless, and compact integration, the ESP32-WROOM-32D micro-

controller was initially used to interface with the FiSpecX100 interrogator. How-

ever, using the external UART via pin headers limited the baud rate to 115,200

bps, constraining the sampling frequency. This was improved by employing a

Raspberry Pi to access the internal UART via the micro-USB port, achieving

baud rates up to 3,000,000 bps and sampling frequencies of up to 100 Hz. This

time resolution is critical for resolving PTT measurements on the order of tens

of milliseconds. Real-time data visualisation was implemented via a WebSocket

protocol and a dedicated web interface.



4. Cardiovascular Phantom

In Chapter 3, the FBG-cantilever sensing system was presented as the hardware

platform for the proposed cuffless BP monitor, demonstrating its feasibility for

detecting arterial pulsatile signals. Building on this, the present chapter validates

the system for pulse arrival time (PAT) and pulse transit time (PTT) measure-

ments using a customised cardiovascular phantom.

The phantom, adapted from Zaki et al. [102], was simplified to focus solely on

PTT, without incorporating Windkessel modelling. It was further modified to

accommodate FBG-based mechanical pulse acquisition, as well as electrical signal

measurement for PAT determination. This customised setup enables the simulta-

neous acquisition of pressure, mechanical, and electrical pulse data, providing a

controlled environment for accurate PTT and PAT estimation.

4.1 Methods

4.1.1 Description of the Cardiovascular Phantom

The proposed cardiovascular phantom (Figure 4.1) is primarily composed of a

diaphragm motor pump (RS PRO m400 @10 V), one reservoir, tubes of different

internal diameter and wall thickness. The tubing with a smaller wall thickness,

regarded as the flexible tube, mimics a blood vessel and is an appropriate location

for detecting the pulse pressure wave, as it expands with increasing blood pressure.

For different PTT measurements, the largest-diameter pipe was replaced with

progressively longer sections to increase the separation distance between sensors.

88
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Within the system, two in-line pressure sensors (PendoTECH, New Jersey, USA)

were placed, before the one way valve (PS1) and after reservoir 1 (PS2). Two

FBG-cantilever sensors were located over the flexible tubing. The motor pump

of this system plays an important role, simulating the heart rate, as it is controlled

by a pulse wave modulation (PWM) signal every second (1 Hz). This signal is

generated from an Arduino MEGA ADK that controls a relay that switches the

motor pump on and off. The pressurised container is the source of liquid, and

it is sealed to maintain the pressure in the system.

Pressurised
 container

PWM
Motor pump

FBG-cantilever 1

FBG-cantilever 2

PS1PS2

Flexible tube

X

Figure 4.1: Cardiovascular phantom adapted from Zaki et al. [102], simplified to focus
solely on PTT without Windkessel modelling and modified to accommodate FBG-based
mechanical pulse acquisition and electrical signal measurement for PAT determination.

4.1.2 Pressurised container

The pressurised container used by Wan et al. [102] helped to maintain the basal

pressure of the system. This container was upgraded with long lasting design and

materials. The new design of the pressurised container (Figure 4.2) was created

in Free CAD, and it consists of an acrylic container with an aluminium lid. The

external dimensions of the reservoir are 100 cm of height and 60 cm of diameter,
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on the top of the reservoir, a circular space for the o-rings was left for sealing

purposes and drilling holes were added to introduce press inserts for screws that

secure the lid with the container. The inner part of the container was considered

to remain a considerable wall thickness that make the model less susceptible to

fracture, also small rectangular flat surfaces were considered at the sides with

holes for the tube connections. Figure 4.3 shows the finished pressurised container

which was fabricated at the University of Nottingham.
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Figure 4.2: Technical drawing of pressurised container

4.1.3 PTT measurements

The cardiovascular phantom (Figure 4.1) was tested with the inline pressure sen-

sors (PS1 and PS2) and the FBG-cantilever sensors described in Section 3.1.2

to compare two different PTT measurements. The first measurement involves

calculating the time delay between the pulses detected with the two inline pres-

sure sensors as a reference and the second measurement involves the time delay

between the pulses detected with the two FBG-cantilever sensors. The pressure
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Figure 4.3: Pressurised container

measurements from the inline pressure sensors were sampled at 1 KHz using a

data acquisition system (DAQ NI USB 6021, National Instruments, Texas, USA).

The wavelength shift values detected by the FBG-cantilever measurements were

sampled at 250 Hz. The interrogator (SmartScan, Smartfibres, UK) was set at

an acquisition rate of 2.5 KHz with a buffer that averages the data every 10 sam-

ples, downsampling to 250 Hz. The pressure inside the phantom was decreased

by increasing the length of the tube between PS1 and PS2 (See Figure 4.1). This

tube has a radius and wall thickness of 3mm. 4 different tube lengths were tested:

30 cm (8.48 mL), 60 cm (16.96 mL), 120 cm (33.93 mL) and 240 cm (67.86 mL).

Each recording with the pressure sensors and FBG-cantilever patch sensors took

one minute (ensuring 60 pulses), where mean PTT and standard deviation values

were obtained.

Furthermore, this experiment was repeated by increasing the volume up to 84.8 mL

between the FBG-cantilevers sensors, sampling at 11 different volumes to obtain-

ing higher resolution of the decreasing trend between the sensors. Additionally,

to increase the pressure of the tubular phantom, the flow rate of the motor pump
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Figure 4.4: PTT experimental setup for cardiovascular phantom. a) Experimental set
up using a tube length of 30 cm. b) Experimental set up using a tube length of 240 cm.

was increased from 1.5 to 2 L/min by increasing the supply voltage from 6 to 12

V.

4.1.4 Testing FBG-cantilever sensors before human trials

The test of the FBG-cantilevers sensors was performed in a more realistic scenario

using the printed support for limb attachment described in Section 3.1.2 and the

corresponding FBG array sensor at 850 nm and using the miniature interrogator

FiSpecX100 described in Section 3.2. For this case the flexible tubing was placed

over an acrylic tube (that mimics a limb size), and covered by a thin layer of

Dragon Skin™ 10 VERY FAST (SMOOTH-ON, USA) Figure 4.5.

Figure 4.5: Cardiovascular phantom with the FBG-cantilever sensors attached to the
limb phantom(acrylic rod covered by Dragon Skin).
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PAT measurements

The PAT measurements in the tubular phantom consist of detecting the electrical

pulse that controls the motor pump (ECG signal) as the start point and the

peripheral pulse in the flexible tubing in the limb phantom (arterial pulse at the

skin surface) as the end point of PAT.

The tubular phantom was used to calibrate the PAT measurements after using

two separate devices, one for the ECG measurements and the second for the FBG

measurements, where the processor of both has its own internal clock.

The PAT was obtained in the tubular phantom measuring the electrical pulse that

controls the motor pump with the ECG recorder described in Appendix A and

by placing the FBG-cantilever sensors over the flexible tube. Moreover, in order

to measure the PAT, the pulse of 5 V coming from the Arduino that controls

the motor pump had to be attenuated within a range of voltage that the ECG

amplifier can operate between 1-200µV. In this case the 5 V pulse was attenuated

to 90µV, using a potential divider as shown in Figure 4.6. This attenuation was

calculated as below:

VR2 = Vin · (
R2

R1 +R2 +R3
) = Vin · (

33Ω

920 kΩ + 33Ω + 920 kΩ
) = Vin · 1.8× 10−5

(4.1)

9
2

0
K
Ω

9
2

0
K
Ω

3
3

 Ω ECG



Recorder 

V -

V +

Figure 4.6: Attenuation from 5 V to 90µV of the electrical pulse that controls the
motor pump in the tubular phantom for its measurement with the ECG recorder.
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4.2 Results

4.2.1 Controlling the pressure of the system by increasing

the volume between sensors

The tubular phantom pressure was modified by replacing the hard pipe (r = 3

mm) between the inline pressure sensors with tubes of different lengths (30-480

cm). Figures 4.7-4.10 show the resulting pressure waveforms, where increasing

tube length visually stretches the wave “strings,” reflecting a spatial variation in

the axial pressure gradient (∂p/∂z). This pressure gradient is the driving force

that sustains pulsatile flow in the phantom by overcoming the combined iner-

tial, viscous, and elastic wall forces of the tube system. From a haemodynamic

perspective, the pressure-flow relationship can be described using the analytical

formulations for oscillatory flow in elastic tubes presented by Chandran, Rittgers,

and Yoganathan [118], which incorporate viscosity and wall compliance. In this

framework, the Moens-Korteweg model defines the baseline wave speed for an in-

viscid, thin-walled elastic tube; Womersley’s analysis accounts for viscous damping

and the radial variation of the velocity profile; and the Morgan-Kiely extension

couples fluid and wall stresses to describe wave attenuation in compliant vessels.

These models predict a phase shift between pressure and velocity due to inertial

effects, and that increased compliant volume between sensors will reduce the in-

stantaneous pressure drop for a given flow waveform. Experimentally, this effect

was confirmed by measuring the peak amplitude pressure difference between the

inline sensors for volumes from 8.5 mL (30 cm tube) to 135.7 mL (480 cm tube),

as shown in Figure 4.11; shorter tubes yielded higher pressure gradients.

Although these models provide reasonable solutions for blood velocity profiles,

Chandran et al. [118] highlight several assumptions that can limit their direct ap-

plicability to physiological conditions. They include: (i) laminar flow, which is

generally valid except during peak systole or in pathological regions; (ii) Newto-

nian fluid behaviour, an approximation that breaks down at low shear rates or
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in the microcirculation where shear-thinning occurs; (iii) uniform cylindrical ge-

ometry, despite natural vessel tapering and branching; (iv) fully developed flow,

neglecting entrance effects and curvature; (v) absence of reflected waves from ge-

ometric discontinuities; (vi) thin-walled tube approximation, which may not hold

for vessels with h/R > 0.1; and (vii) homogeneous, isotropic, Hookean wall mate-

rial, whereas real arterial walls are anisotropic and non-linear. In the context of

the phantom experiments, these limitations imply that while the analytical pre-

dictions capture the main trends in how pressure gradients respond to changes

in volume between sensors, additional factors – such as wall thickness ratio, ma-

terial non-linearity, and wave reflections – could further influence the measured

response.
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Figure 4.7: Pressure waves detected with inline pressure sensors at a separation of 30
cm, with tube radius r = 3 mm.
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Figure 4.8: Pressure waves detected with inline pressure sensors at a separation of 120
cm, with tube radius r = 3 mm.
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Figure 4.9: Pressure waves detected with inline pressure sensors at a separation of 240
cm, with tube radius r = 3 mm.
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Figure 4.10: Pressure waves detected with inline pressure sensors at a separation of
480 cm, with tube radius r = 3 mm.
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Figure 4.11: Pressure gradient measured at different tube lengths/volumes of sepa-
ration between the 2 inline pressure sensors. Increasing the tube length between inline
pressure sensors in the phantom (30-480 cm, 8.5-135.7 mL) decreased the measured peak
pressure difference, consistent with analytical predictions for oscillatory flow in elastic
tubes [118]. Shorter tubes exhibited higher axial pressure gradients due to reduced viscous
and elastic storage effects, while longer, more compliant segments lowered the instan-
taneous pressure drop. This behaviour aligns with Moens-Korteweg, Womersley, and
Morgan-Kiely models, which link wave speed, viscosity, and wall elasticity, and predict
a phase shift between pressure and velocity. Model assumptions include laminar New-
tonian flow, uniform cylindrical geometry, fully developed flow, absence of reflections,
thin-walled tubes, and homogeneous Hookean walls.
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4.2.2 PTT measurements

The Pulse Transit Time at different separations (30 cm, 60 cm, 120 cm and 240

cm) between each two pairs of sensors (inline pressure sensors and FBG-cantilever

patch sensors) was measured. The PTT between the inline pressure sensors serves

as a reference to the PTT measured with the FBG-cantilever patch sensors. Fig-

ures 4.9 shows a window of 3 seconds of the pressure waves detected in the cardio-

vascular phantom with inline pressure sensors, while Figure 4.12 shows a window

of 3 seconds of the pressure waves detected in the cardiovascular phantom with

the FBG-cantilever sensors, both using the tubing length of 240 cm to separate

both pairs of sensors.
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Figure 4.12: Pressure waves detected in the cardiovascular phantom with a volume of
68 mL between each set of sensors, recorded by both FBG-cantilever sensors (FBG1 and
FBG2).

Figure 4.13 shows the different PTT values obtained by changing the distance

between inline pressure sensors (Figure 4.13a) and between FBG-cantilever patch

sensors (Figure 4.13b). Both plots show an increasing trend when the separation

distance is increased, which reflects the decrease in phantom pressure as the com-

pliant volume between sensors increases. Moreover, a linear relationship begins
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to emerge when the separation exceeds 60 cm (hard pipe r = 3 mm). The mea-

surements with the inline pressure sensors appear more consistent, as indicated

by their smaller error bars compared to the larger variability observed with the

FBG-cantilever sensors.

PTT measurements as a function of separation length were further explored by in-

creasing the number of data points in the cardiovascular phantom (Figure 4.14a).

A clearer trend was captured, showing that PTT values increase as system pressure

decreases and gradually stabilise. Additionally, PTT was measured by fixing the

separation length and instead increasing the voltage of the electrical pulse driv-

ing the pump (Figure 4.14b). In this case, higher driving voltages increased the

intraluminal pressure and resulted in shorter PTT values. These observations are

consistent with the theoretical framework described in Equation can: according to

the Moens-Korteweg and Hughes formulations, increasing pressure raises effective

wall stiffness and wave velocity, thereby shortening PTT and demonstrating the

expected inverse pressure-PTT relationship.

Physiological PTT measured in vivo are typically on the order of only a few tens

of milliseconds when assessed over short arterial segments. For example, Wang

et al. [74] reported a mean PTT of approximately 29 ± 1 ms for the cubital

fossa-to-wrist radial artery segment (268 mm separation), corresponding to a local

pulse wave velocity of 9.25 ± 0.33 m/s in healthy young subjects. Across several

volunteers, the reported PWV range of 9-15 m/s translated into PTTs of roughly

18-28 ms for a forearm-length arterial path. More generally, assuming peripheral

arterial PWVs of 6-12 m/s and path lengths of 25-35 cm, forearm PTTs are

expected to lie between 20 and 60 ms. In contrast, the cardiovascular phantom

employed in this work yielded PTTs ranging from 10 ms up to 70 ms depending

on tube length, injected volume, and driving conditions, which are within the

same order of magnitude as physiological values, albeit often prolonged due to the

lower stiffness and simplified structure of the phantom tubing. This comparison

highlights that the phantom is able to reproduce physiologically relevant temporal



Chapter 4. Results 101

67.8633.9316.968.48
Volume (mL)

46.05

13.15

1.00
2.22

PT
T 

(m
s)

PTT between PS1 and PS2

(a)

67.8633.9316.968.48
Volume (mL)

56.40

25.93

12.73

1.60

PT
T 

(m
s)

PTT between FBG1 and FBG2

(b)

Figure 4.13: Pulse Transit Time varying the distance separation between the two inline
pressure sensors (a) and the two FBG-cantilever patch sensors (b). Both graphs show
an increasing trend when the separation was increased. The volume between each set of
sensors was increased from 8.48 - 67.86 mL using different lengths (30 cm, 60 cm, 120
cm and 240 cm) in the tube that separates the sensors.
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Figure 4.14: (a) Pulse Transit Time at 11 different volumes of separation (up to 84.8
mL) between the FBG-cantilever sensors (FBG1 and FBG2). (b) Pulse Transit Time
measured with the FBG-cantilever sensors (FBG1 and FBG2) by increasing the voltage
across the motorpump from 6-12 V. The FBG-cantilever sensors were fixed 100 cm apart
with a tube of radius = 3 mm.
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delays between distal pulse detections, while also offering controlled variability for

method validation.

4.2.3 Testing FBG-cantilever sensors before human trials

PTT measurements using miniature interrogator

Figure 4.15 illustrates the PTT measurements obtained with the last iteration

of FBG-cantilever sensors (FBG1 and FBG2) placed over the flexible tubing and

using the miniature interrogator FiSpecX100. The PTT values were obtained by

calculating the time difference between the two peaks of the pressure wave detected

by each FBG sensor.

The results demonstrate that the FBG-cantilever sensors using the miniature in-

terrogator FiSpecX100 were able to detect clear pulsatile waveforms in the tubular

phantom, enabling the estimation of pulse transit time (PTT). As shown in Fig-

ure 4.15a, both sensors captured periodic pressure pulses, although with different

amplitudes, reflecting variations in sensitivity and local loading conditions. The

derived PTT values in Figure 4.15b predominantly fall within the range of 70-

120 ms, which is consistent with physiologically plausible values reported in the

literature. Nonetheless, the scatter and presence of outliers highlight experimen-

tal variability, likely arising from the weak pulsatile signal detected by FBG2.

These findings confirm the feasibility of using FBG-cantilever sensors for PTT

measurement in a controlled phantom environment, while also underscoring the

challenges of obtaining accurate PTT values when pulse amplitudes are shallow

due to damping effects.
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Figure 4.15: PTT measurements in the tubular phantom. a) Pressure waves detected
by the FBG-cantilever sensors (FBG1 and FBG2). b) PTT values obtained from the
pressure waves detected by the FBG-cantilever sensors.
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PAT measurements

Figure 4.16 depicts the electrical signals and FBG-mechanical signals detected

from the phantom. The noise perceived in the electrical signal is due to the

resistors of the attenuator.
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Figure 4.16: Electrical signal (orange) and FBG-mechanical signal blue (detected in
the tubular phantom for PAT measurements.)

Once these signals were detected, the time difference between them was extracted

to obtain PAT. Figure 4.17 shows the PAT obtained. The increasing trend of

these PAT measurements in Figure 4.17a are due to a systematic error in the

acquisition stage of the electrical device, that causes a drifting between ECG and

FBG data acquisition. This was compensated in Figure 4.17b by interpolating a

hyperplane – the straight line that models this error – and by subtracting this

hyperplane from the raw PAT measurements. y = 0.026× x. The calibrated PAT

values were obtained by subtracting the estimated systematic error from the raw

measurements, as given by:

PATcalibrated,i = PATi − (0.026× tECG,i) , (4.2)
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Figure 4.17: PAT measurements in tubular phantom. a) PAT measurement with the
effect of desynchronisation. b) synchronisation by subtracting the interpolated hyperplane
(desynchronisation effect) to the PAT values.

where PATi is the raw pulse arrival time for beat i, tECG,i is the timestamp (in

milliseconds) of the corresponding ECG peak, and 0.026 × tECG,i represents the

systematic error modelled as a straight line (slope = 0.026) fitted to the raw PAT.
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These PAT results (Figure 4.15b) highlight the limitations of this model in repro-

ducing the full physiological range. While physiological PAT values are typically

on the order of hundreds of milliseconds [119], the phantom provides only an

approximate representation of such dynamics. Nevertheless, the ECG and FBG

signals exhibited sharp and well-defined peaks (Figure 4.16), indicating good mea-

surement accuracy at the sensor level. Importantly, these results serve as a first

step in identifying systematic errors inherent to the time synchronisation of the

acquisition systems and emphasize the necessity of appropriate post-processing

strategies to ensure reliable PAT assessment in human studies.

4.3 Summary

The cardiovascular phantom experiments provided a controlled framework to vali-

date the FBG-cantilever sensing system, fulfilling the PoC testing goal described in

Section 2.5, namely, the construction of a phantom for systematic validation prior

to human studies. By varying tube lengths, obtaining a separating volume higher

than 8.5 mL, the phantom demonstrated the expected haemodynamic behaviour:

increasing tube length stretched the pressure waveforms and reduced the instan-

taneous pressure gradient, in agreement with analytical formulations of oscillatory

flow in elastic tubes [118]. These models predict phase shifts between pressure and

flow due to inertial effects, and a reduction in pressure drop with greater compliant

volume – both trends experimentally confirmed in the phantom. Furthermore, the

PTT trends observed here were consistent with the theoretical predictions from

Equation 1.2: both the Moens-Korteweg formulation and the Hughes equation

indicate that rising intraluminal pressure stiffens the vessel wall, increases wave

velocity, and consequently shortens PTT. Together, these findings demonstrate

that the phantom reproduces the key physical mechanisms underlying pressure-

flow interactions, while also serving as a controlled platform to experimentally
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verify fundamental haemodynamic models.

Within this framework, the phantom enabled simultaneous PAT and PTT assess-

ments. For PTT, the extracted values (10 - 70 ms) were consistent with phys-

iologically plausible ranges, validating the ability of the sensing system to track

controlled changes in pressure transmission. In contrast, PAT values were not fully

representative of in vivo conditions, since the phantom cannot reproduce the full

temporal complexity of cardiovascular dynamics. Nevertheless, the sharp peaks

observed in both ECG and FBG signals demonstrated accurate temporal resolu-

tion of PAT values. These PAT experiment also provided insight into systematic

measurement errors and the post-processing strategies needed for reliable PAT

extraction in humans.

The FBG-cantilever sensing system proposed in Chapter 3, integrated with the

miniature interrogator, was experimentally tested in this cardiovascular phantom.

This setup allowed the combined evaluation of the sensor design and interroga-

tion approach under controlled haemodynamic conditions, providing a practical

demonstration of the system’s functionality prior to in vivo studies.

Therefore, the work presented in this chapter achieves the second stated thesis

objective, “To construct a cardiovascular phantom for controlled validation of the

FBG-cantilever sensing system”, by providing a physically controlled validation

platform prior to human testing.



5. Human Volunteers studies

and Blood Pressure regression

model

This chapter builds on the cardiovascular phantom validation presented previ-

ously, extending the investigation to human volunteers. Having established the

feasibility of FBG-cantilever sensors for PTT and PAT estimation in a controlled

environment, the next step is to evaluate their performance under physiologi-

cal conditions. Specifically, this chapter reports blood pressure measurements in

human participants, focusing on (i) extracting PTT using two FBG-cantilever sen-

sors and (ii) estimating PAT using an FBG-cantilever sensor combined with ECG

recordings.

The study was approved by the Ethics Committee of the University of Nottingham

(see Appendix E). BP was modulated through exercise on a cycle ergometer, in

line with the ESH consensus recommendations to track BP changes [120]. This

physiological response also induced an increase in heart rate (HR) and is discussed

in Section 1.2. Briefly, muscular activity during exercise is detected by propriocep-

tors, which signal the cardiovascular center to activate the sympathetic nervous

system. The sympathetic response elevates HR by increasing cardiac contractility

and causes vasoconstriction, thereby raising BP.

Finally, this chapter introduces the implementation of a Multitask Gaussian Pro-

cess Regression (GPR) model to SBP and DBP values from PAT measurements.

109
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The novelty of this work lies in the first human validation of the FBG-cantilever

sensing system for blood pressure monitoring, demonstrating the feasibility of

deriving physiologically relevant PTT and PAT measurements during exercise.

Furthermore, the integration of a multitask GPR model for BP estimation marks

an important step toward cuffless, non-invasive monitoring.

In doing so, this chapter validates the proposed sensing system’s capacity to track

physiological blood pressure changes, addressing a critical concern in the develop-

ment of cuffless BP monitoring technologies [24].

5.1 Methods

5.1.1 Experimental set up

The experimental setup of these measurements consisted of recording of ECG

signals at the chest using the custom-made ECG recorder (See Appendix A), and

the detection of the mechanical pulses with the FBG-cantilever sensors and the

fibre optical interrogator FiSpecX100 (FiSens, Germany) described in Chapter 3 at

the left wrist and upper arm in healthy participants. As it is aimed to investigate

the correlation between the PTT and PAT measurements derived from ECG and

FBG signals with BP values, a non-invasive BP (NIBP) monitor (OMRON X2

Smart+, Omron, Japan) was used to measure SBP, DBP and HR. Figure 5.1

depicts the experimental set up with the human subject sitting on an exercise

cycle(Domyos VM740,Decathlon, France) with all the sensors attached.

ECG electrodes (V+ (red), V- (gray) and RLD/GND(black) (Figure 5.1)) were

placed on the chest with a minimal separation distance between (< 3 cm) in a

triangular configuration to obtain an input amplified signal < 2.5 V, where the

voltage ADC range varies from 0 to 2.5 V. The FBG-cantilever sensor (FBG1) was

placed at the left wrist aiming to detect the mechanical pulse generated by the

radial artery. The second FBG-cantilever sensor (FBG2) was located at the upper

arm following the same arterial line along the brachial artery and its bifurcation
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to radial and ulnar arteries.
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Figure 5.1: Human volunteer experiment set up. ECG electrodes were placed at the
subject’s chest and the FBG-cantilever sensors were placed at the wrist (FBG1) and at
the upper-arm (FBG2). The BP monitor cuff was placed on the right upper arm.

5.1.2 Measurement protocol

The protocol for the data acquisition consisted of subjecting the participant to

a physical activity that increases the HR and, as a consequence, the BP. At the

beginning of the experiment the BP of the participant was monitored to reduce

the “white coat effect”. For the cycling activity the exercise intensity was fixed

to 108 W with 60 turns per minute. The NIBP readings include SBP and DBP

along with HR.

Figure 5.2 shows the 3 different consecutive scenarios of the physical activity that

the participant undertook and the cases when the data was acquired.

The Scenario 1 of measurements was performed with the participant sitting on a
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Figure 5.2: Measurement protocol for Cuffless Blood Pressure measurements on human
volunteers. This protocol involved 3 consecutive different scenarios increasing the physi-
cal activity of the subject, aiming to increase the HR and in turn the BP with the subject
cycling. 2 sets of measurements were obtained in each scenario in the resting states.
One set recording only ECG and FBG signals for 1 min and the second set recording
ECG, FBG and NIBP for 2 min (2min of NIBP measurements gives 3 discrete readings,
each reading with a SBP, DBP and HR value).
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cycle in a resting state (without cycling). Two sets of measurements were recorded

in this scenario. The first set of measurement consisted of recording ECG and FBG

signals for 1 min, and the second set of measurements consisted of recording for

2 min ECG and FBG signals along with 3 NIBP recordings. For the following

Scenario 2, another two sets of measurements were recorded. The first set of

measurements recorded ECG and FBG signals with the participant in a resting

state for 1 min after the participant cycled for 30 s, and the second set of the

measurements recorded ECG and FBG for 2 min along with 3 NIBP readings of

the participant in a resting state after cycling again 30 s. Finally, in Scenario

3, two sets of measurements were also recorded. The first set involved recording

ECG and FBG participant signals in a resting state for 1 min after the participant

cycled for 1 min. The second set consisted of recording ECG and FBG signals for

2 min along with 3 NIBP readings of the participant in a resting state after the

subject cycled again another minute.

Notes:

• 2 minutes of measurements at rest allowed at least 3 NIBP readings with

the OMRON device.

• The FBG and ECG recordings were sampled at 200 Hz. All measurements

were performed only in rest positions.

• The motivation of recording 2 sets of measurements for each scenario was

to increase the likelihood of getting high-quality data, where it was assumed

that the inflation of the pressure cuff could affect the steadiness of the ECG

and FBG signals.

5.1.3 Data processing

The data processing involved several stages to obtain the Pulse Arrival Time

(PAT) and Pulse Transit Time (PTT) values. Different stages were included as

the signals acquired from human volunteers are more prone to artifacts compared
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to those from the cardiovascular phantom shown in Section 4.2. These stages

included time synchronisation, filtering, signal quality assessment, and peak de-

tection of the ECG and FBG signals pipeline (Figure 5.3), the PAT values were

further calibrated due to the drift in the FBG signals. This drift between ECG

and FBG occurred due to a systematic error in the acquisition stage of the elec-

trical device.

FBG1 FBG2

PTT values

Filtering

Segmentation

Peak detection

PTT calculation

Time synchronisation 

ECG FBG

PAT values

Filtering

Segmentation

PAT calculation

FBG drift compensation

Peak detection

Figure 5.3: Data processing pipeline for Pulse Arrival Time (PAT) and Pulse Transit
Time (PTT).

Time synchronisation. Since the ECG and FBG signals were sampled using

different devices the signals were aligned using the timestamp generated in each

raw data file (for ECG and FBG measurements). Following this, two time vector

arrays (time elapsed) in milliseconds for each type of signal were calculated since

the start of the measurements.

Filtering. ECG and FBG signals were filtered using the BioSPPy libraries for

ECG and PPG signals [121]. For the ECG signals, this library a Butterworth

bandpass filter with low cutoff: 0.5 Hz and a high cutoff: 45 Hz. The lower range

(0.5 Hz of the cutoff frequency) removed the DC amplitude and baseline wan-

der, meanwhile the upper range reduces the power line interference, but preserves



Chapter 5. Methods 115

the ECG waveform (P, QRS and T waves). In the case of the FBG signals, the

Butterworth bandpass filter uses a low cutoff frequency: 0.5 Hz and high cutoff fre-

quency: 8 Hz with zero-phase filtering (via scipy.signal.filtfilt) – this conditioning

compensates the FBG wavelength shift due to temperature described in Section

3.1.4. Additionally, a moving average filter was applied to the FBG signals with

a window size of 10 data points. The frequency range for the bandpass filter is

chosen since pulsatile signals like PPG, and in this case FBG have most of their

relevant information in this bandwidth. Figures 5.4-5.6 illustrates the examples

of filtering FBG1 signal at the wrist (a), FBG2 signal at the upper arm (b) and

ECG signal at the chest (c).
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Figure 5.4: Example of filtering stage of FBG1 signal at the wrist.

Segmentation. Even though good quality data was recorded in most of the

participants, the start and end of the recordings tended to be corrupted in each

recording, since the subject moves before and after each recording. Processing a

recording together with a corrupted segment (at the beginning or in the middle

of the recording) for PTT and PAT can cause an incorrect peak detection, which

in turn generates an incorrect pair of peaks of the recording. This affects a range
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Figure 5.5: Example of filtering stage of FBG2 signal at the upper arm.

2600 2800 3000 3200 3400
# Sample

0

100

200

300

400

Ra
w 

EC
G 

(
V)

200

100

0

100

200

Fi
lte

re
d 

EC
G 

(
V)

ECG filtering

Figure 5.6: Example of filtering stage of ECG signal at the chest.
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of PTT and PAT values as incorrect peak pairs are identified even though correct

peaks are detected. Each recording was segmented for a reliable consecutive PAT

and PTT calculation. The start and end of the segment were selected by visual

inspection ensuring that high amplitude motion artifacts are not included and a

pair of ECG and FBG signals (for PAT) and a pair FBG1 and FBG2 signals (for

PTT) were preserved. An example of this visual inspection is depicted in Figure

5.7. This process involves a size reduction of the recording as all the segments

after the segmentation will contain at least 40 s of data, with a target of 70 s to

140 s of data preserved.

Peak detection. Two different peak detection algorithms (for ECG and PPG

signals) from the BioSPPy library were employed. For the ECG signals, the R-

peak detection algorithm consisted of (i) differentiation of the filtered ECG signal,

emphasizing rapid changes (steep slopes in the QRS complex), (ii) squaring to

make all values positive and enhance the R peaks while suppressing the smaller

fluctuations, (iii) moving average filter, (iv) adaptive thresholding to identify the

candidate R peaks. Peaks are detected by locating maxima within candidate

windows and a refractory period is applied to avoid detecting false or redundant

peaks; (v) post-processing of the detected R peaks by verifying the minimum RR

interval and signal morphology consistency. For the FBG signals, the PPG peak

detection algorithm from BioSPPy was utilised since FBG and PPG signals share

a similar waveform. The FBG peak detection algorithm consisted of (i) taking

the first derivative to locate the regions of steep slope and local maxima; (ii)

apply a threshold to eliminate small peaks caused by noise; (iii) find the true

peak by identifying the local maximum. To avoid multiple peaks within a cardiac

cycle, a minimum refractory period is enforced with a default value of 250 ms

(corresponding to a maximum heart rate of 240 BPM). The detected peaks are

post-processed, so they align the physiological features of PPG signals and its

peak intervals within the expected heart rate variability. Both ECG peak and

PPG peak detection algorithms were employed in the data processing pipeline for
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Figure 5.7: Example of the segmentation process for PAT, removing the motion arti-
facts of high amplitude induced by changing to rest position or finishing the recording.
(a) shows the FBG trace in blue where the recording lasts longer (220 s) than the ECG
trace in brown (140 s). (b) After segmentation the resulting ECG and FBG traces are
130 s long.
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PAT, Figure 5.3. Only the PPG Peak detection algorithm was implemented in

the data processing pipeline for PTT, Figure 5.3. Figures 5.8a and 5.8b show an

example of the detected peaks for PAT and PTT.
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Figure 5.8: Example of peak detection for PAT (a) and PTT (b).

PTT calculation. In the case of the pulse transit time (PTT), from the selected

segment with FBG1 (at wrist) and FBG2 (at upper arm) signals, the time t of

appearance of the first peaks were assessed, so the PTT is calculated assuming
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that the FBG2 peak at the upper arm arrives first.

PTTn = t[FBG1pkn]− t[FBG2pkn] (5.1)
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Figure 5.9: Example of PTT values calculated on volunteer 9 at rest (Scenario 1).

PAT calculation. For the pulse arrival time calculation (PAT), from the selected

segment with ECG and FBG signals, the time t of appearance of the first ECG

peak and FBG peak were assessed, so the PAT is calculated assuming that the

ECG peak comes first. Figure 5.10 explains how the ECG peak and FBG peak

pairs should be chosen, assuming that the ECG signal comes first, as a previous

FBG pulse can be present, but it does not mean that it belongs to the same cardiac

cycle.

PATn =


t[FBGpkn+1]− t[ECGpkn], if t[ECGpk0] > t[FBGpk0]

t[FBGpkn]− t[ECGpkn], if t[ECGpk0] < t[FBGpk0]

(5.2)

FBG drift compensation. The FBG drifting phenomena was observed in the

PAT measurements in the tubular phantom in the results Section 4.2. This re-
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PAT PAT0 1

Figure 5.10: Example of PAT calculation between ECG R peak and FBG peak. In
this case an FBG pulse appears before an ECG pulse at the beginning of this segmented
recording. Since it is assumed that the electrical pulse occurs before the mechanical
pulse, the first FBG pulse detected by the device is not considered for the first PAT value
(PAT0), as it assumed that it belongs to a different cardiac cycle.

sulted in a systematic error revealed as a linear increase of PAT values. This issue

was compensated by interpolating and subtracting a hyperplane y = 0.026 × x

which represents this trend. Figure 5.11a shows an example of this phenomenon,

and Figure 5.11b shows the compensation of this systematic error by subtracting

the calibrated hyperplane.

PAT and PTT post-processing. PAT and PTT values needed further refine-

ment due to false positive and negative peaks when the FBG signal was corrupted

by noise. These events were corrected manually, avoiding incorrect PTT and PAT

values. Appendix B describes the examples of the cases of missed peaks and false

peaks and how this affected the PAT and PTT values. The PAT and PTT values

after this correction is also shown.

Violin plots.

To improve the assessment of the population of the obtained PAT and PTT in
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Figure 5.11: Example of PAT values calculated on volunteer 9 at rest (Scenario 1)
(a) without subtracting the hyperplane (in red) generated caused by FBG signal drifting,
(b) subtracting the hyperplane to the original PAT values.
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the different scenarios (rest, cycle 30 s and cycle 1 min). Figures 5.12-5.14 shows

the example of PAT values at the different scenarios. The implementation of

violin plots are proposed (Figure 5.15) to compare the data distribution, median,

minimum, maximum values, as well as the outlier identification between scenarios.

Figure 5.13 shows a cluster of PAT values below 200 ms that departs from a

normal distribution, due to degradation of the signal quality during this interval.

The corresponding violin plot in Figure 5.15 (cycle 30 s) confirms this pattern

by displaying outliers under 200 ms. In Figure 5.14, two PAT values lie far from

the remainder of the distribution; in the corresponding violin plot, these isolated

points have negligible weight and are therefore not represented in the density

envelope (appearing, at most, as individual outliers).
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Figure 5.12: Example of the obtained PAT values from the ECG and FBG recordings
for subject 1 at rest.
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Figure 5.13: Example of the obtained PAT values from the ECG and FBG recordings
for subject 1 during cycling at 30 seconds.
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Figure 5.14: Example of the obtained PAT values from the ECG and FBG recordings
for subject 1 during cycling at 1 minute.
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Figure 5.15: Example of the violin plots obtained from each PAT population at rest,
cycle 30 s and cycle 1 min in subject 1.
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5.1.4 Gaussian Process Regression model

To estimate BP values from PAT and PTT measurements, and acknowledging the

non-linear relationship between these timing features and BP, this work proposes

a Gaussian Process Regression (GPR) model. This model constitutes the initiali-

sation layer of the proposed Cuffless BP monitor (Figure 2.7)

As discussed in Section 1.8 and Section 2.2, the rationale for adopting GPR lies in

its suitability for cuffless BP estimation under the constraints of proof-of-concept

experimentation. Unlike conventional machine learning approaches that often re-

quire extensive feature engineering and large datasets, GPR provides a principled

Bayesian framework capable of modelling complex, subject-specific relationships

between PAT/PWV features and BP while simultaneously producing predictive

uncertainty – an essential aspect for clinical interpretability and risk assessment.

Its robustness with limited sample sizes, reduced susceptibility to overfitting, and

compatibility with streamlined feature extraction make GPR a practical, data-

efficient, and interpretable solution.

The choice of GPR over conventional calibration approaches is motivated by sev-

eral factors:

• The relationship between BP and PAT is inherently non-linear and varies

across individuals; GPR accommodates this variability without requiring

explicit feature engineering.

• PAT values approximate a Gaussian distribution, and it is reasonable to

assume that beat-to-beat SBP and DBP values follow a similar distribution.

• GPR models have demonstrated robustness with small datasets, making

them well-suited for this study where data per volunteer are limited (PAT

values ranging from 198-664, with only 7-9 BP reference recordings across

rest, cycle 30s, and cycle 1min).

• Unlike many other regression models, GPR provides both predicted val-

ues and variance estimates, enabling uncertainty quantification and more



Chapter 5. Methods 127

informed decision-making.

PAT was chosen over PTT because the time interval between the ECG R-wave

and the FBG pulse peak was easier to identify. In contrast, the time difference

between FBG1 and FBG2 signals was often small, with overlapping pulses, and in

some cases the FBG2 signal at the upper arm lacked a sufficiently sharp waveform

for reliable detection. This resulted in a stronger correlation of PAT with BP

compared to PTT.

A Gaussian Process is a collection of random variables, where any finite subset fol-

lows a multivariate Gaussian distribution (Equation 5.3). X is a random variable

(e.g, blood pressure), µ is the mean (expected value, center of the distribution)

and σ2 is the variance which indicates the spread of the values [122–125].

X ∼ N (µ, σ2) (5.3)

The Gaussian process (Equation 5.6) is defined by the mean function (Equation

5.4) and the similarity between inputs using a covariance matrix based on a kernel

function (Equation 5.5). Where m(x) is the latent function that is attempted

to be modelled, E[f(x)] is the expected value after evaluating the input in the

modelled function.

m(x) = E[f(x)] (5.4)

k(x, x′) = E[(f(x)−m(x))(f(x′)−m(x′))] (5.5)

f(x) = GP(m(x), k(x, x′)) (5.6)

The model makes an initial assumption about the function f(x) before observ-

ing any data p(f(x)), prior distribution, specified by m(x) and k(x, x′). After

observing the data using Bayes’ theorem (Equation 5.7), the GP model updates
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its belief about f(x), forming the posterior distribution p(f(x) | data). The

likelihood, how well the function f(x) explains the observed data is described by

p(data | f(x)).

p(f(x) | data) ∝ p(data | f(x))p(f(x)) (5.7)

For the regression model, given training datapairs (Xtrain and ytrain), it is aimed

to predict ytest at test inputs Xtest. X are the PAT values and y are the SBP and

DBP values.

Training data joint distribution:

f(Xtrain)

f(Xtest)

 ∼ N


m(Xtrain)

m(Xtest)

 ,

K(Xtrain, Xtrain) K(Xtest, Xtrain)

K(Xtrain, Xtest) K(Xtest, Xtest)




K(Xtrain, Xtrain): Covariance matrix between training points

K(Xtest, Xtest): Covariance matrix between test points

K(Xtest, Xtrain): Covariance matrix between test and training points

Posterior Mean and Covariance:

The predictions for f(Xtest) are:

µtest = K(Xtest, Xtrain)[K(Xtrain, Xtrain) + σ2I]−1ytrain

Σtest = K(Xtest, Xtest)−K(Xtest, Xtrain)[K(Xtrain, Xtrain) + σ2I]−1K(Xtrain, Xtest)

Where µtest is the predicted mean and Σtest is predicted variance or uncertainty

estimate.

Dataset preparation

Figure 5.16 shows the methodology implemented for the preparation of the dataset

to train and test the Multitask GPR model. This pipeline starts with the interpo-

lation of the SBP and DBP to match the measured PAT values. For the interpo-
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lation, a PAT value along with the measured BP (SBP and DBP) measured value

are required. It is known that each BP recording was measured every 40 seconds,

but the exact corresponding PAT value for each recording is difficult to estimate.

Therefore, the median of the PAT distribution for every 40s of data is compared

with each BP recording. The pairs of BP measured and the corresponding median

PAT values are used to build a cubic spline interpolation. Cubic splines are well

known for a continuous and smooth interpolation with fewer oscillations compared

to a quadratic spline as each spline or connection between the known data points

corresponds to a 3rd order polynomial.

After obtaining the interpolated SBP and DBP from the whole population of

measured PAT values using the cubic spline interpolation. It was noticed that

some interpolated values were outside the realistic physiological BP values (Figure

5.17). To address this issue the BP interpolated value were clipped using the max

and min SBP and DBP measured (Figure 5.18). After clipping these interpolated

values a saturation in the lower and upper bounds was observed. This saturation

was solved (Figure 5.19) by generating a small deviation to the lower and upper

bounds. This deviation follows a random normal distribution of ± 2mmHg for

the lower and upper bounds of the interpolated SBP values and a random normal

distribution of ± 1mmHg for the lower and upper bounds of the interpolated

DBP values. These deviation ranges were selected as they are the typical error

margins of automated BP devices [126–128], the DBP deviation is smaller as this

measurement tends to be more stable.

This interpolation pipeline was repeated for the three scenarios (rest, cycle 30 s

and cycle 1 min) for each subject. A dataset was created with all the BP and PAT

values from each scenario concatenated and shuffled. Finally, the created dataset

was split into train and test set following a ratio 80:20.

Table 5.1 shows the size of the train and test sets used for each volunteer assessed.

This table also include the number of PAT values extracted from each scenario.
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SBP and DBP interpolation

SBP = (SBP_rest,SBP_bike30s,SBP_bike1min) 

DBP = (DBP_rest,DBP_bike30s,DBP_bike1min)

BP concatenated array

PAT concatenated array

PAT = (PAT_rest,PAT_bike30s,PAT_bike1min) 

Dataset = [PAT, (SBP,DBP)]

Split dataset into
 train and test set 80:20

 BP measured and median PAT pair 

Sort pair according to PAT

Cubic spline interpolation to 
all PAT measured values

Clip extreme interpolated BP 
using min and max BP measured

Repeat for each scenario: rest, bike 30s, bike 1 min

DATASET PREPARATION

 Add deviation 
 to upper and lower BP bounds

 
DBP -> ±1mmHg

SBP -> ±2mmHg

PAT measured
55 ≤ n ≤ 296

BP (SBP and DBP) measured
2 ≤ n ≤ 3

Figure 5.16: Dataset preparation pipeline for Multitask GPR model. This pipeline
consists of the interpolation of SBP and DBP values. For each PAT a tuple of SBP and
DBP values was obtained. This interpolation was repeated for the three scenarios (rest,
cycle 30 s and cycle 1 min) for each subject. The dataset was created with all the BP
and PAT values from each scenario concatenated. The created dataset was shuffled and
split into train and test set following a ratio 80:20.
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ID PATs rest PATs cycle 30 s PATs cycle 1 min Train set Test set

1 85 130 171 309 77

3 156 142 82 304 76

4 86 93 104 231 57

5 148 115 212 380 95

9 153 215 296 531 133

10 157 175 227 447 112

12 55 60 83 158 40

13 171 183 197 441 110

14 188 196 220 483 121

15 88 115 129 266 66

Table 5.1: Length of train and test datasets and population (N) of PAT values extracted
in each scenario.
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Figure 5.17: Output of the cubic spline interpolation. SBP (red) and DBP (blue)
values are shown along with the measured BP values (SBP in pink and DBP in purple).
Non-realistic values appear after interpolation.
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Figure 5.18: Results after clipping the interpolated SBP (red) and DBP (blue). The
lower and upper boundaries correspond to the maximum and minimum measured BP
recordings (SBP in pink and DBP in purple).
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Figure 5.19: Interpolated SBP and DBP values after adding a deviation to avoid
saturation at the lower and upper bounds. Note: the SBP and DBP measured values
do not vary after approximately every 40 samples because the same BP reading was
repeated. In total, three measured BP readings are shown in each graph.
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Training and Testing

Figure 5.20 illustrates the implementation of the Multitask GPR model, the train-

ing and testing stages. During training, the PAT values from the training set are

processed using a Multitask GP model based on the Matérn Kernel function, which

includes an output scale σ2(Equation 5.8). The key parameters of the Matérn ker-

nel function include the smoothness ν = 2.5, which provides a moderate balance

between smoothness and flexibility to fluctuations; the length scale ℓ = 15.0, which

determines how quickly correlations decay with distance; and the output scale σ2

= 5.0, which defines the variance of the GP function. Additionally, the model was

configured with two tasks to model the correlation between multiple outputs (SBP

and DBP). To improve computational efficiency, the rank of the task covariance

matrix was set to 2, reducing the number of free parameters by factorizing it into

two latent factors. Kν(·) in Equation 5.8 represents the modified Bessel function

of the second kind, which governs the shape and correlation between points. The

term Γ(ν) is the Gamma function, ensuring proper normalisation of the kernel to

maintain scale invariance.

K(x, x′) = σ2 2
1−ν

Γ(ν)

(√
2ν∥x− x′∥

ℓ

)ν

Kν

(√
2ν∥x− x′∥

ℓ

)
(5.8)

During the training stage, the loss that this model tries to optimise is the Exact

Marginal Log Likelihood (MLL), Equation 5.9. This likelihood represents the

probability of the model best explaining the observed data. In this equation, y

represents the observed training outputs (SBP and DBP from the training set)

and m(X) represents the mean predicted value, while K is the covariance matrix

from the Matérn kernel. The term ϵ represents the likelihood noise variance and

I is identity matrix that ensures numerical stability. The kernel hyperparameters,

θ, are optimised during training.

The term −1
2
yT (K + ϵI)−1y represents the fit term, which measures how well the

model fits the data and penalises large residuals to improve prediction accuracy.
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The complexity penalty term, −1
2
log |K+ϵI|, prevents overfitting by discouraging

overly complex models. Finally, −n
2
log 2π is a normalisation term that ensures

the log-likelihood follows a valid probability distribution. In Gaussian Process

regression, the likelihood assumes Gaussian noise, where observations are modeled

as: yi = f(xi) + ϵ, ϵ ∼ N (0, σ2). Here, σ2 represents the noise variance, which

accounts for observation uncertainty. The initial likelihood noise is set to 1 before

optimization and a prior is applied to the likelihood noise, constraining it to the

range 0.05 - 1 with a standard deviation of 0.1. Backpropagation during training

is performed using the Adam optimizer with a learning rate of 0.02.

log p(y|X, θ) = −1

2
(y−m(X))T (K + ϵI)−1(y−m(X))− 1

2
log |K + ϵI| − n

2
log 2π

(5.9)

During testing (Figure 5.20), PAT values from the testing set are processed using

the trained Multitask GP model, where the likelihood function is applied to obtain

the predicted mean values for SBP and DBP, along with their respective lower

and upper confidence intervals. Furthermore, a jitter term (1 × 10−2) is added

during Cholesky decomposition to ensure numerical stability of the outputs. This

prevents the smallest eigenvalues of the covariance matrix from approaching zero,

ensuring numerical robustness.

Implementation details

This model was implemented in Python using the GPytorch library [129]. For

Gaussian Process models, the ExactGP class was used along with MultitaskGPModel,

inheriting the GP functionality and adding multitask capability to regress SBP and

DBP values. Therefore, the number of tasks was set to 2. The kernel was set us-

ing MultitaskMean(gpytorch.means.LinearMean()). The base kernel (Matérn)

was defined as gpytorch.kernels.MaternKernel(nu=2.5).

The training loop was run for 3000 iterations.
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Figure 5.20: Multitask Gaussian Process regression model. Training and testing stages.
The training stage (top gray box) displays the initial hyperparameters values (smoothness
ν, length scale ℓ and output scale σ2) set in the model. This model takes input PAT
values from the training set and outputs the mean BP values and covariance matrix
results. This output along with the actual BP values are inputs of the loss function to be
optimised, the exact marginal log likelihood, this function have an initial assumption of
the Gaussian noise in the dataset (ϵ) and back propagates, using the Adam Optimizer,
the computed likelihood to maximise its value with a learning rate of 0.002. The bottom
box is the testing stage which computes the likelihood to the output of the trained model,
to obtain the mean SBP and DBP predictions along with the confidence intervals post-
processed with a Cholesky jitter (1e-2).
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5.2 Results

In the human volunteer experiments, 15 participants were recruited (9 male and 6

female). However, a complete dataset across all three scenarios was not obtained

(Table 5.2).

For Volunteer 2, the ECG electrodes lost connection in Scenario 3, and the FBG2

pulse at the upper arm was undetectable in all scenarios. Similarly, for Volunteers

6, 7, 8, and 11, insufficient data was available to compare the three scenarios

and in some cases, although the FBG1 pulse at the wrist was detected, it was

inconsistent across the three scenarios, and in other cases the upper arm pulse

was too weak for detection using the FBG2-cantilever sensor. This detection issue

at the upper arm also affected the dataset of Volunteers 14 and 15. As a result,

a reliable dataset was obtained for 10 volunteers (5 female and 5 male) for PAT

values and for 8 volunteers (4 male and 4 female) for PTT values.

Table 5.2: Volunteer’s set. Gender of the volunteer (M for male and F for female),
metric computed and the reasons for excluding volunteer’s set.

ID Gender Metric Reason to not use this dataset
1 M PTT and PAT
2 M None ECG became disconnected in scenario 3, FBG2 pulse not

detected
3 F PTT and PAT
4 F PTT and PAT
5 M PTT and PAT
6 M None Not enough data across the three scenarios
7 M None Not enough data across the three scenarios
8 F None Not enough data across the three scenarios
9 M PTT and PAT
10 F PTT and PAT
11 M None Not enough data across the three scenarios
12 F PTT and PAT
13 M PTT and PAT
14 M PAT FBG2 pulse not detected
15 F PAT FBG2 pulse not detected

This section describes the PAT and PTT values measured and its comparison with

SBP, DBP and HR values after increasing the physical activity. This section also

outlines the results of the Gaussian Process Regression model of SBP and DBP

values from PAT values.
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5.2.1 Pulse Transit Time (PTT)

According to the Moens-Korteweg and Hughes formulation (Eq. 1.2), pulse wave

velocity (PWV) increases with arterial stiffness and pressure. Since PTT is defined

as the inverse of PWV scaled by the propagation distance, an increase in blood

pressure is expected to shorten the transit time between two arterial sites. In this

study, this corresponds to a reduction in the time difference between the pulsatile

signal detected at the upper arm with FBG2 and the signal at the wrist with

FBG1, as shown in Figure 5.1.

PTT and NIBP data were analysed across eight volunteers. In most cases, SBP

and HR increased with physical activity, while DBP showed only modest or incon-

sistent changes. The violin plots revealed that PTT distributions were generally

widest at rest and narrowed with increasing activity, with maximum PTT values

typically decreasing by 50-120 ms across exercise stages. This inverse relationship

between BP/HR and PTT was evident in some participants (e.g., volunteers 1, 4,

5 and 9), although less consistent in others (e.g., 3, 10, and 12), where reduced

signal quality, increased variability, and the limited temporal resolution of the

system introduced artefacts such as negative values. The detailed results of all

individual analyses are presented in Appendix C.1.

Apart from physiological differences depending on the measurement site – FBG2

pulses at the upper arm are generally less sharp than FBG1 pulses at the wrist –

a specific source of variability arises from the limited temporal resolution of the

sensing system. The miniature interrogator operated at 200Hz, corresponding to a

sampling interval of 5ms, which constrains the accuracy with which the pulse foot

can be localised. At short transit times or in noisy recordings, this discretisation

introduces jitter in the estimated PTT and occasionally yields apparent negative

values. These artefacts do not reflect physiological phenomena but instead high-

light the impact of finite time resolution on the robustness of beat-to-beat PTT

estimation.

Figure 5.21 presents the results for volunteer 1. The scatter plot in Figure 5.21b



Chapter 5. Results 138

shows the NIBP and HR trends. SBP and HR increased with exercise (by 26 mmHg

and 17 BPM, respectively), while DBP rose only slightly (+5 mmHg), reflecting

the expected cardiovascular response to physical exertion. The violin plot in Fig-

ure 5.21a shows that at rest, the PTT distribution was the widest, with large

spread and variability. As the exercise intensity increased (cycle 30 s and cycle

1 min), the maximum PTT values decreased from 100 to 50 ms, and the spread

narrowed. This decreasing trend indicates that PTT shortens with increased phys-

ical activity, consistent with the expected physiological response to elevated BP.

The PTT measurements in this study therefore demonstrated the expected short-

ening trend with increased blood pressure and heart rate during exercise, although

inter-subject variability and negative values were observed. The use of a minia-

ture, low-power interrogator at 200 Hz was intentional, as this form factor and

energy budget are compatible with ambulatory BP-monitoring applications. The

trade-off is temporal resolution: a 5 ms sampling interval represents up to 20-

30% of the physiological PTT range (15-50 ms), thereby explaining the broader

distributions and negative values in the dataset.

In contrast, Wang et al. (2024) [74] employed a conventional 1 kHz interrogator

(≈1 ms resolution) using soft FBG-PDMS sensor to measure local PWVs simul-

taneously in both radial arteries under resting conditions. Their system yielded

stable PTT estimates ( 29 ± 1 ms for a 27 cm arterial segment), corresponding to

PWVs between 9-15 m/s, with an error margin of only 3.5%. Importantly, Wang

et al. did not vary the haemodynamic state of the volunteers, so their results

reflect baseline arterial stiffness rather than dynamic changes in vascular tone.

Our study extends beyond this by actively modulating BP and HR through ex-

ercise, demonstrating that PTT shortens as cardiovascular load increases. While

the lower sampling rate of our interrogator introduced greater uncertainty than in

Wang et al., the observed physiological trends align with theoretical expectations

and confirm that FBG-based sensing can capture haemodynamically driven PTT

changes, even when constrained by the reduced temporal resolution of a miniature
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interrogator designed for ambulatory BP monitoring.

5.2.2 Pulse Arrival Time (PAT)

According to the Moens-Korteweg and Hughes formulation (Eq. 1.2), an increase

in arterial pressure leads to an increase in pulse wave velocity (PWV) and con-

sequently a shortening of pulse transit time (PTT). Since PAT is defined as the

interval between the R-wave of the ECG and the distal pulse arrival at the wrist

(FBG1), it incorporates both the pre-ejection period (PEP) and the transit time

along the arterial path. Therefore, a rise in blood pressure and heart rate with

exercise is expected to shorten PAT values, although with larger variability than

PTT due to the additional influence of PEP.

PAT and NIBP data were analysed across ten volunteers. As expected, SBP and

HR generally increased with exercise, while DBP showed only modest or inconsis-

tent changes. In most participants, violin plots showed that PAT values decreased

with higher exercise intensity, with median reductions ranging between 20-150 ms

from rest to cycle 1 min. These trends were in line with the physiological expec-

tation that increased cardiovascular load accelerates pulse wave propagation and

shortens PAT. However, the extent of the PAT reduction varied across individu-

als. In some cases (e.g., volunteers 1, 3, 10, and 12), the distributions preserved

their overall shape while shifting toward lower values. In others (e.g., volunteers

5, 13, and 15), the variability between scenarios was higher, suggesting a stronger

influence of PEP dynamics and inter-beat variability on the measured PAT. The

detailed results of all individual analyses are presented in Appendix C.2.

Figure 5.22 presents the results for volunteer 9, where the clearest decreasing

trend was observed. The scatter plot in Figure 5.22b shows that SBP, DBP, and

HR all increased with exercise (average SBP +27 mmHg, HR +56 BPM, DBP

+4 mmHg), reflecting the expected cardiovascular response. The violin plot in

Figure 5.22a shows that PAT distributions shifted markedly across scenarios: the

median PAT decreased from 170 ms at rest, to 120 ms after 30 s of cycling, and
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Figure 5.21: PTT values condensed in violin plots (a) vs NIBP (SBP and DBP)
values and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the
experiment in volunteer 1. The maximum PTT values and its distribution at each
modality follows a decreasing trend meanwhile the SBP and HR follows an increasing
trend as the exercise increases.
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further to 25 ms after 1 min of cycling. This inverse relationship between PAT

and blood pressure/heart rate demonstrates the strong coupling between haemo-

dynamic load and pulse arrival timing. Notably, this case illustrates that under

conditions of large increases in SBP and HR, PAT reduction can be substantial,

emphasising its sensitivity to exercise-induced haemodynamic changes.

A comparison with the findings of Finnegan et al. (2021) [36] provides valu-

able context. In a phenylephrine infusion study involving 30 healthy volunteers,

Finnegan et al. found that PTT decreased by 16.8 ms (± 7.5 ms), significantly

larger than the PEP increase ( 5.5 ms ± 4.5 ms); thus, PEP contributed mini-

mally to PAT variation in their protocol. They reported RMSEs of 5.5 mmHg

for systolic BP estimation using PAT, slightly higher than those using PTT ( 4.5

mmHg), and noted large inter-individual variability in the PAT-SBP slope. It

is important to note that the accuracy of the PTT measurements in their study

relied on impedance cardiography from a central artery in the neck, together with

PPG signals acquired at a sampling rate of 512 Hz, providing greater temporal

precision than is typically available in peripheral, lower-frequency measurements.

Whereas Finnegan’s study achieved highly accurate estimates under tightly con-

trolled, pharmacologically induced changes in blood pressure, our work demon-

strates that the same inverse trends between PAT/PTT and BP can also be ob-

served under exercise-induced haemodynamic modulation. However, in our case,

greater variability was expected due to fluctuations in the pre-ejection period

(PEP) and the presence of real-world signal noise.

Together, these data underscore that PAT reliably responds to acute BP and

HR changes, whether induced pharmacologically or via exercise. However, for

ambulatory or uncontrolled settings, it’s essential to consider PEP’s contribution

and inter-individual variability – highlighting the potential benefit of combined

or segmented approaches (e.g., separating PEP and vascular transit time) for

improving robustness in PAT-based BP estimation.

The weaker correlations observed between PAT/PTT and DBP in this study are
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best explained by the physiological response of DBP during dynamic exercise.

Unlike SBP, which rises consistently due to increases in heart rate and stroke vol-

ume, DBP is largely determined by systemic vascular resistance (SVR). During

cycling exercise, vasodilation in the active skeletal muscles reduces SVR, counter-

balancing sympathetic vasoconstriction in non-active vascular beds. As a result,

DBP changes are modest (often within 0-5 mmHg) during aerobic exercise [130],

limiting the variability available for regression analysis. This suggests that the

reduced sensitivity of PAT-derived features to track DBP in this study reflects a

limitation of the chosen physiological protocol rather than of the sensing approach

itself. Alternative perturbation methods, such as pharmacological modulation or

postural changes, may therefore be more suitable for capturing meaningful DBP

dynamics. However, pharmacological interventions raise ethical challenges and are

more commonly adopted in clinical rather than laboratory research settings [120].

Table 5.3 summarises the PAT and PTT results and its comparison with SBP,

DBP and HR measurements for the volunteers data analysed. Across the ten vol-

unteers, the results showed consistent increases in SBP and HR with exercise, while

DBP remained largely steady or showed only modest changes. PAT demonstrated

a clearer response than PTT, with most participants exhibiting a decreasing trend

as exercise intensity increased, in line with the expected physiological relationship

between higher BP/HR and shorter pulse timing. PTT results were more variable:

while some volunteers (e.g., 1, 5, 9) displayed the anticipated inverse relationship

with SBP, others showed inconsistent or even increasing trends, likely reflecting

signal quality issues or limited temporal resolution. Overall, the summary in-

dicates that PAT was a more robust marker of exercise-induced haemodynamic

changes than PTT across the studied cohort.

Given that PAT showed stronger and more consistent correlations with BP than

PTT, it was selected as the primary feature for exploratory modelling. To assess its

predictive utility, a Gaussian Process Regression (GPR) framework was applied,

providing both BP estimates and associated uncertainty measures.
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Figure 5.22: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 9. It is clear the decrease in PAT values as the exercise increases and
SBP, HR and DBP increase, however the DBP at cycle 30 s shows a large error.
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Table 5.3: PAT and PTT results summary. NIBP (SBP and DBP), HR, PTT and PAT trends with the increase of physical activity across the
different modalities: rest, cycle 30 s and cycle 1 min, described in Figure 5.2.

ID NIBP and HR trends
with increase in
exercise

PTT trend with
increase in exercise

PAT trend with
increase in exercise

1 Increase of HR and SBP.
Steady DBP.

Decreasing trend in
maximum PTT.

Overall decreasing trend
in PAT.

3 SBP and HR increase.
Slight decrease DBP.

A decreasing PTT trend
only from cycle 30 s to 1
min.

Decreasing trend of PAT.

4 SBP and HR increase.
Steady DBP.

Not clear PTT trend. Overall decreasing PAT at
cycle 30 s is slightly lower
compared to cycle 1 min.

5 Overall increase of SBP
and HR. Decreasing trend
of DBP. SBP is the lowest
at cycle 30 s.

The maximum PTT is
observed at cycle 30 s.
Inverse trend compared
with SBP.

Inverse trend compared
with SBP. Highest PAT at
cycle 30 s.

9 Increase of SBP, DBP and
HR.

Clear decreasing trend of
max PTT. Expected
inverse relationship with
SBP.

Decreasing trend of PAT.

10 Increase of SBP, DBP and
HR.

Not clear PTT decreasing
trend, only from rest to
cycle 30 s.

Decreasing trend of PAT.

12 Increase of SBP and HR,
but steady DBP.

Increasing trend of PTT. Decreasing trend of PAT.

13 Overall increase of SBP
and HR, but steady DBP.
SBP was higher at cycle
30 s.

The max PTT values
follow an inverse
relationship with DBP and
a direct relationship with
SBP.

Inverse PAT trend
compared with DBP.

14 SBP and HR increase.
Steady DBP.

N/A Decreasing trend of PAT.

15 SBP and HR increase.
Overall steady DBP
increased at cycle 30 s.

N/A Overall decreasing trend
in PAT. Lowest PAT
distribution at cycle 30 s.
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5.2.3 Gaussian Process Regression model

These results illustrate the performance of Gaussian Process Regression (GPR) in

predicting SBP and DBP values from PAT across the different volunteer datasets.

The GPR model outputs both the predicted mean BP values and associated confi-

dence intervals, enabling assessment of accuracy and uncertainty. Each prediction

figure consists of two subplots: the upper panel shows SBP predictions and the

lower panel shows DBP predictions. In the SBP subplot, the dotted blue line

represents the predicted values, the red dots correspond to interpolated reference

SBP values, and the shaded light-blue region indicates the 95% confidence inter-

val (CI). Similarly, in the DBP subplot, the green dotted line shows predicted

DBP values, the orange dots represent interpolated reference DBP values, and the

light-green shaded region corresponds to the 95% CI.

To further evaluate performance, scatter plots and Bland-Altman plots were gen-

erated. In the scatter plots, the x-axis represents the actual interpolated BP

values and the y-axis the GPR predictions. The diagonal line denotes the ideal

1:1 relationship, with points clustering around this line indicating high prediction

accuracy, while deviations signify under- or over-estimation. Bland-Altman plots

complement this analysis: the x-axis shows the mean of actual and predicted val-

ues, and the y-axis the difference between them. The dashed line indicates the

mean bias, while the solid blue lines (±1.96 SD) represent the limits of agreement

(LoA). Predictions are considered reliable when most points fall within the LoA

and are randomly distributed; systematic trends or excessive outliers suggest bias

or reduced reliability in certain BP ranges.

In this section, results are presented for Volunteer 5, whose test set showed the best

overall performance. Corresponding scatter and Bland-Altman analyses are also

provided, while the results for the remaining volunteers are detailed in Appendix

D.

Finally, quantitative metrics were computed to complement the graphical analy-

ses (Tables 5.4 and 5.5). These include mean absolute error (MAE), root mean
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squared error (RMSE), coefficient of determination (R2), and mean bias error

(MBE). MAE indicates average prediction accuracy, with lower values represent-

ing better performance. RMSE, which penalises larger errors, reflects overall de-

viation from reference values. R2 quantifies how well the model explains variance

in BP, with values approaching 1 indicating stronger predictive power. MBE cap-

tures systematic bias, where positive values indicate overestimation and negative

values underestimation.

ID MAE (mmHg) RMSE (mmHg) R² MBE (mmHg)

1 6.66 8.06 0.5052 -1.00

3 5.45 6.84 0.4708 1.25

4 2.56 3.26 0.6433 0.35

5 0.82 1.28 0.8152 -0.13

9 1.27 2.53 0.9687 -0.09

10 5.22 7.55 0.5654 -0.41

12 11.67 16.56 -1.2145 -2.18

13 6.74 10.03 0.2910 -1.05

14 10.26 12.79 0.2032 -0.75

15 6.67 11.06 0.7572 -2.94

Table 5.4: SBP Prediction Metrics for Different Volunteers

ID MAE (mmHg) RMSE (mmHg) R² MBE (mmHg)

1 2.68 3.41 0.1596 -0.16

3 3.98 5.38 -0.0623 0.21

4 1.25 1.85 0.4340 -0.28

5 0.40 0.79 0.9664 -0.00

9 0.42 0.66 0.9888 0.00

10 2.02 3.23 0.5398 -0.13

12 3.53 4.74 -0.7032 -0.98

13 1.17 1.90 0.6489 0.17

14 0.95 1.25 0.2946 0.06

15 1.05 2.37 0.7970 -0.23

Table 5.5: DBP Prediction Metrics for Different Volunteers

The prediction results for systolic and diastolic blood pressure (Tables 5.4 and
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5.5) demonstrate that the model achieved variable accuracy across participants,

with mean absolute errors (MAE) ranging from 0.82 to 11.67 mmHg for SBP

and 0.40 to 3.98 mmHg for DBP. Volunteers 5 and 9 consistently yielded the

best performance, with MAE values below 2 mmHg and strong coefficients of

determination (R2 > 0.8), confirming robust and reliable agreement with refer-

ence measurements. Volunteer 15 also showed strong performance, particularly for

DBP, while volunteer 4 achieved balanced and accurate predictions with slightly

higher errors. By contrast, volunteers 12 and 14 exhibited the weakest perfor-

mance, characterised by larger errors and, in the case of volunteer 12, negative R2

values for both SBP and DBP. The remaining volunteers (1, 3, 10, and 13) demon-

strated intermediate outcomes, with moderate SBP tracking but larger deviations

at certain pressure ranges and reduced explanatory power for DBP.

Overall, these findings highlight that the model can achieve robust accuracy in

favourable cases (volunteers 5, 9, 15, and 4), particularly for DBP where most

participants showed low errors and minimal bias. However, the variability in

SBP estimation across individuals underscores inter-subject differences that may

reflect physiological diversity or signal quality limitations, pointing to the need for

strategies that improve model generalisability across a wider population.

Figure 5.23 illustrates the results of the GPR model prediction with confidence

intervals using the PAT values of volunteer 5 dataset. The SBP predictions (blue

dotted line) from the model significantly follow the trend of the actual SBP values

(red dots). Only 2% of the SBP actual values are outside the confidence intervals.

The DBP predictions (green dotted line) also significantly follow the trend formed

by the actual DBP values (orange dots), with no DBP actual values outside the

CI. The confidence intervals for the SBP predictions (shaded light blue region)

vary in width across the samples indicating the difference in uncertainty between

predictions, with wider regions, the maximum with of these confidence intervals is

5 mmHg. The confidence intervals are smaller for DBP predictions (shaded light

green region) with a maximum 2.5 mmHg width across the samples.
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From Figure 5.24a, the points cluttered tightly around the diagonal indicate a

strong correlation between the predicted value and the actual SBP values. The

scattering is relatively small, suggesting low errors in most of the cases (RMSE

= 1.28 mmHg). Overall, the alignment remains significant, but there is a slight

spread from 115 to 123 mmHg. From Figure 5.24b, the DBP predictions follow

closely the ideal fit (RMSE = 0.79 mmHg) over all the range of actual DBP values

(73-79 mmHg).

From Figure 5.25a, it is observed that mean SBP difference is near zero, indicat-

ing a minimal systematic bias. Points are spread ± 3 mmHg suggesting small

prediction errors. Few points are above 3 mmHg and below -2 mmHg, however,

these are not extreme outliers. From Figure 5.25b it is observed that the mean

DBP difference is slightly positive, indicating that the suggesting the model nei-

ther systematically overestimates nor underestimates DBP predictions. There are

very few errors overall as most of the points are spread ± 1.5 mmHg

From Table 5.4, the SBP MAE is 0.85 mmHg, the SBP R2 is equal to 0.8152

showing the good performance of the model. From Table 5.5, the DBP MAE is

0.40 mmHg, the DBP R2 is equal to 0.9664, showing a robust model performance.
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Figure 5.23: GPR model BP prediction plots for the volunteer 5 test set. (a) SBP
predictions: actual SBP values (red dots) vs mean SBP predicted values (blue dotted line)
with 95% confidence intervals (light blue shaded region). (b) DBP predictions: actual
DBP values (orange dots) vs mean DBP predicted values (green dotted line) with 95%
confidence intervals (light green shaded region). Only 2% of the actual SBP values lie
outside the CI, while no DBP values are outside. The SBP CI shows larger uncertainty
(width ≤ 5 mmHg) compared to the DBP CI (width ≤ 2.5 mmHg).
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Figure 5.24: Correlation analysis for the volunteer 5 test set. (a) Predicted vs ac-
tual SBP. (b) Predicted vs actual DBP. Both plots show strong correlation, with tighter
agreement observed in DBP.



Chapter 5. Results 151

112 114 116 118 120 122 124 126
Average of Actual and Predicted SBP (mmHg)

4

2

0

2

4

Ac
tu

al
 - 

Pr
ed

ict
ed

 S
BP

 (m
m

Hg
)

Bland-Altman Analysis (SBP): volunteer 5
Mean Difference
+1.96 SD
-1.96 SD

(a)

64 66 68 70 72 74 76 78
Average of Actual and Predicted DBP (mmHg)

2

1

0

1

2

3

4

5

Ac
tu

al
 - 

Pr
ed

ict
ed

 D
BP

 (m
m

Hg
)

Bland-Altman Analysis (DBP): volunteer 5
Mean Difference
+1.96 SD
-1.96 SD

(b)

Figure 5.25: Bland-Altman analysis for the volunteer 5 test set. (a) SBP shows
minimal systematic bias with narrow limits of agreement. (b) DBP shows no evident
over- or underestimation, with tighter dispersion.
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The normality of the BP data was assessed for each volunteer, and the subsequent

paired comparisons were selected accordingly (paired t-test when normality was

not rejected; Wilcoxon signed-rank otherwise). Using a two-tailed α = 0.05, no

statistically significant differences were found between estimated and reference BP

values for any volunteer in either SBP or DBP (all p > 0.05; Table 5.6). In most

cases normality was violated, motivating the non-parametric test; where normality

held (e.g., SBP in Volunteer 3 and both outcomes in Volunteer 12), paired t-tests

were used and likewise yielded non-significant results. Overall, these analyses

indicate that, within-subject, the estimator shows no systematic bias relative to

the reference across volunteers.

ID BP Normality (p) Test Used p-value

1 SBP 0.0000 Wilcoxon 0.0955

DBP 0.0003 Wilcoxon 0.2069

3 SBP 0.0883 t-test 0.1129

DBP 0.0000 Wilcoxon 0.0676

4 SBP 0.0025 Wilcoxon 0.1223

DBP 0.0000 Wilcoxon 0.1859

5 SBP 0.0000 Wilcoxon 0.5853

DBP 0.0000 Wilcoxon 0.3290

9 SBP 0.0000 Wilcoxon 0.3953

DBP 0.0000 Wilcoxon 0.6985

10 SBP 0.0002 Wilcoxon 0.5812

DBP 0.0000 Wilcoxon 0.1954

12 SBP 0.0543 t-test 0.4125

DBP 0.5419 t-test 0.1935

13 SBP 0.0000 Wilcoxon 0.8103

DBP 0.0000 Wilcoxon 0.3912

14 SBP 0.0089 Wilcoxon 0.8899

DBP 0.0692 t-test 0.6157

15 SBP 0.0000 Wilcoxon 0.0635

DBP 0.0000 Wilcoxon 0.7567

Table 5.6: Normality and significance test results for each volunteer. All comparisons
were not statistically significant (p > 0.05).
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Comparison with Previous Work

The findings of this study are consistent with and extend those reported by Zaki

[102], who investigated pulse arrival time (PAT), measuring PPG signals using

plastic optical fibre (POF) combined with ECG. In their Chapter 5 validation,

PAT demonstrated a stronger correlation with SBP than with DBP, particularly

when measured at the fingertip, while wrist and underfoot locations yielded weaker

and less reliable trends. Their calibration approaches, based on pedal exercise

and one-step cuff calibration, achieved moderate agreement with reference SBP

(correlation coefficients up to r = 0.65, mean absolute error ≈ 7–9mmHg), but

remained limited by site dependence and static calibration models. In contrast, the

present work demonstrates that FBG-cantilever sensors can reliably capture beat-

to-beat PAT during controlled cycling exercise in human volunteers, and further

advances the state of the art by integrating a GPR framework for personalised BP

estimation.

Despite this, a strong inverse relationship between PAT and SBP, as well as with

HR, was confirmed in the majority of participants, whereas PTT trends were less

consistent due to sensor temporal resolution constraints. Moving beyond fixed

calibration, the proposed GPR model achieved mean absolute errors as low as

3.9mmHg for DBP and within 10mmHg for SBP across most participants. This

performance is comparable to or better than the best-case calibration reported by

Zaki, while additionally providing probabilistic confidence intervals and greater

adaptability to inter-subject variability. Together, these findings reinforce PAT

as the most reliable parameter for cuffless blood pressure monitoring, with the

present work advancing previous approaches by introducing a robust FBG-based

sensing modality, a physiologically relevant exercise protocol for BP modulation,

and a machine learning framework for personalised BP estimation.

Finnegan et al. [36] investigated PAT as a surrogate for BP under pharmaco-

logical modulation in a cohort of thirty healthy volunteers infused with phenyle-

phrine. Both PAT and PTT were strongly and inversely correlated with BP (me-
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dian r < −0.8), with PTT marginally outperforming PAT in terms of correlation

strength. The pre-ejection period (PEP) contributed approximately 30% of PAT

but remained nearly constant during vasoconstriction, allowing PAT to track BP

reliably in this setting. Importantly, Finnegan et al. reported that individualised

a posteriori calibration models outperformed population-based ones, achieving

root mean squared errors of 5.5mmHg (SBP) and 3.8mmHg (DBP). In contrast,

the present study validated PAT under physiological modulation through exercise,

demonstrating similarly strong SBP correlations but extending the analysis with

a machine learning framework. The proposed GPR model matched or exceeded

the accuracy of the best-performing a posteriori models. These findings reinforce

the consensus that PAT can serve as a reliable surrogate for cuffless BP estimation

when subject-specific modelling is applied, with the present work demonstrating

its applicability in ambulatory conditions.

Finally, in the context of machine learning models for BP estimation as reviewed

in Section 2.2, numerous studies have explored both conventional and deep learn-

ing approaches, ranging from support vector machines (SVM) and artificial neural

networks (ANN) [76, 79, 80] to advanced recurrent and convolutional networks

[78, 83, 84]. These methods often achieved mean absolute errors in the range of

3–8mmHg, particularly for DBP, but typically relied on extensive feature engi-

neering or computationally intensive architectures. Bayesian frameworks such as

Gaussian Process Regression (GPR) have been less frequently applied but have

shown competitive accuracy with added interpretability and efficiency [85]. The

present study contributes to this growing body of literature by implementing a tai-

lored GPR model directly on PAT features derived from FBG and ECG signals,

achieving exploratory acceptable errors (3.9mmHg for DBP, within 10mmHg for

SBP) while offering probabilistic confidence intervals. In doing so, it combines

the practical strengths of lightweight Bayesian regression with the novel robust-

ness of optical FBG sensing, demonstrating a viable pathway towards embedded,

real-time cuffless BP monitoring.
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In contrast to more complex, data-intensive deep learning approaches, the lightweight

Bayesian GPR framework met the exploratory accuracy targets defined for this

proof-of-concept system, achieving errors within ±10 mmHg for SBP and 4 mmHg

for DBP. Crucially, the model incorporates individual calibration and relies pri-

marily on hemodynamic parameters rather than demographic data, contributing

a key concern in the development of cuffless BP monitors where population-based

models often fail to generalise reliably across individuals.

Table 5.7: Comparison of representative studies on PAT/PTT and BP estimation.

Study Protocol Signals /
Definition

Model &
Performance

Zaki (2019) Cycling exercise
(physiological BP
modulation); one-step
cuff calibration.

POF + ECG.
PAT/PTT at
fingertip vs
wrist/underfoot.

Linear calibration. r
up to 0.65; MAE ≈
7–9mmHg (SBP).

Finnegan et al.
(2021)

Phenylephrine
infusion
(pharmacological
vasoconstriction).

ECG + PPG + ICG.
PAT = ECG→PPG;
PEP = ECG→ICG
(B-point); PTT =
PAT − PEP
(central→peripheral).

Population vs a
posteriori models.
Best: RMSE
5.5mmHg (SBP),
3.8mmHg (DBP);
PAT/PTT median
r < −0.8.

Best ML (Su
2018; Paviglianiti
2022)

Database-driven (e.g.,
MIMIC), resting
signals.

ECG + PPG;
PAT/PTT +
morphology/spectral
features.

LSTM /
ResNet+LSTM. Su:
RMSE 3.7/2.4mmHg
(SBP/DBP).
Paviglianiti: MAE
4.1/2.2mmHg.

This Work
(2025)

Cycling exercise
(physiological BP
modulation).

PAT =
ECG→FBG-
cantilever

Gaussian Process
Regression, MAE
≤ 10mmHg (SBP);
3.9mmHg (DBP).
Best RMSE :
1.28mmHg (SBP),
0.79mmHg (DBP)
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5.3 Summary

This chapter proposed an exercise protocol to evaluate the ability of the FBG-

cantilever sensing system to track physiological blood pressure changes by mea-

suring PTT (upper arm to wrist) and PAT (ECG R-wave to wrist/upper arm).

The study was approved by the Ethics Committee of the University of Notting-

ham.

The results demonstrated that pulse transit time (PTT), derived from FBG-

cantilever sensors, shortened with increasing blood pressure and heart rate during

exercise, consistent with the Moens-Korteweg and Hughes formulation linking

pulse wave velocity to arterial stiffness. Across eight volunteers, SBP and HR in-

creased with physical activity while DBP showed only modest changes, and PTT

distributions narrowed with maximum values typically decreasing by 50-120 ms.

Although signal variability and the 200 Hz sampling rate of the miniature in-

terrogator introduced artefacts such as jitter and occasional negative values, the

physiological trend of PTT shortening with elevated cardiovascular load was evi-

dent, particularly in volunteers 1, 4, 5, and 9. Compared with Wang et al. (2024)

[74], who reported stable resting PTT values ( 29 ms) using a higher-resolution

(1 kHz) system, this work highlights the trade-off between temporal resolution

and wearable form factor, but crucially extends the evidence by showing dynamic

haemodynamic modulation. These findings confirm that FBG-based sensing, even

under reduced resolution, can capture physiologically driven changes in PTT, sup-

porting its potential for ambulatory BP monitoring.

Similarly, pulse arrival time (PAT), which incorporates both the pre-ejection pe-

riod (PEP) and arterial transit time, generally shortened with exercise as SBP

and HR increased. Across ten volunteers, PAT reductions ranged from 20-150

ms, although inter-individual variability reflected differing PEP contributions and

beat-to-beat dynamics. Volunteer 9 showed the clearest trend, with PAT decreas-

ing from 170 ms at rest to 25 ms after 1 min of cycling, alongside a 27 mmHg

rise in SBP and a 56 BPM increase in HR, demonstrating the strong coupling
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between haemodynamic load and pulse arrival timing. Compared with Finnegan

et al. (2021) [36], who reported smaller PEP effects and robust PAT-SBP cor-

relations under pharmacological modulation, our exercise-based protocol revealed

similar inverse trends but with greater variability, underscoring the challenge of

uncontrolled physiological perturbations. Weaker correlations with DBP were con-

sistent with exercise physiology, where reductions in systemic vascular resistance

buffer DBP changes. Overall, these findings confirm that PAT is sensitive to

acute haemodynamic changes but emphasize the need to account for PEP and

inter-individual variability to improve robustness in BP estimation.

The GPR model further demonstrated promising performance in estimating SBP

and DBP from PAT features across the cohort. Prediction plots showed close

alignment between predicted and reference values, with narrow confidence intervals

and minimal systematic bias. Volunteer 5 achieved the strongest performance,

with MAE values below 1 mmHg and R2 above 0.8 for both SBP and DBP.

Across participants, DBP predictions were generally more accurate (MAE 0.4-

3.9 mmHg) than SBP (MAE 0.8-11.7 mmHg), though variability persisted in

some cases. Importantly, no statistically significant differences (p > 0.05) were

found between estimated and reference BP values for any volunteer, reinforcing

the robustness of the approach.

When compared with prior studies, this work represents a clear advancement

in cuffless BP estimation. Zaki’s optical fibre approach achieved only moderate

correlations with errors of 7-9 mmHg, while Finnegan et al. reported strong inverse

PAT-BP relationships under pharmacological modulation (RMSEs: 5.5 mmHg for

SBP, 3.8 mmHg for DBP). In contrast, the present study validated FBG-cantilever

sensors under exercise-induced haemodynamic changes, demonstrating that GPR

can deliver comparable or superior accuracy while also providing probabilistic

confidence intervals and adaptability to inter-individual variability. Unlike more

complex, data-intensive deep learning approaches, the lightweight Bayesian GPR

framework met the exploratory accuracy targets defined for this proof-of-concept
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system, achieving errors within ±10 mmHg for SBP and 4 mmHg for DBP.

Importantly, the model incorporates individual calibration and relies primarily on

hemodynamic rather than demographic parameters, addressing a key concern in

cuffless BP monitoring where demographic-based models often fail to generalise

reliably across individuals [24].

This chapter therefore accomplished two key objectives of the research: to evaluate

the sensor system’s accuracy and reliability through human subject testing, and to

model the non-linear relationship between BP and timing features (PAT/PTT) us-

ing Gaussian Process Regression (GPR). The presented work constitutes the pro-

cessing and initialisation layers of the proposed cuffless BP monitor (Figure 2.7)

and contributes to addressing current challenges in cuffless BP monitoring, par-

ticularly the reliable tracking of BP under dynamic physiological conditions.

The findings from GPR modelling align directly with the proof-of-concept design

specifications and goals: the system successfully demonstrated technical feasibil-

ity, signal fidelity, and algorithmic validity, achieving exploratory accuracy tar-

gets (≤10 mmHg for SBP, ≈4 mmHg for DBP) while confirming reproducibility

through statistical testing. Performance across individuals, however, varied. Ro-

bust models with R2 > 0.75 were obtained for three volunteers (IDs 5, 9, and 15),

indicating strong predictive capability under favourable signal conditions. Moder-

ate performance was observed in a subset of participants (e.g., IDs 1, 4, and 10),

while poor correlations (low or negative R2) were found in others (e.g., IDs 12,

13, and 14), reflecting the sensitivity of the approach to signal quality and limited

data per subject.

These results suggest that while the feasibility of PAT-based GPR modelling has

been demonstrated, its reliability can be further strengthened by improving the

robustness of the signal acquisition hardware, particularly in enhancing waveform

sharpness and temporal resolution, as well as by increasing dataset size to bet-

ter capture inter- and intra-subject variability. Such improvements are expected

to enhance generalisability and reduce the performance gap across individuals,
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thereby providing a stronger foundation for future ambulatory, real-time cuffless

BP monitoring systems.

From an accuracy perspective, the MAE values are especially encouraging: for

several volunteers, errors were below 1 mmHg for DBP and under 3 mmHg for

SBP, which is well within the exploratory PoC targets and compares favourably

with existing literature. Even in cases with moderate or poor correlations, the

MAE remained within a clinically acceptable exploratory range, reinforcing the

potential of this approach. This highlights that, despite variability in R2 across

individuals, the GPR model was able to deliver consistently low average errors,

suggesting that with improved signal quality and larger datasets, accuracy could

reach levels suitable for future clinical translation.



6. FC-GAN model for pulse

reconstruction

Chapter 5 showed that the FBG-cantilever sensing system tracks acute haemody-

namic changes via PTT/PAT shortening during exercise, but also exposed prac-

tical limits for ambulatory use – motion artefacts, sampling constraints, jitter,

and dropouts – that impair fiducial detection and destabilise timing features and

GPR-based BP estimation. This motivates inserting a signal-level reconstruction

stage into the processing layer of the proposed cuffless BP architecture (Figure 2.7)

to restore physiologically plausible morphology prior to feature extraction.

In this chapter, a GAN with fully connected layers (FC-GAN) is developed and

trained on an artificially corrupted dataset derived from the public MIMIC-II PPG

database – using PPG as a widely available exemplar of pulsatile signals – and its

performance is validated against relevant state-of-the-art models. Cross-domain

applicability is then assessed by applying the trained model to FBG arterial pulses

from Chapter 5, and the chapter concludes with proposals for further validation

and deployment considerations for real-time ambulatory monitoring.

As previously discussed in Section 1.9, cuffless BP monitoring in ambulatory set-

tings is dominated by non-stationary distortions – transmural and hydrostatic

pressure shifts, variable contact pressure, and motion artefacts – that alter wave-

form amplitude, baseline, and morphology; FBG-specific factors (e.g., spectral

crosstalk, interrogator drift) further compound the problem [31, 57, 61–67]. As

reviewed in Section 2.3, traditional denoising (ICA/SSA/wavelets) and signal-

160
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quality gating can help [89, 90], and accelerometer-assisted pipelines often per-

form best [91, 92], but they add hardware/energy complexity and are not always

feasible (e.g., fibre-probe deployments [99, 100]). Generative models – such as

PCA-SRGAN and CycleGAN – have broadened applicability by enabling learn-

ing from unpaired data and have been adopted in biomedical imaging; however,

unpaired image-to-image approaches typically require 2D embeddings and higher

computational cost, while deep autoencoders, though improving SNR, may blur

fiducials [94–97].

Novelty and contributions. Building on GANomaly [101], an FC-GAN tai-

lored to 1D pulsatile reconstruction is introduced that replaces convolutional

blocks with fully connected layers, enabling a paired corrupted→clean mapping

that preserves physiologically critical fiducials while avoiding costly 2D re-encoding.

The contributions are: a lightweight, CPU-only streaming recipe (short, causal

windows; overlap-add; confidence gating) that integrates cleanly into the cuffless-

BP processing layer; an auxiliary-free design that dispenses with IMU/ECG in-

puts for broader applicability (e.g., fibre-probe deployments); a cross-domain ap-

plication from PPG to FBG signals demonstrating modality-agnostic feasibility;

and a principled roadmap for robustness (HR-aware augmentation, timing/shift-

invariant objectives, variance-preserving HR warping) together with a transparent

discussion of limitations (HR-coverage imbalance, synthetic-real gap) and their

mitigations.

6.1 Methods

Figure 6.1 illustrate the process pipeline for the development of the FC-GAN

model. First (top-panel) PPG segments from the BIDMC dataset undergo feature

extraction and an SVM classifier separates them into clean and noisy sets; the

clean subset serves as ground truth. Next (middle-panel), an artificial corruption

module distorting the clean segments to create matched clean-corrupted pairs
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that form the training/validation/test sets. Finally (bottom-panel), the FC-GAN

learns a mapping from corrupted inputs to their clean targets and, at inference,

produces morphology-restored signals.

SVM Classifier
Dataset BIDMC

Noisy Signals

Clean Signals

Artificial Corruption

Feature
Extraction

Clean Signals

Artificially Corrupted

Pairs of clean and artificially
corrupted segments

FC-GAN
Signals Recovered

Dataset of Clean Segments Creation

Artificial Corruption of Clean Signal

Recover of Noisy Segments

Figure 6.1: Schematic of the methodology to build and train an FC-GAN for pulsatile
signal reconstruction – clean signals are collected, synthetically corrupted to produce
clean-corrupted pairs, and used to train the network to restore pulse morphology.

6.1.1 Artificial Corrupted dataset

The dataset used in this work was the BIDMC Heart Rate Dataset [131], a

subset of the MIMIC-II waveform database, comprising 7,949 thirty-two-second

time-series segments from 53 patients with PPG (125 Hz) and ECG-derived heart

rate (HR). For this study, recordings were partitioned into 8-second segments,
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yielding 31,796 samples.

Signal Quality Assessment

A signal-quality assessment was applied to the BIDMC Heart Rate Dataset to

isolate clean PPG segments. The goal was to assemble a dataset in which noise

could be controlled, enabling paired inputs for the proposed network – a corrupted

PPG segment (to be reconstructed) and its corresponding clean target. To obtain

clean segments, a Support Vector Machine (SVM) classifier was trained using five

features extracted from the PPG: cycle-to-cycle variations in kurtosis, skewness,

and approximate entropy, plus Shannon entropy and spectral entropy [132]. For

training and testing, 300 segments were manually labelled as clean or noisy ac-

cording to the presence of only small DC amplitude fluctuations (DC amplitude

≤ 16% of the segment’s overall maximum) and the absence of higher-frequency

interference. The SVM used C = 0.1 and random state=0, with a 75:25 train-test

split.

The trained classifier was then applied to the remaining 31,496 segments. Clean

segments were selected by thresholding the SVM decision function at 1.85, yielding

11,718 clean PPG segments. The decision-function value represents the distance of

a sample’s feature vector from the separating hyperplane; larger distances indicate

higher classification confidence. Scores ranged from 0.03 to 2.25, and a cutoff of

1.85 best matched the manual criteria for clean PPG.

Finally, a synthetic corruption procedure was applied to the clean PPG segments

identified by the SVM in the BIDMC Heart Rate Dataset to generate paired

clean-corrupted data for training, validation and testing of the FC-GAN. For each

clean 8 s segment, a sinusoidal disturbance was added to the terminal portion

of the record (last 2, 4 or 6 s). The disturbance frequency was drawn from a

(truncated) normal distribution over 0.01-10Hz – frequencies commonly observed

in PPG motion artefacts [133–135] – and its amplitude was scaled by one of four

weights {1, 0.5, 0.33, 0.25}. At 125Hz sampling, this corresponds to injecting the
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disturbance into the last 250, 500 or 750 samples, yielding three corruption-length

conditions. The signal-to-noise ratio (SNR) was computed for every corrupted

segment. Note that the 0.01-10Hz band also spans baseline wander (< 0.1 Hz),

respiration-induced variations (0.1-0.5 Hz) and higher-frequency instrumentation

noise (> 5 Hz), in addition to motion artefacts [136].

6.1.2 FC-GAN model

The FC-GAN used in this work is based on the GANomaly framework [98, 101,

137], in which an autoencoder acts as the Generator, a Feature Encoder extracts

latent descriptors, and an encoder-only Discriminator encourages faithful recon-

structions. This research contribution is to replace the convolutional blocks with

fully connected (linear) layers throughout (Figure 6.2). It is believed for one-

dimensional pulsatile signals without a strong spatial hierarchy, dense linear map-

pings provide global coupling across the entire waveform – treating all samples uni-

formly and capturing long-range dependencies – whereas convolutions emphasise

local patterns that are especially beneficial in higher-dimensional data [103, 104].

Related evidence shows that simple perceptron-based linear models can effectively

exploit global structure in 1D spectra to predict optical properties [105].

The Generator follows an Encoder-Decoder structure where the encoder and de-

coder comprise both four linear layers where in both cases the first three layers

follow a LeakyReLU activation function. The feature encoder has the same struc-

ture as the encoder of the Generator. The encoder of the discriminator consists of

four linear layers, where the first three include each a LeakyReLU activation func-

tion, while the last layer follows a sigmoid function. All the LeakyReLU activation

functions were set with a negative slope of 0.5 with the operation in-place.

Loss Functions

Two main loss functions were implemented Generator LG and Discriminator loss

LD, similar to the GANomaly approach implemented by [101]. The Discriminator
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loss was minimised at the first iteration between batches, while the Generator loss

was minimised in the remaining iterations in the training period. The Generator

loss is a weighted linear combination of an encoder loss Lenc, contextual loss Lcon,

and adversarial loss Ladv, for a batch of size N .

LG = wencLenc + wconLcon + wadvLadv (6.1)

The encoder loss uses the outputs of the feature encoder (x, encoded features

of the reconstructed signal and y, encoded features of the target signal) into a

Smooth L1 loss function. This function combines the advantages of both L1 loss

(mean absolute error) for large errors |xn − yn| ≥ β and L2 loss (mean squared

error) for small errors |xn − yn| < β, using β as a regularisation parameter.

Lenc = ℓ(x, y) = {l1, ..., lN}T (6.2)

ln =


0.5(xn − yn)

2/β, if |xn − yn| < β

|xn − yn| − 0.5× β, otherwise

The contextual loss takes the output of the reconstructed x and the target signal

y to compute the negative value of the Signal to Noise Ratio.

Lcon = −SNR(x, y) = −10log10

(
Py

Pnoise

)
(6.3)

where, Pnoise = noise2, Py = y2, noise = y − x

The adversarial loss used the outputs of the Discriminator and computes a mean

squared error loss.

Ladv = ℓ(x, y) = {l1, ..., lN}T , (6.4)

ln = (xn − yn)
2
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Meanwhile, the Discriminator loss uses the output of the Discriminator layers to

compute a binary cross-entropy loss between the target and reconstructed input

probabilities.

LD = ℓ(x, y) = {l1, ..., lN}T , (6.5)

ln = −yn · logxn + (1− yn) · log(1− xn)

Generator Feature encoder Discriminator 

LINEAR LAYERS ACTIVATION FUNCTIONS

LeakyReLU Sigmoid

Target
clean signal 

Input 
noisy signal

Generator Loss 

Reconstructed 
signal    
 

Discriminator  Loss 

Figure 6.2: Generative Adversarial Network with Fully Connected layers (FC-GAN).
The Generator uses an auto encoder structure (encoder-decoder, each one of four layers,
with LeakyReLU activation on the first three layers for both structures), and an addi-
tional feature encoder structure is used to compare additional features between the target
and reconstructed signal that aids the optimisation of the generator Loss. Then the
Discriminator consists of an encoder of four layers with Leaky ReLU layers in the first
three layers and a Sigmoid function in the fourth layer that aids the discrimination of
the reconstructed signals by comparing the target signal with the generated/reconstructed
signal.

The Smooth L1, mean squared Error and binary cross-entropy losses were imple-

mented using the Pytorch libraries of each function. The β value for Smooth L1

loss function was set by default 1.0.
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The Discriminator loss uses as an input the binary output of the Discriminator

model which s if the reconstructed segments look like real or fake. Meanwhile, the

Generator loss uses as an input the encoded features of the reconstructed segment.

During the training stage, the model alternates between training the Discriminator

loss (first iteration) and the Generator loss (subsequent iterations). This balances

the learning of both optimisations to prevent one from overpowering the other.

6.1.3 Training and Application

To train the FC-GAN model to reconstruct the artificial corrupted segments, the

input pairs: artificial corrupted segments, and the correspondent target clean seg-

ments were normalized in a range from 0-1 using z-score standardization. The dis-

tribution of data among the training, validation, and test sets followed an 80:10:10

ratio. The training set consisted of 9376 inputs. The training process ran 1000

epochs in total with a batch size of 356. The Adam Optimizer from Pytorch

library [138] was used as an optimisation algorithm, with the Generator and Dis-

criminator learning rates set at 1e−4, β1 = 0.5 and β2 = 0.999. These parameter

values showed the best convergence rates among different combinations tested.

The validation process was performed on 1172 input pairs, 10% of the dataset.

The trained parameters were saved for the testing process and the remaining 10%

of the dataset was tested. For every reconstructed segment after introducing the

corrupted segments to the model in the testing phase, the SNR was determined.

6.1.4 FBG signal reconstruction

FBG signals from the human volunteer experiments (Chapter 5) were post-processed

to reconstruct motion-degraded segments. Corrupted portions were first identified,

and reconstruction was restricted to segments that (i) were preceded by at least

6 s of clean data and (ii) occurred at heart rates within 65-115BPM. Each eligible

corrupted region was then processed with a sliding 2 s window that included the

immediately preceding clean context. For each window, the FC-GAN received the
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corrupted input (plus clean context) and produced a reconstructed output; the

windowed outputs were concatenated to form the recovered FBG segment. The

detailed procedure is described below.

Procedure:

1. Check the HR from the signals to be in the range 65 < HR < 115.

2. Prepare segment for reconstruction, 2 s of the corrupted segment with its

previous 6 s. This data must be clean (Figure 6.4a).

3. Rescale the value of the corrupted data relative to the amplitude range of

the clean data (Figure 6.4b).

4. Normalise the prepared segment between 0 and 1.

5. Downsample the prepared segment from 200 Hz to 125 Hz.

6. Apply the FC-GAN model recursively n times, n = 10 (Figure 6.3).

7. Slide to the next 2 s of the corrupted segment.

8. Once the corrupted finish the reconstruction, scale it within the range of the

original clean signal and upsample back to 200 Hz.
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Figure 6.3: Reconstruction progress after applying the FC-GAN model recursively 10
times, final iteration in black.
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Figure 6.4: (a) Prepared segment for reconstruction including 6 s of clean data
and 2 s of the corrupted data. (b) Prepared segment, normalising the corrupted part
within the range of the clean signal.
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6.2 Results

6.2.1 Model Performance Metrics

The reconstruction performance of the FC-GAN was evaluated on the test set of

the artificially corrupted dataset described in Section 6.1.1, using several comple-

mentary approaches, including heart-rate (HR) agreement as a proxy for temporal-

fiducial fidelity – because HR derives from beat-to-beat intervals, close HR agree-

ment indicates that fundamental pulsatile frequency and fiducial timing (foot/-

peak) are recovered even when amplitude scaling or baseline drift persist, and it

can be cross-validated against ECG-derived HR in BIDMC.

A visual inspection was conducted first Figures 6.5 and 6.6 show two sets of

pulsatile-signal reconstructions. In the first set (Figure 6.5), Figure 6.5a demon-

strates successful recovery: the reconstructed waveform preserves beat morphol-

ogy, fiducial points align with the clean reference, and the derived HR closely

matches the target. Figure 6.5b shows modest degradation, plausibly due to low-

frequency artefacts overlapping the fundamental HR band. In the second set (Fig-

ure 6.6), Figures 6.6a and 6.6b illustrate challenging cases where the reconstruction

struggles to align fiducials with the clean signal. These examples correspond to

target heart rates of 63.5 and 123 BPM – near the lower and upper extremes of

the HR distribution represented during training – which likely contributes to the

reduced performance.

Subsequently, two Bland–Altman (BA) analyses were performed to compare HR

estimates across modalities. The first BA plot (Figure 6.7a) contrasts HR from the

reconstructed PPG with ECG-derived HR from the BIDMC Heart Rate Dataset;

the second (Figure 6.7b) compares reconstructed PPG HR with the target (clean)

PPG HR. Additionally, the correlation between reconstructed and target PPG

HR was computed (Figure 6.8). Agreement is generally strong within the mid-

range of HRs (approximately 70–115BPM); however, outside this range occasional
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Figure 6.5: Best-case reconstruction examples. Clean (blue), corrupted (red), and
reconstructed (green) PPG segments. (a) Corruption in the last 6 s; recovered HR
= 88.24 BPM for a target = 88.24 BPM; SNR improves from −8.44 to 9.95; noise
frequency ≈ 2× the target PPG fundamental. (b) Corruption in the last 4 s; recovered
HR = 94.95 BPM for a target = 93.17 BPM; SNR improves from −1.87 to 12.02; noise
frequency ≈ 3× the target PPG fundamental.

large discrepancies are observed, with absolute differences exceeding ±32BPM,

consistent with weaker correlation at the distribution tails in Figure 6.8.

The larger error in Figure 6.7a relative to Figure 6.7b is attributable to a win-

dowing mismatch introduced when constructing the artificially corrupted dataset.

The ECG-derived HR is referenced to the original 32 s BIDMC segments (i.e., av-

eraged over the full 32 s window), whereas the reconstructed PPG HR is computed

on 8 s subsegments. Consequently, temporal misalignment and differing averag-

ing horizons inflate the ECG-PPG differences, while the PPG-PPG comparison in
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Figure 6.6: Challenging (worst-case) reconstruction examples. Clean (blue), corrupted
(red), and reconstructed (green) PPG segments. (a) Corruption in the last 4 s; recovered
HR = 75.76 BPM for a target = 63.56 BPM; SNR improves from −6.30 to 3.31; noise
frequency ≈ 10× the target PPG fundamental. (b) Corruption in the last 4 s; recovered
HR = 114.51 BPM for a target = 123 BPM; SNR improves from −9.37 to 5.56; noise
frequency roughly matches the target PPG fundamental.

Figure 6.7b remains better aligned.

Figures 6.9 and 6.10 show the HR distributions for the training and test sets.

The ECG-derived HR in the training set differs markedly from the test set – par-

ticularly with sparse coverage below 70BPM and above 115BPM – indicating a

distributional mismatch. This imbalance likely explains the reduced reconstruc-

tion performance outside 70-115BPM, as the model had limited exposure to these

regimes during optimisation and therefore generalises poorly at the distribution

tails.
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Figure 6.7: Comparing HR from PPG and ECG using Bland-Altman analysis. (a)
ECG vs. reconstructed PPG HR. (b) Target vs. reconstructed PPG HR. A large propor-
tion of points (69% in (a) and 67% in (b)) fall within the limits of agreement (±1.96
SD). Points outside these limits typically correspond to distributions under-represented
in training.

Test-set performance was quantified using (i) the Euclidean distance between re-

constructed and target PPG waveforms, (ii) the SNR of the reconstructed signal,

and (iii) two mean absolute errors (MAE): one comparing reconstructed PPG HR
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Figure 6.8: Correlation between target and reconstructed PPG HR for the test set.

to ECG-derived HR from the BIDMC Heart Rate Dataset, and a second compar-

ing reconstructed PPG HR to target (clean) PPG HR. Based on the observed error

patterns, results were stratified into two sets. Set 1 comprises segments with HR

in 70-115BPM, where the model achieved strong reconstruction (mean Euclidean

distance 3.85±1.33; MAEPPG vs target=1.31BPM). Set 2 contains segments outside

70-115BPM, where performance degraded (mean Euclidean distance 9.50± 0.97;

MAEPPG vs target=29.1BPM), consistent with limited training coverage at the dis-

tribution tails.

Table 6.1 summarises results across all corruption lengths (2, 4, 6 s) and amplitudes

(weights = 1, 0.5, 0.33, 0.25): the mean SNR was 11.8±2.4 for Set 1 and 3.55±0.95

for Set 2; MAEPPG vs ECG was 12.8BPM (Set 1) and 20.8BPM (Set 2); and the

mean Euclidean distances were 3.85±1.33 (Set 1) and 9.50±0.97 (Set 2). Metrics

computed per corruption case (length × amplitude) showed no material variation

or consistent trend. Table 6.2 provides an example stratified by corruption length

(2-6 s) at fixed amplitude (weight = 1).
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Figure 6.9: ECG-derived HR distributions in the BIDMC Heart Rate dataset. (a)
Training set. (b) Testing set.

6.2.2 Comparison with Previous work

In the well-represented HR scenario (Set 1 ), the achieve MAE (1.31BPM) of this

research compares favourably with prior work – specifically Mullan et al. (2014)

and Zhang et al. (2015), who reported MAE of 1.96BPM and absolute error of
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Figure 6.10: Reconstructed PPG HR distributions. (a) Training set. (b) Testing set.

1.83BPM, respectively (Table 2.3). A key advantage of the proposed approach

is that effective reconstruction is achieved without auxiliary accelerometer inputs.

The main limitation is generalisation: due to the uneven HR distribution in the

training data, performance degrades for HRs outside 70-115BPM.

For a fair comparison, DC-GAN [98] and CycleGAN [97] were also implemented
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Table 6.1: Assessment of the quality of the recovery signal based on different metrics.
Set 1 corresponds to the population of signals from the testing set within a HR between
70 and 115 BPM and Set 2 corresponds to the population of signals from the testing set
with a HR outside the range between 70 and 115 BPM.

Metric Set 1 Set 2
Euclidean Distance 3.85± 1.33 9.5± 0.97
SNR(dB) 11.80± 2.4 3.55± 0.95
MAE (against ECG HR) 12.8 BPM 20.8 BPM
MAE (against PPG HR) 1.31 BPM 29.1 BPM

Table 6.2: Dataset with the last 2, 4, and 6 seconds corrupted, weight = 1.

2 s 4 s 6 s
Metric Set 1 Set 2 Set 1 Set 2 Set 1 Set 2
Euclidean Distance 4.22± 1.58 9.71± 1.08 4.27± 1.94 9.64± 1.24 3.88± 1.17 9.22± 0.63
SNR(dB) 11.05± 2.67 3.37± 1.19 11.08± 2.9 3.45± 1.25 11.67± 2.37 3.88± 0.99
MAE against ECG HR (BPM) 12.76 20 12.9 19.68 12.83 20.7
MAE against PPG HR (BPM) 1.43 27.65 1.66 28.86 1.35 25.9

and adapted to the 8 s input-output pairs by resizing the first and last layers

accordingly. In the CycleGAN pipeline (signal-to-image transformation), the im-

age width was reduced from 1000 to 128 pixels to lower computational cost. No-

tably, CycleGAN performed best when trained on a smaller subset (870 segments),

whereas DC-GAN and FC-GAN used the full training set (9,376 segments). Qual-

itative examples are shown in Figures 6.11 and 6.12.

For a fair comparison, DC-GAN [98] and CycleGAN [97] were implemented and

adapted to 8 s input-output pairs by resizing the first and last layers to match

the segment length. In the CycleGAN pipeline (signal-to-image transformation),

the image width was reduced from 1,000 to 128 pixels to lower computational

cost. Notably, CycleGAN achieved its best performance when trained on a smaller

subset (870 segments), whereas DC-GAN and FC-GAN used the full training set

(9,376 segments). Qualitative examples are shown in Figures 6.11 and 6.12.

Table 6.3 reports Euclidean distance, SNR, and MAE (against ECG HR and

against target PPG HR) for all models across corruption lengths (2, 4, 6 s) and

amplitudes (weights = 1, 0.5, 0.33, 0.25). The proposed FC-GAN achieves the

lowest waveform error with a mean Euclidean distance of 3.85± 1.33 between re-

constructed and target signals, whereas DC-GAN yields the largest error (13.40±
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Figure 6.11: Example of pulstatile reconstruction using Cycle GAN model in the arti-
ficially corrupted set.
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Figure 6.12: Example of pulsatile reconstruction using DC-GAN model in the artifi-
cially corrupted set

17.08). FC-GAN also attains the highest reconstructed-signal SNR (11.80±2.40);

DC-GAN and CycleGAN differ by ∼1 dB, with CycleGAN exhibiting lower vari-

ance. For HR accuracy, CycleGAN gives the best MAE against ECG-derived HR

(9.65BPM). In contrast, the best MAE against target PPG HR is obtained by

DC-GAN (1.13BPM), narrowly ahead of FC-GAN by ∼0.2BPM, highlighting a

trade-off between beat-level HR agreement and waveform-level fidelity.
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Table 6.3: Results comparison of the implementation of Cycle GAN [97], DC-GAN [98]
and FC-GAN (proposed methodology) models using the same metrics in the artificially
corrupted datasets Section 6.1.1, Set 1 with HR between 70 and 115 BPM. Overall the
best performance is shown in FC-GAN model considering all the metrics. However, the
best MAE against ECG HR is shown by the Cycle GAN model 9.65 BPM and the best
MAE against PPG HR is shown by the DC-GAN model 1.13 BPM with a difference
0.20 BPM with this research proposed method FC-GAN with a MAE against PPG HR
1.31 BPM.

Metric CycleGAN DC-GAN FC-GAN
(proposed model)

Euclidean Distance 5.45± 0.94 13.4± 17.08 3.85± 1.33
SNR(dB) 9.12± 1.29 8.12± 3.13 11.80± 2.4
MAE (against ECG HR) 9.65 BPM 12.58 BPM 12.8 BPM
MAE (against PPG HR) 2.48 BPM 1.13 BPM 1.31 BPM

Model’s runtime

Real-time feasibility was assessed by measuring reconstruction runtime on the test

set across corruption lengths (2, 4, 6 s) and amplitudes (weights = 1, 0.5, 0.33,

0.25). Benchmarks were executed on a MacBook Pro with an Apple M2 Pro and

32GB RAM (CPU-only). The FC-GAN achieved a mean (±SD) processing time

of 18.637± 0.265 ms to reconstruct an 8 s, 125Hz segment, i.e., a processing delay

∼429× shorter than the window duration (8 s/0.018637 s ≈ 429). For compar-

ison, DC-GAN required 24.486 ± 0.643 ms (∼327× real-time ) and CycleGAN

1,845.557 ± 103.597 ms (∼4.33× real-time ). Thus, FC-GAN is the fastest of

the GAN-based models tested – consistent with its lower architectural complex-

ity (fully connected layers only) – and comfortably satisfies real-time constraints

under the evaluated settings.

6.2.3 Reconstruction of FBG signals

Figures 6.13-6.16 illustrate reconstruction results for four volunteers, demonstrat-

ing cross-domain applicability of the trained FC-GAN to recover FBG pulsatile

signals. Only a very limited number of test segments met the selection criteria de-

scribed in Section 6.1.4 – namely, at least 8 s of clean data immediately preceding

the corrupted portion and heart rates within 65-115BPM. Figures 6.13-6.15 show
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plausible arterial pulse morphology within this HR range, whereas Figure 6.16

presents a challenging case at ≈ 66BPM, consistent with degraded performance

outside the well-represented HR regime in the artificial dataset.

A more quantitative analysis compared the heart rate derived from the preced-

ing clean FBG segment (HR target) with that from the reconstructed segment

(HR reconstructed). Table 6.4 summarises results for four volunteers: the re-

constructed HR systematically overestimates the target HR, with MAE ranging

from 7.99 to 28.38 BPM and a mean MAE of 15.93 BPM. Reconstructed values

cluster narrowly around 91–94 BPM despite targets spanning 65.93–83.52 BPM,

indicating an upward bias and variance shrinkage (regression toward ∼92 BPM).

The smallest error occurs in Volunteer 2 (8.0 BPM), whereas the largest occurs

in Volunteer 5 (28.4 BPM). The latter likely reflects a distributional mismatch:

Volunteer 5’s HR lies near the lower tail of the training HR regime, while the

reconstruction pipeline regresses toward the central tendency, yielding inflated

estimates at slower rhythms.

Table 6.4: Comparison of target vs. reconstructed HR from FBG segments. MAE
reported in BPM. Across four volunteers, the mean MAE is 15.93 BPM.

Volunteer HR target HR reconstructed MAE
(BPM) (BPM) (BPM)

1 73.37 91.50 18.13
2 83.52 91.51 7.99
4 81.27 90.50 9.23
5 65.93 94.32 28.38

Although further validation is required in a larger dataset to establish the ro-

bustness of the FBG reconstructions, these results provide actionable insights for

real-time clinical deployment of cuffless BP monitoring.

Real-time implications. Given the measured runtime (≈ 18.6 ± 0.3 ms per

8 s segment, CPU-only), computational throughput is not the bottleneck; the

dominant latency is the sliding window process and the recursive reconstruction for

each window. In streaming use, the model should therefore be applied recursively
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with short, causal windows and overlap (e.g., 2 s windows with 0.5-1 s hop), using

the most recent clean/reconstructed context to condition the next inference. In

our implementation the model was applied across 10 successive 2 s windows per

corrupted region. Assuming near-linear scaling with input length, this corresponds

to ∼ 4.7 ms per 2 s window (18.6 × 2
8
ms) and ∼ 47 ms total compute for 10

windows – well below the 2 s window duration and even a 0.5-1 s hop – satisfying

real-time constraints. Overlap-add with a smooth cross-fade (e.g., Hann/Tukey

taper) limits stitching artefacts [139]; a lightweight confidence gate (e.g., SNR or

discriminator/feature distance) decides whether to accept a reconstruction or fall

back to the raw segment, and optional per-window gain normalisation plus phase

alignment (short-window cross-correlation) mitigates amplitude and timing drift.

Phase alignment. Reconstructed traces occasionally exhibit a small phase (time)

shift relative to the target waveform. Online correction can be achieved by estimat-

ing the lag ∆t via short-window cross-correlation between successive reconstructed

windows (or with a clean context) and shifting by ∆̂t before fiducial extraction.

Training-time remedies include shift-invariant/DTW timing losses [140, 141] and

constrain foot and peak times with explicit penalties to reduce group-delay arte-

facts.

HR mismatch: implications. The systematic overestimation of HR in Ta-

ble 6.4
(
∆HR = ĤRrec − HRtarget > 0; average MAE = 15.93 BPM

)
has several

practical consequences for downstream cuffless BP estimation. Erroneous inter-

beat intervals propagate to PAT/PTT, biasing BP estimates, degrading regres-

sion robustness, and obscuring true BP variability; they also perturb adaptive

filter settings and relax acceptance gates, thereby admitting lower-quality beats.

In practice, HR mismatch should be treated as a quality control signal: stratify

performance by HR bins, flag windows with large |∆HR| for exclusion or fall-

back to clean context, tune acceptance gates accordingly, and report calibrated

HR/BP metrics alongside raw values to communicate residual risk transparently.
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Center-shifted, variance-preserving HR warping. To align a reconstructed

segment to the preceding clean HR while preserving beat-to-beat variability, de-

compose the inter-beat intervals (IBIs) as Ii = Ĩrec(1 + ϵi) , where Ĩrec is a robust

center (e.g., median IBI) and ϵi are relative deviations. Replace the center with

the target Ĩtgt = 60/HRtarget while keeping ϵi unchanged. The cumulative target

IBIs define new peak anchors that (set to the window length) induce a monotone

time map; cubic-spline resampling then yields a warped signal whose central HR

matches the context yet retains the original HR-variance pattern.

HR-range limitation. Because the training distribution is sparse outside 65

- 115BPM, deployment in the volunteer dataset was constrained to scenarios 2

and 3 in Chapter 5 (where HR predominantly falls within this range). Perfor-

mance degrades near the distribution tails (< 65 or > 115 BPM). Mitigations

include rebalancing the training data with additional low/high-HR segments, HR-

aware augmentation (tempo scaling and amplitude-frequency coupling), curricu-

lum training that gradually widens the HR range, and auxiliary multitask heads

(e.g., HR prediction) to encourage timing robustness across rates.

Synthetic-real gap and PAT/PTT coverage. Because reconstructions are

synthetically generated, they should not be given equal weight to real physiologi-

cal data when extracting timing features. To ensure that reconstruction benefits

translate to cuffless BP estimation, quantify the proportion of feature-bearing data

influenced by reconstruction and its timing impact: (i) coverage – the fraction of

beats contributing to PAT/PTT that lie within reconstructed windows; (ii) per-

beat timing drift – ∆PAT and ∆PTT between reconstructed beats and their clean

references; (iii) downstream sensitivity – the change in GPR SBP/DBP accuracy

when reconstructed beats are excluded; and (iv) confidence stratification – perfor-

mance versus a reconstruction-confidence score (e.g., SNR or discriminator/feature

distance). As a practical target, require median |∆PAT| and |∆PTT| < 5-10ms

with 95th-percentile errors within clinically tolerable bounds, and include an ab-
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lation in which PAT/PTT are computed only from unreconstructed beats.

Amplitude modulation effect. A mild amplitude modulation is visible in

reconstructed segments. This has little impact on timing-based features (HR,

PAT/PTT), which depend primarily on fiducial timing rather than absolute am-

plitude; however, it may bias morphology- or amplitude-derived indices (e.g., pulse

amplitude, upstroke slope). Mitigations include per-window gain normalisation

and adding an amplitude-consistency term to the training loss.
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Figure 6.13: FBG signal reconstruction with FC-GAN model. In blue the pulsatile
FBG signal with some corruption of motion artifacts (from 6 to 11 seconds). In green
is the reconstruction of this corrupted segment.
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Figure 6.14: FBG signal reconstruction with FC-GAN model. In blue the pulsatile
FBG signal with some corruption of motion artifacts (from 60 to 67 seconds). In green
is the reconstruction of this corrupted segment.
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Figure 6.15: FBG signal reconstruction with FC-GAN model. In blue the pulsatile
FBG signal with some corruption of motion artifacts (from 8 to 14 seconds). In green
is the reconstruction of this corrupted segment.
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Figure 6.16: FBG signal reconstruction with FC-GAN model. In blue the pulsatile
FBG signal with some corruption of motion artifacts (from 12 to 17 seconds). In green
is the reconstruction of this corrupted segment.

6.3 Summary

This chapter developed a fully connected generative adversarial network (FC-

GAN) and trained it on an artificially corrupted dataset derived from the public

MIMIC-II PPG database – using PPG as a widely available exemplar of pulsatile

signals – and validated its performance against relevant state-of-the-art baselines.

Cross-domain applicability was then assessed by applying the trained model to

FBG arterial pulses from Chapter 5. The chapter concludes with future insigths

and deployment considerations for real-time ambulatory monitoring.
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The results from testing the FC-GAN in the testing set of the artificially cor-

rupted dataset demonstrates reliable reconstructions within the mid-range of heart

rates (≈ 70-115BPM), where beat morphology and fiducials were preserved (Fig-

ure 6.5) and Bland-Altman agreement was strong; performance degraded near

the distribution tails (e.g., 63.5 and 123BPM in Figure 6.6), consistent with the

training-test HR imbalance evident in Figures 6.9-6.10. The larger error in the

ECG comparison (Figure 6.7a) relative to the PPG-PPG comparison (Figure 6.7b)

is attributable to a windowing mismatch (ECG HR averaged over 32 s vs. recon-

structed PPG HR over 8 s), and occasional large discrepancies (|∆HR| > 32BPM)

occur mainly outside the well-represented HR band, as reflected by weaker tail

correlations (Figure 6.8). Quantitatively, Set 1 (70-115 BPM ) achieved a mean

Euclidean distance of 3.85± 1.33, SNR 11.8± 2.4, MAEPPG vs target = 1.31BPM ,

and MAEPPG vs ECG = 12.8BPM ; Set 2 (outside 70-115BPM) showed a Eu-

clidean distance of 9.50 ± 0.97, SNR 3.55 ± 0.95, MAEPPG vs target = 29.1BPM ,

and MAEPPG vs ECG = 20.8BPM . Stratifying by corruption length (2-6 s) and

amplitude (weights = 1, 0.5, 0.33, 0.25) revealed no material or consistent trends

(Tables 6.1-6.2), underscoring that HR distribution coverage – not corruption set-

tings – was the dominant factor governing reconstruction performance.

In the well-represented HR regime (Set 1 ), the proposed FC-GAN achieved MAE =

1.31BPM , comparing favourably with prior work by Mullan et al. (2014; 1.96BPM)

and Zhang et al. (2015; 1.83BPM) (Table 2.3), while requiring no auxiliary

accelerometer inputs; its main limitation is reduced generalisation outside 70-

115BPM due to the uneven training HR distribution. For a fair benchmark,

DC-GAN [98] and CycleGAN [97] were adapted to 8 s input-output pairs (resiz-

ing first/last layers; CycleGAN image width 1000→ 128 pixels), with CycleGAN

performing best on a smaller subset (870 segments) whereas DC-GAN and FC-

GAN used the full set (9,376 segments) (Figures 6.11, 6.12). Across corruption

lengths (2, 4, 6 s) and amplitudes (weights = 1, 0.5, 0.33, 0.25), FC-GAN deliv-

ered the lowest waveform error (Euclidean distance 3.85± 1.33) and highest SNR
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(11.80 ± 2.40), while DC-GAN showed the largest error (13.40 ± 17.08); for HR

accuracy, CycleGAN yielded the best MAE versus ECG-derived HR (9.65BPM),

whereas DC-GAN achieved the best MAE versus target PPG HR (1.13BPM),

narrowly edging FC-GAN by ∼ 0.2BPM – highlighting a trade-off between

waveform-level fidelity and beat-level HR agreement (Table 6.3).

On CPU-only benchmarks (MacBook Pro, Apple M2 Pro, 32GB RAM), FC-GAN

reconstructed an 8 s, 125Hz segment in 18.637 ± 0.265ms – ∼ 429× faster than

real time – outperforming DC-GAN (24.486± 0.643ms; ∼327×) and CycleGAN

(1845.557 ± 103.597ms; ∼ 4.33×), thereby comfortably satisfying real-time con-

straints.

Across real test samples from four volunteers signals acquired in Chapter 5, Fig-

ures 6.13-6.16 demonstrate the cross-domain applicability of the trained FC-GAN

to reconstruct FBG pulsatile signals, with plausible arterial morphology when

segments met the selection criteria (≥6 s clean pre-corruption and HR within

65-115BPM), and degraded performance near the HR tails (e.g., ≈ 66BPM).

Quantitatively (Table 6.4), the reconstructed heart rate systematically overesti-

mated the target: MAE ranged from 7.99 to 28.38BPM (mean 15.93BPM), and

reconstructed values clustered around 91-94BPM despite targets spanning 65.93-

83.52BPM, indicating an upward bias with variance shrinkage (regression toward

∼92BPM); the smallest error occurred in Volunteer 2 (≈ 8BPM) and the largest

in Volunteer 5 (≈ 28.4BPM), consistent with a distributional mismatch where

lower-HR cases lie near the underrepresented tail of the training regime.

While further validation is needed to establish robustness, the results indicate

a practical path to real-time cuffless BP monitoring: CPU-only inference is fast

(∼ 18.6 ms per 8 s), so latency is dominated by windowing; applying the model

recursively on short, causal, overlapping windows (e.g., 2 s with 0.5-1 s hop), using

overlap-add with a smooth taper and a lightweight confidence gate, satisfies real-

time constraints, and phase shifts can be corrected online via short-window cross-

correlation. The observed HR overestimation (mean MAE ≈ 15.9 BPM) can dis-
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tort PAT/PTT and downstream BP estimates and should be treated as a quality

control signal (flagging large |∆HR|), while a center-shifted, variance-preserving

IBI warping can align central HR to the preceding clean context without eras-

ing beat-to-beat variability. Generalisation remains limited outside 65-115BPM

due to sparse training coverage; mitigations include rebalancing with low/high-

HR data, HR-aware augmentation, curriculum expansion of the HR range, and

auxiliary multitask HR heads. To bridge the synthetic-real gap, quantify how

reconstruction affects PAT/PTT (coverage, timing drift, downstream sensitivity,

confidence-stratified performance) and target median |∆PAT|, |∆PTT| < 5-10ms

with 95th-percentile bounds; mild amplitude modulation has minimal impact on

timing features but may bias amplitude-based indices, mitigated by per-window

gain normalisation and an amplitude-consistency loss.

This chapter addresses the algorithmic goals outlined in Section 2.5 by developing

and evaluating an exploratory pulse-waveform reconstruction model that supports

the extraction of timing features for blood-pressure (BP) estimation and aligns

with the proposed cuffless-BP architecture (Figure 2.7). The results demonstrate

the feasibility of this approach under real-world ambulatory conditions, while doc-

umenting the practical considerations required for reliable deployment. Further-

more, it fulfils the final objective of this research – to develop a pulse-waveform

reconstruction method based on generative adversarial networks (GANs) that en-

hances signal quality and improves robustness in ambulatory settings.



7. Conclusions and Further work

Blood pressure is a pivotal biomarker whose deviations (hypertension or hypoten-

sion) signal elevated cardiovascular risk, organ damage, and substantial health-

system costs (> £2.1 billion/year to the NHS) [1, 2]. Hypertension remains among

the top global risk factors for mortality and DALYs and is the third-highest in the

UK, yet rates of uncontrolled BP persist despite effective therapies – particularly

where continuous monitoring or access to care is limited [1, 3, 4]. Intermittent

measurements miss rapid, clinically relevant fluctuations; while continuous mon-

itoring is vital (e.g., under anaesthesia) [9], existing solutions are often invasive,

uncomfortable, or impractical for long-term use – motivating wearable, real-time

systems suitable for free-living environments.

This thesis presents a continuous, ambulatory cuffless BP monitor based on optical

fibre sensors. The architecture (Figure 2.7) comprises: (i) a Transducer layer

using an FBG-cantilever sensor (Chapter 3) to detect pulsatile energy at the skin

surface; (ii) a Processing layer that extracts timing features – PAT (with ECG)

and PTT using two distal measurements at the wrist and upper arm – and employs

a GAN-based reconstruction stage (Chapter 6) to stabilise features under motion;

and (iii) an Initialisation layer where individualised BP estimation is performed

via Gaussian Process Regression (Chapter 5). Feasibility was established on a

cardiovascular phantom (Chapter 4) and validated in human volunteers during

exercise (Chapter 5).

Evidence chain. Chapter 3 realised a wearable, 3D-printed biocompatible FBG-

cantilever in the Euler-Bernoulli regime with near-linear transfer; literature and

188
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bond-line modelling indicate ∼90% transfer efficiency and ∼6× amplification ver-

sus a bare FBG. A miniature FiSens FiSpec X100 interrogator enabled an embed-

ded pipeline (ESP32→Raspberry Pi high-speed UART) with ≈100Hz sampling

and real-time streaming; trade-offs include lower spectral resolution and the need

for higher sampling at higher BP. Chapter 4 introduced a cardiovascular phantom

reproducing key haemodynamics; PTT shortened with rising intraluminal pres-

sure (Moens-Korteweg/Hughes), while PAT timing was informative yet not fully

in-vivo representative. Chapter 5 showed physiologically consistent PTT/PAT

shortening during exercise, More evident in PAT thanks to the higher timing with

less demand of sampling resolution; a subject-specific PAT GPR achieved DBP

MAE≈0.4-3.9mmHg and SBPMAE≈0.8-11.7mmHg (best case MAE <1mmHg,

R2>0.8), with no significant bias (p>0.05). Chapter 6 delivered a fast, CPU-only

FC-GAN model for pulsatile signal reconstruction that preserved morphology in

the 70-115BPM band and outlined deployment safeguards for timing integrity,

while highlighting HR-coverage limits at distribution tails.

7.1 Impact

Clinical relevance. The work advances a wearable, non-occlusive, beat-to-beat

approach aligned with NHS/NICE/WHO priorities for earlier detection, longitu-

dinal follow-up, and personalised hypertension control. Robust distal pulsation

capture plus timing-based features (PTT/PAT) provide high-temporal-resolution

BP trends that complement office, home, and ABPM workflows. Beneficiaries

include hypertensive outpatients, perioperative/critical-care settings with rapid

haemodynamic shifts, and disorders of autonomic regulation or early renal com-

promise.

Societal value. Comfortable, free-living monitoring can improve adherence and

trigger earlier interventions, with potential to reduce cardiovascular events and

costs. EMI-immune optics support technology-dense environments (e.g., MRI),
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and multiplexing enables multi-site PWV for population-scale screening and data-

driven public health.

Scientific contributions. A traceable validation chain bridges theory to prac-

tice: mechanics and temperature-strain decoupling → phantom haemodynam-

ics → in-human exercise dynamics. Algorithmically, a FC-GAN reconstruction

stage plus Bayesian GPR: (i) restores morphology before feature extraction, (ii)

yields calibrated mmHg estimates meeting exploratory PoC targets in many cases

(SBP ≤10mmHg; DBP ≈4mmHg), and (iii) models inter-/intra-subject variabil-

ity without demographic shortcuts.

Technical impact. A biocompatible, mechanically amplifying FBG-cantilever

with miniature interrogation and high-speed UART streaming achieves timing

resolution suitable for tens-of-milliseconds PTT features. CPU-only pulsatile re-

construction inference (∼18.6ms per 8 s window) enables low-latency, overlapping-

window operation with quality-control gating to protect fiducials.

7.2 Limitations

Chapter 3 – FBG-Cantilever Transducer. Lower spectral resolution of the

FiSens X100 reduces wavelength/strain sensitivity; sampling ceiling (∼100Hz;

∼10ms) may limit fiducial precision at lower PTT values that correlate to high

BP; temperature-strain decoupling is postprocessed with digital filtering; Euler-

Bernoulli and ∼90% bond-line transfer assumptions need long-wear validation.

Another constraint was the FBG2 measurement at the upper-arm: the detected

pulse was generally less sharp than at the wrist and, in some cases, absent alto-

gether. While a trained clinician has a better chance of palpating the brachial

pulse, when detected by the FBG-cantilever it was consistently weaker than the

radial artery signal, limiting its utility for PTT derivation. Finally, although this

approach is less obtrusive than conventional BP techniques, the FBG-cantilever
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still relies on a degree of applanation at the skin surface to access the arterial

pulse. This applanation, proportional to the cantilever-tip height, was incremen-

tally improved across design iterations performed during this research.

Chapter 4 – Cardiovascular Phantom. Limited temporal/physiological com-

plexity means PAT is not fully in-vivo representative; controlled validation does

not capture free-living motion; subtle in-vivo factors (autonomic tone, vascular

heterogeneity) are absent.

Chapter 5 – Human Studies + GPR. Temporal resolution (200Hz across

sessions), motion artefacts and jitter (occasional negatives) affect particularly

PTT; inter-subject variability yields strong models for some, weak/negative R2

for others; PAT confounded by PEP under exercise; cohort size (PTT: 8; PAT:

10) limits generalisability; subject-specific calibration robustness across sessions

remains to be established.

Chapter 6 – Pulsatile Reconstruction. Generalisation drops outside 70-

115BPM due to HR-coverage imbalance; cross-domain FBG application shows

upward HR bias and variance shrinkage (regression toward ∼92BPM), risking

PAT/PTT distortion; small real-data sample; timing/amplitude drift requires ex-

plicit quality control and quantified impact on fiducials.

7.3 Further Work

A. Transducer & Interrogation Hardware

• Increase sampling to≥500Hz (sensor→UART→logger); avoid very low ECG

sampling for PAT; aim for ≤2ms timing granularity.

• Improve miniature-interrogator spectral sensitivity (optics/firmware) or eval-

uate higher-speed variants (e.g., FiSens X1000).
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• Validate on-body temperature compensation (dual FBGs or co-located tem-

perature) and bound residual drift: |∆PAT|, |∆PTT| (95th percentile).

• Stress-test bond-line and linearity across adhesives/interposers, strap ten-

sion, and long-wear drift; explore skin-like elastomer amplifiers [142–146].

B. Cardiovascular Phantom & Bench Validation

• Add Windkessel elements, viscoelastic walls, branching, adjustable preload

to match in-vivo PTT ranges and phase dynamics.

• Include synchronised pressure/flow ground truth.

• Add temperature ramps and controlled motion artefacts.

• Use phantom data to parameterise Moens-Korteweg/Hughes and pre-calibrate

PWV→mmHg mappings.

C. Human Studies & Protocols

• Scale to BIHS-style cohorts (≥85 participants) with multi-session repeats;

include short bouts of high-grade continuous BP for benchmarking.

• Derive PTT from carotid artery to wrist to improve detection success rate

and timing resolution.

• Incorporate PEP-aware PAT features (e.g., QS2 proxies, aortic valve closure

detection) to improve SBP modelling during exercise.

D. Signal Quality, Detection & Reconstruction

• Replace brittle peak heuristics with robust detectors or Reinforcement Learn-

ing [147]; report sensitivity/specificity and timing jitter.

• Rebalance HR distributions, expand curriculum to low/high HR; add mul-

titask HR heads to reduce FBG HR bias. Furthermore, Graph Neural Net-
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works (GNNs) can be explored to improve model generalisation, enabling

extrapolation beyond the training distribution [148].

• Add timing-preservation losses (fiducial penalties, temporal consistency) to

bound |∆PAT|, |∆PTT| < 5-10ms (95th percentile).

• Deploy a front-end noise selector to gate reconstruction, with overlap-add

and short cross-correlation for phase alignment; keep CPU latency ≪ hop

size.

E. Modelling & Calibration

• Extend GPR by incorporating heteroscedastic noise models (σ2 = σ2(x),

higher under motion/HR stress), state-aware kernels that adapt smoothness

across rest and exercise regimes, and hierarchical priors to share statistical

strength across volunteers. Predictive uncertainties are evaluated for calibra-

tion by comparing nominal intervals (e.g., 95%) against empirical coverage

on held-out data; miscalibration is corrected using post-hoc scaling.

• Define re-/co-calibration triggers (quality control drift, large |∆HR| post-

reconstruction) and test session transfer.

• Evaluate PWA features and hybrid PWV+PWA models under matched

data.

F. Data Resources & Alternatives

• Bridge synthetic-real with MIMIC ABP+PPG (PPG→ABP mappings) and

domain adaptation FBG↔PPG; explore auto-encoders for ABP retrieval

from FBG.

• Release anonymised FBG+ECG+reference BP snippets with fiducial/Qual-

ity Control annotations to enable external validation.
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Milestones & Targets

• Hardware: sampling ≥500Hz, on-body temp compensation with median

PAT/PTT drift < 2ms.

• Reconstruction: 95th-percentile |∆PAT|, |∆PTT| < 10ms; cut FBG HR-

MAE by ≥50% in low/high HR bands.

• Modelling: cohort DBP MAE ≤4mmHg; SBP MAE ≤10mmHg with cali-

brated coverage; stable across sessions without full re-calibration.

Concluding remarks. This thesis demonstrates a practical pathway to wear-

able, non-occlusive, beat-to-beat blood pressure monitoring by uniting a mechan-

ically amplifying FBG-cantilever transducer, a validated phantom-to-human evi-

dence chain, and an algorithmic stack that restores waveform integrity (FC-GAN)

and delivers calibrated mmHg estimates (GPR). Across benchtop and exercise

studies, timing features (PTT/PAT) tracked haemodynamic load in physiologi-

cally consistent ways, meeting exploratory PoC targets in many cases while ex-

posing clear levers for improvement – chiefly higher sampling, on-body temper-

ature compensation, robust peak detection, and broader, multi-session cohorts.

The work addresses a recognised clinical gap (NHS/NICE/WHO) where existing

continuous methods are invasive or impractical, positioning the proposed system

as a complementary tool to office, home, and ABPM workflows. With the outlined

milestones (e.g., ≥500Hz sampling, bounded |∆PAT|, |∆PTT|, and cohort-scale

validation), the approach has a credible route to translation, enabling earlier de-

tection, personalised control, and population-level insight into BP dynamics.
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A. Appendix

A.1 ECG recorder

This appendix presents the design and testing of an ECG device used in con-
junction with an FBG-cantilever sensor to measure the pulse arrival time (PAT)
between the electrical signal from the chest and the mechanical signal from the
wrist. This appendix includes, the design sent to a subcontractor for the fabrica-
tion of the ECG recorder, the fabrication process of the ECG leads is described.
Two different protocols were employed to analyse the noise performance of the
ECG amplifier: the load resistor test and the sine wave test. Finally, the results
of the sine wave test are compared with those of a commercially available ECG
amplifier (BIOPAC).

The ECG device (Figure A.1) is composed of an analogue-front end that filters and
amplifies the electrical signals detected at the skin surface. This an analogue-front
end is mainly composed of the instrumentation amplifier AD8221 [149], a voltage
follower to match the skin impedance to the screen impedance, an inverter ampli-
fier for the drive leg right (DLR), an active low pass filter in the feedback reference
of AD8221 followed by a band-pass filter to capture the morphology of the ECG
complex. Furthermore, an anti-aliasing filter is set to condition the signal for the
ADC input. This amplified signal is digitalised with an ADC AD7124 (Analogue
Devices Inc. Massachusetts, USA) of 24 bits communicated via SPI protocol to the
iMX7ULP microprocessor (NXP Semiconductors, Eindhoven, Netherlands) with
a Linux kernel installed. This microprocessor has an embedded MultiMediaC-
ard, eMMC H26M64208EMR (SK hynix, Korea) of 16 GB to store the electrical
recorded signals. The design of the ECG recorder was provided to a subcon-
tractor. This subcontractor built the integration of the ECG analogue-front end,
ADC, power supply unit PSU and micro-processor.

RG +
Instrumentation
Amplif ier (IA)*

AD8221

Electrode IN +

Represents an ECG electrode on the human body

Electrode IN -

Screen

DRL
Electrode

Voltage
follower

& IA
gain

setting

Invert
Amp.

RG -

REF

+

_ Low pass
filter

Band pass

filter

Low pass

anti-

aliasing

filter

ADC processor

*See peripheral passive components in AD8221 application note for example: 

https://www.analog.com/media/en/technical-documentation/data-sheets/ad8221.pdf
 Also supported by further application notes for example:

https://www.ti.com/ and https://www.analog.com/en/index.html 

Figure A.1: Block diagram of the ECG recorder.
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A.1.1 ECG lead.

For the ECG leads (Figure A.3), shielded lead wires (B/R/W, 3pk) with ‘snap on’
connectors (ADINSTRUMENTS, UK) were soldered to a Hirose male connector
ST40X-18S-CVR(30) (Hirose Elecric Co Ltd, Japan) as the pin out diagram in
Figure A.2. The DLR corresponds to the black snap on connector lead, the positive
electrode input corresponds to the red snap on connector lead and the white
electrode input of the Hirose connector corresponds to the common electrode.

DLR

S

1

2

3

4

5 7

Hirose connector pin out
ST40X-18S-CVR(30)

9

86 10

11

12

13

14

15

16

17

18

e- e+

Figure A.2: Hirose male connector pin configuration for Drive Leg Right (DLR),
Screen (S), positive electrode (e+) and common electrode (e-).

Figure A.3: ECG leads fabricated with Hirose connector, positive electrode (red), com-
mon electrode (white), DLR (black).
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A.1.2 Noise measurements on ECG amplifier.

Two protocols were employed to analyse the noise performance of the ECG ampli-
fier: the load resistor test and the sine wave test. The load resistor test consisted
of measuring the output of the ECG analogue front-end (AFE) when placing a
resistor across the input and gradually increment this resistor value from 1 kΩ-
470 kΩ. The second noise test consisted of putting an attenuated sine wave of
5 µV and analysing its amplification at the output. Finally, these latter results
were compared with the BIOPAC ECG Amplifier.

Load resistor test

Determine the input referred peak-to-peak (p-p) noise of the ECG amplifier for
different input resistances.

Experimental setup:

Green electrode (+)

1 kΩ

1 kΩ

Orange electrode (+)

1 kΩ
White electrode (+) Yellow/Common electrode (-)

Procedure:

1. Select the input load resistor [1 kΩ, 4.7 kΩ, 10 kΩ 47 kΩ, 100 kΩ and 470
kΩ]

2. Measure output voltage in time domain channel of ECG(AFE) (These mea-
surements were recorded using the oscilloscope PicoScope with a sampling
rate of 20 kHz.)

3. Determine output voltage spectral density plot V/
√
Hz.

4. Divide step 3 by gain (3000) frequency response to create input referred
voltage spectral density plot V/

√
Hz.

5. Determine the average voltage value V/
√
Hz.

6. Convert frequency to time domain by multiplying step 5 by
√
40Hz - this is

the RMS noise at the input over 40 Hz.
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7. Multiply step 6 by 6.6 or (3.3 ∗ σ) to get p-p amplitude at the input over 40
Hz.

8. Repeat for different load resistors and plot graph load vs step 7 values

9. Calculate the theoretical thermal noise for the different resistors
V th =

√
4kTBR, where :

Boltzmann Constant k = 1.38e-23
Temperature T= 25◦C+ 273K
Bandwidth B=1
R = [1 kΩ, 4.7 kΩ, 10 kΩ 47 kΩ, 100 kΩ and 470 kΩ].

Note: theoretical shot, 1/f and PSRR noise sources are currently not included.

Results:

1. Time domain outputs of ECG (AFE)
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Figure A.4: Output voltage from ECG in time domain connecting a load resistor of 1
kΩ at its input. Vrms = 3.281 mV
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Figure A.5: Output voltage from ECG in time domain connecting a load resistor of
4.7 kΩ at its input. Vrms = 3.628 mV
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Figure A.6: Output voltage from ECG in time domain connecting a load resistor of
10kΩ at its input. Vrms = 4.055 mV
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Figure A.7: Output voltage from ECG in time domain connecting a load resistor of
47kΩ at its input. Vrms = 6.664 mV
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Figure A.8: Output voltage from ECG in time domain connecting a load resistor of
100kΩ at its input. Vrms = 9.78 mV
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Figure A.9: Output voltage from ECG in time domain connecting a load resistor of
470kΩ at its input. Vrms = 30.372 mV

2. Output time domain, PSD and VSD plots for ECG
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Figure A.10: Power Spectral Density (PSD) and Voltage Spectral Density (VSD) plots
for 1 kΩ for ECG. Note: average voltage per square root of Hertz at 20 Hz illustrated.
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Figure A.11: Power Spectral Density (PSD) and Voltage Spectral Density (VSD) plots
for 4.7 kΩ for ECG. Note: average voltage per square root of Hertz at 20 Hz illustrated.
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Figure A.12: Power Spectral Density (PSD) and Voltage Spectral Density (VSD) plots
for 10 kΩ for ECG. Note: average voltage per square root of Hertz at 20 Hz illustrated.
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Figure A.13: Power Spectral Density (PSD) and Voltage Spectral Density (VSD) plots
for 47 kΩ for ECG. Note: average voltage per square root of Hertz at 20 Hz illustrated.
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Figure A.14: Power Spectral Density (PSD) and Voltage Spectral Density (VSD) plots
for 100 kΩ for ECG. Note: average voltage per square root of Hertz at 20 Hz illustrated.
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Figure A.15: Power Spectral Density (PSD) and Voltage Spectral Density (VSD) plots
for 470 kΩ for ECG. Note: average voltage per square root of Hertz at 20 Hz illustrated.

3. Input referred voltage spectral density plots of ECG (AFE)

The input referred voltage spectral density plots are obtained by dividing each the
voltage spectral density of the output amplified values of ECG (AFE) by the gain
3000.
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Figure A.16: Input referred voltage spectral density plot for 1 kΩ of ECG (AFE).
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Figure A.17: Input referred voltage spectral density plot for 4.7 kΩ of ECG (AFE).
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Figure A.18: Input referred voltage spectral density plot for 10 kΩ of ECG (AFE).
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Figure A.19: Input referred voltage spectral density plot for 47 kΩ of ECG (AFE).
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Figure A.20: Input referred voltage spectral density plot for 100 kΩ of ECG (AFE).
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Figure A.21: Input referred voltage spectral density plot for 470 kΩ of ECG (AFE).
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P-P value of ECG (AFE) vs Calculated thermal noise for different load
resistors
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Figure A.22: P-P value for different load resistors of ECG (AFE).
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Figure A.23: Calculated thermal noise for different load resistors.
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Preliminary Discussion from load resistor test

• The differences in the magnitude of the calculated thermal noise (Figure
A.23) and the P-P value measured with different load resistors (Figure A.22)
is because the shot, flicker, power supply and ambient noise were not con-
sidered.

• From Figure A.22 it is noticed that a load resistor of 4.7 kΩ has a peak to
peak amplitude noise of 0.6 µV.

Sine test

Test the Signal to Noise ratio by placing at the input of the ECG amplifier, an
attenuated sine wave.

Experimental setup:

GND to metal box
Vin

− +
Signal generator (RIGOL DG4162) - sine wave

920 kΩ

Vinamp (-)

2 kΩ

VR2

Vinamp (+)

920 kΩ

ECG Amplifier

VR2 = Vin · (
R2

R1 +R2 +R3
) = Vin · (

2 kΩ

920 kΩ + 2 kΩ + 920 kΩ
) = Vin · 0.001 (A.1)

Procedure

1. Set Vpp to 5 mV and the frequency at 10Hz of the sine wave from the signal
generator.

2. Measure the ECG amplifier output with an oscilloscope (In this case Tek-
tronix TDS2024B oscilloscope at a sampling rate of 20 kHz was utilised).

3. Analyse the amplitude of the measured signal.

4. If the SNR is very small apply a LowPass filter with a cutoff frequency of
35 Hz.

A.1.3 Benchmarking of our ECG amplifier against BIOPAC
ECG amplifier

Test the Signal to Noise ratio by placing at the input of the BIOPAC MP100 ECG
amplifier, an attenuated sine wave.
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Figure A.24: Sine wave at 10 Hz Vin =5mV peak to peak coming from the signal
generator (orange), which combined with the attenuator (1000x) generates a VR2 =5 µV
peak to peak (not shown). Sine wave amplified by the ECG amplifier at output (blue)
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Figure A.25: Voltage Spectral Density plot of the sine wave at the signal generator at
5 mV at 10 Hz.



Chapter A. ECG recorder 222

0 50 100 150 200 250 300
Frequency [Hz]

0.0000

0.0005

0.0010

0.0015

0.0020

0.0025
VS

D 
[V

/s
qr

t(H
z)

]

2.71mV @10Hz

0.26mV @50Hz

VSD input amplified 5µV @10Hz

Figure A.26: Voltage Spectral Density plot of the output amplified from the ECG device
with an input sine wave of 5 µV at 10 Hz (G = 3000).
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Figure A.27: Voltage Spectral Density plot of the Input referred (accounting G = 3000)
from the ECG device with an input sine wave of 5 µV at 10 Hz.
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Figure A.28: Finite Impulse Response Low pass Filter at 35 Hz, frequency and phase
response. 35Hz cutoff frequency was chosen to match BIOPAC upper range of its in-built
bandpass filter.
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Figure A.29: Raw (blue) and filtered (red) input referred signal of the ECG amplifier
5 µV at 10 Hz.
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Experimental setup:

GND to metal box
Vin

− +
Signal generator (RIGOL DG4162) - sine wave

920 kΩ

Vinamp (-)

2 kΩ

VR2

Vinamp (+)

580 kΩ

BIOPAC MP100 ECG Amplifier

VR2 = Vin · (
R2

R1 +R2 +R3
) = Vin · (

2 kΩ

920 kΩ + 2 kΩ + 580 kΩ
) = Vin · 0.001 (A.2)

Procedure:

1. Set Vpp (5mV) and the frequency 10Hz of the sine wave from the signal
generator.

2. Measure the BIOPAC MP100 ECG amplifier output with an oscilloscope
(In this case Tektronix TDS2024B oscilloscope at a sampling rate of 20 kHz
was utilised).

3. Analyse the amplitude of the measured signal.

4. Compare the output amplitudes of the ECG BIOPAC ECG amplifier against
BIOPAC ECG amplifier with the same input signals.

Note: BIOPAC amplifier has an in-built bandpass filter from 0.05 - 35 Hz

Results:

Comparison against BIOPAC ECG amplifier
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Figure A.30: Sine wave input to the attenuator 1000x (purple) ≈ 5 mV at 10 Hz.
Input referred signal from BIOPAC ECG amplifier (black) ≈ 5 µV at 10 Hz. It is noted
that the noise recorded in the amplified signal in BIOPAC is less than 0.5 µV.
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Figure A.31: Comparison between our proposed ECG and BIOPAC ECG amplifier
with an input signal of ≈ 5 µV at 10 Hz. Both Lowpass filtered at 35 Hz. Both amplifiers
are showing similar performance detecting 5 µV signals at 10 Hz.
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ECG volunteers measurements

Figure A.32 illustrates the output amplified of an ECG measurement at the chest
with the proposed ECG recorder. After considering the amplifier gain (G = 3000)
the input referred ECG signals is obtained in Figure A.33.
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Figure A.32: ECG measurement (output amplified) at the chest on volunteer 15 at
rest position.
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Figure A.33: ECG measurement (input referred) at the chest on volunteer 15 at rest
position.
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Summary

This appendix presented the design and testing of ECG device that in conjunction
with the FBG-cantilever discussed in Chapter 3 allows the measurement of PAT
between the electrical signals detected from the chest and the mechanical signals
from the wrist.
The fabrication details of the ECG lead using shielded wires and Hirose connector
were described. The thermal noise generated by the skin impedance was simulated
by placing different resistor values at the input of the ECG amplifier, it was noticed
that a load resistor of 4.7 kΩ (skin impedance order of magnitude), corresponds to
a peak to peak amplitude noise 0.6 µV. The differences in the magnitude of the
calculated thermal noise (Figure A.23) and the P-P value measured with different
load resistors (Figure A.22) is because the shot, flicker, power supply and ambient
noise were not considered. The signal-to-noise ratio of the output signal was
assessed with an attenuated sine wave at 10 Hz of 5 µV. The device amplified the
sine wave to 15 mV (peak-to-peak amplitude). At this signal amplitude, noise at
50Hz was visible with a peak to peak amplitude of 2.5mV. This noise was filtered
with a low-pass filtered at 35 Hz. The same sine wave input was tested in the
BIOPAC Amplifier, and it was compared with our ECG amplifier Figure A.31.
Finally, an ECG trace measured from the proposed ECG recorder is presented.



B. Appendix

B.1 PTT and PAT post-processing

Figure B.1 shows an example of incorrect PAT calculation due to false peaks
detected in an FBG trace with noise artifacts. Figure B.2 shows the correct
PAT calculation after the removal of the false peaks. In other cases some peaks
need to be included, since the algorithm failed to detect them as the signal was
corrupted by high frequency artifacts. Figure B.3 shows an example of an incorrect
PTT calculation due to a missing peak because an artifact affected the automatic
detection. Figure B.4 shows the correct PTT calculation after adding the missing
FBG peak.

Wrong negative
 PAT values 
caused by 

incorrect peaks

Incorrect peaks
detected

Figure B.1: Example of incorrect PAT calculation due to false positives in the FBG
traces (blue).
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Figure B.2: Example of correct PAT calculation after the manual removal of the false
positive peaks.
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Figure B.3: Example of incorrect PTT calculation due to a missing FBG peak.
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Figure B.4: Example of the correct PTT calculation after the addition of the missed
FBG peak.



C. Appendix

C.1 Pulse Transit Time (PTT)

Figure C.1 presents the results for volunteer 3. The scatter plot in Figure C.1b
shows the NIBP and HR trends. The SBP and HR show an increasing trend with
exercise. The DBP shows only an increase from rest to cycle 30 s and a decrease
from cycle 30 s to cycle 1 min. The DBP standard deviation is bigger in the last
scenario. The average SBP increased by 18 mmHg, the average HR rose by 9 BPM,
meanwhile the average DBP did not increase. As there is a clear increase in SBP
and HR, the increase in the physical activity reflects the expected cardiovascular
response. The violin plot in Figure C.1a displays the distribution of PTT values,
the distribution of PTT values at rest is less spread compared to the other 2
scenarios, which can be attributed to the higher SNR of these pulses compared
to the other scenarios, also explained by the less amount of negative PTT values.
However, there is a reduction in the spread and maximum of PTT values from 170
to 120 ms, from cycling 30 s to cycling 1 min (both measurements taken at rest
after the exercise). The decreasing trend that explains the increase in physical
activity as well as the expected increase in BP and HR, is only demonstrated in
the last two scenarios.
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Figure C.1: PTT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 3. The PTT values did not show any trend, the decreasing trend is visible
by increasing the exercise from 30 s to 1 min. The PTT values distribution has a wider
distribution compared to the other modalities. The SBP and HR follows an increasing
trend as the exercise increases.
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Figure C.2 presents the results for volunteer 4. The scatter plot in Figure C.2b
shows the NIBP and HR trends. The SBP, DBP and HR show an increasing
trend with exercise from rest to cycle 30 s. This trend becomes steady for SBP
and HR from cycle 30 s to cycle 1 min, meanwhile DBP decreased from cycle 30 s
to cycle 1 min. The average SBP increased by 10 mmHg, the average HR rose by
10 BPM, meanwhile the average DBP did not increase. As there is an increase in
SBP and HR from rest to cycle 1 min, the increase in the physical activity reflects
the expected cardiovascular response.
The violin plot in Figure C.2a displays the distribution of PTT values, the distri-
bution of these values at rest is the widest with large spread, indicating a more
variable PTT. The narrowest distribution is shown at the second modality, while
the distribution at cycle 1 min shows a slight spread compared to cycle 30 s, but
with outliers up to -250ms. Comparing the spread of the distribution of PTT
values with SBP and DBP in each scenario an inverse relationship is observed. As
the highest SBP and DBP was detected at Scenario 2 (cycle 30 s) correspond to
the narrowest distribution of PTT values. Besides, the lowest BP values at rest
correspond to the widest distribution of PTT values.
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Figure C.2: PTT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (right) of the different modalities (rest, cycle 30 s and cycle 1 min) of the
experiment in volunteer 4. It can be observed that the data distribution shrank from
rest to cycle 30 s.
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Figure C.3 presents the results for volunteer 5. The scatter plot in Figure C.3b
shows the NIBP and HR trends. The SBP and HR show an increasing trend
overall with exercise. Conversely, the DBP shows a decreasing trend. The average
SBP increased by 5 mmHg, the average HR rose by 49 BPM, meanwhile the aver-
age DBP decreased by 7 mmHg. The increased HR and the small increase in SBP
reflect the cardiovascular response to physical exertion. However, the lowest SBP
was detected after cycling 30 s. The violin plot in Figure C.3a displays the dis-
tribution of PTT values, the overall distribution narrows with exercise. However,
the widest distribution is observed in scenario 2 (cycle 30 s). This distribution
at scenario 2 corresponds to the lowest SBP value across the 3 scenarios. The
narrowest distribution was visualised in the third scenario (cycle 1 min), which
corresponds to the highest SBP and HR.
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Figure C.3: PTT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 5. A decreasing trend was more visible from cycle 30 s to cycle 1 min
aligned in with an increase of SBP and HR while the DBP decreases along modalities.
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Figure C.4 presents the results for volunteer 9. The scatter plot in Figure C.4b
shows the NIBP and HR trends. The SBP, DBP and HR show an increasing trend
with exercise. The average SBP increased by 27 mmHg, the average HR rose by 56
BPM, meanwhile the average DBP increased only 4 mmHg, reflecting the expected
cardiovascular response to physical exertion. The left violin plot in Figure C.4a
displays the distribution of PTT values, it shows that at rest, this distribution is
the widest with large spread, indicating a more variable PTT, this distribution
corresponds to the lowest SPB, DBP and HR values. As the exercise intensity
increases (cycle 30 s and cycle 1 min), the maximum PTT values decrease, ap-
proximately from 170 to 50 ms, and their spread narrows. This decreasing trend
suggests that PTT shortens with increased physical activity, aligning with the
expected physiological response due to increased BP.
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Figure C.4: PTT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 9. A decreasing trend of the maximum and minimum PTT values, as well
as shrinking of the distribution aligned with an increasing trend of SBP and HR is
observed in the data measured.
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Figure C.5 presents the results for volunteer 10. The scatter plot in Figure C.5b
shows the NIBP and HR trends. The SBP, DBP and HR show an increasing
trend with exercise. The average SBP increased by 36 mmHg, the average HR
rose by 30 BPM, meanwhile the average DBP increased by 9 mmHg, reflecting the
expected cardiovascular response to physical exertion. The violin plot in Figure
C.5a displays the distribution of PTT values, at rest the distribution is the widest
and corresponds to the lowest SBP, DBP and HR. A decrease in the PTT distri-
bution is observed after cycling 30 s. However, this decreases was not palpable
after cycling 1 min. The first two scenarios demonstrate an inverse relationship
with SBP, DBP and HR values as expected. Nevertheless, this relationship is not
explained in the third scenario.
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Figure C.5: PTT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 10. The mean of the distributions of volunteer 10 decreased as well as
shrinking of the data distribution from rest to cycle 30 s along with an increase of SBP,
HR and DBP.
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Figure C.6 presents the results for volunteer 12. The scatter plot in Figure C.6a
shows the NIBP and HR trends. The SBP, DBP and HR show an increasing
trend with exercise. The average SBP increased by 27 mmHg, the average HR
rose by 10 BPM, meanwhile the average DBP increased by 5 mmHg, reflecting the
expected cardiovascular response to physical exertion. The violin plot in Figure
C.6b displays the distribution of PTT values, at rest the PTT distribution is the
widest and flattest but without any outliers. The maximum and median PTT
values across the 3 scenarios show an increasing trend. The narrowest distribution
is shown at scenario 2 after cycling 30 s. In this case only the wider and flatter
distribution at rest follows an inverse relationship with the SBP, DBP and HR.
Otherwise, there is no clear expected inverse relationship with BP as expected.
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Figure C.6: PTT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 12. It shows a wider data distribution at rest compared to cycle 30 s and
cycle 1 min modes.
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Figure C.7 presents the results for volunteer 13. The scatter plot in Figure C.7b
shows the NIBP and HR trends. The SBP, HR show an increasing trend with
exercise, however the SBP at scenario 2 is the highest and DBP shows an overall
decrease of 1 mmHg. The average SBP increased by 23 mmHg and the average
HR rose by 10 BPM reflect the expected cardiovascular response to physical ex-
ertion. The violin plot in Figure C.7a displays the distribution of PTT values, at
scenario 3, the distribution is narrowest and at scenario 1 the distribution is the
widest, however this distribution just slightly differs from scenario 2. These PTT
distributions follow an inverse relationship with HR and DBP but not with SBP.

C.2 Pulse Arrival Time (PAT)

Figure C.8 presents the results for volunteer 1. The scatter plot in Figure C.8b
shows the NIBP and HR trends. The SBP, DBP and HR show an increasing
trend with exercise. The average SBP increased by 26 mmHg, the average HR
rose by 17 BPM, meanwhile the average DBP increased only 5 mmHg, reflecting
the expected cardiovascular response to physical exertion.
The violin plot in Figure C.8a displays the distribution of PAT values, the distri-
bution of PAT values preserved the same shape among different exercise activities.
There is a clear decrease in PTT values from rest to cycle 1 min, the maximum
values dropped from 235 to 209 ms, the median values decreased from 209 to 189
ms and the minimum values decreased 180 to 165 ms. However, from rest to cycle
30 s there is a slight increase of around 5 ms. In general the lowest PAT values are
observed by cycle 1 min. These PAT distributions follow a clear inverse relation-
ship with the HR considering each scenario. Considering the decreased in general
from rest to cycle 1 min the trend also follows an inverse relationship with SBP
and DBP values.
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Figure C.7: PTT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 13. The data distribution of PTT values at cycle 1 min is narrower
compared to the other modes.
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Figure C.8: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 1. The data distribution of PAT values in the 3 different modes is very
steady, a decrease in these values, comparing rest and cycle 1 min is clearly observed,
however, this trend is not followed at cycle 30 s, the SBP and HR show on the other
side an increasing trend. The PAT values vary among all modalities from 164 to 240
ms.
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Figure C.9 presents the results for volunteer 3. The scatter plot in Figure C.9b
shows the NIBP and HR trends. The SBP and HR show an increasing trend
with exercise. The DBP shows only an increase from rest to cycle 30 s and a
decrease from cycle 30 s to cycle 1 min. The DBP standard deviation is bigger
in the last scenario. The average SBP increased by 18 mmHg, the average HR
rose by 9 BPM, meanwhile the average DBP did not increase. As there is a clear
increase in SBP and HR, the increase in the physical activity reflects the expected
cardiovascular response.
The violin plot in Figure C.9a displays the distribution of PAT values, at scenario
3, the PAT distribution is narrowest among the scenarios. There is a clear decrease
in PAT values in the minimum and median PAT values of each scenario distribution
as the exercise increased. The median values decreased from 255 to 220 ms and
the minimum values decreased 230 to 130 ms. These PAT distributions follow
a clear inverse relationship with the SBP considering each scenario. Considering
the decrease in general from rest to cycle 1 min the trend also follows an inverse
relationship with HR, but is not that clear with DBP.



Chapter C. Pulse Arrival Time (PAT) 247

Rest Cycle 30s Cycle 1min
Modes

200

300

400

500

600
PA

T 
(m

s)

(a)

Rest Cycle 30s Cycle 1min
Modes

40

60

80

100

120

Am
pl

itu
de

SBP (mmHg)
DBP (mmHg)
HR (bpm)

(b)

Figure C.9: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 3. This figure shows a decreasing trend in the minimum PAT values
detected and increasing spreading of the data distribution as the exercise increases, on
the other side the SBP and HR increases with exercise, the PAT values vary from 150
to 650 ms.
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Figure C.10 presents the results for volunteer 4. The scatter plot in Figure C.10b
shows the NIBP and HR trends. The SBP, DBP and HR show an increasing trend
with exercise from rest to cycle 30 s. This trend becomes steady for SBP and HR
from cycle 30 s to cycle 1 min, meanwhile DBP decreased from cycle 30 s to cycle
1 min. The average SBP increased by 10 mmHg, the average HR rose by 10
BPM, meanwhile the average DBP did not increase. As there is an increase in
SBP and HR from rest to cycle 1 min, the increase in the physical activity reflects
the expected cardiovascular response. The violin plot in Figure C.10a displays
the distribution of PAT values, the distribution preserved similar shape among
different exercise activities. There is a clear decrease in PTT values from rest to
cycle 1 min, the maximum values dropped from 400 to 360 ms, the median values
decreased from 310 to 260 ms and the minimum values decreased from 260 to 150
ms. however from cycle 30 s to cycle 1 min, a slight increase of around 10 ms
is observed. In general the lowest PAT values are observed after cycle 30 min.
These PAT distributions follow an inverse relationship with the SBP and DBP
considering each scenario.
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Figure C.10: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP)
values and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the
experiment in volunteer 4. This figure shows a decrease in PAT values after exercise,
however the difference is not clear from cycle 30 s to cycle 1 min which relates with the
SBP and HR detected by the BP monitor.
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Figure C.11 presents the results for volunteer 5. The scatter plot in Figure C.11b
shows the NIBP and HR trends. The SBP and HR show an increasing trend overall
with exercise. On the other side the DBP shows a decreasing trend. The average
SBP increased by 5 mmHg, the average HR rose by 49 BPM, meanwhile the
average DBP decreased by 7 mmHg. The increased HR and the small increase in
SBP reflect the cardiovascular response to physical exertion. However, the lowest
SBP was detected after cycling 30 s. The left violin plot in Figure C.11a displays
the distribution of PAT values, the distribution preserved similar shape among,
same range variability between different exercise activities. The lowest PAT values
are perceived at rest (median of 185 ms) and the biggest PAT values are at cycle
30 s (median of 265 ms). The PAT values decrease from cycle 30 s to cycle 1 min
by 30 ms. These PAT distributions follow an inverse trend with the SBP values
across the 3 scenarios.



Chapter C. Pulse Arrival Time (PAT) 251

Rest Cycle 30s Cycle 1min
Modes

160

180

200

220

240

260

280

300

PA
T 

(m
s)

(a)

Rest Cycle 30s Cycle 1min
Modes

60

70

80

90

100

110

120

130

Am
pl

itu
de

SBP (mmHg)
DBP (mmHg)
HR (bpm)

(b)

Figure C.11: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP)
values and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the
experiment in volunteer 5. The PAT values show the opposite trend compared with the
SBP values, the highest SBP values detected at rest and cycle 1 min follow smaller PAT
values compared to cycle 30 s.
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Figure C.12 presents the results for volunteer 10. The scatter plot in Figure
C.12b shows the NIBP and HR trends. The SBP, DBP and HR show an increas-
ing trend with exercise. The average SBP increased by 36 mmHg, the average
HR rose by 30 BPM, meanwhile the average DBP increased by 9 mmHg, reflect-
ing the expected cardiovascular response to physical exertion. The violin plot in
Figure C.12a displays the distribution of PAT values, the PAT distribution shape
at scenario 3 (cycle 1 min) differs from the other scenarios. However, there is
clear decreasing trend (median, maximum and minimum) as the exercise activity
increased. At scenario 1 (rest) there is a median PAT around 190 ms, at scenario
2 (cycle 30 s) there is a median PAT around 165 ms and at scenario 3 (cycle 1
min) the median PAT is 110 ms. These PAT distributions follow a clear inverse
trend with the SBP, HR and DBP values across the 3 scenarios, as the exercise
increased.
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Figure C.12: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 10. A decrease in PAT values and a spread of the data distribution after
increasing the exercise, SBP, HR and DBP is visualised.
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Figure C.13 present the results for volunteer 12.
The scatter plot in Figure C.13b shows the NIBP and HR trends. The SBP, DBP
and HR show an increasing trend with exercise. The average SBP increased by 27
mmHg, the average HR rose by 10 BPM, meanwhile the average DBP increased
by 5 mmHg, reflecting the expected cardiovascular response to physical exertion.
The violin plot in Figure C.13a displays the distribution of PAT values, the PAT
distribution shape at scenario 3 (cycle 1 min) shows larger PAT variability. How-
ever, there is clear decreasing trend (median, maximum and minimum) as the
exercise activity increased. At scenario 1 (rest) there is a median PAT around 250
ms, at scenario 2 (cycle 30 s) there is a median PAT around 150 ms and at scenario
3 (cycle 1 min) the median PAT is 110 ms. These PAT distributions follow a clear
inverse trend with the SBP, HR and DBP values across the 3 scenarios, as the
exercise increased.
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Figure C.13: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 12. These plots show a decreasing trend of PAT as the exercise, SBP,
DBP and HR increase, the PAT values at cycle 1 min show some outliers with PAT
values of 500 ms.
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Figure C.14 presents the results for volunteer 13. The scatter plot in Figure
C.7b shows the NIBP and HR trends. The SBP, HR show an increasing trend
with exercise, however the SBP at scenario 2 is the highest and DBP shows an
overall decrease of 1 mmHg. The average SBP increased by 23 mmHg and the
average HR rose by 10 BPM reflecting the expected cardiovascular response to
physical exertion. The violin plot in Figure C.14a displays the distribution of
PAT values, the PAT distribution shape at scenario 3 (cycle 1 min) shows larger
PAT variability while the distribution of PAT values at scenario 1 (rest) shows
some outliers in the lower bound. However, there is a decreasing trend (median
and maximum) as the exercise activity increased comparing these two scenarios.
The highest distribution of PAT values is presented at scenario 2 (cycle 30 s). At
scenario 1 (rest) there is a median PAT around 90 ms, at scenario 2 (cycle 30 s)
there is a median PAT around 130 ms and at scenario 3 (cycle 1 min) the median
PAT is around 60 ms. These PAT distributions follow an inverse trend with the
DBP values, but not with SBP and HR values.
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Figure C.14: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP)
values and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the
experiment in volunteer 13. The PAT values show the same trend as the SBP and the
opposite trend to DBP and HR after increasing exercise.
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Figure C.15 presents the results for volunteer 14. The scatter plot in Figure
C.15b shows the NIBP and HR trends. The SBP, HR show an increasing trend
with exercise, however, DBP remained steady across the scenarios. The average
SBP increased by 25 mmHg and the average HR rose by 10 BPM reflecting the
expected cardiovascular response to physical exertion. The violin plot in Figure
C.15a displays the distribution of PAT values, the PAT distribution shape at
scenario 2 (cycle 30 s) shows larger PAT variability. However, there is a decreasing
trend with the median PAT values as the exercise activity increased. At scenario
1 (rest) there is a median PAT around 210 ms, at scenario 2 (cycle 30 s) there is
a median PAT around 175 ms and at scenario 3 (cycle 1 min) the median PAT
is around 155 ms. These PAT distributions follow an inverse trend with the SBP
and HR values.
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Figure C.15: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP) values
and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the experiment
in volunteer 14. The center of the PAT data distribution follows a decreasing trend as
the exercise, SBP and HR increase, however the DBP values remain steady.
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Figure C.16 presents the results for volunteer 15. The scatter plot in Figure
C.16b shows the NIBP and HR trends. The SBP, HR show an increasing trend
with exercise, however, DBP remained steady across the scenarios. The average
SBP increased by 40 mmHg, the average DBP increased by 20 mmHg and the
average HR rose by 40 BPM. These average values reflect the expected cardio-
vascular response to physical exertion. The violin plot in Figure C.16a displays
the distribution of PAT values, the PAT distribution shape at scenario 1 (rest)
shows larger PAT variability. However, there is an overall decreasing trend in the
distribution PAT values as the exercise activity increased from rest cycle 30 s and
from rest to cycle 1 min. At scenario 1 (rest) there is a median PAT around 160
ms, at scenario 2 (cycle 30 s) there is a median PAT around 75 ms and at scenario
3 (cycle 1 min) the median PAT is around 90 ms. These PAT distributions follow
an inverse trend with the SBP and HR values.
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Figure C.16: PAT values condensed in violin plots (a) vs NIBP (SBP and DBP)
values and HR (b) of the different modalities (rest, cycle 30 s and cycle 1 min) of the
experiment in volunteer 15. This figure shows an overall decreasing trend of PAT
values as the exercise, SBP and HR increase, however at cycle 30 s the centre of the
PAT values distribution is slightly smaller compared to the other modalities while the
DBP values show the opposite behaviour.



D. Appendix

D.1 Gaussian Process Regression model results

Volunteer 1 GPR model

Figure D.1 illustrates the results of the GPR model prediction with confidence
intervals using the PAT values of volunteer 1. The SBP predictions (blue dot-
ted line) tend to follow the trend of the actual SBP values (red dots), although
deviations are observed for lower SBP values ( ≤ 97 mmHg) and within the 113-
116 mmHg range. About 29% of SBP values lie outside the CI. DBP predictions
(green dotted line) align better with the actual values (orange dots), with only
10% outside the CI. The CI for SBP (light blue shaded region) shows more vari-
ability with widths up to 10 mmHg, while the DBP CI (light green shaded region)
remains narrower and more consistent ( ≈ 10 mmHg).

From the correlation analysis (Figures D.2a and D.2b), SBP predictions show mod-
erate agreement with actual values (MAE = 6.66 mmHg, RMSE = 8.06 mmHg,
R2 = 0.5052, MBE = -1.00 mmHg), indicating a slight underestimation trend.
DBP predictions show weaker correlation (MAE = 2.68 mmHg, RMSE = 3.41
mmHg, R2 = 0.1596, MBE = -0.16 mmHg) but with smaller errors. From the
Bland-Altman analysis (Figures D.3a and D.3b), SBP shows a negative mean bias
with wider LoA, whereas DBP shows minimal bias with narrower spread. Over-
all, the model for volunteer 1 provides moderate performance in SBP and limited
explanatory power for DBP.

262
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Figure D.1: GPR model BP prediction plots for the volunteer 1 test set. (a) SBP
predictions with 95% CI (light blue shaded region). (b) DBP predictions with 95% CI
(light green shaded region). 29% of SBP and 10% of DBP values lie outside their re-
spective CI.
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Figure D.2: Correlation analysis for the volunteer 1 test set. (a) Predicted vs actual
SBP values. (b) Predicted vs actual DBP values. SBP shows moderate correlation, while
DBP shows weaker agreement.
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Figure D.3: Bland-Altman analysis for the volunteer 1 test set. (a) SBP predictions
show negative bias and wider LoA. (b) DBP predictions show smaller bias with narrower
LoA.
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Volunteer 3 GPR model

Figure D.4 shows the GPR model prediction with confidence intervals for volun-
teer 3. SBP predictions (blue dotted line) follow the actual SBP trend (red dots)
but deviate for higher SBP values (115-125 mmHg). About 26% of SBP values are
outside the CI. DBP predictions (green dotted line) show weaker alignment, with
40% outside the CI. The CI for SBP (light blue shaded region) varies in width up
to 10 mmHg, while DBP CI (light green shaded region) is more consistent at ≈10
mmHg.

From the correlation analysis (Figures D.5a and D.5b), SBP predictions show mod-
erate alignment (MAE = 5.45 mmHg, RMSE = 6.84 mmHg, R2 = 0.4708, MBE
= 1.25 mmHg), with a slight overestimation trend. DBP predictions show poorer
correlation (MAE = 3.98 mmHg, RMSE = 5.38 mmHg, R2 = -0.0623, MBE =
0.21 mmHg), with more variability. Bland-Altman plots (Figures D.6a and D.6b)
indicate SBP overestimation with wider LoA, while DBP predictions show weaker
bias but reduced explanatory power. Overall, the model demonstrates moderate
SBP tracking but poor DBP reliability.
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Figure D.4: GPR model BP prediction plots for volunteer 3. (a) SBP predictions
with 95% CI. (b) DBP predictions with 95% CI. 26% of SBP and 40% of DBP values
are outside the CI.
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Figure D.5: Correlation analysis for volunteer 3. (a) SBP predictions show moderate
correlation. (b) DBP predictions show weak correlation.
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Figure D.6: Bland-Altman analysis for volunteer 3. (a) SBP predictions show posi-
tive bias and wider LoA. (b) DBP predictions show minimal bias but high variability.
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Volunteer 4 GPR model

Figure D.7 illustrates the GPR predictions with confidence intervals for volun-
teer 4. SBP predictions (blue dotted line) closely follow the actual SBP values
(red dots), with only 5% of points outside the CI. DBP predictions (green dotted
line) also track the actual values (orange dots), with 3% outside the CI. The SBP
CI (light blue region) varies across samples (max width ≈ 10 mmHg), whereas the
DBP CI (light green region) is consistently narrower (≈ 6 mmHg).

From the correlation analysis (Figures D.8a-D.8b), SBP shows strong agreement
with low errors (MAE = 2.56 mmHg, RMSE = 3.26 mmHg, R2 = 0.6433) and a
slight positive bias (MBE = 0.35 mmHg). DBP shows solid alignment with modest
explanatory power (MAE = 1.25 mmHg, RMSE = 1.85 mmHg, R2 = 0.4340) and
a small negative bias (MBE = -0.28 mmHg). Bland-Altman plots (Figures D.9a-
D.9b) confirm a near-zero mean difference with relatively tight limits of agreement,
slightly wider for SBP than DBP. Overall: robust SBP performance and good DBP
accuracy with small biases and narrow LoA.
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Figure D.7: GPR model BP prediction plots for the volunteer 4 test set. (a) SBP
predictions with 95% CI (light blue). (b) DBP predictions with 95% CI (light green).
5% of SBP and 3% of DBP values lie outside their respective CI.
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Figure D.8: Correlation analysis for the volunteer 4 test set. (a) SBP: strong agree-
ment with slight positive bias (MAE = 2.56, RMSE = 3.26, R2 = 0.6433, MBE =
0.35). (b) DBP: good agreement with slight negative bias (MAE = 1.25, RMSE = 1.85,
R2 = 0.4340, MBE = -0.28).
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Figure D.9: Bland-Altman analysis for the volunteer 4 test set. (a) SBP: small pos-
itive mean difference with relatively tight LoA. (b) DBP: small negative mean difference
with tighter LoA than SBP.
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Volunteer 9 GPR model

Figure D.10 illustrates the GPR predictions with confidence intervals for volun-
teer 9. SBP predictions (blue dotted line) follow the actual SBP trend (red dots)
very closely, with only 5% outside the CI. DBP predictions (green dotted line)
also align strongly with the actual DBP values (orange dots), with 4.5% outside
the CI. Both SBP and DBP CIs are relatively narrow, with maximum widths ≤
5 mmHg.

From the correlation analysis (Figures D.11a-D.11b), SBP shows excellent agree-
ment with low errors (MAE = 1.27 mmHg, RMSE = 2.53 mmHg, R2 = 0.9687,
MBE = -0.09 mmHg), indicating negligible bias. DBP predictions are also very
accurate (MAE = 0.42 mmHg, RMSE = 0.66 mmHg, R2 = 0.9888, MBE = 0.00
mmHg). Bland-Altman plots (Figures D.12a-D.12b) confirm minimal systematic
bias for both SBP and DBP, with narrow limits of agreement. Overall: volunteer 9
demonstrates robust and highly reliable model performance for both SBP and DBP.
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Figure D.10: GPR model BP prediction plots for the volunteer 9 test set. (a) SBP
predictions with 95% CI (light blue). (b) DBP predictions with 95% CI (light green).
Only 5% of SBP and 4.5% of DBP values lie outside their respective CI.
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Figure D.11: Correlation analysis for the volunteer 9 test set. (a) SBP: strong
correlation with negligible bias (MAE = 1.27, RMSE = 2.53, R2 = 0.9687, MBE =
-0.09). (b) DBP: very strong correlation with minimal error (MAE = 0.42, RMSE =
0.66, R2 = 0.9888, MBE = 0.00).
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Figure D.12: Bland-Altman analysis for the volunteer 9 test set. (a) SBP predictions:
near-zero mean difference with narrow LoA. (b) DBP predictions: negligible bias and
very tight LoA.
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Volunteer 10 GPR model

Figure D.13 shows the GPR predictions with confidence intervals for volunteer
10. SBP predictions (blue dotted line) generally follow the actual SBP values
(red dots), with 18% lying outside the CI. DBP predictions (green dotted line)
also track the actual values (orange dots), with 9% outside the CI. The SBP CI
(light blue region) varies more across the samples (width ≤ 10 mmHg), while the
DBP CI (light green region) is narrower and more consistent (width ≤ 10 mmHg).

From the correlation analysis (Figures D.14a-D.14b), SBP predictions show ac-
ceptable alignment (MAE = 5.22 mmHg, RMSE = 7.55 mmHg, R2 = 0.5654,
MBE = -0.41 mmHg), with a slight underestimation trend. DBP predictions
demonstrate moderate performance (MAE = 2.02 mmHg, RMSE = 3.23 mmHg,
R2 = 0.5398, MBE = -0.13 mmHg). Bland-Altman plots (Figures D.15a-D.15b)
confirm near-zero mean differences, with wider LoA for SBP compared to narrower
LoA for DBP. Overall: the model provides moderate and balanced performance for
both SBP and DBP in volunteer 10.
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Figure D.13: GPR model BP prediction plots for the volunteer 10 test set. (a) SBP
predictions with 95% CI (light blue). (b) DBP predictions with 95% CI (light green).
18% of SBP and 9% of DBP values are outside their respective CI.
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Figure D.14: Correlation analysis for the volunteer 10 test set. (a) SBP: acceptable
correlation with slight underestimation (MAE = 5.22, RMSE = 7.55, R2 = 0.5654, MBE
= -0.41). (b) DBP: moderate agreement with smaller errors (MAE = 2.02, RMSE =
3.23, R2 = 0.5398, MBE = -0.13).
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Figure D.15: Bland-Altman analysis for the volunteer 10 test set. (a) SBP: near-
zero bias but wider LoA, indicating moderate variability. (b) DBP: minimal bias with
narrower LoA, showing relatively stable predictions.
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Volunteer 12 GPR model

Figure D.16 shows the GPR predictions with confidence intervals for volunteer
12. SBP predictions (blue dotted line) attempt to follow the actual SBP trend
(red dots), but performance decreases where SBP varies strongly. A high propor-
tion of values (35%) lie outside the CI. DBP predictions (green dotted line) follow
the trend more closely, with 10% of values outside the CI. The SBP CI (light blue
region) is wider and more variable (≤ 10 mmHg), while the DBP CI (light green
region) is narrower and more consistent (≤ 10 mmHg).

From the correlation analysis (Figures D.17a-D.17b), SBP predictions show weak
agreement (MAE = 11.67 mmHg, RMSE = 16.56 mmHg, R2 = −1.2145, MBE =
-2.18 mmHg), reflecting systematic underestimation with large errors. DBP pre-
dictions also show poor performance (MAE = 3.53 mmHg, RMSE = 4.74 mmHg,
R2 = −0.7032, MBE = -0.98 mmHg). Bland-Altman plots (Figures D.18a-D.18b)
confirm a strong negative bias for SBP and moderate negative bias for DBP, both
with wide limits of agreement. Overall: volunteer 12 demonstrates poor model
performance, particularly for SBP, with systematic underestimation and high vari-
ability.
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Figure D.16: GPR model BP prediction plots for the volunteer 12 test set. (a) SBP
predictions with 95% CI (light blue). (b) DBP predictions with 95% CI (light green).
35% of SBP and 10% of DBP values lie outside their respective CI.
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Figure D.17: Correlation analysis for the volunteer 12 test set. (a) SBP: weak
correlation with large negative bias (MAE = 11.67, RMSE = 16.56, R2 = −1.2145,
MBE = -2.18). (b) DBP: poor agreement with negative bias (MAE = 3.53, RMSE =
4.74, R2 = −0.7032, MBE = -0.98).



Chapter D. Gaussian Process Regression model results 285

90 100 110 120
Average of Actual and Predicted SBP (mmHg)

40

30

20

10

0

10

20

30

40

Ac
tu

al
 - 

Pr
ed

ict
ed

 S
BP

 (m
m

Hg
)

Bland-Altman Analysis (SBP): volunteer 12
Mean Difference
+1.96 SD
-1.96 SD

(a)

38 40 42 44 46 48 50 52
Average of Actual and Predicted DBP (mmHg)

10

5

0

5

10

15

Ac
tu

al
 - 

Pr
ed

ict
ed

 D
BP

 (m
m

Hg
)

Bland-Altman Analysis (DBP): volunteer 12
Mean Difference
+1.96 SD
-1.96 SD

(b)

Figure D.18: Bland-Altman analysis for the volunteer 12 test set. (a) SBP: clear
negative bias with very wide LoA. (b) DBP: moderate negative bias with wide LoA.
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Volunteer 13 GPR model

Figure D.19 shows the GPR predictions with confidence intervals for volunteer
13. SBP predictions (blue dotted line) partly follow the actual SBP trend (red
dots) but deviate noticeably at higher values, with 34% of points outside the CI.
DBP predictions (green dotted line) align more closely with the actual DBP val-
ues (orange dots), with only 2.7% outside the CI. The SBP CI (light blue region)
reaches up to 10 mmHg, while the DBP CI (light green region) is narrower and
more consistent (≤ 10 mmHg).

From the correlation analysis (Figures D.20a-D.20b), SBP predictions show lim-
ited agreement (MAE = 6.74 mmHg, RMSE = 10.03 mmHg, R2 = 0.2910, MBE =
-1.05 mmHg), with underestimation at higher SBP values. DBP predictions show
better performance (MAE = 1.17 mmHg, RMSE = 1.90 mmHg, R2 = 0.6489,
MBE = 0.17 mmHg), with stronger correlation and lower errors. Bland-Altman
plots (Figures D.21a-D.21b) confirm a small negative bias for SBP with wide LoA,
while DBP shows minimal bias and narrower LoA. Overall: volunteer 13 demon-
strates weak SBP prediction but good DBP accuracy.
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Figure D.19: GPR model BP prediction plots for the volunteer 13 test set. (a) SBP
predictions with 95% CI (light blue). (b) DBP predictions with 95% CI (light green).
34% of SBP and 2.7% of DBP values lie outside their respective CI.
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Figure D.20: Correlation analysis for the volunteer 13 test set. (a) SBP: weak
correlation with negative bias (MAE = 6.74, RMSE = 10.03, R2 = 0.2910, MBE =
-1.05). (b) DBP: stronger correlation with minimal bias (MAE = 1.17, RMSE = 1.90,
R2 = 0.6489, MBE = 0.17).
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Figure D.21: Bland-Altman analysis for the volunteer 13 test set. (a) SBP: small
negative bias with wide LoA. (b) DBP: minimal bias with tighter LoA.
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Volunteer 14 GPR model

Figure D.22 shows the GPR predictions with confidence intervals for volunteer
14. SBP predictions (blue dotted line) partly follow the actual SBP values (red
dots), but deviations are frequent, especially at higher SBP values. A large pro-
portion (43%) of SBP points lie outside the CI. DBP predictions (green dotted
line) are more stable, with all values inside the CI. The SBP CI (light blue region)
varies in width up to 10 mmHg, while the DBP CI (light green region) remains
narrower (≤ 10 mmHg).

From the correlation analysis (Figures D.23a-D.23b), SBP predictions show weak
agreement (MAE = 10.26 mmHg, RMSE = 12.79 mmHg, R2 = 0.2032, MBE =
-0.75 mmHg), with consistent underestimation at higher values. DBP predictions
perform better (MAE = 0.95 mmHg, RMSE = 1.25 mmHg, R2 = 0.2946, MBE =
0.06 mmHg), showing small errors and near-zero bias. Bland-Altman plots (Fig-
ures D.24a-D.24b) confirm a negative mean difference with wide LoA for SBP,
while DBP shows minimal bias and narrow LoA. Overall: volunteer 14 shows poor
SBP prediction but reliable DBP accuracy.
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Figure D.22: GPR model BP prediction plots for the volunteer 14 test set. (a) SBP
predictions with 95% CI (light blue). (b) DBP predictions with 95% CI (light green).
43% of SBP values lie outside the CI, while all DBP values are within the CI.
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Figure D.23: Correlation analysis for the volunteer 14 test set. (a) SBP: weak
correlation with negative bias (MAE = 10.26, RMSE = 12.79, R2 = 0.2032, MBE =
-0.75). (b) DBP: stronger correlation with small errors (MAE = 0.95, RMSE = 1.25,
R2 = 0.2946, MBE = 0.06).
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Figure D.24: Bland-Altman analysis for the volunteer 14 test set. (a) SBP: negative
bias with wide LoA. (b) DBP: minimal bias with narrow LoA.
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Volunteer 15 GPR model

Figure D.25 shows the GPR predictions with confidence intervals for volunteer
15. SBP predictions (blue dotted line) broadly follow the actual SBP values (red
dots), though 36% lie outside the CI. DBP predictions (green dotted line) are more
accurate, with only 1.5% outside the CI. The SBP CI (light blue region) varies up
to 10 mmHg, while the DBP CI (light green region) is narrower (≤ 5 mmHg).

From the correlation analysis (Figures D.26a-D.26b), SBP predictions show good
agreement overall (MAE = 6.67 mmHg, RMSE = 11.06 mmHg, R2 = 0.7572),
though with a systematic underestimation (MBE = -2.94 mmHg). DBP predic-
tions perform strongly (MAE = 1.05 mmHg, RMSE = 2.37 mmHg, R2 = 0.7970),
with a very small negative bias (MBE = -0.23 mmHg). Bland-Altman plots (Fig-
ures D.27a-D.27b) confirm negative bias and wider LoA for SBP, while DBP shows
minimal bias with tight LoA. Overall: volunteer 15 demonstrates robust perfor-
mance, with particularly strong DBP prediction and good SBP correlation despite
some underestimation.

Comparative summary of GPR model performance across
volunteers

The GPR model performance varied considerably across volunteers, with notable
differences between SBP and DBP predictions. Volunteer 5 exhibited the strongest
overall performance, with very low errors (MAE < 1 mmHg), high R2 values, and
negligible bias for both SBP and DBP, confirming the robustness of the model
under this subject’s conditions. Volunteers 9 and 15 also demonstrated highly
reliable outcomes, with consistently low errors, strong correlation, and minimal
bias, particularly for DBP, where both subjects showed tight agreement and nar-
row limits of agreement. Volunteer 4 performed well with balanced accuracy for
both SBP and DBP, though with slightly higher errors compared to volunteers 5,
9, and 15.
In contrast, Volunteers 12 and 14 represented the weakest cases: volunteer 12
showed systematic underestimation with high SBP errors and negative R2 values
for both SBP and DBP, while volunteer 14 exhibited poor SBP tracking despite
acceptable DBP accuracy. Volunteers 1, 3, 10, and 13 showed intermediate perfor-
mance, achieving moderate SBP correlations but with larger deviations at specific
pressure ranges and weaker explanatory power for DBP.
Overall, the results highlight that the model can achieve robust accuracy in
favourable cases (e.g., volunteers 5, 9, 15, and 4), yet performance remains incon-
sistent across the population, particularly for SBP estimation where variability
and bias are more pronounced. These findings emphasise both the feasibility of
PAT-based GPR modelling for cuffless BP monitoring and the need for strategies
to improve model generalisability across diverse subjects.
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Figure D.25: GPR model BP prediction plots for the volunteer 15 test set. (a) SBP
predictions with 95% CI (light blue). (b) DBP predictions with 95% CI (light green).
36% of SBP and only 1.5% of DBP values lie outside their respective CI.
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Figure D.26: Correlation analysis for the volunteer 15 test set. (a) SBP: strong
correlation with negative bias (MAE = 6.67, RMSE = 11.06, R2 = 0.7572, MBE =
-2.94). (b) DBP: strong correlation with minimal bias (MAE = 1.05, RMSE = 2.37,
R2 = 0.7970, MBE = -0.23).
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Figure D.27: Bland-Altman analysis for the volunteer 15 test set. (a) SBP: negative
bias with wide LoA. (b) DBP: minimal bias with narrow LoA.
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E. Appendix

2020-21 academic year only 
 

 
Faculty of Engineering 

Process for approval of research study involving human participants 
 

Introduction 
This document describes the process to be followed when planning and obtaining approval for studies involving 
human participants within the Faculty of Engineering. The process is administered by the Faculty Research 
Ethics Committee, and managed by the Chair of the Ethics Committee and the Faculty Research Ethics Officer. 
All queries regarding the process should be initially sent to ez-eng-ethics@nottingham.ac.uk  
 

What is Ethics Approval?  

When conducting any study or observation or collecting data about individuals, it is essential that full 
consideration is given to ethical issues and that steps are taken to ensure participant well-being throughout the 
study.  

Participants involved in research studies have a right to: 
- Know the goals of the study and who is funding the work 
- Make an informed decision about whether or not they wish to participate 
- Leave the study at any time if they do not wish to continue 
- Know what will happen to them during the study and how long it will take 
- Know if they may experience any discomfort 
- Know what will happen to the findings 
- Privacy of personal information 
- Be treated courteously 

The University of Nottingham and Faculty of Engineering have an ethics procedure that requires all staff and 
students to submit an application for ethical approval before conducting any research study involving human 
participants.  Members of the Ethics Committee read through study proposals to check that the researcher has 
demonstrated that they have given full consideration to ethical issues and that they have provided participants 
with appropriate and sufficient information.  

 

Who needs Ethics Approval?  

ANY member of staff or registered student of the University of Nottingham involved in conducting any study or 
observation or collecting data about individuals MUST adhere to the University Code of Research Conduct and 
Research Ethics.  Those affiliated with the Faculty of Engineering MUST ALSO comply with the Faculty ethical 
approval process before commencing their study.  

 

Ethics application procedure 
 

The attached document outlines the ethics approval process within the Faculty of Engineering.  For all 
applications required to undergo formal review, applications must be submitted to the Ethics Administrator, 
APM Hub, L4-B03, Faculty of Engineering.  The application will then be reviewed by the ethics committee. We 
aim to return a decision to applicants within three weeks but the procedure may be delayed if the ethics 
committee require further information.  It is the applicant’s responsibility to make sure that applications are 
submitted in good time. 

 

THE STUDY MAY NOT START UNTIL ETHICAL APPROVAL HAS BEEN AWARDED 

2020-21 academic year only 
 

Information you should give to ALL participants 
 
The following list describes the information that should be given to all participants.  Normally this should be given in a 
participant information sheet at the beginning of the study, and participants should be required to confirm that they have 
understood the nature of the study, and that they are happy to participate.   
The following information should be included: 

 
• Details of who will be conducting the study. 
 

• Details about who is sponsoring the study and what the terms of the sponsorship are (i.e. who will 'own' the data 
and how the data will be used). 

 

• Details about the nature, purpose and duration of the study. (Participants whose first language is NOT English may 
need further explanation of what is involved as their understanding of some of the terminology may be limited). 

 

• What kinds of procedures will be used and what participant will be asked to do. 
 

• Details about any hazards, inconveniences and risks associated with the study. 
 

• What procedures will be followed if a participant is injured. (only needed if risk of injury has been identified) 
 

• What benefits (payments, expenses etc) are attached to the study. 
 

• What they need to do in order to receive the payments described above. 
 

• What procedures will be employed to maintain confidentiality and anonymity (e.g. removing personal details from 
data/reports, keeping data in locked files) 

 

• What will happen to the data (how it will be used, how it will be stored, in what form it will be disseminated and if it 
is likely to be used for further analysis). 

 

• How you will use photographs or video records (data analysis, illustration purposes, displayed to sponsors/ non-
public academic audiences, printed in public domain documents etc). 

 

• Details about who to contact if questions or problems arise.  
 

• ALL participants must be told that any involvement in the study is voluntary and they are free to withdraw at any 
time.  You should also explain any consequences for the participant of withdrawing from the study and indicate 
what will be done with the participant’s data if they withdraw. 
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Blood pressure prediction using ECG and FBG signals 

19 August 2024 3 Months 

Faculty of Engineering 
Application for approval of research study involving human participants 

 
ALL applicants must provide the following information  
The applicant must be the person who will conduct the investigations; each application must be made by one 
applicant: 

• usually the student in the case of taught or research courses,  

• usually the researcher (the member of university research or academic staff) who will conduct the study 
in the case of funded research projects,  

• usually the principal investigator in the case of applications for ethics approval in advance of submission 
of a research proposal 

If the applicant is an Undergraduate or Postgraduate taught or research student please complete the 
information below. The application must be approved by a Supervisor. 

Name of student: Itzel Alexia Avila Castro Student No: 4297904 

Course of study: PhD in Electrical and 
Electronic Engineering 

Email address: ezxiaav@nottingham.ac.uk 

Supervisor: Barrie Hayes-Gill PGR     PGT 

  UG 

 
If the applicant is a member of university research or academic staff, please complete the information below: 
For research staff, the application must be approved by the Principal Investigator  

Name:       Principal Investigator   
(Budget Holder) 

 

Email address:       PI Signature: ……………………………..……………..……………..……… 

 

Title of investigation: ……………………………………………………………………………………………………………… 

 
Planned date for study to begin ………...……….……………..…… Duration of Study …………..……………..……….………… 
 
Please state whether this application is:  

New  Revised  A renewal  For a continuation study 
 

 

Selection of review process 

Please indicate whether the application is required to go forward to the ethics committee for formal review, or, 
in the case of projects completed by taught undergraduate and postgraduate students only, whether the 
application can be approved by the supervisor under the expedited review process*. 
 

Formal review, application will be   Expedited review, application is approved by supervisor* 
 submitted to ethics committee   * This option can only be selected if the Supervisor is a  
          member of the Faculty Ethics committee  

Approval by supervisor: expedited review  

I approve the application as supervisor of this project, under the expedited review procedure.   
 
Name of supervisor……………………………………………………… Signature……………………………………………………… Date……………….. 

 
Office use only                

Date form received:              Date decision returned to applicant:                         

Passed to reviewers:   1. Name…………………………………………………………………………. Date……………………….. 

(formal review only) 2. Name…………………………………………………………………………. Date……………………….. 
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Itzel Alexia Avila Castro 

Ethical Issues Checklist 
 
The purpose of this Checklist is to facilitate the review process and to identify any ethical issues that may concern the 
Committee.  It is meant to be an aid to both the researcher and the Committee.  Listed below are areas which require some 
justification and attention on your part in specifying your study protocol.  Please answer each question honestly, giving full 
details where required.  Answering “YES” to any of the questions will not necessarily lead to a negative response to your 
application but it will draw issues to your attention and give the reviewers the opportunity to ensure appropriate steps are 
being taken.  In expedited review, supervisors should ensure that for any questions where the answer “YES” has been 
given, appropriate measures have been taken to maintain ethical compliance. 
 
Applicant’s full name: ……………………………………………………………………. 

   
You must complete ALL of this section before submitting your application  

  
1 Who is the population to be studied? 

 
  

 Healthy female/male volunteers (age: 30  12 years), members of the research team (academic staff, researchers, 
PhD students) 

……………………………………………………………………………………………………………………………………………………………………… 
 

2 Please give details of how the participants will be identified, approached and recruited.  (Include any 
relationship between the investigator and participants e.g. instructor-student). 
 

  

 The invitation to participate to the experiment will be posted among the member of the Optics and Photonics 
Research Group of University of Nottingham, either through email or teams group channel. 

……………………………………………………………………………………………………………………………………………………………………… 
 
 

3 Will the population studied include any vulnerable members of the public?  
Note: for the purpose of ethics approval this includes participants who are under 18, people who are 
disabled or in poor health, and also those who are non-English speakers and may not be able to 

understand the consent forms.  (If YES, please give further details) 

YES NO 

  

……………………………………………………………………………………………………………………………………………………………………… 
 

4 Will it be possible to associate specific information in your records with specific participants on the 
basis of name, position or other identifying information contained in your records? 
 

……………………………………………………………………………………………………………………………………………… 
 

YES NO 

5 What steps have you taken to ensure confidentiality of personal information and anonymity of data 
both during the study and in the release of its findings? 
 

  

 All information which is collected about the subject during the course of the research will be kept strictly 
confidential and our procedures for handling, processing, storage and destruction of your data are compliant with 
the Data Protection Act 1998. The data, including ECG signal, FBG signals, and blood pressure measurements will be 
retained for 7 years following any publication, after this time it will be destroyed. All of the data will be stored on 
password protected computers in the research laboratory of the Optics and Photonics Group. Only members of the 
research group will have access to the data. It is not possible to identify any individuals because any data will be 
published anonymously. 

……………………………………………………………………………………………………………………………………………………………………… 
 
 

6 Describe what data will be stored, where, for what period of time, the measures that will be put in 
place to ensure security of the data, who will have access to the data, and the method and timing of 
disposal of the data. 
 
ECG, FBG and Blood Pressure measurements and patient number will be stored, in one drive of 
Microsoft Office 365, and in the R drive with restricted access and all the paper records will be stored 
in a locked filing cabinet. All the data will be kept securely for a period of seven years following any 
publication. Access will be to members of the research team via an access link. 
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……………………………………………………………………………………………………………………………………………… 
 
 
Paper records should be stored in a locked filing cabinet. Digital data should be stored only on a 
password-protected computer and/or on a secure server.  In accordance with the Data 
Protection Act, the data needs to be kept securely for seven years following publication kept 
securely for seven years following publication of results. After this time, electronic files will be 
deleted and any hard copies will be destroyed. 
  
At the end of a student project, students are responsible for ensuring that all data from the 
study is passed on to their academic supervisor/s. The supervisors/s will then have 
responsibility for the storage of that data. 
 

  
 

 
 
 
……………………………………………………………………………………………………………………………………………………………………… 
 
 
 

7 Will persons participating in the study be subjected to physical or psychological discomfort, pain or 
aversive stimuli which is more than expected from everyday life?  (If YES, please give further details) 

YES NO 

  

……………………………………………………………………………………………………………………………………………… 

 
8 Will participants engage in strenuous or unaccustomed physical activity? (If YES, please give further details) YES NO 
  

……………………………………………………………………………………………………………………………………………… 
 

9 Will the investigation use procedures designed to induce participants to act contrary to their wishes? 
(If YES, please give further details) 

YES NO 

 ……………………………………………………………………………………………………………………………………………… 
 

10 Will the investigation use procedures designed to induce embarrassment, humiliation, lowered self 
esteem, guilt, conflict, anger, discouragement or other emotional reactions?  (If YES, please give 
further details) 

YES NO 

 ……………………………………………………………………………………………………………………………………………… 
 

11 Will participants be induced to disclose information of an intimate or otherwise sensitive nature? (If 
YES, please give further details) 

YES NO 

  

……………………………………………………………………………………………………………………………………………… 
 

12 Will participants be deceived or actively misled in any manner? (If YES, please give further details) 

 
YES NO 

  

……………………………………………………………………………………………………………………………………………… 
 

13 Will information be withheld from participants that they might reasonably expect to receive?  (If YES, 
please give further details) 

YES NO 

  

……………………………………………………………………………………………………………………………………………… 
 

14 Will the research involve potentially sensitive topics? (If YES, please give further details) YES NO 

  

……………………………………………………………………………………………………………………………………………… 
 

15 Will data be collected which requires potentially invasive procedures (eg attaching electrodes to the 
skin) and/or other health-related information to be identified (eg heart rate).  If yes please give 
details 

YES NO 

The data that will be recorded are the Fiber Bragg Grating (FBG) signal, the Electrocardiogram (ECG) signal and 
Blood Pressure recorded by A&M ltd and GE B450 Monitor, respectively.  All the paper records will be stored in 
a locked filing cabinet and the digital data will be stored on a password-protected computer and in one-drive 
with restricted access. All the data will be kept securely for a period of seven years following any publication. 
Access will be to members of the research team via password protected computer or access link. 
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• Yes, for ECG measurements up to 3 electrodes will be attached to the chest’s subject, for 
FBG measurements, the FBG sensors will be attached to the arms of the subject  (A&M ltd 
electrical and optical physiological recorder), and for the blood pressure measurements, a 
health monitor (GE B450) will be placed on the right upper arm of the subject.  

  

……………………………………………………………………………………………………………………………………………… 
 

 
If you require space for additional information, please add it here and identify the question to which it refers: 

 



304

2020-21 academic year only 
 
Checklist of information to include with your application: 
Please tick the boxes below to confirm that you have included the following information with your submission.  
Failure to include the required information may result in your ethics application and approval for start of your 
research to be delayed.  
 

A brief description of the study design: 
➢ number and type of participants 
➢ number and duration of activities participants will be involved in 
➢ equipment and procedures to be applied 
➢ information about how participants will be recruited  
➢ whether participants will be paid (state how this will be done) 
➢ plans to ensure participant confidentiality and anonymity  
➢ plans for storage and handling of data 
➢ information about what will happen to the data after the study   
➢ information about how any data and images may be used 
➢ state whether it will be possible to identify any individuals.  

 
Copies of any information sheets to be given to participants (include recruitment information (e.g. adverts, 
posters, letters, etc) 
 
A copy of the participant consent form 
 
Copies of data collection sheets, questionnaires, etc 

 
 
I confirm that all of the above is included in the application: 
 
As the applicant I confirm that I have read and understand the Ethical requirements for my study and have read 
and complied with the University of Nottingham Code of Research Conduct and Research Ethics.    
 

Signature of applicant ……………………………………………………………………………  Date ……16/08/2024… 
 
 
 

As supervisor, I confirm that I have checked the details of this application. 

 

Signature of supervisor …… ……………………………………………………………….…..  Date …………16/08/2024…………………….. 

 
NB The signature of the supervisor on this part of the application DOES NOT indicate supervisor 
approval for expedited review.  If supervisor approval is granted then the front page of the application 
MUST be signed for approval to be confirmed. 
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Ethics Committee Reviewer Decision 
 
This form must be completed by each reviewer.   Each application will be reviewed by two members of the 
ethics committee.  Reviews may be completed electronically and sent to the Faculty ethics administrator from a 
University of Nottingham email address, or may be completed in paper form and delivered to the Faculty of 
Engineering Research Office. 
 
Applicant full name: Itzel Castro 

 
Reviewed by: B18 
       
 
Signature (paper based only)  …………………………………..…..…………………………………………………………  
 
05/09/24 
 
 

Approval awarded - no changes required 
 
 Approval awarded - subject to required changes (see comments below) 
 
 Approval pending - further information & resubmission required (see comments) 

 
 Approval declined – reasons given below 

 
 
Comments:  
 
 

n/a 

 

 
 
Please note: 
 
1. The approval only covers the participants and trials specified on the form and further approval must be requested for 

any repetition or extension to the investigation. 
2. The approval covers the ethical requirements for the techniques and procedures described in the protocol but does 

not replace a safety or risk assessment. 
3. Approval is not intended to convey any judgement on the quality of the research, experimental design or techniques. 
4. Normally, all queries raised by reviewers should be addressed.  In the case of conflicting or incomplete views, the 

ethics committee chair will review the comments and relay these to the applicant via email.  All email correspondence 
related to the application must be copied to the Faculty research ethics administrator.   

 

Any problems which arise during the course of the investigation must be reported to the Faculty Research 
Ethics Committee 
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Ethics Committee Reviewer Decision 
 
This form must be completed by each reviewer.   Each application will be reviewed by two members of the 
ethics committee.  Reviews may be completed electronically and sent to the Faculty ethics administrator from a 
University of Nottingham email address, or may be completed in paper form and delivered to the Faculty of 
Engineering Research Office. 
 
Applicant full name: Itzel Castro 

 
Reviewed by:  D13 
       
 
Signature (paper based only)  …………………………………..…..…………………………………………………………  
 
02/09/24 
 
 

Approval awarded - no changes required 
 
 Approval awarded - subject to required changes (see comments below) 
 
 Approval pending - further information & resubmission required (see comments) 

 
 Approval declined – reasons given below 

 
 
Comments:  
 
 

n/a 

 

 
 
Please note: 
 
1. The approval only covers the participants and trials specified on the form and further approval must be requested for 

any repetition or extension to the investigation. 
2. The approval covers the ethical requirements for the techniques and procedures described in the protocol but does 

not replace a safety or risk assessment. 
3. Approval is not intended to convey any judgement on the quality of the research, experimental design or techniques. 
4. Normally, all queries raised by reviewers should be addressed.  In the case of conflicting or incomplete views, the 

ethics committee chair will review the comments and relay these to the applicant via email.  All email correspondence 
related to the application must be copied to the Faculty research ethics administrator.   

 

Any problems which arise during the course of the investigation must be reported to the Faculty Research 
Ethics Committee 
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Brief description of the study design 
Title of the study: Experimental Study to create a predictive model of blood pressure based 

on FBG and ECG signals 

 

➢ Background 
 

Hypertension is considered a one of the silent health disorders [1,2], where its early detection with 
continuous blood pressure (BP) monitoring is crucial to undermine a potentially fatal outcome. Currently, 
there a two gold standards methods to monitor BP, one is the Invasive Arterial Catheter, which measures in 
real time the blood pressure in arteries in high risk surgical and critically ill patients,  the other one is the 
sphygmomanometer which is most common used and a non-invasive method in the upper arm, it requires 
the user to inflate the cuff beyond a certain mercury level and auscultate to record the point correctly, 
however it is not ideal for self-use and continuous  monitoring of BP. In order to combine the advantages of 
these gold standard methods, continuous measurements and non-invasiveness, there is a lot of research 
focusing on the development of cuff less blood pressure monitoring system [3-6], ensuring patient comfort 
and 24 hr continuous monitoring.  
 
These methods for cuff-less blood pressure monitoring are classified into pure PPG signal based or in hybrid 
approaches comprising both ECG and PPG signal features [1]. In this study, we aim to extract features of both 
ECG and instead of PPG signals FBG signals with optical fibres to predict Blood Pressure Values. The accuracy 
of this model will be assessed with the correspondent BP values measured through the health monitor B450. 

 
 
 

➢ number and type of participants 
 20 Healthy female/male volunteers (age: 30  12 years) 
 

To minimise risk of COVID-19 infection we have introduced guidelines for conducting healthy volunteer 
studies within our laboratories.  
 

Following University of Nottingham guidelines 
 
➢ If you have symptoms of COVID-19, cancel participation and do not come to the laboratory. Follow 

NHS guidance https://www.nhs.uk/conditions/coronavirus-covid-19/symptoms/  
➢ Follow signage within the Tower building. 
➢ Wear a mask in campus buildings. 

 
Before Participation  
 
➢ The researcher will collect participant information sheets, describe experiments beforehand via 

email or via Teams. 
➢ Ensure that maintain maximum numbers associated with the laboratory environment. 
➢ Participant does not enter laboratory until invited, communication via phone beforehand. 
➢ Wipe down surfaces and sensors thoroughly using appropriate viricidal solutions/alcohol wipes. 

Minimise clutter on laboratory surfaces to make this easier.  
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Experimental Study to create a predictive model of blood pressure based on FBG and ECG 

signals  

 

Participant Information Sheet 

You are invited to take part in a study which will investigate the features of electrocardiogram (ECG), 

Fiber Bragg Grating (FBG) signals to predict Blood Pressure (BP) values . Before you decide whether to 

take part it is important for you to understand why the research is being done and what it will involve. 

If you would like more information or have any questions, please contact Itzel Avila, 

itzel.castro@nottingham.ac.uk  or Prof. Barrie Hayes-Gill, barrie.hayes-gill@nottingham.ac.uk 

 

  

 

Background 

 
Hypertension is considered a one of the silent health disorders, where its early detection with continuous 
blood pressure (BP) monitoring is crucial to undermine a potentially fatal outcome [1,2]. Currently, there 
a two gold standards methods to monitor BP, one is the Invasive Arterial Catheter, which measures in real 
time the blood pressure in arteries in high risk surgical and critically ill patients,  the other one is the 
sphygmomanometer which is most common used and a non invasive method in the upper arm, it requires 
the user to inflate the cuff beyond a certain mercury level and auscultate to record the point correctly, 
however it is not ideal for self-use and continuous  monitoring of BP. In order to combine the advantages 
of these gold standard methods, continuous measurements and non invasiveness, there is a lot of 
research focusing in the development of cuff less blood pressure monitoring system [3-6], ensuring 
patient comfort and 24 hr continuous monitoring.  
 
These methods for cuff-less blood pressure monitoring are classified into pure PPG signal based or in 
hybrid approaches comprising both ECG and PPG signal features [1]. In this study, we aim to extract 
features of both ECG and instead PPG signals, FBG signals to predict Blood Pressure Values. The accuracy 
of this model will be assessed with the correspondent  BP values measured through the health monitor 
GE B450. 
 
You will be asked to carry out some physical procedures which will involve changing your blood pressure. 
It should be noted that the study organisers are not medically qualified and cannot offer advice about 
your health. If you have any concerns after participating in this study then you should contact your general 
practitioner.  
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