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Abstract

Abstract

Technological innovations have reshaped healthcare and wellness,
promoting proactive health management. Among these advancements, wearable
devices (WDs) contribute significantly by enabling continuous, long-term
monitoring of physiological parameters beyond clinical setting. This enhances
health awareness and supports clinical decision-making with objective data. In
sports, WDs facilitate real-time tracking of multiple physiological and
biomechanical parameters, optimizing training and helping to prevent injuries.
However, despite these benefits, real-world monitoring is not yet fully integrated
into everyday practice due to persisting limitations, particularly in measurement

accuracy and user comfort, which still need to be addressed.

This PhD thesis focuses on the design, development, and validation of WDs
for cardiac and respiratory monitoring across daily life, clinical, and sports
settings. It highlights the importance of adapting WDs to each context,
particularly in non-laboratory conditions. For daily life applications, inertial
measurement unit (IMU) sensors were investigated for heart rate (HR) and
respiratory rate (RR) monitoring. Sensor placement has been shown to
significantly influence accuracy, with the mitral valve location providing the
best performance for HR and RR monitoring. Moreover, while IMU-based
methods have demonstrated promising performance for HR estimation, RR
monitoring remains more challenging due to the higher susceptibility to motion
artifacts and postural changes. To address these limitations, textile-based sensors
have been investigated, providing improved RR estimation, even in dynamic
conditions. In clinical settings, research demonstrated that IMU sensor
placement and algorithm selection impact the classification of aortic stenosis.
Sensors at the pulmonary and mitral valves yielded the highest accuracy (>95%),
with support vector machines outperforming deep learning models. Similarly,
heart rate variability analysis with IMUs demonstrated that performance depends

on posture, with supine measurements yielding better results. In sports, motion
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artifacts pose a major challenge for respiratory monitoring. To address this issue,
a smart facemask embedding a temperature sensor has been developed for
breathing monitoring. Its working principle has been shown to mitigate the
impact of motion, while its design minimizes the increase in airflow resistance
typically associated with face masks, preserving athlete comfort. Testing
confirmed its accuracy, with a mean absolute error below 1 breath per minute.
Chest-worn devices, commonly used in sports due to their comfort, were also
tested. Since they are prone to motion artifacts, an algorithm was developed to
assess signal quality and identify unreliable breaths. This approach reduced the
mean absolute percentage error by 30.7% during high-intensity interval training
while excluding only 4.4% of detected breaths, demonstrating its effectiveness

compared to the unprocessed data.

In conclusion, leveraging IMU sensors, textile-based technologies and
temperature sensing systems, this work investigates sensor design and
configurations, their placement on the body and algorithms to improve the

applicability and reliability of WDs in real-world scenarios.

The work is organized into five chapters: Chapter 1 presents the background
and establishes the research context; Chapter 2 explores WDs for cardiac and
respiratory monitoring in daily life; Chapter 3 presents IMU-based solutions for
cardiac monitoring in clinical applications; Chapter 4 investigates WDs for
respiratory monitoring in sports; Chapter 5 summarizes the main findings and

explores future perspectives in wearable monitoring systems.
Keywords

Wearable devices, Physiological monitoring, Inertial measurement units,
Signal processing, Healthcare technology, Sports science, Clinical applications,

Motion artifacts, Respiratory rate, Cardiac monitoring
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Chapter 1

1

Chapter 1: Wearable Technologies in
The Era of Digital Transformation

1.1. Introduction

Technological innovation has integrated into our daily lives, with
advancements such as artificial intelligence (AI), Internet of Things (IoT), cloud
computing, big data analytics, and sensors reshaping healthcare and wellness
[1]-[6]. The advent of these technologies has not only transformed the way that
health and well-being are approached but has also promoted person-centered
care [7], [8]. This change reflects both a technological advancement and a
cultural shift away from reactive treatment towards proactive health
management, placing greater emphasis on early disease detection and prevention

through continuous tracking of health-related factors [9].

The evolution of wearable devices (WDs) is at the core of this change [7],
[10]. They enable individuals to track vital signs continuously over extended
periods, increasing consciousness of personal health and lifestyle choices while
providing health professionals with useful data to guide their decisions on
treatment plans [11], [12]. WDs are becoming important for managing
cardiovascular and respiratory diseases (CVRDs), which are the leading causes
of death worldwide [13]. According to the World Health Organization, in 2021,
the top 10 causes of death accounted for 39 million deaths, with cardiovascular
diseases (such as ischemic heart disease and stroke) and respiratory diseases

(such as chronic obstructive pulmonary disease and lower respiratory infections)
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ranking among the leading causes [14]. The global burden of CVRD is further
increased by inequalities in access to healthcare, particularly between high-
income and lower-middle income countries. Despite international efforts,
including the UN Sustainable Development Goal to reduce premature mortality
from CVRDs, many countries still struggle to implement effective interventions.
Integrating WDs into healthcare systems could help address this challenge by
enabling continuous monitoring of parameters related to cardiac and respiratory
activities. Moreover, they have the potential to make long-term monitoring more

accessible, reducing both mortality and financial pressure on healthcare systems.

Beyond clinical applications, WDs are also encouraging health management
in daily life [12], [15], [16]. Moreover, in sports field, WDs are transforming
how athletes train and perform. They not only assist in evaluating physical effort
but also enable the monitoring of physiological variables such as heart rate
variability (HRV), respiratory rate (RR) and muscle fatigue, useful for
optimizing training strategies and preventing injuries. For example in endurance
sports such as cycling and running, they help coaches tailor training strategies
and assist in evaluating physical effort, promoting safer and more efficient

athletic experiences [17].

Given the growing importance of WDs in both healthcare and sports, this
thesis will explore their role in the future of personalized health monitoring.
Initially, an overview will be provided on the concept of digital transformation
in healthcare and its impact, followed by an analysis of the contributions of WDs
to both medical and sports settings. The function of WDs in this context will
next be examined, with particular emphasis on their contribution to monitoring

cardiac and respiratory activity.

1.2. Digital transformation of healthcare

Digital transformation includes the systematic integration of digital
technologies across societal and industrial sectors [19], with global investments

projected to increase from $1.6 trillion in 2022 to $3.9 trillion by 2027 [20]. The
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adoption of digital solutions in healthcare is powered by demographic changes,
an increase in the prevalence of chronic diseases and greater health awareness
among populations [21]. Through data analytics and connected technologies,
this digitization optimizes administrative workflow, improves clinical outcomes,
and enhances service delivery efficiency [7], [22], [23]. This approach reduces
costs, while supporting data-driven decisions through predictive modelling and

preventive health management strategies [24]-[26].

Several technologies drive the digitalization of healthcare: IoT connects
sensors between medical devices to enable continuous monitoring and timely
interventions [6], [10]; Big Data Analytics extracts information from healthcare
datasets for resource optimization, risk assessment, and predictive modeling
[27], [28]; Al and Machine Learning (ML) improve workflows through pattern
recognition in disease progression and patient outcome prediction [29], [30].
Cloud computing complements this ecosystem by providing scalable data
management and access to healthcare providers [26], [31]-[34]. Figure 1.1
summarizes these enabling technologies and their applications in

health/wellness.
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Figure 1.1: Schematic representation showing the key enabling technologies and the
main benefits of digital transformation in healthcare and wellness fields.

In the digital health ecosystem, WDs are the main point of contact between
patients and healthcare systems. These devices provide data streams by
continuously tracking physiological parameters, which are then integrated with
cloud infrastructure, analytics platforms, IoT networks and artificial intelligence

systems to provide proactive and personalized health management.

1.3. The role of wearables in healthcare and sports

WDs, commonly referred to as “wearable technologies” or "wearables," are
compact electronic systems designed to be worn on the body or integrated into
clothing and accessories. Market projections estimating that the wearable device
market will reach 64 billion USD by 2025 [18]. Their wide adoption reflects
their versatility in healthcare applications, from fitness monitoring and stress
management, to chronic condition monitoring [35]. These devices enable
continuous health assessment in clinical, home and sports environments, as

illustrated in Figure 1.2.
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Figure 1.2: WDs enabling continuous health monitoring across clinical, daily life, and
Sports environments.

WDs are increasingly integrated into healthcare systems, with applications
ranging from early disease detection to remote patient monitoring and preventive
medicine. Beyond their role in general healthcare, WDs are particularly
beneficial in supporting home-based care, rehabilitation, and disability
management. In home settings, they can support patients after hospital discharge
and assist in managing chronic conditions [37]-[39]. For example, by tracking
daily activities, energy expenditure and sleep patterns, these devices can support
more independent health management, especially benefiting the elderly and
people with disabilities [38], [40]. In rehabilitation, WDs contribute to patient
recovery by continuously monitoring progress and ensuring a safe return to
activity [41]. This is particularly relevant considering that, according to the
World Health Organization, 15% of the global population lives with a disability,
a figure expected to rise due to aging [42]. Furthermore, approximately 2.4
billion people require rehabilitation services for conditions such as
musculoskeletal disorders, stroke, and neurological diseases [43]. By providing
continuous and objective monitoring, WDs enable therapists to personalize
interventions, optimize recovery plans, and improve patient adherence. Their
real-time tracking capabilities reduce reliance on infrequent clinical

assessments, facilitating more adaptive and responsive rehabilitation programs.

In addition to their role in healthcare, WDs are transforming sports

performance monitoring [44]. With approximately 44% of the EU population
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engaging in exercise at least once a week [45], the growing participation in sports
and fitness has increased the demand for effective performance tracking tools.
Athletes and coaches widely adopt WDs for performance evaluation and injury
prevention [17]. By monitoring parameters such as fatigue, biomechanical
information, breathing-related parameters and cardiovascular response, these
devices help manage training loads and recovery strategies. In team sports, these
devices assist in workload management and injury prevention by monitoring

player exertion levels and minimizing the risk of overtraining.

Although WDs are advancing rapidly and gaining widespread adoption,
several limitations still hinder their integration into daily life, healthcare, and
sports. In everyday use, challenges such as battery life constraints and user
comfort affect long-term adoption. Within healthcare, a major concern is that
most WDs are not classified as medical devices. As a result, their primary role
remains wellness tracking, pre-screening, and trend analysis. Data privacy and
security also pose significant risks, given that WDs collect and transmit sensitive
health information, necessitating stringent encryption and compliance with
healthcare regulations. In the sports sector, data accuracy and consistency are
critical concerns, indeed factors such as environmental conditions, and athletes’

movement, can impact sensor reliability.

Despite these challenges, WDs continue to evolve. Among the most critical
physiological parameters assessed through WDs, cardiac and respiratory
measures stand out due to their role in detecting physiological and psychological
states. These parameters, regulated by the autonomic nervous system, reflect
stress levels, emotional states and systemic homeostasis [46], [47]. They help
detect and manage conditions ranging from arrhythmias to respiratory disorders

[48], providing information about general health status.

The significance of these parameters has established cardiac and respiratory

monitoring as central applications for WD development. The technical strategies
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and implementations for the various monitoring applications are described in

detail in the following sections.

1.4. Cardiac and Respiratory Monitoring: Clinical
Relevance and Traditional Approaches

Before examining wearable monitoring devices, it is useful to provide a
summary of cardiac and respiratory monitoring activities. The physiological
principles underlying these activities and their standard monitoring methods are
presented in this part, which serves as a basis for understanding wearable

monitoring technology.

1.4.1. Cardiac activity

The heart is a vital organ that maintains systemic circulation by pumping
oxygenated blood to the body's tissues and returning deoxygenated blood to the
lungs for gas exchange. Its structure comprises four chambers: the right and left
atria and the right and left ventricles. These chambers are separated by valves
(tricuspid, pulmonary, mitral and aortic) that ensure unidirectional blood flow.
During the cardiac cycle, the right side directs deoxygenated blood to the lungs,
while the left side pumps oxygenated blood to the systemic circulation [49]. The
cycle consists of systole (ventricular contraction) and diastole (cardiac relaxation
and chamber filling), controlled by the heart's electrical conduction system. This
system originates in the sinoatrial (SA) node, which generates impulses that
propagate through the atria, initiating atrial contraction and facilitating blood
flow in the ventricles. They stop at the atrioventricular (AV) node to allow
complete ventricular filling and travel through the His bundle and Purkinje fibers

to coordinate ventricular contraction.

Cardiac function involves two interrelated components: electrical activity
(impulse generation and conduction) and mechanical activity (muscle

contraction and relaxation), as illustrated in Figure 1.3.
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Figure 1.3. Anatomy and function of the heart. Left: Structural overview of the heart
chambers, valves, and blood flow pathways. Right: The heart’s electrical conduction
system, showing the sinoatrial (S4) node, atrioventricular (AV) node, Bundle of His,
Purkinje fibers, and associated conduction pathways.

A complete cardiovascular evaluation requires monitoring of both electrical
and mechanical cardiac activities. Electrical signal monitoring allows
arrhythmias [50], [51], conduction disorders [52], and other electrical
abnormalities to be diagnosed. Mechanical monitoring assesses contractility,
valve function, and blood flow through parameters including stroke volume,
cardiac output, ejection fraction, and wall motion. These measurements help
identify heart failure, valvular dysfunctions, and structural abnormalities [53].
Other parameters, such as left-ventricular ejection time (LVET) and isovolumic
contraction time (IVCT), indicate specific conditions like aortic stenosis (AS)

[54] and impaired contractility [55].

Heart rate (HR), expressed in beats per minute (bpm) and representing the
number of heart cycles per minute, reflects both electrical and mechanical
functions. Monitoring this parameter supports the management of cardiovascular
disease and the optimization of physical activity [56], [57]. Furthermore, it
allows the extraction of HRV, an index of autonomic nervous system function

and stress levels, which is particularly relevant in occupational health monitoring
[58].




Chapter 1

Traditional techniques for monitoring cardiac activity include
electrocardiography (i.e., ECG) for electrical activity, and phonocardiography

and echocardiography for mechanical activity.

ECG records electrical signals through the ECG waveform (see Figure 1.4),
comprising P waves (atrial depolarization), QRS complexes (ventricular
depolarization), and T waves (ventricular repolarization) [59]. Standard ECG
systems use a 12-lead configuration, requiring ten electrodes placed on the body
to capture electrical activity from multiple perspectives [60]. Although this setup
offers a complete assessment of cardiac function, its bulky instrumentation
makes it less practical for long-term, portable monitoring outside clinical

settings
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Figure 1.4. Visualization of the cardiac conduction system and its corresponding phases
on the ECG. The panels illustrate the propagation of electrical signals through the heart
during different stages of the cardiac cycle, including atrial depolarization (P wave),
ventricular depolarization (ORS complex), and ventricular repolarization (T wave).
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On the other hand, mechanical cardiac activity has traditionally been
monitored by phonocardiography and echocardiography. Phonocardiography
records cardiac acoustic signals (PCG). It measures sounds produced by valve
movements and blood flow. These include the first cardiac sound (S1),
associated with the closure of the mitral and tricuspid valves, and the second
cardiac sound (S2), related to the closure of the aortic and pulmonary valves
[61]. PCG is particularly effective in detecting valvular dysfunctions such as
stenosis or regurgitation [62]. It is performed using a phonocardiograph, a device
equipped with sensitive acoustic sensors, including microphones or piezoelectric
transducers, placed on the chest to capture heart sounds. However, sensitivity to
environmental noise and dependence on expert interpretation may limit its

effectiveness in uncontrolled environments.

Echocardiography uses ultrasound to produce real-time images of the heart
and provides a detailed assessment of mechanical activity. It assesses myocardial
contractility, valve dynamics, and blood flow [62], [63]. Doppler
echocardiography measures blood flow velocities, while 3D echocardiography
offers volumetric imaging to diagnose complex structural abnormalities [64].
Echocardiography is widely used as the gold standard for diagnosing conditions
such as heart failure, valvular diseases, and congenital defects. However, its
reliance on specialized equipment and trained personnel typically confines its

use to clinical settings.

1.4.2. Respiratory activity

The respiratory system, which includes the lungs, trachea, bronchi, larynx,
pharynx and nose, facilitates the exchange of gases for cell metabolism. External
respiration, in which oxygen and carbon dioxide are exchanged between the
alveoli and the blood, and internal respiration, in which these gases are
transferred between the blood and body tissues, are the two main components of

this process.

10



Chapter 1

Respiratory mechanics is based on the coordinated action of muscles,
particularly the diaphragm and intercostal muscles, which create pressure
gradients for airflow. During inspiration, the contraction and flattening of the
diaphragm combine with the action of the intercostal muscles to elevate the rib
cage, expanding the volume of the chest cavity and reducing the intrapulmonary
pressure to draw air into the lungs. Exhalation follows when these muscles relax,
reducing thoracic volume and increasing intrapulmonary pressure to expel air

[65], as illustrated in Figure 1.5.

Several factors influence respiratory efficiency, including lung compliance,
airway resistance and the elastic properties of the lungs and chest wall.
Alterations in these parameters can lead to respiratory disorders, such as
restrictive and obstructive lung diseases, which are often manifested by changes

in RR.
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Figure 1.5. Schematization of breathing mechanics during inspiration and expiration.
RR, measuring breaths per minute (brpm or breaths/min), serves as an
indicator of both physiological and pathological respiratory states [66], [67]. Its
variations can predict critical events, including cardiac arrest and the need for
intensive care [68], [69]. RR provides insight into physiological deterioration
[70] and perceived exertion during physical activity [71], which are particularly

relevant to patients with chronic respiratory conditions like asthma and chronic
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obstructive pulmonary disease (COPD) [72], [73]. Traditional RR monitoring

techniques include:

- Spirometers: represent the gold standard for the assessment of lung
function [74]. These devices measure inhaled and exhaled air volumes
during breathing cycles. During spirometry, patients wear nasal clips
and breathe through a connected tube. As the patient inhales and
exhales, changes in airflow or volume are recorded, with the method
varying depending on the type of spirometer. Traditional devices, such
as bell spirometers, measure lung volumes by recording the
displacement of a sealed chamber caused by air movement, while
modern digital variants directly measure airflow with integrated sensors.

- Flowmeters: quantify respiratory airflow rates by measuring air volume
per time unit. They employ various technologies, including: i) Fleisch
pneumotachographs measure airflow by detecting pressure differences
across a resistive element, such as a series of capillary tubes. The
pressure drop created by the resistive element is proportional to the flow
rate [60]; i1) Hot-wire anemometers employ a thin, electrically heated
wire that cools as air flows over it. The cooling rate is directly correlated
to the air velocity, allowing calculation of the flow rate. These devices
are particularly sensitive to low flow rates and are valued for their high
temporal resolution [60]; iii) Turbine pneumotachographs determine
flow rate based on the rotational speed of a turbine placed in the airflow
path. As air flows through the device, it drives the turbine blades, and
the angular velocity is used to compute the flow rate [60].

- Lung Plethysmography: measures comprehensive lung volumes and
airway resistance using Boyle's Law principles, which relates pressure
and volume in an enclosed system. The technique requires an airtight
chamber where patients perform breathing maneuvers while connected
to pressure measurement systems. The patient breathes through a

mouthpiece connected to a pressure-measuring system, and slight
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pressure variations correspond to changes in lung volume. Thoracic gas
volume, which represents the air volume in the lungs at a specific
moment, is calculated using simultaneous measurements of chamber
and airway pressures [60]. While valuable for diagnosing both
obstructive and restrictive conditions, its use remains limited to
specialized settings due to complexity and cost. A schematization of

traditional techniques is reported in Figure 1.6.
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Figure 1.6. Schematization of traditional techniques for respiratory assessment. a) Bell
spirometer; b) Hot-wire anemometer; c) Fleisch pneumotachograph; d) Turbine
pneumotachograph, e) Lung Plethysmograph.

Though robust for lung function assessment, these established techniques
primarily suit structured clinical environments. Their dependence on specialized
equipment restricts their application for continuous monitoring in daily life

settings.
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1.5. Wearable solutions for cardiac and respiratory
monitoring

While accurate, traditional monitoring methods are confined to clinical
environments due to their specialized equipment requirements. Wearable
technologies address these limitations by providing non-invasive, continuous
monitoring capabilities in diverse settings. These solutions enable real-time data
collection and analysis, expanding healthcare accessibility beyond traditional

clinical boundaries.

This section will discuss the main wearable solutions for cardiac and

respiratory monitoring.

1.5.1. Cardiac activity

The WD technologies for cardiac monitoring can be categorized based on
the type of physiological parameter they measure. Figure 1.7 illustrates the
prevalence of different sensing techniques in WDs for cardiac monitoring. To
quantify the relative use of these technologies, a literature search was conducted
on Scopus, focusing on peer-reviewed articles discussing WDs employing
bioelectrical signals (e.g., ECG), mechanically induced movements (e.g..,
seismocardiography - SCG and gyrocardiography - GCG), mechanically
induced strain sensors (e.g., Fiber Bragg Grating sensors - FBGs), and blood
volume changes (photoplethysmography — PPG sensors). The search queries
included combinations of keywords related to each sensing approach, along with
terms such as "wearable device", "wearable sensor", and "cardiac monitoring".
The total number of articles retrieved for each technique was used to estimate its

prevalence, and the results were normalized as percentages to generate the pie

chart in Figure 1.7.
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Figure 1.7. Prevalence of wearable sensor techniques in cardiac monitoring based on
Scopus search results. The chart illustrates the distribution of different sensing
approaches in WDs for cardiac activity monitoring.

The analysis highlights that bioelectrical signal (i.e., ECG) and blood
volume changes (i.e., PPG) dominate wearable cardiac monitoring technologies,
representing 57% and 38% of the reviewed studies, respectively. This trend
reflects the long-standing clinical reliability of ECG and the widespread
integration of PPG in consumer wearables, such as smartwatches and fitness
trackers. In contrast, mechanically induced movements (3%) and strain-based
sensors (2%) remain significantly less explored, suggesting that these techniques
are still in early research stages. However, given their potential advantages,
future advancements in sensor technology may lead to broader applications of

these emerging methods in wearable cardiac monitoring.
The following is a brief description of the techniques listed above.
1. Bioelectrical signals

The development of WDs for continuous monitoring of the heart's electrical
activity addresses the constraints of traditional ECG systems. Modern wearable
ECG devices utilize single-lead configurations with two electrodes, made of
flexible materials [75], [76]. This simplified design enables integration into

everyday accessories like chest straps, and fitness bands. The evolution of
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wearable electrodes has enhanced both accessibility and user comfort by
eliminating adhesive gels and rigid components. These electrodes are classified

according to their design approaches and material properties (see Figure 1.8):

- Dry electrodes: these electrodes are made in various forms, and do not
require conductive gels, offering a solution for long-term monitoring.
Main solutions include: 1) 3D-Printed electrodes, which utilize materials
such as conductive polylactic acid (PLA) and carbon composites to
achieve high signal quality [77]-[79]. Designs like microdomes arrays
or coiled tips help reduce impedance and motion artifacts, making them
well-suited for continuous monitoring; ii) stretchable electrodes made
from materials like polydimethylsiloxane (PDMS) or -elastomers
combined with conductive particles, designed to conform to the skin’s
surface and maintain consistent contact during movement, ensuring
accurate signal acquisition in dynamic conditions.

- Hybrid (or semi-dry) electrodes: offer a middle ground between
traditional wet and dry electrodes for biopotential signal acquisition.
These electrodes use a small amount of conductive gel or electrolyte,
often stored in microcapsules, to ensure stable skin contact and enhance
signal quality. This design reduces issues such as skin irritation and
drying, which are common with fully wet electrodes, while maintaining
good performance [80], [81]. An example are textile electrodes, which
are integrated into fabrics and constructed with conductive fibers or
coatings (e.g., silver, graphene) to ensure flexibility, comfort, and
reliable signal acquisition [82]-[84]. These are commonly used in
applications requiring integration into clothing, such as T-shirts or chest
bands.

- Microneedle Electrodes: penetrate the outermost layer of the skin to
access the underlying tissue, thereby reducing skin-electrode impedance

[85]. These electrodes are typically used in high-precision applications
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but are less commonly integrated into everyday WDs due to their

invasive nature [85]-[87].
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Figure 1.8. Overview of different types of wearable electrodes for cardiac monitoring.
The categories include microneedle electrodes, textile-based electrodes, and 3D-
printed electrodes.

While wearable electrodes offer advantages, they also present limitations
that affect their performance and long-term usability. Dry electrodes, despite
eliminating the need for conductive gels, suffer from signal degradation after
washing, particularly in textile-based designs, where poor coating adhesion and
surface wear reduce durability [88]-[91]. High-frequency (HF) noise and
baseline fluctuations can interfere with ECG signal quality, while sweat-induced
oxidation of metallic components further compromises long-term performance

[92]. Similarly, microneedle-based electrodes, while improving signal quality by
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reducing skin-electrode impedance, can cause discomfort and potential injury.
A significant risk is fragmentation, where broken microneedles remain

embedded in the skin, leading to localized irritation or damage [95], [96].

2. Mechanically-Induced Movements:

The mechanical activity of the heart, including muscle contractions, valve
aperture and closure, and blood flow, generates vibrations that propagate
through the thoracic tissues to the chest wall. The resulting precordial vibrations,
detectable at the chest surface, reflect distinct cardiac mechanical events during
the cardiac cycle, such as ventricular contractions, valve closures, and
ventricular filling [97]. These vibrations are characterized by frequency bands
associated with specific events: low frequencies (<50 Hz) from overall cardiac

motion and higher frequencies (>50 Hz) related to valve dynamics and blood

flow [98].

Among the innovative solutions, IMU sensors, comprising accelerometers
and gyroscopes, have demonstrated good potential for cardiac monitoring.
Unlike traditional techniques, IMU sensors can directly measure the mechanical
aspects of heart function, through accelerations (seismocardiography, SCG) and

angular velocities (gyrocardiography, GCG).

a. Linear Accelerations (SCG): the monitoring of cardiac mechanical
activity through linear accelerations has been investigated using
accelerometers positioned on the chest wall to capture cardiac-
induced displacements. The signals measured through this method
are known as SCG [98]. An accelerometer is a device used to
measure acceleration by detecting the displacement of a suspended
mass within its housing. Accelerometers can be monoaxial or triaxial.
In a single-axis accelerometer, the mass is supported by a spring and
moves only in the direction of the sensitive axis. When the device

experiences acceleration, the mass is displaced from its equilibrium
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position due to the force generated by inertia. The extent of this
displacement depends on the stiffness of the spring and the
magnitude of the acceleration acting on the system. The mass
displacement is then converted into an electrical signal using
different sensing methods. In capacitive sensing, changes in
displacement alter the capacitance between plates. In piezoresistive
sensing, the displacement changes the resistance of a material. In
piezoelectric sensing, the displacement generates an electric charge.
These methods allow the accelerometer to translate mechanical
movement into measurable electric signals. Three single-axis
accelerometers can be combined into a triaxial configuration to
measure acceleration in three dimensions, with each sensor aligned
along one of the three orthogonal axes.

SCG signal reflects the mechanical activity of the heart, especially
chest wall vibrations caused by heart contractions, valve activity, and
blood flow [99]. This signal is collected using accelerometers placed
on the chest wall, typically at the xiphoid process level [98]. The SCG
waveform exhibits distinct peaks that correspond to specific events
in the mechanical activity of the heart [100]. These mechanical
events occur with a characteristic time delay relative to their
corresponding electrical events (on the ECG signal), reflecting the
temporal relationship between cardiac electrical activation and
subsequent mechanical responses. The main fiducial points are aortic
valve opening (AO) and closing (AC), mitral valve opening (MO)
and closing (MC), isovolumic contraction (IC), the peak of rapid
systolic ejection (RE), the peak of rapid diastolic filling (RFp), and
the peak of atrial systole (ASp) [101]. Additional fiducial points
include isovolumic movement (IM) during ventricular isovolumetric
contraction, as shown in Figure 1.9 [102]. The derivation of these
intervals from SCG has been validated by comparing them with

corresponding intervals obtained from ECG signals and
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echocardiography [100], [103]. These fiducial points enable the
calculation of cardiac time intervals (CTIs), such as the pre-ejection
period (PEP), LVET, isovolumetric contraction time (IVCT),
isovolumetric relaxation time (IVRT) and QS2, the interval between
the onset of the Q wave in the ECG and the AC point, representing
the total systolic time [104]. These parameters are useful for
assessing myocardial contractility, systolic and diastolic function.
SCG has been studied in the clinical setting to identify valve defects,
arrhythmias and heart failure [105]. Moreover, it has been used in
non-clinical applications for HR and RR monitoring in daily life
applications [106]-[108]. However, challenges include variability in
sensor placement, inter-subject differences (e.g., age, BMI, posture),
and motion artifacts. Advances in ML and signal processing are
addressing these limitations, improving fiducial point detection and

overall reliability [109].
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Figure 1.9. Schematization of a capacitive MEMS accelerometer structure (left) and
temporal relationship between ECG and SCG signals (right), showing key cardiac
electrical events, mechanical events, and time intervals.

b. Angular Velocities: gyroscopes placed on the chest wall quantify

rotational movements induced by cardiac mechanics. The signal
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collected through these sensors is called gyrocardiogram (GCG)
[110].

A gyroscope is a sensor used to measure angular velocity,
representing the rotation rate around a specific axis. Gyroscopes are
based on various technologies, including spinning rotor gyroscopes,
laser gyroscopes, and vibrating mass gyroscopes. Among them,
vibrating mass gyroscopes are the most used for WDs. The operating
principle of vibrating mass gyroscopes relies on the Coriolis effect,
which describes the apparent force exerted on a vibrating mass when
the device rotates. The gyroscope contains a mass that vibrates in a
specific direction (driving direction), typically actuated by a
piezoelectric element. When the device rotates, the Coriolis force
acts on the vibrating mass, causing it to deflect in a direction
perpendicular to both the axis of vibration and rotation. This
deflection is proportional to the angular velocity and is measured
using sensing elements such as capacitive, piezoelectric, or
piezoresistive sensors. Like accelerometers, a three-dimensional
gyroscope can be constructed by combining three single-axis
gyroscopes, each aligned along one of the three orthogonal axes. This
setup allows gyroscopes to measure angular velocity across multiple

dimensions.

21



Chapter 1

& Angular rate

R [Blpg

S ECG

AO IBlpo-40 AO

<— Driving direction —»

GCG

LVET MO

QS2
IVRT

IVCT

Figure 1.10. Schematization of capacitive vibrating mass gyroscope structure (left) and
temporal relationship between ECG and GCG signals (right), highlighting electrical
waves, mechanical cardiac events, and key time intervals.

GCQG quantifies rotational movements of the chest wall induced by
cardiac mechanics using gyroscopes. This method typically
complements SCG by capturing angular dynamics, providing
additional perspectives on cardiac events [111]. Despite its
demonstrated potential in clinical and non-clinical contexts,
including HR estimation and CTI analysis, GCG remains a relatively
novel technique. Hence, the annotation of GCG signals is less well-
established in the scientific literature compared to SCG [112].
Currently, only a limited set of fiducial points has been reliably
identified in GCG signals, including MC, MO, AC, and AO (see
Figure 1.10). From these fiducial points, it is possible to derive CTIs
such as PEP, LVET, IVCT, IVRT, and QS2 [113]. GCG is also
subject to challenges, including susceptibility to motion artifacts and
the absence of standardized sensor placement and signal processing

protocols.

One major challenge with SCG and GCG is the high variability in sensor
placement and the identification of fiducial points [114], [115]. Furthermore,
inter-subject differences, such as age, body mass index (BMI), and posture, may

introduce variability that complicates measurements’ standardization and
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generalizability across populations. SCG and GCG signals are also highly
susceptible to motion artifacts, since external body movements can obscure
cardiac-induced vibrations [116]. Moreover, while ML and signal processing
techniques have improved fiducial point detection and artifact reduction, their
effectiveness depends on large, high-quality datasets, which remain limited. As
aresult, the accuracy and consistency of SCG- and GCG-derived parameters still
rely on filtering techniques, which may not always be feasible in real-time

wearable applications.
3. Mechanically-Induced Strain:

SCG traditionally measured using accelerometers, can also be derived from
strain sensors, with fiber Bragg grating (FBG) sensors being particularly suited
for this application due to their high sensitivity to subtle vibrations. These
sensors, when placed on the chest, detect the slight deformations of the chest
wall caused by cardiac activity, making them a viable alternative for strain-based
SCG (see Figure 1.11). FBG sensors reflect a specific wavelength of light,
known as the Bragg wavelength (AB), which shifts in response to strain (&)
applied to the sensor [117]. By integrating these sensors into flexible matrices
that adhere to the chest surface, cardiac-induced deformations can be effectively
transduced into measurable shifts in AB, producing a strain-derived SCG signal.
Currently, the use of strain-derived SCG from FBG sensors has been primarily
focused on HR estimation, also using multipoint measurements [118]-[121].
While studies have demonstrated their effectiveness in this area, the feasibility
of deriving fiducial points or conducting detailed waveform analysis from these
signals has not yet been investigated. Additionally, their integration into
wearable systems is challenging due to placement sensitivity, signal variability,
and the need for bulky optical components, which may hinder real-time

implementation.
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Figure 1.11. Schematic of a multi-point FBG sensing system for SCG measurement.
Left: FBG array configuration and chest placement. Right: SCG signals from different
measurement points with a detailed view of aortic opening (A0) events. Adapted from

[121].

4. Blood Volume Changes (Photoplethysmography):

Monitoring changes in blood volume is another method to monitor the
cardiac cycle non-invasively. This has been achieved through PPG, an optical
sensing technique that has become increasingly popular in WDs [122]. PPG
technology operates on the principle of light-tissue interaction, specifically
exploiting the difference in light absorption between blood and surrounding
tissues. This absorption variation changes dynamically during the cardiac cycle,

due to the fluctuation of blood volume in the vessels.

A typical PPG sensor integrates light-emitting diodes (LEDs) as light

sources and photodetectors as sensing elements. The LEDs emit light at specific

24



Chapter 1

wavelengths, commonly red (~660 nm) and infrared (~900 nm), which
penetrate the skin and interact with the underlying tissues. The photodetectors
then measure either the reflected or transmitted light, depending on the sensor
configuration. In reflection mode, both the LED and photodetector are placed on
the same side of the tissue, making this configuration suitable for various
measurement sites like the wrist or forehead. In transmission mode, the LED and
photodetector are on opposite sides of the tissue, limiting this configuration to

sites like the fingertip or earlobe, but potentially providing better signal quality.

The PPG signal comprises two main components with distinct physiological
origins. The alternating current component represents the pulsatile variation in
blood volume that occurs with each heartbeat, directly reflecting cardiac activity.
This component typically constitutes 2-5% of the total signal amplitude and
contains information about cardiac function and vascular properties. The direct
current (DC) component, which makes up most of the signal, represents the
relatively constant absorption from non-pulsatile arterial blood, venous blood,
and surrounding tissues. This component varies slowly with respiration,
thermoregulation, and vasomotor activity. A schematic representation PPG

sensor and signal is reported in Figure 1.12.
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Figure 1.12. Schematic representation of PPG sensor (on left) and PPG signal (on
right).

Through advanced signal processing techniques, PPG technology enables

the extraction of various cardiovascular parameters. The fundamental
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measurement is HR, derived from the frequency of the signal peaks. Also, HRV
can be assessed through analysis of beat-to-beat intervals. Moreover, when
multiple wavelengths are used, blood oxygen saturation (SpO2) can be
calculated by exploiting the different absorption characteristics of oxygenated
and deoxygenated hemoglobin. The combination of PPG with ECG enables the
measurement of pulse transit time (PAT), which correlates with blood pressure

[123].

Despite these capabilities, PPG measurements in WDs face several
technical and physiological challenges. Motion artifacts affect signal quality,
particularly during physical activity, as movement can alter the sensor-tissue
interface and create noise [124]. The technology's performance is influenced by
individual factors such as skin pigmentation, which affects light absorption, and
tissue perfusion, which varies with temperature and cardiovascular status [125].
Environmental factors, including ambient light and temperature variations, can

also impact measurement accuracy.

Modern WDs combine technologies like ECG with SCG and GCG to
improve cardiac monitoring [126]. This integration allows for simultaneous
tracking of electrical activity and mechanical function, offering a more complete
assessment of heart performance. By linking electrical and mechanical events,
these devices can better identify issues such as myocardial ischemia or valve
problems. For example, combining ECG and SCG data helps detect cardiac

cycle abnormalities, like valve timing or ventricular function changes.

1.5.2. Respiratory activity

WDs for respiratory monitoring are classified according to the measurand
they are designed to capture [127]. Figure 1.13 presents an overview of the main

sensing approaches:
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Figure 1.13. Overview of wearable solutions for breathing monitoring.

To quantify the prevalence of these sensing techniques in the scientific
literature, Figure 1.14 presents the distribution of wearable respiratory
monitoring technologies based on a Scopus search of peer-reviewed studies. The
analysis provides information about which sensing approaches have been more

extensively investigated and adopted in WDs for respiratory monitoring.
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Prevalence of Wearable Sensor Techniques
in Respiratory Monitoring
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Figure 1.14. Prevalence of wearable sensor techniques in respiratory monitoring
based on Scopus search results. The chart illustrates the distribution of different
sensing approaches in wearable respiratory monitoring.

The pie chart illustrates the prevalence of different wearable sensor
techniques for respiratory monitoring, categorized based on the type of
physiological parameter they measure. Chest wall movement analysis (44 %) is
the most studied technique, reflecting its widespread use in respiratory
monitoring belts and strain sensors. This method is commonly used due to its
non-invasiveness and ability to track breathing continuously. Air humidity (16
%) and air temperature (14 %) are also significant, suggesting a growing interest
in breath analysis using environmental and gas sensors. These techniques are
particularly relevant in the assessment of lung function, respiratory conditions,
and exhaled breath characteristics. Respiratory sounds (9 %) and respiratory
airflow (9 %) represent smaller portions, yet they remain useful in applications
such as wearable stethoscopes, spirometry, and breath sound analysis for
respiratory disease detection. Air component analysis (4 %) and modulation of

cardiac activity (4 %) show the lowest prevalence.

The following is a brief description of the techniques listed above.
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1. Techniques based on respiratory airflow

Airflow measurement technologies assess the volume and velocity of
respiratory gases, enabling RR estimation. These sensors, typically integrated
into facemasks or head-mounted devices, operate on different physical
principles: 1) differential flowmeters (DFs) measure pressure differentials
generated across a resistive element. When airflow passes through this element
(capillary tubes or wire meshes in pneumotachographs or fixed/variable orifices
in orifice meters), it creates a pressure drop proportional to the flow rate [128].
These devices achieve response times in the tens of ms and measure flow rates
from 0.1 L-min™" to 100 L-min~'. While widely implemented also in medical
devices, spirometers, and ventilators, their primary limitation stems from the
additional breathing resistance they introduce, particularly significant in critical
care and sports applications [129]; ii) turbine flowmeters, embedded in many
spirometers and metabolic carts, measure airflow through the rotational speed of
flat-bladed turbines, where angular velocity correlates directly with flow rate
[130]. These devices have good dynamic response with rise times below 10 ms
and maintain stability across varying environmental conditions, remaining
unaffected by humidity and temperature fluctuations. Their robust performance
have been demonstrated through validation in both clinical and sports science
applications [131], [132]. However, these sensors present limitations due to their
mechanical inertia, which can affect accuracy during rapid breathing pattern
changes and may require periodic calibration due to mechanical wear; iii) hot
wire anemometers (HWAs) detect airflow by measuring the cooling rate of an
electrically heated wire, where the heat transfer rate correlates with air velocity
[133]. These sensors achieve good dynamic responses with rise times under 1
ms and excel in detecting low flow rates, making them particularly suitable for
pediatric applications. Despite their high sensitivity, HWAs present limitations
in their fragile construction and require complex configurations to discriminate
flow direction [134]; iv) fiber optic sensors (FOSs) represent an emerging

technology in respiratory monitoring. These sensors detect airflow through
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changes in optical properties, measuring variations in coupled light power
caused by fiber bending from inhaled and exhaled air [135]. FOSs demonstrate
good sensitivity, and show promising potential for monitoring diverse breathing
patterns, including apnea and irregular respiration [136]. However, these
systems require complex and expensive interrogation units, and their
performance can be affected by external mechanical perturbations and

temperature variations.
2. Techniques based on respiratory sounds

Acoustic sensors detect respiratory activity by measuring the sound waves
generated during breathing. These devices employ microphones that transduce
respiratory acoustic signals into electrical outputs [137]. The sensing can occur
through two primary approaches: tracheal sound detection via sensors placed on
the neck or chest [137] and direct airflow sound measurement through sensors
positioned near the mouth [138]. Signal acquisition requires post-processing
techniques to extract RR from the captured waveforms, particularly in noisy
environments. While these sensors demonstrate effectiveness in controlled
hospital settings, they present several limitations. Their performance is affected
by ambient acoustic interference and exhibits high sensitivity to sensor
placement. Additionally, the requirement for sensor positioning near sound
generation sites (mouth, nose, or trachea) constrains their implementation

primarily to facemasks or adhesive patches on the face and neck.
3. Techniques based on air temperature

Temperature-based respiratory monitoring exploits the thermal gradient
between exhaled and ambient air, typically around 15°C [139]. This approach
employs various sensing technologies, each based on different physical
principles for temperature measurement. Thermistors function through
temperature-dependent resistance changes, categorized as negative temperature

coefficient (NTC) or positive temperature coefficient (PTC) devices. Their
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behavior follows the Steinhart-Hart equation [130]. These sensors have

advantages like affordability, simplicity, and accuracy.

Thermocouples operate based on the Seebeck effect, generating a voltage
proportional to temperature differences between junctions of dissimilar metals
[130]. With response times of approximately 0.5 s, they are suitable for capturing
high RR values.

According to the Stefan-Boltzmann law, pyroelectric sensors detect
temperature variations through changes in material polarization, producing
charge outputs proportional to temperature change rates [140]. These devices
achieve high accuracy (+1°C) with rapid response characteristics, particularly in
microfabricated forms. Their adaptable design configurations, including
cylindrical and thin-film formats, enable integration into face masks and nasal
monitoring devices [141]. However, these sensors respond to temperature
changes rather than absolute temperature values, making it difficult to detect
very slow breathing patterns or apnea events where the temperature changes are

gradual.

FBG sensors measure temperature through shifts in Bragg wavelength,
exhibiting good response times (10 ms) and sensitivity (10 pm/°C) [142]. They
offer advantages including small size (250 pum diameter), lightweight, and
biocompatibility. However, their implementation faces challenges, including
mechanical strain sensitivity and the requirement for bulky interrogation systems

[143].
4. Techniques based on air humidity

Respiratory monitoring can exploit the difference in water vapor content
between inhaled and exhaled air through relative humidity (RH) sensors. This
approach leverages the fact that exhaled air is saturated with vapor (RH = 100%)
at body temperature, while inhaled air varies with environmental conditions (RH

= 40-80%) [144]. Capacitive sensors operate by detecting changes in
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capacitance due to variations in the dielectric properties of hygroscopic materials
between electrodes [145]. These sensors demonstrate good linearity, with an
accuracy of approximately 3% and response times ranging from seconds to
milliseconds [145]. However, their performance can degrade over time due to
contamination and aging of the hygroscopic material, affecting long-term
measurement stability. Resistive sensors measure RH through changes in
electrical impedance [145]. With response times as low as 37 ms, they can track
RR at high frequencies (up to 240 brpm) and have been validated for apnea
detection and real-time monitoring [146]. However, these sensors exhibit
temperature dependence, requiring additional compensation circuits for accurate
measurements. FOSs utilize polymer or nanoparticle coatings that respond to
RH through water vapor absorption or desorption, inducing changes in optical
properties [147]. These sensors demonstrate good performance in controlled and
clinical environments, with response times from tens of milliseconds to seconds
and errors below 2% compared to reference systems [148]. However, the
polymer coatings can experience hysteresis! effects during rapid humidity
changes, potentially affecting measurement accuracy during irregular breathing

patterns.
5. Techniques based on air components

CO: sensors measure RR by detecting the concentration difference between
inhaled (0.04%) and exhaled (up to 6%) air during breathing [146]. Two main

technologies use this approach: infrared sensors and FOSs.

I Hysteresis refers to the phenomenon where the indication of a measuring instrument depends
not only on its current input but also on its history of past inputs. The instrument may provide
different readings for the same measured value, depending on whether that value was
approached by increasing or decreasing the input. Hysteresis error refers to differences in the
measured value between an upscale sequential test and a downscale sequential test. Hysteresis
is usually specified for a measurement system in terms of an uncertainty based on the maximum
hysteresis error as a percentage of the full-scale output [149].
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Nondispersive infrared (NDIR) sensors operate based on the Beer-Lambert
Law, measuring CO- absorption in the infrared spectrum. These sensors achieve

high accuracy (£0.3% CO.) with response times below 100 ms [150].

While they provide precise measurements, NDIR sensors present several
implementation challenges: they require regular calibration, warm-up periods,
and auxiliary components such as filters and pumps. Their power consumption
and form factor also limit their application in portable devices. FOSs employ
near- or mid-infrared light for CO: detection through absorption principles.
Configurations like optical fibers with gas cells, demonstrate high precision
(£0.3%) and minimal invasiveness [151]. However, these sensors often the
interrogation system, and their sensitivity can be affected by fiber bending
during measurements. Both technologies also share a common limitation: their
performance is affected by environmental factors such as humidity and

temperature variations.
6. Techniques based on chest wall movement analysis

These approaches capture the cyclic movements of the chest wall that occur
during breathing, tracking its expansion and contraction. Different sensing
technologies have been proposed at this aim, each using different principles to
convert respiratory mechanics into measurable signals. Among them,
piezoresistive sensors are based on the resistance changes due to strain. These
sensors are often integrated into textiles using conductive polymers or yarns but
may experience durability issues, such as performance degradation after
washing, and sensitivity to motion artifacts [152]. Capacitive sensors placed on
the chest detect changes in permittivity between electrodes caused by inhalation
and exhalation. These sensors offer high accuracy (e.g., —0.14 brpm in COPD
patients [153]). Flexible electrode designs improve body movement adaptability,
but maintaining electrode contact remains an issue for signal quality [154].
Inductive sensors, commonly embedded in elastic bands, monitor changes in

thoracic inductance caused by respiratory movements. These sensors are used in
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systems like T-shirts and are validated across various postures and activities,
with good agreement to reference methods [155]. However, their performance
depends on maintaining consistent contact with the body. Loose or shifting
elastic bands can introduce measurement errors. FOSs, particularly FBGs,
typically embedded into polymers can measure respiratory-induced chest wall
deformations with rapid response times (~10 ms), making them suitable for
monitoring rapid or small chest wall movements. These sensors can be
integrated into textiles or chest strap and can embed multiple FBGs. They
achieved biases of —0.02 brpm when compared to motion capture systems during
quiet breathing [156], [157]. Transthoracic impedance sensors measure thoracic
electrical impedance changes due to variations in air volume during inhalation
and exhalation. They provide a nearly linear relationship between impedance
and respiratory volume, enabling RR monitoring across different postures and
activities [158]. Motion sensors, including accelerometers, gyroscopes, and
magnetometers, capture chest wall dynamics such as acceleration, angular
velocity, and magnetic field changes. They have been used for RR monitoring
in stationary conditions [159]. However, error rates increase during physical
activity, such as running or walking, due to motion artifacts [106], [152], [159]-
[161]. While strain and motion sensors demonstrate good potential for
unobtrusive respiratory monitoring, non-respiratory movements often affect
them. Hybrid solutions combining multiple sensor types can improve robustness

by distinguishing between respiratory and unrelated motion [162].
7. Techniques based on the modulation of cardiac activity

RR can also be estimated using cardiovascular signals that exhibit
respiratory-related variations. By analyzing periodic signal modulations in
cardiac measurements, RR can be extracted through spectral analysis or tracking
amplitude variations [163], [164]. Among all, ECG and PPG sensors are the
most used. ECG sensors allow the collection of the heart's electrical activity,
with signal modulations caused by respiratory effects such as baseline wander,

amplitude modulation, and respiratory sinus arrhythmia (RSA) [165].
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Techniques like ECG-derived respiration and RSA-based methods enable RR
estimation, with validation studies showing errors of about 2 brpm during sleep
and about 0.5 brpm in daily-life activities [166], [167]. While promising, ECG
performance is affected by signal quality degradation during exercise [165]. On
the other hand, PPG sensors employ light-based measurement principles to
detect blood volume changes in peripheral tissues [168]. Respiratory
modulations in PPG include amplitude changes, frequency shifts, and baseline
wander caused by intrathoracic pressure variations [163]. Although validated in
structured environments with biases below 0.07 brpm during quiet breathing
[169], PPG performance declines with motion artifacts and poor sensor
attachment [170]. Both ECG and PPG are favored for their low invasiveness,
cost-effectiveness, and integration into wearable systems, but challenges such as
sensitivity to motion and environmental factors limit their use in dynamic

settings.

1.6. Key factors influencing wearable design

WDs for physiological monitoring require careful design that considers
technical performance, user comfort, and application context [171]. Hence for
their development sensor placement, material selection, and algorithms should
be considered to ensure reliable measurements across different application

environments [172].

Sensor placement is one of the most critical aspects influencing device
performance and user experience. The chest and the wrist are typically the
preferred locations for wearable sensors, particularly for breathing and cardiac
monitoring [173]. Among the preferred locations, wrist-worn wearables are
often selected for their comfort and ease of use, while the chest location is
required for specific measurements. For example, accelerometers and
gyroscopes to detect cardiac activity must be positioned on the chest wall to
measure heart mechanics [174]-[176]. Moreover, this location allows the

realization of WDs such as smart vests or shirts, enabling unobtrusive
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measurements. However, chest placement is not always practical in dynamic
environments like sports, where intense motion can cause considerable artifacts
[174]. In these cases, alternative sensor placements must be considered. For
example, sensors integrated into headphones, masks or similar accessories for
breathing can directly measure airflow, avoiding the motion-related challenges
inherent to chest-mounted devices. Similarly, peripheral locations like the wrist
or ankle may be suitable for activity-related metrics. However, they often require
compensation techniques to address the increased susceptibility to noise and

motion disturbances [177].

Even with thoughtful sensor placement, recorded signals can still be
affected by movement and environmental factors can still affect recorded
signals. As a result, algorithms are needed to process data, manage noise, and
extract relevant information [178]. For example, sports and daily life
applications require adaptive algorithms capable of dynamically adjusting to
changes in activity or environmental conditions. For this reason, in recent years,
advancements in ML techniques have improved algorithms' adaptability and
robustness [179]-[181]. These methods enable devices to tailor data processing
to each person's physiology and activity level. While these considerations can
improve reliability and measurement accuracy even under less controlled
conditions, it is equally important to consider the computational overhead of
these approaches, particularly in WDs where power and processing resources
may be constrained [182]. For this reason, another option is to include multiple
sensors to provide complementary information and enhance data reliability. This
approach allows for a better understanding of physiological signals and
movement patterns, mitigating the impact of artifacts. In this context, sensors
capable of simultaneously measuring multiple parameters, such as physiological
signals and movement, offer a promising solution. By combining data streams
from a single sensor, these devices can reduce hardware complexity, enhancing

the quality of the information provided.

36



Chapter 1

1.7. Ph.D. candidate contribution

This Ph.D. thesis investigates the development of wearable monitoring
systems for cardiac and respiratory monitoring across multiple application
domains. The research objectives encompass the design, development,
implementation, and experimental validation of wearable monitoring systems,
with particular emphasis on their performance in non-laboratory conditions. The
research exploits IMU sensors, textile-integrated sensors, and temperature-based
sensing systems to acquire physiological parameters in daily life, clinical, and

sports contexts.

The thesis is organized into this introductory chapter and four additional

chapters, as described below:

Chapter 2 focuses on the design and evaluation of IMU-based and textile-
based sensors for cardiac and respiratory monitoring in daily life. The chapter
examines the impact of sensor positioning and configuration on measurement
accuracy, as well as the development of a textile-based system for unobtrusive

respiratory monitoring.

Chapter 3 explores the application of IMU-based solutions for cardiac
monitoring in clinical contexts. It investigates the potential of these sensors for
HRYV extraction and their use in classifying patients with AS, emphasizing their

clinical relevance.

Chapter 4 presents wearable systems for respiratory monitoring in sports
science. It includes the design and experimental validation of a smart facemask,
as well as the development of algorithms for RR estimation and motion artifact

removal.

Chapter 5 summarizes the main findings of the thesis, highlighting the
contributions to wearable technology for health monitoring and outlining

potential directions for future research and development.
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This thesis explores various wearable monitoring solutions, each tailored to
meet the requirements of specific application contexts. Overall, this work
addresses the challenges of moving from controlled laboratory conditions to
real-world implementations by emphasizing the need for context-driven device

configurations.
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2

Chapter 2: Wearable Sensors for
Cardiac and Respiratory Monitoring
in Daily Life

2.1. Introduction

Among WDs for cardiac and respiratory monitoring, torso-worn devices
have emerged as particularly effective in daily life environments due to their
proximity to the heart and lungs and their non-intrusiveness [128]. By detecting
thoracic deformations, these devices monitor respiratory and cardiac activities
through periodic chest movements and subtle mechanical changes from
heartbeats. In this context, IMU sensors represent a versatile and cost-effective
option [183], [184]. Their ability to monitor both HR and RR, alongside physical
activity, makes them particularly suitable for dynamic, real-life environments.
Similarly, textile-based sensors offer a promising alternative, leveraging their
ability to integrate into clothing, providing non-invasive and continuous

monitoring, ideal for long-term use. [185], [186].

This chapter explores the applicability of IMU-based and textile-based
sensors in daily life contexts. It examines the influence of IMU positioning and
configuration on data accuracy, and their potential for simultaneous HR and RR
monitoring. Moreover, the design and development of textile sensors embedded

in a T-shirt for respiratory monitoring is presented.
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2.2. IMU-based physiological monitoring

IMUs are used in WDs due to their ability to capture both cardiac and
respiratory signals alongside physical activity data. The following sections
examines how sensor positioning and configuration affect data accuracy, aiming
to identify the most effective setup for physiological monitoring in daily life

scenarios.

2.2.1. IMU sensors for cardiac and respiratory monitoring

IMU sensors, integrating accelerometers and gyroscopes, enable the
simultaneous monitoring of cardiac and respiratory activity by detecting chest
wall deformations. The respiratory signal, characterized by low-frequency
oscillations, modulates the higher-frequency cardiac signal, allowing the
extraction of information about both activities from a single device. The
capability of monitoring both activities offers an advantage, particularly in daily
life applications, where non-intrusive and compact monitoring systems are

required.

Accelerometers have been used to measure thoracic wall motion, enabling
the estimation of RR [159] as well as the identification of HR and cardiac
mechanical events associated with different phases of the cardiac cycle [187].
Some studies have even explored their application in postures resembling those
encountered in daily life [188], [189]. Gyroscopes, though relatively newer in
this context, have been proposed for estimating cardiac parameters such as HR
and valve opening/closure events [175]. However, their use for RR estimation is
limited, and only a few studies have demonstrated their capability to capture
respiratory signals [190]. When combined with accelerometers, gyroscopes
enhance signal robustness and broaden the range of measurable physiological
parameters, particularly for cardiac activity [189], [191]. Despite these
advancements, several critical challenges limit the widespread adoption of SCG
and GCG in real-world applications. A major limitation is the lack of

standardized sensor placement, which impacts signal quality and consistency.
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Studies have investigated various anatomical locations, such as the sternum
[191]-[194], xiphoid process [100], [111], [195]-[197], and intercostal spaces
[198], [199], but no consensus has been reached regarding the optimal placement
for reliable data acquisition [200], [201]. Additionally, for both cardiac and
respiratory activity, the dorsoventral axis (z-axis) of accelerometers and the
vertical axis (y-axis) of gyroscopes are commonly cited as the most responsive
[100], [176], [191], [194], [202]. However, these preferences are based on
limited evidence, and no studies have systematically investigated or validated
the optimal axes for signal acquisition across different conditions and

applications.

Another challenge is the restricted scope of experimental conditions in
existing research. Most studies are conducted in controlled laboratory
environments, often focusing on static postures such as supine or seated
positions [183], [203]. This approach neglects the dynamic and varied conditions
of daily life, where individuals frequently change posture, engage in physical
activities, or encounter external motion artifacts. These factors influence signal
acquisition and processing, particularly for respiratory monitoring, where
breathing patterns and chest wall dynamics vary widely. The effects of postural
changes on most reliable axis and sensor location on the chest wall remain also
underexplored, leaving a gap in understanding the robustness of SCG and GCG

signals in real-world scenarios.

2.2.2. Evaluating sensor position and its impact on data
accuracy using accelerometers

Building on the challenges discussed earlier, the reliability of cardiac and
respiratory signal monitoring is closely linked to the mechanical patterns of these
signals and the anatomical location of the sensor [204]-[206]. Sensor placement
on the chest influences signal quality, determining its susceptibility to motion
artifacts and postural changes, which can distort the recorded information [204].
Identifying the optimal placement and axis is thus necessary to ensure accurate

and consistent measurements of both HR and RR under varying conditions.
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While most studies have placed inertial sensors on the xiphoid process and a
limited set of alternative locations, there is no consensus on the most effective
configuration for simultaneous monitoring of HR and RR [101]. Furthermore,
the effects of postural changes on signal quality are still poorly explored and a
generic configuration capable of maintaining high performance in different

postures and activities has not yet been established.

The following section will investigate various sensor locations of the chest
to assess their effectiveness in monitoring HR and RR across typical daily life
postures. This analysis aims to advance the development of WDs in different

real-world scenarios.

Methodology

The study utilized a multi-sensor system consisting of five IMUs (Xsens
DOT, Xsens, Netherlands), each integrating a triaxial accelerometer (full scale
+16 g, sampling frequency 120 Hz). The sensors were placed at five chest
locations: the auscultation points of the aortic valve (AV), tricuspid valve (TV),
pulmonary valve (PV), mitral valve (MV), and the xiphoid process (X), as
represented in Figure 2.1. These positions were selected for their repeatability in
positioning being of the points used in clinical practice for auscultation and for
their potential to capture both cardiac and respiratory signals. IMUs were
attached directly to the participants’ skin using hypoallergenic adhesive tape to
ensure stable contact with the chest wall and minimize motion-related artifacts.
The Zephyr Bioharness 3.0 (Medtronic, USA) was used as a reference system
for acquiring ECG signals and respiratory waveforms, sampled at 250 Hz and

25 Hz, respectively.

Fifteen healthy volunteers (10 males, 5 females; mean age: 26.1 + 2.3 years;
height: 174.6 = 10.6 cm; body mass: 70.4 + 3.0 kg) participated in the study. All
participants had no history of cardiovascular or respiratory diseases. Ethical
approval was obtained (protocol number ST-UCBM27/18 OSS), and informed

consent was secured from all participants. The experimental protocol included
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six activities, each lasting 130 s: sitting, lying, standing, walking at a natural
pace, climbing stairs, and standing post-exercise. Climbing stairs phases were
excluded from the HR and RR analysis, used only to assess these physiological
parameters after physical activity. Linear accelerations along the x- y-, and z-
axes were recorded simultaneously from the IMUs, while ECG and respiratory

waveforms were collected using the reference chest strap.

Pulmonary Valve (PV)

Reference
ECG

Acceleration
signals

Reference
respiratory
waveform

R I

Figure 2.1: Schematization of experimental setup and protocol. Adapted from [207].

The collected accelerometer data were analyzed offline in MATLAB® with
three main objectives: 1) to calculate the best axis and sensor position, and to
identify an optimal general-purpose configuration that performs robustly across
all postures and subjects, ensuring reliable monitoring of HR and RR in diverse
conditions; i1) to compare the performance of the general-purpose configuration
with a posture-dependent configuration, where the optimal sensor position and
axis are determined separately for each posture; iii) to validate HR and RR

estimates obtained from accelerometer data against the reference values.
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Different signal pre-processing was carried out to extract cardiac and
respiratory activity. To extract cardiac information, a continuous wavelet
transform (CWT) band-pass filter between 10 Hz and 40 Hz was applied to
preserve the frequencies related to the heartbeat [98], followed by Hilbert
envelope extraction and additional filtering (0.7-3 Hz) to emphasize AO events
and ensure the preservation of HR frequencies between 42 bpm and 180 bpm,
which typically fall within the physiological resting range in non-exertional
conditions. For respiratory signals, low-frequency components (0.05—1 Hz) were
isolated through a Butterworth band pass filter to capture thoracic expansions
and contractions [208]. A schematization of the main steps carried out for signal

processing is reported in Figure 2.2.
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Figure 2.2: Overview of the data processing pipeline for axis and sensor selection in
cardiac and respiratory monitoring. Adapted from [207].
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For cardiac activity, the most informative sensor axis and position were
identified by calculating the normalized power spectral density (PSD) and
selecting the combination with the highest PSD peak. For respiratory activity,
the best axis was determined by calculating the correlation coefficients between
filtered acceleration signals and the reference respiratory waveform, followed
by PSD analysis to identify the optimal sensor position. The position that showed
the highest power was selected. The overall optimal sensor position and axis

were defined as the most recurrent combination across all subjects.

Two configurations were analyzed: the posture-dependent configuration
and the general-purpose configuration. The posture-dependent configuration
determined the optimal sensor placement and axis for each posture separately,
considering how different postures affect the mechanical properties of the chest
wall and the resulting signals. The general-purpose configuration identified a
single sensor placement and axis that performed well across all postures, making

it applicable to real-world applications involving changes in posture and activity.

HR and RR were then estimated using the configuration selected from the
accelerometer signals. To account for motion artefacts, the analysis was adapted
according to the activity level during testing. The activity level was quantified
using the vector magnitude unit (VMU), which represents the overall magnitude
of body movements. The VMU was calculated as the square root of the sum of

the squared accelerations along the three axes, as follows:

VMU = /a§+a§+a§ (2.1)

where a,,a,,a, are the accelerations along the x-, y-, and z-axes.

v
Thresholds were defined to classify activities as low (resting, VMU < 0.2 g),
medium (walking, 0.2 g < VMU < 0.8 g), or high (dynamic, VMU > 0.8 g),
where g is the standard gravitational acceleration, equal to 9.81 m/s?. For low-
activity levels, HR was estimated by identifying consecutive AO peaks in the

signal, representing individual heartbeats. The time intervals between these
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peaks were calculated, and HR was derived as the inverse of the intervals,
multiplied by 60 to express the value in beats per minute (bpm). Similarly, RR
was estimated by detecting the local maximum peaks corresponding to the end
of inhalation, which mark each respiratory cycle. The time intervals between
these peaks (defined as breathing intervals, TR) were measured and the RR was
calculated as the inversion of the TRs, multiplied by 60, to obtain the value in
brpm. For the reference system, the ECG signal was processed using a modified
Pan-Tompkins algorithm to detect R peaks [209]. Then, HR was calculated as
the inverse of the R-R interval (the time between consecutive R peaks)
multiplied by 60. Regarding the respiratory activity assessment, the respiratory
waveform was analyzed using a time-domain peak detection algorithm. The
local maxima, corresponding to the end of inhalation, were identified, and RR
was calculated as 60/TR, where TR is the time between consecutive end-

inspiratory peaks.

For medium- and high-activity levels, frequency-domain analysis was used
to suppress noise caused by body movements and emphasize the physiological
signals. The accelerometer and reference data were segmented into 30-s moving
windows with a 1 s shift (29 s overlap). The PSD was computed within each
window, and the frequency corresponding to the maximum PSD peak was
identified. For both HR and RR, this peak frequency was multiplied by 60 to

estimate the average rate (in bpm or brpm) for the respective window.

The HR and RR values estimated from the accelerometer signals were
compared to those obtained from the reference system to evaluate the accuracy
of the proposed IMU-based monitoring approach. Performance was assessed
using the mean absolute error (MAE), mean absolute percentage error (MAPE),
and the mean of differences (MOD) with limits of agreement (LOAs) determined

through Bland-Altman analysis.
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Results

Results showed that, among the three axes, the z-axis was the most
informative for cardiac and respiratory monitoring across all postures and
activities. In fact, for cardiac activity, the z-axis was selected in 80% of cases in
the general-purpose configuration, highlighting its sensitivity to dorsoventral
accelerations caused by heartbeats. For respiratory activity, the z-axis was also
the most effective, with a selection frequency of 47% in the general-purpose
configuration. The detailed results for axis and sensor selection in cardiac and

respiratory monitoring are shown in Figure 2.3.
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Figure 2.3: Results of axis and sensor selection for cardiac (top) and respiratory
(bottom) activity. Percentages for sensor selection indicate the proportion of subjects
for whom each sensor position performed best, while percentages for axis selection
reflect the overall performance of each axis across all sensor positions and subjects.
Standing includes both pre- and post-exercise conditions. Adapted from [207].

For sensor positions, the MV region showed the highest power in the PSD
for both cardiac and respiratory signals. In the general-purpose configuration,
the MV position was identified as optimal in 72% of cases for cardiac activity

and 33% for respiratory activity. Its proximity to the left ventricle and sensitivity
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to mechanical vibrations generated by the heart and lungs contributed to its
superior performance. In contrast, the X position, often cited in the literature for
cardiac signal extraction, had a much lower selection frequency (24% for cardiac
activity), likely due to its suboptimal placement relative to the physiological

signal sources.

The general-purpose configuration, consisting of the MV position and the
z-axis, showed good agreement with the reference system for both HR and RR
estimation. Across all activities, the MAE remained below 1.5 bpm for HR and
4 brpm for RR (see Figure 2.4). Bland-Altman analysis further confirmed the
robustness of this configuration, with a MOD close to zero under all conditions.
While, for HR, the LOAs ranged within +4 bpm during static conditions, such
as lying down, and increased to +6 bpm during walking. For RR, the LOAs
ranged from more than +5 brpm during resting activities to about +10 brpm

during dynamic conditions.
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Figure 2.4: MAE values for HR (left) and RR (right) estimation across different
activities. The values within the bars indicate the MAPE values for each posture. In the
bottom panels the Bland-Altman plot is reported per each posture. Different colors
represent different subjects. Adapted from [207].

While the general-purpose configuration provided good performance, the
posture-dependent configuration showed slight advantages in specific scenarios,
as illustrated in Figure 2.5. For RR, posture-dependent setup improved accuracy
during standing and walking by reducing noise and motion artifacts through
optimized sensor placement and axis selection. These adjustments led to lower
MAE:s, with differences of up to 1 brpm compared to the general-purpose. For
HR, the general-purpose configuration performed equally well as the posture-
dependent configuration, with MAEs below 1.5 bpm across all conditions. This
result underscores the robustness of the MV-z combination for HR monitoring,

regardless of posture.
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Figure 2.5: Comparison of MAE between the general-purpose and posture-dependent
configurations for HR (left) and RR (right) estimation across different activities.
Adapted from [207].

This study's findings highlight the importance of sensor placement and axis
selection in optimizing IMU-based systems for simultaneous monitoring of HR
and RR. The MV-z combination consistently provided the highest signal quality
and accuracy for both parameters in all postures. The general-purpose
configuration proved to be an effective solution for real-world applications,
particularly in scenarios with frequent posture changes. While the posture-
dependent configurations offered improvements for RR in dynamic postures,
they did not significantly improve HR monitoring, confirming the reliability of

the general-purpose approach.
Discussion

The study examined the use of IMU sensors placed at five chest locations
for monitoring both HR and RR, proposing a generic configuration that
identifies the sensor position on the MV and on the dorsoventral axis (z-axis) as
the most informative. This result aligns with previous evidence indicating that
the mechanical activity of the heart particularly influences the dorsoventral axis
[101],[109], [210] but contrasts with studies that often suggest the X location as
the preferred position [109]. The proposed configuration stands out for its ability
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to use a single sensor for both functions, surpassing the traditional approach that

requires multiple devices [106], [211], [212].

Regarding HR monitoring, the results showed that MAE was lower than that
of previous studies. For example, the errors observed in [213] for similar
configurations were =10 bpm, while in [214] the use of an accelerometer on the
AV area during walking and resting yielded less accurate results compared to
those obtained in this study. This demonstrates the effectiveness of the general-
purpose configuration, which complies with the accuracy limits required for
medical devices (<5 bpm) [215]. For RR monitoring, the results obtained with
the general-purpose configuration are comparable to those of previous IMU-
based studies; however, they remain suboptimal. Posture had a notable impact
on performance, particularly for RR. Specifically, seated and lying postures
provided promising results, while standing and walking conditions negatively
impacted estimation errors. In these dynamic scenarios, the posture-dependent
configuration was beneficial for RR monitoring but did not provide notable

advantages for HR.

This study contributes to the existing literature by offering clear guidance
on the choice of sensor axis and position for cardiorespiratory monitoring with
IMU. The proposed configuration demonstrates that a single-sensor approach
can achieve accurate estimates under static and dynamic conditions, reducing

complexity compared to multi-sensor technologies.

2.2.3. Influence of sensor configuration on measurement
using accelerometers and gyroscopes

After identifying the optimal positioning of the chest for simultaneous

monitoring of cardiac and respiratory activity, the analysis focused on the type

of sensor. Specifically, we compared the performance of accelerometers and

gyroscopes integrated in the same IMU system to determine which sensor

technology offers superior accuracy for monitoring these two physiological
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activities. In addition, we analyzed the influence that the algorithm used to
extract the physiological parameter of interest has on performance. Using a
frequency-domain approach in moving windows, the influence of the length of

the window used for the extraction of HR and RR on the results was evaluated.

Methodology

To compare the performance of accelerometers and gyroscopes for cardiac
and respiratory monitoring, the same IMU sensor from the previous section was
used. This IMU integrates a tri-axial accelerometer (full scale: +16 g) and a tri-
axial gyroscope (full scale: £2000°/s). The sensor was positioned at the fifth left
intercostal space along the midclavicular line, anatomically corresponding to the
MYV region, as identified in the previous study. An example of the experimental
setup is shown in Figure 2.6. The Zephyr BioHarness wearable chest
multiparametric device was employed as the reference system to validate HR
and RR estimates obtained from the IMU sensor. Data were collected from 11
healthy participants who performed three static postures: sitting, standing, and
lying down. Each posture was maintained for two minutes while participants
were instructed to breathe quietly. IMU data were sampled at 120 Hz and stored
for offline processing. The study was conducted in compliance with the
Declaration of Helsinki, and the design was approved by the Ethical Committee
of the University Campus Bio-Medico di Roma (approval code: 27.2(18).20,
dated 15 June 2020).
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Figure 2.6: IMU sensor positioning on the subject’s chest. Filtered accelerometer and
gyroscope signals isolating the cardiac and respiratory components. Adapted from

[216].

The raw data collected by the IMU sensor included acceleration and angular
velocity signals from the chest. The z-axis of the accelerometer and the y-axis
of the gyroscope, identified as the most informative axes for both cardiac and
respiratory monitoring, were selected for analysis [176], [217], [218]. The pre-
processing steps outlined above were applied to extract the filtered envelopes of
the SCG and GCG signals and the filtered respiratory signals from both
accelerometer and gyroscope data. The reference signals were also processed

using the same methodology described in the previous study.

To ensure robustness against motion artefacts, a frequency domain approach
in moving windows was adopted to estimate HR and RR. This method exploits
the spectral characteristics of cardiac and respiratory signals to minimize the
influence of noise and artefacts. To assess the impact of the temporal resolution

of the moving windows on the accuracy of the estimation, windows of different
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lengths (5's, 158, 25 s, 35 s, 45 s and 55 s) were analyzed, all with 1 s sliding
step. Within each sliding window, PSD analysis was performed using Welch's
method. The peak frequency in the cardiac band (0.7-3 Hz) was identified for
HR estimation, while the dominant frequency in the respiratory band (0.05-1 Hz)
was selected for RR estimation. These frequency ranges were chosen to reflect
typical HR and RR values observed in everyday life scenarios. The identified
peak frequencies were then multiplied by 60 to obtain HR (in bpm) and RR (in
brpm). This approach made it possible to follow changes in HR and RR over
time. It allowed the trade-off between temporal resolution of the measurements
and accuracy of the estimate to be assessed according to the length of the selected
window. Longer windows provide estimates that are less affected by outliers by
averaging over multiple data points, reducing noise but potentially hiding rapid
fluctuations. Conversely, shorter windows, while less accurate due to fewer data
points, offer greater sensitivity to dynamic changes, making the sensor more
responsive but more susceptible to noise. The main steps are shown in Figure

2.7.
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Figure 2.7: HR and RR values were extracted using frequency-domain analysis in
sliding windows with six different sizes. Welch’s method was applied to identify the
dominant frequency, and examples of HR and RR values for one subject are shown

across all window sizes. Adapted from [216].

The agreement between the IMU-based estimates and the reference system

was assessed using MAE and Bland-Altman analysis.

Results

For HR estimation, accuracy improved with increasing window length,

particularly between 5 s and 15 s, where MAEs decreased significantly for all

postures. MAE values stabilized for window lengths between 15 s and 35 s,

remaining consistently below 1 bpm, and increased slightly above 35 s,
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reflecting a trade-off between improving the mean and decreasing the temporal

resolution. The MAE values are shown in Figure 2.8.
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Figure 2.8: Bar graph of the MAE values for HR (top) and RR (bottom) analysis,
comparing accelerometer (black) and gyroscope (grey) across different postures and
window lengths. Mean MAE values and standard deviations are reported for all
subjects. ACC: accelerometer; GYR: gyroscope; STD: standard deviation. Adapted

from [216].
Similarly, Bland-Altman analysis (Figure 2.9) showed that shorter windows
produced wider LOA, especially in the standing posture, where LOA reached
12.5 bpm for SCG and 12.8 bpm for the gyroscope with a window size of 5 s. In
contrast, longer windows reduced LOA to 3.5 bpm for SCG and 3.7 bpm for the

gyroscope at 55 s. Both accelerometer and gyroscope signals reliably performed

for HR estimation when using window lengths of 15 s or more.
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Figure 2.9: Bland Alman plots for accelerometer and gyroscope used for HR and RR
estimations in different postures. Adapted from [216].

For RR estimation, shorter windows resulted in higher MAE values and less
reliable estimates. In the standing posture, the LOA reached 13.8 brpm for the
accelerometer and 12.9 brpm for the gyroscope with a 5 s window. However,
performance improved with longer windows, reducing the LOA to 4.7 brpm for

the accelerometer and 4.4 brpm for the gyroscope at 55 s.

These findings reveal a trade-off between window length and the ability to
capture rapid variations in HR and RR. Shorter windows are more sensitive to

dynamic changes but more noise-prone, while longer windows provide greater
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stability and accuracy. For HR estimation, an optimal window length ranged
between 15 s — 35 s, while for RR estimation, windows of 25 s — 55 s yielded
the most accurate results. Overall, no significant differences were found between

the performance of the two signals.

This study compared the performance of accelerometers and gyroscopes
integrated into a single IMU sensor to simultaneously extract HR and RR. It also
analyzed the influence of the window length used for HR and RR extraction and
the subjects' posture on the results. The signals from the accelerometer and
gyroscope did not show significant differences in the estimation of HR and RR.
Regarding window length, a duration of 25 s proved optimal, balancing temporal
resolution and accuracy. The posture analysis highlighted those static conditions,
such as sitting or lying down, ensure greater accuracy than standing, especially
for RR estimation. Unlike previous studies, which focused individually on HR
or RR, this analysis demonstrated the importance of comparing different window
lengths to identify optimal analysis conditions [219]-[221]. The resulting
guidelines can support the practical implementation of IMU sensors for

continuous cardiorespiratory monitoring.

2.3. Textile-based sensors for respiratory monitoring

Although IMU sensors have shown strong effectiveness in monitoring
cardiac activity across various conditions, their use for respiratory monitoring
poses considerable challenges, particularly during movement. As highlighted
above (Section 2.2.2) the errors reported in respiratory monitoring are notably
higher than those observed for HR extraction. This discrepancy is primarily due
to the difficulty in decoupling respiratory signals from overall body movements,
a challenge that becomes especially pronounced under dynamic conditions. To
address these limitations, attention shifts to the use of piezoresistive textile
sensors, which represent a promising alternative for respiratory monitoring
during daily life activities. These sensors, integrated directly into garments such

as T-shirts, leverage changes in electrical resistance caused by the mechanical
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strain. During the respiratory cycle, chest wall deformations caused by
inhalation and exhalation stretch and compress the sensors, resulting in

measurable variations in resistance that correspond to respiratory activity.

A critical aspect of their effectiveness is the positioning of the sensors on
the chest [205]. The sensor's location not only influences the amplitude of the
detected signal but also affects its quality, as different regions of the chest wall
exhibit varying levels of deformation and susceptibility to motion artifacts.
Proper placement is important to ensure accurate signal acquisition and reduce

noise, especially in dynamic conditions.

The following section details the design, development, and preliminary
validation? of a smart T-shirt that embeds piezoresistive textile sensors for
breathing monitoring in daily life. Special emphasis is placed on optimizing
sensor placement and assessing the system’s performance under both static and

dynamic conditions.

Methodology

The development of the wearable T-shirt was structured in two distinct
phases. The first phase focused on identifying the optimal placement of the
sensors on the chest wall to ensure reliable respiratory signal acquisition. In the
second phase, the performance of the developed system was evaluated by
comparing it against a reference respiratory monitoring device in both static and

dynamic conditions. The methodology for the first phase is detailed below.

% Validation refers to ensuring that the experimental model used is itself correct. To do this,
a set of test results is compared to results obtained using another reliable method for the same
conditions [222].
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e Chest wall deformation analysis for sensor placement

To investigate chest wall deformations during breathing, a motion capture
system equipped with ten infrared cameras (Qualisys AB, Sweden) was used to
monitor thoracic movements.

Eighty-nine photo-reflective markers were placed on the chest and back of
five healthy male participants to capture chest wall motion [223]. The
experimental protocol required participants to breathe quietly in a seated
position on an upright cycle ergometer (Lode Corival, Groningen, Netherlands)
for 30 s. A previously established geometric framework was used to map the
chest wall into 82 triangular prisms connected by 279 links formed by the 89
photo-reflective markers attached to the anterior and posterior chest regions
[223]. The Local Research Ethics Committee of the School of Sport and Exercise
Sciences approved the study at the University of Kent, Chatham Maritime, UK
(Reference Number: Propl7 2013 14). It adhered to the principles of the
Declaration of Helsinki throughout all stages, and written informed consent was

obtained from each participant before their involvement.

The markers were divided into two compartments: the rib cage and the
abdomen, enabling a focused analysis of deformations specific to each
anatomical region, as depicted in Figure 2.10. The deformation analysis aimed
to identify links exhibiting highest strain (related to chest wall expansion and
contraction) and the highest signal-to-noise ratio (SNR). For each marker pair,
the Euclidean distance was calculated over time to represent the relative
displacement, x(t) , caused by respiratory movements. The relative
displacement signal was processed using a first-order Butterworth bandpass
filter (0.01 Hz - 2 Hz) to isolate the respiratory component while eliminating
unrelated low- and high-frequency noise, covering a broad range of RR values
from bradypnea to tachypnea. This filtering step ensured that the deformation
analysis focused exclusively on signals generated by the respiratory cycle. The
average amplitude of displacement (4,,,4) was then calculated by measuring the

average difference between the maximum peaks (end of inhalation) and
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minimum peaks (end of exhalation). These amplitudes were used to compute the

strain (¢) for each link, using the following equation:

A
e(%) = % x 100 (2.2)
0

where [, is the baseline distance between markers at the end of the first

inhalation. A schematization of the experimental protocol is depicted in Figure

2.10.
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Figure 2.10: (a) Illustration showing the placement of 89 photo-reflective markers on
the chest wall, divided into two sections: the abdomen (marked in violet) and the rib
cage (marked in blue). The diagram also shows the connections between the pairs of
markers. (b) A graph representing the relative displacement signal (i.e., x) between two
markers over time, highlighting maximum peaks (end of inhalation, shown as green
triangles) and minimum peaks (end of exhalation, shown as blue triangles). Adapted
from [224].

The strain values were normalized for each compartment, yielding a
dimensionless measure of chest wall deformation. Also, to ensure comparability
across participants with different chest sizes, the strain values were normalized

within each subject and averaged across all participants. This process produced
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an averaged normalized strain value (&,,7,) for each link, ranging from 0%
(minimum deformation) to 100% (maximum deformation) within each

compartment.

Moreover, SNR of the displacement signals was analyzed to ensure that the
observed deformations were attributable to respiratory activity. At this aim, the
RR for each subject was determined from the PSD of the displacement signals.
Then, frequencies within a band of +10% around RR were classified as the
signal, while frequencies outside this range were classified as noise. The SNR
for each link was calculated as the ratio of the PSD values in the signal band to

those in the noise band.

Normalized strain (i.e., &,,7,) and SNR values averaged across subjects, were
combined into a composite metric (Uy42,,) corresponding to the sum of the two
values to rank the reliability of each link for respiratory monitoring. The
obtained values are reported in Figure 2.11. The analysis identified two optimal
positions on the rib cage: the link between markers m25-m28 (g4, = 5.0 *
23%,lp =831mmeg,; =5.0+23%,l,=831mm ) and the Ilink
between markers m66-m67 ( €4, = 0.68 £ 0.22%,l, = 73.3mm g4,, =

0.68 £ 0.22 %, [, = 73.3 mm).
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Figure 2.11: Representation of the connections between markers positioned on the
anterior and posterior rib cage. The colormap indicates Ugpg™ values, which combine

deformation metrics with normalized SNR values. Adapted from [224].
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The sensor locations were selected on the same side of the chest to ensure
uniformity and to leave one side of the T-shirt sensor-free. This facilitated the
implementation of a size adjustment system to accommodate different body
types. The results from this phase provided information for determining the
piezoresistive sensors’ dimensions, positioning, and expected deformation

behavior.

e Sensors design and development

After identifying the optimal sensor placement on the chest wall, the WD
was developed, integrating piezoresistive textile sensors into a T-shirt to monitor
respiratory activity. This phase involved the design and implementation of the
system, its metrological characterization to assess sensor performance, and

experimental testing to validate its accuracy in real-world scenarios.

The design and development of two piezoresistive textile sensors were
carried out based on the results of the previous analysis. The sensors were
fabricated using a conductive piezoresistive textile (MedTex P130) with a sheet
resistance of 0.15 Q/square. The sensor geometry was designed with a central
rectangular section 10 mm in height and lengths of 83.1 mm and 73.3 mm for
the two sensors (defined as sensor A and sensor B, respectively). Additional
rectangular sections (20 mm in height and 10 mm in length) were included on
the sides to improve adhesion to the WD. The sensors were then embedded into
a T-shirt using a 3 mm-thick polymer matrix made of Ecoflex 00-30 (Smooth-
On, Inc., Macungie, PA, USA). This integration enhanced sensor robustness and
reduced the influence of external factors, such as moisture. Two molds were
fabricated from polylactic acid (PLA) for embedding the sensors using a 3D
printer (Creality Ender-3 V2). The molds were designed to fit the specific sensor
dimensions and positioned on a sports fabric T-shirt at the locations identified in
the previous analysis. The Ecoflex 00-30 mixture (1:1 ratio of part A to part B)
was degassed using a vacuum/pressure pump (VCP 130, VWR International,

LLC, PA, USA) to remove air bubbles. The mixture was then poured into the
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3D molds to a height of 1.5 mm, followed by a curing period of 1 hour. The
piezoresistive textiles were subsequently placed inside the molds, and an
additional 1.5 g of Ecoflex 00-30 was added to reach a total mold height of 3
mm. The final curing process lasted 3 hours. The resulting sensors, integrated
into the WD, exhibited unloading resistances of 23 Q (sensor A, position m25—
m28) and 22 Q (sensor B, position m66-m67). The final shape of the two sensors
is depicted in Figure 2.12, highlighting the steps involved in their realization and

integration.
Preparation of the polymer matrix
[ Sensors shaping I Molds fabrication with 3D printer TN (Ecoflex 00-30)
1.5 g (partA) + 1.5 g (part B)
G
U+ —
~ ="

Shieldex® Med-tex

1.5 g of polymer pouring T P|ezo1ressgtgﬁ;;grllzgﬁ?:éomng [T Sensors extraction

Figure 2.12: Schematization of the main steps involved in the fabrication of the two

piezoresistive textile sensors and their integration into the WD using a polymer matrix.
Adapted from [224].

e Sensors metrological characterization

After integration into the WD, the sensors were metrologically
characterized to evaluate their performance under static tensile loads and cyclic
loading and unloading conditions. A mechanical tensile testing machine (model
3365, Instron, MA, USA) equipped with a 500 N load cell was used to apply
strain to the sensors, with data recorded at an acquisition frequency of 100 Hz.
Resistance changes (AR) in the sensors were converted into voltage variations
(V) using a voltage divider circuit with a fixed resistor of 30 Q. The voltage

variations were captured using an external data acquisition board (NI — DAQ
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6009, National Instruments, USA). Two custom PLA anchoring clamps were
fabricated using 3D printing technology to ensure proper attachment during
testing. Static characterization involved applying a quasi-static tensile load to
the sensors to measure their response to strain. Each sensor was placed between
the clamps of the tensile machine and subjected to strain values ranging from
0% to 10% of their initial lengths (83.1 mm for sensor A at position m25-m28
and 73.3 mm for sensor B at position m66-m67). A 5 mm/min displacement rate
was used, and resistance changes were recorded over five consecutive trials. The
calibration® curve (AR vs €) was obtained by processing the collected data in
MATLAB®. From the calibration curve, static sensitivity* (S;) was calculated

as in equation 2.3.

S, = (2.3)

Moreover, the gauge factor (GF) was calculated as follows:

AR
R (2.4)

STI’L ax

GF =

For sensor A, S, was found to be 9.4 /% with a GF of 6.0 at a maximum
strain of 5%, while, at 10% strain, S, decreased to 7.2 Q/%, with a corresponding
GF of 4.7. For sensor B, S, was slightly lower, measuring 9.1 Q/% and 5.8 for
the GF at 5% strain, and 5.3 /% with a GF of 3.2 at 10% strain.

3 Calibration refers to the operation that, under specified conditions, in a first step, establishes
a relation between the quantity values with measurement uncertainties provided by measurement
standards and corresponding indications with associated measurement uncertainties and, in a
second step, uses this information to establish a relation for obtaining a measurement result
from an indication. The calibration curve is the expression of the relation between indication
and corresponding measured quantity value [222].

4. Sensitivity is defined as the quotient of the change in the indication of a measuring system
and the corresponding change in a value of a quantity being measured. [222].
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These GF values are higher compared to other sensors reported in the
literature, such as capacitive strain sensors [225] (GF below 1.5 with 100%
strain), weft-knitted strain sensors [226] (GF of about 1 with 20% strain), and
strain-sensing threads [227] (GF of about 2.5 with 50% strain). The sensors
underwent 30 loading and unloading cycles to simulate chest wall movement

during breathing.

A maximum strain of 5% of the initial length (4.2 mm for sensor A and 3.7
mm for sensor B) was applied. The tests were performed at four speeds
corresponding to RR values of 6 brpm (bradypnea), 12 brpm (eupnea), 24 brpm
(tachypnea), and 36 brpm (tachypnea).

The hysteresis span (%ey) was calculated as:

emax

%eH =

T 100 2.5)
Where e,,,,, represents the maximum resistance difference during loading
and unloading, and 7 is the sensor's full scale for the loop [149]. These values
were calculated to evaluate the difference between loading and unloading
resistance changes at the same strain level. For sensor A, the hysteresis span
decreased with increasing RR, measuring 24.9% at 6 brpm, 23.0% at 12 brpm,
20.8% at 24 brpm, and 20.4% at 36 brpm. Similarly, sensor B exhibited
hysteresis spans of 25.3% at 6 brpm, 25.1% at 12 brpm, 21.4% at 24 brpm, and
21.2% at 36 brpm. Curves for static and cyclic metrological characterization are

reported in Figure 2.13.
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A) Static metrological characterization
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Figure 2.13: (4) lllustration of the output response of the sensors integrated into the
WD under a quasi-static tensile load, with strain levels reaching up to 10% of their
initial length. (B) Visualization of the hysteresis cycles produced by the sensors when
subjected to cyclic loading at different simulated breathing frequencies: 6 bpm, 12 bpm,
24 bpm, and 36 bpm. Adapted from [224].

These results highlight the sensors' ability to respond accurately to both
static and dynamic loading conditions, maintaining consistent performance
across trials and demonstrating their suitability for applications involving cyclic

strain, such as respiratory monitoring.

e Pilot study on healthy volunteers

A pilot study was carried out on eight healthy volunteers (two men and six

women) to evaluate the performance of the WD during various conditions,
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including sitting, standing, and walking. The system consists of the two flexible
piezoresistive sensors embedded in the T-shirt, a signal conditioning board for
resistance-to-voltage conversion, and a data acquisition module (Feather MO
Adalogger Adafruit, USA). The signal conditioning board was connected to the
data acquisition module that was used to store data at an acquisition frequency
of 25 Hz. The conditioning and acquisition boards were enclosed in a PLA 3D-
printed case, placed on the back of the T-shirt. Flexible cables connected the
sensors to the conditioning board, maintaining a lightweight and wearable
design. The experimental setup also included the BioHarness chest strap to
collect reference respiratory waveforms with an acquisition frequency of 25 Hz.
Volunteers wore both the wearable and Bioharness systems during the protocol.
Synchronization was achieved using a 10 s apnea period at the beginning of the
protocol, followed by three testing phases: i) quiet breathing (60 s) and
tachypnea (60 s) in a sitting position; ii) quiet breathing (60 s) and tachypnea (60
s) in a standing position; iii) quiet breathing (60 s) during walking. A

schematization of the experimental setup and protocol is shown in Figure 2.14.

68



Chapter 2

A) Experimental set-up
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Figure 2.14: Experimental setup with flexible sensors integrated into the WD and a PLA
case housing the signal conditioning and data acquisition modules. The protocol
included quiet breathing and tachypnea in sitting, standing, and walking conditions,
with signals compared to those from the BH reference system. Adapted from [224].

Data collected from the flexible sensors and the Bioharness system were
first synchronized by aligning the inhalation endpoints after the apnea phase.
Non-respiratory components of the signals were attenuated using a first-order
Butterworth bandpass filter with cutoff frequencies of 0.01 Hz and 1.5 Hz,
ensuring the preservation of respiratory-related signal components across a wide
range of RR values, from bradypnea to tachypnea. The filtered signals were then

analyzed to determine the mean RR during each trial. For the flexible sensors
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positioned at the m25-m28 (sensor A) and m66-m67 (sensor B) rib cage links
and the reference system, the PSD was estimated with a resolution of 0.01 bpm.
The peak frequency in the PSD was multiplied by 60 to calculate RR in brpm.
This calculation was performed for each phase of the protocol, considering the
signals from each sensor individually. Also, the combined signal obtained by
summing the outputs of the two sensors was considered in the analysis. The
errors between the wearable and reference systems were calculated for each
protocol phase by averaging results across all subjects. These errors were
analyzed for individual sensors and the combined signal to evaluate the system's
performance. RR values per each posture calculated across subjects are reported

in Figure 2.15.
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Figure 2.15: Bar charts display the mean RR values across all subjects for Sensor A,
Sensor B, and the WS, representing the summed signal from both sensors. The results
are shown for all phases of the experimental protocol, along with their respective
standard deviations. Adapted from [224].

The WD demonstrated good agreement with the BH reference system in
measuring RR. When analyzed individually, sensor A outperformed sensor B in
sitting and standing conditions, with maximum errors of 0.1 brpm and 0.3 brpm,
respectively. During walking, sensor B exhibited better performance, with a
maximum error of 0.1 brpm compared to 1.9 brpm for sensor A. The use of the
combined signal (referred to as WS) improved accuracy. In all subjects, the
maximum error with the combined signal was 0.5 brpm during sitting

tachypnoea, lower than the maximum error of 3.1 brpm observed for sensor B
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during standing tachypnoea. The combined signal provided a more valid
estimate of RR, as it exploited data from two different points of the rib cage,

reducing the impact of potential artefacts from misalignment or movement.
Conclusion

The study describes the development of a smart T-shirt with flexible sensors
for monitoring RR. The design is based on analyzing chest wall deformations
during breathing using an optical system with reflective markers to identify the
optimal placement for piezoresistive sensors. Two positions were selected on the
anterior rib cage, considering the amplitude of deformations and the SNR. Based
on these findings, two flexible sensors were developed and integrated into the
T-shirt. Subsequently, the sensors underwent static characterization and repeated
load cycles. The metrological characterization of the piezoresistive sensors,
performed post-integration, demonstrated favorable GF values of 6.0 and 5.8,
surpassing comparable sensors in literature including capacitive strain sensors
(GF < 1.5) [225], weft knitted sensors (GF = 1) [226], and strain sensing threads
(GF = 2.5) [227].

A pilot study involving eight volunteers tested the system's feasibility under
static conditions (sitting, standing) and dynamic activities (walking, running,
climbing stairs) while simulating different breathing patterns. The results
showed a MAE of 0.32 bpm when combining the signals from the two sensors,
which was lower than the MAE for the individual sensors (0.53 bpm and 0.78
bpm). The dual-sensor configuration demonstrated advantages when one of the

sensors failed to adhere properly to the chest due to non-respiratory movements.

This study's strength lies in optimizing sensor placement, considering both
the amplitude and reliability of signals. Additionally, integrating sensors using a
polymer matrix enhanced their robustness and reduced the impact of external
factors such as humidity. This approach could be further enhanced by integrating
inertial sensors to assess the quality of respiratory data based on the subject’s

activity level. It is worth noting that preliminary tests for sensor placement
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optimization were conducted exclusively on male participants, while the final
evaluation of the T-shirt included both male and female subjects. Although this
second testing phase ensured evaluation across different body morphologies,
potential gender-related differences in chest wall deformation were not explicitly
analyzed. Future studies could further investigate these aspects to better tailor

the system for diverse body morphologies.

2.4. Conclusions

IMU sensors have been demonstrated to be feasible for monitoring cardiac
and respiratory parameters, highlighting their reliability for real-life health
monitoring applications. However, the accuracy of RR estimation remains a
challenge, particularly in dynamic conditions where movement artifacts and
postural changes significantly impact performance. The study showed that
physiological monitoring with IMU sensors is highly dependent on sensor
positioning and orientation, and identified the z-axis (dorsoventral) and MV
position as the best configuration for extracting raw cardiac and respiratory
signals, outperforming other axes and investigated regions of the torso. This
result is particularly relevant for monitoring cardiac activity where, while the z-
axis is widely used for this purpose in the literature [101], [109], [210], recent
reviews suggest that the X position remains the most frequently utilized
anatomical landmark for cardiac signal extraction [109]. For HR estimation, the
observed errors were lower than those reported in similar studies [213], [214],
highlighting the robustness of the proposed configuration for real-world

scenarios.

A comparison between accelerometers and gyroscopes placed in the MV
region was then conducted across different daily life activities, such as sitting,
standing, and walking. No significant differences in HR and RR estimation were
observed between the two sensors. However, the analysis revealed that the
choice of window length in frequency-domain analysis impacts performance.

Specifically, windows longer than 15 s yielded more stable and accurate
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estimates for both HR and RR. While the performance for HR estimation is
promising, RR estimation errors remain relatively high compared to those
achieved with other WDs, confirming the current limitations of IMUs for

respiratory monitoring, particularly in dynamic conditions.

To address these limitations, the study explored the use of piezoresistive
textile sensors as an alternative for respiratory monitoring. Integrated into
garments such as T-shirts, these sensors measure chest deformations during
breathing. Unlike IMUs, which are influenced by movements along three axes,
they have been shown to provide more accurate respiratory monitoring under
static and dynamic conditions. Additionally, embedding these sensors into a
polymer matrix has improved their durability and reduced external influences
such as humidity and mechanical stress, making them more suitable for long-
term monitoring in daily life. By leveraging data from two distinct chest wall
locations, this system achieved good agreement with reference measurements in
both static and dynamic scenarios, with MAE values for RR estimation
approximately 80% lower than those obtained with IMUs. Despite these
advancements, textile sensors also present some limitations. While they improve
RR monitoring, their performance could still benefit from further optimization,
particularly in highly dynamic contexts. Furthermore, their performance in

measuring act-act RR should be evaluated.

In conclusion, this chapter highlights the strengths and limitations of WDs,
including IMUs and textile-based systems, for monitoring cardiac and
respiratory parameters during daily-life activities. The analysis focuses on their
performance in real-world conditions, particularly on the influence of sensor
positioning, configuration, and the challenges posed by motion artifacts and
postural changes. The primary aim of this chapter is to identify the most suitable
sensor configurations to maximize monitoring reliability. The findings
contribute to a better understanding of how WDs can be optimized for specific
applications, providing a foundation for further developments of such

technologies.
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3

Chapter 3: IMU-Based Solutions for
Cardiac Monitoring in Clinical
Applications

3.1. Introduction

Cardiovascular diseases (CVDs) are a leading cause of morbidity and
mortality worldwide, driving the need for advanced technologies to improve
cardiac monitoring and diagnostics [228], [229]. Traditional approaches, such as
ECG, primarily target the heart's electrical activity and are used to detect
arrhythmias and assess cardiac function [51], [230]. However, these methods
offer limited insights into cardiac mechanics, which represent an equally
important aspect of cardiac performance [110]. Cardiac mechanics includes the
forces and movements generated by the heart, providing information about its
functional capacity and aiding in the diagnosis of conditions such as heart failure
and valvular pathologies [231]-[233]. While conventional techniques like
echocardiography and MRI remain the gold standard for evaluating mechanical
activity [234], [235], their application is often limited by high costs, the need for

specialized infrastructure, and their inability to provide continuous monitoring.

WDs, particularly IMUs, present an alternative approach to measure heart
mechanics [101], [109]. By leveraging the capability of SCG and GCG to
capture the mechanical activity of the heart through chest vibrations and
rotational movements, researchers have been able to derive information about

cardiac function [109], [175], [176]. These signals are especially valuable for
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quantifying characteristic CTIs, such as LVET and IVCT, which are useful for
diagnosing and monitoring various cardiovascular pathologies [101]. Several
studies have explored the utility of SCG and GCG in assessing cardiovascular
health. For instance, reductions in SCG amplitudes have been associated with
systolic dysfunction, offering a non-invasive means of evaluating left ventricular
contractility [236]-[238]. Similarly, alterations in GCG waveforms have been
linked to irregularities in the rotational mechanics of the heart, which are
observed in conditions such as hypertrophic cardiomyopathy and AS [191],
[239]. [126] demonstrated that SCG-based measurements of pre-ejection period
(PEP) and LVET correlated well with echocardiographic findings, supporting
their use as alternatives to imaging-based assessments. The combination of SCG
and GCG signals has enabled a more comprehensive evaluation of cardiac
mechanics [111], [240]. Furthermore, these signals have been used to study
HRYV, which reflects autonomic function and has applications in evaluating
conditions such as heart failure and arrhythmias [241]-[243]. For example, [244]
demonstrated that SCG signals could effectively monitor HRV in ambulatory

settings, suggesting their potential for long-term cardiovascular monitoring.

Recent advances in data processing have further enhanced the application
of SCG and GCG. Algorithms for feature extraction and pattern recognition,
including ML techniques, have been employed to classify individuals with
cardiovascular conditions, such as myocardial infarction and left ventricular
hypertrophy [240], [245], [246]. These methods allow for less costly and less
invasive diagnostics that do not require controlled environments, broadening

their applicability in real-world settings.

This chapter delves into two applications of IMU sensors in cardiac
monitoring. The first investigates their use in HRV extraction, leveraging the
mechanical signals captured by IMUs to derive HRV indexes. The second
examines the role of IMUs in classifying AS, a prevalent valvular pathology
requiring timely diagnosis to prevent disease progression. These studies

highlight how IMUs can be used in conjunction with conventional diagnostic
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methods to provide a more thorough examination of cardiac health by providing

understanding of the mechanical components of cardiac function.

3.2. IMU sensors for HRV extraction

The analysis of HRV is increasingly recognized in the clinical field as a
diagnostic tool for assessing cardiovascular health. HRV is the temporal
variations between consecutive heartbeats, known as inter-beat intervals (IBIs),
reflecting the balance between the sympathetic and vagal (or parasympathetic)
branches of the autonomic nervous system [247], [248]. These components
regulate HR: the first drives the "fight or flight" response by increasing HR,
blood pressure, and blood flow to muscles. Conversely, the parasympathetic
nervous system governs the "rest and digest" response by slowing HR and
promoting recovery. Together they maintain homeostasis by adapting to
physiological demands and are indexes of overall cardiac health. For instance, a
reduced HRV has been correlated with heightened risks of arrhythmias, heart
failure, and sudden cardiac death, underscoring its clinical relevance [249]-
[251]. Research shows HRV correlates with HR turbulence (HRT) and
ventricular arrhythmias, reflecting sympathovagal balance on cardiac dynamics
[252]. Additionally, HRV and HRT serve as predictive tools for post-myocardial
infarction risk assessment [253], [254]. In rehabilitation, HRV changes correlate
with improved exercise capacity after revascularization procedures [255]. HRV
also indicates stress resilience, with higher values associated with better stress

management and lower anxiety and depression risks [256].

Traditionally, HRV measurement relies on ECG signals, calculating IBIs
from the time between consecutive R-peaks. Recent technological advances
have introduced new approaches, such as IMU sensors [242], [257]. These
sensors bring advantages like portability, affordability, and simple integration
into WDs. These features make them appropriate for continuous HRV
monitoring in both clinical and everyday settings. In the literature, various HRV

indexes have been proposed, including linear metrics (time-domain and
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frequency-domain) and non-linear methods. While few studies have explored
the estimation of linear indexes using IMUs, non-linear indexes remain largely
unexplored in this context. This section investigates the use of IMU sensors for
the extraction of both linear and non-linear HRV indexes, providing an
evaluation of their potential in estimating IBIs and associated metrics across

different postures.

Methodology and Results

Twenty-one healthy volunteers (18 males, 3 females, height: 177£9 cm,
body mass: 74+15 kg) participated in the study. None of the participants had
cardiovascular or other systemic diseases that could affect HRV. Each
participant provided written informed consent before the experiment. An IMU
sensor (Xsens Technologies B.V., Enschede, Netherlands) was positioned at the
xiphoid process, the most used location according to literature. This sensor was
used to record mechanical signals, including SCG and GCG (full scale: £16 g
for accelerometer, and +2000°/s for gyroscope), which capture vibrations and
angular movements associated with cardiac activity [101]. The IMU sensor was
positioned with the x-axis aligned with the cranio-caudal direction, y-axis
aligned with the latero-lateral direction, and z aligned with the antero-posterior
(or dorsoventral) direction. A wearable chest strap (Zephyr Bioharness™)
recorded the reference ECG signal, providing R-peak intervals as ground truth
for the IBI calculation. Data collection occurred in two positions: a seated
posture and a supine posture. The IMU sensors sampled data at 120 Hz, while
the ECG device recorded at 250 Hz. Figure 3.1 shows the experimental setup

and protocol.
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Figure 3.1: Schematization of experimental setup, protocol, and main steps carried
out for data analysis. Adapted from [258].

Each participant underwent a 120 s data acquisition session in each posture.
Using the IMU sensor, SCG and GCG signals were collected along the three
axes. The data underwent preprocessing and analysis to extract IBI values for
HRYV analysis. A schematization of the main steps carried out for data analysis
is shown in Figure 3.1. The first step involved bandpass filtering the SCG and
GCG signals with a Butterworth filter (cutoff frequencies: 4 Hz — 30 Hz) to
isolate cardiac vibrations while reducing noise [98]. IBIs were calculated from
AOQ peaks, the most prominent feature in SCG and GCG signals, indicative of
the aortic valve opening (see Figure 3.1). To enhance these peaks, the Hilbert
envelope of the filtered signals was computed using a 330 ms sliding window.
This envelope underwent additional filtering between 0.05 Hz and 3 Hz to

include typical cardiac activity frequencies.
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To identify the most informative axis, the PSD of the envelope was
computed for each axis using a 30 s window with a 50% overlap. The axis with
the highest signal power in the 0.05-3 Hz frequency range was selected for
further analysis. Using this axis, AO peaks were detected through an algorithm
with specific time and amplitude thresholds: a minimum interval of 500 ms
between consecutive peaks and exclusion of peaks below 60% of maximum
signal amplitude. The IBIs were then calculated as the time intervals between
successive AO peaks, separately for both SCG (IBlaoao,scg) and GCG signals

(IBIaoao,GcG).

For the ECG signals, the Pan-Tompkins algorithm was used to detect R
peaks, as the reference for IBI calculations [209]. The IBIs were subsequently
computed as the time intervals between consecutive R-peaks in the ECG signal

(IBIgg).

Bland-Altman analysis was performed to compare the IBI values calculated
from SCG and GCG with those from the reference system, as shown in Table
3.1. Moreover, the Pearson correlation coefficient (i.e., R) was calculated per
each posture and signal collected with IMU sensor. The R value provides a
measure of the linear relationship between the IBIs derived from the IMU signals
and those obtained from the reference ECG, with values closer to 1 indicating
stronger positive correlations and, therefore, higher agreement between the

methods.

Table 3.1: Bland Altman analysis results and R coefficients for IBI calculated from SCG and
GCG, compared with those calculated with ECG

IBI analysis

Seated Supine
SCG GCG SCG GCG
R 0.96 0.93 0.99 0.99
MOD=LOAs [ms] -0.47+75.41 -0.18+105.34 -0.15+33.71 -0.13+26.43
Number of 2464 2464 2274 2274

detected beats
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The correlation analysis revealed strong linear relationships across all cases,
with R values exceeding 0.93 for all conditions. The supine posture yielded
better results compared to the seated position, likely because it reduced motion

artifacts and provided more stable sensor placement.

Subsequently, both linear and non-linear HRV indexes were calculated to
assess autonomic nervous system activity. Figure 3.2 shows the classification of
HRYV indexes from the analysis. The indexes fall into two main categories:
Linear indexes (subdivided into time-domain and frequency-domain methods)

and Non-Linear indexes.

! i « SD1
« SD2
Time domain Frequency domain «  SD1/SD2
« HFD
+  HR mean * LF * DFA
« SDNN « HF *  SampEn
« RMSSD » LF/HF

- pNN50

Figure 3.2: Classification of HRV indexes into Linear and Non-Linear categories.
Linear indexes are further divided into time-domain and frequency-domain methods.
Adapted from [258)].

The linear indexes were calculated using time-domain and frequency-

domain analyses. The time domain, the parameters included:

e Mean HR: The average HR throughout the recording period.

e Standard deviation of all IBIs (SDNN): This is a measure of overall
HRV, capturing both sympathetic and parasympathetic influences.
It reflects long-term HRV and is informative on heart's ability to

adapt to slow changes (e.g., circadian rhythms). Higher SDNN
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values suggest a healthy, responsive cardiac system, whereas lower

values can indicate health risks. This index is calculated as follows.

N
1 _
— L 2 3.1
SDNN N 12(13@ 1BI) (3.1
=

where IBI; represents the i-th inter-beat interval, IBI is the mean of all

IBIs, and N is the total number of IBIs.

e Root mean square of successive differences
(RMSSD): reflects short-term HRYV, primarily driven
by parasympathetic activity, and is sensitive to rapid changes in HR.

This index is calculated as in Equation 3.2.

N-1
1
RMSSD = mZ(IBIi+1 — IBI;)? (3.2)
i=1

e Percentage of successive IBIs differing by more than 50 ms
(pNN50): highlights parasympathetic modulation and = short-term
variability. Like RMSSD, higher pNN50 values indicate greater
parasympathetic modulation and healthy short-term variability. It is

calculated as in Equation 3.3.

N
pNN50 = —

-100 (3.3)
TOT
where N, represents the number of successive IBIs that differ by more than

50 ms, and Nyor is the total number of IBIs in the dataset.

To further assess HRV, frequency-domain indexes were calculated,
measuring the power distribution across specific frequency bands. These bands

include:
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e Very Low Frequency (VLF): reflect slower oscillations in HR, in range
0.003 Hz-0.04 Hz. It provides information on slow physiological
processes. High VLF power is generally interpreted as indicative
of increased sympathetic activity or factors related to thermoregulation

and hormonal influences.

e Low Frequency (LF): represent oscillations in HR with frequencies
ranging from 0.04 Hz to 0.15 Hz. It represents a combination of

sympathetic and parasympathetic activity.

o High Frequency (HF): correspond to oscillations in HR with frequencies
ranging from 0.15 Hz to 0.4 Hz. HF power is a marker
of parasympathetic activity and is influenced by respiratory sinus
arrhythmia, where HR naturally fluctuates with the breathing cycle. High
HF values are commonly observed during restful states, such as
relaxation, meditation, or recovery after physical activity, highlighting

a state of physiological rest and recovery.

Additionally, the LF/HF ratio was calculated to assess the balance between
sympathetic and parasympathetic contributions. Higher LF/HF values indicate
increased sympathetic ~dominance, whereas lower values suggest

parasympathetic predominance.

Non-linear indexes were computed to analyze complex patterns in HRV

using the Poincaré¢ plot. These included:

e SDI1 (short-term variability): The standard deviation of points
perpendicular to the line of identity of the Poincar¢ plot, reflecting
short-term HRV driven by parasympathetic activity. Hence, Higher
SD1 values indicate stronger parasympathetic modulation.

e SD2 (long-term variability): The standard deviation of points along
the line of identity. It reflects the long-term HRYV, regulated by both
sympathetic and parasympathetic activity. High SD2 values indicate
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adaptability of the cardiovascular system to slower regulatory
changes.

e SDI1/SD2 ratio: A measure of the balance between short-term and
long-term variability, revealing the interplay of autonomic nervous

system regulation.
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Figure 3.3: A representative Poincare plot. n: number of IBls

Other non-linear indexes were calculated to evaluate the complexity, scaling

properties, and irregularity of the RR interval series. These included:

e Higuchi Fractal Dimension (HFD): quantifies the fractal dimension
of HRV over time, and the dynamical behavior of IBIs. Higher HFD
values indicate a higher level of complexity and variability in heart
dynamics, often associated with healthy physiological states.
Conversely, lower HFD values suggest a loss of complexity, which
can be a marker of pathological conditions or reduced autonomic
control [259].

e Detrended Fluctuation Analysis (DFA): evaluates the fractal-like
scaling properties of HRV by analyzing the existence of patterns

across varying time windows. The a-scaling exponent characterizes
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the signal: anti-correlated patterns showing randomness (a < 0.5),
typical of acute stress or disfunctions; fractal-like behavior (0.5 <
a < 1), indicating healthy systems; and strongly correlated or
pathological dynamics (a > 1.0), often associated with chronic
conditions or the effects of aging [260].

Sample Entropy (SampEn): measures how irregular and
unpredictable a signal is by calculating the likelihood that similar
patterns will stay consistent over time. Higher SampEn values
indicate greater complexity, while lower values indicate more
regularity, which often suggests pathological conditions or reduced

physiological flexibility [261].

Mean and standard deviation values for all HRV indexes were derived

across the 21 volunteers. To assess statistical significance, one-way ANOVA

test was assessed, comparing ECG values with those from SCG and GCG. p-

values below 0.05 were considered to indicate statistically significant

differences

between groups. Table 3.2 and Table 3.3 summarize the mean and

standard deviation values of HRV indexes derived from ECG, SCG, and GCG

measurements, including both linear (time and frequency domains) and non-

linear metrics.

Table 3.2: Mean and standard deviation of HRV linear indexes calculated with time domain (SDNN,

RMSSD, pNN50) and frequency domain (LF,HF,LF/HF) analysis.

*:statistically significant (p <0.05)

Seated Supine
HRY index
ECG SCG GCG ECG SCG GCG
Hﬁ):‘;i‘“ 713349.93  71.3049.96  71.3249.93  682949.11  68.2949.10  68.29+9.10
SDNN [ms] 67.32433.66 802843544  8121+50.85 655043242  71.02435.64  66.75+31.77
RMSSD [ms]  55.0043526 814444621 84.31+72.18  58.85+34.50  69.73+4547  58.40+34.70
PNN50 [%] 30.06£22.76  41.77424.14  40.64+23.77 268742336 36.77+25.09  32.36:22.94
pLF [%] 56.27+20.80  46.40+18.28 504242243  5550+18.91  4836+19.16  54.12+17.89
pHF [%] 43.72420.80 56.80417.85 49.57+22.43  44.40£18.91  51.63+19.16  45.87+17.89
LF/HF 2264278 0.96+0.73°  1.47+123 1.69+1.19 1.24+0.92 1.54%1.05
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Table 3.3: Mean and standard deviation of HRV non linear indexes. *:statistically significant (p <0.05)

Seated Supine
HRY index
ECG SCG GCG ECG SCG GCG

SD1 [s] 0.05+0.03 0.05+0.03 0.05+0.05 0.0440.02 0.04+0.03 0.04+0.02
SD2 [s] 0.09+0.04 0.09+0.04 0.09+0.05 0.08+0.04 0.08+0.04 0.08+0.04
SD1/SD2 0.59+0.24 0.54+0.16 0.58+0.26 0.4340.17 0.56+0.23 0.49+0.21
HFD 1.92+0.09 1.90+0.09 1.90+0.09 1.8440.10 1.89+0.09 1.87+0.10
DFA 0.69+0.22 0.74+0.21 0.74+0.25 0.90+0.26 0.77+0.26 0.84+0.28
SampEn 1.72+0.38 1.76+0.45 1.83+0.48 1.53+0.28 1.83+0.49 1.64+0.29

The supine posture demonstrated stronger agreement with the reference
ECG, with HRV indexes from SCG and GCG showing closer alignment to the
reference values for both linear and non-linear metrics. The only statistically
significant difference was observed in the seated posture, where SCG showed a

discrepancy in the calculation of the LF/HF ratio compared to ECG.

Moreover, R values were calculated using ECG-derived HRV indexes as
the reference, as shown in Figure 3.4. To evaluate performance, the HRV
indexes were calculated both using both our optimized axis selection presented
above (Figure 3.4a), and the conventional axes from literature (z-axis for SCG

and y-axis for GCG, as shown in Figure 3.4b).

(a) (b)
HR mean | 100 1.00 1.00 oo ([ ] HR mean | 100 1.00 1.00 w0 [ ]

SDNN | 086 0.88 098 1.00 109 SDNN | 098 0.77 0.96 0.85 109
RMSSD| 070 0.80 092 098 Jos  RMSSD| 094 062 085 075 los
pNN5O | 077 087 093 094 los pNNSO | 0.90 071 090 091 |y

pLF| 061 0.89 092 096 pLE| 084 040 0.89 089
pHF | 0.6l 0.89 092 0.96 106 pHF | 084 0.40 0.89 0.89 06
LEHF - 078 088 097 1o0s LF/HF | 041 039 085 085 05
SDI| 070 0.80 092 098 Loa SDI| 094 062 085 075 s

sp2| 094 094 1.00 1.00 sp2| 099 0.90 099 0.90
SDI/SD2 | 051 065 079 090 1°% spusp2| o078 041 083 071 1°°
HFD | 078 095 0.96 097 02 HFD | 085 078 093 095 02
DFA | 069 031 0.94 098 o1 DFA | 0388 052 094 0.90 o1

SCGSealed GCGSealed SCGSupine GCGSupine SCGSeﬂled GCGSealed SCGSupine GCGSupine

Figure 3.4. Correlation coefficients (R) calculated using ECG-derived HRV indexes as
the reference. Panel (a) shows the results from the optimized axis selection described

above, while panel (b) represents the conventional axes used in the literature, with the
z-axis selected for SCG and the y-axis for GCG. Adapted from [258].
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For the optimized axis selection, all measurements showed positive R
values, with higher correlations found in the supine compared to seated position.
Also, GCG signals showed higher correlations compared to SCG in both
postures. Linear HRV indexes from both SCG and GCG correlated with
reference values, with SCG showing the lowest R value of 0.92 in supine
position and 0.22 in seated position. Non-linear indexes also demonstrated
strong correlations, except for the SampEn, which ranged from 0.19 to 0.40.
Among other non-linear measurements, the SD1/SD2 ratio showed the lowest
correlations in both seated and supine posture. Considering the comparison with
the analysis conducted using conventional axes, it emerged that selecting
optimized axes resulted in stronger correlations with reference ECG values than

those achieved with literature-based axes, particularly in the supine position.

The findings presented in this section highlight the potential of IMU sensors
for capturing mechanical signals and deriving both linear and non-linear HRV
indexes. The subsequent section explores another application of IMU-based

measurements in clinics: the classification of AS.

3.3. IMU applications for aortic stenosis
classification

AS is among the most common valvular heart diseases, particularly
affecting the elderly population [262]-[264]. This condition is defined by a
progressive narrowing of the aortic valve, which obstructs blood flow from the
heart into the systemic circulation. Clinically, it manifests with symptoms such

as fatigue, chest pain (angina), and heart failure [265], [266].

Traditionally, AS diagnosis is primarily based on imaging techniques such
as Doppler echocardiography, which allows for the quantification of parameters
to classify disease severity [264], [267]. According to clinical guidelines, AS
severity is classified as [268]-[270]:

86



Chapter 3

e Mild: blood flow velocity < 3.0 m/s, the mean pressure gradient <
20 mmHg, and the aortic valve area (AVA) > 1.5 cm?.

e Moderate: blood flow velocity between 3.0 m/s and 4.0 m/s, the
mean pressure gradient between 20 mmHg and 40 mmHg, and AVA
is between 1.0 and 1.5 cm?.

e Severe: blood flow velocity > 4.0 m/s, a mean pressure gradient >

40 mmHg, and an AVA < 1.0 cm?.

Although these diagnostic methods are robust and widely adopted, they
have inherent limitations. These include high costs, reliance on specialized
equipment and trained operators, and operator dependency, where diagnostic
outcomes can vary depending on the individual conducting the procedure [271].
Their limited portability makes them less accessible for widespread or point-of-
care use. Furthermore, AS is frequently diagnosed at advanced stages,
emphasizing the need for more accessible and portable diagnostic systems to

facilitate early detection [272].

In this context, IMU sensors offer a promising approach for evaluating
cardiac mechanics and valve function through wearable technology. While these
sensors have demonstrated utility in diagnosing various cardiac conditions
including valve disorders, myocardial infarction, atrial fibrillation, and heart
failure [202], [240], [273], [274], research specifically on AS classification
remains limited. Current studies primarily rely on sensors placed on straps or
bands around the thoracic cage, typically at the center of the sternum [246],
[275]-[277]. This approach presents challenges in reproducibility across studies
and is susceptible to placement errors and displacement during measurements.
Furthermore, existing research on AS classification using cardio-mechanical
recordings has consistently required synchronized ECG signals to interpret SCG
and GCG patterns [246], [275]. This dependency limits the understanding of
how SCG and GCG could be used independently for AS diagnosis. Previous
research has also overlooked the potential benefits of exploring multiple sensor

positions on the ribcage for signal acquisition.
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This section introduces a novel approach employing multi-site SCG and
GCQG signal recordings from skin-interfaced IMU sensors placed at five thoracic
locations. The method uses ML and DL techniques to distinguish AS patients
from healthy controls, determine the best sensor positions, and explore whether

combined SCG and GCG signals could provide ECG-independent AS diagnosis.

Methodology

Two distinct groups of participants were enrolled: 15 healthy individuals (4
males and 11 females, age: 26 + 3 years, body mass: 61 + 10 kg, BMI: 21 + 2
kg/m?) and 15 patients diagnosed with AS (8 males and 7 females, age: 80 + 12
years, body mass: 72 + 14 kg, BMI: 26 £+ 5 kg/m?). Among the AS patients, 14
had severe AS, and one had moderate AS, as determined through
echocardiographic evaluations by specialized clinicians. Following established
clinical guidelines, these assessments included hemodynamic measurements

during left heart catheterization.

Cardiac-induced accelerations and angular velocities were recorded using
commercial IMU sensors (Xsens Technologies B.V., Enschede, Netherlands)
positioned at five cardiac auscultation points on the thorax: the AV, PV, MV,
TV, and X. An expert physician placed all sensors to ensure consistent
positioning across subjects. Each sensor embeds a triaxial accelerometer and a
triaxial gyroscope, allowing simultaneous recording of SCG and GCG signals
along three axes: x (cranio-caudal), y (latero-lateral), and z (antero-posterior or

dorsoventral). The sampling rate was 120 Hz.

Data for the healthy group were collected at the University Campus Bio-
Medico di Roma. Participants were instructed to lie supine while SCG and GCG
signals were recorded for 120 s. For the AS group, data acquisition occurred
during cardiac catheterization procedures before transcatheter aortic valve
implantation (TAVI) at the Cardiology Unit of the Fondazione Policlinico
Universitario Campus Bio-Medico di Roma. Signal acquisition coincided with

intracardiac pressure measurements. From the one-hour recordings, 120 s
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segments were selected, ensuring both minimal motion artifacts and clear
cardiac peaks. A schematization of the experimental setup and protocol is

depicted in Figure 3.5.

Experimental set-up and protocol
Machine Learning methods (d)
AS group (©) .

- A i s e i
§7;’ ‘T\\T‘WWMMWumwmmmwmwmw‘\Www'wrr” i
. o0 e ™™ Healthy group

=

Figure 3.5. Experimental setup (a) and protocol (b) used for testing AS patients and the
healthy group. Additionally, the ML and DL techniques employed for data analysis are
illustrated (d). Adapted from [278].
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The SCG and GCG signals underwent preprocessing using MATLAB
2023a. A finite impulse response (FIR) band-pass filter with cut-off frequencies
of 0.1 Hz and 30 Hz was applied to isolate cardiac mechanical activity [98]. The
filtered signals were then resampled to 60 Hz, reducing computational
complexity. For analysis, the signals were segmented into overlapping frames
using 10 s windows with 80% overlap, resulting in a 2 s shift between
consecutive segments. This process divided each 120 s recording into 56 frames,
with each frame containing data from all three axes. These frames served as

independent samples for subsequent analysis.

Frequency and time-frequency domain features were extracted from the
segmented signals. PSD analysis provided frequency-domain features, while the
short-time Fourier transform (STFT) generated time-frequency representations.
The STFT employed a frequency resolution of 1/3 Hz and subframes of 3 s with
a 98% overlap, producing three-dimensional tensors containing time-frequency
and amplitude information across all axes. The PSD features comprised 90

components, while the STFT representations were structured as 3D tensors.

&9



Chapter 3

For classification between AS patients and healthy controls, both classical
ML and DL techniques were employed. Classical ML methods included support
vector machines (SVMs) with Gaussian kernels and ensemble-based techniques
such as random forests (RF) and AdaBoost (AB), which were applied to PSD-
derived features from SCG and GCG signals. For DL analysis, convolutional
neural networks (CNNs) were trained on STFT-derived features. Pre-trained
architectures, including ResNet18, InceptionV3, and DenseNet201, were fine-
tuned for binary classification. Transfer learning was employed to adapt these
networks, modifying their final layers for the task at hand and fine-tuning
preceding layers with the training data. A score-fusion strategy was implemented
to combine SCG and GCG data. Separate networks were trained on each signal,
and their normalized prediction scores were averaged to produce a single

classification decision for each frame.
Results

This study aimed to evaluate how well SCG and GCG signals could classify
AS patients versus healthy individuals, using the signals both separately and
together. A 5-fold cross-validation approach was employed to ensure the
robustness of the results and the generalizability of the developed models. In
each fold, the data were split into three parts: 70% for training (21 subjects),
10% for validation (3 subjects), and 20% for testing (6 subjects). The testing set

remained separate from the training and validation data.
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Table 3.4: Recognition performance, in terms of accuracy (mean + standard deviation, in %), for a
single frame lasting 10s used as a probe, considering SCG and GCG sensors placed at different
positions, and different classifiers. The best-performing results for each input type and sensor
position are highlighted in bold.

Classifier

SVM RF AB RN18 1V3 DN201
PV 80.8+5.6% 77.7+6.0%  77.3+6.8%  78.1£6.2%  75.7£7.7%  77.5+6.8%
AV 77.7+£71%  67.4+6.0% 69.4+6.9%  72.9+5.6%  68.7+6.8%  69.1+7.8%
SCG X 74.5+£6.9% 67.1£5.9%  62.748.5%  69.1£6.6%  67.3+7.1%  62.7+7.6%
MV 92.3+£3.9% 86.242.7%  84.6+3.3%  86.5+3.9%  84.1+3.6%  85.8+4.3%
TV 75.546.6%  72.946.3%  75.9+6.2% 77.4+6.1%  73.7+7.4%  73.4+6.7%
PV 92.1+£3.4%  82.1+3.8%  82.4+5.5%  84.144.6%  83.2+3.9%  84.5+4.2%
AV 83.4+6.8%  79.1+52%  78.5+5.8%  79.6+4.7%  78.9+4.0%  78.1+5.2%
GCG X 84.7+5.4%  78.4+7.3%  75.448.0%  79.2+3.3%  78.9+3.8%  81.9+3.6%
MV 74.944.5%  72.442.6%  76.2+3.5%  78.3+6.3%  78.1+7.7%  75.5+8.7%
TV 83.943.4%  79.546.2%  79.0+4.8% 85.1+4.9%  84.8+5.3%  83.8+5.6%
PV 92.8+3.2%  83.1£3.4%  85.5+4.7%  85.7£5.1%  89.844.1%  86.9+4.4%
AV 84.6+5.6%  79.8+54% 78.7+5.7%  82.3+4.8%  82.844.5%  81.2+5.4%
SCG+GCG X 85.0+4.9%  80.2£5.8%  78.4+7.2%  79.6£3.8%  81.4+4.1%  79.9+4.2%
MV 93.5+£2.6% 86.8£1.9%  87.1+2.8%  87.6+4.5%  85.5+4.2%  86.7+4.8%
TV 84.1+3.6%  81.944.9% 84.6+4.4% 86.1+4.1%  87.6£5.9%  86.4+5.8%

Signal Position

Table 3.4 shows that SCG signals achieved the highest classification
accuracy at the MV position, while GCG signals performed best at the PV
position. GCG signals generally outperformed SCG signals across most sensor
locations. Combining SCG and GCG data enhanced classification performance
and reduced positional variability. The PV and MV positions proved most
effective, integrating accelerometer and gyroscope data achieving consistent

performance across all placements.

Statistical analysis using ANOVA and Tukey's honest significant
difference (HSD) tests revealed several findings. For SCG signals at the MV
position, ANOV A showed significant differences (p =2.18%) between the SVM
classifier and other methods. Similarly, for GCG signals at the PV position,
ANOVA (p = 1.15%) indicated significant differences between SVM and other
classifiers. Combined SCG and GCG data analysis at PV and MV positions (p =
1.84% and 2.79%, respectively) showed significant differences between SVM
and RF at PV and between SVM and all classifiers except RN18 at MV.

Further ANOVA testing examined sensor placement effects on
classification accuracy. SCG signals showed significant differences (p = 0.14%)

between MV and other positions, while GCG signals revealed significant
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differences (p = 1.45%) between PV and MV positions. Combined SCG-GCG
data analysis (p = 1.28%) showed significant differences between PV/MV and

AV positions, emphasizing the importance of optimal sensor placement.

A final enhancement attempt combined SVM and RN18 classifiers by
normalizing and summing their independent prediction scores. As detailed in
Table 3.5, this approach improved classification performance, particularly at PV
and MV positions. ANOVA testing (p = 0.96%) confirmed significant

performance differences between PV/MV and AV positions.

Table 3.5: recognition performance, in terms of accuracy (mean =+ standard deviation, in
%), for a single frame lasting 10 s used as probe, jointly exploiting SCG and GCG
signals, and both SVM- and RN18-based classifiers.

Position Accuracy Precision Recall F1-score
PV 93.9+3.2% 95.37+2.0% 92.1+4.8% 93.5+3.5%
AV 85.24£5.1% 86.354+6.1% 87.1£5.6% 85.6+4.5%

X 87.2+5.7% 86.03+5.9% 89.5+4.9% 87.7+5.4%
MV 93.7£2.7% 96.18+2.1% 90.9+4.4% 93.3£2.9%
TV 87.5+3.8% 87.24+5.1% 89.2+3.3% 87.8+4.0%

Subsequently, how higher acquisition durations affected classification
accuracy was evaluated. While previous results used 10 s SCG and GCG frames
(obtained through signal windowing), calculating prediction scores with longer-
duration frames enhanced model robustness. Figure 3.6 shows that 40 s
acquisitions achieved classification accuracies above 95% for data from PV and
MYV positions. X and TV positions reached accuracies above 90% at this
duration, while the AV position showed consistently lower classification
performance. These results show that longer recording durations and optimal

sensor positioning are important for accurate diagnostic results.
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Figure 3.6. Mean recognition accuracies obtained from cross-validation tests for
increasing probe durations, leveraging SCG and GCG signals as inputs to SVM- and
RNI18-based classifiers. The results from different frame analyses are combined at the
score level. Adapted from [278].

3.4. Conclusions

This chapter explored the potential of IMU sensors in cardiac monitoring in
clinical field, focusing on two applications: HRV analysis and the classification

of AS.

In HRV analysis, the findings demonstrated that IMU sensors can derive
both linear and non-linear HRV indexes from mechanical signals. The results
revealed strong correlations with ECG-derived reference values, particularly in
the supine posture. These results highlight the feasibility of IMUs for continuous
HRYV monitoring, with potential applications in evaluating autonomic nervous

system function, stress resilience and cardiovascular rehabilitation.

In AS classification, IMU sensors placed at different locations on the chest
wall demonstrated significant diagnostic potential by integrating ML and DL
techniques. When analyzing SCG and GCG signals individually, the highest
classification performance was achieved at the PV and MV locations using SVM

and RN18 with a measurement duration of 10 s. Combining SCG and GCG
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signals led to a slight enhancement in classification performance, with the best
results still observed at PV and MV using SVM with a 10 s measurement
window. Additionally, extending the measurement duration further increased
classification accuracy. The best overall results were obtained with a 40 s
measurement window, leveraging both SCG and GCG signals jointly at the PV
and MV locations, using a combination of SVM and RN18. The classification
of AS in this study was based on comparisons between subjects with severe
stenosis and healthy individuals, which limits the assessment of its ability to
distinguish AS from other cardiovascular conditions. While the results highlight
the potential of IMU sensors for AS detection, further studies are required to
validate their diagnostic capabilities across a broader spectrum of cardiac
disorders. Expanding the dataset to include individuals with mild to moderate
AS, as well as those with other cardiac pathologies, would provide a more

comprehensive evaluation of the method’s specificity and clinical applicability.
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4

Chapter 4: Wearable Sensors for
Respiratory Monitoring in Sports
Science

4.1. Introduction

Respiratory monitoring holds significance in sports science, providing
information about athletes’ physical performance, recovery, and overall well-
being. The RR, in particular, although often overlooked, has gained recognition
as an important physiological variable due to its strong association with
perceived exertion and exercise tolerance [279], [280]. Unlike other parameters
such as HR or oxygen uptake, RR responds rapidly to changes in exercise
intensity, providing real-time feedback on physical effort, especially during
intermittent and high-intensity activities [131], [281]. This makes RR
particularly relevant for sports characterized by variable workloads, such as
cycling, soccer, and other team sports. Additionally, RR is modulated by non-
metabolic factors and is considered the behavioral component of minute
ventilation, offering information from tidal volume that is, instead, influenced
by metabolic inputs [67], [282], [283]. Despite its many advantages, monitoring
respiratory activity has been often neglected in sport due to the limited
availability of devices capable of measuring it without impeding the athlete's
movement. Furthermore, many commonly available commercial devices fail to

provide sufficiently accurate measurements.
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The increasing availability of WDs has transformed how respiratory
parameters are monitored in sports. WDs can measure continuously RR in real-
world settings, overcoming the traditional limitations of laboratory-based
methods [127], [284]. Among the various approaches, sensors that measure
breathing activity from chest wall movements, such as strain-based, capacitive,
or inductive sensors, are gaining popularity [17], [186], [285]-[289]. They are
commonly integrated into garments or straps, providing an unobtrusive way to

monitor RR during physical activities.

Despite their promise, the use of WDs for respiratory monitoring in sports
presents several challenges. Motion artifacts caused by dynamic activities, such
as running or sudden changes in direction, can affect signal quality. Furthermore,
different sports introduce challenges to sensor performance, requiring sport-
specific validation of these technologies. Additionally, WDs often struggle to
capture breath-by-breath rapid RR variations during training sessions with
fluctuating intensity, limiting their effectiveness in dynamic sports scenarios.
This issue becomes increasingly relevant with the growing interest in voluntary
modulation of breathing patterns during exercise, where breath-by-breath RR
estimation plays an important role in understanding performance adaptations

[290], [291].

This chapter delves into the development and application of WDs for
respiratory monitoring in sports, with a particular emphasis on overcoming the
challenges posed by dynamic, real-world scenarios. These challenges are tackled

through two distinct approaches.

The first approach (presented in Section 4.2) involves the development of a
smart facemask designed to minimize the influence of motion artifacts on the
respiratory signal. The objective of this approach is to propose a system that
ensures high accuracy in RR measurement by minimizing the impact of motion
artifacts. This is achieved by positioning the sensor close to the airways,

allowing the system to monitor airflow directly rather than relying on body
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deformations that are more susceptible to noise. Additionally, the design
prioritizes user comfort, ensuring minimal interference with athletic
performance and making it suitable for real-world sports applications. However,
due to its placement, it may be less practical for extended use due to potential

discomfort during prolonged or high-intensity activities.

The second approach (presented in Section 4.3) focuses on improving
signals collected with chest-worn devices, which are widely used in sports due
to their accessibility and comfort. These devices, however, often fail to provide
useful information, such as breath-by-breath RR, and their measurements can
lack accuracy. To address these limitations, new algorithms have been
developed and implemented, extending the devices’ capability to provide more

accurate RR values.

Through these complementary solutions, the chapter outlines a strategy to
address the limitations of respiratory monitoring in sports contexts, offering

advancements for dynamic, real-world applications.

4.2. Design and development of a smart facemask for
respiratory monitoring in sports

The accurate monitoring of RR during physical activities is useful for
understanding an athlete's physiological responses and optimizing performance.
While traditional methods for RR measurement are effective in controlled
laboratory environments, their limitations in real-world sports settings have
driven the development of new wearable solutions. Among these, facemasks
equipped with integrated sensors offer an advantage by positioning the sensing
elements close to the airways [292], [293]. This placement enables direct
monitoring of airflow, reducing the susceptibility to motion artifacts that affect

chest-mounted devices [127].

The development of a smart facemask for sports applications requires a

consideration of both sensor performance and user comfort. To ensure minimal
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interference with athletes’ performance, the facemask design must balance
accuracy with ergonomic principles, enabling athletes to wear the device during
high-intensity activities without discomfort. This section details the design and
working principle of a smart facemask, the laboratory bench tests performed to
assess its performance, and the validation studies conducted with cyclists under
real-world conditions. These steps aim to demonstrate the effectiveness of the
facemask in providing reliable RR measurements during dynamic and

demanding sports scenarios.

4.2.1. Design and working principle

The system comprises four main units, as shown in Figure 4.1, and as

detailed below.
.................................................................... CASE UNIT e s ssssssssss s
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Figure 4.1: Diagram of the system architecture showing the main components (remote
base station, central data logger, sensor unit, and case unit) along with their respective
modules. Adapted from [294].
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1. Sensor Unit: comprising three modules:

e A breathing module featuring an NTC (negative temperature coefficient)
radial glass thermistor (G10K3976B1), designed to monitor respiratory

activity by measuring the temperature of exhaled air (Tgy;).

¢ A motion module with a triaxial accelerometer (Bosch BMI160).

e Anexternal temperature module consisting in a temperature sensor

(NCP15XH103F03RC) to record ambient temperature (TE).

2. Central Data Logger: a lightweight electronic board that integrates Bluetooth
Low Energy technology, the motion module, and the external temperature
module. Also, it has an internal memory to store data collected at a sampling

frequency of 50 Hz.

3. Remote Base Station: a Raspberry Pi system for managing the central data

logger and store data.
4. Case Unit: designed with two detachable modules:

e The pull-out module, a 3D-printed 'spoon-shaped' housing for the sensor
unit and data logger.

e The core module, a 3D-printed facemask made from thermoplastic
polyurethane (TPU), was designed to hold the pull-out module. It has
been realized with a 40 mm diameter front hole to minimize airflow
resistance. It is washable and equipped with adjustable headbands for a

proper fit.

The subsequent discussion focuses solely on the components related to the

respiratory monitoring, excluding the motion module.

The operating principle relies on monitoring breathing by detecting
temperature variations experienced when breathing module is exposed to the
respiratory airflow. At this aim, the smart facemask integrates a temperature

sensor embedded into the pull-out module. Its design ensures that most of the
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exhaled airflow is channeled directly toward the temperature sensor, maximizing
its interaction with the respiratory airflow and enabling the detection of
temperature variations caused by it. The sensor operates based on its resistance
(R), which varies inversely with temperature (T). In the absence of Tgy,,, such as
when the facemask is not worn or during apnea, the respiratory module is
exposed solely to TE, resulting in stable T and R signals. During exhalation, the
sensor detects airflow at a temperature close to the Tgy,, approximately 37 °C.
The functional behavior of the facemask during the expiratory phase can thus be

described as follows:

- If Tgyp > T, the resistance of the respiratory module decreases.
- If Ty, < T, the resistance of the respiratory module increases.

- If Tgyp = T, the resistance of the respiratory module remains stable.

Time (s)

Figure 4.2: Example of a normalized resistance signal (A) and the corresponding
normalized temperature signal (B) recorded during breathing with the smart facemask.
The normalized signal (C) was collected from the reference flowmeter used for
validation. In all signals, the segment a—b shows the end-inspiratory apnea, c—d
represents the expiratory phase, and d—e marks the inhalation phase. Adapted from

[294].
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During the inhalation phase, the temperature sensor is once again exposed
to TE, making this a 'passive' phenomenon. A schematization of the main

characteristics of the R and T signals is reported in Figure 4.2.

4.2.2. Laboratory bench test

To validate the feasibility of the smart facemask for RR monitoring,
preliminary tests were conducted under controlled laboratory conditions to
simulate a wide range of RR values. Specifically, the system's performance was
examined at different simulated respiratory flows ranging from 5 brpm to 75
brpm in steps of 10 brpm. Per each imposed frequency 10 breaths were
simulated. A mechanical ventilator (SERVO VENTILATOR 300, SIEMENS)
generated airflow simulating the breaths. This airflow was then heated and
humidified using a humidifier (MR850ALU, Fisher&Paykel HEALTHCARE),

ensuring a temperature of 37 °C and 100% relative humidity.

The system was set up by enclosing the facemask in a polylactic acid (PLA)
box, as schematized in Figure 4.3. To maintain stable conditions and minimize
the influence of external temperature, it was kept constant at approximately
25°C. Airflow from the mechanical ventilator and humidifier entered through
the front opening of the box, interacted with the thermistor in the facemask, and
exited through the rear opening connected to a lung simulator. The simulator

captured and returned the flow to the ventilator, creating a closed-loop system.
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Figure 4.3: schematization of the experimental setup (a) used for the in-laboratory
testing of the smart facemask. Also, the signal collected during the bench test (b) and
the signal processing steps (c) are reported. brpm: breaths/min Adapted from [294].

The signal collected with the facemask was band pass filtered between 0.01

Hz and 2 Hz, a range that captures typical RR values (from 0.6 brpm to 90 brpm)

while reducing low-frequency drift and high-frequency noise. Then end-

expiratory peaks, identified as local maxima in the T signal, were detected using

amplitude and time thresholds. Peaks exceeding 2% of the maximum peak-to-

peak amplitude and separated by at least 0.5 s were classified as valid breathing

events. The respiratory period (TR) was calculated as the time interval between
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consecutive events, and the breath-by-breath RR was determined as 60/TR.
Then, the average RR for each test was calculated and compared to the target

values set on the mechanical ventilator. The measured values were reported as:
RR,casurea = RR + 8RR 4.1)

where RR represents the average value of the measurements, and 8RR is the

uncertainty’ calculated using Student’s distribution at a 95% confidence level.

Comparison of Set and Measured RR

80 -
® SetRR (X
70| @ Measured RR
[ X
60 -
s

50 -
2,40
2 2

30

o=
20
:.
10
e
0 Il Il Il Il Il Il Il Il I
0 1 2 3 4 5 6 7 8 9

Figure 4.4: Comparison between RR values set on a mechanical ventilator (Set RR) and
those measured by the smart face mask (Measured RR). Error bars represent
meanxuncertainty; brpm: breaths/min. Adapted from [294].

The results presented in Figure 4.4, indicate a strong agreement between the
RR values set on the mechanical ventilator and those measured by the smart

facemask.

> According to the Guide to the Expression of Uncertainty in Measurement (GUM), uncertainty
is defined as "a parameter associated with the result of a measurement that characterizes the
dispersion of the values that could reasonably be attributed to the measurand." [295].

6 Confidence level is defined as the value (1 — a) of the probability associated with a confidence
interval or a statistical coverage interval [295].
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Across all tested frequencies, the measured values closely align with the set
reference values, exhibiting minimal uncertainty and no noticeable
discrepancies. These findings validate the accuracy and reliability of the smart
facemask in measuring RR, establishing a basis for its further evaluation under

real-world conditions

4.2.3. Validation during cycling

Indoor experiments

To assess the performance of the wearable system in a real scenario, the
smart facemask was tested on ten healthy, trained male cyclists (mean + standard
deviation: age 25 + 6 years, body mass 68 + 6 kg, height 174 + 5 cm). The
validation tests were carried out indoors on a cycle ergometer (WattBike Pro,
Nottingham, UK) at an average ambient temperature of about 26°C. A gold-
standard flowmeter (Quark PFT, COSMED S.r.l.,, Rome, Italy) was integrated
into the mask’s core module as the reference device for measuring respiratory
airflow (sampling frequency 50 Hz). The experimental setup and protocol are

illustrated in Figure 4.5.

Indoor tests

Experimental protocol Experimental setup

Familiarization and warm-up
Starting sequence ‘

for synchronization 4
Ramp Incremental Respiratory Frequency Reference
. fl t Cycle-ergometer
Test (RIFT) — 5 min owimeter yeleeis
Smart :
High Intensity Interval Training (HIIT) — 8 ¢ face{nask Cadence
min (20 s of work and 40 s of recovery) P
Tg ~25°C Ty Texp Acc

Figure 4.5: experimental setup and protocol carried out during the indoor tests of the
smart facemask on cyclists. Adapted from [294].

After the warm-up and synchronization phases, the participants completed

two exercise protocols separated by a recovery period lasting 3 min:
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1.

Ramp Incremental Respiratory Frequency Test (RIFT): Participants
synchronized their breathing to a metronome that progressively
increased the RR from 20 brpm to 75 brpm in an exponential pattern over
a 5 minute test. During this protocol, they cycled at a self-selected
pedaling cadence and power output while adhering to the prescribed

breathing rhythm.

High-Intensity Interval Training (HIIT): this protocol consisted of eight
repetitions of 20 s of high-intensity work followed by 40 s of recovery.
During the work phase, cyclists self-selected their power output to reach
a perceived exertion level of approximately 19 on Borg's 6-20 scale by

the final repetition [296].

Before data analysis, the signals recorded by the smart facemask were

synchronized with the reference flowmeter signal, by cutting them from the third

deep breath in the starting sequence. The reference signal generates a pseudo-

periodic waveform, where the negative phase represents inspiration, and the

positive phase corresponds to expiration (see Figure 4.2C). To align its pattern

with the waveform produced by the facemask sensor, the reference signal was

integrated to derive a similar volume signal. Both reference and facemask signals

were then processed using two different algorithms for RR extraction:

the first algorithm identifies TRs using the same method based on
amplitude and time thresholds as described in the bench tests. These TRs
are then used to calculate breath-by-breath RR values across the entire
signal.

the second algorithm builds on the first approach by applying it within
non-overlapping 30 s windows. Hence, within each window, it
calculates breath-by-breath RR values and then computes the average

RR for that specific window.
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While this last method reduces the influence of outliers or artifacts in the
signal, it comes at the cost of losing detailed information, making it less effective

for capturing sudden changes in RR.

For both the algorithms, the performance of the smart facemask was
assessed considering the MOD and the LOA values found through Bland-
Altman analysis. Moreover, MAE and MAPE values, were calculated, as

reported in Table 4.1 and Table 4.2.

Table 4.1: Breath-by-breath analysis results: (A) RIFT test and (B) HIIT test

Breath-by-hreath(:l:alysis — RIFT test Breath-hy-breath(fl)lalysis — HIIT test
Cyclist  #breathing Bias[MOD + MAE MAPE [%] Cyclist #breathing  Bias [MOD + MAE  MAPE [%)]
events LOAs] [brpm]  [brpm] events LOAs] [brpm] [brpm]
1 173 -0.0242.57 0.89 2.30 1 320 -0.0413.85 1.00 2.54
2 177 -0.01+2.50 0.93 2.48 2 271 -0.01+1.68 0.60 1.29
3 174 -0.23 £4.84 1.02 2.60 3 416 0.00£2.00 0.68 1.22
4 175 -0.014+2.92 1.10 2.74 4 290 -0.031+2.26 0.85 2.33
5 179 -0.03+4.62 1.75 4.50 5 245 -0.014+2.31 0.77 2.58
6 174 -0.0242.58 0.75 1.82 6 283 0.00£1.40 0.50 1.43
7 179 -0.01+2.08 0.66 1.72 7 306 -0.04+1.32 0.48 1.13
8 179 -0.12 £2.68 1.05 2.74 8 331 -0.03+1.85 0.59 1.48
9 174 -0.11 £2.87 0.98 2.34 9 362 -0.06+3.43 0.75 1.67
10 174 -0.0242.52 0.84 2.31 10 377 0.00£2.25 0.66 1.28
Overall 1758 -0.05+3.37 1.00 2.56 Overall 3301 -0.02+2.37 0.69 1.64

Table 4.2: Window analysis results: (A) RIFT test and (B) HIIT test

A) B)
Window analysis — RIFT test Window analysis — HIIT test
Cyclist ~ #breathing Bias[MOD + MAE MAPE [%] Cyclist #breathing  Bias [MOD + MAE  MAPE [%]
events LOAs] [brpm]  [brpm] events LOAs] [brpm]  [brpm]
1 10 -0.03140.31 0.10 0.28 1 16 -0.13 1£0.28 0.14 0.38
2 10 -0.011+0.26 0.10 0.34 2 16 -0.01£0.14 0.06 0.13
3 10 -0.1040.42 0.17 0.58 3 16 -0.06+0.43 0.09 0.16
4 10 -0.0440.29 0.10 0.27 4 16 -0.03+0.15 0.07 0.19
5 10 -0.02+0.54 0.18 0.62 5 16 0.00£0.20 0.08 0.27
6 10 -0.05+0.12 0.06 0.20 6 16 0.0040.10 0.04 0.13
7 10 -0.0240.15 0.06 0.19 7 16 0.04+0.53 0.12 0.30
8 10 -0.16 £0.22 0.09 0.27 8 16 -0.0240.13 0.06 0.15
9 10 -0.0411.16 0.30 0.75 9 16 0.0140.78 0.19 0.39
10 10 0.001+0.19 0.07 0.25 10 16 -0.07+0.28 0.09 0.19
Overall 100 -0.02+0.45 0.12 0.37 Overall 160 -0.03+0.37 0.09 0.23
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Outdoor experiments

Outdoor tests were conducted to assess whether the reduced temperature
gradient between TE and Tg,, affects the performance of the smart facemask. A
subset of participants underwent RIFT and HIIT protocol. These tests took place
in an environment where TE is about 32 °C, a value closer to the exhaled air
temperature compared to the indoor setting. A schematization of the
experimental setup and protocol used during the outdoor tests on cyclists is

reported in Figure 4.6.

Outdoor tests
Experimental protocol Experimental setup

Starting sequence
for synchronization

Ramp Incremental Respiratory Frequency
Test (RIFT) — 5 min

Smart Cycle-ergometer
High Intensity Interval Training (HIIT) - 8 facemask
min (20 s of work and 40 s of recovery) | .7 F :
Te Texp Acc Cadence

Tz ~30 °C

Figure 4.6. experimental setup and protocol carried out during the outdoor tests of the
smart facemask on cyclists. Adapted from [294].

To evaluate the impact of TE on the facemask's performance, the amplitude

(A) of the output signal recorded during the RIFT was compared between indoor

and outdoor trials. For each test, A was calculated using the following formula:

N
A[mV] = %Z(maxi —min;) 4.2)
i=1

Where N is the number of respiratory cycles, while max; and min;
represent the maximum and minimum voltage values of the i-th breath,
respectively. In Figure 4.7 data for one volunteer across both settings are

showed.
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Figure 4.7: experimental setup and protocol carried out during the outdoor tests of the
smart facemask on cyclists. Adapted from [294].

The figure above shows that although A was higher in the indoor trials due
to the higher T gradient, the respiratory signal quality remained consistent in the
outdoor environment. Figure 4.8 summarizes the mean values of

TE, and A collected in the indoor and outdoor tests.
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Figure 4.8: Average values of external temperature (TE) and signal amplitude (A)
for each volunteer during indoor and outdoor tests.

Breath-by-breath RR values were calculated using the previously described

first algorithm. During the outdoor RIFT test, the absence of a reference system
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necessitated an initial evaluation of participants' ability to adhere to the target
RR. In fact, deviations from the imposed RR could result from either the
participants' inability to maintain the target or measurement errors from the test
system. In the indoor trials, the Root Mean Square Error (RMSE) was computed
for both the test system and the reference system. Comparable RMSE values
between the two systems indicated that deviations were primarily attributable to
participants' difficulty in adhering to the target RR rather than inaccuracies in
the test system (see Figure 4.9A). Subsequently, RMSE values were calculated
for the outdoor trials and compared with those from the indoor trials for the
facemask (see Figure 4.9B and Figure 4.9C). This comparison facilitated an
assessment of the test system's performance in outdoor conditions while

accounting for participants' variability in maintaining the target RR.
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Figure 4.9. (4) RMSE values using the smart facemask and the reference system against
the metronome during the RIFT in indoor tests; (B) RR values trend calculated using
the smart facemask and the metronome during RIFT in outdoor tests; (C) RMSE values
using the smart facemask against the metronome during RIFT in indoor and outdoor
tests. Adapted from [294].
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The RR responses observed during the RIFT tests, conducted both indoors
and outdoors across all participants, demonstrated the facemask's ability to
capture high-quality data. Specifically, the RR trends recorded during the RIFT
tests closely matched the target RR imposed by the metronome. Additionally,
the HIIT test results were analyzed, showing recorded RR patterns that
accurately reflected the expected physiological responses to work and recovery

phases (Figure 4.10) [283], [297].
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Figure 4.10: mean and standard deviation of RR values over time during RIFT and
HIIT tests in indoor and outdoor setting. All the volunteers were considered inhis
analysis. Adapted from [294].

The smart facemask addresses critical challenges in respiratory monitoring
during high-intensity exercise, as evidenced by its performance in validation
tests. These tests demonstrated low error rates, with a MAE below 1 brpm and a
MAPE up to 2% for breath-by-breath analysis, even in dynamic conditions such
as HIIT. Such levels of accuracy are rarely reported in validation studies of WDs,
including commercial systems like the Zephyr™ BioHarness™ and the
Hexoskin® smart shirt [298]-[300], as well capaciflector sensors and custom-
made differential pressure sensor [301], [302]. Moreover, during HIIT, the

facemask achieved MAPE values of 1.64% for breath-by-breath measurements
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and 0.23% for 30 s averages, outperforming the previously reported values of

4.03% and 1.77%, respectively [302].

The smart facemask presented in the previous section offers high accuracy
in RR monitoring by directly measuring airflow, enabling RR monitoring in real-
world conditions, beyond controlled environments. However, its use in real-
world sports settings can be limited by practical constraints, such as discomfort
during prolonged and daily sports activities. These limitations highlight the need
for alternative wearable solutions that prioritize comfort without compromising
measurement accuracy. Chest-mounted devices, widely adopted in sports due to
their unobtrusive design, represent a viable option; however, their reliance on
signals derived from torso movements makes them more susceptible to motion

artifacts.

Addressing this challenge requires the development of algorithms capable
of extracting robust RR measurements. The next section explores the role of such
algorithms in enhancing the performance of chest-mounted WDs, focusing on
their impact during high-intensity sports and the development of a novel

approach for motion artifact removal through signal morphology analysis.

4.3. The role of algorithms in respiratory frequency
estimation in sports

In sports science, the accuracy of RR monitoring often depends on the
robustness of signal processing algorithms, especially when WDs are used in
dynamic and high-intensity activities. Unlike controlled laboratory settings, real-
world sports scenarios involve challenges such as motion artifacts, rapid
fluctuations in RR, and irregular breathing patterns. These factors complicate the
extraction of high-quality respiratory signals, particularly for chest-mounted

devices that rely on torso movements to infer respiratory activity.

Despite these limitations, chest-mounted wearables remain widely used in

sports due to their comfort and practicality. However, their dependence on raw
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respiratory signals highlights the need for algorithms to reduce noise and
enhance accuracy. By analyzing the morphological characteristics of the
respiratory signal, such algorithms can improve breath-by-breath RR estimation,
which is important for understanding performance adaptations and optimizing

training in sports with varying intensity, such as soccer.

This section investigates the impact of algorithms on RR estimation
accuracy in sports, starting with a comparative evaluation of commercial chest-
mounted devices during soccer-specific movements. Furthermore, an algorithm
is introduced to remove motion artifacts by analyzing the morphological
characteristics of the respiratory signal, enabling high-quality RR measurement
even in the most challenging conditions. These advancements aim to bridge the
gap between comfort and accuracy, enhancing through algorithms the
performance of chest-mounted wearables for respiratory monitoring in sports

applications.

4.3.1. Comparative evaluation of torso-worn wearables for
breathing monitoring in soccer
Soccer greatly benefits from technological advancements. While GPS
technology is widely used at elite levels to track metrics such as distance, speed,
and changes in direction, individual responses to exercise are better captured by
physiological variables, which reflect how players adapt to external loads [303]—
[305].

Sensors that measure respiratory-induced torso movements are well-suited
for monitoring breathing in soccer, as they can be integrated into straps or
clothing worn during training and competitions. For instance, soccer players
often wear vests equipped with GPS units, which can be integrated with strain
sensors to monitor RR [306]. Various commercial strain sensors have been
tested during exercise, including running [300], [307]-[309]. However, their
effectiveness in measuring RR during soccer-specific activities has not been

investigated. This is important because the quality of respiratory signals from
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strain sensors is impacted by motion artifacts, which vary depending on the
sport. In particular, soccer poses challenges due to rapid directional changes,
torso rotations, and unorthodox movements, which can degrade signal quality
[297]. Additionally, the dynamic nature of soccer requires breath-by-breath
validation of sensors, as RR can fluctuate over short periods, making traditional

window-based RR analysis approaches insufficient.

Experimental setup and protocol

Three different commercial WDs were investigated. Specifically, the
Zephyr Bioarness™ (BH) strap (Medtronic, Boulder, CO, USA), the
TymeWear™ (TW) vest (TymeWear™, Boston, MA, USA), and the
ComfTech® (CT) vest (Howdy Senior, ComfTech s.r..®, Monza, Italy) were
included. The wearable smart facemask presented in the previous section was
used as reference device. Fifteen healthy male amateur soccer players (mean +
standard deviation: age 23 + 4 years, height 176 + 5 cm, body mass 69.1 + 6.1
kg) were enrolled. All participants were free of recent injuries that could affect
their performance. The study was approved by the Institutional Review Board
of the University of Rome “Foro Italico” (CAR 149/2023) and conducted in
accordance with the Declaration of Helsinki, with written informed consent

obtained from all participants.

A validation protocol lasting 30 min was designed to assess the performance
of the three devices during soccer-specific activities. Synchronization between
the commercial sensors and the reference signal was ensured asking the
volunteers to perform three fast, deep breaths followed by 5 s of apnea performed

before each phase of the protocol. This last consisted of four main phases:

1. RIFT test (5 min): participants ran at a moderate self-paced speed while
following a metronome-paced breathing track, with RR ranging from 15
brpm to 75 brpm. The inspiratory and expiratory phases were
differentiated by distinct tones, delivered through in-ear headphones

connected to a smartphone.
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2. Ball warm-up (5 min): this phase simulated typical soccer movements,
such as passing and running with the ball, to evaluate the devices’

performance during classical soccer activities.

3. Shuttle run intermittent test (9 min): consists of 12 shuttle runs with 15 s
of work followed by 30 s of passive recovery. The phase was designed
to assess the devices’ ability to capture rapid changes in RR during

alternating work-rest periods typical of soccer.

4. Cool-down phase (5 min): a slow recovery run was included to evaluate

the devices’ performance during a period of gradual recovery.

Data analysis and results

All the signals were synchronized with the reference device by cutting them
from the end of the apnea performed during the synchronization maneuvers.
Then a first order Butterworth bandpass filter (cutoff frequencies 0.01 Hz — 2
Hz) was applied on both reference and chest-worn wearables, to retain the

frequency range typical of respiratory activity during exercise and remove noise.

To extract breath-by-breath RR values, algorithms were used to identify
respiratory cycles based on time and amplitude thresholds, as detailed above.
Since the signal amplitude varied across trials, a 12 s moving window witha 2 s
overlap was applied to normalize and detrend the signal, removing unrelated
drifts. The windows were used solely for signal processing, and no averaging of
RR values was performed within the windows; instead, breath-by-breath RR
values were computed. An example of the main steps of data analysis is reported

in Figure 4.11.
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Figure 4.11: Experimental setup, protocol and main steps carried out for data analysis.
Adapted from [310].

The temporal threshold was set at 0.5 s, while the amplitude criterion (based
on peak prominence thresholds) was fixed at 2% for the reference device, as
supported by prior research. However, for the WDs, the amplitude threshold
required further investigation due to variability in signal characteristics.
Different thresholds (i.e., 1%, 2%, 5%, 10%, 15%, and 20%) were tested to
assess their impact on measurement accuracy. For each threshold, RR values
were extracted breath-by-breath across the entire validation protocol. The
MAPE was then calculated for each tested threshold. Moreover, false positives
and false negatives were assessed to select an optimal threshold per each device

under test.

To determine false positives and false negatives, a new method was
developed based on the comparison between the breaths detected by the tested
device with those identified by the reference system. This method ensured that
only true positives, breaths identified by both systems, were considered as
reliable breaths. It excluded false positives (breaths detected only by the device)
and false negatives (breaths detected only by the reference system). By aligning

the number of breaths analyzed in both systems, this approach resolved common
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issues of misalignment, where a breath detected by one system might not
correspond to its counterpart in the other. This alignment made it possible to
compare RR values breath by breath more accurately, helping to calculate
MAPE reliably across different thresholds and better evaluate each device's
performance against the reference. To implement this approach the following
procedure was used: for each event (i.e., breathing cycle identified as inspiratory
peak) in the reference signal (denoted as L , where i = 1,..., NR), the time
distance (dist; ;) between this event and all events in signal 2 (L][', , Where j =

1, ...,ND) was calculated. Signal 2 refers to the generic device under test. The

event in signal 2 with the smallest distance (j* such that dist; j» < dist; j, j =

1, ..., ND) was selected for comparison with L. NR is the number of breaths on
the reference device, while ND is the number of breaths on the generic device

under test.

TRs were then calculated for both signals. For the reference device the

period was computed as T} = L&' — L% |, while for the device it was Tl{ =

LJ[', - LJ[', . Hence the algorithm classified events into the following categories:

- True positives: a breath is considered as true positive if there is a breath
in the device signal that fell within the interval [LL — T};/2,L% +
TL/2].

- False positives: a breath is considered as false positive if there is a breath
in the device signal, but it doesn’t fall within the previously mentioned
interval or if it was not the closest match for any reference breath.

- False negative: a breath is counted as false negative if, considering an
event in the reference signal, no corresponding breath in the device fell

in the interval L, — T} /2, L% + TLE/2].

Using this method, threshold values were identified by balancing the trade-
off between minimizing false positives, and false negatives, while maintaining

low MAPE values.

116



Chapter 4

The results show that increasing the prominence threshold generally
reduced the MAPE for the BH and CT devices, as shown in Figure 4.12A. This
reflects more accurate breath detection at higher thresholds for these devices. In
contrast, the TW device exhibited an increase in MAPE at higher prominence

values, with the lowest MAPE observed at thresholds between 2% and 5%.

The rise in MAPE for the TW device at higher thresholds was primarily due
to an increase in false negatives, as valid breaths were missed by the device
(Figure 4.12B). Meanwhile, false positives (extra breaths detected only by the
device) were higher for the TW device at lower thresholds (1%—2%) but
decreased as the prominence increased (Figure 4.12C). The BH system shows a
decreasing MAPE and fewer false positives as the prominence threshold
increases, but with a rise in false negatives. Conversely, the CT system maintains
a stable MAPE, with consistently low false negatives and slightly decreasing

false positives, outperforming BH in reliability across all thresholds.
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Figure 4.12: MAPE (A), false negative (B) and false positive (C) values found per each
prominence values. All WDs under test and all the protocol phases were considered in
the analysis separately. Adapted from [310].
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Based on the results, the optimal identified thresholds were 10% for CT, 2%
for TW, and 10% for BH. These findings demonstrate the need for tailored
configurations to maximize the reliability of each device in RR monitoring. They
also highlight the variability in device performance and the importance of
customizing signal processing parameters to match the specific characteristics

of wearable sensors.

Using the optimal thresholds, the breath-by-breath RR values of the WDs

were extracted and compared against the reference system.

Figure 4.13 and Figure 4.14 present the breath-by-breath RR values
measured by the commercial devices compared to the reference system during
the RIFT and HIIT protocols. The RR trends closely followed those of the
reference system, although greater interindividual variability was observed for
the BH device during paced breathing, as evidenced by its higher standard

deviation (SD) values.
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Figure 4.13: mean and standard deviation of RR values during the RIFT test
considering all subjects and the three WDs under test. Adapted from [310].
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During the HIIT, the RR time course measured by the CT vest closely
matched the reference system. In contrast, the TW vest and BH strap showed a

slight underestimation of RR, particularly at values exceeding 60 brpm.
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Figure 4.14: mean and standard deviation of RR values during the HIIT test considering
all subjects and the three WDs under test. Adapted from [310].

This section highlights differences in device performance across individuals
and conditions. The CT vest demonstrated the highest consistency, while the TW
and BH devices showed limitations at higher RR levels. Additionally, the
identification of false positives and false negatives was influenced by the

morphology of the respiratory waveform, which varied between devices.
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To further analyze system performance, RR values were averaged over 5 s,
10s,20s,30s, and 60 s windows. This analysis investigated how window length
affects RR extraction performance, as windowing is a common method for
extracting breathing information. The results were also compared to those

obtained through breath-by-breath RR extraction.

As shown in Figure 4.15, MAPE values varied with the length of the
window used for RR extraction. The highest MAPE values occurred during
breath-by-breath comparisons, while the lowest were observed with 60 s
windows. Across all validation phases, the CT vest consistently outperformed
the BH strap, demonstrating lower MAPE values. The TW vest performed
comparably to the CT vest in most phases but showed higher MAPE values
during the intermittent test. These results underline the importance of selecting
appropriate window lengths and highlight the variability in device performance

across different conditions.
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Figure 4.15: MAPE values per each window length used to calculate the average RR
over time. Data are reported per each phase of the protocol and WD under test. Adapted

from [310].
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Considering both the breath-by-breath and windowed analyses, the CT and
TW devices demonstrated better accuracy compared to the BH strap throughout
the entire validation protocol. This was evident in the lower MOD and LOA
values for CT and TW, as shown in Table 4.3. Among the devices, the CT vest
exhibited the best overall performance, with low error rates and high signal
quality, even at high RR values (>60 brpm). The TW vest also performed well
but was more prone to false negatives, particularly during intense exercise. In
contrast, the BH strap showed the highest error rates and was the most affected

by motion artifacts.

Table 4.3: Values of MOD and LOA obtained from Bland Altman analysis of RR
extracted using breath-by-breath and window-based analyses

Wearable Breath-by-breath analysis Window analysis
MOD LOA MOD LOA
CT vest 0.2 brpm 12.0 brpm 0.3 brpm 2.9 brpm
TW vest -0.3 brpm 15.7 brpm -0.4 brpm 5.0 brpm
BH strap 1.0 brpm 24.4 brpm 0.7 brpm 10.8 brpm

Adjusting parameters like prominence thresholds and window lengths was
important for improving RR monitoring accuracy. Tailoring these parameters
for each device helped balance false positives and false negatives, enhancing
device performance. However, these adjustments alone were not sufficient to
fully mitigate the impact of motion artifacts, especially in highly dynamic
environments where errors remained higher compared to other technologies,

such as head-worn systems presented in the section above.

These findings highlight the limitations of current commercial devices,
particularly the BH strap, in managing motion artifacts effectively. This
challenge led to the development of a custom algorithm designed to identify and
remove motion artifacts from respiratory signals collected by torso-mounted
sensors. The next section details the design and validation of this algorithm,

using the BH strap as the test device.
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4.3.2. Development of an algorithm for improving the
estimation of breath-by-breath RR during sports and
€XCrC1se

Accurate RR monitoring in dynamic conditions is challenging due to motion
artifacts, especially in WDs mounted on the torso. While optimizing parameters
such as prominence thresholds and window lengths can enhance performance,
these adjustments alone often fail to fully address errors caused by motion-
induced noise. This limitation is especially evident in commercial devices like
the BH strap, which struggle to maintain reliability in highly dynamic

environments.

To overcome these challenges, this section introduces a custom algorithm
specifically designed to identify and mitigate motion artifacts in respiratory
signals. The algorithm was developed and validated using data collected with
the BH strap, aiming to improve the accuracy of RR measurements during
motion-intensive activities. The following subsections outline the algorithm's
design, its implementation, and the evaluation of its effectiveness in reducing

errors compared to traditional methods.

Algorithm Workflow

The algorithm was developed for data collected from strain-based wearable
sensors, which measure breathing by detecting chest deformation. These sensors
produce a characteristic signal pattern: an increase during inhalation and a
decrease during exhalation. The algorithm's workflow comprised five main

steps, starting with signal preprocessing:

1. Signal preprocessing:
o A first-order Butterworth bandpass filter with cut-off
frequencies of 0.01 Hz and 2 Hz was applied to remove noise

and retain the respiratory frequency range [311].
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o

The derivative of the filtered signal was then calculated and
scaled to fit within the range [—1,1], ensuring that the signal was
centered around zero and free of baseline shifts.

To handle variations in signal amplitude, the upper (esyperior)
and lower (€, ferior) oot mean square envelopes (y(t)) were
computed. Finally, a min-max normalization was then applied to

retrieve a signal (y'(t)):

y(t) - einferior(t)
superior(t) — Cinferior (t)

y'(t) = (4.3)

2. Respiratory peak detection via sliding window analysis:

o

the normalized signal was segmented into 12 s sliding windows
with a 2 s overlap.
Within each window, peaks were identified by applying both

amplitude and timing thresholds.

3. Breaths’ segmentation:

o

individual breaths were identified as the sections of the signal
between two consecutive maximum peaks.

The amplitude and duration of each breath were scaled to a range
of [0,1] to standardize the data.

An average breath template was created by calculating the mean
shape from the segmented breaths, providing a reference for

further analysis.

4. Exclusion of unreliable breaths:

o

o

The similarity between each breath and the average breath
template was assessed using Pearson’s correlation coefficient
(Pas)-

For each breath (A4;) compared to the average template (B), the

coefficient was calculated as:
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Al — B, —
(, b4 B #B) 4.4)
04

1
Plaue) = N-1 Og

N

j=1
Where u and o are the mean and standard deviation of each
signal, and N is the number of samples of both waveforms.

o Breaths with a correlation coefficient below a threshold (p =
0.6,0.7,0.8, or 0.9 were investigated) were excluded, ensuring
high-quality data for further analysis.

5. Breath-by-breath RR estimation:

o After unreliable breaths were excluded, the TR for each reliable
breath was calculated as the time interval between two
consecutive peaks

o The RR was then calculated as 60/TR, and any RR values

associated with excluded breaths were disregarded.

An outline of all the steps carried out is shown in Figure 4.16.

124



Chapter 4

1. Signal pre-processing

2. Detection of breaths
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Figure 4.16: Outline of the primary steps in the SQI-based algorithm designed to
exclude unreliable breaths: (a) signal preprocessing; (b) breath detection; (c)

segmentation of breaths and assessment of the average template signal; (d) similarity
analysis and elimination of unreliable breaths. Adapted from [312].

Algorithm Validation

a. Experiments During Running

The algorithm was tested on 33 volunteers to assess its performance during
walking and running at various speeds, as well as during motionless trials. The
experiments were conducted using the BH chest strap, and a flowmeter
(SpiroQuant P fromEnviteC, Honeywell, North Carolina, USA) as the reference
device. The protocol began with a familiarization phase, followed by a warm-up
lasting 3 min on a treadmill (RHC500 Treadmill, Air Machine S.r.1., Cesena,
Italy) on which also the following tests were performed. Participants then
executed the synchronization sequence involving three deep breaths and a brief
apnea. The experimental protocol included 60 s of quiet breathing in an upright
resting position, followed by walking at 3 km/h and 6 km/h (60 s each), and
running at 9 km/h and 12 km/h (60 s each). A schematization of the experimental
setup and protocol is reported in Figure 4.17. The study was approved by the
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Institutional Review Board of the University of Rome “Foro Italico” (CAR
112/2021) and the Ethical Committee of University Campus Bio-Medico of
Rome (code: 27.2(18).20 dated June 15, 2020). All procedures adhered to the
principles of the Declaration of Helsinki, and participants provided written

informed consent before taking part in the study.

Experimental setup Experimental protocol
¢ w : At rest
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\
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Walking ' W |
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= ' EnviteC
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‘ Chrmgl)
Zephyr Sync 60s 60 s

-—'_- Bioharness™ (BH)

Figure 4.17: Schematization of the experimental setups (a) and protocols (b) during
walking and running tests. Adapted from [312].

b. Experiments During Cycling

The algorithm was further evaluated on a group of cyclists using a cycle
ergometer (WattBike Pro), paired with BH chest strap and the Quark PFT
flowmeter, which served as the reference device. After the warm-up and the
synchronization phase, the cyclists were asked to complete two distinct
experimental trials. Firstly, they were asked to perform a RIFT, with the RR
increasing exponentially from 20 brpm to 75 brpm. Then, the algorithm was
tested on respiratory signals collected during HIIT, to evaluate its performance
in scenarios with abrupt changes in RR. During the work phases of the HIIT, the
cyclist self-selected a power output to reach approximately a score of 19 on
Borg’s 6-20 ratings of perceived exertion scale by the final repetition. A
schematization of the experimental setup and protocol is presented in Figure

4.18.
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Experimental setup Experimental protocol
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Figure 4.18: Schematization of the experimental setup (a) and protocols (b) during
cycling tests. Adapted from [312].

Data analysis and results

To evaluate the performance of the proposed algorithm, RR values extracted
from the BH device were compared to those from the reference system. As
explained in Section 4.3.2, estimating breath-by-breath RR values involves
identifying inspiration (or expiration) peaks within the signal. For a direct
comparison, it is important to align the number of breaths identified in both the
reference and test device signals (BH in this study). To address this challenge,

the method described in the previous section was applied.

After aligning the signals and extracting RR values, different correlation
threshold was investigated to provide the optimal balance between improving
the MAPE improvement rate (MAPE IR, as defined in Equation 4.5) and

minimizing the percentage of excluded breaths.

MAPE,,,, — MAPE,,
MAPE IR % = - 100 4.
o MAPE, . (4.5)

MAPE IR increased across most activities when the correlation threshold
was raised from 0.7 to 0.8 (see Figure 4.19). Moreover, the percentage of
excluded breaths remained below 2.2% across all activities at these thresholds.
At a higher threshold of 0.9, performance improved further for resting (3.2%)
and running (13.0%) but declined for walking (-1.4%) and cycling (-0.1%). This
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higher threshold also led to an increase in excluded breaths, reaching 10.9% for

cycling and 6.7% for walking.
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Figure 4.19: MAPE improvement rate and percentage of excluded breaths per each
threshold and each protocol phase. Adapted from [312].

Based on these findings, a correlation threshold of 0.8 was selected as the
most effective balance, achieving the greatest performance improvements across
all activities. Figure 4.20 reports the MAPE values for all protocol activities

using the selected threshold.
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Figure 4.20: MAPE values for all subjects and all protocols using 0.8 as correlation
threshold. Adapted from [312].

Focusing on HIIT, a context marked by rapid physiological fluctuations and
pronounced motion artifacts, the robustness of the SQI algorithm becomes
especially clear. Applying a correlation threshold of 0.8 reduced MAPE by
30.7%, while excluding only 4.4% of the total breaths. Figure 4.21 illustrates an
example of a raw respiratory signal recorded during HIIT, along with RR values
calculated over time both with and without the application of the exclusion

algorithm.
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raw BH respiratory signal
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Figure 4.21: Raw normalized respiratory signal collected during HIIT (A) and
respective breath-by-breath RR values (B). Also, the RR values with the exclusion of
unreliable breaths are reported (C). Adapted from [312].

4.4. Conclusions

The studies presented in this chapter highlight important challenges in RR
monitoring during dynamic sports activities. They show how device-specific
characteristics influence measurement accuracy and reliability. WDs show
considerable promise in this field, however, their effectiveness depends heavily
on multiple factors, including sensor design, placement, and the algorithms used
for parameter estimation. The specific movement patterns of different sports
greatly affect monitoring performance. Activities with repetitive motions, such
as cycling, typically yield better signal quality. In contrast, sports like soccer

present greater challenges due to their unpredictable movements and sudden
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directional changes. These irregular movements often lead to pronounced

motion artifacts, making accurate respiratory monitoring more challenging.

The proposed smart facemask demonstrated good performance across all
testing conditions. Its working principle and sensor’s placement near the airways
effectively minimized motion artifacts, enabling accurate breath-by-breath RR
monitoring. The facemask achieved a MAE below 1 brpm and a MAPE up to
2% for breath-by-breath analysis, maintaining this accuracy even at RR values
exceeding 60 brpm, and during high-intensity activities. Despite these
advantages, prolonged use of the smart facemask in sports contexts may present
some practical limitations. While its design minimizes airflow resistance
compared to conventional respiratory masks, extended wear could still cause
discomfort, particularly in endurance activities or training sessions requiring
continuous use. Additionally, factors such as heat buildup and the feeling of
restriction around the face may impact user compliance and long-term comfort

in sustained physical activities.

In contrast, torso-worn devices prioritized comfort and ease of use but
showed a greater influence on motion artefacts. Each device needed different
parameters for optimal performance. For instance, while the CT vest maintained
reliable measurements up to 75 brpm, the BH accuracy declined above 60 brpm.
These variations in parameters to be set and performance across devices and
sports contexts highlighted the importance of developing sport-specific and
device-specific optimization approaches rather than pursuing universal
solutions. To further address these challenges, an SQI-based algorithm was
developed to identify and exclude unreliable breaths based on signal
morphology. This approach reduced errors and enhanced the reliability of
breath-by-breath RR estimation, even in high-intensity scenarios. For example,
testing showed it reduced measurement errors by up to 30.7% during HIIT, while
excluding only 4.4% of detected breaths. The algorithm's adaptability to
different conditions and its effectiveness in mitigating motion artifacts

demonstrate its potential to resolve one of the most persistent challenges in
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wearable respiratory monitoring, particularly in sports characterized by complex
movement patterns and varying intensities. Despite its potential, a limitation of
the study is that, unlike the smart facemask, respiratory monitoring through
chest-worn devices may be affected by physiological differences between male
and female users, particularly in terms of chest wall compliance and sensor fit.
Therefore, as the study was conducted exclusively on male participants, further
investigation is needed to assess potential gender-related differences in sensor

performance and optimization strategies for wider applicability.

These findings suggest that the development of monitoring solutions for
respiratory monitoring in sports may require a tailored approach that considers
not only the device characteristics but also the specific demands and constraints

of different sporting activities.
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d

Chapter 5: Conclusions

The digital transformation of healthcare has changed how physiological
parameters are monitored and analyzed, shifting from periodic assessments in
clinical settings to continuous monitoring across multiple environments. WDs
have facilitated this transformation but face several challenges to ensure
widespread adoption. These devices must ensure accurate measurements while
maintaining user comfort and efficiently processing data to extract physiological
information from noisy signals, especially for cardiac and respiratory
parameters. This highlights the need for greater focus on hardware configuration

and signal processing techniques.

This thesis has investigated these challenges through the development and
validation of WDs solutions across three domains: daily life activities, clinical
applications, and sports scenarios. Each domain presents specific requirements
and challenges that influence both hardware design and signal processing

approaches.

A notable finding from this research is that no single monitoring solution
can effectively serve all applications. Instead, the choice of sensor technology,
device configuration, and sensor’s placement on the body must be adapted to the
monitoring context. This was demonstrated in the analysis of IMU sensors for
daily life monitoring, where among five locations on the chest wall and the three
axes, the MV position and z-axis measurements proved best performance for
simultaneous cardiac and respiratory assessment. However, this same

configuration showed limitations during dynamic activities especially related to
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respiratory monitoring, requiring alternative approaches such as the textile-
based system with piezoresistive sensors, which improved the accuracy in this

application.

The importance of context-specific optimization extended to the clinical
domain, where the research demonstrated that both sensor positioning and
algorithm selection impact diagnostic accuracy in AS classification. The
identification of optimal positions at the PV and MV regions, combined with
signal processing techniques, enabled high classification performance. The
comparative analysis of different algorithms revealed that ML techniques,
particularly SVM, achieved better performance than DL approaches. Signal
window length also influenced classification accuracy, with 40 s windows
reaching accuracies above 95% at the PV and MV positions, while shorter
window lengths showed lower accuracy. Similarly, the HRV analysis
demonstrated posture-dependent effects on measurement reliability. The supine
posture yielded stronger correlations with ECG-derived reference values
compared to seated measurements, for both linear and non-linear HRV indexes.
This posture-dependent performance likely results from reduced motion artifacts
and more stable sensor contact in the supine position, highlighting how body

posture influences the quality of mechanical signal acquisition.

Research on sports science showed that unpredictable movement patterns
affect monitoring performance. The smart facemask and chest-worn devices
represented two distinct approaches to this challenge. The facemask's
positioning near the airways minimized motion artifacts, enabling reliable
breath-by-breath RR monitoring even during high-intensity activities. In
contrast, chest-worn devices emphasized user comfort but required specific
optimization strategies. In fact, different chest-worn devices have been analyzed
and each device demonstrated different performance and requirements for signal
processing parameters. For example, the CT vest showed measurement
reliability at higher RR values than the BH, while each device required specific

prominence thresholds for optimal performance. These variations in device

134



Chapter 5

performance led to the development of the SQI-based algorithm, which
addressed motion artifacts through signal morphology analysis. Using a
correlation threshold of 0.8, the algorithm achieved improvements in
measurement reliability: MAPE reduction of 30.7% during HIIT while
excluding only 4.4% of breaths, and improvements in measurement accuracy

across different activities (3.2% for resting, 13% for running).

Despite these considerations, the transition from research prototypes to
widely adopted devices still faces challenges. IMU-based monitoring systems,
while effective in static conditions, show a decrease in performance during
movement. This limitation derives from the difficulty in separating motion-
induced signals from physiological parameters, particularly affecting RR
measurements during dynamic activities. Moreover, in sports applications,
despite their widespread use, chest-worn devices struggle with motion artifacts.
This is particularly evident in sports like soccer, where movements and rapid
directional changes affect signal quality. These limitations continue to restrict
the integration of wearable monitoring systems in daily healthcare and sports

applications.

Looking forward, several research directions emerge. In the clinical domain,
future research should focus on expanding the application of these technologies
to other cardiovascular conditions while developing predictive models for early
disease detection. Moreover, the daily life and sports science fields require
additional efforts in developing algorithms that can account for movement
patterns and physiological responses, potentially improving how physiological

parameters are monitored.

In summary, this thesis contributes to the WDs field by demonstrating the
importance of context-specific optimization in both sensor implementation and
algorithm development. The methodologies and approaches developed provide
a basis for future developments and aid in the transition to more targeted, data-

driven healthcare.
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