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Chapter 1

Introduction

1.1 Clinical motivation: Acute Heart Failure Preven-
tion and Home Monitoring

Cardiovascular diseases (CVDs) represent one of the leading causes of mortality worldwide,
contributing substantially to the global burden of disease and imposing a significant strain
on healthcare systems in terms of both clinical management and economic costs [1].This is
also confirmed by a recent report from the World Health Organization, which highlights the
continuous rise in the prevalence of cardiovascular diseases, representing a serious threat to
public health. These conditions are often referred to as “silent killers” because, in their early
stages, they present with mild or barely recognizable symptoms [2]. Among cardiovascular
diseases, heart failure (HF) stands out as one of the most severe and complex to manage, as
it is associated with high mortality, frequent hospitalizations, and a significant deterioration
in quality of life. Despite the considerable scientific and technological advances achieved in
recent years, HF-related mortality has shown a steadily increasing trend since 2011. This
evidence underscores the need to adopt an approach that goes beyond the development of
pharmacological therapies or life-saving devices, integrating long-term prevention strategies.
Such an orientation enables not only more e!ective disease management but also the possi-
bility of counteracting its onset and progression. In this context, it is essential to promote
the advancement of digital technologies and wearable systems capable of ensuring continu-
ous and non-invasive remote monitoring of cardiorespiratory dynamics, thereby supporting
a more personalized and proactive model of care [3].

1.1.1 Overview of Heart Failure
It is important to provide a general overview of heart failure (HF), which is recognized
as a complex and progressive clinical syndrome characterized by the heart’s inability to
deliver an adequate cardiac output in relation to the metabolic demands of the body. HF
is a clinical syndrome and not a single pathological diagnosis, characterized by key symp-
toms such as breathlessness, fatigue, and swelling of the lower limbs. These latter may
be accompanied by objective signs, including elevated jugular venous pressure, pulmonary
crackles, and peripheral oedema [4]. HF is a condition that evolves over time and, for this
reason, progresses through distinct clinical stages, described by the classification system
from stage A to stage D, which outlines the continuous progression of the disease from
initial risk conditions to the most advanced forms. A key clinical objective is the prevention
of transition between the early stages, particularly the shift from an “at-risk” condition to
“pre-HF.” Advances achieved over recent decades in diagnostic techniques, pharmacological
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therapies, and device-based interventions have led to a change in the demographic profile
of patients with HF, who now include individuals with a higher average age. However, this
evolution has made clinical management more complex due to the increased frailty of the
a!ected population and the likely presence of multiple comorbidities. The most recent and
internationally shared definition describes HF as a syndrome characterized by the presence
of symptoms that develop in the context of structural or functional cardiac abnormalities,
accompanied by objective evidence of systemic or cardiopulmonary congestion. It derives
from a structural and/or functional abnormality of the heart, which consequently leads to
increased intracardiac pressures and/or inadequate cardiac output, occurring both at rest
and during physical activity [4]. From a clinical perspective, HF is further classified ac-
cording to left ventricular ejection fraction (LVEF), distinguishing between heart failure
with reduced ejection fraction (HFrEF, EF < 40%), mildly reduced ejection fraction (HFm-
rEF, 41–49%), preserved ejection fraction (HFpEF, → 50%), and improved ejection fraction
(HFimpEF). systolic function. This categorization allows for di!erentiation of pathophysi-
ological mechanisms and facilitates the tailoring of therapeutic strategies. At the basis of
cardiac dysfunction, it is essential to identify the etiology to formulate an accurate diagno-
sis, as the underlying pathology determines the most appropriate therapeutic approach [3].
From an epidemiological perspective, HF represents one of the main cardiovascular syn-
dromes, particularly in developed countries, with a prevalence estimated at around 1–2%
of the adult population and an incidence of approximately 3–5 new cases per 1000 people
per year. Despite improvements in the prevention and management of cardiovascular dis-
eases, population aging has led to an overall increase in the number of cases. Prevalence
indeed rises with age, increasing from approximately 1% in individuals under 55 years of
age to over 10% in those aged 70 years or older. HFrEF and HFpEF forms appear to be
comparable in terms of frequency, although European outpatient registries have reported
a higher prevalence of HFrEF. More than half of a!ected patients are female, confirming
the progressive demographic shift associated with this syndrome. Usually, in the majority
of cases, HF is due to myocardial dysfunction, either systolic, diastolic, or both. Never-
theless, the development of the syndrome may also be influenced by valvular, pericardial,
or endocardial disease, as well as rhythm and conduction disorders [4]. Various clinical
conditions are recognized as risk factors associated with the development of heart failure
(HF), including hypertension, type 2 diabetes mellitus, ischemic heart disease, obesity, and
chronic kidney disease. In particular, hypertension represents one of the most significant
causes, as the chronic increase in afterload induces progressive ventricular remodeling and
impairment of diastolic function, thereby promoting the evolution toward heart failure [3].
Acute heart failure (AHF) may present as the first clinical episode of the syndrome or, more
commonly, as an exacerbation of a previously known chronic condition. Patients with an
acute onset tend to have higher in-hospital mortality, but overall show a more favorable
post-discharge prognosis, with lower rates of mortality and rehospitalization compared to
those with acute decompensation of chronic heart failure (CHF) [5–8]. AHF is defined as
the rapid or progressive onset of symptoms and signs related to HF, of such severity as
to require urgent medical intervention, often associated with an unplanned hospital admis-
sion.It also represents one of the leading causes of hospitalization in individuals over the
age of 65. This is one of the reasons why it is associated with high mortality and recurrent
hospital admissions, thereby contributing significantly to the overall healthcare burden of
heart failure. The severity of the clinical condition depends on multiple factors, including
the interaction between precipitating elements, structural cardiac abnormalities, and con-
comitant comorbidities, all of which contribute to shaping both in-hospital evolution and
long-term prognosis [4].
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1.2 – Cardiac Time Intervals as Non-Invasive Markers of Cardiac Function

1.1.2 Diagnosis and Treatment Approaches
Echocardiography is recognized as the primary diagnostic tool for the morpho-functional
assessment of the heart. For diagnostic confirmation and risk stratification, the measure-
ment of B-type natriuretic peptides (BNP), such as the N-terminal fragment of pro-BNP
(NT-proBNP) or the mid-regional atrial natriuretic peptide (MR-proANP), provides essen-
tial support, particularly in acute forms. The treatment of AHF primarily aims to restore
haemodynamic stability, relieve congestion, and correct hypoxaemia. During the acute
phase, supportive interventions are employed, such as oxygen therapy in cases of hypoxia
and intravenous administration of diuretics to reduce volume overload. In patients with
adequate blood pressure, vasodilators may be used to improve symptoms, while the use of
inotropic agents or vasopressors is reserved for more severe forms, characterized by hypoper-
fusion or cardiogenic shock. These treatments serve symptomatic and stabilizing purposes
without directly a!ecting the long-term progression of the disease, and represent a necessary
step to enable the optimization of chronic therapy once compensation is achieved [4].

1.1.3 Clinical needs and motivation for Home Monitoring
Despite advances in diagnosis and clinical management, the follow-up of patients with HF
remains complex, particularly after episodes of acute decompensation, when the risk of
rehospitalization is high. One of the main challenges lies in the di"culty of promptly
detecting signs of deterioration, which often emerge gradually and in a subclinical manner.
Traditional monitoring models, based on periodic check-ups, do not allow for continuous
assessment of the patient’s physiological status, limiting the possibility of early intervention.
In recent years, the evolution of wearable technologies and remote monitoring systems
has opened new perspectives both for screening in the general population and for remote
surveillance of patients with HF. These devices enable continuous recording of physiological
parameters, such as heart rate (HR) and rhythm, respiratory rate, physical activity, posture,
blood pressure, weight, sleep, and blood glucose, which may provide useful indications
for the early identification of clinical changes potentially associated with decompensation
episodes. Clinical studies, such as the LINK-HF trial, have demonstrated the potential of
a multisensor chest patch connected via telemetry to a smartphone, which processes the
data through an artificial intelligence algorithm with the aim of predicting exacerbation
events several days before actual hospitalization. This approach allows for early detection
of clinical deterioration, o!ering the opportunity to intervene before hospitalization becomes
necessary [9]. However, large-scale adoption of such tools remains limited by several factors,
including signal noise, inter- and intra-patient variability, the need for robust algorithms
to extract clinically relevant information, and the management of large volumes of data.
Beyond technical challenges, operational issues persist, such as device cost, usability, patient
engagement and adherence, and the complexity of data processing and interpretation. It
is therefore essential to develop monitoring systems that are simple, reliable, and non-
invasive, capable of ensuring accurate and stable collection of physiological signals over time
and adaptable to a broad user population. Such solutions could significantly contribute to
reducing the burden of hospitalizations by improving diagnostic timeliness and continuity
of care in the management of heart failure.

1.2 Cardiac Time Intervals as Non-Invasive Markers
of Cardiac Function

Cardiac Time Intervals (CTIs) represent a temporal measure of the sequence of mechanical
events occurring during the cardiac cycle and serve as a key indicator of systolic function
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and electromechanical synchronization of the heart. Among the main intervals considered
are the Pre-Ejection Period (PEP), the Left Ventricular Ejection Time (LVET), the Total
Systolic Time (TST), and the Electromechanical Delay (EMD). Their estimation enables
a non-invasive description of myocardial contractile activity and the temporal coordination
between electrical stimulus and mechanical response [10]. Alterations in CTIs have been
correlated with various pathological conditions, including mitral valve stenosis, coronary
artery disease [11, 12], arterial hypertension [13], atrial fibrillation, hypovolemia, and fluid
responsiveness [14], chronic myocardial disease [12], as well as in the assessment of left ven-
tricular systolic function [11,12]. This correlation makes them clinically valuable parameters
for evaluating hemodynamic status and for longitudinal monitoring of ventricular function.

Table 1.1. Main CTIs and their physio-clinical significance.

Interval Definition Physio-clinical significance
PEP Time between the onset of ventric-

ular depolarization and the opening
of the aortic valve

Reflects myocardial contractility and
afterload; its prolongation indicates
reduced systolic function or in-
creased peripheral resistance

LVET Interval between the opening and
closing of the aortic valve

Represents the duration of ventricu-
lar ejection; a reduction is associated
with impaired systolic function or el-
evated afterload

TST Time between the onset of ventricu-
lar depolarization and the closure of
the aortic valve

Provides an overall measure of me-
chanical systole duration

EMD Interval between ventricular electri-
cal activation and the closure of the
mitral valve

Indicates the coordination between
electrical and mechanical activity;
alterations may reflect ventricular
asynchrony or contractile dysfunc-
tion

In clinical practice, the opening and closing of cardiac valves are traditionally evaluated
using echocardiographic techniques such as M-mode, Doppler, or Tissue Doppler Imag-
ing. However, these methods require skilled operators and are not suitable for continuous
monitoring. For this reason, recent years have seen growing interest in non-invasive and
portable techniques for estimating CTIs, based on mechanical and acoustic signals from the
chest, such as seismocardiogram (SCG) and phonocardiogram (PCG). Another promising
approach involves the combined use of electrocardiogram (ECG) and PCG, which enables
direct correlation between the heart’s electrical activity and the mechanical events of valve
opening and closure, o!ering a more comprehensive estimation of cardiac function. A recent
study introduced a wearable system that integrates ECG electrodes and contact-based lead
zirconate titanate (PZT) sensors for the simultaneous acquisition of electrical and acoustic
cardiac signals. The device demonstrated high operational stability, with signal-to-noise
ratios (SNR) of 44.13 dB for ECG and 30.04 dB for PCG, allowing reliable extraction of
functional parameters such as PEP, LVET, and EMD. A comparative analysis conducted on
healthy subjects and patients with coronary artery disease revealed significant di!erences in
CTI values, highlighting the clinical potential of this approach for early diagnosis and non-
invasive monitoring of cardiovascular conditions [2]. Further developments have expanded
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1.3 – Respiratory Influence on Cardiovascular Signals

this paradigm by introducing multimodal devices capable of simultaneously acquiring ECG,
PCG, and extracting respiratory signals. In particular, one study demonstrated the feasi-
bility of reliably estimating key CTIs (PEP and LVET) and respiratory parameters using
a wearable patch, validating its accuracy against clinical-grade reference instruments. The
integration of respiratory extraction techniques from both ECG and PCG signals confirmed
consistency with reference measurements, underscoring the potential of multimodal analysis
for joint assessment of cardiac and respiratory dynamics [15]. Overall, these findings support
the growing relevance of CTIs as non-invasive markers of cardiac function and emphasize
the importance of multimodal ECG–PCG respiration integration to enhance diagnostic pre-
cision and continuous monitoring capabilities—topics that will be further explored in the
following sections dedicated to cardiorespiratory interaction and experimental signal anal-
ysis.

1.3 Respiratory Influence on Cardiovascular Signals
Spontaneous breathing induces cyclic variations in pleural, alveolar, transmural, and intra-
abdominal pressures [16], which generate oscillations in venous return, ventricular preload,
and afterload. These changes a!ect the cardiovascular system, producing a phenomenon
known as cardiorespiratory coupling [17]. Several physiological mechanisms mediate this
interaction: (1) the activation of pulmonary stretch receptors, which are stimulated during
inspiration and trigger the Hering–Breuer reflex, inhibiting cardiac vagal motoneurons in
the nucleus ambiguus and producing a positive chronotropic e!ect [17,18]; (2) the pressure
oscillations induced by the thoraco-abdominal pump, which modulate venous return and
left ventricular afterload, generating cyclic variations in arterial pressure and activating the
baroreflex, associated with a negative chronotropic response during expiration [18–20]; (3)
the direct interaction between respiratory circuits in the brainstem and cardiac vagal pre-
ganglionic neurons, which contributes to the synchronization between respiratory activity
and HR. The overall result of these mechanisms is the respiratory sinus arrhythmia (RSA),
which consists of a rhythmic variation of HR synchronized with breathing, characterized
by a shortening of the RR interval during inspiration and its prolongation during expira-
tion [21]. RSA represents one of the main forms of cardiorespiratory interaction, together
with cardioventilatory coupling, defined by the synchronization between the heartbeat and
the onset of inspiration, and respiratory stroke volume synchronization, characterized by
the synchronized variation of right and left ventricular stroke volumes over the respira-
tory cycle [22]. A recent study proposed a multimodal approach for estimating respiration
from ECG and PCG signals, introducing the methods of ECG-derived respiration (EDR)
and PCG-derived respiration (PDR). From the ECG signal, respiration is obtained through
variations in HR, amplitude, and morphology of the QRS complex (QRS), whereas from the
PCG signal it is estimated based on the amplitude, area, and shape oscillations of the first
heart sound (S1) and the second heart sound (S2), which are themselves modulated by the
respiratory cycle. The PEP is instead derived by combining ECG and PCG, since it depends
on both the electrical and mechanical domains. n total, twelve beat-to-beat features were
extracted, belonging to four main classes: timing (HR, PEP, LVET), area (QRSarea, S1area,
S2area), amplitude (QRSamp, S1amp, S2amp), and morphology, obtained through principal
component analysis (PCA), (QRSPCA, S1PCA, S2PCA) [15]. These quantities, influenced
by respiratory dynamics, were interpolated and filtered to obtain continuous respiratory
signals and subsequently used in a regression model with cross-validation to estimate the
respiratory flow and respiratory rate. The results showed a strong correlation between the
derived and reference signals, confirming that respiration significantly modulates the tempo-
ral, morphological, and amplitude components of cardiovascular signals, thereby providing
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a quantitative basis for the analysis of cardiorespiratory interactions.

1.4 Research Hypothesis and Objectives

1.5 Structure of the Thesis
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Chapter 2

State of the Art

2.1 ECG and PCG in Cardiac Monitoring
ECG and PCG signals are widely recognized as key physiological markers of cardiac func-
tion, each providing complementary perspectives on the heart’s activity [23]. The former
provides information on the electrical activity of the heart, whereas the latter captures
the mechanical vibrations generated by cardiac structures, particularly during valve clo-
sure [24, 25]. The auscultation of heart sounds is a commonly employed clinical practice
aimed at rapidly assessing the condition of the cardiovascular system. The main sounds,
S1 and S2, are associated with the closure of the heart valves and represent a fundamental
reference for the analysis of cardiac function. However, in real-world conditions, the dis-
tinction of heart sounds is often challenging. Interpretation is influenced by interindividual
variability, related to variations in training and experience among clinicians, as well as in-
traindividual variability, which reflects signal changes due to the presence of murmurs and
additional heart sounds. During measurement, the ECG signal is frequently integrated with
the PCG, as this combination allows the correlation of electrical and mechanical events of
the cardiac cycle. This enables a more precise identification of the systolic and diastolic
phases, improving the reliability of S1 and S2 recognition [26]. The information extracted
from the joint analysis of ECG and PCG signals provides a robust foundation for the
early identification of cardiovascular anomalies [27]. By leveraging the temporal alignment
and complementary nature of these biosignals, clinicians can detect subtle deviations that
may escape traditional single-modality assessments, thereby enhancing diagnostic precision
and enabling timely intervention. Technological progress has underscored the limitations
of traditional diagnostic methods based on heart sound auscultation, leading to the need
for advanced solutions. Among these, the development of digital, portable, and wearable
devices capable of concurrently acquiring both biosignals has emerged as crucial step for-
ward [2]. It thus becomes possible to extract features derived both from the integrated and
individual analysis of the two signals, such as PEP and LVET, which provide important
temporal information for identifying cardiovascular dysfunctions [15].

2.2 Detection of Heart Sounds and Estimation of CTIs
The main heart sounds, S1 and S2, are generated by mechanical vibrations produced by
the cardiovascular system [28–31]. These vibrations primarily result from the closure of
the heart valves, events driven by pressure variations between the di!erent cardiac cham-
bers, but may also reflect myocardial wall contraction and blood flow turbulence within
the great vessels [32]. The origin of S1 and S2 derives from the combination of multiple
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valvular components. The first sound is produced by the closure of the atrioventricular
valves, mitral and tricuspid, occurring at the onset of ventricular systole when the intra-
ventricular pressure exceeds the atrial pressure. The second sound consists of aortic and
pulmonary components, corresponding to the asynchronous closure of the semilunar valves.
This event takes place at the onset of diastole, when ventricular pressure drops below that
of the aorta and pulmonary artery [33]. Given the composite nature of heart sounds and the
variability introduced by both physiological and pathological conditions, detection methods
capable of accurately identifying S1 and S2 within cardiac biosignals are essential. It is
therefore useful to provide an overview of the models proposed in the literature for heart
sound detection. According to the study by Amit et al. [34], computational techniques
such as clustering and classification have been used to identify the morphological variations
induced by respiratory activity. The work presented in [35] demonstrated that the timing
of the first heart sound varies systematically with respiration, increasing during inspiration
and decreasing during expiration. However, this relationship is not linear and was mod-
eled in Tang et al. (2015) [32] using Hammerstein-Wiener approach, enabling quantitative
analysis for hemodynamic monitoring. For the analysis of the second heart sound, various
methodologies rely on time-frequency transforms, including the Short-Time Fourier Trans-
form (STFT), the Wigner-Ville Distribution (WVD), the Smoothed Pseudo-Wigner-Ville
Distribution (SPWVD), and the Hilbert Vibration Decomposition (HVD). In this context,
Barma et al. [36] proposed an integrated HVD-SPWVD approach for the quantitative eval-
uation of respiratory splitting [37–39]. This procedure involves decomposing the S2 signal
into phase-stable components and applying SPWVD to extract temporal information. The
distinction between the aortic and pulmonary components is achieved through averaging
and subtraction operations, allowing accurate analysis of split variations in relation to the
respiratory cycle [33]. Accurate detection of heart sounds is fundamental for extracting
the temporal landmarks required to compute CTIs. In recent years, numerous studies have
employed a variety of Deep Learning (DL) and Machine Learning (ML) techniques for heart
sound detection and CTIs estimation. Wavelet transforms, such as the Discrete Wavelet
Transform (DWT), the Wavelet Packet Transform (WPT), and the Perceptual Wavelet
Packet Transform (PWPT), have been used for feature extraction from PCG signals. The
study by Behera et al. [40] combined wavelet-based techniques with optimization methods
like Neighborhood Component Analysis and ML classifiers, including Support Vector Ma-
chine (SVM), k-Nearest Neighbors (KNN), Decision Tree and Random Forest, achieving
improved accuracy in the detection of S1 and S2 heart sounds. In the DL domain, feature
extraction methods have included time-frequency representations such as Spectrograms,
Mel-Frequency Cepstral Coe"cients (MFCC) and Chromagrams, which are used as input
to Convolutional Neural Networks (CNNs) [41]. An innovative approach has addressed
intersubject variability by clustering patients according to age and PCG time-frequency
features, combining MFCCs with PCG fragments and classifying them with a Random For-
est model [42]. A multimodal integration of ECG and PCG signals into one-dimensional and
two-dimensional CNNs has been proposed in [43], with the aim of improving the accuracy
of cardiac event detection and the subsequent extraction of clinically relevant parameters.

2.3 Wearable ECG-PCG Devices for Cardiac Moni-
toring

The growing need for continuous and non-invasive monitoring of cardiovascular diseases has
driven the development of a wide range of wearable devices, which integrate various sensors
and processing techniques to support prevention and clinical management. The following
section presents some representative examples. In [44], a device developed in collaboration
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with Ticking Heart is proposed, capable of simultaneously acquiring multichannel PCG
signals and ECG to support the prevention of CVD. To improve signal quality, each digital
stethoscope integrates a reference microphone dedicated to suppressing ambient noise using
a Wiener filter. The device consists of six digital stethoscopes and a three-lead ECG sensor.
Furthermore, the study introduces an ML method based on CNNs, aimed at achieving better
performance in terms of accuracy and specificity compared to algorithms that analyze PCG
signals alone. To date, few studies have explored the use of ECG systems with closely
spaced electrodes to obtain standard leads [45]. In a work by Lee et al. [46], the feasibility
of a 12-channel ECG based on this configuration has been demonstrated. Building on
previous studies that confirmed the feasibility of deriving standard leads from closely spaced
ECG electrodes, this principle has been applied in the development of a wearable digital
stethoscope patch. The device integrates a single-lead ECG and impedance pneumography,
with an inter-electrode distance of 55 mm, designed to provide multimodal analysis for long-
term cardiovascular and respiratory monitoring. The experimental pipeline first involved
evaluating the estimation of Einthoven’s standard leads derived from the device, followed
by using the reconstructed ECG to classify fiducial points and the S1 and S2 heart sounds
on the PCG acquired by the stethoscope. The extracted information was then used to
calculate the PEP and LVET intervals [15]. Numerous recent studies have contributed
to the advancement of research in the field of digital sensors for heart sound acquisition.
Several technologies have been employed to improve heart sound detection, including arrays
of piezoresistive MEMS sensors, piezoelectric elements, flexible sensors, and fiber optic
solutions, thereby increasing the sensitivity and reliability of measurements. Despite these
advancements, the simultaneous acquisition and synchronization of ECG and PCG signals
remains a less explored area [2]. Monteiro et al. [47] proposed a system based on the use of
electret microphones and dry polymer electrodes for the joint detection of ECG and PCG.
More recently, Cho et al. [48] introduced a wearable device capable of recording both signals
in parallel, although electret microphones may introduce limitations in signal fidelity. In
Zang et al. [2], the authors introduced a cost-e!ective and non-invasive solution tailored
for widespread usability. The device, based on PZT sensors, enables real-time acquisition
of ECG and PCG signals and the subsequent extraction of clinically relevant parameters
such as EMD, LVET, and PEP, supporting the early diagnosis of cardiovascular diseases.
These developments underscore the growing clinical and technological potential of wearable
ECG-PCG systems.

2.4 Approaches to Respiratory Signal Estimation

The assessment of respiration plays a fundamental role in the diagnosis and management
of cardiorespiratory diseases [49]. A significant example is the postoperative period, dur-
ing which respiratory rate can serve as an early indicator of critical events, such as the
onset of heart attack [50]. Traditionally, this evaluation has been performed through the
direct observation of thoracic and abdominal movements by healthcare personnel, which
increases the margin of error and operational costs [49, 51, 52]. Although electronic meth-
ods for respiratory monitoring are now available, they often require the use of obstructive
devices such as facial masks or nasal cannulas, which can compromise patient comfort
and alter the natural breathing pattern. To overcome these limitations, several studies
have highlighted the potential of accelerometers as alternative sensors for respiratory signal
extraction [51–56]. These devices allow for continuous and non-invasive measurement of
respiratory activity while preserving the natural physiology of breathing, an aspect par-
ticularly relevant for patients in vulnerable clinical conditions [52, 53]. Various methods
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have been developed to estimate respiratory activity using both mechanical and physiolog-
ical signals. Among them, accelerometer-based approaches provide information on thoracic
motion, while biosignal-based methods exploit respiration-induced modulations of cardio-
vascular signals. The following sections summarize the main developments in these two
research domains.

2.4.1 Respiration Estimation from Accelerometric Signals

Among the earliest approaches to non-invasive respiratory monitoring, accelerometers were
employed to capture thoracic motion associated with breathing. Hung et al. [57] proposed a
method for estimating respiratory rate under static conditions using a biaxial sensor. This
approach was later extended to the use of triaxial accelerometers, introducing a method
based on hybrid PCA to improve the representation of respiratory movements [58]. How-
ever, these spatial acceleration-based methods present significant limitations due to motion
artifacts and posture changes, as the acceleration signals induced by movement tend to mask
the respiratory component. To overcome these limitations, Liu et al. [59] subsequently pro-
posed a method capable of continuously estimating the breathing waveform, and thus the
respiratory rate, even under dynamic conditions, by measuring inclination and variations
in thoracic angle during activities characterized by di!erent levels of energy expenditure
(EE), such as walking, running, sitting, and sleeping. This approach, based on spectral
analysis of the accelerometric signal, demonstrated greater robustness and resilience to ar-
tifacts compared to previous methods. Building on these early developments, subsequent
research focused on optimizing sensor configuration and signal quality in multi-sensor sys-
tems. In this context, the study presented in [60] highlights the importance of defining
how the number and placement of sensors influence the SNR, also in relation to individ-
ual subject characteristics and di!erent breathing patterns, thereby resulting in variable
accuracy of the acquired signals. Starting from this observation, a preliminary analysis is
conducted to identify the most e!ective sensor configuration within a heterogeneous popu-
lation. The device used consists of a custom-made array of ten accelerometers positioned
on the abdomen and chest, whose signals are compared with a reference obtained through a
pneumotachographic mask. The second objective of the study concerns the possibility of ex-
tracting respiratory information blindly, assuming that the accelerometric signals represent
unknown linear combinations of respiration, the source of interest, and other physiological
components and artifacts. From this perspective, the output vector is modeled as blind
source separation (BSS) problem, for which independent component analysis (ICA) is the
most widely used approach. This method is based on the assumption that the various
physiological sources, including respiration, are statistically independent, and allows for the
estimation of the respiratory component without the use of reference signals obtained, for
example, through invasive devices.

2.4.2 Respiration Estimation from Biosignals

In addition to mechanical measurements, respiratory information can also be extracted from
physiological signals that reflect cardiorespiratory interactions. Among these, the ECG and
photoplethysmogram (PPG) are particularly relevant, as respiration induces characteristic
modulations in both electrical and mechanical cardiac activity. These modulations can
be exploited to estimate a respiratory waveform or breathing rate without the need for
dedicated respiratory sensors. Respiratory signals can be extracted from ECG and PPG
signals using either feature-based or filter-based techniques. The influence of respiration on
these signals can be classified into three distinct types of modulation [61]:
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• Baseline wander (BW): In the ECG, this component arises from variations in tho-
racic impedance and shifts in the electrical axis of the heart relative to the electrodes.
In the PPG, it primarily results from changes in peripheral blood volume and vaso-
constriction of cutaneous vessels that occur during inspiration.

• Amplitude modulation (AM): During inspiration, the reduction in venous return
leads to a decrease in stroke volume and, consequently, a reduction in the amplitude
of both the QRS complex in the ECG and the pulsatile waveform in the PPG.

• Frequency modulation (FM): This modulation originates from RSA, a phenomenon
in which HR increases during inspiration and decreases during expiration.

Charlton et al. [61] conducted a systematic study to analyze how technical and physiological
factors influence the quality of respiratory signals extracted from ECG and PPG. The main
objective was to assess the reliability of the three types of modulation (AM, FM, and BW) in
reconstructing a respiratory signal and estimating respiratory rate across di!erent contexts.
The results showed that the quality of the extracted signal depends on multiple variables:
technical factors, such as the choice of source signal (ECG or PPG), and physiological fac-
tors, such as age or the presence of arrhythmias. In particular, FM was found to be less
reliable in elderly subjects, as RSA tends to diminish or disappear with age. Moreover, the
authors observed that the quality of most respiratory signals decreases at higher respiratory
rates, indicating a general decline in estimation accuracy. The study therefore emphasized
that the robustness of extraction techniques is strongly dependent on the subject’s phys-
iological condition and the measurement context. A more recent evolution in respiratory
signal extraction methods is represented by the study of Miao et al. [62], which proposes
an end-to-end model called RespDi! for estimating the respiratory waveform from PPG
signals. This approach introduces, for the first time, the application of di!usion models to
respiratory signal analysis, combined with a multi-scale Recurrent Neural Network (RNN)
architecture capable of capturing respiratory modulations distributed across di!erent fre-
quency bands. Additionally, a spectral loss is integrated to optimize signal reconstruction
in the frequency domain. Validated on the BIDMC dataset [63], the model demonstrated
superior performance compared to traditional methods, showing greater robustness even in
the presence of noise or signal quality variations. This study highlights how the integration
of generative models and recurrent neural networks represents a promising direction for
continuous and non-invasive respiratory signal estimation.

2.5 E!ect of Respiratory Phase on CTI Accuracy
It is essential to understand the physiological e!ects of respiration on heart sounds, as the
pressure and volume variations, induced by the respiratory cycle, influence both the mor-
phology and timing of cardiac mechanical events. Variations in heart sounds reflect the
influence of respiration on the timing of cardiac valve closure, mediated by changes in in-
trathoracic pressure and venous return dynamics, which a!ect ventricular filling. During
inspiration, the reduction in intrathoracic pressure caused by the expansion of the thoracic
cavity promotes blood flow to the right ventricle, resulting in delayed closure of the pul-
monary valve and earlier closure of the aortic valve. This phenomenon leads to an increase
in the splitting of the second heart sound. During expiration, the opposite process occurs:
venous return decreases and the two components tend to merge [33]. The physiological split
of the second heart sound thus serves as an indicator of the hemodynamic variations that
occur throughout the respiratory cycle. Regarding the first heart sound, the study con-
ducted by Tang et al. (2015) [32] showed that the delay in S1 progressively increases during

('



State of the Art

inspiration, reaching its maximum at the end of this phase, and decreases during expira-
tion. Respiratory-induced variations in the preload and afterload of the ventricular a!ect
the temporal relationship between electrical activation and the mechanical response of the
myocardium, altering both the morphology and timing of heart sounds. In a quantitative
study modeling heart sounds as a sum of Gaussian curves, morphological variations were an-
alyzed in terms of amplitude, timing, and supporting width. The amplitude of S2 was found
to increase during inspiration and diminish during expiration, while no consistent trend was
observed for S1. Additionally, the supporting width of S1 increased during inspiration and
decreased during expiration, reflecting the mechanical impact of intrathoracic pressure fluc-
tuations on valve dynamics. The delay span of S2 was often found to be greater than that
of S1, suggesting that respiratory activity exerts a stronger modulation on the mechanical
events associated with semilunar valve closure. These cyclic morphological changes confirm
the high sensitivity of cardiac sounds to respiration-induced hemodynamic variations, pro-
viding a non-invasive window into cardiorespiratory coupling [35].Several studies have shown
that respiratory phases modulate CTIs. In particular, an increase in PEP and a reduction
in LVET are observed during inspiration, both at rest and after physical exercise [64]. This
behavior can be explained by the decrease in pleural pressure that occurs during inspiration,
which leads to a relative increase in aortic pressure and, consequently, in afterload. This ef-
fect causes a delay in mitral valve closure and aortic valve opening, thereby prolonging PEP.
During expiration, the opposite process occurs: reduction in afterload shortens PEP and
prolongs ejection time [65]. These findings confirm that respiration-induced hemodynamic
variations systematically a!ect the timing of mechanical cardiac events and, as a result,
may compromise the accuracy of CTI estimation if the respiratory phase is not explicitly
taken into account.

2.6 Open Challenges in the Interaction Between Res-
piratory and Cardiovascular Signals

Interactions between the respiratory and cardiovascular systems represent a complex and
dynamic phenomenon, still under investigation due to its nonlinear nature and the chal-
lenges associated with accurate modeling. Respiratory modulations simultaneously a!ect
electrical, mechanical, and hemodynamic parameters of the heart, leading to variations
in frequency, morphology, and timing of cardiac events. However, the cardiorespiratory
response exhibits high interindividual variability and depends on several factors, such as
respiratory rate, breath depth, and the subject’s autonomic state. This complexity makes
it di"cult to isolate the direct e!ects of respiration on cardiovascular signals and poses a
significant challenge for the quantitative analysis and modeling of heart-lung coupling. Al-
though recent studies have demonstrated the feasibility of estimating respiratory and cardiac
parameters using non-invasive devices based on biosignal acquisition, several challenges re-
main in ensuring robust and reliable monitoring of cardiorespiratory interactions in real-time
and over extended periods. One of the main limitations is the presence of motion artifacts,
which inevitably degrade signal quality. Body movements, postural changes, or even speech,
di"cult to control in a home environment compared to experimental settings, can intro-
duce non-physiological fluctuations that obscure subtle respiratory modulations, leading
to erroneous segmentation of mechanical events and, consequently, inaccurate estimation
of CTIs. Another critical issue arises form irregular heart rhythms, such as arrhythmias,
which introduce additional variability and pose significant challenges to algorithms based
on regular beat-to beat cadence. The normal physiological coupling between respiration
and cardiac dynamics may thus be disrupted, reducing the coherence of features dependent
on respiratory phase. The impact of such variability on the accuracy and robustness of
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respiration-dependent CTI estimation remains an open question, particularly regarding the
system’s adaptability to di!erent physiological conditions. In light of these challenges, fur-
ther developments are needed toward advanced signal processing techniques and intelligent
artifact management, in order to enhance the clinical e!ectiveness of non-invasive devices
in home-based settings. Future research may focus on integrating data from accelerome-
ters or gyroscopes, implementing adaptive filtering techniques, and employing ML and DL
approaches equipped with personalized calibration phases, thereby optimizing monitoring
performance and ensuring greater long-term reliability [41].
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Chapter 3

Materials and Methods

3.1 Description of the Wearable Device

The wearable system used in this study was specifically developed to enable the simulta-
neous acquisition of ECG, PCG, and accelerometric signals. The multimodal configuration
was designed to investigate the interaction between electrical, mechanical, and acoustic
cardiac activity and to extract respiratory information from chest motion. The core compo-
nent of the device consists of a flexible array that conforms to the subject’s left hemithorax.
The array integrates 48 electret condenser microphones for PCG acquisition and three elec-
trodes for single-lead ECG recording. The dense spatial distribution of the microphones
allows users with no prior experience in auscultation to perform high-quality recordings
without assistance from clinical or technical personnel. A detailed description of the de-
vice design is provided in [66]. A miniaturized magneto-inertial measurement unit (MIMU)
is positioned on top of the array, over the sternal area, to capture 3D chest wall accel-
erations. This configuration allows the detection of both cardiac-induced microvibrations
and respiratory-induced movements. The inertial data are processed by an onboard floating-
point microcontroller. The ECG/PCG array and the MIMU system operate asynchronously.
To achieve precise temporal alignment, cross-correlation between PCG and accelerometric
signals filtered within the heart sound bandwidth (20–100 Hz) was performed. All signals
were resampled to 1 kHz for further analysis.

Figure 3.1. Configuration of the acquisition system. A) Setup for ECG and PCG signal
collection. B) Inertial sensor (MIMU) for measuring chest wall accelerations. C) Placement
of the sensing elements on the thoracic surface [66].
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3.2 Data Acquisition Protocol

Twelve healthy volunteers (5 females) participated in the data acquisition sessions. All
participants reported no history of cardiovascular or respiratory diseases and no ongoing
medication that could influence cardiac or respiratory activity. The inclusion of healthy
subjects was considered appropriate to perform a preliminary evaluation of whether in-
corporating respiratory signal analysis could improve the accuracy of cardiac time interval
estimation. Each participant was fitted with the acquisition device using an adjustable vest-
like belt designed to ensure stable sensor positioning according to individual body shape.
Data were collected with subjects lying in a supine position on an examination bed, in-
structed to remain still and breathe spontaneously without any imposed rhythm or verbal
cue, to preserve natural respiratory patterns. For each subject, a single recording of 60 sec-
onds was acquired. The participants had a median age of 25 years (range: 24–70 years).
Although the sample size is limited, the study can be regarded as a pilot investigation aimed
at assessing the feasibility and consistency of the proposed approach.

Table 3.1. Anthropometric characteristics of the participants.

Subject ID Age Gender Height (m) Weight (kg) BMI (kg m→2)
subj_01 – – – – –
subj_02 – – – – –
subj_03 70 M 1.77 76 24.3
subj_04 25 M 1.83 83 24.8
subj_05 25 F 1.67 55 19.7
subj_06 24 M 1.90 90 24.9
subj_07 28 F 1.60 50 19.5
subj_08 24 M 1.80 70 21.6
subj_09 26 M 1.76 71 22.9
subj_10 24 M 1.74 59 19.5
subj_11 25 F 1.64 66 24.5
subj_12 25 M 1.78 71 22.4

3.3 Methods for Estimating the Respiratory Signal

Respiratory information was estimated from three physiological signals recorded simulta-
neously: acceleration, ECG, and PCG. Each of these signals contains respiration-related
components arising from distinct physiological mechanisms, such as mechanical chest wall
motion in the acceleration signal, RSA in the ECG, and variations in cardiac sounds in
the PCG. To minimize transient artifacts, the initial second of each recording was excluded
from analysis, as identified through visual inspection of the dataset. A specific method
was implemented for each signal to extract the corresponding respiratory information. A
processing pipeline was adopted for all signal sources in order to ensure respiratory signals
of good quality, with reduced noise levels and methodological consistency across the di!er-
ent extraction modalities. This section describes the signal-specific extraction procedures
(Sections 3.3.1–3.3.3) and the shared processing steps used to obtain the final respiratory
waveforms (Section 3.3.4).
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3.3 – Methods for Estimating the Respiratory Signal

3.3.1 Accelerometer-derived respiration
The respiratory signal was derived from the triaxial accelerometer positioned on the ster-
num, which captures the mechanical expansion and contraction of the thoracic wall during
breathing. Before processing, the mean value of each acceleration axis was removed to elim-
inate the direct current (DC) component. The three acceleration components were then
combined into a single magnitude signal by computing the Euclidean norm:

anorm(t) =
!

a2
x(t) + a2

y(t) + a2
z(t). (3.1)

The use of the vector norm, instead of a single-axis signal, was preferred as it improves
the sensitivity of the device in capturing chest wall motion due to respiration [67]. This
approach is consistent with the findings of Lin and Jhou [68], who applied wavelet analysis
to extract respiratory frequency from seismocardiogram signals recorded by MEMS triaxial
accelerometers in a supine posture, achieving a remarkably low estimation error of 0.0035±
0.0628 Hz (0.21 ± 3.77 bpm in RR). These results confirm the feasibility of respiratory rate
estimation from accelerometric signals under controlled postural conditions. Furthermore,
previous studies have shown that no significant di!erences are typically observed among
orthogonal acceleration directions, supporting the use of combined-axis representations to
improve robustness across varying postures and sensor placements [69]. The resulting norm
signal was then downsampled to the target frequency to reduce computational load before
the application of the subsequent processing steps described in Section (3.3.4).

3.3.2 ECG-derived respiration
Accurate detection of R-peaks is therefore essential to ensure the reliability of the continu-
ously reconstructed respiratory signal derived from the ECG. R-peaks were detected using
an implementation of the Pan–Tompkins algorithm [70], originally developed for QRS detec-
tion in ECG signals and subsequently adapted to the characteristics of the acquired dataset.
The modifications aimed to improve detection robustness under the specific experimental
conditions and to enable its integration into a fully automated processing pipeline without
graphical user interfaces. In particular, the algorithm was refined through: (i) recentring of
each R-peak on the local maximum within ±40 ms; (ii) polarity check and signal inversion,
when necessary, to ensure consistency of peak orientation; (iii) enforcement of a minimum
refractory period of 0.35 s, suitable for resting subjects in semi-recumbent position; and (iv)
removal of low-amplitude detections below 30% of the median peak value. These parameter
values were established empirically based on the inspection of the acquired ECG recordings.
The resulting sequence of R-peak locations was then used to derive two respiratory signals
based on temporal and morphological modulations of the ECG.
RR-based extraction
The first respiratory estimate was obtained from the beat-to-beat variability of the cardiac
period. Consecutive R–R intervals were computed from the sequence of detected R-peaks,
and the resulting series was interpolated to obtain a uniformly sampled, continuous respi-
ratory waveform. This approach exploits the well-known coupling between respiration and
heart rate, known as RSA, where breathing modulates the cardiac cycle length.
Amplitude-based extraction
A second respiratory estimate was derived from respiratory-induced modulations of the
QRS complex amplitude, following the method proposed [71]. For each detected R-peak, the
corresponding S-wave was identified as the minimum value of the ECG within a 0.1 s window
following the R-peak, and the R–S amplitude di!erence was computed. The resulting
sequence of R–S amplitudes reflects respiration-related morphological variations of the ECG
and was used to generate an additional respiratory waveform.
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Both derived time series were subsequently processed using the common pipeline described
in Section(3.3.4).

3.3.3 PCG-derived respiration
Based on the physiological mechanisms underlying the generation of the S1 and S2 heart
sounds (see Section 2.2), both components were analyzed to assess respiration-induced mod-
ulations in cardiac timing. The extraction was performed separately for S1 and S2, in order
to evaluate which component provided a more robust respiratory estimate.
S1-based extraction
The respiratory signal was first extracted from S1, associated with the closure of the atri-
oventricular valves. Each PCG channel was band-pass filtered in the 20–100 Hz range using
a Chebyshev type II filter to isolate the frequency content corresponding to the main heart
sounds. The Shannon energy envelope was then computed to enhance the SNR and facili-
tate the detection of S1 peaks. For each cardiac cycle, S1 peaks were identified within the
first 20% of the R–R interval following each R-peak in the ECG. The sequence of detected
S1 events was used to compute the S1–S1 intervals, which reflect the respiration-induced
variability of cardiac timing. These intervals were interpolated to obtain a continuous res-
piratory waveform representing the slow modulation of heart sound timing associated with
the breathing activity.
S2-based extraction
A similar procedure was applied to extract the respiratory signal from S2, related to the
closure of the semilunar valves. S2 peaks were identified within the 30–60% portion of each
R–R interval, based on the corresponding ECG R-peak timing. For each PCG channel,
the sequence of S2 occurrences was used to compute the S2–S2 intervals, capturing the
respiratory influence on the temporal spacing of cardiac sounds. The resulting interval
series was interpolated to generate a continuous respiratory waveform, following the same
procedure applied for S1.
Quality metrics and channel selection
To assess the reliability of the extracted signals, the SNR was computed for each PCG
channel following the formulation proposed by [72]. The SNR was defined as:

SNR = 20 log10

"
AS

4ωN

#
, (3.2)

where AS represents the peak-to-peak amplitude of the mean cardiac cycle, and ωN is the
standard deviation of the noise estimated within the 70–85% portion of the mean cycle,
where no heart sounds are expected. The channel with the highest SNR was automati-
cally selected for further analysis, and its corresponding respiratory signal was retained for
comparison with the other modalities (Section 3.3.4).

3.3.4 Cardiac latency–derived respiration
The respiratory signal was also estimated from the beat-to-beat variations in the timing of
cardiac valve events, quantified as the latencies between the R-wave of the ECG and the
main heart sound components, namely the mitral (S1m) and tricuspid (S1t) components of
S1, and the aortic (S2a) and pulmonary (S2p) components of S2. ECG and PCG signals
were processed using algorithms previously developed and validated by [72]. The ECG was
band-pass filtered (10–35 Hz) through the cascade of two 250th-order FIR filters to remove
baseline drift and high-frequency noise, and R-peaks were detected using a modified version
of the Pan–Tompkins algorithm. The PCG signals were band-pass filtered between 20
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3.4 – Identification of Respiratory Phases and Characteristic Points

and 100 Hz using a fifth-order Chebyshev IIR filter applied in a zero-phase configuration.
Heart sounds were segmented using the second-order Shannon energy envelope, followed
by amplitude and time thresholding for the detection of S1 and S2 components, allowing
the identification of their subcomponents as described in [72]. For each cardiac cycle,
the temporal latencies between the R-wave and the corresponding valvular components
were computed and subsequently converted from milliseconds to seconds to ensure unit
consistency across all derived signals. The resulting beat-to-beat latency series constituted
the discrete basis for constructing the respiratory waveforms, as described in the following
section.

3.3.5 Common Processing Pipeline
After the extraction of respiration-related series from each modality, a common processing
pipeline was applied to obtain continuous, temporally aligned respiratory waveforms suit-
able for comparison across methods. All signals were first interpolated and resampled at a
uniform frequency of 25 Hz, ensuring consistent temporal resolution and facilitating sub-
sequent analyses. The piecewise cubic Hermite interpolation (pchip) method was selected
after evaluating di!erent interpolation schemes commonly used for physiological signals.
Linear interpolation o!ers computational simplicity and avoids spurious oscillations but
can introduce abrupt slope discontinuities that may distort the temporal morphology of
respiratory cycles. Spline interpolation provides higher-order smoothness and visually con-
tinuous profiles; however, its tendency to overshoot between samples can generate artificial
peaks and troughs, which are undesirable when the accurate delineation of respiratory cy-
cles is required. Pchip represents a compromise between these two approaches, preserving
the monotonicity and overall shape of the signal while ensuring smooth, physiologically
consistent transitions. This balance makes it particularly suitable for obtaining realistic
respiratory waveforms and reliable estimation of cycle boundaries and respiratory rate. A
10 s moving average was applied and subtracted from each respiratory estimate to remove
slow baseline trends and low-frequency fluctuations unrelated to breathing. The window
length was selected to e!ectively suppress very slow variations while maintaining the typical
frequency content associated with normal respiratory activity in healthy awake adults at
rest. This operation further mitigates low-frequency variations arising from slow postural
adjustments, mechanical instabilities, or gradual physiological changes that can introduce
non-respiratory modulations across all sensing modalities. Finally, a zero-phase low-pass
Chebyshev type II filter of seventh order was applied, with a stopband attenuation of 50 dB
and a normalized cuto! frequency of 0.5 Hz (corresponding to the upper limit of the ex-
pected respiratory band). This filtering stage preserved the morphology of the respiratory
waveform while reducing high-frequency fluctuations and residual cardiac components. The
resulting signals represent the continuous respiratory waveforms derived from each source,
used for all subsequent analyses and comparisons.

3.4 Identification of Respiratory Phases and Charac-
teristic Points

The segmentation of the respiratory signal into inspiratory and expiratory phases was per-
formed by identifying local maxima and minima using a Zero-Crossing with Amplitude
Threshold (ZC-AT) algorithm derived from Khodadad et al. [73]. The algorithm analyzes
the zero-crossings of the signal to alternately detect end-expiration points (minima) and
end-inspiration points (maxima). Each potential extremum is validated based on two tem-
poral criteria: the interval between consecutive crossings with the same slope, defined as
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Identical Crossing Spacing (ICS), and the interval between consecutive crossings with op-
posite slopes, defined as Di!erent Crossing Spacing (DCS). The extrema are accepted only
if both intervals exceed minimum thresholds, namely Minimum Identical Crossing Spacing
(MICS) and Minimum Di!erent Crossing Spacing (MDCS), calculated as:

MICS = MICSfact · 60
maxBR , MDCS = MDCSfact · 60

maxBR
where MICSfact and MDCSfact are dimensionless factors scaling the temporal thresholds
relative to the maximum respiratory rate (maxBR), fixed at 150 breaths/min. This value
was kept consistent with the original formulation of [73], where it serves as a theoretical limit
for temporal normalization and does not represent a physiological value for adult subjects.
To reduce false detections caused by small-amplitude oscillations or noise, an additional
amplitude-based validation criterion was introduced. The minimum acceptance threshold,
referred to as Low Tidal Amplitude (lowTA), is defined as:

lowTA = typTA · lowTAfact

where typTA (Typical Tidal Amplitude) represents the typical tidal amplitude, correspond-
ing to the 80th percentile of the respiratory amplitude distribution, and lowTAfact is a co-
e"cient between 0 and 1 defining the minimum fraction of the typical amplitude required
for a cycle to be considered valid. The parameters MICSfact, MDCSfact, and lowTAfact were
initially explored within the following validity ranges:

MICSfact ↑ [0.5, 0.75], MDCSfact ↑ [0.1, 0.25], lowTAfact ↑ [0.1, 0.9]

The parameter configurations were considered acceptable only if they produced physiologi-
cal respiratory rates for awake, resting adults (6–20 breaths/min) and at least five coherent
respiratory cycles. Respiratory rates within this range were considered physiologically plau-
sible, as slower frequencies (6–11 breaths/min) that have been shown to enhance vagal power
by entraining cardiac activity to the respiratory rhythm, thereby strengthening parasympa-
thetic modulation [74], while typical spontaneous breathing in healthy adults falls between
12 and 20 breaths/min, with 90% of values reported within 11.8–19.2 breaths/min [75].
The analysis showed a stable convergence toward MICSfact = 0.50 and MDCSfact = 0.10, in
agreement with the values originally proposed by [73]. The parameter lowTAfact exhibited
greater variability, but the choice of 0.10 proved to be the most balanced, as it preserved
the physiological plausibility of the respiratory rate while maintaining the inclusion of low-
amplitude cycles. The final parameter values and their respective exploration ranges are
reported in Table 3.2.

Table 3.2. Explored ranges and final values of the parameters used for respira-
tory signal segmentation

Parameter Description Explored range Final value
MICSfact Scaling factor for the ICS threshold [0.5, 0.75] 0.50
MDCSfact Scaling factor for the DCS threshold [0.1, 0.25] 0.10
lowTAfact Minimum fraction of the typical tidal ampli-

tude required for a valid cycle
[0.1, 0.9] 0.10

3.5 Estimation of Cardiac Latencies with Respect to
the Respiratory Cycle
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