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Abstract

Recent studies have shown that cardiovascular diseases remain the leading cause of death
worldwide. Since many cardiovascular conditions are characterized by event-related symptoms,
the development of wearable devices for long-term electrocardiographic (ECG) monitoring
has increased. However, their widespread use requires robust signal processing techniques
capable of operating under dynamic conditions.

In real-life scenarios, body movements introduce motion artifacts and muscle interference that
degrade ECG signal quality, affecting R-peak detection, heart rate variability (HRV) metrics,
and respiratory rate (RR) estimation. This work proposes a robust signal processing pipeline
for extracting cardiovascular and respiratory parameters from wearable ECG recordings. The
framework includes ECG denoising based on bandpass filtering combined with singular value
decomposition (SVD), followed by R-peak detection and subsequent extraction of relevant
time-domain HRV metrics. After comparing different R-peak detection strategies, a continuous
wavelet transform (CWT)-based algorithm was selected for its superior robustness in wearable
applications. Respiratory rate was estimated both directly through embedded bioimpedance
sensors and indirectly using ECG-derived respiration (EDR), enabling additional comparison
between direct and indirect respiratory features.

The pipeline development phase involved three healthy subjects. The total recording duration
was 1473 minutes (24 h 33 min), of which 90.4% was retained for framework development
(1331 minutes, i.e., 22 h 11 min) after signal quality assessment.

Moreover, the impact of electrode placement was evaluated by positioning two adhesive
dry patches at distinct trunk locations (thoracic and left side) on a healthy subject. Recordings
were performed during motion-based task challenges—walking, stair climbing, and jump-
ing—to evaluate the robustness of the developed processing algorithms in the presence of
motion-induced artifacts.

Results show that the proposed processing framework enhances ECG delineation, leading to
improved R-peak detection reliability and greater stability of HRV and RR estimation under
dynamic conditions. Finally, the comparative analysis of electrode placement indicates that
thoracic positioning is more reliable under non-stationary conditions, providing researchers
with practical guidance for future continuous cardiorespiratory monitoring systems.
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Chapter 1

Introduction

1.1 Context and Motivations

Cardiovascular diseases (CVDs) remain the leading cause of death worldwide [2], highlighting
the importance of reliable tools for monitoring cardiac activity. Electrocardiography (ECG)
represents one of the most widely used non-invasive techniques for assessing the electrical
activity of the heart and provides valuable information about heart rhythm, cardiac conduction,
and autonomic regulation. However, many cardiovascular conditions manifest suddenly and
are characterized by event-related symptoms, such as arrhythmias, which may not be detected
during short clinical examinations. For this reason, continuous ECG monitoring is often
required [3].

In recent years, the increasing availability of wearable technologies has enabled long-term
physiological monitoring in real-life and ambulatory environments. Wearable devices such as
smartwatches [4], wristbands [5], and smart clothing [6] allow unobtrusive and comfortable
monitoring during daily activities, outside the traditional clinical setting. Beyond cardiovas-
cular observation, these technologies may also provide information in subjects experiencing
sporadic or transient events, such as stress-related episodes, epilepsy, or other neurological
conditions [7, 8].

Despite their advantages in terms of cost, portability, and comfort, wearable ECG systems are
significantly more susceptible to signal degradation than clinical equipment. Body movements,
muscle contractions, and variations in electrode—skin contact introduce motion artifacts, elec-
tromyographic (EMG) interference [9], and baseline drift, which can distort the ECG waveform
and complicate signal interpretation. These disturbances may also affect the detection of
morphological features—such as the QRS complex—and can compromise the reliability of
subsequent physiological analyses [10].

In the context of wearable monitoring and stress-related conditions, the extraction of heart rate
variability (HRV) metrics is particularly relevant for evaluating autonomic nervous system
(ANS) modulation [11]. Fluctuations in heart rate (HR) and beat-to-beat intervals reflect
the dynamic balance between sympathetic and parasympathetic activity, which influences
cardiovascular and respiratory systems. Consequently, accurate R-peak detection is cru-
cial for reliable HRV estimation and for minimizing misinterpretation of arrhythmic events.
Over the past decades, several R-peak detection approaches have been developed, including
threshold-based techniques (e.g., the Pan—Tompkins algorithm) and more advanced wavelet
transform-based methods.

In addition to cardiac monitoring, wearable technologies increasingly enable the assessment
of cardiorespiratory dynamics, providing complementary information on physiological regula-
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tion. Respiratory activity is closely linked to cardiac function through mechanisms such as
respiratory sinus arrhythmia (RSA) and contributes to autonomic nervous system modulation
[12]. For this reason, respiratory rate (RR) estimation has become an important component
of wearable monitoring systems. RR can be estimated both directly, through bioimpedance
sensors measuring thoracic impedance changes during breathing, and indirectly, through
ECG-derived respiration (EDR) techniques based on respiratory-related variations in the ECG
signal [13].

In conclusion, addressing these challenges requires the development of a robust signal process-
ing pipelinecapable of enhancing ECG signal quality, accurately detecting cardiac events, and
enabling reliable extraction of cardiorespiratory parameters from noisy wearable recordings.

1.2 Research Questions

Based on the challenges outlined in the previous section, this work focuses on three main
research questions related to the reliability of wearable cardiorespiratory monitoring systems.

1. Robustness of Signal Processing Pipeline: To what extent is the proposed signal
processing pipeline able to correctly detect R-peaks in ECG signals acquired with
wearable devices during daily activities? Furthermore, how reliable are the HRV metrics
subsequently extracted?

2. Impact of Electrode Placement on ECG Signal Quality: Does the placement of
wearable ECG patches influence signal quality and R-peak detection performance? In
particular, is there a patch configuration—between the central thoracic and the left-side
trunk locations—that provides more reliable recordings under both resting and dynamic
conditions?

3. Respiratory Rate Estimation in Wearable Systems: How consistent are the RR values
estimated indirectly through EDR signal compared to those obtained directly from the
bioimpedance signal?

1.3 Contributions

The main contributions of this work address the research questions outlined above and can be
summarized as follows.

1. Development and Evaluation of a Robust Signal Processing Pipeline: A signal
processing framework is implemented to enhance ECG signal quality, enabling reliable
estimation of HRV metrics in wearable recordings affected by motion artifacts. The
pipeline includes ECG denoising, R-peak detection using a CWT-based method, com-
putation of beat-to-beat intervals, and subsequent extraction of time-domain variability
parameters. The development phase focused on long-term recordings and included the
comparison of three different R-peak detection approaches, while the evaluation phase
assessed the performance of the developed pipeline during specific daily activities and
motion-based tasks.

2. Experimental Comparison of Electrode Placement: The impact of electrode place-
ment on ECG signal quality is investigated by comparing two wearable patch configura-
tions placed at different trunk locations (central thoracic and left-side). The analysis

2
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evaluates the reliability of each configuration in terms of signal quality and R-peak de-
tection performance during both resting and dynamic conditions. This comparison aims
to provide researchers with practical guidance for future continuous cardiorespiratory
monitoring systems.

3. Comparative Assessment of Respiratory Rate Estimation Methods: RR is estimated
through two complementary approaches: direct measurement using the bioimpedance
signal and indirect estimation based on EDR signal. The agreement between these
methods is evaluated to assess the feasibility of ECG-based respiratory monitoring in
wearable systems.

1.4 Thesis Outline

The remainder of this thesis is organized as follows.

Chapter 2 reviews the current state of the art. It first presents the physiological background
related to stress and autonomic nervous system activity, together with the main cardiac and
respiratory features considered in this work, namely heart rate (HR), heart rate variability
(HRV), and respiratory rate (RR). The chapter then discusses wearable physiological monitor-
ing systems, their opportunities and limitations, and finally reviews the main signal processing
approaches for wearable ECG analysis, with particular focus on filtering techniques and QRS
detection methods.

Chapter 3 describes the materials and methods adopted in this study. It presents the
experimental design, the wearable device and acquisition setup, and the datasets used for both
the development and evaluation phases. The chapter then details the proposed signal processing
pipeline, and the criteria used for signal quality assessment and algorithm evaluation.

Chapter 4 presents and discusses the results obtained during both the development and
evaluation phases. The chapter first reports the results related to signal quality assessment
and the comparison between R-peak detection methods. It then analyzes the evaluation phase
results, including the comparison of electrode patch placements, the analysis of HR and HRV
metrics across activities, and the comparison of RR estimation methods.

Finally, Chapter 5 summarizes the main findings of this work, discusses the main limitations
of the study, and outlines possible directions for future research.



Chapter 2

State of the Art

2.1 Physiological Background

2.1.1 Stress and Autonomic Nervous System (ANS)

The anatomic distribution of autonomic nervous system (ANS) is extended to several organ
systems within the human body. The ANS governs a wide range of essential involuntary
physiological functions, including blood pressure, heart rate, respiration, gastrointestinal
activity, pupillary responses, and sexual function. The ANS consists of two major branches:
the sympathetic nervous system (SNS), and parasympathetic nervous system (PNS), which
synergize to control multiple opposing and complementary body’s functions [14].

The SNS promotes energy mobilization and prepares the body for action in response to
perceived threats, in what is commonly described as the “fight-or-flight” response. Conversely,
the PNS—whose main efferent pathway is the vagus nerve—is responsible for the “rest-and-
digest” response, facilitating recovery, restoration, and conservation of energy. Importantly,
SNS and PNS activities are not strictly antagonistic: many physiological responses arise from
coordinated co-activation of both systems.

The ANS plays a crucial role in the experience of emotions and responses to environmental
stressors [7]. Vagal efferent activity is associated with social engagement, regulation of
emotional states, and perception of safety. The vagus also mediates the stress response in
other organs such as the bronchi, esophagus, pharynx and heart. Stress and anxiety inhibit
vagal tone and shift autonomic balance toward sympathetic dominance—which is considered
crucial to appropriately react to external threats—Ileading to characteristic cardiorespiratory
changes such as increased heart rate, reduced heart rate variability, and altered respiratory
patterns [14].

2.1.2 ECG signal

The electrocardiogram (ECG) is a non-invasive biosignal that reflects the electrical activity of
the heart as a function of time. It represents the electrical changes generated by cardiac muscle
depolarization and repolarization through cardiac cycles, and provides indirect information
about cardiac rhythm, conduction pathways, and myocardial integrity. Sample ECG signals
associated with a common cardiac cycle are illustrated in Fig. 2.1.

ECG recordings are widely used in both clinical practice and research due to their simplicity,
low cost, and high diagnostic value, especially for monitoring cardiovascular diseases (CVDs),
which is the first cause of death worldwide [15]. Abnormal ECG patterns occur in several
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CVDs, including atrial fibrillation [16], ventricular tachycardia [17], myocardial ischemia
[18], and myocardial infarction [19].

Atrial contraction
(atrial systole begins)

)

Isovolumic/
isovolumetric
contraction

[~
Ventricular
1 contraction
(ventricular systole—

first phase)

Ventricular
filling

(ventricular

diastole—late)

Ventricular
ejection

(ventricular
systole—

second phase)

[

Isovolumic/isovolumetric
relaxation
(ventricular diastole—early)

Figure 2.1: Common cardiac cycle with the associated waves of an ECG signal (one-lead
recording).

The ECG signal is recorded by measuring potential differences between electrodes placed
on the surface of the skin. Standard clinical ECG acquisition uses multiple leads—conventionally
12-lead ECG—to observe cardiac activity from different spatial orientations, however wear-
able [4, 5] and ambulatory devices [20] often rely on one or few leads to enable continuous
long-term monitoring.

A single cardiac cycle in the ECG waveform (Fig. 2.2) is conventionally described by a
sequence of characteristic deflections known as fiducial points [21]. These include the QRS
complex and P and T waves. The P wave corresponds to atrial depolarization and typically
has a duration of less than 120 ms with relatively low amplitude. The QRS complex reflects
rapid ventricular depolarization and is the most prominent feature of the ECG, characterized
by high amplitude and steep slopes; its normal duration ranges approximately between 70
and 110 ms. The T wave represents ventricular repolarization and generally exhibits a longer
duration—typically between 100 and 250 ms—with lower frequency content compared to the
QRS complex [3]. In general, ECG morphology varies with heart rate, autonomic modula-
tion, body posture, and physiological or pathological conditions. The main ECG waveform
components and their features are described briefly in Table 2.1.

In addition to these morphological components, several clinically relevant temporal intervals
can be derived from the ECG, including the PR interval, QT interval, and RR interval. Of

5
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particular importance for heart rate and heart rate variability analysis is the RR interval, defined
as the time elapsed between two consecutive R peaks. Accurate identification of these fiducial
points—especially the R peak—is therefore a fundamental prerequisite for quantitative ECG
analysis and subsequent extraction of autonomic biomarkers [11].

QRS
Complex
s ST
PR egment
Segment T
PR Interval

QT Interval

Figure 2.2: Standard fiducial points and relevant segments in the ECG signal.

Table 2.1: Main ECG waveform components and their characteristic.

Waveform Event Duration Frequency
P wave Atrial depolarization < 120 ms Low frequency (< 10
Hz)
QRS complex Rapid ventricular depolar- ~ 70-110 ms Broadband, mainly
ization 10-40 Hz
T wave Ventricular repolarization  ~ 100-250 ms Very low frequency
(< 7Hz)

Overall, the ECG provides valuable information about the electrical activity of the heart,
where both the shape of the waveform and the timing between beats reflect physiological and
pathological conditions. For this reason, ECG analysis is fundamental for tasks such as beat
detection, thythm evaluation, and assessment of autonomic regulation, especially in long-term
and wearable monitoring applications.

2.1.3 Heart Rate (HR)

Heart rate (HR) represents the number of cardiac cycles per unit time, typically expressed in
beats per minute (bpm). In healthy adults at rest, HR generally ranges from 60 to 100 bpm
[22], whereas trained athletes may show resting values as low as 40—60 bpm due to enhanced

6
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vagal tone and cardiac efficiency [23]. HR is derived from the electrical activity of the heart
recorded via ECG, where the interval between two consecutive R-wave peaks corresponds
to the duration of one cardiac cycle. HR is therefore inversely related to the RR interval.
Accordingly with RR intervals, HR dynamically varies with metabolic demands, physical
activity, posture, thermoregulation, and respiratory patterns.

HR changes also shape the temporal window available for beat-to-beat fluctuations: higher HR
mechanically restricts variability, whereas lower HR allows greater fluctuation. This intrinsic
relationship means that HR exerts both a physiological and mathematical influence on heart
rate variability (HRV), which quantifies variations in successive RR intervals.

2.1.4 Heart Rate Variability (HRV)

Heart rate variability (HRV) refers to the physiological fluctuations in the duration of successive
RR intervals, reflecting the dynamic interplay between sympathetic and parasympathetic
influences on the sinoatrial (SA) node [11, 24]. Sympathetic activation shortens the RR interval
by accelerating diastolic depolarization, while parasympathetic activation lengthens it through
inhibitory effects on pacemaker cells. As a result, the RR interval naturally oscillates due to
variations in autonomic outflow, baroreflex modulation, thermoregulation, and respiratory-
driven influences.

Consequently, HRV can be viewed as a stochastic time series in which beats are plotted on the
x-axis and the corresponding RR interval duration on the y-axis. The instantaneous HR series
can also be derived by converting each RR interval into its equivalent HR value. Importantly,
since the variability in HR occurs on a beat-to-beat basis, the RR series is inherently non-
uniformly spaced along the x-axis, as shown in Fig. 2.3. This fact leads to complications in
metrics that require resampling and interpolation, such as spectral domain parameters [25].

T T E(I:G I L=~ {E] Wl\t‘. < . /\

- 0.2
€ ” i
L -02 I |
= -04 .
E»u_s ] !

-0.8

0 10 20 30 40 50 60
Time (g)
. RR time series

. 06 C T T T T T T
% 7%; % % *& ﬁSye 7?35;
<
[ N 4 M m& mq@s& , X
E o et s w "
g M, 4 " g

0.5 | | | | | ¥ % | | | | |

5 10 15 20 25 30 35 40 45 50 55

Time (s)
HRWtime series

120 ﬂ%e’?skm T T T T

" A

£ o Wy ] -

A fg M %??" ﬁ** v Pyt 9‘ 4
kY LY,

100 - Jl | | | | | I I | I |

5 10 15 20 25 30 35 40 45 50 55
Time (s)

Heart rate (bpm)
a‘

Figure 2.3: Instantaneous and beat-to-beat (star markers) RR interval (middle trace) and
corresponding HR (lower trace) for 1 minute segment of ECG (upper trace).
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HRV is typically quantified using time-domain and frequency-domain metrics, each cap-
turing different aspects of autonomic regulation. Time-domain measures describe the amount
of variability in RR intervals over time, whereas frequency-domain analysis decomposes RR
interval oscillations into components associated with specific physiological rhythms [11, 25].
Overall, higher HRV reflects greater autonomic flexibility and the ability to adapt to internal
and external demands, whereas reduced HRV is associated with reduced regulatory capacity.

2.1.4.1 Time-domain metrics

Time-domain HRV metrics are computed from the sequence of normal-to-normal (NN)
intervals and provide a direct quantification of beat-to-beat variability. Among the most widely
used measures are the standard deviation of NN intervals (SDNN), which reflects overall HRV
and incorporates both short and long-term components, and the root mean square of successive
differences (RMSSD), which is particularly sensitive to short-term variations mediated by
parasympathetic activity [11]. Additional time-domain indices include the percentage of
successive NN intervals differing by more than 50 ms (pNN50).

Nonlinear time-domain analysis is commonly performed using the Lorenz plot (Fig. 2.4),
also known as the Poincaré plot, in which each NN interval is plotted as a function of the
following one [1]. This graphical representation provides information on the dynamics of
HR regulation beyond simple variance measures. Quantitative descriptors derived from the
Lorenz plot include SD1 and SD2, which measure the width and length of the Poincaré cloud,
respectively. SD1 reflects short-term, beat-to-beat variability predominantly associated with
parasympathetic activity, whereas SD2 captures longer-term variability influenced by both
sympathetic and parasympathetic modulation [8, 26].
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Figure 2.4: An example Poincaré plot from Brennan et Al. [1], depicting a cloud-shaped
distribution of points.
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The physiological values of the main time-domain metrics are reported in Table 2.2. It
should be noted that these values are approximate, and can be influenced by age, sex and
recording duration [11, 27].

Table 2.2: Approximate physiological values of selected time-domain HRV metrics in healthy
adults.

Metric  Typical value

NN 600-1000 ms

SDNN  ~30-80 ms

RMSSD ~20-70 ms

pNN50  >3% (means 5-20 %)
SD1 ~20-50 ms

SD2 ~50-150 ms

2.14.2 Frequency-domain metrics

Frequency-domain HRV analysis characterizes the distribution of power across different
frequency bands by applying spectral estimation techniques to the NN interval time series.
Common methods include the Fast Fourier Transform (FFT) and parametric approaches, which
offer improved frequency resolution for short data segments.

The principal spectral contributions arise from the very-low-frequency (VLF, < 0.04 Hz),
low-frequency (LF, 0.04-0.15 Hz), and high-frequency (HF, 0.15-0.40 Hz) bands. HF power
predominantly reflects parasympathetic activity linked to respiration, whereas LF power repre-
sents a mixture of sympathetic and parasympathetic influences mediated largely by baroreflex
mechanisms, rather than purely sympathetic activity [28, 29]. The VLF band contributes min-
imally in short-term recordings and remains physiologically less well understood; therefore, it
is often excluded from the analysis of short ECG segments. Additionally, the LF/HF ratio is
often reported as an index of the relative balance between low and high-frequency components
of HRV.

Frequency-domain metrics are commonly expressed in absolute units (ms?) or normalized
units, which emphasize the relative contributions of LF and HF components and facilitate
inter-subject comparisons. These methodological considerations and their physiological inter-
pretation are emphasized in established HRV measurement standards [11, 25].

The main time and frequency-domain metrics are summarized in Table 2.3.
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Table 2.3: Main HRV metrics in the time and frequency-domain.

Metric Unit Description Physiological meaning

Time-domain

NN (or W) ms Mean normal-to-normal interval

SDNN ms  Standard deviation of NN intervals Overall variability
RMSSD ms  Root mean square of successive differences Short-term variability
pNNS50 %o % of successive NN differences > 50 ms

SD1 ms  Poincaré width Short-term variability
SD2 ms  Poincaré length Long-term variability

Frequency-domain

VLF (< 0.04Hz) ms?> Very-low-frequency power

LF (0.04-0.15Hz) ms?> Low-frequency power Mixed autonomic/baroreflex
HF (0.15-0.40 Hz) ms> High-frequency power Respiration/vagal activity
LF/HF a.u.  Ratio between LF and HF components Autonomic balance

2.1.5 Respiratory Rate (RR)

Respiratory rate (RR) represents the number of breathing cycles—each consisting of one
inspiration and one expiration—occurring per minute. In healthy adults at rest, RR typically
ranges from 12 to 20 breaths per minute (bpm) [30], although it varies with metabolic demand,
posture, and autonomic regulation.

The act of breathing is governed by rhythmic activity of brainstem respiratory centers, which
coordinate the mechanical actions of the diaphragm and thoracic muscles to modulate lung vol-
ume. During inspiration, intrathoracic pressure decreases, venous return to the heart increases,
and vagal efferent activity transiently withdraws; these effects shorten the beat-to-beat interval,
leading to a slight acceleration of HR. Conversely, during expiration, vagal tone increases,
venous return decreases, and the beat-to-beat interval lengthens, resulting in a deceleration of
HR. This cyclical modulation of cardiac timing by the respiratory cycle is known as respiratory
sinus arrhythmia (RSA) [12, 31].

RSA reflects a physiological mechanism by which the parasympathetic nervous system, pri-
marily via the vagus nerve, regulates rapid fluctuations in HR in synchrony with breathing. As
such, variations in RR and the coupling between respiration and cardiac activity contribute sig-
nificantly to high-frequency component of HRV. Importantly, this cardiorespiratory coupling
allows researchers to estimate RR from HRV measurements through RSA-based approaches
[12, 31].

In addition, cyclic thoracic motion during respiration induces periodic changes in electrode
position and orientation with respect to the cardiac electrical sources. During expiration,
when the thorax is relatively contracted, electrodes tend to record ECG signals with higher
amplitude, whereas during inspiration thoracic expansion is often associated with reduced
signal amplitude. These variations in electrode—heart geometry, together with changes in
thoracic impedance, result in QRS amplitude modulation over time. The indirect extraction of
respiratory information from such ECG amplitude modulations, or through RSA, is commonly
called ECG-derived respiration (EDR) [32, 13].

EDR is widely used, as it offers a convenient and sensor-free approach by exploiting respiration-
related modulations of the ECG signal, such as QRS amplitude variations and RR interval
fluctuations. In addition, its main advantage lies in the ability to extract respiratory content
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from ECG recordings without further devices or hardware, making it particularly suitable
for long-term and wearable monitoring applications. However, these methods are inherently
indirect and their accuracy may be affected by noise, motion artifacts, and significant changes
in autonomic regulation. Conversely, direct respiratory sensors—such as impedance pneumog-
raphy, accelerometers, respiratory belts, or airflow sensors [33]—measure breathing activity
directly and generally provide more reliable results under a wide range of conditions. This
improved accuracy comes at the cost of increased system complexity, and additional sen-
sors. Consequently, the choice between EDR-based estimation and direct respiratory sensing
represents a trade-off between convenience and measurement accuracy.

2.2 Wearable Devices for Physiological Monitoring

2.2.1 Opportunities

Recent advances in wearable sensing technologies have enabled continuous and unobtrusive
monitoring of physiological signals in both fitness and healthcare applications. Devices such
as smartwatches, chest patches, wristbands, and smart garments are increasingly used to
acquire cardiorespiratory signals including HR, HRV [34], and RR. Compared to traditional
clinical instrumentation, wearable devices offer greater convenience, portability, and reduced
cost, making them suitable for large-scale and long-term monitoring [35, 36].

A key advantage of wearable systems lies in their ability to support continuous and longitudinal
data acquisition, which is particularly relevant for medical conditions characterized by transient,
unpredictable, or context-dependent events. In such cases, sporadic in-clinic assessments
may fail to capture relevant physiological changes. Continuous monitoring allows for the
detection of subtle autonomic alterations that unfold over extended periods, providing access to
real-world physiological dynamics that are not observable during short laboratory recordings
[35, 36].

From a patient-centered perspective, wearable devices improve comfort and compliance by
allowing individuals to maintain their normal daily activities in familiar environments. This
ecological validity is especially important when investigating stress-related and functional
disorders, where clinical settings may alter autonomic responses. Furthermore, the integration
of wearable devices with mobile platforms enables real-time data storage, remote supervision,
and scalable deployment, supporting personalized and preventive healthcare approaches.

2.2.2 Limitations and Noise Sources

Despite their considerable potential, wearable devices present important limitations and techni-
cal challenges that must be carefully addressed. Compared to clinical-grade systems, wearable
sensors are more susceptible to noise and signal degradation due to their operating conditions
and simplified hardware. One major source of variability arises from the skin—sensor inter-
face, which can be affected by motion, sweating, electrode placement, and individual skin
properties.

In particular, dry electrodes—commonly used in wearable devices for comfort and ease of
use—often exhibit higher electrode—skin impedance and lower signal quality than traditional
wet or gel-based interfaces [37]. These factors directly impact the signal-to-noise ratio (SNR),
which quantifies the relative strength of the physiological signal of interest with respect to
unwanted noise components.

A reduced SNR indicates that relevant physiological features—such as cardiac depolarization
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waves or respiration-induced modulations—may be partially masked by noise, increasing the
likelihood of detection errors and unreliable parameter estimation. In wearable recordings,
variations in electrode contact and impedance fluctuations can substantially reduce SNR,
particularly during movement, thereby challenging the accurate extraction of cardiorespiratory
parameters.

Motion artifacts represent one of the most critical challenges for non-invasive physiological
monitoring [38]. Body movements can induce mechanical disturbances at the skin-sensors in-
terface, leading to transient signal distortions that may obscure relevant physiological features,
especially in ECG and photoplethysmographic (PPG) recordings. In addition, electromyo-
graphic (EMG) interference, originating from skeletal muscle activity, can overlap in frequency
content with cardiac signals and significantly affect the reliability of beat detection [9].
These artifact sources are particularly problematic during daily activities, where physical
movement and postural changes are unavoidable. As a result, robust signal processing tech-
niques—including artifact detection, noise suppression, and SNR enhancement—are essential
to ensure reliable extraction of physiological parameters such as HR, HRV, and RR from
wearable data [36]. The main artifact sources and their characteristics are grouped and sum-
marized in Table 2.4 [3, 21]. Understanding these limitations is crucial when interpreting
wearable-derived autonomic measures and when designing algorithms suitable for real-world
monitoring scenarios.

Table 2.4: Common ECG noise sources and their characteristics.

Noise source Features Origin

Power-line interference Sinusoidal oscillations at Coupling with the local main

(PLI) 50 Hz or 60 Hz

Baseline wander Low-frequency  fluctua- Respiration and slow body
tions (typically < 0.5 Hz) = movements

Electrode—skin contact Transient distortions or Variations in electrode—skin con-

noise dropouts due to impedance tact quality (impedance)
changes
Motion artifacts Transient, high-amplitude Electrode displacement or me-
distortions chanical motion during body
movements
EMG interference Spectral components may Skeletal muscle activity near the

overlap with ECG signal recording electrodes

Instrumentation noise  Interference introduced by Amplifiers,  analog-to-digital
acquisition electronics converters, and other system
components

2.3 Signal Processing for Wearable ECG

2.3.1 Signal Filtering and Artifact Removal

Wearable ECG recordings are generally affected by multiple sources of noise and artifacts that
can significantly degrade signal quality. In order to accurately identify ECG morphological
features—such as the QRS complex and fiducial points—a robust signal processing pipeline
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is essential [10, 39]. Reliable preprocessing is not only critical for clinical assessment of
arrhythmias and cardiac diseases [3], but also represents a prerequisite for accurate R-peak
detection and subsequent HRV analysis, where even a small number of detection errors may
introduce substantial bias in time and frequency-domain HRV metrics.

A fundamental preprocessing step consists of bandpass filtering the ECG signal to isolate
frequency components of interest while attenuating noise. The ECG signal exhibits most
of its diagnostically relevant spectral content below 40—45 Hz, whereas baseline wander is
concentrated at very low frequencies (typically below 0.5 Hz) and muscle artifacts extend
toward higher frequencies with significant overlap above 20-30 Hz [21]. In particular, the
QRS complex is characterized by a relatively high-frequency content compared to P and T
waves, with dominant energy commonly reported between approximately 5 Hz and 15-20
Hz [40]. This spectral separation justifies the widespread use of band-pass filters with cutoff
frequencies selected according to the application and noise conditions. Commonly adopted
ranges in the literature include 0.5-40 Hz [41] or 1-40 Hz [42] for general ECG preprocessing,
and narrower bands such as 5-15 Hz [40] or 8-20 Hz [43] when the primary objective is QRS
complex enhancement and robust R-peak detection.

In addition to band-pass filtering, notch filters are frequently employed to suppress narrowband
interference while preserving surrounding spectral components. Notch filtering is particularly
effective for attenuating PLI at 50 Hz or 60 Hz (depending on the local power grid), which
may otherwise distort ECG morphology and compromise feature extraction accuracy [44].
Beyond linear filtering, wearable ECG signals often benefit from advanced artifact removal
techniques due to the prevalence of motion artifacts and EMG contamination during daily
activities [9]. Median filtering is commonly used to reduce baseline drift and impulsive
noise without significantly affecting the QRS morphology, while adaptive filtering tech-
niques dynamically adjust filter parameters to track time-varying noise characteristics [21, 39].
Wavelet-based denoising methods have also gained prominence, as they allow multiresolution
decomposition of the ECG signal and selective attenuation of noise components across differ-
ent scales [45, 46].

Finally, preprocessing pipelines may include signal normalization steps, especially when
inter-subject or inter-session comparisons are required. Normalization mitigates the amplitude
variability due to differences in electrode placement, skin properties, or device characteristics,
reducing the risk of false positives caused by large-amplitude T waves or false negatives
associated with low-amplitude R peaks [21].

Overall, effective signal filtering and artifact removal are essential prerequisites for reli-
able ECG analysis in wearable systems. By exploiting the known spectral characteristics of
ECG components—especially the frequency localization of the QRS complex—preprocessing
techniques can substantially improve SNR and enhance the robustness of subsequent detection
and feature extraction algorithms in real-world monitoring scenarios.

2.3.2 QRS Detection Methods

After signal filtering and artifact attenuation, the detection of R peaks represents a critical step
in ECG signal analysis, as R-peak locations define individual cardiac cycles and constitute
the basis for HR and HRV estimation. Errors at this stage can propagate through subsequent
processing steps, leading to inaccurate physiological measurements. For this reason, a wide
range of QRS detection algorithms has been proposed in the literature, exploiting different
enhancement strategies to improve robustness in the presence of noise and morphological
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variability.

Broadly, QRS detection methods can be categorized according to the domain in which the
ECG signal is processed. Time-domain approaches emphasize the steep slopes and high ampli-
tudes of the QRS complex using operations such as differentiation, nonlinear transformations,
and adaptive thresholding [40, 47, 43]. Also template matching—which exploits similarity
measures between signal and reference template—operates directly on the ECG waveform in
the time-domain [48, 9]. Analytic-signal-based methods, including those derived from the
Hilbert transform [43], exploit phase and envelope information to improve peak localization.
Time—frequency-domain techniques, most notably wavelet-based methods, decompose the
ECG signal into multiple scales to selectively enhance transient QRS components while
attenuating noise and baseline fluctuations [49, 50, 9]. Not only wavelet transform can be
used for time-frequency analysis of ECG signal, but ECG beat detection based on filter banks
(FB) has also been proposed in the literature [51]. In FB-based algorithms, the ECG signal
is decomposed into multiple subbands with uniform frequency bandwidths. In some cases,
optimal combination of above mentioned approaches has been explored [52].

Each of these techniques presents distinct advantages and limitations, particularly when ap-
plied to wearable ECG recordings characterized by low SNR and non-stationary artifacts.

In the following sections, three R-peak detection methods—Pan—Tompkins, Hilbert-transform-
based detection, and wavelet-based QRS enhancement—are described, providing the method-
ological foundation for the algorithm adopted in this work.

2.3.2.1 Pan-Tompkins Algorithm

The Pan—Tompkins algorithm is one of the most widely cited and historically influential
methods for real-time QRS detection in ECG signals. Originally proposed for ambulatory
monitoring applications in 1985, it combines linear filtering, nonlinear transformations, and
adaptive decision rules to achieve robust detection under noisy conditions [40]. Its design
emphasizes low computational complexity, making it suitable for real-time and embedded
implementations.

The algorithm enhances QRS complexes through a sequence of processing stages. First, the
ECG signal is band-pass filtered (5-15 Hz) by cascading low-pass and high-pass filters, a
frequency range in which most QRS energy is concentrated [40]. This step attenuates baseline
wander, power-line interference, muscle noise, and part of the T-wave interference, thereby
improving the SNR.

Next, a discrete-time derivative operator emphasizes the steep slopes characteristic of the QRS
complex. Since differentiation enhances high-frequency noise, it is followed by a squaring
operation, which accentuates large-amplitude features and ensures positive signal values.
The resulting signal is then processed through a moving-window integrator (typically ~150
ms), approximating the expected QRS duration and providing combined slope and width
information.

Detection is performed using adaptive thresholding applied to both the integrated signal
and the bandpass-filtered ECG. The algorithm continuously updates signal and noise peak
estimates to adapt to changes in morphology and heart rate. Additional logic, including a
refractory period (~200 ms) and a search-back mechanism based on RR interval statistics,
reduces false detections and recovers missed beats [40].

Pan and Tompkins reported a detection accuracy of approximately 99.3% on the MIT-BIH
Arrhythmia Database [40].
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Despite reduced robustness in highly noisy wearable ECG recordings, the algorithm remains
a fundamental benchmark for evaluating more advanced QRS detection techniques [43].

2.3.2.2 Hilbert Transform-Based Algorithm

Hilbert transform—based algorithms represent an alternative class of first-derivative QRS
detectors that exploit phase information to enhance R-peak localization. This approach was
proposed as an extension of derivative-based methods to improve robustness while avoiding
excessive signal distortion and manual threshold tuning [43].

The method begins with band-pass filtering of the ECG signal (8—20 Hz) to suppress baseline
wander and high-frequency noise while preserving the dominant spectral content of the QRS
complex. The filtered signal is then differentiated to emphasize the rapid transitions associated
with ventricular depolarization. Although differentiation highlights QRS slopes, it introduces
phase distortion and produces zero crossings at R-peak locations, requiring a subsequent
rectification stage.

Rectification is achieved via the Hilbert transform, which generates the imaginary component
of the analytic signal associated with the differentiated ECG. In the frequency domain, the
Hilbert transform acts as an all-pass filter with a £90° phase shift for positive and negative
frequencies, respectively. Consequently, zero crossings in the differentiated signal are con-
verted into local extrema, facilitating peak detection. Unlike higher-order differentiation, the
Hilbert transform preserves amplitude information due to its uniform magnitude response,
thus avoiding excessive attenuation of relevant components [43].

Detection is performed using an adaptive threshold, typically derived from statistical properties
of consecutive signal segments, eliminating the need for empirically tuned patient-specific
parameters. A refractory period (~200 ms) and a search-back mechanism are commonly
implemented to reduce false detections and refine R-peak localization.

Compared to squaring-based detectors such as Pan—Tompkins, Hilbert transform—based meth-
ods are less sensitive to signal polarity and benefit from the odd-phase property of the transform,
which promotes consistent peak formation. Arzeno et al. reported detection performance
comparable to state-of-the-art derivative-based algorithms on standard ECG databases, with
advantages in automatic thresholding and morphological preservation [43]. However, as with
other first-derivative-based approaches, performance may degrade in the presence of wide
QRS complexes, low-amplitude beats, or low SNR.

2.3.2.3 Wavelet-Based Method

Wavelet-based approaches represent one of the most effective time—frequency strategies for
QRS detection, particularly in non-stationary and noisy ECG signals such as those acquired
from wearable devices. Unlike purely time-domain methods, the wavelet transform (WT) pro-
vides simultaneous localization in time and frequency, enabling selective analysis of transient
events—such as the QRS complex—characterized by different spectral content compared to
P and T waves [53]. Since noise components and baseline drift occupy distinct frequency
bands, appropriate scale selection allows effective separation between physiological waves
and artifacts [49, 50].

The QRS complex, characterized by sharp temporal transitions and high-frequency com-
ponents, generates prominent wavelet coeflicients at specific intermediate scales. Li et al.
demonstrated that QRS complexes correspond to pairs of local maxima in the modulus of the
wavelet transform across scales, a property linked to signal singularities [49]. By analyzing
the persistence of these modulus maxima across characteristic scales, their method effectively
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discriminates QRS complexes from noise, baseline wander, and high-amplitude P or T waves.
Motion artifacts, which tend to produce isolated maxima not following physiologically plau-
sible temporal patterns, can also be rejected. Using this strategy, Li et al. reported QRS
detection accuracy above 99.8% on the MIT-BIH Arrhythmia Database [49].

Subsequent developments extended wavelet techniques to full ECG delineation. Martinez et al.
proposed a multiscale wavelet-based delineator capable of detecting not only R peaks but also
the onsets and offsets of P, QRS, and T waves with high temporal precision and robustness to
morphological variability and noise. Sensitivity and positive predictivity values above 99.8%
were reported on standard databases [50].

Overall, compared to time-domain and analytic-signal-based detectors, wavelet-based meth-
ods offer superior robustness to non-stationary artifacts and inter-beat variability—condition
frequently encountered in wearable ECG monitoring. However, this improved robustness
comes at the cost of higher computational complexity and the need for careful selection of
wavelet functions and analysis scales. Despite these trade-offs, wavelet-based approaches
are widely regarded as among the most reliable strategies for QRS detection in challenging
recording conditions.
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Chapter 3

Materials and Methods

3.1 Experimental Design

This study was designed as a methodological feasibility investigation aimed at developing and
evaluating a robust ECG-based signal processing framework for wearable cardiorespiratory
monitoring. The primary objective was to implement a complete processing pipeline including
ECG denoising, reliable R-peak detection, and extraction of HRV and respiratory parameters
during daily activities.

The study was organized into two phases. In the first phase, the signal processing algo-
rithms were developed using ECG recordings acquired from three healthy adult subjects. This
dataset was used to design the processing pipeline and preliminary test its performance under
controlled conditions.

In the second phase, the robustness of the proposed framework was evaluated under realistic
real-life conditions. The evaluation was conducted on one healthy adult subject during both
resting-state and dynamic conditions representative of daily activities, intentionally selected
to introduce motion-induced artifacts typical of wearable monitoring scenarios.

As an additional aspect of the evaluation phase, the influence of electrode placement was
investigated by comparing two wearable adhesive dry patches positioned at different locations
on the trunk within the same experimental session.

Given the exploratory nature of the dynamic evaluation phase, conclusions regarding motion
robustness are limited to a single-subject feasibility assessment.

3.2 Experimental Setup

3.2.1 Wearable Device

The device used in this study was the P-Cardio HP2011-Lead wearable ECG recorder (2M
Engineering, Fig. 3.1), capable of providing high-resolution (24-bit) ECG recordings for long-
term monitoring. The system acquires a single-lead ECG signal together with a bioimpedance-
based respiration (BioZ) signal and motion data obtained from an inertial measurement unit
integrating accelerometer, gyroscope, and magnetometer sensors. A dedicated software
application installed on a personal computer enabled real-time visualization of the acquired
signals and rapid data download.
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} PCARDIO

Recorder-1L

Figure 3.1: P-Cardio recorders (50x35x9mm, 20gr).

ECG and bioimpedance-based respiration signals can be configured with sampling rates
of 250, 500, or 1000 Hz. In this study, a sampling rate of 250 Hz was selected for both signals.
In addition, the device records the state of a push-button integrated on the recorder with
sampling rate of 1 Hz. When pressed, the button state is set to “1”, otherwise it is set to “0”.
This feature was used during recordings to mark the beginning and end of specific activities,
enabling precise identification of task intervals during post-process signal segmentation.

3.2.2 Electrode Patch and Skin Preparation

The P-Cardio system supports multiple electrode configurations, including reusable wet
electrodes, textile-based integrations, and adhesive dry electrode patches. In this study,
adhesive dry electrode patches were used for signal acquisition (Fig. 3.2).
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Figure 3.2: Dry patch and electrolyte solution.

Prior to the experimental recordings, reusable wet electrodes were temporarily used to

verify the correct electrode positioning and signal quality. Subsequently, the subject was
instrumented with adhesive dry electrode patches for the data acquisition sessions.
Before electrode placement, the subject’s skin was gently abraded and cleaned in order to
reduce skin—electrode impedance. A small amount of electrolyte solution was also applied
to improve the electrical contact at the electrode—skin interface and ensure stable signal
acquisition during the recordings.

3.3 Datasets Description

3.3.1 Development Dataset

The development dataset was used for the design and preliminary testing of the proposed signal
processing pipeline. Three healthy adult subjects (two females and one male) were enrolled
for this phase of the study. For each participant, long-term ECG (Fig. 3.3) and respiratory
signals (Fig. 3.4) were acquired using the wearable P-Cardio device, collecting a total of three
signals (Table 3.3.1).
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Raw ECG signals
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Figure 3.4: Raw BioZ signals (1-min window).

Signal Duration [min] Sex Electrode Patch Patch Position

1 373 F Dry Mid-sternal thoracic

2 285 F Dry Mid-sternal thoracic

3 815 M Dry Mid-sternal thoracic
Total 1473

Table 3.1: Recording duration with subject characteristic, and patch configuration.
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All recordings in this phase were acquired using a single adhesive dry electrode patch posi-
tioned in the central thoracic location. These data were used to tune the processing algorithms,
including ECG denoising, R-peak detection, and extraction of HRV and respiratory parameters.
This step was essential to verify their correct functioning under relatively controlled conditions
before evaluating them in more challenging real-life scenarios.

3.3.2 Evaluation Dataset: Daily Activities Dataset

To evaluate the robustness of the proposed framework under non-stationary conditions, a
second dataset was acquired during activities of daily living (ADLs). In this phase, one
healthy adult subject participated in a long-term monitoring session designed to introduce
motion-induced artifacts typical of wearable monitoring scenarios.

ECG and respiratory signals were recorded simultaneously using two identical P-Cardio
devices, identified as 3D0O1 and 3D02. The two devices were connected to adhesive dry
electrode patches positioned at different locations on the trunk in order to assess the influence
of electrode placement on signal quality. The first patch configuration (3D01) was placed in
the mid-sternal thoracic region (Fig. 3.5), whereas the second patch configuration (3D02) was
positioned on the left side trunk (Fig. 3.6).

Figure 3.5: Patch configuration: mid-sternal thoracic region (3D01).

21



Materials and Methods

l

Figure 3.6: Patch configuration: left side trunk (3D02).

During the recording session, the subject was asked to perform multiple motion-based
tasks representative of daily activities, including walking at a normal speed, stair climbing,
and jumping. In particular, during the jumping task, the subject was instructed to jump for 1
minute followed by 30 seconds of rest, repeated four times consecutively for each jumping
session.

3.3.2.1 ADL Dataset Processing

After downloading the raw long-term recordings, signal segmentation was performed to extract
the task intervals from the continuous data. As described in Section 3.2.1 button state recorded
by the device was used to identify the beginning and the end of each task. Specifically, signal
samples between the first occurrence of a “1” and the subsequent “1” in the button state were
segmented.

After identifying each task interval, the signal segments were normalized to obtain trials of
the same length across the two devices for subsequent comparison. It should be noted that
resting-state and sleeping trials were extracted directly from the continuous recordings without
marker-based segmentation. Since these segments were predefined with the same duration,
the normalization procedure was not required.

Following the segmentation and normalization procedures, the resulting dataset consisted of

multiple trials corresponding to the performed daily activities. A summary of the extracted
trials and their corresponding durations is reported below in Table 3.2.
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Table 3.2: ADL dataset structure.

Activity Number of trials Total duration [min]
Resting-state 138 690
Sleeping 176 880
Walking 8 114

Stair climbing 6 31

Jumping 5 30

Total 1745

Some examples of extracted ECG (Figures 3.7-3.8) and respiratory signals (Figures 3.9-
3.10) are illustrated below.
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Figure 3.7: Portion of raw ECG signal during resting-state (trial n.8) for both patch configura-
tions (3D01 and 3D02). The difference in polarity between the two signals can be observed.
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Raw ECG signals - Walking
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Figure 3.8: Portion of raw ECG signal during walking (trial n.8) for both patch configurations

(3DO01 and 3D02).
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Figure 3.9: Portion of raw BioZ signal during resting-state (trial n.8) for both patch configura-

tions (3D01 and 3D02).
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Raw BioZ signals - Walking
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Figure 3.10: Portion of raw BioZ signal during walking (trial n.8) for both patch configurations
(3D01 and 3D02).

3.4 Signal Processing Pipeline

To provide an overview of the proposed signal processing pipeline, Fig. 3.11 illustrates the
main stages implemented. Starting from the raw ECG and respiratory signals, the pipeline
includes bandpass filtering, R-peak detection, beat-to-beat interval computation, HR and HRV
metrics extraction, and respiratory rate estimation.

The entire framework was implemented in MATLAB (The MathWorks, Natick, MA, USA).
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Raw ECG and HR and HRV Respiratory
Ay Bandpass R-peak Beat-to-beat Metrics Radt

Signal Input Extraction Estimation

Filtering Detection Intervals

Figure 3.11: Workflow of the proposed signal processing pipeline.

3.4.1 Signal Filtering and R-Peak Detection

In this section, the three different signal filtering strategies and R-peak detection methods
evaluated during the development phase of the signal processing pipeline are described.

3.4.1.1 Pan-Tompkins Algorithm

This method consists of sequential processing stages designed to enhance ventricular depolar-
ization components and suppress noise.

According to Pan and Tompkins [40], the implemented procedure can be described as follows:

1. Bandpass Filtering
The signal was first bandpass filtered using a 4th-order Butterworth filter with cutoff
frequencies of 5-15 Hz (Fig. 3.12) to emphasize the dominant spectral components of
the QRS complex. The filter was applied using zero-phase forward-backward filtering
(MATLAB filtfilt function) to avoid phase distortion.
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Figure 3.12: Magnitude and frequency response of the 4th-order Butterworth bandpass filter
(5-15 Hz).

. Derivative Operator
Following bandpass filtering, a discrete derivative operator was applied to highlight
rapid slope variations characteristic of ventricular depolarization.

. Squaring Operator

The differentiated signal was squared to:
* enhance high-amplitude components;
* suppress low-amplitude fluctuations;
* ensure positivity of the signal.

. Moving Window Integration (MWI)

A moving average window of approximately 150 ms was applied to obtain an energy
envelope of the QRS complex, consistent with its physiological duration.

. Candidate Peak Detection
The local maxima were identified on the integrated signal using a minimum peak distance
of 200 ms to prevent physiologically incorrect detections.

. Adaptive Thresholding
The signal and noise levels were estimated from the first two seconds of valid recording
and continuously updated during processing.
Two adaptive thresholds were used:
* one applied to the integrated signal;
* one applied to the bandpass-filtered ECG signal for confirmation.

. Additional Decision Criterions
Additional mechanisms were implemented to improve robustness:
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* T-wave discrimination based on slope comparison to avoid misclassification;
* Search-back mechanism to recover missed beats when RR intervals exceeded 1.66
times the estimated average RR interval.

8. Peak Detection
The final R-peak locations were identified on the bandpass-filtered ECG signal (Fig. 3.13).

| Signal © Detected peaks — - — - Signal level — — Noise level Detection threshold‘
. Band-pass ECG wnth detected R+ peaks
s e U T T T
g' 0 J}'"'J‘H'H' AT |1l‘ u putatile i T H ﬂ 1!‘ T '
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Time (s)

Moving Window Integration (MWI)

Figure 3.13: Pan-Tompkins detection algorithm: band-pass ECG with detected R-peaks, MWI
and thresholds.

Amplitude

3.4.1.2 Hilbert Transform-Based Algorithm

The Hilbert transform-based QRS detector was implemented as an alternative time-domain
approach to Pan-Tompkins algorithm. This method enhances the QRS complex by combining
derivative filtering with analytic signal representation and adaptive thresholding.

According to Arzeno et Al. [43], the implemented procedure can be described as follows:

1. Bandpass Filtering
The signal was first bandpass filtered using a 4th-order Butterworth filter with cutoff
frequencies of 820 Hz (Fig. 3.14) to emphasize the dominant spectral components of
the QRS complex. The filter was applied using zero-phase forward-backward filtering
(MATLAB filtfilt function) to avoid phase distortion.
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Figure 3.14: Magnitude and frequency response of the 4th-order Butterworth bandpass filter
(8-20 Hz).

2. Derivative Operator
Following bandpass filtering, a three-point non-causal central derivative was applied to
enhance rapid slope variations associated with ventricular depolarization:
x[n+ 1] —x[n-1]

d[n] = 5 (3.1)

3. Hilbert Transform of the Derivative
The imaginary part of the analytic signal of the derivative was computed using the
Hilbert transform:

h{n] =Im {H{d[n]}} (3.2)

This transformation enhances phase-related characteristics of the QRS complex and
emphasizes positive deflections without taking the absolute value, maintaining polarity
sensitivity.

4. Adaptive Thresholding
The signal was processed in windows of 1024 samples. For each window:

* the maximum value and RMS was computed;
* an adaptive threshold was determined based on the relationship between window

maximum and RMS.

5. Candidate Peak Detection
Positive peaks above the adaptive threshold were detected using a physiological re-
fractory constraint of 200 ms to prevent multiple detections within a single cardiac
cycle.
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6. Search-Back Mechanism
If the RR interval exceeded 1.5 times the previous RR interval, a secondary search was
performed within the expected interval to identify potentially missed beats. A reduced
threshold (90% of the current threshold) was used during this recovery stage.

7. Peak Refinement
For each detected candidate, the precise R-peak location was refined by searching within
a £10-sample window on the bandpass-filtered ECG signal (Fig. 3.15).
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Figure 3.15: Hilbert transform-based detection algorithm: band-pass ECG with detected
R-peaks and Hilbert transform.

3.4.1.3 CWT-Based Method

A continuous wavelet transform (CWT)-based approach was also implemented to improve
robustness against motion artifacts and background noise. The method enhances QRS-related
time—frequency components and detects R-peak candidates on an envelope obtained by com-
bining multiple wavelet scales.

The implemented procedure can be described as follows:

1. Bandpass Filtering
First, bandpass filtering was performed using a 4th-order Butterworth filter with cutoff
frequencies of 5-40 Hz (Fig. 3.16). In contrast with filters employed for Pan-Tompkins
and Hilbert-based methods, the broader band used for the CWT-based approach was
chosen to preserve a wider portion of QRS complex, which is beneficial for multi-scale
wavelet analysis [48, 49, 50]. The filter was applied using zero-phase forward-backward
filtering (MATLAB filtfilt function) to avoid phase distortion.
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Figure 3.16: Magnitude and frequency response of the 4th-order Butterworth bandpass filter

(5-40 Hz).

Some examples of bandpass filtered ECG signals during resting-state (Fig. 3.17) and
walking (Fig. 3.18) conditions are illustrated below.
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Figure 3.17: Portion of bandpass filtered ECG signal during resting-state (trial n.8) for both
patch configurations (3D01 and 3D02).
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Band-pass ECG signals - Walking
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Figure 3.18: Portion of bandpass filtered ECG signal during walking (trial n.8) for both patch
configurations (3D01 and 3D02).

2. Continuous Wavelet Transform (CWT)
Following bandpass filtering, the CWT of the signal:

oo 1 (t—b
Wx(a,b):[Oo x(t)% ( p )dt (3.3)

was computed using the analytic Morlet wavelet (MATLAB amor) within a frequency
range selected to emphasize QRS content:

* a € R\ {0} is the scale parameter, b € R is the translation parameter, and ¥ (¢) is
the mother wavelet.
* Frequency limits: 15-40 Hz.
3. Multi-Scale Combination
The wavelet coefficients within the selected frequency range were combined by summing

their magnitudes across scales, producing an enhanced envelope. The resulting signal
was then normalized to the range [0,1].

4. Candidate Peak Detection
The R-peak candidates were detected using MATLAB findpeaks function on the en-
hanced envelope, enforcing:
* Minimum peak distance: 200 ms as physiological refractory constraint;

* Minimum peak height: 82nd percentile of the envelope values as adaptive ampli-
tude criterion.
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5. Peak Refinement
Each detected candidate was refined by searching within a +40 ms window on the

band-pass filtered ECG signal (Fig. 3.19).
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Figure 3.19: CWT-based detection algorithm: band-pass ECG with detected R-peaks and
CWT-enhanced signal.

Some examples of ECG signals with detected R-peaks during resting-state (Fig. 3.20)
and walking (Fig. 3.21) conditions are illustrated below.
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Figure 3.20: Portion of ECG signal with detected R-peaks during resting-state (trial n.8) for
both patch configurations (3D01 and 3D02).

ECG signal with detected R-peaks - Walking
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Figure 3.21: Portion of ECG signal with detected R-peaks during walking (trial n.8) for both
patch configurations (3D01 and 3D02).

Given the fixed electrode configuration, R-wave polarity was consistent across recordings for
each device. Therefore, R-peak refinement for each method was performed by selecting the
local extremum (maximum or minimum, depending on device polarity). Finally, the corre-
sponding temporal positions were obtained by dividing the sample indices by the sampling
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frequency.

Based on the comparative evaluation of these three implemented R-peak detection meth-
ods (described in Section 4.1.2), the CWT-based approach was selected for integration into the
final signal processing pipeline and the 5-40 Hz bandpass filtering was consequently adopted.

3.4.2 HR and HRV Metrics Extraction

In this section, the procedure performed for HRV metrics extraction is described. After R-peak
detection using the CWT-based method, R-peak locations were identified for each trial. RR
series (beat-to-beat intervals) were then computed as the difference between consecutive
R-peak temporal positions.

Given the relatively short duration of each trial, the RR series were segmented into 1-minute
windows (Figures 3.22-3.23), and HRV metrics were computed for each window. This approach
allowed the extraction of a sufficient number of HRV estimates for each trial.
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Figure 3.22: 1-min window of beat-to-beat intervals during resting-state (trial n.8) for both
patch configurations (3D01 and 3D02).
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RR interval series - Walking
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Figure 3.23: 1-min window of beat-to-beat intervals during walking (trial n.8) for both patch
configurations (3D01 and 3D02).

Due to the use of 1-minute windows, only time-domain HRV metrics were calculated.
Frequency-domain metrics were intentionally excluded, as 1-minute segments are insufficient
for reliable estimation of VLF, LF, and HF spectral components.

3.4.2.1 Time-Domain Metrics

For each 1-minute RR interval segment, the following time-domain HRV metrics were com-
puted:

o Mean Heart Rate (HR)
HR provides an overall measure of cardiac activity during the analyzed interval. Mean
HR was calculated as:

HR = 6:0 (3.4)
RR

where RR represents the mean RR interval expressed in seconds.

¢ SDNN (Standard Deviation of NN Intervals)
SDNN reflects overall HRV and represents the total variability within the analyzed time
window. SDNN was calculated as:

SDNN = i (RR RR) (3.5)

i=1

where RR; denotes individual beat-to-beat intervals and N is the number of beats in the
segment.

36



Materials and Methods

* RMSSD (Root Mean Square of Successive Differences)
RMSSD quantifies short-term beat-to-beat variability and is primarily associated with
vagal modulation. RMSSD was calculated as:

N-1
1 § 2
RMSSD = m £ (RRH_I - RR,) (36)

* pNNS50
pNNS5O0 represents the percentage of successive RR interval differences greater than
50 ms and is commonly used as an index of short-term HRV. Similar to RMSSD, this
metric mainly reflects parasympathetic modulation of heart rate. pNN50 was calculated
as:

N-1
1
PNN50 = —— Z I (|RR;+1 — RR;| > 50ms) x 100 (3.7)
i=1

where RR; and RR;| represent two consecutive RR intervals, N is the number of beats
in the analyzed segment, and /(-) is an indicator function equal to 1 when the condition
is satisfied and O otherwise.

3.4.2.2 HRYV Metrics Aggregation and Comparison

After computing HRV metrics for each 1-minute RR interval segment, multiple HRV estimates
were obtained for each trial. To facilitate interpretation and comparison of the results, two
levels of analysis were considered.

At the trial level, HRV metrics computed across the 1-minute windows within each trial
were summarized by reporting the mean and the standard deviation. This approach allowed
for comparison between the different trials for each activity.

At the activity level, the summarized metrics obtained from individual trials were further
grouped according to the type of activity (resting-state, sleeping, walking, stair climbing, and
jumping) in order to characterize each condition, by reporting the mean and the standard
deviation as well.

3.4.3 Respiratory Rate Estimation

In this section, the methodological approach implemented to extract respiratory rate (RR)
from both direct bioimpedance measurement and from ECG-derived respiration (EDR) signal
is described.

3.4.3.1 Bioimpedance-Derived Estimation

RR was estimated from the bioimpedance signal through the following processing steps:

1. Sliding-Window Segmentation
Each trial was segmented using a sliding-window approach, with non-overlapping win-
dows of 60 seconds. For each window, the corresponding segment of the bioimpedance-
based signal was extracted.
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2. Bandpass Filtering
Each segment was bandpass filtered using a third-order Butterworth filter with cutoff
frequencies of 0.2-0.4 Hz [32] to isolate the respiratory component (Fig. 3.24). This
frequency range corresponds to typical adult respiratory frequencies [30]. The filter
was applied using zero-phase forward-backward filtering (MATLAB filtfilt function) to
avoid phase distortion.
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Figure 3.24: Example of 1-min window band-pass filtered bioimpedance-based signal (BioZ).

3. Respiratory Rate Estimation
RR was estimated in the frequency domain by computing the PSD using Welch’s method
(20 s window, 50% overlap). The dominant frequency within the 0.2-0.4 Hz band was
selected and converted to breaths per minute (bpm) by multiplying by 60.

3.4.3.2 Singular Value Decomposition (SVD)

In addition to bandpass filtering, a Singular Value Decomposition (SVD) approach was im-
plemented in this work. SVD was used to perform ECG denoising and to improve Q-wave
localization for subsequent QRS amplitude modulation analysis (described in Section 3.4.3.3).
Specifically, this method exploits the quasi-periodic structure of the QRS complexes by con-
structing an aligned beat matrix and performing low-rank approximation.

According to Galli et Al. [54], the implemented procedure can be described as follows:

1. R-Peak Detection
The R-peak locations were first identified using the CWT-based method (see Sec-
tion 3.4.1.3). These locations were used to segment individual cardiac cycles.

2. Construction of QRS Matrix
For each detected beat, a window centered around the R-peak was extracted. The window
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length was set equal to the median RR interval to ensure consistent beat representation.
Each segmented beat was aligned with respect to the R-peak and arranged column-wise
to form a QRS matrix (Fig. 3.25):

X e RPM (3.8)

where:

* L is the number of samples per beat (median cycle length);

e M is the number of detected beats.

QRS complexes allineation

20 40 60 80 100 120 140 160 180 200 220

Figure 3.25: Example of QRS complexes allineation (n = 345). A noisier QRS complex in
blue can be observed.

3. Singular Value Decomposition
The QRS matrix was decomposed using SVD:

X =Uzv’ (3.9)
where:

* U contains the left singular vectors;
» X is a diagonal matrix of singular values;
* V contains the right singular vectors.

4. Selection of Significant Singular Values

The number of retained singular values (SVs) N was determined as the value minimiz-
ing the reconstruction error while preserving QRS morphology. The Mean Absolute
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Percentage Error (MAPE) of the reconstructed QRS amplitude was calculated as follows:

A - AN
A;

M
MAPE(N) = 1]0wo Z (3.10)

i=1

where:

* A; is the original QRS amplitude of the i-th beat;
. AEN) is the reconstructed QRS amplitude using the first N SVs.

Table 3.3: MAPE values obtained for different numbers of retained SVs.

Number of SVs (N) MAPE [%]

2 2.81
3 2.57
4 2.38
5 242
6 1.84

As shown in Table 3.3, N = 3 was selected as it provides the best trade-off between low
MAPE (below 3% for all tested configurations) and effective signal denoising. Retaining
a higher number of SVs would reduce the ability to separate signal and noise without
achieving a meaningful reduction in the estimation error.

5. Signal Reconstruction
A denoised approximation of the QRS matrix was obtained using only the first N:

Xy = UNINVE (3.11)
where:

* Uy contains the first N left singular vectors;
e X contains the first N SVs;
. VIE contains the first N right singular vectors.

The reconstructed beats were then reassembled into a continuous ECG signal, resulting
in a smoothed representation with reduced background noise.

3.4.3.3 ECG-Derived Estimation

Compared to the bioimpedance-derived estimation, indirect RR estimation from the ECG
signal—based on QRS amplitude modulation—required additional processing stages. The
procedure started with the processing of ECG trials. The following steps were performed:

1. Bandpass Filtering
A broad bandpass filtering was performed using a 4-th order Butterworth filter with
cutoff frequencies of 1-100 Hz to remove baseline wander. The filter was applied
using zero-phase forward-backward filtering (MATLAB filtfilt function) to avoid phase
distortion.
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2. Denoising with SVD
The SVD algorithm (described in Section 3.4.3.2) was employed to obtain a smoother
ECG signal (Fig. 3.26), facilitating Q-wave detection. The previously detected R-peak
locations were used to construct the QRS matrix.

2 ECG denoising with SVD
T T T T T T
Band-pass ECG
SVD-reconstructed ECG
1.5
1
1| ‘ \ | ‘
|
05l ‘| ‘| ' -
s - ' ‘ |
% 4 | M f o) “.« 7, Py T ‘L\ -71'\,‘(" i \\4
|1 [ \ Horrt | 1% Mz 1 [ Fderrrd | |
E o] ‘-\ [ S || \.: ‘lf A | ".E “f eiaer || \"t f ey | \.\7
3 |
gl \ | n 1 I
05 | \ ‘ | | \
| | (I ‘ | ( | \I‘ |‘ ‘I‘ “ ‘,
- | |\ | |
1+ \\-J ‘ i v Y
| | | | |
\ |
15 ‘
1 1 1 1 1 1 1 1
124 124.5 125 125.5 126 126.5 127 127.5
Time (s)

Figure 3.26: SVD denoising: original ECG signal and SVD-reconstructed ECG signal.

3. Q-Wave Detection

First, the CWT-based detection algorithm was applied again to the SVD-reconstructed
ECG signal for more accurate R-peak locations. Then, the implemented Q-wave detec-
tion algorithm was used to obtain Q-wave locations (Fig. 3.27).

The Q-wave was identified for each detected R-peak within a 40 ms pre-R window,
excluding a 25 ms guard interval immediately preceding the R-peak. Specifically, the
dominant slope toward the R-peak was identified, and the Q-wave was then defined as
the last zero-crossing of the derivative preceding this slope.
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Figure 3.27: ECG delineation: SVD-reconstructed ECG signal with detected R-peaks and
Q-waves.

4. Sliding-Window Segmentation
Each task interval was segmented using a sliding-window approach with non-overlapping
windows of 60 seconds. For each window, the corresponding R-peak and Q-wave
locations were identified.

5. EDR Signal Construction
The ECG-derived respiration (EDR) signal was obtained using the QRS amplitude
modulation approach. Specifically, the beat-to-beat QRS amplitude was computed as
the absolute difference between the ECG amplitude at the detected R-peak and the
corresponding Q-wave. The resulting amplitude series was interpolated using cubic
interpolation and resampled at 4 Hz to obtain a uniformly sampled EDR signal.

6. Bandpass Filtering
The EDR signal was bandpass filtered using a second-order Butterworth filter with
cutoff frequencies of 0.2-0.4 Hz [32] to isolate the respiratory component (Fig. 3.28).
The filter was applied using zero-phase forward-backward filtering (MATLAB filtfilt
function) to avoid phase distortion.
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Figure 3.28: Example of 1-min window band-pass filtered ECG-derived respiration (EDR)
signal.

7. Respiratory Rate Estimation
RR was estimated in the frequency domain by computing the PSD using Welch’s method
(20 s window, 50% overlap). The dominant frequency within the 0.2-0.4 Hz band was
selected and converted to breaths per minute by multiplying by 60.

3.4.3.4 RR Aggregation and Comparison

Similarly to Section 3.4.2.2, the aggregation procedure was also applied to the RR estimates.
After estimating the RR for each 1-minute segment, multiple RR values were obtained for
each trial. For result interpretation and comparison, two levels of analysis were considered:
trial level analysis, summarizing the RR estimates within each trial, and activity level analysis,
averaging trials for each condition. The mean and the standard deviation were reported for
each level of analysis.

3.5 Evaluation Criteria

3.5.1 Artifact Detection

To quantify the reliability of the acquired recordings, an artifact detection algorithm was
implemented to estimate the proportion of ECG signal effectively usable for the extraction of
physiological parameters. The proposed method combines amplitude-based and statistical
criteria to identify motion artifacts and abnormal signal distortions.
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3.5.1.1 Amplitude Criterion

First, an adaptive amplitude threshold was defined using a moving median envelope of the
absolute ECG signal computed over a 60-second window. This long-term envelope was
multiplied by a constant threshold factor to obtain a dynamic reference level. A sliding
window analysis (0.4 s window with 50% overlap) was then applied to compute the local
root mean square (RMS) value of the signal. The RMS value of each window was calculated as:

RMS,, = (3.12)

where Ny, represents the number of samples in the selected window and x; the sample of the
ECG signal.

If the local RMS exceeded the adaptive threshold, the corresponding segment was marked
as corrupted. A short temporal padding (£ 0.1 s) was applied around the detected center to
ensure the precise detection of high-amplitude artifacts (Fig. 3.29).

Artifact detection | Good signal: 99.9%
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Figure 3.29: Example of high-amplitude artifact.

3.5.1.2 Statistical Criteria

In addition to the amplitude criterion, statistical descriptors were used to identify segments
characterized by abnormal morphology. Specifically, kurtosis and spectral entropy were
calculated on longer sliding windows (2 s, 50% overlap). Segments with low kurtosis values,
indicating flattened signal, or high spectral entropy, reflecting white noise (Fig. 3.30), were
classified as corrupted.

Kurtosis was calculated as:
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Kurtosis = %Z (xio__ ﬂ)4 (3.13)

i=1

where u is the mean value and o is the standard deviation of the signal x;.

Spectral entropy was computed as the normalized Shannon entropy of the power spectrum:

1 N-1
Hypee = =1y kzo plK]log, (pIK] + &) (3.14)

where p|[k] represents the normalized power spectrum coefficients and N is the segment
length. The normalization ensures that:

0 < Hypee < 1 (3.15)
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Figure 3.30: Example of high-entropy artifact.

The final artifact mask was obtained by combining amplitude (RMS) and statistical (kurto-
sis and entropy) detections.
Finally, identified corrupted intervals were used to compute the percentage of usable signal,
defined as the ratio between non-corrupted samples and the total number of samples in each
segment.

3.5.1.3 Signal Quality Assessment

The implemented artifact detection algorithm was used in two distinct phases. First, it was
employed to assess the overall signal quality of the long-term recordings used during the initial
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development of the signal processing pipeline (see Section 4.1.1).

Second, the artifact detection algorithm was used to perform a preliminary comparison of signal
acquisition reliability during daily activities between the two patch placements. Specifically,
as performed with long-term recordings, the algorithm was applied to compute the percentage
of usable signal duration within each trial for both devices.

Trials with a usable percentage below 65% were classified as non-reliable and excluded from
subsequent analysis, as they were considered too noisy to ensure reliable R-peak detection
and accurate parameter extraction. The 65% threshold was empirically determined as a trade-
off between ensuring sufficient signal quality for reliable R-peak detection and minimizing
unnecessary exclusion of trials.

3.5.2 Valid Beats Percentage

To estimate the percentage of correctly detected beats from the R-peak detection algorithm,
three physiological constraints were applied to the RR intervals:

* Lower bound constraint: only RR intervals longer than 0.35 seconds (~170 bpm)
were considered valid. This avoids non-physiological values due to multiple detections
caused by noise and motion artifacts.

* Upper bound constraint: only RR intervals shorter than 2 seconds (30 bpm) were
considered valid. This excludes non-physiological values due to missed detections.

* ARR% constraint: the relative variation with respect to a 5-beat moving median was
required to be below 25%, in order to exclude non-physiological fluctuations due to
artifacts or detection errors.

These constraints were necessary because no ground truth annotation was available. Therefore,
valid beats were assessed indirectly based on physiological plausibility rather than directly
compared with reference annotations. Finally, the percentage of valid beats was calculated as
the ratio between valid RR intervals and the total number of RR intervals.
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Chapter 4

Results and Discussion

4.1 Development Phase Results

This section contains the results related to the development phase. The quality assessment of
the signals used to develop the processing pipeline is first reported. Subsequently, a comparison
between three different R-peak detection methods is presented, enabling the selection of the
most reliable detector for wearable applications.

4.1.1 Signal Quality Assessment

In this paragraph, the results obtained after signal quality assessment based on amplitude and
statistical criteria (see Section 3.5.1) are presented.

Following artifact detection, the effective duration of usable data was quantified for each
recording session and reported in Table 4.1.

Signal Duration [min] Good Quality [F0] Usable Time [min]

1 373 86.00 320.78
2 285 76.00 216.60
3 815 97.41 793.89
Total 1473 90.40 1331.27

Table 4.1: Recording duration and effective usable time after signal quality assessment.

The results shown in Table 4.1 indicate that the majority of the acquired signal were of sufficient
quality to support the development of the proposed processing pipeline. In particular, on
average only 10.6% of the total recording duration was classified as non-reliable, allowing
a robust preliminary development, based on 1331 minutes of usable ECG and respiratory
recordings (i.e., 22 h 11 min). Moreover, the limited amount of discarded data suggests that
the acquisition setup provided stable recordings suitable for wearable monitoring.

4.1.2 R-peak Detection Method Comparison

In this section, the results evaluated to select the R-peak detector for the signal processing
pipeline are reported. The detection methods were applied only on good-quality signal por-
tions (see Table 4.1) and the percentage of correctly detected R-peaks based on physiological
constraints, described in Section 3.5.2.
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Table 4.2: Percentage of correctly detected beats for each signal and overall minute-weighted
performance.

Signal Pan—-Tompkins [Y0] Hilbert-based [Y0] CWT [%0]

1 84.88 86.75 94.00
2 68.57 72.16 82.04
3 95.58 96.29 98.20
Overall 88.61 90.07 94.56

As shown in Table 4.2, all three detection methods achieved good performance in terms of
correctly detected beats, although slightly lower than the values typically reported in the
literature [40, 43, 49, 50]. This difference may be attributed to several factors, including
the quality of the experimental setup, the consequent signal quality, and the absence of a
ground-truth reference for precise validation. In particular, the recordings were obtained with
dry electrodes, known for having lower signal quality. Nevertheless, the overall percentage of
correctly detected R-peaks was greater than 88% for all the detectors.

Specifically, the CWT-based algorithm achieved the highest overall detection accuracy (94.56%),
showing a greater percentage of valid beats compared to the Pan—Tompkins and Hilbert-based
approaches. This result suggests that the wavelet-based approach provides improved robustness
for wearable ECG applications, likely due to the capability of the WT to isolate the frequency
components associated with the QRS complex from background noise and motion artifacts.
Based on these observations, the CWT-based method was selected for integration into the
final signal processing pipeline.

4.2 Evaluation Phase Results

In this section, the evaluation results obtained during daily activities using the proposed frame-
work are reported. In particular, the analysis focuses on three points: first, the observations
related to the patch placement comparison are reported; second, the outcomes of HR and HRV
metrics, as well as RR estimation, are presented, providing a comparison across different daily
conditions.

4.2.1 Patch Placement Comparison

The results related to the electrode placement comparison are reported below. The comparative
assessment focuses on two aspects: the percentage of good-quality signal and the percentage
of correctly detected beats. It should be noted that device 3DO01 refers to the first patch
configuration, while device 3D02 refers to the second patch configuration.

4.2.1.1 Signal Quality Assessment

To evaluate the reliability of the signals acquired by the two patch configurations, the artifact
detection procedure was applied for each trial across different daily activities. As an illustrative
example, Table 4.3 reports the results obtained for the walking trials. The same evaluation
process was then performed for all activities. Importantly, values below 65% are highlighted
in red and the corresponding trials were entirely excluded from subsequent analyses.
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Table 4.3: Percentage of good-quality signal for walking trials recorded by first patch configu-
ration (3D01) and second patch configuration (3D02).

Walking
Trial | 3D01 [Y] 3D02 [%0]

1 100 46.84
2 100 35.84
3 100 57.70
4 100 38.46
5 100 59.44
6 99.99 99.93
7 100 99.17
8 100 100

As shown in Table 4.3, a remarkable difference in the percentage of good-quality signal
emerges between the two patch configurations during walking. In fact, most of the walking
trials recorded by device 3D02 show percentages below 65%, whereas the percentage for
device 3D01 remains consistently close to 100% for all trials.

To further illustrate the artifact detection process, two representative examples are reported

below: one segment discarded due to poor signal quality (Figures 4.1a-4.1b) and one segment
classified as reliable (Fig. 4.2c), both recorded by device 3D02.
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Figure 4.2: Examples of retained and discarded segments. (a) Resting-state trial n.7 (discarded).
(b) Zoom of the discarded trial, highlighting the presence of an amplitude artifact. (c) Zoom
of the walking trial n.8 (not discarded).

As illustrated in Fig. 4.2, reliable trials show a clear ECG morphology with stable am-
plitude, whereas discarded trials show abnormal amplitude fluctuations caused by motion
artifacts. These examples highlight how the implemented artifact detection algorithm is capa-
ble of correctly distinguishing usable signal portions from corrupted segments.

To provide a comprehensive overview of signal quality across the different activities, Ta-
ble 4.4 summarizes the percentage of usable signal and the number of discarded trials for each
activity and patch configuration. Specifically, these percentages were computed as the ratio
between the duration of good-quality signal and the total recording duration for each activity
(see Table 3.2). Trials with less than 65% of good-quality signal were entirely discarded,
while for the remaining trials the usable duration was weighted according to their respective
percentage of valid signal.

Table 4.4: Percentage of usable signal and number of discarded trials across activities for the
two patch configurations (3D01 and 3D02).

Activity 3D01 3D02
Usable [%0] Discarded | Usable [Y0] Discarded
Resting-state 99.98 0/138 94.36 5/138
Sleeping 99.68 0/176 88.83 18/176
Walking 100 0/8 40.84 5/8
Stair climbing 100 0/6 37.05 4/6
Jumping 100 0/5 19.59 4/5
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Figure 4.3: Percentage of usable signal across different activities for the two patch configura-
tions (3D01 and 3D02).

From Table 4.4 and Fig. 4.3, it can be observed that the first patch placement (3D01)
maintains nearly 100% usable signal across all conditions, and no trials were discarded. This
trend indicates a robust acquisition configuration, even during movements.

In contrast, the second patch placement (3D02) shows a progressive degradation in signal
quality as the activity becomes more dynamic, dropping from approximately 94% during
resting-state to about 20% during jumping. While the number of discarded trials remains
low during resting-state and sleeping conditions, a relatively large number of segments were
discarded for walking, stair climbing, and jumping.

Considering the second patch positioning, the decrease in usable signal observed during
sleeping with respect to the resting-state condition was likely caused by involuntary body
movements during sleep, which produced motion artifacts and consequently affected the signal
quality.

Overall, these results indicate that the second patch configuration is more susceptible to
motion artifacts, probably caused by mechanical interaction with the arm, especially dur-
ing movement. In contrast, the first patch configuration provides substantially more stable
recordings across all conditions.

4.2.1.2 R-peak Detection Performance

The performance of the CWT-based algorithm was then evaluated for the two patch configura-
tions across the different daily activities. The analysis focuses on the percentage of correctly
detected beats computed only for retained trials.

As an illustrative example, Table 4.5 reports the percentage of correctly detected beats for the
walking trials.
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Table 4.5: Percentage of correctly detected beats for walking trials recorded by the first patch
configuration (3D01) and the second patch configuration (3D02).

Walking
Trial | 3D01 [Y] 3D02 [%0]
1 100 -

100 -
99.92 -
99.08 -
99.64 -

100 99.06
99.62 99.70

100 99.35

(<IN Be NNV, [N NS I ]

As shown in Table 4.5, the CWT-based detector achieves very high detection accuracy
for device 3DO01 across all walking trials, with values consistently close to 100%. For device
3D02, valid detection results are available only for the trials that were not discarded in the pre-
vious stage. In these cases, the detector also shows high accuracy, with percentages above 99%.

To provide a global overview of the detector performance across all activities, Table 4.6
summarizes the percentage of correctly detected R-peaks for each condition, referred to the
corresponding processed signal duration.

Table 4.6: Percentage of correctly detected R-peaks and corresponding processed signal
duration for each activity and patch configuration (3D01 and 3D02).

Activity 3D01 3D02
R-peaks [T0] Duration [min] | R-peaks [F0] Duration [min]
Resting-state 99.93 690 83.41 665
Sleeping 90.34 880 63.90 790
Walking 99.83 114 99.33 47
Stair climbing 99.48 31 99.88 11
Jumping 99.92 30 99.87 6

From Table 4.6, it can be observed that the CWT-based method provides consistently high

detection performance for device 3D01 across all activities, with percentages always above
99% except for the sleeping condition, where a slightly lower value (90.34%) is observed.
In contrast, for device 3D02 the detection accuracy is considerably lower during resting-state
and sleeping conditions, reaching values of 83.41% and 63.90%, respectively. These results
generally reflect the lower signal quality observed for the second patch configuration even
in these conditions. For dynamic activities, the detector achieves very high accuracy (above
99%) when applied to the segments that passed the artifact detection stage.
Nevertheless, to better interpret these results, it should be noted that the performance reported
for stationary conditions refers to a considerably larger amount of signal, whereas the per-
formance for dynamic activities is computed over a smaller quantity of data. Moreover, the
detector performance may be affected by resting-state and sleeping trials characterized by
relatively low signal quality, although still above the 65% threshold and therefore not discarded.
An illustrative example is reported in Fig. 4.4.
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Figure 4.4: (a) Example of retained trial (resting-state trial n.91) exhibiting percentage of
good-quality signal above 65% threshold. (b) CWT-based R-peak detection affected by low
signal quality of the retained segment.

In conclusion, the first patch placement ensures both high signal quality and stable detection
performance across all activities, whereas the second placement leads to a lower percentage
of good-quality signal and reduced detection accuracy in some conditions. These results
highlight the impact of patch positioning on the reliability of the ECG signal and, consequently,
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on the performance of the R-peak detection algorithm. Based on these observations, the first
patch configuration, located in the mid-sternal thoracic region, is better suited for wearable
cardiorespiratory monitoring in real-life scenarios.

4.2.2 HR and HRV Metrics

This section presents the results related to HR and HRV metrics extracted using the proposed
signal processing pipeline. Due to the limited number of reliable trials available for the second
patch configuration, the following analysis focuses on the signals acquired with the first patch
placement. As described in Section 3.4.2.2, the results are presented at both trial level and
activity level in order to evaluate the consistency of the extracted metrics across different daily
activities.

4.2.2.1 Trial Level Results

In this subsection, the HR and HRV metrics estimated for each trial of dynamic activities
are reported. The same procedure was implemented also for resting-state and sleeping trials,
however the related results were not reported at this level of analysis due to the large number
of trials available for these conditions.
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Table 4.7: Estimated HR and HRV metrics for trials of dynamic activities (mean + SD).

(a)

Walking

Trial HR [bpm] SDNN [ms] RMSSD [ms] pNN50 [Yo]
1 113.88+4.45 16.08+5.72 10.12+2.05 0.10+0.43

2 98.47+3.01 33.16+1235 1697+5.13 2.12+2.83
3 97.31+6.53 46.58+27.45 2724 +13.71 4.53+4.17
4 106.77 £2.91 52.80+18.73 53.77+34.65 4.30+2.34
5 118.66 £ 5.86 28.40 +£26.46 32.94+38.08 1.34+2.31

6 97.79+3.26 28.00+11.30 17.20+7.60 1.99+2.77

7 95.78 +5.30 42.83+21.13 23.50+12.63 2.55+2.69

8 104.60 =£2.81 23.30+1597 11.77+7.62 1.44+2.74

(b)
Stair climbing
Trial HR [bpm] SDNN [ms] RMSSD [ms] pNN50 [%]
1 142.87 £15.90 3893 +15.11 41.02+27.75 1.43+1.48
2 122.40 £ 16.50 33.75+18.18 21.02+26.16 0.47+0.77
3 123.86 = 15.04 32.57+28.76 11.13+3.40 0.30+0.47
4 130.50 £ 13.08 28.66 +25.57 19.11 £27.40 0.29+0.70
5 94.17 +2.23 2898 +7.30 16.50+1.86 0.00+0.00
6 112.26 £+ 896 30.22 +12.71  8.89 +2.27 0.00 = 0.00
(c)
Jumping

Trial HR [bpm] SDNN [ms] RMSSD [ms] pNN50 [Yo]
1 122.81 £8.74 32.19+13.75 14.40+7.87 1.15+1.50

2 122.48 +8.34 31.66+15.74 19.71 £24.41 0.29+0.71

3 121.99 £+ 6.44 2938 +12.80 11.19+x2.21 0.42+0.70

4 12142 +£3.62 29.14+14.51 10.77+4.71 0.57+0.70

5 131.51 £4.38 28.96 +25.03 14.04 +20.32 0.13+0.32

Table 4.7 summarizes the estimated HR and HRV metrics for each trial of walking, stair
climbing, and jumping. Overall, HR values show moderate variability across trials, reflecting
differences in effort intensity and individual physiological response during the activities.
Regarding HRV metrics, SDNN and RMSSD show pronounced variability between trials and
relatively high dispersion as indicated by large standard deviation values. In contrast, pNN50
values remain consistently low across most trials, which is expected during dynamic activities
where increased sympathetic activation typically reduces short-term HRV [11, 34].

4.2.2.2 Activity Level Results

In this subsection, a comparison between HR and HRV metrics estimated for each daily activity
is reported. Figures 4.5-4.8 reported below illustrate HR, SDNN, RMSSD, and pNN50 values,
respectively, across activities.
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Figure 4.5: HR (mean + SD) across activities. The green band indicates the physiological
range at rest.
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Figure 4.6: SDNN (mean + SD) across activities. The green band indicates the physiological
range at rest.
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Figure 4.7: RMSSD (mean + SD) across activities. The green band indicates the physiological
range at rest.
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Figure 4.8: pNN50 (mean + SD) across activities. The green band indicates the physiological
range at rest.

As shown in Fig. 4.5, HR shows a progressive increase as the activity becomes more
dynamic, rising from about 60 bpm during sleeping to approximately 120 bpm during stair

58



Results and Discussion

climbing and jumping. This trend agrees with the increased physiological demand associated
with physical activities, which requires a higher cardiac output to sustain the metabolic needs
of the body [11].

In contrast, short-term HRV metrics such as SDNN, RMSSD, and pNN50 exhibit an op-
posite behavior, progressively decreasing as the activity intensity increases (Figures 4.6-4.7).
A pronounced difference in HRV metrics can be observed between sleeping and all the other
conditions. In particular, SDNN and RMSSD during sleeping reach values around 150 ms,
while for the other activities these metrics drop below approximately 50 ms, except for SDNN
during resting-state, which remains slightly above this value. Similarly, the pNN50 value
during sleeping (around 40%) dramatically decreases across the other conditions (Fig. 4.8),
reaching values close to zero for stair climbing and jumping. Overall, the values of all extracted
HRYV metrics fall within the physiological ranges reported in the reference standards for HRV
analysis [11].

From these results two main conclusions can be drawn. First, the values obtained are consistent
with the expected physiological modulation of the autonomic nervous system across different
activity levels. During sleep, the predominance of parasympathetic activity leads to higher
short-term HRV values, whereas during challenging physical conditions the sympathetic acti-
vation becomes dominant, resulting in higher HR and a substantial reduction in beat-to-beat
variability [11, 34].

Second, this behavior confirms that the estimated HR and HRV metrics are physiologically
plausible, highlighting the consistency of the proposed signal processing pipeline, even under
dynamic conditions.

4.2.3 RR Estimation Results

This section reports the results related to RR estimation obtained from the wearable patch. As
done for HR and HRV metrics extraction, this section focuses on the first patch configuration,
as the second placement provide a limited number of reliable trials also for respiratory analysis.
As described in Section 3.4.3, RR was estimated directly from the bioimpedance-based signal
(BioZ), and indirectly through ECG-derived respiration (EDR) signal. Similarly to HR and
HRV analysis, the results are first presented at the trial level and then summarized at the
activity level to highlight differences across activities. In addition, the agreement between the
two estimation methods is investigated.

4.2.3.1 Trial Level Results

This subsection presents the RR estimated across dynamic trials using both the two methods.
Similarly to HR and HRV section, results related to resting-state and sleeping were not reported
at this level of analysis due to the large number of available trials for these conditions. Figures
below show the obtained results for walking (Fig. 4.9), stair climbing (Fig. 4.10), and jumping
trials (Fig. 4.11), respectively.
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Figure 4.9: RR (mean + SD) for each walking trial estimated from bioimpedance-based signal
(BioZ) and EDR signal. The green band indicates the physiological range.
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Figure 4.10: RR (mean £ SD) for each stair climbing trial estimated from bioimpedance-based
signal (BioZ) and EDR signal. The green band indicates the physiological range.
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Figure 4.11: RR (mean + SD) for each jumping trial estimated from bioimpedance-based
signal (BioZ) and EDR signal. The green band indicates the physiological range.

As shown in Figures 4.9-4.11, for walking trials, RR values generally range between about
16 and 21 bpm, with moderate variability across trials and good agreement between the two
estimation methods. Similar behavior is observed for stair climbing and jumping, where the
two methods provide comparable estimates despite some variability between trials. However,
a notable discrepancy between the two methods can be observed for stair climbing trial n.5.
To further investigate this difference, Fig. 4.12 reports an illustrative example of the respiratory
signals derived both from bioimpedance measurement and ECG signal for 1-min window of
this trial.
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Figure 4.12: Example of respiratory signals obtained from 1-min window of stair climbing
(trial n.5). ECG-derived respiration signal (upper trace) and bioimpedance-based signal (lower
trace).

From Fig. 4.10, it can be observed a difference in frequency between the two respiratory
sinusoids, explaining the discrepancy between RR estimates. This behavior can be led by the
reduced signal quality, affecting both direct and indirect estimation, and by the limited number
of windows available for this specific task (n=3).

4.2.3.2 Activity Level Results

This subsection presents the RR estimates summarized at the activity level. In this case, the
RR values obtained for individual trials are aggregated to provide an overview of the average
respiratory trend associated with each activity.

Fig. 4.13 illustrates the RR estimated across the different activities using both bioimpedance-
based signal and EDR signal.
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Figure 4.13: RR (mean * SD) across activities derived from bioimpedance-based signal (BioZ)
and EDR signal. The green band indicates the physiological range.

As shown in Fig. 4.13, the RR values obtained with both methods fall within the physi-

ological ranges typically reported in the literature for resting conditions (~14—16 bpm) and
moderate physical activities (~18-20 bpm) [55]. In particular, a gradual increase in RR can be
observed from stationary conditions to more challenging activities. Sleeping and resting-state
exhibit the lowest RR, while walking and stair climbing show higher values, reflecting the
increased respiratory demand associated with physical effort.
Regarding the comparison between the two estimation approaches, the results indicate overall
a good agreement between estimates using bioimpedance measurement and EDR signal across
all activities. Their similar variability also suggest that both signals capture the underlying
respiratory dynamics consistently.

Overall, these observations indicate that the proposed framework provides physiologically
plausible RR estimates, even during dynamic and challenging activities. This result is par-
ticularly relevant for the indirect respiratory estimation derived from the ECG signal, which
required multiple signal processing steps to extract the EDR signal. The robustness of the
developed pipeline provided consistent respiratory estimates despite noisy conditions typical
of wearable recordings.

Furthermore, the good agreement observed between estimates derived from the two meth-
ods suggests that EDR signal can be also employed for respiratory monitoring in wearable
cardiorespiratory systems.
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Chapter 5

Conclusion

5.1 Summary of the Work

Wearable cardiorespiratory monitoring is essential for detecting pathological patterns related
to cardiovascular diseases or for providing physiological information in subjects experiencing
transient events, such as stress-induced episodes. However, wearable applications are inher-
ently affected by multiple noise sources and motion artifacts, which are typical of real-life
acquisition conditions. Therefore, the use of robust signal processing strategies is essential for
the reliable extraction of HR, HRV, and RR.

To address these challenges, this work first aimed to provide a solid framework for the reliable
extraction of cardiorespiratory parameters from ECG and respiratory recordings under dy-
namic conditions. The proposed framework included ECG denoising using both traditional
bandpass filtering and a singular value decomposition (SVD) approach, R-peak detection
through a continuous wavelet transform (CWT)-based method, and cardiorespiratory feature
extraction. Second, practical guidance for future studies is provided by assessing the impact
of electrode placement on signal quality across daily activities using a developed artifact
detection algorithm.

Overall, the implemented CWT-based R-peak detection method achieved good performance
even during dynamic activities, consequently providing physiologically plausible HR and
HRYV time-domain metrics. Moreover, the RR estimates derived from the indirect ECG-
derived respiration (EDR) signal showed good agreement with RR directly estimated using the
bioimpedance measurement obtained from the respiratory sensor integrated in the wearable
device. Regarding the comparative analysis of patch positioning, a substantial difference be-
tween the two evaluated electrode configurations (central thoracic and left side trunk locations)
emerged in terms of the percentage of good-quality signal and correctly detected peaks. In
particular, the mid-sternal thoracic positioning ensured greater robustness to motion artifacts,
especially during dynamic activities.

These observations suggest that the developed signal processing framework for the extraction
of cardiorespiratory parameters is sufficiently reliable even under noisy wearable conditions.
Furthermore, the good agreement obtained between the two RR estimation methods indicates
that the EDR signal can be effectively used for respiratory analysis in wearable applications.
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5.2 Limitations

Despite the promising results obtained in this study, some limitations should be noted.
While the development phase, including algorithm design and preliminary testing, relied on a
relatively large amount of data (approximately 22 hours of recordings collected from three
different subjects), the evaluation phase conducted during daily activities was limited to a
single-subject feasibility analysis. Consequently, the results obtained in this phase should
be interpreted with caution and cannot be considered as a comprehensive validation of the
proposed framework.

Furthermore, the number of trials involving dynamic activities was relatively limited. This
was partly due to the reduced signal quality observed under motion conditions, which led to
the exclusion of several trials from the analysis. As a result, although the proposed pipeline
demonstrated robustness during motion-based tasks, further studies involving a larger number
of subjects and a broader set of trials are required to better assess the overall applicability of
the proposed approach.

5.3 Future Work

Future research should focus on extending the proposed work toward clinical applications.
First, a clinical validation on pathological datasets is required to assess the performance of the
pipeline in subjects affected by cardiovascular or neurological disorders.

Another important direction concerns the implementation of the developed signal processing
pipeline in a real-time monitoring system, enabling continuous extraction of cardiorespiratory
parameters directly on wearable devices during daily-life monitoring.

Future studies may also investigate cardiorespiratory coupling mechanisms derived from the
joint analysis of cardiac and respiratory signals. In addition, the integration of accelerometer
data could support motion artifact detection and provide contextual information about the
subject’s activity level.

Finally, event detection strategies based on the extracted physiological features could be
explored to identify abnormal events in patients experiencing cardiac arrhythmias, stress-
induced episodes, or seizure-like events.
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