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A B S T R A C T

Physiological monitoring plays a crucial role in precision medicine
to enable the continuous assessment of an individual’s health sta-
tus through real-time physiological and behavioral data. Among the
most widely monitored vital signs is heart rate, which is relevant in a
broad range of contexts such as detecting cardiovascular conditions,
tracking exercise intensity, or evaluating sleep quality. Other vital pa-
rameters, such as respiratory rate, also provide important insights
and can serve as early indicators of adverse health events.

However, studies inside controlled laboratory or clinical settings
fail to capture the complexities of human physiology that occur in
free-living conditions. Wearable sensors offer a promising solution to
real-world physiological data collection but face challenges such as
fragmented and noisy data recording, the need for user interaction,
sensor synchronization, and energy constraints that hinder long-term
operation. Combined, these challenges limit the effectiveness of wear-
able technology for truly passive, accurate, and scalable health moni-
toring.

In this dissertation, we introduce an embedded wearable sensing
platform and associated computational techniques for robustly mon-
itoring physiological metrics. Our first contribution is the design
of a multi-device, low-power sensing system that integrates multi-
ple physiological and environmental sensors, which ensures long-
duration, passive data collection without requiring user interventions.
Our platform achieves sample-perfect synchronization across sensors
and millisecond-level alignment between devices, overcoming one of
the key barriers in multi-modal physiological monitoring.

To further enhance the reliability of physiological data collection,
we propose a multi-modal offline synchronization method that en-
ables precise alignment of signals across multiple body-worn sensors
without requiring wireless communication or explicit user actions to
support real-world scenarios that cannot guarantee continuous con-
nectivity. We demonstrate the capabilities of the platform by introduc-
ing WildPPG, a large-scale real-world photoplethysmography (PPG)
dataset collected from 16 participants over 13.5 hours in highly vari-
able environmental and activity conditions. Unlike datasets captured
inside controlled settings, WildPPG contains physiological responses
to real-world activities such as physical exertion, temperature fluc-
tuations, and varying ambient light levels. This makes our dataset a
valuable resource for developing more robust wearable sensing algo-
rithms.
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Based on WildPPG, we propose a series of signal-processing tech-
niques for robustly tracking physiological key metrics. We present
a lightweight sensor fusion method that enhances heart rate estima-
tion by combining multiple PPG signals from different body locations,
mitigating the effects of motion artifacts and environmental distur-
bances. We also introduce a learning-based approach for generating
PPG signals using multiple optical wavelengths, improving cardiac
monitoring in multi-wavelength PPG sensing devices such as pulse
oximetry applications. Finally, we propose a novel method for contin-
uous respiratory rate monitoring using ultra-wideband (UWB) radar
integrated into wearable devices, enabling accurate respiration track-
ing with reduced susceptibility to motion artifacts.

By integrating hardware innovations with computational methods,
this dissertation establishes a foundation for continuous, multimodal,
and unobtrusive physiological sensing in real-world environments.
The wearable system and data processing techniques we propose can
advance precision medicine via the passive health monitoring needed
to collect representative data for the purpose of early disease detec-
tion, long-term physiological research, and, more generally, context-
aware health monitoring solutions.
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Z U S A M M E N FA S S U N G

Die kontinuierliche Erfassung physiologischer Parameter ist ein zen-
traler Bestandteil der personalisierten Medizin, da es eine fortlau-
fende Beurteilung des Gesundheitszustands in Zusammenhang mit
Verhaltensdaten ermöglicht. Konventionelle Methoden, die auf Labor-
oder klinische Umgebungen beschränkt sind, erfassen aber nicht alle
komplexen physiologischen Prozesse, die im Alltag auftreten. Tragba-
re Sensorsysteme bieten zwar das Potenzial, physiologische Daten in
alltäglichen Situationen zu erfassen, stehen allerdings vor fundamen-
talen Herausforderungen: Fragmentierte Aufzeichnungen, die Not-
wendigkeit von Nutzerinteraktionen, die Synchronisation mehrerer
Sensoren sowie begrenzte Batterielaufzeiten erschweren deren Ein-
satz. Zusätzlich können externe Faktoren, etwa variierende Umwelt-
bedingungen (z.B. Temperatur, Beleuchtung oder Luftfeuchtigkeit),
fehlerhafte Platzierung der Sensoren durch die Nutzenden oder Be-
wegungsartefakte die Messqualität beeinträchtigen. Diese Einschrän-
kungen reduzieren die Aussagekraft tragbarer Sensoren für ein pas-
sives, präzises und skalierbares Gesundheitsmonitoring.

In dieser Dissertation präsentieren wir eine innovative, tragbare
Sensorplattform sowie robuste Methoden zur Datenanalyse. Das Ziel
ist es, eine zuverlässige und energieeffiziente Erfassung physiolo-
gischer Signale zu ermöglichen, die ohne aktive Nutzerinteraktion
funktioniert und eine qualitativ hochwertige Datengrundlage schafft.

Ein zentraler Beitrag dieser Arbeit ist die Entwicklung eines mul-
timodalen, energieeffizienten Sensornetzwerks, das physiologische
und umweltbezogene Daten über lange Zeiträume hinweg synchron
erfassen kann, ohne dass Nutzende aktiv mit dem Gerät interagie-
ren. Zusätzlich ermöglicht diese Plattform die exakte Synchronisation
mehrerer Sensor-chips und eine Millisekunden genaue Abstimmung
zwischen verschiedenen Geräten.

Zur weiteren Verbesserung der Datenqualität stellen wir eine neu-
artige Offline-Synchronisationsmethode für multimodale Sensorsys-
teme vor. Diese ermöglicht eine präzise zeitliche Ausrichtung physio-
logischer Signale, ohne dass Kommunikation zwischen den Geräten
oder aktive Nutzerinteraktionen erforderlich sind. Dies ist sowohl in
unkontrollierten Alltagsumgebungen, in denen Verbindungsproble-
me auftreten können, als auch in maximal energieeffizienten Anwen-
dungen, welche auf drahtlose Kommunikation verzichten müssen,
ein zentraler Vorteil.

Ein weiterer, wesentlicher Beitrag dieser Dissertation ist der Da-
tensatz WildPPG, welcher Photoplethysmographie (PPG) Daten aus
Alltagssituationen beinhaltet. Im Gegensatz zu bestehenden PPG Da-
tensätzen, die meist unter kontrollierten Bedingungen erfasst wurden,
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enthält WildPPG zeitlich umfassende und ununterbrochene Messun-
gen aus Alltagssituationen, die unter verschiedensten Umweltbedin-
gungen aufgezeichnet wurden.

WildPPG beinhaltet physiologische Reaktionen auf körperliche Ak-
tivität, Temperaturschwankungen und wechselnde Lichtverhältnisse.
Damit bietet WildPPG eine einzigartige Grundlage für die Entwick-
lung robuster Algorithmen zur Verarbeitung von PPG-Signalen in
tragbaren Sensorsystemen.

Auf Basis dieser Daten haben wir neue, signalverarbeitende Ver-
fahren entwickelt, um die Qualität der physiologischen Messungen
weiter zu verbessern. Dazu gehört ein Verfahren zur Fusion mehrerer
PPG-Signale von unterschiedlichen Körperstellen, um den Einfluss
von Bewegungsartefakten und Umwelteinflüssen zu reduzieren. Zu-
dem entwickelten wir eine neue Methode, in der durch maschinelles
Lernen synthetische PPG-Signale generiert werden, die aus Messun-
gen mehrerer optischer Wellenlängen bestehen. Damit kann die Ge-
nauigkeit von kardiovaskulären Messungen, etwa in der Pulsoxyme-
trie, erhöht werden. Zusätzlich präsentieren wir ein innovatives Ver-
fahren zur kontinuierlichen Atemfrequenzüberwachung. In diesem
wird Ultra-Wideband (UWB) Radar in tragbare Geräte integriert und
ermöglicht eine zuverlässige Erfassung der Atmung mit reduzierter
Anfälligkeit für Bewegungsartefakte.

Durch die Kombination aus Innovationen im Bereich Hardware
und Methoden der Datenanalyse leistet diese Dissertation einen Bei-
trag zur Weiterentwicklung des kontinuierlichen, multimodalen phy-
siologischen Monitorings im Alltag. Die entwickelten tragbaren Sen-
sorsysteme und Algorithmen bieten neue Möglichkeiten für die per-
sonalisierte Medizin und reicht von der passiven Überwachung von
Gesundheitsparametern über die Möglichkeit der frühzeitigen Dia-
gnostik bis hin zur Durchführung langfristiger physiologischer Stu-
dien.
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1
I N T R O D U C T I O N

Physiological monitoring plays a critical role in precision medicine,
which aims to tailor healthcare interventions to an individual’s
unique physiological and behavioral characteristics [100]. Achieving
this goal requires continuous, high-resolution, multi-modal data to
capture both physiological signals and behavioral context [120]. By
leveraging continuous health monitoring, this approach enables a
deeper understanding of an individual’s health trajectory, facilitat-
ing early diagnosis, condition tracking, and personalized therapeutic
strategies.

Traditionally, this type of monitoring is confined to controlled envi-
ronments such as laboratories and medical facilities. However, these
environments fail to capture dynamic, real-world variations in phys-
iology and behavior, limiting their ability to inform personalized
healthcare decisions.

To bridge this gap between controlled assessments and every-
day health dynamics, wearable sensor technology has emerged as a
promising solution, offering continuous physiological monitoring in
everyday environments [11]. Advances in low-power electronics have
enabled wearable devices to track physiological parameters through-
out daily life, with consumer devices such as smartwatches increas-
ingly integrating health-monitoring capabilities. However, significant
technical limitations remain that prevent current wearable systems
from fully realizing the goals of precision medicine [28].

1.1 challenges in physiological monitoring using

wearables

Continuously recorded high-quality data is one key challenge for exist-
ing physiological monitoring systems. To extend battery life and due
to limitations in data transmission bandwidth, they rely on intermit-
tent or short-duration recordings [109], which fail to capture dynamic
fluctuations in vital signs and activity patterns. Without continuous
data, the ability to assess long-term trends and contextualize health
changes is significantly reduced.

Unobtrusive use, passive monitoring is another challenge. When devices
require user interactions, such as charging, button presses, or supervi-
sion for data streaming this may affect the validity of the data capture.
To not interfere with activities, passive zero-effort recording is impor-
tant when capturing everyday health dynamics.

1
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Sensor synchronization is another major challenge, particularly in
multi-sensor and multi-device setups. Physiological signals from dif-
ferent modalities, such as motion, cardiac activity, and optical reflec-
tions, must be accurately time-aligned to enable reliable analysis [189].
Many existing wearable devices struggle with drift and latency, lead-
ing to misalignment that compromises signal fusion and subsequent
data interpretation.

Long-duration standalone operation with multiple synchronized sensors
that continuously log raw data in a compact wearable form factor
remains challenging due to power consumption and storage con-
straints. Consumer-grade devices typically address this by pausing or
downsampling sensing to conserve energy, but such strategies reduce
data continuity. As a result, most current solutions require frequent
recharging or data offloading, limiting their practicality for real-world
applications.

Finally, robust data processing techniques are needed as real-world de-
ployment introduces significant variability in environmental condi-
tions, user behavior, and motion artifacts. Unlike controlled labora-
tory settings, everyday scenarios involve uncontrolled movements,
varying lighting conditions, and diverse physical activities, all of
which can degrade signal quality and reduce the reliability of physi-
ological measurements [28]. Existing algorithms for vital sign estima-
tion and activity recognition often fail to generalize beyond controlled
environments. Many current methods assume ideal signal conditions,
resulting in reduced accuracy when applied to real-world data. The
challenge lies in developing robust algorithms that can extract mean-
ingful physiological insights despite noise, motion artifacts, and envi-
ronmental variability.

1.2 contributions and dissertation outline

This dissertation addresses the challenges listed above through the
development and evaluation of an advanced embedded wearable
platform as well as corresponding computational techniques for ro-
bust monitoring of accurate physiological metrics – in paticular Heart
Rate (HR) and Respiratory Rate (RR).

Chapter 3 introduces our first contribution through the design and
implementation of a multi-device, low-power sensing platform that
integrates a multitude of sensors, storage, and connectivity for pas-
sive monitoring of user-related activity and physiology. Each sensor
node continuously records raw sensor data in real-world conditions
outside the lab without affecting the user, ensuring sample-perfect
synchronization across all sensors on one node and millisecond-level
synchronization across nodes. The unobtrusive devices have a 72-
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hour battery life on a coin-cell battery without the need for any
user interaction. They integrate Inertial Measurement Unit (IMU),
Electrocardiogram (ECG), Photoplethysmography (PPG), and environ-
mental sensors, providing synchronized multimodal data collection
in real-world conditions.

In Chapter 4, we introduce a multi-modal offline synchronization
method for distributed sensors that does not require active wireless
communication between devices. Our synchronization method oper-
ates purely based on recorded signals and is thus suitable for of-
fline processing. It does not require any specific user input, action,
or behavior. The method operates on the data from devices worn
by the same person that record barometric pressure and accelera-
tion—inexpensive, low-power, and thus commonly included sensors
in today’s wearable devices. This enables accurate alignment of physi-
ological signals across multiple body-worn sensors, allowing for com-
prehensive multi-site physiological analysis.

In Chapter 5, we present WildPPG, a real-world PPG dataset of long
continuous recordings. The data was recorded from 16 participants
during a 13-hour-long day trip from Zurich to Jungfraujoch, a moun-
tain station at over 3500 m above sea level. Our dataset includes a
Lead I ECG as ground truth reference for HR computation and was
collected in real-world conditions outside of controlled environments.
It includes various levels of physical activities as well as rest periods,
multiple modes of transportation, and changing environmental condi-
tions, most notably a wide range of ambient temperature and lighting
conditions which are known to have an impact on PPG signal quality.

Chapter 6 presents a lightweight sensor fusion method for estimating
HR that flexibly combines samples from multiple PPG sensors placed
across the patient’s body. In Chapter 7, we introduce a learning-based
approach to generate a PPG signal based on samples at multiple op-
tical wavelengths in a single body location as they are common in
pulse oximetry. Both methods mitigate issues such as motion artifacts,
changes in ambient conditions, and sensor misalignment, which often
hinder downstream PPG processing methods in producing accurate
measurements.

Chapter 8 presents a method to monitor the respiratory rate using
a simple wearable device with less susceptibility to motion artifacts
compared to other published methods. We leverage Ultra-Wideband
(UWB) radios that are increasingly found in mobile and wearable de-
vices and accurately monitor the wearer’s respiration activity in ev-
eryday life. We thereby analyze the channel Complex Impulse Re-
sponse (CIR) when measuring the reflection of a UWB signal transmit-
ted into the wearer’s chest.
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Taken together, we establish a system for continuous, multi-modal,
and unobtrusive physiological sensing in real-world environments,
contributing to advancing passive health monitoring for precision
medicine. The proposed platform and algorithms provide a founda-
tion for personalized health tracking, early disease detection, and real-
world physiological research, aligning with the broader goals of preci-
sion medicine to deliver individualized and context-aware healthcare
solutions.

1.3 contributing publications

As part of the research in this dissertation, we published the follow-
ing peer-reviewed research papers:

Meier, M., & Holz, C. (2023). BMAR: barometric and motion-based
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devices. Proceedings of the ACM on Interactive, Mobile, Wearable
and Ubiquitous Technologies, 7(2).
Corresponds to Chapter 4.

Meier, M., Demirel B., & Holz, C. (2024). WildPPG: A Real-World
PPG Dataset of Long Continuous Recordings. In 2024 Advances in
Neural Information Processing Systems.
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Meier, M., & Holz, C. (2024). Robust Heart Rate Detection via
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Reflective Photoplethysmography by Fusing Multiple Wavelengths
for Cardiac Monitoring. In 2024 International Conference on Body
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Respiratory Rate Monitoring During Motion via Wearable Ultra-
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Health Informatics (BHI). IEEE. *both authors contributed equally
Corresponds to Chapter 8.
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2
R E L AT E D W O R K

The wearable devices and methods presented in this dissertation
build on a wide range of related work that explored applications
and challenges in this field. We outline the potential of physiolog-
ical sensing outside controlled settings, as demonstrated in related
studies, and the challenges that arise. We examine existing devices,
their architectures, and their approach to design trade-offs relating
to device size, energy management, and software architecture. A key
aspect relevant to the interoperability of multiple devices and thus
multi-modal sensing across body locations is device synchronization.
In this context, we explore setups with and without wireless commu-
nication capabilities during runtime. Finally, our work focuses on the
sensing of PPG and respiration, methods that we examine in more
detail.

2.1 wearable devices for physiological sensing

Physiological sensing is among the main use cases for wearable de-
vices [60]. There are many possible applications: They can enhance
preventive care by detecting and preventing falls in elderly popu-
lations [181], monitor mental status [45], or detect unhealthy body
poses and alert wearers accordingly [71]. Wearables can also be used
to monitor recovering patients [144] and gain popularity in the treat-
ment of chronically ill patients [124].

At the intersection of health monitoring and activity recognition,
Strain et al. perform mortality prediction based on data collected
from a wrist-worn wearable [176]. Similarly, Bari et al. combined syn-
chronized data from separate devices recording audio, physiological,
and inertial signals to detect stressful conversations [15].

More generally, wearable devices make it easier to collect multi-
modal long-term data and therefore enable big data methods in the
space of physiological sensing [196].

However, these approaches share various challenges, including the
need for high data quality in uncontrolled environments and interop-
erability of devices [34]. In the following sections, we discuss aspects
relating to these two challenges.
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2.2 device synchronization

In measurement setups that rely on multiple wearable devices, time
synchronization between devices is essential to match simultaneously
acquired information from the devices.

2.2.1 Wireless Synchronization

Over recent years, Wireless Sensor Networks (WSNs) have attracted
more and more interest. Time synchronization performed online or
offline between the nodes of a WSN is crucial for the deployment of
the Internet of Things (IoT) [9]. Currently, many time-synchronization
methods for WSNs use Bluetooth Low Energy (BLE) [9, 149]. Especially
in the fields of ubiquitous computing, sports science, and health appli-
cations, BLE is most commonly used since it is integrated into modern
smartphones [149].

With BLE, timestamping errors of less than 50 ns are possible as
demonstrated by Asgarian and Najafi with BlueSync [9]. BlueSync out-
performs previous work by several magnitudes [22, 78, 79, 149, 168,
171]. While Rheinländer and Wehn achieve an accuracy of 0.9µs [149],
Sridhar et al. and Bideaux et al. achieve accuracies of 10µs [171]
and 14.9µs [22], respectively. Somaratne et al. and Ghoshdastider et
al. achieve accuracies of 19 ms [168], 37.8 ms [78], and 45.1 ms [79],
respectively. While the works mentioned above primarily focus on
minimizing synchronization error rather than power consumption,
Makara, Tsybul’nyk, and Kurnyts’kyi aim to achieve both, reaching
a synchronization error of 10 ms error at a power consumption of
133µW when using two devices [121]. However, BLE is often limited
by a lack of flexibility in network topology [103] making the estima-
tion of the energy consumption in larger systems difficult.

There are also alternatives to BLE. This includes the work of Li,
Braun, and Dimitrova who use Global Positioning System (GPS) and
achieve synchronization with an accuracy well below 1 ms [113] and
Seijo et al. who use Wifi to achieve sub-nanosecond time transfer ac-
curacy [161]. However, these communication technologies share the
downside of higher power consumption compared to BLE and thus
have a negative impact on battery life.

2.2.2 Data-based Synchronization

Multiple works have introduced data-based synchronization for dis-
tributed sensor systems using acceleration data from IMUs. Most
of these works focus either on synchronization between IMUs and
motion-capturing systems, IMUs and video data from cameras, or
between only IMUs. The latter is typically done by subjecting all
IMUs to a sudden acceleration such as shaking multiple IMUs that
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are held together [74, 131, 150, 164, 195]. With this method, Sha-
bani et al. obtained a minimum mean lag time bias of 25.56 ms [164].
Recently, Spilz and Munz introduced a novel data-based synchro-
nization method for synchronizing multiple devices by subjecting
them synchronously to a magnetic field impulse generated by an ar-
ray of inductors causing an event that is detectable by the devices’
IMUs [170] and allowing for synchronization with a maximum offset
of below 2.6 ms. To synchronize IMUs and motion-capturing systems
or video data, sudden movements such as a heelstroke are commonly
used. The event is then visible both in the video and the acceleration
data and recordings are typically manually aligned [14, 29, 98, 139,
201]. For video-to-IMU synchronization without explicit user action,
Zhang et al. proposed SyncWISE, an algorithm that achieves a mean
error of less than half a second [202]. When aligning recordings based
on data and without distinct events, a measure for signal synchrony
is required. Gashi, Di Lascio, and Santini evaluated several such mea-
sures in their work when they explored the synchrony of signals of
electrodermal activity between presenters and audience members to
determine engagement [76].

2.3 reflective photoplethysmography in wearables

Reflective PPG is a common sensing modality in wearable devices to
assess a wide range of physiological parameters, such as HR, Heart
Rate Variability (HRV) [136], RR [51], and Peripheral Oxygen Satura-
tion (SpO2) [12]. Therefore, reflective PPG sensors are commonly built
into devices such as fitness trackers (e.g., Fitbit, Garmin Fenix) or ev-
eryday smartwatches (e.g., Apple Watch, Pixel Watch, Galaxy Watch)
to monitor these parameters passively during wear.

2.3.1 Signal Quality

Robust PPG sensing is a challenging task, as PPG signals are subject to
artifacts such as motion or optical interference [117, 194]. Reliable PPG

analysis requires good signal quality; robust signals facilitate individ-
ual pulse segmentation, such as for estimating a person’s HR. They
also allow analyzing characteristics of a blood volume pulse through
its morphology, such as to calculate temporal features for pulse tran-
sit time [112]. Raw PPG signals are thus commonly improved with
established band-pass filters [206] to aid feature extraction.

Depending on the magnitude of artifacts, however, conventional
filtering can be insufficient for restoring the underlying blood volume
pulses, as the signal’s frequency spectrum typically overlaps with that
of the artifacts. Therefore, researchers have integrated accelerometers
to detect motion [178] and remove artifacts via noise cancellation [8,
165, 198].
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2.3.2 Multi-Channel Photoplethysmography and Sensor Fusion

In response to signal quality issues, sensor designs have leveraged
multiple light sources [1] or photodiodes [185] to harden PPG signal
acquisition. Multi-LED designs have become commonplace in today’s
commercial wearables (e.g., Garmin [75]), although their processing
is proprietary.

The combination of multi-channel PPG signals can be considered
sensor fusion which has frequently been used for wearable physi-
ological sensing [125]. Raiano et al. removed motion artifacts from
breathing signals using multiple piezoresistive textile sensors, fusing
signals via Independent Component Analysis (ICA) [143]. Combining
PPG and Ballistocardiogram (BCG) has also been shown to better esti-
mate R-R intervals [6] and HR [35]. For HR estimation, past work has
also investigated sensor fusion. Bieri et al. jointly analyzed accelerom-
eter and PPG signals for robust and uncertainty-aware heart rate esti-
mation [23]. Wartzek et al. separately detected heartbeats in PPG and
capacitive ECG signals acquired in multiple locations on a mattress
and then combined them for better estimation [193]. When working
with PPG signals only, using the average of multiple PPG traces is a
common practice in prior work(e.g., [178]). Naturally, this reduces the
impact of single-channel artifacts but the output signal is still affected
– particularly when the artifacts’ amplitudes are much greater than
the actual signal. In an effort to combine PPG traces while taking their
signal quality into account, Warren et al. switch between channels ev-
ery two seconds to select the most promising for HR detection [192].
However, this method may lose information from channels that are
not currently assumed to have the best signal quality which weighs
especially heavily when the quality estimation is less-than-optimal.
Lee et al. combined PPG signals at multiple wavelengths using ICA to
reduce motion artifacts [105], whereas Holz et al. combined multiple
PPG sensors across the head to derive HR [86].

2.4 monitoring respiratory rate with wearables

Certain measurement techniques do not transfer well from controlled
hospital or laboratory settings to everyday settings. For example, Res-
piratory rate measurements are routinely collected in controlled set-
tings using capnometry and spirometry which are not suitable for
long-term measurements in everyday life because they require air
masks [3, 115]. Related research on respiratory rate monitoring in
uncontrolled settings can be broadly classified into two categories:
systems utilizing contact-based sensors that are directly attached to
the human body and systems that enable remote measurement with-
out direct physical contact.
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2.4.1 Non-contact-based RR monitoring

Non-contact-based Methods for RR monitoring have been published
using a variety of sensing modalities. Wang et al. utilized ultrasound
to sense exhaled airflow in sleeping subjects, achieving a median er-
ror of less than 0.3 breaths per minute (brpm) [190]. Focussing on
recovering the RR from chest movements, Bernacchia et al. used the
Microsoft Kinect system, which combines a depth sensor, video cam-
era, and microphones, reporting a standard deviation of the residual
RR of 9.7% [20]. Radar technology has also been employed to observe
chest movements induced by respiration. Researchers have developed
various system architectures using Frequency Modulated Continuous
Wave (FMCW) radar at radio and laser frequencies, where respiration-
induced chest movements alter the phase and frequency of the carrier
signal [3].

2.4.2 Contact-based RR monitoring

Contact-based methods for RR monitoring encompass an even
broader range of sensing modalities compared to non-contact meth-
ods. Kumar et al. utilized wearable microphones to estimate RR [101].
Their setup, tested on subjects before, during, and after exercise,
achieved a mean squared error in the RR of 0.2 brpm. Basra et al. de-
veloped a system that recovered RR using a temperature sensor on
a nose clip, exploiting the temperature difference between inhaled
and exhaled air [16]. Similarly, Guder et al. monitored RR by sensing
humidity differences in an air mask [82].

Further exploring physiological signal variations, Heydari et al.
derived RR from changes in bio-impedance measured on electrodes
placed on the shoulder of participants, reporting an error of ⩽
1 brpm across different breathing patterns (slow, fast, deep, hold,
and normal) [84]. Another approach leverages respiratory sinus ar-
rhythmia, where the heart rate increases during inhalation and de-
creases during exhalation. This phenomenon enables RR measure-
ment through heart rate monitoring techniques such as ECG, PPG, BCG,
and Seismocardiogram (SCG) [115]. Charlton et al. evaluated 270 algo-
rithms using ECG and PPG signals, finding that the best-performing
algorithm had a 95% limit of agreement of -4.7 to 4.7 brpm [39].

Moving to inertial sensor-based methods, accelerometers, gyro-
scopes, and respiration belts can detect periodic thorax volume
changes during breathing [115]. Rahman et al. used a single ac-
celerometer mounted on a belt on the thorax to estimate RR, achieving
successful recovery in 97% of attempts across five RRs on stationary
subjects. However, this approach did not address motion artifacts, a
known limitation of accelerometer-based systems [38, 142]. To miti-
gate motion artifacts, Bates et al. reconstructed RR from the angular
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velocity of the current rotation angle measured relative to the mean di-
rection of gravity. They implemented a movement detection method
to pause their system during motion, only computing RR when the
subject was at rest [17].

2.4.3 RR monitoring using Ultra-Wideband Radar

UWB radar has garnered interest over the past two decades since the
Federal Communications Commission (FCC) opened the 3.1 to 10.6
GHz spectrum for medical imaging [68]. There is substantial research
on non-contact RR recovery using UWB radar [32, 89, 188], including
through debris [108] or walls [42]. This remote monitoring detects
chest wall motion using UWB beacons in a person’s environment.
However, these methods are prone to errors due to unrelated body
motion and are unsuitable for tracking the RR during activities and
in changing environments. UWB radar can also probe the body itself,
detecting varying dielectric properties of tissues which affect UWB

pulses differently [173]. Specifically, this applies to the lungs, which
exhibit different dielectric properties when inflated versus deflated:
More signal is reflected at the muscle-lung interface when the lung
is inflated compared to its deflated state [134]. This is supported by
Cavagnaro et al. who studied the propagation of UWB pulses into hu-
man tissue and proposed that effective RR recovery can be achieved
by capturing the air-skin reflection signal with an antenna positioned
1 meter away from the body. They suggested that on-body antennas
could potentially recover the RR from a small signal reflected by the
posterior lung wall [37]. However, on-body UWB radar for RR moni-
toring has only been studied using laboratory equipment [137, 138],
using two points of contact [48, 49], or with custom UWB antennas
integrated into a seat [158], all of which were evaluated exclusively
on stationary users.

2.4.3.1 Non-contact-based RR monitoring with UWB radar

Wang et al. conducted a comparative analysis between FMCW radar
and UWB radar for non-contact vital sign extraction in varying con-
ditions regarding distance and orientation of the subject as well as
obstructing obstacles. Their findings indicated that UWB radar offers
higher accuracy and a better Signal-to-Noise Ratio (SNR) than FMCW

radar, showcasing the potential of UWB radar for RR monitoring [188].
Immoreev et al. demonstrated the ability to recover RR from tiny chest
movements using a UWB radar mounted 2 meters above a hospital
bed [89]. In more complex environments, such as disaster sites, Li et
al. utilized the curvelet transform to remove antenna coupling and
background clutter, followed by singular value decomposition to de-
noise the respiratory signal before extracting RR with a fast Fourier
transform [108]. Duan et al. advanced this approach with an algo-
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rithm based on variational mode decomposition, capable of recov-
ering RR in open spaces and through walls, achieving a correct de-
tection rate of 95% [59]. Regev et al. further improved accuracy by
fusing UWB radar signals with data from an RGB camera, resulting
in a maximum error of 0.5 brpm when testing on 14 sitting partici-
pants [147]. Li et al. explored another method by using two radar
modules (DWM1000, Qorvo) to recover RR from sitting subjects at
different positions in a room. They investigated two approaches for
computing the respiration signal from reflections at different spatial
distances and concluded that a linear combination of reflections from
multiple spatial distances outperformed selecting reflections solely
from the most probable spatial distance [110]. This linear combina-
tion approach leveraged the advantages of capturing comprehensive
respiratory patterns, thereby enhancing the robustness and accuracy
of RR monitoring in varied environments.

Non-contact systems are typically constrained to stationary settings
indoors. Our method, by contrast, is designed for real-world scenar-
ios where individuals may be engaged in physical activities and not
constrained to a previously equipped environment.

2.4.3.2 Contact-based RR monitoring with UWB radar

Pitella et al. explored single-point-of-contact antennas placed on the
chest to capture individual UWB pulses reflected by the human body,
concluding that the reflected signal changes with the respiration
phase [137]. Building on this, they investigated various signal pro-
cessing techniques for extracting RR from in-body reflected pulses,
finding that mean subtraction offered favorable accuracy and fast pro-
cessing [138]. Notably, their UWB radar setup could detect RR even
during arm movement, unlike a piezoelectric belt which picked up
the arm movement rate. However, their setup involved a vector net-
work analyzer, making it non-wearable. Schires et al. optimized UWB

antennas to maximize power transmission into the human body by
embedding the antennas in the backrest of a car seat, recovering RR

from phase variations in the reflected pulse [158]. Culjak et al. intro-
duced a two-point-of-contact wearable RR monitoring system, posi-
tioning one radar module (DWM1000, Qorvo) on the front and an-
other on the back of the thorax [49], using the CIR as input similar
to Li et al. [110]. They employed mean subtraction to eliminate static
components and applied a bandpass filter to the band of possible
respiration frequencies in slow time. For each slow-time CIR, they
identified the first four extrema in fast time and computed the dif-
ference in slow time between those fast time indexes, finally using
an Fast Fourier transform (FFT) to identify the dominant frequency.
They reported a relative error of 10% of the RR in the optimal con-
figuration [49]. They later achieved a root mean squared error below
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0.2 brpm using two data fusion algorithms—naive Bayes inference and
Kalman filtering—to fuse UWB signals with accelerometer data [48].



3
D E S I G N O F A S E N S I N G P L AT F O R M

The acquisition of long-term recordings of synchronized, raw vital
data from multiple on-body locations is crucial in work that investi-
gates phenomena for which multiple sensing modalities are relevant.
Fields of application range from affective computing, and stress mon-
itoring to comprehensive sleep monitoring and detailed motion track-
ing. Commonly, this is only possible in controlled environments with
extensive equipment. Taking this principle to low-power wearable de-
vices, we introduce a sensing platform consisting of multiple sensor
nodes. Each node is a multi-sensor wearable health device that can
be attached to any body location. The devices autonomously record
synchronous high-quality sensor data without the need for user inter-
action and with a battery life of multiple days despite a small form
factor.

3.1 overview

Live monitoring of vital signals as well as the analysis of long-term
recordings is crucial to modern healthcare and research in fields such
as affective computing [10], stress monitoring [154], sleep monitor-
ing [102], or motion tracking [169]. Assessing such complex mea-
sures often requires extensive data recordings of multiple modalities
per person logged over several hours or days. To support modern
data analysis based on Machine Learning (ML) downstream optimally,
the data should be continuous, of high resolution and synchronized
across modalities and recording devices [57]. While the acquisition of
such data may be technically easy in controlled environments, it is a
natural goal to transfer these analyses into everyday situations out-
side of controlled environments to ultimately make them accessible
to everyone. Therefore, we need scalable solutions for health moni-
toring and long-term data acquisition which is relevant to assess a
person’s health [64] where the general mantra is: more data is bet-
ter (big data) [67, 140]. In the commercial space, devices such as the
Apple Watch [7] monitor comparable sets of modalities and further
amplify the relevance of this trend. Commercial manufacturers do not
limit their line-up to single devices but build whole ecosystems, inte-
grating wearables, phones, laptops, and other specialized monitoring
devices such as bike computers. The main focus of these devices is the
monitoring of vital signals and directly derived measures such as HR,
HRV, RR, Blood Pressure (BP), or SpO2 while optimizing for long bat-
tery life. The data acquisition usually includes compressed sensing

15
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ba c

Figure 1: Our sensing platform enables the use of multiple sensing de-
vices simultaneously. The custom electronics of each device are
integrated into a 3D-printed enclosure along with the battery (a).
Thanks to adjustable straps of various lengths, the devices can be
placed in any body location. The proposed on-body placements
include the wrists, ankles, forehead, and sternum (b). The device
can be connected to gel-electrodes to record reliable Lead I ECG (c).

and on-board processing to reduce power consumption [13] which
results in black box-type data available from most commercial de-
vices and research devices which interrupt the recording regularly to
save energy [197]. However, for research on complex-to-measure phe-
nomena including affective computing, stress, comprehensive sleep
monitoring, and detailed activity tracking, high-quality, continuous,
and synchronized data from multiple body locations is necessary [44,
182, 186, 191]. However, this comes with the challenge of reduced bat-
tery life and throughput problems for low-power communications.
We therefore present a device for the acquisition of continuous, syn-
chronized high-quality data for research and development purposes
including PPG, ECG, IMU, Electrodermal Activity (EDA), Environmen-
tal data, and Breathing. Since data streaming is energy costly and a
point of failure, especially in outdoor settings involving movement,
our approach is to both stream the data as far as required by the
application (battery-life, bandwidth trade-off) and store it at full res-
olution and sampling rate on-board to be later fed into a database for
further analysis. This enables both live monitoring applications and
modern data analysis such as ML which benefits from large amounts
of raw data.

3.2 system architecture

The proposed system consists of three main components:
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Figure 2: Top and bottom sides of the electronics of our custom wearable de-
vice, which measures 23 mm × 22 mm. Components: (a) ADXL355,
high-resolution accelerometer, (b) LIS2DH, low-cost accelerome-
ter, (c) power switch, (d) DA14695 extension connector, used for
synchronization ground truth, (e) CR2032 battery, (f) Real-Time
Clock (RTC) quartz crystal, (g) DA14695 System-on-a-Chip, (h)
TH58CYG3S0HRAIJ 8 Gb flash memory, (i) BME280 barometric
pressure sensor.

• Multiple distributed wearable sensing devices worn by one or
more people simultaneously

• A BLE connected smartphone for live monitoring, time synchro-
nization, and data streaming (gateway)

• A database backend with a full-resolution data option enabled
by wired download when a device is connected to a PC

3.2.1 Connectivity

For the best data quality combined with full live monitoring capabili-
ties and low power consumption, we combine both BLE live streaming
and wired data download after the recording. While theoretically, BLE

achieves a throughput of well over 500 kbps this can be severely re-
duced in both indoor and outdoor settings, especially with no line of
sight, to less than 1 % of the theoretical maximum value [95]. There-
fore it is not possible to reliably stream all the sensor data from our
nodes at full raw resolution. Beyond this limitation, we reduce the live
streaming to what is necessary for the specific application as it has a
significant impact on power consumption and, hence, battery life. The
live-streamed data is both down-sampled in frequency to 30 Hz and
the resolution reduced to at most 16 bits per sensor. For the ECG sig-
nal, the downsampling is performed such that the maximum ampli-
tude of the R-Peak is preserved: In case a dominant local maximum is
present in the original signal, the downsampling process propagates
it to the lower sampling-rate signal instead of averaging over mul-
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Figure 3: Each sensor node consists of a main Printed Circuit Board (PCB)
which contains memory, processing unit, and sensing chips. The
PPG sensing module is on a separate board to enable the place-
ment closer to the skin. It connects through an Flexible Printed
Circuit (FPC) cable to the main board. Optionally, ECG electrodes,
a breathing belt, and EDA electrodes can be connected to the main
board.

tiple samples. The BLE streaming contains 3 samples per sensor per
transmission to reduce the number of transmissions per sensor and
to simplify the interplay with the First In, First Out (FIFO) burst reads
which are performed for most sensors. At the same time, the sensor
data is collected in blocks equal to the flash page size, encrypted us-
ing Advanced Encryption Standard (AES)-256, and stored in the flash
memory for later download. At the time of download over USB, the
data is streamed page by page to a host computer, using check-sums
to detect transmission errors. The data is then decoded and stored in
the database for later analysis.

3.2.2 Node platform

The node platform is built around a low-power System-on-chip (SoC)
(DA14695, Renesas) which runs FreeRTOS and handles BLE commu-
nication, power management, analog-digital conversion, communica-
tion with digital sensors and flash memory, USB communication, and
timekeeping. Using the Serial Peripheral Interface (SPI) interface, data
from digital sensors is read based on timer interrupts on a round-
robin basis and both streamed through BLE and stored in an 8 Gbit
NAND flash (TH58CYG3S0HRAIJ, Kioxia). This is in contrast to typ-
ical approaches where sensors trigger read operations by the SoC us-
ing interrupts and it dramatically reduces the number of interrupts in
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the system, simplifying hardware connections and reducing the num-
ber of context switches by the SoC. However, this approach requires
guaranteed time-based readouts before sensor FIFO buffers overflow
to avoid data loss. Therefore the temporal spacing of the readout pro-
cedure has to be shorter than the fastest possible time any sensor
takes to fill its FIFO buffer. On the SoC, the data is buffered in RAM
and written in blocks equal to the page size of the flash memory chip.
This prevents the need for page modification operations in the flash
during the runtime of the node. This is important as they require
power-costly erase and multiple write operations.

The RTC of the SoC relies on a 32.768 kHz external quartz crystal
(ECS-.327-7-16-C-TR, ECS Inc. International [91], Figure 2f) with a tol-
erance of ±20ppm. The SoC receives timestamps for synchronization
through BLE for which the standardized current time service standard
of BLE is implemented. For higher accuracy, an additional BLE time
service is available which supports the transmission of one more byte
to increase the sub-second accuracy from 1/256 seconds to 1/65536

seconds. The first timestamp received through BLE is used to set the
RTC of the SoC. Subsequent received timestamps are used to keep
track of clock skew (See Section 4.2.2). However, these timestamps
are not used to set the RTC register. Instead, the clock offset is com-
puted and logged both in the flash memory alongside the sensor data
and in a globally available variable. This is done to avoid possible jit-
ter effects caused by modifying the RTC state while still preserving
the ability to resample sensor data to perfectly match sampling rates
based on real-world time.

3.2.2.1 Power

The node is designed to be run on a CR2032 coin cell battery. While
the device also supports rechargeable lithium batteries, the use of
CR2032 is an additional safety feature as it has a naturally limited
maximum power output and is less prone to overheating. CR2032

coin cell batteries typically have a maximum current rating of 1 mA
(corresponding to 3 mW power draw), and a current draw above this
mark reduces the capacity of the battery. Depending on the number of
activated sensors, our device surpasses this mark which means addi-
tional power consumption has a disproportionally amplified negative
effect on battery life. This highlights the need for low-power design
which was a main focus both when designing hardware and software
to achieve maximum battery life. Energy consumption is dominated
by the power consumption of the sensors and data transmission. To
maximize runtime, sampling rates can be lowered and live streaming
minimized.



20 design of a sensing platform

3.2.2.2 Extension ports

A miniaturized 20-pin extension port within the node enables pro-
gramming, debugging, and data downloading as well as connecting
additional sensors both digital and analog. Moreover, the device can
receive synchronization signals through the port in an application
where exact time synchronization beyond the accuracy of BLE-based
synchronization between devices is needed. The accuracy of wire-
based synchronization is determined by the clock cycle of the RTC-
clock of 32.768 kHz which results in a synchronization tolerance of
31µs. This capability is important to the key goal of the device to
collect highly time-synchronized data. Additionally, there is a 9-pin
FPC connector aimed at providing an optimal interface for PPG sen-
sor modules which for physical alignment reasons are usually kept
on a separate shuttle board. Both extension connectors provide 1.8V,
direct battery voltage, and 3.3V which is suitable to run most digital
and analog sensors.

3.2.3 Sensors

We built the node to be compatible with most modern analog and dig-
ital sensors. Digital sensors are read through SPI or Inter-Integrated
Circuit (I2C) bus communication and operate in FIFO mode unless the
sampling rate is low enough so that single sample read-outs are pos-
sible without excessive interrupt regularity (e.g., for environmental
sensors). In our application, we included the following sensors:

• ECG (MAX30003, Analog Devices)

• 3-channel PPG (analog front-end: MAX86141, Analog Devices;
optical module: SFH7072, ams-OSRAM)

• High-resolution accelerometer (ADXL355, Analog Devices)

• Standard-resolution Accelerometer (LIS2DH, STMicroelectron-
ics)

• Electrodermal activity (analog circuit)

• Respiratory Belt (analog circuit)

• Temperature, Air pressure, Humidity (BME280, Bosch Sen-
sortec)

• Extension possibility 1: Gyroscope sensor adapter (IIM-42652,
InvenSense)

• Extension possibility 2: Two more accelerometers (LIS2DH,
STMicroelectronics) on a flex PCB.
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3.2.3.1 Sampling Synchronization

To enable sample-by-sample time synchronization, the SoC provides
128 Hz and 32768 Hz synchronization clocks which are both derived
from the RTC quartz and therefore synchronized with the internal
system time of the SoC. These clocks are used on all sensor chips
that support external clocks, resulting in data that is perfectly syn-
chronized with the system time of the device. Compared to a perfect
time reference, this reduces the sample rate tolerance from approxi-
mately ±2% of the internal sensor clock [119] by a factor of 100 to the
tolerance of the used quartz (ECS-.327-7-16-C-TR, ECS Inc., ±20ppm
tolerance [145]).

Since Analog-to-Digital Converter (ADC) readouts are triggered
based on the same clock, both digital and analog sensor readings
are consistently synchronous. Digital sensors with no support for ex-
ternal clocks (e.g., the LIS2DH accelerometer) sample on their own
internal clock. Deviations in sampling rate due to clock tolerances
can be corrected in post-processing based on the RTC timestamps of
the FIFO readouts of the sensor. This setup guarantees synchroniza-
tion for the different sensing modalities acquired by a single device.

3.2.4 Data Management

The path of the sensor data is as follows: Upon its creation, it is cached
in the FIFO buffer of the sensor from where it is read by the SoC of the
device regularly. If streaming is activated for the given sensor, the rel-
evant samples are queued for BLE streaming at this stage. Typically,
this is only done for every nth sample resulting in a downsampling
effect to reduce power consumption and avoid the bandwidth lim-
itations of the radio transmission. Independently, all sensor data is
stored in the volatile RAM of the SoC until enough data is accumu-
lated to fill a complete page in the non-volatile NAND-flash memory
chip (this is typically in the range of several 1000 Bytes). As soon as
this is the case, the data is encrypted and stored in the flash and never
modified thereafter. When the device is connected to a host computer,
an image of the contents of the flash memory chip is transmitted in
a page-by-page manner until a full copy of the data is on the host
machine. From there it can be decrypted and saved in any secured
storage medium such as a database.

3.2.4.1 Data Format

Upon reading data from the sensor FIFO buffer, it is reformatted into
a package as shown in Figure 4 which contains a header and a body
containing the data from a single FIFO readout. The header contains
4 bytes by default:
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Figure 4: The package structure used for sensing and logging data on the
node platform.

• Byte 0 is a arbitrarily chosen bit-pattern p ∈ [1, 254] marking the
start of every package. Wherever p occurs in the rest of the pack-
age, it is escaped by another arbitrarily chosen escape sequence
s ∈ [1, 254], s ̸= p. Regular occurrences of the escape sequence s

are always escaped using itself s. This approach guarantees that
every package uniquely starts with an unescaped occurrence of
p. For maximum memory efficiency, p and s should be chosen
such that they do not naturally occur in the sensor data at a
high rate.

• Byte 1 is a sensor ID id ∈ [0, 254] \p, s. Each sensor ID defines
the format of the payload data (see below). While p and s could
be used as sensor IDs, it should be avoided to cause memory
inefficiencies due to excessive escaping. id = 255 is reserved for
applications where more than 253 sensor IDs are needed. In this
scenario, the first byte of the payload serves to extend the sensor
ID. By recursively using this method, any number of sensor
IDs can be accommodated. For maximum memory efficiency,
low sensor IDs should be assigned to regularly occurring data
patterns.

• Byte 2 is a timestamp offset. See the explanation below.

• Byte 3 is the payload length in bytes

The body of the package contains bytes representing the samples of
the sensor concatenated to remove bits with no information. E.g., 4

samples of a sensor with 13-bit resolution result in a payload of 7

Bytes where only the last 4 bits of the last byte contain no informa-
tion. The information about the resolution of the sensor data and
whether it is signed or unsigned data is associated with the sensor
ID. In scenarios where a sensor can be configured to sample at vari-
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ous resolutions, each possible sensor resolution is assigned a separate
sensor ID.

The RTC timestamp is also logged on a regular basis using the same
package format. All other packages only contain a timestamp offset
to the last logged RTC timestamp which reduces memory usage. Log-
ging of configuration details and runtime errors can also be logged
using the same system by assigning each category a sensor ID and in
case of unstructured data, the payload can be filled with American
Standard Code for Information Interchange (ASCII) encoded strings.

3.2.5 Scalability

The system is designed to be scalable. Sensing devices can host more
sensors by using the extension connector or modifying the PCB de-
sign. Live streaming and monitoring is limited by the maximum
throughput of the BLE connection which depends on the used phone.
Having one monitoring device (such as a phone) connecting to all
sensing devices cannot be scalable by definition. Taking this into ac-
count, our system allows for multiple monitoring devices to be used
as long as each sensing node is only connected to one monitoring
device. Thanks to the full-resolution data logging in flash memory,
post-measurement data download and processing are not affected by
possible live-streaming interruptions or bottlenecks making the sens-
ing system more resilient.

3.2.6 Encasing

We created a 3D-printed case for the sensor nodes that comprises an
insert to house all the electronics and the battery as well as an outer
casing with a strap for wear as shown in Figure 1a. The case supports
different straps to support wear at different locations on the body.
It is splash-resistant to protect the electronics from outside humidity
and sweat.

3.3 power consumption

In Table 1 we provide an overview of the marginal power consump-
tion of various sensors and features of our sensing device. Power
consumption for each sensor includes the overhead of writing the
produced data to flash memory but not for BLE data streaming. The
PPG sensor is the most power costly sensor at 1.72 mW for 3 different
wavelength channels sampled at 128 Hz. The power consumption is
mainly driven by the LED supply current. We minimized the power
consumption by reducing the time of exposure and LED brightness
and increasing photodiode sensitivity. The power consumption of all
other sensors is below 1 mW. Besides the sensors, active BLE data
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Table 1: Measured marginal power consumption of sensors and data stream-
ing

Functionality / Sensor Hz mW

high-res IMU (ADXL355) 128 0.60

standard IMU (LIS2DH) 200 0.27

ECG (MAX30003) 128 0.49

1-ch PPG (MAX86141) 128 0.90

3-ch PPG (MAX86141) 128 1.72

Environmental (BME280) 10 0.62

Breathing (ADC) 10 0.24

EDA (ADC) 10 0.24

BLE (status, not connected) - 0.23

BLE (status, connected) - 0.44

BLE (active streaming 1.92 kb/s) - 1.46

streaming is costly. This finding supports our design philosophy of re-
ducing data streaming to the application-specific possible minimum.

3.4 conclusion

In this chapter, we introduced the design and implementation of
a scalable, multi-sensor wearable sensing platform aimed at high-
quality physiological monitoring. The platform enables synchronized
data acquisition across multiple body locations over long periods of
time thanks to a focus on power efficiency.

The proposed system architecture allows for both real-time moni-
toring and high-resolution offline data analysis, making it suitable for
data acquisition in applications including health and motion moni-
toring. The modular design, including extension ports and flexible
sensor configurations, ensures adaptability for various applications.

In summary, this sensing platform enables long-term physiological
and motion monitoring outside controlled laboratory settings with-
out the need for any user interactions.
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O F F L I N E S Y N C H R O N I Z AT I O N

A requirement of cross-modal signal processing is accurate signal
alignment. Though simple on a single device, accurate signal syn-
chronization becomes challenging as soon as multiple devices are in-
volved, such as during activity monitoring, health tracking, or motion
capture—particularly outside controlled scenarios where data collec-
tion must be standalone, low-power, and support long runtimes.

In this chapter, we present a synchronization method that operates
purely based on recorded signals and is thus suitable for offline pro-
cessing: BMAR (Barometric and Motion-based Alignment and Refine-
ment). BMAR needs no wireless communication between devices dur-
ing runtime and does not require any specific user input, action, or be-
havior. BMAR operates on the data from devices worn by the same per-
son that record barometric pressure and acceleration—inexpensive,
low-power, and thus commonly included sensors in today’s wear-
able devices. In its first stage, BMAR verifies that two recordings were
acquired simultaneously and pre-aligns all data traces. In a second
stage, BMAR refines the alignment using acceleration measurements
while accounting for clock skew between devices. In our evaluation,
three to five body-worn devices recorded signals from the wearer for
up to ten hours during a series of activities. BMAR synchronized all
signal recordings with a median error of 33.4 ms and reliably rejected
non-overlapping signal traces. The worst-case activity was sleeping,
where BMAR second stage could not exploit motion for refinement
and, thus, aligned traces with a median error of 3.06 s.

4.1 overview

Technological advances have led to a fast increase in the miniaturiza-
tion of wearable technology, giving rise to many devices that can be
worn throughout the day [25].

Among the main uses of wearable devices are activity tracking [4,
36, 50, 81, 94, 116, 176] and health monitoring [5, 27, 94, 122, 176, 205].
Both these types of devices incorporate multiple sensors that gener-
ate large amounts of time-dependent data that they must process in
real-time, store, or transmit to another device. Oftentimes, the data is
processed online to reduce storage or transmission requirements.

When raw recordings obtained on wearable devices are important,
however, continuous data streaming places a large toll on battery
power, and storing all data for offline processing is preferable. This
is especially true of data collection experiments that enable later re-

25
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Figure 5: BMAR is a novel method to synchronize and align signals across
devices without the need for specific user input, action, or explicit
synchronization through wired or wireless communication (e.g.,
WiFi or BLE). BMAR is capable of synchronizing (a) independently
recorded signals after the fact by (b) first pre-aligning recordings
using air pressure as an inexpensive sensing modality that simul-
taneously allows us to reject non-simultaneous recordings. (c) In
a second step, BMAR produces a refined signal alignment across
sensor devices by cross-correlating accelerometer observations.

search efforts [30]. Beyond the sensor data collected by one device,
data collections commonly include multiple wearable devices, either
worn by one individual or across individuals, such that the collected
records can later be combined for joint analysis [133]. To analyze data
series stored across multiple devices, accurate temporal data synchro-
nization is an essential requirement. Wearable sensing devices usually
associate measurements with timestamps, for example, derived from
an onboard RTC. Since timekeeping typically relies on a crystal oscil-
lator with an accuracy of 10–100 ppm [180], the clocks between two
devices may deviate by several seconds after hours of runtime, even
if they matched at one point. Repeated synchronization is therefore
essential for accurate data processing at a later point.

A common approach to cross-device time synchronization is us-
ing a central reference for timekeeping. The GPS is a popular choice
because it synchronizes time at an accuracy of typically 10 ns [52]
which exceeds that of an RTC and is only limited by hardware capabil-
ities [113]. However, GPS signals are not reliable in locations with no
clear view of the sky and the receiver’s power consumption of several
milliwatts renders them little suitable for repeated synchronization
in low-power applications. Therefore, many wearables rely on a WSN

that implements an online synchronization algorithm. While there are
no established standards in WSN synchronization, multiple commonly
used wireless synchronization protocols exist, including the Timing-
Sync Protocol for Sensor Networks (TPSNs) [73], the Flood Time Syn-
chronization Protocol (FTSP) [123], and Reference Broadcast Synchro-
nization (RBS) [65]. However, all these approaches are designed and
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optimized for accuracy and are not suitable for very low-power ap-
plications [121].

A recent trend in low-power systems has been in time synchro-
nization that optimizes for power consumption and thus limits com-
munication and the amount of online processing [30]. For example,
Makara, Tsybul’nyk, and Kurnyts’kyi’s synchronization protocol tol-
erates average time discrepancies of 10 ms, enabling two individual
wearable devices to regularly exchange timestamps through BLE at an
average power consumption of just 133µW [121]. In contrast, many
other efforts have opted to perform data synchronization entirely of-
fline and based on measurement data alone, which is useful for lon-
gitudinal in-the-wild collections. Spilz and Munz and Gilbert et al.’s
methods build on magnetometer recordings to detect a predefined
event for clock synchronization [80, 170], leveraging electromagnets
built into a tray on which the devices are placed. In many applica-
tions, such as wearable health sensing or collections of activity data,
synchronization is particularly needed when devices are worn by the
same person to obtain a coherent dataset for each wearer. For this use
case, researchers have also synchronized data series passively, detect-
ing pre-defined events in the signals from IMUs for synchronization,
such as clapping [164] or footsteps [14].

Following from previous efforts in this domain, several key chal-
lenges exist for passively synchronizing data series offline: Synchro-
nization must be able to detect whether or not two data series were
recorded at the same time as a prerequisite. Synchronization cannot
rely on pre-defined activities or events that are required to be per-
formed by a person one or more times. Synchronization cannot as-
sume unique events to be present inside all data series that passively
afford accurate alignment. Synchronization must ensure that data se-
ries are aligned with a global optimum, particularly in the presence
of events that manifest in periodic patterns, such as walking, running,
or cycling, and that can lead to locally optimal but overall inaccurate
alignment.

In this chapter, we introduce BMAR, a novel offline synchronization
method for devices worn by one person. BMAR requires no explicit in-
put from users and accurately aligns cross-sensor signal traces with-
out requiring users to perform particular motions or activities.

4.1.1 Offline Signal Synchronization across Body-worn Devices

As shown in Figure 5, BMAR synchronizes signal traces individually
recorded by wearable devices by aligning them in two stages: a pre-
alignment based on air pressure observations and a refinement step
that processes accelerometer observations.

In Stage 1, BMAR derives a pre-alignment of signal traces based
on air-pressure observations. We simultaneously leverage these mea-
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surements for the rejection of non-concurrent recordings. Both are
possible because air pressure recordings are unique over time but
near-identical across all devices worn on the same body. Barometers
are inexpensive, small, very low-power, and not affected by motion
artifacts, ideally suited for this scenario on wearable devices.

In Stage 2, BMAR refines alignment based on accelerometer mea-
surements. Building on our pre-alignment to ensure globally optimal
alignment, BMAR produces a refined alignment by cross-correlating
accelerometer recordings. We compute these for patches of data,
which makes our method more robust to short-term misalignments
and accounts for clock skew between devices. Accelerometers are
ubiquitous in wearable devices thanks to the versatility of their
recordings, their low cost, and low power consumption. The distinct
high-frequency events in motion across all on-body locations that
these sensors observe are ideal for optimizing BMAR pre-alignment
to reduce the alignment error.

To evaluate the effectiveness of our method, we conducted 10 ses-
sions of data collection on 7 separate days. In each session, between 3

and 5 wearable devices recorded data from the same participant for
up to 10 hours, resulting in 328 hours of total device runtime. The par-
ticipant performed one of 3 activities: office work, cycling, or skiing to
include a variety of lower and higher-intensity motions. In addition,
we included sleep as a 4th activity to verify how well our method
performs on recordings with little to no motion.

Our results showed that BMAR synchronizes signals with a median
error of less than 40 ms during sessions with activity. This is well be-
low the period of human activity and physiological signals [43, 118],
setting our method up as a suitable complement to the increasing
data monitoring efforts on multi-device platforms.

As part of BMAR, we make the following contributions:

1. BMAR, a novel method for signal synchronization that processes
recordings offline through a pre-alignment and refinement stage,
without relying on assumptions about signal content (e.g., specific
actions or user input during recording).

2. Particular support for (wearable) low-power platforms, requiring
no wireless connectivity or communication during operation, and
leveraging only commonplace air pressure and accelerometer mea-
surements.

3. An evaluation of our method across 3–5 custom-built wearable de-
vices (with a high-resolution and a low-resolution sensor) across
4 activities against ground-truth measurements. During activities
with human motion, our method aligned data traces with a me-
dian error of 33.4 ms, whereas this error was 3 s during activities
without motion (sleep). Our method also reliably detected and re-
jected recordings that were not acquired concurrently.



4.2 problem definition and background on signal alignment 29

0

1

0.0 0.1 0.2 0.3 0.4 0.5
length of recording (h)

725

750

775

pr
es

su
re

 (h
Pa

)
ob

je
ct

ive
 

fu
nc

tio
n

abs
xcor
xcov

Figure 6: Example of aligning a short signal (top, orange) with a longer one
(top, gray) based on cross-correlation which results in an objec-
tive function (bottom, orange) that is at its maximum where the
longer signal is maximal. Similarly, the cross-covariance results
in an alignment with the section of the longer signal that is the
steepest (red). For ’slow’ signals such as ambient pressure, align-
ment based on the sample-by-sample signal delta is better suited
(green).

4.2 problem definition and background on signal

alignment

We now discuss preliminary considerations for our proposed method
for synchronizing data series as well as the challenges involved.

4.2.1 Temporal Alignment of Discrete Finite Signals

The problem we are addressing is specified as follows: Given are dis-
crete sensor recordings from two independent devices D1 and D2

which were acquired with temporal overlap but may be of varying du-
ration. A recording always comprises traces of barometer, accelerom-
eter, and optionally other sensors. The goal is to temporally align the
two recordings based on the similarities in measurements contained
in the sensor traces. We utilize a mixture of methods based on cross-
correlation, cross-covariance, and signal delta.

4.2.1.1 Cross-correlation and Cross-covariance to Align Discrete Finite
Signals

The approximation of the cross-correlation Rfg of two signals f and g

of finite lengths Nf and Ng can be used to determine the best align-
ment of the two functions by finding the lag m0 of g that maximizes
Rfg:

Rfg[m] =
1

l[m]

min(Nf−1,Ng−m−1)∑
n=max(0,−m)

f[n]g[n+m].
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Here, the result is scaled relative to the length l[m] of the overlap
of the two signals:

l[m] = min(Nf,Ng −m) −max(0,−m).

The quality of this approximation decreases at the edges with
shorter window lengths l when m is close to Ng or −Nf. The cross-
correlation is commonly used to align data series such as gyroscope
measurements [164] or accelerometer measurements [53], but it does
not work well for all signal types. Most notably, signals with a charac-
teristic timescale that is longer than the duration of the computation
window (i.e., contain few distinct swings within the computation win-
dow) are prone to misalignment [187]. An example of misalignment
in such a scenario is shown in Figure 6.

In some cases, this issue can be resolved by subtracting the mean
values µf′ and µg′ from the respective signals prior to multiplication.
The resulting formula is an approximation of the cross-covariance of
the two signals:

Rfg[m] =
1

l[m]

min(Nf−1,Ng−m−1)∑
n=max(0,−m)

(f[n] − µf)(g[n+m] − µg)

However, there are still scenarios in the realm of slow sensing
modalities that are misaligned when using this formula for trace
alignment as shown in Figure 6.

4.2.1.2 Signal Delta to Align Discrete Finite Signals

To align sensor signals with a long characteristic timescale in scenar-
ios where the sensors have recorded the same underlying signal at
the same time bar the impact of sensing tolerance (as is the case for
air pressure measurements), the point-by-point difference of the sig-
nals can be analyzed. Considering the same two signals f and g of
finite lengths Nf and Ng and the overlapping length l[m] as before, a
loss function, say L, can be formulated as follows:

L[m] =
1

l[m]

min(Nf−1,Ng−m−1)∑
n=max(0,−m)

Lδ(f[n] − g[n+m])

Where Lδ is the Huber loss function which reduces the sensitivity
to measured outliers:

Lδ(x) =

{
x2

2 , |x| ⩽ δ

δ(|x|− δ
2), |x| > δ

The resulting loss function L[m] can be minimized to find the lag m0

that aligns the two sensor traces the best. Alternatively, the standard
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deviation of the point-by-point difference of the two signals can be
used as a loss function. This makes it invariant to the mean of the
signal difference and effectively yields a measure of how well two
signals run in parallel:

L[m] =

√√√√√ 1

l[m] − 1

min(Nf−1,Ng−m−1)∑
n=max(0,−m)

|f[n] − g[n+m] − µ|2

where µ is the mean of f[n] − g[n+m]:

µ =
1

l[m]

min(Nf−1,Ng−m−1)∑
n=max(0,−m)

f[n] − g[n+m]

4.2.2 Clock Offset, Drift, and Skew

The difference between two RTCs δ(t) can be characterized in three
components [180]: (1) offset, the constant component of δ(t) caused
by different starting points, (2) skew, the first derivative δ ′(t) which
indicates that one clock is running faster than the other resulting
in a gradual de-synchronization, and (3) drift, the second deriva-
tive δ ′′(t) which is the variation in skew. This terminology is con-
sistent with previous definitions as used by Mills [126] and Sun-
dararaman, Buy, and Kshemkalyani [177]. For RTCs that rely on
quartz crystals, clock drift is mainly caused by the temperature de-
pendence of the latter which is typically characterized as Err(T) =

0.036ppm · (T − 25◦C) [180]. This results in only minor clock drift for
temperature differences commonly experienced by two wearable de-
vices. Therefore, we assume clock drift to be 0 and de-synchronization
effects to be linear between devices in our considerations, similar to
related work [167].

4.2.3 Measurement Errors of Air Pressure Sensors

Air pressure measurements are subject to sensor tolerances. The re-
sulting error can be characterized by an absolute accuracy (i.e., the
absolute difference to ground truth) and a relative accuracy (i.e., the
accuracy of the delta between two measurements by the same sensor).
For commercially available barometric pressure sensors, the absolute
accuracy is usually about an order of magnitude larger than the rel-
ative accuracy [90, 162, 163]. Therefore, BMAR uses absolute measure-
ments to reject non-simultaneous measurements only and relies on
relative measurements for trace alignment.
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4.2.4 Ensuring within-device Sensor Synchronization

In offline settings, the RTC of a device does not provide absolute time
information which could be used for cross-device synchronization
but instead keeps track of the runtime since starting the device more
accurately than internal sensor clocks would. With typical tolerances
in the order of several percent, sensor clocks are not suitable to be
used for timekeeping. Hence, a prerequisite for the alignment of mul-
tiple sensor traces across devices is the synchronization of traces with
the RTC within each device.

4.2.4.1 Alignment Offsets Due to Sensor Startup Latency

Starting each sensor of one device at a known RTC timestamp does
not guarantee synchronization. This is due to differences between the
latency of each sensor for activation and starting the acquisition of
its first sample. Because this latency is not commonly specified in
the datasheet, it can usually not be compensated for without exten-
sive calibration measurements. However, assuming that this latency
is constant for a specific sensor type and only data from the same
sensor type is compared across devices, the latencies cancel out and
have no negative impact on the resulting synchronization results.

4.2.4.2 Synchronized Sampling

When sensors support external triggering, the RTC can be used to
directly initiate measurements. This keeps sensor data traces perfectly
synchronized with the RTC over arbitrarily long periods of runtime. In
systems where sensors do not support external triggers from the RTC,
sensors must rely on their internal clocks. In this case, the relative
error in the sampling rate requires compensation.

4.3 bmar : method design for offline signal synchro-
nization

Optimal data synchronization across multiple wearable devices worn
by a single person requires patterns in the data that are unique over
time and do not depend on the body location where the device is
worn. The presence of such patterns depends on user behavior and
sensing modality.

Therefore, BMAR builds on barometric pressure sensors, which ob-
serve changes in the environment that affect all worn devices to a
similar extent. This causes the individual on-body location of a sensor
to manifest in a negligible amount and does not require our method
to rely on specific user actions or activities. Barometric pressure sen-
sors are inexpensive, low-power, and are commonly built into wear-
able devices. The signal they measure is influenced by changes in
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Figure 7: Approximations of the same tlag(t) with different nwin for two
pairs of recordings. (a) Fewer windows lead to fewer outliers and
a more accurate approximation for these recordings. (b) More win-
dows lead to a reduction in alignment error for these recordings.

the altitude above sea level (e.g., walking up or down stairs, taking
elevators, or performing any other motion not in a flat plane), me-
teorological changes in atmospheric pressure, or changes in ambient
pressure caused by the immediate environment (e.g., opening a door
of a closed room or car).

Our method aligns the data recorded by any two independent de-
vices D1 and D2 or rejects the alignment in case it determines that
the devices were not running at the same time or worn by the same
person. The goal of this process is to determine the lag time tlag(t)

of D2 compared to D1. tlag(t) itself is time-dependent due to RTC

tolerances in D1 and D2 but is assumed to be linear.

4.3.1 Rejection of Non-simultaneous Measurements

The nature of air pressure measurements allows the rejection of two
data traces that were not recorded at the same time. The difference
of two temporally independent, single-sample air pressure measure-
ments collected in the same location are expected to be normally dis-
tributed X1 − X2 ∼ N(0, 2σ2) with σ2 being the variance of indepen-
dent air pressure samples for the specific location. The probability
of correct rejection of two such measurements can be calculated as
follows:

prej =
1

2σ
√
Π

∫2A
−2A

e
− x2

4σ2

Where ±A is the range of the absolute accuracy of each baromet-
ric pressure sensor. When inserting real-world values such as σ =

928 Pa [33] and A = 100 Pa [162], the probability of correct rejection
is 0.83. Using multiple measurements over time and incorporating a
distribution over altitude above sea level, this probability is expected
to increase. Here, the sensor accuracy is assumed to have strict lower
and upper bounds and thus the rate of false rejection is zero when
setting the acceptance tolerance to the same boundaries. Modeling
the sensor accuracy as a normal distribution leads to the expected
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trade-off of minimizing false positives versus false negatives, how-
ever, specifications in datasheets usually do not provide enough in-
formation for such calculations.

To determine whether two devices D1 and D2 were running at the
same time, we consider the alignment of the air pressure measure-
ment data from both devices that minimizes the mean sample-by-
sample difference and classify them as non-simultaneously recorded
if this value surpasses a threshold.

4.3.2 Stage 1: Air Pressure-based Pre-alignment

BMAR first analyzes air pressure measurement data series to deter-
mine whether D1 and D2 were running at the same time and to find
an approximation tPlag of tlag(t).

Since the error of tPlag is generally larger than the RTC clock skew ef-
fects between D1 and D2, it is computed as a constant value indepen-
dent of time. We developed two algorithms to compute air pressure-
based trace alignment. The delta-error method computes the mean Hu-
ber loss based on the point-by-point difference between two traces for
all possible alignments (Section 4.2.1.2). The lag time corresponding
to the alignment with the minimum mean Huber loss is selected as
tPlag. For this method, the data from both devices is low-pass filtered
to remove noise and normalized to make the alignment invariant to
constant offsets due to absolute sensor accuracy tolerance.

The delta-std method computes the standard deviation of the point-
by-point difference between two traces for all possible alignments
and corresponding lag times. The lag time resulting in the minimum
standard deviation is selected as tPlag. The raw data is used for this
method.

4.3.3 Stage 2: Accelerometer-based Refinement and Optimization

Next, BMAR leverages accelerometer signals to refine tPlag and opti-
mize the alignment. We maximize the cross-correlation of the mag-
nitudes to find the best alignment tAccel

lag (t). To enable the time-
dependent approximation of tlag(t) and to make the algorithm more
robust to time-limited measurements that facilitate misalignment, the
available data trace is split into nwin windows for each of which a lag
time is calculated separately. The result of this is a series of nwin cal-
culated lag times temporally associated with the center point of the
respective window that the original trace was split into. We perform
Ordinary Least Squares (OLS) regression on these lag times and re-
move outliers using the Bonferroni outlier test. This results in a linear
approximation tAccel

lag (t).
The optimal nwin depends on the data. Therefore, we repeat the

computation, starting with nwin = 4 and increase the number of
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windows by a factor of 2 until the window size drops below 1 second
or nwin > 512. The result of this is a set of linear approximations of
tlag(t). We use the r2 adjusted for residual degrees of freedom of the
OLS to select the most promising approximation. This is based on the
assumption that local misalignments within some of the windows
do not appear linear over the whole trace, making r2 an indicator
of alignment quality. Figure 7a shows an example where the linear
approximation with a smaller nwin is more accurate while Figure 7b
shows an example of an alignment where a larger nwin leads to a
better result.

4.4 system implementation of bmar

To implement and evaluate BMAR, we used the sensing platform in-
troduced in Chapter 3.

4.4.1 Sensors

For later pre-aligning of all data series, we use the digital barometric
pressure sensor (BME280, Bosch Sensortec) of the devices. The sen-
sor is operated in forced mode to enable synchronization to the RTC

of the SoC, which triggers a measurement every 100 ms, leading to a
sampling rate of the barometer of 10 Hz. We used no oversampling or
internal Infinite Impulse Response (IIR) filter. As per the datasheet,
the absolute accuracy of the measurements lies within a range of
±1.0hPa (±3σ) and the relative accuracy is ±0.12hPa (±3σ) [162]
which are low-end characteristics compared to pressure sensors cur-
rently available commercially.

For refining synchronization during our optimization stage, we
used the two available accelerometers for comparison. The ADXL355

high-resolution 3-axis digital accelerometer operates in FIFO mode,
receiving triggers for measurements from the RTC of the SoC. This
results in a sampling frequency of 128 Hz. We set the range to ±2 g
at a resolution of 20 bit (4µg/LSB) [56]. The LIS2DH low-cost 3-axis
digital accelerometer also operates in FIFO mode but does not sup-
port external triggers. This accelerometer was configured to sample
at 200 Hz using the internal clock source, at a range of ±2 g and a
resolution of 8 bit (4mg/LSB) [152].

4.4.2 Synchronization

4.4.2.1 Buffered Sampling With Compensation

Since the low-cost accelerometer does not support external measure-
ment triggering from the RTC but relies on its internal clock source,
its measurements require compensation to preserve the synchroniza-
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tion of all sensors within the device. During offline processing, the
expected total data length after each FIFO readout can be calculated
based on the logged RTC timestamps of the readout and the sensor
activation. To account for the latency between sensor activation and
data availability in the FIFO, we calculate the expected length relative
to the first FIFO readout:

lexp(tn) = (tn − t0) · fsensor + l(t0)

With the sampling frequency of the sensor fsensor, the expected
length lexp at the RTC timestamp tn of the nth FIFO readout after the
initial readout at RTC timestamp t0 after which a total of l(t0) sam-
ples were present. Because FIFO readouts are usually not performed
on a perfectly regular basis, a lack of samples after a FIFO read-out
at tn (i.e., l(tn) < lexp(tn)) may automatically be compensated for
by a sample which narrowly slipped into the next FIFO readout. We
account for this by only adding or removing samples to match the
expected length when no inverse operation is necessary in close tem-
poral proximity. This results in a sensor data trace which is synchro-
nized to the device’s RTC with a tolerance of 1/fsensor.

4.4.2.2 Hyperparameters

For the rejection of non-simultaneous traces (Section 4.3.1), we set
the threshold of the mean delta between two traces to the absolute
tolerance of the used barometric pressure sensor of 100 Pa [162], try-
ing to achieve a recall close to 1. Lowering it increases precision and
lowers recall. We use the same value for the δ of the Huber loss in
the delta-error method (Section 4.3.2) such that it only affects rarely
occurring outliers in the measurements. We set the maximum range
of the accelerometer-based refinement (Section 4.3.3) to ±5 seconds. If
the pre-alignment differs more than that, the refinement cannot fully
compensate for it. On the other hand, increasing this range increases
the risk of misalignment caused by this stage.

4.5 evaluation

To quantify the performance of BMAR, we conducted a data recording
experiment during everyday activities, using between 2 and 5 devices
at once with several repetitions. Table 2 shows an overview of the con-
figurations in our evaluation. Since there is no impact of individual
users’ behavior on our method, all recordings were conducted by one
experimenter.

To analyze the performance of our method, we consider pairs of
devices that either did or did not record data at the same time while
worn by the experimenter. This means that if 3 devices were worn
at the same time, we considered them as 3 pairs of simultaneously
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Table 2: For our evaluation, the experimenter recorded data during these
activities, wearing multiple devices at the respective locations on
the body for the given durations. Each activity was repeated two or
more times.

activity # locations runtime rep

sleep 5 head, chest, ankle, wrist 9.9 h 4

work 3 head, chest, ankle 3.8 h 3

cycle 4-5 head, chest, ankle, wrist 1.4 h 2

ski 3 chest, wrist 8.8 h 2

ba

Figure 8: For the evaluation of BMAR, we adapted the sensing platform in-
troduced in Chapter 3. We developed an additional board to con-
nect multiple devices and trigger ground-truth synchronization
events (a). For the evaluation of BMAR, sensors were placed in
6 on-body locations: On the forehead, sternum, wrists, and ankles
(b).

running devices in our evaluation (D1 and D2, D1 and D3, D2 and
D3) and also included pairings of each device with a random device
from another recording which was not acquired at the same time.

4.5.1 Procedure

To capture as many use case scenarios as possible, we acquired data
during various different activities and in multiple on-body device
locations.

4.5.1.1 Locations

As shown in Figure 8c, devices were attached to the following loca-
tions for a recording session: strapped onto the forehead, strapped
onto the sternum, on one of the wrists like a watch, or above one of
the lateral malleoli.
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4.5.1.2 Activities

The experiment included two categories of sessions: active wearer
and passive wearer. For active sessions, the experimenter performed
activities such as cycling, skiing, or office work over the full dura-
tion. For this session type, we collected 31 pairs of device recordings
running at the same time, with an average runtime of 3.73 hours.

For passive sessions, the experimenter remained stationary over
the full duration. We recorded these data during sleep, turning on the
devices after getting into bed and turning them off before exiting. For
this session type, we obtained 40 pairs of devices with simultaneous
recordings and an average runtime of 9.9 hours. Due to the lack of
activities and motion, this session type can be considered a worst-
case baseline for our analysis.

4.5.2 Ground-truth Synchronization

We devised an apparatus to establish repeated ground-truth synchro-
nization across all devices. The experimenter manually attached this
apparatus to all devices at the beginning and the end of each session.
This resulted in two ground-truth synchronization events in our logs
for reference. The apparatus is shown in Figure 8a. It sends a trigger
from a manual, debounced push-button to a digital pin of the SoC

in each device. The tethered connection ensured accurate reference
values without any impact of wireless communication.

To ensure that each device could register the precise moment of
a button press, we used a timer block on the SoC to support more
finely-grained timing resolution between the RTC ticks. The incoming
synchronization signal was logged through the timer’s event capture
functionality, which logs the exact timestamp and triggers an inter-
rupt to process the event. In theory, the accuracy of this mechanism
is limited by our timer clock of 32.768 kHz, which corresponds to a
tolerance of 0.03 ms. However, the tolerance of the timer event trig-
ger capture is not specified by the SoC manufacturer. Hardware lim-
itations (e.g., stray capacitances and tolerances in logic voltage level
detection) may also increase this error.

4.5.2.1 Accuracy of Ground-truth Synchronization

To evaluate the accuracy in practice, we sent multiple synchroniza-
tion signals to all connected devices in short succession within a few
seconds. Assuming no clock skew between the first and last synchro-
nization signal, we compared the alignment of the multiple detected
events on the time axis. Across 349 such synchronization sequences
with 3 signal triggers each, we found a mean error of ME = 1.2ms
(σ = 1.1ms) for a single signal trigger. To improve accuracy in the
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Figure 9: Median alignment error of BMAR’s synchronization. The band de-
notes the range between 10th and 90th percentile.
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Figure 10: Percentage of traces that BMAR correctly aligned with a given
error tolerance.

evaluation, we always used the mean across 3 consecutive signal trig-
gers.

4.5.3 Duration of Recordings

For temporal alignment evaluations, the duration of the recording
has an impact on the results (i.e., the probability of correct temporal
alignment increases with longer recordings). We conducted the eval-
uations considering various different lengths of recordings by crop-
ping recordings to the respective length. If a recording was multiple
times the desired length, we split it and used up to 5 non-overlapping
splits separately. The number of traces for different lengths is shown
in Table 3. When aligning traces, we only cropped or split one of the
two traces and preserved the length of the other trace. We considered
the length of the shorter trace to be the minimum overlapping time
of the two traces to prevent negative effects on the edges. Effectively,
this means we measured the accuracy of aligning a trace of a specific
length to a longer one that overlaps it.

4.5.4 Results

We first report the results of our complete method spanning both air
pressure-based pre-alignment and accelerometer-based refinement.
We then report the results of the rejection of non-simultaneously
recorded data, of pre-alignment, and of refinement separately.
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Table 3: Median alignment error in seconds of the complete synchronization
method. The number of pairs of recordings used is stated in brack-
ets.

length of recording

5 min 10 min 15 min 30 min 1 h ⩾ 6h

active 0.442 (155) 0.074 (155) 0.044 (155) 0.041 (107) 0.028 (73) 0.034 (31)

passive ≫60 (200) ≫60 (200) ≫60 (200) 20.2 (200) 5.42 (200) 3.06 (40)
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Figure 11: Precision and recall rates for BMAR detection of simultaneously
acquired recordings.

4.5.4.1 Overall Synchronization Accuracy

As shown in Figure 9 and Table 3, the synchronization of active ses-
sions achieved a median alignment error of 33.4 ms for recording du-
rations of 15 min and longer, 73.6 ms for durations of 10 min, and
443 ms for durations of 5 min. The synchronization of passive sessions
(i.e., a worst-case baseline without user motion or activity) resulted in
a median alignment error of 3.06 s for recording durations of 6 h and
longer, 5.42 s for durations of 2 h, and 20.2 s for durations of 30 min.
Figure 10 shows the percentage of synchronizations that our method
aligned within a given error tolerance.

We report the errors of unconstrained synchronizations with me-
dian and percentiles because the error of alignment for outliers (i.e.,
failed, effectively random alignments) can be up to four orders of
magnitude larger than the median error of all alignments. The impact
on the mean error and standard deviation makes them less informa-
tive for evaluation.

4.5.4.2 Accuracy of Stage 1: Pressure-based Pre-alignment

In stage 1, air pressure measurements were used to detect non-
simultaneous measurements and do a first trace alignment of simul-
taneously acquired traces.

When using a sensor tolerance of 100 Pa as the threshold for the
maximum mean difference between two traces to detect simultane-
ously recorded air pressure data, we reach a precision and recall of
1.0 for recordings of active sessions that contain at least 35 minutes of
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Figure 12: Median alignment error of BMAR first stage (air pressure-based
pre-alignment). The band denotes the range between the 10th and
90th percentile.

data and recordings of inactive sessions of at least 8 hours of record-
ing time. Figure 11 shows the precision and recall rates for recordings
of different lengths.

These results are based on tests with the barometric pressure sen-
sor recordings of each device Dn both paired with simultaneously
and randomly selected, non-simultaneously recorded data. There is
a trade-off between precision and recall: Lowering the threshold im-
proves precision but lowers recall. However, such a lowered recall
can generally not be compensated for by increasing the duration of
the recording.

Aligning active sessions based on air pressure produced a median
alignment error of 1.14 s for recording durations of 10 min and longer,
1.53 s for durations of 5 min, and 3.8 s for durations of 3 min, as shown
in Figure 12. The synchronization of passive sessions (i.e., our worst-
case baseline) based on air pressure resulted in a median alignment
error of 3.36 s for recording durations of 3 h and longer, 12.4 s for
durations of 1 h, and 25.3 s for durations of 30 min.

Of the two tested alignment methods, the delta-std method per-
formed better than the delta-error method. Across all recording
lengths greater than 0.5 hours (i.e., after initial convergence), the me-
dian alignment error of the delta-std is on average 48 ms lower for
active sessions and 237 ms lower for passive sessions.

4.5.4.3 Accuracy of Stage 2: Accelerometer-based Refinement

Testing the accelerometer-based synchronization refinement in isola-
tion for active sessions and under the assumption of a pre-alignment
tolerance of ±1 s, produced a median alignment error of 32.0 ms for
recording durations of 15 min and longer, 40.6 ms for durations of
5 min, and 218 ms for durations of 1 min, as shown in Figure 13a. The
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Figure 13: Median alignment error after BMAR second stage (accelerometer-
based refinement) for different pre-alignment errors.
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refinement of passive sessions (i.e., worst-case baseline) resulted in a
median alignment error of 274 ms for recording durations of 15 min
and longer, 580 ms for durations of 5 min, and 606 ms for durations
of 1 min. As shown in Figure 13a, the median error increases with
higher pre-alignment tolerances.

We tested the refinement with data from both a high-resolution
accelerometer (ADXL355, Analog Devices) and a standard-resolution
accelerometer (LIS2DH, STMicroelectronics). The high-resolution ac-
celerometer produced better results, yielding an average alignment
error that was 21.5 ms lower when analyzing all recording durations,
which resulted in a median alignment error below 0.1 s.

As shown in Figure 13b, the results we obtained with the standard-
resolution accelerometer for active sessions and under the assump-
tion of a pre-alignment tolerance of ±1 s, produced a median align-
ment error of 44.2 ms for recording durations of 15 min and longer,
71.9 ms for durations of 5 min, and 276 ms for durations of 1 min.

The refinement of passive sessions (i.e., worst-case baseline) based
on the standard-resolution accelerometer resulted in a median align-
ment error of 345 ms for recording durations of 15 min and longer,
685 ms for durations of 5 min, and 703 ms for durations of 1 min.

4.6 discussion, limitations , and future work

Our evaluation confirmed the robustness of our method to detect
recordings that were acquired simultaneously to synchronize data
stemming from multiple wearable devices. The accuracy our method
achieved for recordings during active sessions is high enough to cor-
rectly match each occurrence of fast repetitive events across devices.
This includes the fastest vital sign (i.e., heartbeats of a child at 3.5 Hz)
and fast body motions (i.e., the cadence of a professional sprinter at
4 Hz or the catch rate of the world’s fastest juggler at 9 Hz). Faster
motions by humans usually occur with longer intervals in between,
making cross-device analysis easier. Unsurprisingly, the results were
worse for our baseline recordings, which did not include any activ-
ity other than sleeping. However, given long recordings of multiple
hours, non-simultaneous recordings are still rejected reliably and the
synchronization tolerance reaches 3.06 seconds which may be suffi-
cient for the analysis of changes in sleep position.

4.6.1 The Relevance of Pre-alignment Using Air Pressure Measurements

Due to differences in the motion characteristics across body parts,
IMU data does not lend itself well to aligning data traces without
additional constraints. Using cross-correlation, for example, the re-
sulting objective function exhibits many maxima and trace alignment
without restrictive constraints on the search window or specifically
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performed motions by the wearer is challenging. For a more general,
rough alignment, the use of a sensing modality with a longer charac-
teristic timescale is more effective in producing a cost function that
monotonically converges to a global minimum.

Temperature, perhaps the most commonly logged sensing modal-
ity, does include features common across devices worn in different
body locations. Events like moving from indoors to outdoors with an
abrupt change in ambient temperature could be used for synchroniza-
tion, but they may be attenuated or delayed due to varying thermal
insulation of the devices by clothing.

Air pressure is thus a suitable modality for cross-device synchro-
nization: Air pressure measurements are barely affected by anything
other than the geographical location, time of recording, and sensor
tolerance. The former two are identical for multiple devices worn si-
multaneously.

4.6.2 Impact of Sensor Accuracy

As mentioned in Section 4.5.4.3, our standard-resolution accelerom-
eter performed similarly well as the high-resolution accelerometer
during refinement, indicating that our method does not require an ex-
pensive accelerometer for accurate signal synchronization. The range
of commercially available barometric pressure sensors is smaller com-
pared to accelerometers and the sensor used for the evaluation can be
considered to be at the low end of the spectrum in terms of accuracy:
In the relevant temperature and measurement range, the BME280 we
evaluated BMAR with has an absolute and relative accuracy of ±100Pa

and ±12Pa, respectively [162]. This compares to ±30Pa and ±6Pa

for the recently released BMP581 (Bosch Sensortec) [163] as well as
±50Pa and ±3Pa for the inexpensive SPL07-003 (Goertek Microelec-
tronics Inc.) [90]. This suggests that our results likely generalize to
most available pressure sensors, including inexpensive commodity
barometric pressure sensors.

We expect a better absolute accuracy to improve the rejection of
non-simultaneous recordings and a better relative accuracy to im-
prove the pre-alignment of the recordings. In the future, we plan
to characterize the specific impact of sensor characteristics (accuracy,
sampling rate, resolution, noise, and RTC synchronization) on the syn-
chronization error.

4.6.3 Needed Overlap of Cross-sensor Signal Recordings

In our current design, BMAR aligns signals of a specified duration
l1 to a recording of length l2, which fully contains the former (Sec-
tion 4.5.3). However, our method also works in scenarios where sig-
nals only partially overlap. In these, the effectively smaller overlap de-
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creases the amount of data for calculating synchronization cost and
may lead to a higher risk of misalignment. Considering a minimum
overlap of l ′ ⩽ l1, the expected error is in the range of our evaluation
results for total recording lengths between l1 and l ′.

4.6.4 Limitations of Accelerometer-based Refinements

The improvement in refining synchronization based on accelerometer
signals depends on the signal characteristics. For our method, we
cannot give worst-case guarantees; if recordings contain no events or
asynchronous patterns, our refinement may worsen the result of the
pre-alignment.

To prevent potentially negative effects of our refinement, BMAR

limits the range within which pre-alignment sequences may be re-
fined as part of our synchronization method. Since the loss of the
accelerometer-based alignment does not generally decrease mono-
tonically to a correct global minimum, the refinement may worsen
the result of a pre-alignment that was successful but with an error
larger than the range of the refinement. Figure 13a shows how our
refinement for short recordings during inactive sessions is close to
a random offset within alignment tolerance and only decreases for
longer recordings. Future work could improve our approach by lever-
aging the pre-alignment confidence and suitability of the accelerome-
ter data to dynamically determine the range of the refinement.

4.6.5 Devices across Multiple Users and Locations

BMAR is currently designed to synchronize signals captured on de-
vices worn by a single person. However, our method of aligning sig-
nal traces based on air pressure recordings could extend to synchro-
nizing signal streams captured across multiple people and beyond
the realm of wearable devices. We expect the method to produce ac-
curate results if all devices are in the same location or move collec-
tively (i.e., in a car, train, or elevator), but we anticipate a negative
impact of movements that are spread out between devices, such as
when groups of people who wear them do not transition between
building floors at the same time. Depending on the setting, the use
of different sensing modalities may be appropriate such as sound or
temperature. We tested the latter early on in our project but found
that for wearable devices, the impact of clothing and body tempera-
ture makes cross-device synchronization challenging. It may, however,
be a viable option when synchronizing non-wearable devices.
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4.6.6 Limitations of BMAR’s Evaluation: Single Participant vs. Breadth of
Activities for More Insight

We acknowledge that in our evaluation, multiple devices collected
data on a single participant only. While such an evaluation may be
uncommon, it is important to point out that BMAR is not specific to
human factors or capabilities; rather, the performance of the method
depends on the type of activities.Therefore, the breadth of assessed
activities and environments is considerably more important in eval-
uating our method than the number of participants, each of which
would perform activities only slightly differently.

In our evaluation, the sensor devices were affixed to five locations
on the participant’s body, without strict enforcement of inter-device
distance, which covered a range of device constellations and variabil-
ity similar to varying body heights across participants. Our results
showed no notable impact of the body location on the accuracy of
trace alignment.

Most importantly, our evaluation has shown that the most chal-
lenging activity for our cross-sensor synchronization approach is no
activity (i.e., resting and sleeping). While we believe that our results
generalize and an evaluation with multiple participants would not
change the findings, we acknowledge that for assessing this conclu-
sively, our evaluation could be extended to multiple participants in
the future.

4.6.7 Speculative Comparison with Online Synchronization

Online synchronization through a wireless network may be a viable
alternative to BMAR to reach higher accuracy (Section 2.2.1). A main
advantage of BMAR is its low power consumption: At the sampling
rates used in our evaluation, a barometric pressure sensor operates
on less than 35µW [163] and the low-resolution accelerometer uses
less than 70µW [152]. Of the commonly used wireless protocols, cur-
rently, only Bluetooth low energy reaches comparable values: Makara,
Tsybul’nyk, and Kurnyts’kyi synchronized two nodes with a power
consumption of 133 uW with a typical accuracy of 10 ms.

However, producing reliable implementations in practice is chal-
lenging, limiting the choice of SoC, and no prior work has shown syn-
chronization of more than two nodes with power consumption in this
order of magnitude. In such a scenario, a more powerful device such
as a smartphone may be needed as central device for the other nodes
to remain in the stated range of power consumption while BMAR
power requirements are unaffected by the number of devices.

Generally, most existing synchronization algorithms are optimized
for low error—not low power consumption, which has thus often not
been evaluated in prior work. Because most wearable devices already
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routinely sample acceleration and/or air pressure from built-in sen-
sors, our method imposes no additional power consumption during
runtime. Additionally, our method may be used with devices that
are not engineered to be compatible to be used in the same wireless
network.

4.7 conclusion

As part of this dissertation, we have presented BMAR, a novel method
to synchronize sensor data across multiple wearable devices without
the need for communication or explicit user interaction during run-
time. BMAR leverages barometric pressure sensors and accelerometers,
which are inexpensive, low-power, and commonly found in wearable
devices. Therefore, they represent a simple solution to synchronizing
wearable devices without the need for inter-device communication,
allowing data recording and device operation to focus on low power
consumption in miniaturized devices.

BMAR two-stage process comprises pre-alignment, which we use
to avoid latching on to local but not a global optimum in alignment,
and refinement. We evaluated BMAR using custom-built, low-power
wearable sensing devices that recorded a series of signals across a
variety of activities over the course of up to 10 hours. Our method
achieved accurate synchronization with a median error of 33.4 ms,
which is low enough for most practical purposes. Even during activ-
ities with little to no motion such as sleeping, our method synchro-
nized signals with an error of 3 s, all while reliably rejecting signals
that were not concurrently recorded across devices.

We believe that BMAR is a practical approach for supporting cross-
device data collections that build on unobtrusive miniaturized de-
vices, focus on duration, and ease of use.





5
R E A L - W O R L D P H O T O P L E T H Y S M O G R A P H Y
D ATA S E T

In this chapter, we show that state-of-the-art HR estimation meth-
ods struggle when processing representative data from everyday ac-
tivities in outdoor environments, likely because they rely on exist-
ing datasets that captured controlled conditions. However, PPG-based
HR estimates can be substantially impacted by factors such as the
wearer’s activities, sensor placement, and resulting motion artifacts,
as well as environmental characteristics such as temperature and am-
bient light – all factors that are not sufficiently represented in con-
trolled environments.

We introduce a novel multimodal dataset and benchmark results
for continuous PPG recordings during outdoor activities from 16 par-
ticipants over 13.5 hours, captured from four wearable sensors, each
worn at a different location on the body, totaling 216 hours. Our
recordings include accelerometer, temperature, and altitude data, as
well as a synchronized Lead I-based electrocardiogram for ground-
truth HR references. Participants completed a round trip from Zurich
to Jungfraujoch, a tall mountain in Switzerland over the course of one
day. The trip included outdoor and indoor activities such as walking,
hiking, stair climbing, eating, drinking, and resting at various temper-
atures and altitudes (up to 3,571 m above sea level) as well as using
cars, trains, cable cars, and lifts for transport—all of which impacted
participants’ physiological dynamics. We also present a novel method
that estimates HR values more robustly in such real-world scenarios
than existing baselines.

Dataset & code for HR estimation is available on the project website:
https://siplab.org/projects/WildPPG

Parts of this dataset also served as a basis for further research
within this dissertation. In Chapter 6 we present a method to fuse PPG

signals across body locations for better HR detection and in Chapter 7

we introduce a learning-based method to extract information from
multiple PPG wavelengths to generate a more robust PPG signal.

5.1 overview

Obtaining reliable HR estimations from PPG signals in real-world condi-
tions and during real-world activities is challenging. Several external
factors negatively impact accurate estimation, such as motion arti-
facts [204] that arise from a person’s movements and performed ac-
tivities [148, 155], sensor misplacement [106] or slippage during wear,
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and environmental conditions that change over time such as low tem-
peratures [96] or high levels of ambient light [97]. Basic implementa-
tions of HR detection have been validated on comparably clean refer-
ence datasets, which do not adequately represent the variability and
noise introduced by everyday activities and conditions. Even for sim-
ple activities such as walking and running [19], recent studies have
provided evidence for the resulting detrimental effects on signal qual-
ity and, thus, the performance of HR tracking implementations.

To combat the effects of motions and activity on HR detection,
prior work has proposed data-driven methods that learn to recover
meaningful estimates under noisy conditions, including supervised
methods [46, 151, 156], and rule-based techniques [153, 179, 203, 204].
While these and other methods estimate HR with high accuracy, their
robustness to real-world effects is limited by the diversity of the
datasets they were trained on. Because existing datasets were dom-
inantly captured in controlled conditions, they may not adequately
represent the noisy nature under which today’s wearables obtain PPG

measurements in daily life and “in the wild.”
As part of this dissertation, we introduce WildPPG, a novel

dataset of reflective PPG measurements from four locations across
the wearer’s body and reference recordings from an electrode-based
Lead-I ECG for HR estimation tasks from everyday activity outside
controlled environments. Our dataset comprises continuous and syn-
chronized recordings from 16 participants with an average duration
of 13.5 hours during a round-trip to a tall mountain in Europe, in-
cluding various daytime activities and modes of transport. As shown
in Figure 14, our dataset additionally includes the continuous mea-
surements from a 3-axis inertial sensor (accelerometer), barometric
altitude sensor, and temperature sensor. Our data collection simul-
taneously recorded all these signals from four devices across the
wearer’s body (wrist, ankle, sternum, head), totaling 216 hours of syn-
chronized multi-modal recordings that can enable a wide variety of
future analyses.

We also contribute the implementation of multiple baseline meth-
ods for HR estimation and evaluate them on our dataset to identify
weaknesses. Based on our analysis, we introduce a learning-based
method that takes temperature as input in addition to the raw PPG

signal and show that its temperature awareness allows it to produce
more robust HR estimates.

Collectively, we make the following contributions:

• a multi-modal real-world dataset of continuous, noisy, and syn-
chronized PPG signals (raw red, green, infrared) from 4 body lo-
cations (forehead, sternum, wrist, ankle) and ECG recordings for
reference, continuously collected from 16 participants over an
average duration of 13.5 hours (minimum duration: 12.3 hours),
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Figure 14: WildPPG comprises multi-modal signals from wearable devices
at four sites on the body. Each device continuously recorded
synchronized signals from a 3-channel reflective photoplethys-
mogram (red, green, infrared PPG), a 3-axis inertial sensor (ac-
celerometer), a temperature, and a barometric altitude sensor. For
reference, the sternum device continuously recorded a Lead-I ECG

from body-mounted gel electrodes to provide ground-truth HR es-
timates.

• a data collection study that covered everyday outdoor activi-
ties outside controlled (laboratory) conditions: During collec-
tion, participants completed a round-trip to a mountain station
at over 3500 meters above sea level using various modes of trans-
portation (car, train, cable car, elevator) and engaging in various
outdoor and indoor activities (walking, hiking, stair climbing,
eating, drinking, social interactions, restroom breaks, and rest-
ing in varying conditions), including environmental conditions
of low and medium temperatures and various degrees of solar
radiation,

• an accuracy analysis of baseline methods that estimate HR on
WildPPG based on environmental characteristics. We also con-
tribute a learning-based method for HR estimation that takes a
raw PPG signal and temperature as input and show that it pro-
duces more robust estimates, and

• additionally recorded and synchronized modalities in our
dataset as the basis for future algorithm developments, includ-
ing 3-axis inertial measurements (accelerometer), barometric al-
titude, and temperature data from each of the 4 body locations
(some exposed, some covered by clothing).

5.2 related datasets

Processing PPG signals and most relevantly robust HR estimation in
real-world situations remains challenging due to the noisy nature of
the PPG signals [204]. In order to develop, evaluate, and compare
novel approaches, publicly available datasets are essential. However,
existing public datasets are limited in terms of data size and appli-
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Table 4: Qualitative comparison of WildPPG with previous datasets for HR

estimation
Dataset

(year)

Collection

methodology

Hours

(total)

Body-worn

locations *

Wavelengths

(PPG)

Multi-

modal

In-the-wild**

dataset

Temperature /

Altitude changes

Ours (2024) In the wild 216

{Head, Chest,
{Red, Green, Infra} ✔ ✔ ✔

Wrist, Ankle}

Ear-PPG [127] (2023) Very controlled 17 {Ear} {Red, Green, Infra} ✔ ✖ ✖

Welltory [128] (2021) Very controlled 1 {Wrist} {Red, Green, Blue} ✖ ✖ ✖

DaLiA [148] (2019) Controlled 36 {Wrist} {Green} ✔ ✔ ✖

BAMI [104] (2019) Very controlled 10 {Wrist} {Red, Green, Infra} ✖ ✖ ✖

WESAD [159] (2018) Controlled 25 {Finger} {Green} ✔ ✖ ✖

BIDMC [135] (2017) Very controlled 7 {Wrist} — ✖ ✖ ✖

PPGMotion [93] (2017) Very controlled 1.5 {Wrist} {Green} ✖ ✖ ✖

IEEE SPC [203] (2015) Very controlled 2 {Wrist} {Red, Green} ✖ ✖ ✖

* Body-worn locations refer to the sites on the body where PPG signals
are measured.

** In-the-wild recording is defined if the data were collected outside of
(controlled) lab environments.

cability to wearable devices in real-world scenarios. For example, the
IEEE Signal Processing Challenge (SPC) 2015 dataset [203], includes
5-minute PPG recordings from 12 participants while the participants
were controlled in the lab environments. This dataset is divided into
two sets: a set with fewer motion artifacts from 12 participants (IEEE
SPC12) and a set with heavy motions from 10 participants (IEEE
SPC10).

The BAMI dataset [104] was collected from 24 participants and in-
cludes resting, walking, and running activities. The experiments con-
sisted of 2 minutes of walking as a warm-up, 3 minutes of running,
2 minutes of walking, 3 minutes of running, and 2 minutes of walk-
ing to cool down, all on a treadmill inside lab environments where
even the speed was controlled (6.0 to 7.0 km/h). Similarly, the PPG-
Motion dataset contains walking, running, and cycling activities of 8

participants with an average recording duration of 17 minutes [93].
Meanwhile, the WESAD dataset [203] consists of approximately 1.6

hours of recordings for each of its 15 participants while they were
seated and/or standing in a lab environment. It does not contain
any physical activities but includes stress and amusement stimuli as
well as meditation. All aforementioned datasets were recorded in con-
trolled indoor conditions.

To record data that is more representative of real-world conditions,
i.e., outside of lab environments, the DaLiA dataset [148] includes
not only indoor but also outdoor activities such as cycling, walking,
and driving. It contains recordings of 15 participants with a total of 26

hours of PPG data. Although this dataset is the largest among existing
datasets, it is approximately eight times smaller than our presented
dataset. Moreover, while the activities in DaLiA are controlled out-
side of lab environments, our experiments were conducted in com-
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Figure 15: WildPPG participants engaged in multiple forms of travel as well
as indoor and outdoor activities with changing environmental
conditions. No strict study protocol was enforced and partici-
pants completed the activities at their own preferred speed.

pletely free-living conditions, offering a more realistic representation
of everyday activities. In other words, our dataset was collected "in
the wild" —participants were not controlled and were free to move
or engage in activities of their choice (within the framework of the
experimental protocol) outside of the lab environment. It includes
216 hours of data, making it the largest dataset of its kind while
including signals from multiple body locations with multiple wave-
lengths. Moreover, it is multi-modal. Covering the varying altitude-
temperature changes, ensuring comprehensive and complete cover-
age of real-life conditions. Table 4 qualitatively compares WildPPG
with the existing PPG datasets.

5.3 wildppg dataset

The purpose of WildPPG is to enable the development of more reli-
able PPG-based algorithms that improve the robustness of estimating
HR as well as potential other cardiovascular metrics that are of inter-
est on wearable devices such as smartwatches or fitness trackers. Our
data recording methodology was designed to capture real-world data
under less-than-optimal conditions during representative outdoor ac-
tivities and everyday conditions.

To achieve this, WildPPG contains long and uninterrupted record-
ings that our apparatus recorded from participants outside controlled
environments or procedures. While our primary focus was on record-
ing the signals crucial for HR estimation—PPG time series from a re-
flective green light-based sensing design across multiple body loca-
tions as well as chest ECG-based cardiac activity measurements for
reference—our apparatus additionally recorded motion data from an
inertial measurement unit at each on-body site, supplementary PPG

signals from red and infrared reflections, as well as temperature read-
ings and barometric altitude measurements throughout the recording
for each participant.

Table 4 qualitatively compares our dataset’s characteristics with
commonly used datasets for HR prediction from blood volume pulse
signals. We specifically focus on comparing our dataset with those
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collected under conditions similar to real-world conditions, where
participants moved freely. BIDMC is an exception, as it was collected
with critically ill adults (a subset of the MIMIC-II dataset), and we in-
clude it because of its use in learning-based HR prediction in previous
work (e.g., [156]). As shown in Table 4, our dataset is ∼ 8× bigger than
existing datasets for HR prediction and includes multi-modal data col-
lected under real-world conditions. Below, we detail the experimental
protocol and the design of our data capture apparatus for WildPPG.

5.3.1 Dataset Design

5.3.1.1 Experimental Protocol

Participants gathered in the morning to start the study. An experi-
menter outfitted each participant with four recording devices and en-
sured PPG and ECG signal quality (20 min). The participants then took
a minivan from Zurich to Grindelwald (140 min) and transitioned to
a cable car and train to Jungfraujoch railway station at 3460 m above
sea level (80 min). Subsequently, they spent 5 hours in public places
in and around the station and engaged in various activities. While
the stay at the station included the same main activities for all partic-
ipants, no strict study protocol was enforced in an effort to capture
real-world data while participants completed the activities at their
own speed of preference. Participants were encouraged to not con-
strain themselves due to the study protocol and engage in social inter-
actions, take pictures, buy and consume snacks and beverages, take
restroom breaks as needed, or sit down throughout the stay.

As shown in Figure 15, the main activities included walking
through the museum and exhibition area including an ice cave with
below-freezing temperatures (≈ 60 min), taking a 110-meter-high ele-
vator and walking the remaining stairs up to the observatory and out-
side viewing platform (≈ 60 min), sitting down for lunch (≈ 60 min),
walking through the snow-covered outside area (≈ 60 min), and rest-
ing inside (≈ 60 min). Spread out throughout the stay at Jungfrau-
joch, the participants additionally climbed and descended a set of
stairs across four floors at maximum endurable pace on three to four
occasions. After the stay at the station, participants took the train
and cable car back to Grindelwald (80 min) and returned to Zurich
on the minivan (140 min). Upon arrival, the experimenter removed
the recording devices from each participant. Throughout the study,
participants were instructed to remove the device on the wrist when
washing their hands. All other devices were worn continuously.

5.3.1.2 Sensors

The signals collected in WildPPG were acquired using the sensing
platform introduced in Chapter 3. PPG measurements were obtained
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using the MAX86141 optical analog front-end at 128 Hz connected
to the SFH7072 optical module with a green (530 nm), a red (660 nm),
and an infrared (950 nm) LED as well as a broadband photodiode (410

– 1100 nm), and an infrared-cut photodiode (402 – 694 nm). Green
and red PPG were acquired in combination with the infrared-cut
photodiode and infrared PPG with the broadband photodiode. Ac-
celerometer data was acquired at a sampling rate of 200 Hz using
the LIS2DH MEMS digital motion sensor. For ground truth, the ster-
num device additionally collected the Lead I ECG at 128 Hz through
the MAX30003 biopotential sensor that connected to gel electrodes
placed on the chest. Temperature and barometric altitude measure-
ments were collected at a sampling rate of 10 Hz using the BME280

environmental sensor within the device.
Sensor data was acquired synchronized within each device as de-

scribed in Section 3.2.3. However, measurements across devices are
still participant to clock skew and drift effects – most notably when
comparing PPG measurements from the wrist, ankle, and head de-
vices with ground truth ECG measurements acquired on the chest.
With the given quartz tolerance, although low, two devices may expe-
rience sampling shifts of up to 2 seconds across a 14-hour continuous
recording session. Therefore, sensor data across devices was synchro-
nized by aligning recorded signals offline following the approach de-
scribed in Chapter 4 (33 ms accuracy).

5.3.2 Recruitment and Recording

WildPPG’s participants were 16 healthy adults, recruited on a volun-
tary basis without compensation beyond the coverage of all expenses
incurred throughout the recording of the data and the visit of the
mountain station. 7 female and 9 male participants took part, with
ages ranging between 22 and 69 (mean age: 39). All participants’ skin
tones were within 1–3 on the Fitzpatrick scale [70]. All participants
signed a consent form prior to participation. The experimenters con-
ducted the data collection with groups of 3–5 participants, and the
protocol was identical for all participant groups.

At the beginning of the recording, participants were introduced
to the experimental protocol and the goal of the study. An experi-
menter was always with the participants throughout the recording.
The recording devices worked without requiring user input, oper-
ating in a completely passive manner. The apparatus provided no
feedback of any sort to participants either.

5.3.2.1 Risks

Participants were informed about the risk of developing symptoms of
Acute Mountain Sickness (AMS) during the visit to Jungfraujoch sta-
tion due to its altitude. Trains leaving to lower altitudes were available
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Table 5: The synchronized time series captured in WildPPG.

Time Series Description
depth fps

head sternum wrist ankle
[bits] [Hz]

ppg_g Green PPG 19 128 × × × ×
ppg_ir Infrared PPG 19 128 × × × ×
ppg_r Red PPG 19 128 × × × ×
ecg Lead I ECG 18 128 ×

accel_x Accelerometer X-axis 10 128 × × × ×
accel_y Accelerometer Y-axis 10 128 × × × ×
accel_z Accelerometer Z-axis 10 128 × × × ×
altitude Barometric altitude 23 0.5 × × × ×
temp Temperature 16 0.5 × × × ×

every 30 minutes in case a participant was feeling unwell. Addition-
ally, a professional first aid station is available at Jungfraujoch along-
side trained personnel and medical assistance if needed. The study
protocol and risk assessment were approved by the ethics committee
of ETH Zürich (EK 2022-N-44).

5.3.3 Dataset Composition

Participants’ recordings are limited to the time they actually wore
the sensor devices. PPG and ECG recordings are available as contin-
uous recordings of raw sensor data. Accelerometer recordings were
downsampled and synchronized to match the 128 Hz of the PPG and
ECG signals. Device temperature measurements were averaged with
an 8-second sliding window (2-second step size).

The conversion from barometric pressure measurements to altitude
above sea level was calculated following the conversion formula in
the sensor’s datasheet and a normed barometric pressure measure-
ment from the same day acquired by a weather station at Jungfrau-
joch station run by the Swiss Federal Office of Meteorology and
Climatology [87]. Barometric altitude measurements were averaged
across all 4 devices worn by a participant and averaged with an 8-
second sliding window and 2-second step size. Overall, WildPPG con-
tains 216 hours of synchronized recordings. Accounting for the four
separate device locations, this corresponds to 864 hours of PPG record-
ings at 3 different wavelengths. An overview of all captured data is
shown in Table 5.

5.3.3.1 Ground Truth

As manual annotation of a dataset of this size is impractical and un-
reliable, the dataset contains Lead I-based ECG recordings for ground
truth reference. For baseline analysis, we detected R-peaks in the
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ECG signal, using Pan-Tompkins [130]. To reduce the risk of corrupt
ground truth values, peaks with Inter-Beat Intervals (IBIs) correspond-
ing to HR values greater than 185 bpm or less than 35 bpm were re-
moved, and for HR calculation, only IBIs that were part of a sequence
of 4 IBIs for which IBImin/IBImax < 0.75 were considered. In data
windows with less than two remaining IBI, no ground truth HR is com-
puted and the window is omitted from baseline methods. Across the
whole dataset, this applies to 2640 8-second windows (2.7% of total)
mainly due to three participants with partially noisy ECG recordings
which are responsible for 2164 of the rejected windows.

5.4 baselines

We computed 6 heuristic and 5 supervised baseline algorithms as
well as our own method on WildPPG. To improve comparability, all
baselines were computed on data recorded by wrist-worn devices. All
results are shown in Table 6 and the methods are described in more
detail in the following two subsections.

5.4.1 Heuristic Methods

MSPTD is a peak detection method suited for PPG signals that com-
putes a local maxima scalogram (LMS), a matrix that contains infor-
mation about local maxima computed at different scales by compar-
ing samples to neighbors at varying distances in the signal. The con-
cept was first published by Scholkmann et al [160] and expanded
upon by Bishop and Ercole by combining maxima detection with
minima detection and improvements in algorithm efficiency [24]. The
algorithm does not require any parameter tuning and works for any
periodic or quasi-periodic signal.

qppg is another peak detection algorithm built specifically for PPG

signals and works by integrating the positive slope between diastolic
and systolic points in the signal. Peaks are detected using adaptive
thresholding [184]. HeartPy detects peaks in the PPG signal where it
crosses its own moving average plus a variable offset. Multiple such
offsets are dynamically tested and the one chosen which produces
the most regularly spaced detected beats [77]. PWD is another PPG-
specific method that relies on the detection of beats based on zero-
crossings in the first derivative of the signal [107]. MSPTD, HeartPy,
qppg, and PWD methods were computed using the MATLAB imple-
mentation by Charlton et al. which is released under GPL-3.0 open-
source license [40]. We also included traditional Fourier transforma-
tion and autocorrelation functions, where both are used to detect pe-
riodicity [157].
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Table 6: HR detection performance comparison of baselines with prior works
in datasets

Method
WildPPG SPC12

* DaLiA

MAE↓ RMSE↓ ρ↑ MAE↓ RMSE↓ ρ↑ MAE↓ RMSE↓ ρ↑

Heuristic

FFT 17.62 28.68 12.11 14.83 25.81 35.15 34.98 47.13 2.72

Autocorr. 28.43 35.23 -3.06 41.16 49.81 3.945 30.59 39.09 9.18

HeartPy 18.49 30.15 14.7 19.89 24.81 20.19 12.25 18.15 74.97

MSPTD 13.30 21.19 21.37 20.35 25.31 18.22 17.20 25.11 53.95

PWD 11.72 19.57 25.19 21.16 26.32 18.75 28.26 37.48 29.51

qppgfast 19.32 29.94 21.27 17.97 21.99 32.72 13.31 20.35 66.58

Self-supervised

SimCLR 15.75 19.81 8.12 12.42 20.96 60.41 12.01 19.46 58.31

NNCLR 14.46 18.43 11.54 13.14 18.86 69.82 12.94 20.02 51.12

BYOL 14.11 18.42 12.50 18.71 25.01 48.82 11.67 17.57 63.96

TS-TCC 12.64 17.72 18.71 11.56 18.04 68.38 8.12 14.89 67.13

TS2Vec 10.55 16.52 26.31 9.75 17.82 75.43 10.83 17.89 60.10

VICReg 15.37 19.20 9.30 13.17 20.38 59.76 14.90 21.94 45.38

Barlow Twins 16.14 20.21 9.13 13.22 20.42 64.51 18.26 23.41 23.42

Unsupervised

UPD 23.12 25.10 7.39 9.30 16.50 77.60 27.41 31.26 18.12

Supervised

1D ResNet 8.62 15.00 42.41 5.50 11.16 84.86 4.47 10.03 85.87

DCL 8.64 14.73 41.39 16.50 21.61 19.90 26.34 25.53 80.57

FCN 9.79 15.62 35.68 27.55 31.18 40.41 6.55 11.24 83.21

LSTM 9.28 15.14 36.96 18.66 25.02 56.23 5.30 11.10 78.99

Transformer 10.06 16.23 32.07 22.00 27.30 52.86 7.84 15.06 68.62

Temp-ResNet 8.37 14.72 45.50 — — — 4.40 9.87 85.90

* The dataset includes no temperature measurements from the wearable.
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Figure 16: Architecture of Temp-ResNet. The ResNet includes batch normal-
ization and ReLU activations after each convolution.

5.4.2 Supervised Methods

For each supervised baseline, we follow the original implementation
of the architectures. Additionally, we search for the best hyperpa-
rameters (learning rate and its scheduler, batch size, weight decay).
Specifically, we compared our method with 1D ResNet [88] which is
a modified version of ResNet architecture [83] for time series with
1D filters. DCL [141] is a widely used network that combines convo-
lutional and long-short-term memory units for HR prediction from
PPG signals [26, 141]. Fully Convolutional Network (FCN) which only
include convolutional blocks with ReLU non-linearities. LSTM [85]
model which is designed to capture temporal dependencies in time
series data through its memory cell architecture. Transformer [183]
is a widely adopted deep learning model that employs self-attention
mechanisms to capture long-range dependencies.

5.4.2.1 Proposed Method: Temp-ResNet

Considering the relation between the temperature of the measure-
ment site and the SNR of PPG signals, we modified the 1D ResNet
model by incorporating a small branch that inputs the tempera-
ture value of the segment to the overall architecture for HR estima-
tion. Specifically, we use a Multilayer Perceptron (MLP) with one
hidden layer to obtain the representation for temperature ztemp =

W(2)σ(W(1)xtemp) where σ and xtemp are a ReLU nonlinearity and
temperature value of the specific segment, respectively. The weight
matrices W(1) and W(2) are learnable parameters of the MLP, re-
sponsible for mapping the input temperature value to a higher-
dimensional space. Initially, the temperature value xtemp is expanded
to a 5-dimensional vector through the first layer, W(1) ∈ R5×1.
This 5-dimensional representation is then further expanded to a 10-
dimensional vector by the second layer, W(2) ∈ R5×10. Then, the
obtained representation is concatenated with the extracted PPG rep-
resentations and fed to the final linear layer for HR estimation. The
architecture of Temp-ResNet is shown in Figure 16.
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5.5 limitations

Regarding skin pigmentation, all participants were within 1–3 on the
Fitzpatrick scale, and no participants rated themselves 4–6 (darker
skin tones). Considering the more challenging nature of PPG mea-
surements among people with darker skin tones [21, 66], it will be
important to broaden data collection in future efforts. More generally,
including 16 participants is a limitation of our dataset, and includ-
ing more would allow covering as many participant-specific effects
as possible. Lastly, as described in Section 5.3.3.1, 2.7% of the total
dataset is affected by noisy ground truth measurements.

5.6 ethical considerations

Working with real-world physiological and activity data from hu-
mans requires ethical considerations. All participants were informed
regarding safety and privacy both verbally and in writing. They
signed a consent form that they received prior to the study for care-
ful reading. No personal information is released with the dataset, the
data is fully anonymous and does not contain personally identifiable
information or offensive content. To the best of our knowledge, no po-
tential harm or malicious use is possible using the WildPPG dataset
and the provided methods. The study was approved by the ethics
committee of ETH Zürich (EK 2022-N-44).

5.7 conclusion

As part of this dissertation, we introduced WildPPG, a real-world
dataset of long and continuous multimodal motion and physiology
recordings for PPG-based HR analysis. Our experimental protocol in-
cluded a wide variety of activities and environmental conditions in-
cluding indoor and outdoor activities at different ambient tempera-
tures, altitude levels, and light conditions. Participants moved, acted,
and interacted naturally throughout the day and recording without
being bound to a strict study procedure—for the purpose of captur-
ing representative data that resembles the measurements taken by
wearable devices in everyday use. Besides PPG measurements at the
three common red, green, and infrared wavelengths and ECG ground-
truth references, WildPPG includes acceleration, temperature, and
barometric altitude measurements to suit a wide range of analysis
methods and tasks. Our study recorded and synchronized measure-
ments from multiple body locations to support exploring future esti-
mation techniques that exceed the analysis of signals from wrist-worn
devices most common on smartwatches today and to capture cardiac
activity more holistically and robustly in the future.
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To the best of our knowledge, WildPPG is the largest available
dataset of its kind and can enable learning pipelines that benefit from
longer time series during training, additional modalities, and real-
world data (“in the wild”). Beyond the dataset, WildPPG includes a
range of baseline algorithms—heuristic as well as supervised—and
our novel method that leverages temperature readings for improved
HR estimation. These methods can serve as a starting point for future
work and benchmarks and our intention is to enable future work to
better tailor methods to real-world situations and applications in less-
than-optimal conditions. This could include multi-modal processing
or analyses of additional cardiovascular metrics that are of interest in
wearable devices.





6
R O B U S T H E A RT R AT E D E T E C T I O N V I A
M U LT I - S I T E P H O T O P L E T H Y S M O G R A P H Y

Smartwatches have become popular for monitoring physiological pa-
rameters outside clinical settings. Using reflective PPG sensors, such
watches can non-invasively estimate HR in everyday environments
and throughout a patient’s day. However, achieving consistently high
accuracy remains challenging, particularly during moments of in-
creased motion or due to varying device placement. In this chapter,
we introduce a novel sensor fusion method for estimating HR that
flexibly combines samples from multiple PPG sensors placed across
the patient’s body, including wrist, ankle, head, and sternum (chest).
Our method first estimates signal quality across all inputs to dynam-
ically integrate them into a joint and robust PPG signal for HR esti-
mation. We evaluate our method on a novel dataset of PPG and ECG

recordings from 14 participants who engaged in real-world activities
outside the laboratory over the course of a whole day. Our method
achieves a mean HR error of 2.4 bpm, which is 46% lower than the
mean error of the best-performing single device (4.4 bpm, head).

Code related to this chapter is available on github:
https://github.com/eth-siplab/MultiSite-PPG-Robust_HeartRate

6.1 overview

Wearable devices, smartwatches in particular, have gained popular-
ity for monitoring physiological parameters, most commonly HR. For
this, devices typically adopt reflective PPG to optically and thus non-
invasively sense blood volume pulses for HR estimation.

However, achieving high accuracy in optical HR estimations re-
mains challenging [18], especially in settings that lead to motion
artifacts [117]. Amongst athletes, who subject such sensors to con-
siderable motion, the use of ECG-based HR monitoring is prevalent,
where the electrophysiological measurements with a chest strap avoid
high measurement errors. Since chest straps are more obtrusive than
individual PPG sensors, researchers have sought ways to compen-
sate for motion artifacts in PPG. Approaches range from integrat-
ing accelerometers to detect motion [178], leveraging multiple light
sources [2] or photodiodes [192], which can increase HR accuracy [105,
132]. Many of today’s consumer smartwatches thus embed multiple
LEDs and photodiodes (e.g., Apple Watch Series 9, Fitbit Versa 4,
Garmin Fenix 7).
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Figure 17: Our method dynamically weighs and fuses PPG signals across sen-
sors at different body locations based on estimated signal quality,
producing a continuous PPG output signal as the basis for robust
HR estimation.

In this chapter, we improve HR estimation through a novel multi-
site PPG signal fusion method. We build on the insight that the mo-
tion of the wearer’s body affecting PPG readings is often specific to a
device’s location on the body, such that motion artifacts manifest to
different extents in the devices worn across the body [166]. Our pro-
posed method dynamically combines PPG signals from sensors worn
across the body following our window-based signal quality estima-
tion. For evaluation, we used the recordings of 14 participants from
the dataset introduced in Chapter 5. Our signal fusion method ro-
bustly estimates each participant’s HR, achieving a 46% lower error
on the ground-truth ECG-based HR levels than the best PPG-based HR,
which originated from the head-worn sensor.

6.2 methods

We propose a novel method that dynamically fuses PPG signals from
multiple sensors distributed across a wearer’s body based on their
temporal and intermittent signal characteristics. Our method first es-
timates these based on assessing individual signal quality and then
weighs segments to derive the combined output signal. Figure 18 il-
lustrates our method.

6.2.1 PPG Peak Detection and HR Measurement

For each PPG signal input, our method first detects segments by iden-
tifying systolic peaks in each data stream. We first apply a bandpass
filter to the input (Butterworth, 0.6-3.3 Hz passband) and then detect
peaks whenever a PPG signal crosses its moving average plus an off-
set, building on van Gent et al. [77]. We determine the offset by mini-
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Figure 18: Our method estimates the quality of signal segments by deriving
a normalized aggregate and correlating it with a leaning triangle
wave to reject bad input signals during template formation. This
process is separate for each sensor location to account for local
differences in signal morphology.

mizing the variance in the resulting peak intervals over a one-minute
window. Peaks are removed if the intervals between neighbors would
result in a HR greater than 185 bpm.

Similar to the approach described in Section 5.3.3.1, we only pro-
cess IBI that lie within at least five consecutive IBIs where min IBI

max IBI >

0.51. This reduces the impact of spurious peaks on To reduce the im-
pact of spurious peaks on HR computation. This filtering step is rela-
tively lenient and retains most PPG beats, even less accurate sections
that more conservative filters would remove. Our method explicitly
preserves these segments to ensure the presence of signals over the
full time of captured data across sensors and because they are input
into our fusion.

Finally, HR values are estimated from the IBI over a 30-second mov-
ing window over the data.

6.2.2 Signal Quality Estimation

To assess a PPG segment’s signal quality on a per-beat basis, our
method matches them against a template, following the approach
by Warren et al. [192] as shown in Figure 18. We perform this sepa-
rately for each signal to account for differences in signal morphology
depending on the sensor’s location on the body. For template forma-
tion, at each detected peak in the PPG signal, a section is used that
is delimited by its neighboring peaks. The template therefore spans
two R-R intervals, increasing the likelihood of rejecting corrupt sig-
nal segments. Sections with lengths corresponding to a HR < 40 or
> 185 are ignored. Each resulting section is down-sampled to 40 sam-
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ples, which compensates for changes in HR, and finally z-scored (i.e.,
standardized to zero mean and unit standard deviation).

We then derive the template by averaging those sections that suf-
ficiently correlate with a leaning triangle wave to exclude corrupted
segments (r > .8). To further lower the impact of noisy waves, we
iteratively remove those segments with the lowest correlation to the
template until 500 remain.

Finally, we estimate the quality of a PPG signal segment at a given
systolic peak by correlating it with the template, delimiting a segment
by its neighboring peaks.

6.2.3 Derive Robust Output Signal from Fused PPG Signals

Before integrating all signals using their individual segments, we
align cross-sensor PPG segments to account for delays in blood pulse
propagation through the wearer’s arterial tree. Within a window of
±150ms, we temporally offset signals to align the previously detected
systolic peaks across two segments. This window is thereby small
enough to prevent misaligning heartbeats even at a HR of 180.

Next, we estimate the signal quality of PPG signals for 30-second
windows of the input as the mean correlation of all contained seg-
ments with the template as outlined above. This quality estimate is
then interpolated between windows to avoid abrupt changes in qual-
ity estimates, which could lead to unwanted artifacts in the fused
signal.

We obtain the fused signal s[t] from n PPG input signals:

s[t] =

∑n
i=0 ppgi[t] · max(δ,qi[t])

6∑n
j=0 max(δ,qj[t])6

,

where 0 < δ ≪ 1 bounds the quality estimate q[t] and ensures pos-
itive values in the interval (0, 1], as negative correlations with the
template are insignificant. Our method uses a power of six to amplify
better signals in the output and account for minute differences in cor-
relation values despite stark differences in signal quality. We normal-
ize the weights to ensure that output amplitudes remain independent
of the number of PPG input signals and their quality estimates.

6.2.4 Experimental Protocol and Dataset

We evaluated our method on captured PPG signals of 14 participants
from the WildPPG dataset introduced in Chapter 5. The Lead I ECG

acquired by the sternum device served as ground truth reference. For
each of the 14 participants, ∼13 hours of signals from 4 PPG sensors
per participant were considered. In total, the analysis is based on
182 hours of synchronized signals and HR values.
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sensor sources error in bpm

configuration head sternum wrist ankle mean (std) median (std)

head × 4.38 (1.57) 1.98 (1.16)

sternum × 5.57 (3.35) 2.93 (2.62)

wrist × 8.22 (3.40) 5.75 (3.19)

ankle × 7.63 (4.02) 4.62 (4.00)

ICA

wearable (2) × × 5.04 (2.22) 1.96 (1.01)

wearable (3) × × × 5.72 (2.51) 1.75 (0.94)

all × × × × 5.01 (2.58) 1.53 (0.77)

Ours

wearable (2) × × 3.52 (1.90) 1.47 (1.30)

wearable (3) × × × 3.01 (1.44) 0.99 (1.04)

all × × × × 2.37 (1.14) 0.53 (0.48)

Table 7: Errors in HR calculated from PPG signal combinations.

6.2.5 Processing

Ground-truth HR was extracted from 30-second windows in the
Lead I reference signal, moving in steps of 5 s and using Pan-
Tompkins [130] for R peak detection. PPG-based HR was computed
as outlined above for each device (i.e., signal source) separately, and
the fused PPG signal following our method was computed per per-
son as described above. As a baseline, ICA was applied to the PPG

signals, and HR was extracted from the best output following related
work [105].

6.3 results

Across all participants, the HR values based on the single PPG signal
recorded from the head was most accurate (mean error 4.38 bpm),
followed by the sternum (5.57 bpm), ankle (7.63 bpm), and wrist
(8.22 bpm). Error magnitudes thereby plausibly correspond to the
amount of motion experienced by each device and thus body site
during the outside activities.

We evaluated the performance of the proposed fusion method and
ICA in three configurations as shown in Table 7 across four, three,
and two devices, respectively.
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Figure 19: Percentiles of HR segments sorted by error, comparing mean er-
ror by device placements and aggregation method across all 14

participants.

6.3.1 Cross-sensor Signal Fusion

The proposed signal fusion method overall produced HR values with
the lowest mean and median error. All three combinations resulted
in a lower mean and median HR error than obtaining HR values from
any of the sensor devices alone.

Compared to the HR calculated from the best-performing single de-
vice (i.e., head), the mean error decreased by 20–46%, whereas the
median HR error was 26–73% lower. As shown in Figure 19, this sub-
stantial reduction in HR error is not just present during phases of
high HR error in individual PPG signals (higher percentiles, right); it
is also evident when the HR error in the contributing PPG signals is
already low (lower percentiles, left), which highlights the potential of
our method across signal quality ranges.

Figure 19 additionally juxtaposes the error reduction for multi-site
signal integration (fusion, ICA) and single-site PPG-based HR calcula-
tion. This further illustrates the usefulness of multi-site PPG for robust
HR calculation during motion and activity.

6.3.2 ICA

Comparing the best signal output of ICA with the individual device
placements, in no setting it produced a lower mean error in HR than
using the best-performing input PPG from the head. However, this
signal from ICA-based processing did result in HR with a lower median
error than HR from any single PPG. This suggests that it can be useful
for more robust HR detection in most cases, but it also indicates that
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Figure 20: Three examples of four PPG signals from different body locations
and the fused output signal produced by our method.

its output is more severely corrupt with higher-error HR calculation
when ICA does not output a good PPG signal.

6.4 conclusion

We have introduced a novel method for robustly estimating HR from
PPG signals captured in real-world settings. Our method takes as
input PPG from multiple sensors, distributed across the wearer’s
body, and dynamically assesses the quality of individual samples be-
fore synthesizing a fused signal using weighted input portions. Our
method is agnostic to the number of PPG sources or body sites where
sensors are worn, and its computational efficiency allows it to scale to
a number of distributed sensors. Through dynamic signal integration
and synthesis, our method implicitly leverages moments of lower mo-
tion and thus signal artifacts for any sensor to represent such portions
more dominantly in the fused output.

We evaluate our method on a novel dataset that we captured from
14 participants over 13 hours during outdoor and mountain activities.
Four small wearable devices distributed over the body continuously
recorded PPG signals, synchronized with a Lead I ECG captured for
ground-truth HR calculation for each participant. Our fusion method
predicted HR values with a mean error that is 71% lower than PPG-
based HR from the wrist (91% lower median error even), and 46%
lower mean error than HR from the forehead. The fusion benefits of
our method remain even for combinations of wrist+head (e.g., smart-
watch+smartglasses), where the mean error is still 20% lower than on
just the head (26% lower median error). Figure 20 shows a qualitative
assessment of how our method recovers PPG morphology with exam-
ples from our dataset when individual HR estimation had a high error.
We believe that our results can inspire further research on distributed
wearable health monitoring systems in the context of body sensor
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networks and physiological sensing to further advance reliable and
continuous physiological monitoring in the wild outside controlled
laboratory conditions.



7
L E A R N I N G - B A S E D F U S I O N O F
M U LT I - WAV E L E N G T H
P H O T O P L E T H Y S M O G R A P H Y

Multi-channel PPG sensors have found widespread adoption in wear-
able devices. Channels thereby serve different functions—whereas
green is commonly used for metrics such as heart rate and heart rate
variability, red and infrared are commonly used for pulse oximetry. In
this chapter, we introduce a novel method that simultaneously fuses
multi-channel PPG signals into a single recovered PPG signal that can
be input to further processing. Via signal fusion, our learning-based
method compensates for the artifacts that affect wavelengths to differ-
ent extents, such as motion and ambient light changes. We evaluate
our method on the multi-channel PPG recordings of 10 participants
from the WildPPG dataset introduced in Chapter 5. Using the fusion
PPG signal our method recovered, participants’ heart rates can be cal-
culated with a mean error of 4.5 bpm (23% lower than from green PPG

signals at 5.9 bpm).

7.1 overview

In this chapter, we introduce Tri-Spectral PPG, a novel method that dy-
namically fuses all reflections from a multi-channel PPG signal to re-
cover a single and robust PPG estimate signal. As shown in Figure 21,
our method integrates a U-Net convolutional neural network to infer
the most likely fused PPG sequence from all input observations. For
training and cross-validated evaluation, we introduce a novel dataset
of 10 participants who wore a 3-channel reflective PPG sensor and
Lead I ECG digitizer for 13 hours during a variety of everyday and
motion-afflicted activities outside the laboratory.

Based on the PPG signals recovered with our method, HR detection
had a 23% lower error than when computed based on green PPG re-
flections, which were best among all individual wavelengths.

7.2 method

7.2.1 Dataset Recording

For the evaluation of our learning-based method, we used the 13-
hour-long recordings of 10 Participants from the WildPPG dataset
introduced in Chapter 5. For the analysis, the 3 PPG channels of the
chest device were considered and the Lead I ECG served as ground
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Figure 21: Our learning-based method recovers a single PPG signal from
multi-wavelength input signals, thereby restoring signal morphol-
ogy across them to produce an optimized output signal for sub-
sequent assessment of cardiac dynamics, such as heart rate.

truth reference for HR computations. For each of the 10 participants,
∼13 hours of signals per participant were considered. In total, the
analysis is based on 130 hours of synchronized signals and HR values.

7.2.2 Tri-Spectral PPG Signal Fusion Method

We propose a learning-based signal fusion method that takes syn-
chronized multi-wavelength PPG signals as input and recovers an op-
timized signal, thereby restoring signal morphology while removing
artifacts.

7.2.2.1 Synthesizing a PPG Reference Signal from Recordings

To train our model, we synthesized an optimized PPG signal that
was true to the recorded morphology through aggregated individ-
ual PPG waves. These patterns are resampled and concatenated to
align with the R-R intervals of the reference ECG signal, using Pan-
Tompkins [130] for R peak detection. We compute the PPG signal pat-
terns following the approach by Warren et al. [192] using ensemble
averaging as shown in Figure 22. To account for changes in the sig-
nal morphology over time, we compute the pattern in windows of
5 minutes.

For template formation, we split the input PPG signals using the
R-peaks from the ECG signal, disregarding sections with lengths cor-
responding to a HR below 40 or above 185. Each resulting section is
down-sampled to 100 samples to account for HR variations and is
then z-scored (i.e., standardized to zero mean and unit standard devi-
ation). The template is derived by averaging sections that sufficiently
correlate with a leaning triangle wave (r > .8), excluding corrupted
segments.
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Figure 22: Synthesizing a PPG reference signal to train our learning-based
method. A PPG signal pattern is repeated based on ECG R-peaks,
generated in windows of 5 minutes and consisting of a normal-
ized aggregate of the input PPG waves, which are correlated with
a leaning triangle wave to reject distorted and noisy input signals.

Finally, we synthesize the reference signal by concatenating one
signal pattern for each R-R-interval. The concatenated pattern is a
weighted average of the two nearest neighboring computed patterns.
The weighting is inversely proportional to the distance of the R-R-
interval to the corresponding pattern and thus smooth transitions be-
tween different patterns are guaranteed. To match the HR and signal
length, each concatenated pattern is resampled to match the corre-
sponding interval.

7.2.2.2 Network Architecture and Training

For the task of signal recovery, our method adapts a U-Net architec-
ture [175], using a three-channel PPG signal as input and generating
a fused PPG signal as output. We augment the model architecture
with four up-sampling and four down-sampling layers. The four up-
/down- sampling layers are optimized from 32 to 256 kernels, similar
to previous work on estimating waveform sources [174]. For train-
ing, we used the Adam optimizer [99] with β1 = 0.9, β2 = 0.999,
and a mini-batch size of 80. The learning rate is initialized with 0.001
and reduced by half when the validation loss stops improving for
50 consecutive epochs. The training is terminated when 75 succes-
sive epochs show no validation performance improvements. The best
model is chosen as the lowest L1 loss on the validation data.

7.2.3 Evaluation

To evaluate our method, we extracted 4000 evenly spaced out sections
with a length of 8 seconds from the recording of each participant,
which corresponds to 8.9 hours of measurements. Besides cropping
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Table 8: Performance Metrics for Signal Morphology

Participant MAE RMSE ρours ρG ρR ρIR

1 0.356 0.281 0.868 0.652 0.481 0.621

2 0.520 0.547 0.740 0.631 0.476 0.610

3 0.434 0.390 0.800 0.728 0.634 0.673

4 0.517 0.513 0.755 0.593 0.453 0.572

5 0.390 0.289 0.857 0.671 0.501 0.619

6 0.358 0.278 0.874 0.642 0.498 0.654

7 0.346 0.243 0.890 0.638 0.487 0.580

8 0.312 0.331 0.912 0.616 0.476 0.574

9 0.480 0.458 0.775 0.640 0.435 0.628

10 0.390 0.328 0.843 0.569 0.437 0.556

Mean 0.410 0.368 0.831 0.645 0.487 0.608

of measurements during the outfitting and removal of the sensors,
sections with inconsistent or noisy ECG measurements were removed
in this process while preserving a balanced data set.

To evaluate the fused PPG signal, we compare its validity for HR

detection to the input signals and its waveform morphology. This is
done for each section of 8 seconds separately. We first apply a band-
pass filter to the input (second-order Butterworth, 0.6–3.3 Hz pass-
band) and then detect peaks whenever a PPG signal crosses its moving
average plus an offset, building on van Gent et al. [77]. We determine
the offset by minimizing the variance in the resulting peak intervals.
Peaks are removed if the intervals between neighbors would result in
an HR greater than 185 bpm.

During model training and evaluation, we implement five-fold
cross-validation across ten subjects. We test two participants in each
fold. Additionally, one out of the remaining eight participants is used
as validation data for early stopping and model selection. It is worth
mentioning that the model is evaluated with subjects that were not
used for training.

To reduce the impact of spurious peaks on HR computation, we use
the same processing step as described in Section 6.2.1. This means we
only process IBIs that lie within at least five consecutive IBI where
min IBI
max IBI > 0.51 resulting in a lenient filtering step that retains most
PPG beats ensuring the presence of signals in all segments which is
required for the evaluation. Finally, HR values are estimated from the
IBI.

Moreover, we calculate the Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and correlation (ρ) between the fused PPG signal
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Table 9: HR Detection Mean and Median Error (bpm! (bpm!))

Part. green red ir ours

1 3.4 0.5 9.4 4.8 5.1 0.7 1.9 0.7

2 6.5 1.3 17.2 11.5 11.7 6.0 5.4 1.5

3 2.6 0.3 15.4 10.7 15.2 9.8 2.2 0.7

4 4.3 1.1 11.1 7.9 8.1 5.5 2.0 0.9

5 2.1 0.3 10.7 7.2 8.9 4.7 3.2 0.9

6 8.7 3.7 15.5 10.2 13.6 8.9 5.7 1.6

7 6.2 1.7 10.3 7.6 8.8 5.3 3.6 0.9

8 6.6 3.4 15.7 11.2 12.2 7.9 10.0 6.6

9 7.2 0.5 12.9 8.5 11.5 7.0 3.6 0.9

10 9.0 4.3 11.6 8.4 10.3 6.9 5.2 1.9

Mean 5.9 1.9 13.4 9.2 11.1 6.9 4.5 1.8

and the reference signal to evaluate the accuracy of our proposed
method in approximating the waveform morphology.

7.3 results

7.3.1 Signal Morphology

The PPG signal output by our method during inference exhibited a
mean correlation of 0.831 with the synthesized reference PPG signal
as shown in Table 8. This is higher than all contributing PPG channels
which exhibited a mean correlation of 0.645 (green), 0.487 (red), and
0.608 (infrared).

The MAE of the signal output compared to the reference signal lies
within a range of 0.312 and 0.520. The RMSE lies within a range of
0.243 and 0.547.

7.3.2 HR Detection (as Downstream Task)

When computing the HR based on the single-wavelength PPG trace,
green performed best (MAE 5.9 bpm, median absolute error 1.9 bpm),
followed by infrared (11.1 bpm, 6.9 bpm) and red (13.4 bpm, 9.2 bpm)
PPG measurements as shown in Table 9. The HR based on the signal
produced by our method had a MAE of 4.5 bpm and a median absolute
error of 1.8 bpm. This is a 23% improvement of the MAE and a 5% of
the median absolute error over the best single channel (green).
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7.4 discussion and limitations

Our method purposely does not directly estimate metrics of cardiac
activity, such as HR itself. Instead, our approach recovers the underly-
ing morphology of the observed and possibly noisy PPG signals and
can serve as input to a variety of downstream tasks, one of which is
HR as used in our evaluation. We believe that our method can serve
as input for several more applications of pulse wave analysis in the
future. Limiting factors of this work include the small sample size of
10 Participants who all were within 1–3 on the Fitzpatrick scale, with
no participants rating themselves 4–6 (darker skin tones). Consider-
ing the more challenging nature of PPG measurements among people
with darker skin tones [66], it will be important to broaden data col-
lection in future efforts and investigate the effects of different PPG

wavelengths and body locations on the results of this approach.

7.5 conclusion

As part of this dissertation, we have introduced Tri-Spectral PPG, a
novel method that fuses PPG signals acquired at different wavelengths
to retrieve a more robust fused signal which preserves the signal mor-
phology and therefore allows further processing to retrieve arbitrary
PPG-based measures. Our method takes as input PPG signals recorded
at different wavelengths and leverages a U-Net to produce a single
output signal. Compared to prior work, its advantage is the ability to
consider information from all PPG signals, as opposed to switching be-
tween them, while also removing artifacts completely, as opposed to
averaging channels. To train our model, we have generated a synthe-
sized reference signal using an ECG signal and an aggregation method
to retrieve PPG wave patterns. To evaluate our method, we contribute
a novel dataset that we captured from 10 participants over 13 hours
during outdoor and mountain activities. The signal produced by our
method correlated better with the reference signal than any contribut-
ing signal and the HR detection on the produced signal had an error
that was 23–66% lower compared to the contributing signals.



8
W E A R A B L E D E V I C E S F O R R E S P I R AT O RY R AT E
M O N I T O R I N G

Deviations in respiratory rate often precede abnormalities in other
vital signs. However, continuously monitoring respiratory rates out-
side clinical settings remains challenging due to the obtrusive nature
and sensitivity to body motions in existing monitoring approaches. In
this chapter, we propose Respiro, a single-point-of-contact wearable
device that leverages off-the-shelf, consumer-grade ultra-wideband
radar to monitor respiratory rate as part of a chest strap. Our signal
processing pipeline reliably extracts the wearer’s respiratory signal
from windowed complex channel impulse responses. In a controlled
experiment, twelve participants performed various activities to eval-
uate the system’s accuracy under motion while capturing ground-
truth recordings through a spirometer. Our method extracted respira-
tory rates with less than 1 breath per minute deviation in 71% of all
measurements, averaging 1.11 breaths per minute across all sessions
and participants. Our findings underscore the potential of consumer-
grade ultra-wideband radar technology in body-worn devices for un-
obtrusive yet effective respiratory monitoring.

8.1 overview

Respiratory rate, along with heart rate, blood pressure, and body tem-
perature, is a primary vital sign routinely assessed by medical profes-
sionals. RR measurements are essential in diagnosing conditions such
as acidosis or pneumonia [63, 129]. Additionally, an elevated RR over
the course of 24-72 hours can predict severe adverse events, includ-
ing cardiac arrest and the need for intensive care unit admission [47,
69]. In everyday contexts, RR can provide insights into stressors like
emotional load, heat, or physical effort [129]. Traditionally, capnom-
etry and spirometry are considered the gold standards for respira-
tion monitoring. However, these methods require air masks, limiting
their suitability for long-term monitoring [3, 115]. Alternative meth-
ods, such as respiration belts and the use of IMUs, have emerged, but
they are less accurate than spirometry or capnography and are prone
to motion artifacts.

Amidst these challenges, UWB radar has garnered interest over the
past two decades since the FCC opened the 3.1 to 10.6 GHz spectrum
for medical imaging [68]. There is substantial research on non-contact
RR recovery using UWB radar [32, 89, 188], including through debris
[108] or walls [42]. This remote monitoring detects chest wall motion

77
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bpm

Figure 23: Our wearable device placed on the sternum uses an off-the-shelf
ultra-wideband radar module to produce reliable measurements
of the respiratory rate.

using UWB beacons in a person’s environment. However, these meth-
ods are prone to errors due to unrelated body motion and are un-
suitable for tracking the RR during activities and in changing environ-
ments. UWB radar can also probe the body itself, detecting varying di-
electric properties of tissues which affect UWB pulses differently [173].
Specifically, this applies to the lungs, which exhibit different dielec-
tric properties when inflated versus deflated: More signal is reflected
at the muscle-lung interface when the lung is inflated compared to
its deflated state [134]. This is supported by Cavagnaro et al. who
studied the propagation of UWB pulses into human tissue and pro-
posed that effective RR recovery can be achieved by capturing the air-
skin reflection signal with an antenna positioned 1 meter away from
the body. They suggested that on-body antennas could potentially re-
cover the RR from a small signal reflected by the posterior lung wall
[37]. However, on-body UWB radar for RR monitoring has only been
studied using laboratory equipment [137, 138], using two points of
contact [48, 49], or with custom UWB antennas integrated into a seat
[158], all of which were evaluated exclusively on stationary users.

Here, we contribute Respiro, the first single-point-of-contact wear-
able device for RR measurement as shown in Figure 23, using
consumer-grade, off-the-shelf UWB radar modules. We also present
an offline data processing pipeline that computes RR from in-body
reflections contained in CIR estimates. We evaluated our system in
a user study where participants engaged in various activities to in-
duce motion artifacts. This approach aligns with other studies as-
sessing wearable devices for respiratory monitoring [38, 114]. To the
best of our knowledge, this is the first study to evaluate a wearable
UWB-based RR detection system on moving participants. Additionally,
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Figure 24: The processing pipeline includes (left to right): Computation of
the magnitude of the CIR and storage as a row in a matrix, then
the CIRs are calibrated, and aligned. Finally, an optimal weighting
to maximize the energy in the relevant frequency bands is calcu-
lated, applied, and the dominant frequency computed.

we collected accelerometer data and compare our UWB-based system
with the accelerometer-based systems of Bates et al. [17] and Rahman
et al. [142].

8.2 method

8.2.1 Hardware

Respiro includes two UWB radar modules (DWM3000, Qorvo), the
same series as the one integrated into commercial devices such as the
Google Pixel 6 Pro. Due to their half-duplex nature, two modules are
required as each one cannot transmit and receive simultaneously. The
radar modules are controlled by a microcontroller (ESP32-C3, Espres-
sif Systems) through the SPI protocol, configuring them for transmit-
ting and receiving states and acquiring measurement data. This data
is then transmitted by the microcontroller to a computer for further
processing via serial communication. Each radar module is soldered
onto a separate PCB. The two PCBs are enclosed in 3D-printed cases
lined with aluminum foil on all surfaces that do not face the wearer,
reducing the direct path component of the signal in comparison to
in-body reflections.

8.2.2 Sampling

Rather than raw reflected pulses, the radar module only provides ac-
cess to a complex CIR estimate which can be used for RR measurement
purposes. The CIR, represented as h[m], elucidates the relationship be-
tween a probing signal x[m] and its reflection y[m]:
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y[m] =

M∑
k=0

h[k]x[m− k] (1)

Physically, h[m] illustrates the reflection as if the probing pulse
were a Dirac delta function x[m] = δ[m]. M denotes the number of
samples in a CIR.

Each transmitted packet begins with an Ipatov preamble, followed
by a start-of-frame delimiter. The packet body may include a physical
header, followed by a payload, a scrambled timestamp sequence, or
both. The radar module estimates a CIR for every packet by exploit-
ing the perfect autocorrelation property of the Ipatov preamble. We
transmit a counter value during our measurements to avoid dupli-
cating CIR samples. The CIR preamble spans 1016 complex samples
when using the radar module’s default pulse repetition frequency of
64 MHz. The sampling period of the CIR equates to half the funda-
mental period TCIR = (2 · 499.2MHz)−1 ≈ 1ns.

A UWB pulse propagates through the air at a velocity of vair =
c

nair
= 29.9 cm

ns , where c is the speed of light in a vacuum and nair ≈ 1

the refractive index of air. Various tissues within the human body
have distinct dielectric properties. Prior work has used an average re-
fractive index of nthorax =

√
50 to model the thorax [37, 137, 138].

Under this assumption, the pulse propagation speed within the tho-
rax is vthorax = c

nthorax
= 4.2 cm

ns . Consequently, each sample corre-
sponds to a spatial distance of 4.2 cm within the human body. We
extracted 100 samples, aligning with previous work where 300 and
75 samples after the direct path were used ([49, 110]). However, the
direct path component commences not at index 0 of the extracted
CIR: In a random sample of more than 26 000 CIR samples recorded
over 14 minutes, we discovered that the average index of the direct
path, i.e., the index in the CIR with the highest magnitude, is ap-
proximately 741.7 with a standard deviation of 2.4. The lowest ob-
served direct path index was 735, and the highest was 746. There-
fore, we sampled 100 indices from the CIR starting at an offset of
720. This sampling strategy ensures over 70 samples to include re-
flections from within the thorax, corresponding to thorax diameters
up to 70

2 · 4.2 cm
sample = 148.3 cm. This reduces memory and commu-

nication demands by over 90% compared to sampling the entire CIR

while retaining pertinent information.

8.2.3 Data Processing

Figure 24 provides an overview of the data processing pipeline of
Respiro. Initially, we compute the element-wise magnitude of the
complex-valued CIR and store a predefined time window as a row
in a measurement matrix H. The rows of matrix H represent esti-
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mated reflections from a Dirac pulse at different temporal instances,
while the columns correspond to reflections originating from distinct
spatial distances.

Since not all direct path components possess the same energy, we
adopted the dominant path approach proposed by Li et al., where
they calibrated the CIR of a WIFI system to extract RR [111]. Their
method involves computing a calibration coefficient based on the en-
ergy of the direct path component, which they extracted from a win-
dow around the time domain peak of the CIR. In our configuration,
we utilize a 7 ns window to capture the energy of the directed path.
The calibrated CIR h ′[m] is derived from the CIR h[m] as follows:

h ′[m] =

 1

2D+ 1

√ ∑
|τ−τ∗|⩽D

|h[τ]|2

−1

h[m] (2)

Where D = 3 is the number of indices in the window left and right
of the index of the CIR peak τ∗ = argmax

τ

|h[τ]|.

To address the issue that the extracted CIRs do not contain their
direct path component at the same index every time and the rows of
H are thus not perfectly aligned, we employ cross-correlation maxi-
mization to align the rows of H. The initial CIR h0[m] in H serves as
a reference and each subsequent CIR hn[m] is shifted by an index kn
to achieve maximum cross-correlation.

kn = argmax
k

∣∣∣∣∣
M∑
m

h0[m]hn[m+ k]

∣∣∣∣∣ (3)

Various anatomical structures within the human body, such as the
anterior and posterior lung walls, act as potential sources for reflec-
tions containing RR information. We extract the RR from a linear com-
bination of reflections across all spatial distances, denoted as Hw. The
weight vector is computed using an optimization criterion introduced
by Li et al. [110] when they successfully extracted respiration signals
from individuals at unknown positions within a room. They maxi-
mized the energy within the band of possible respiration frequencies
while maintaining the overall energy constant by computing the opti-
mal weighting wopt as follows:

wopt = argmax
w

(FIHw)H(FIHw) (4)

s.t. const. = (FHw)H(FHw) (5)
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Figure 25: The data capturing system for the user study included the cus-
tom UWB device (left), a spirometer ground truth (center), and a
respiratory belt (right).

where F is the discrete Fourier transform (DFT) matrix and FI is
the DFT matrix containing frequencies in the band of possible respi-
ration frequencies. This leads to a dynamic selection of the measure-
ment depths in the body where respiratory signals occur. We used
a band of possible respiration frequencies of flr = 0.1 Hz (6 brpm) to
fhr = 0.7 Hz (42 brpm) which enables the detection of respiratory rates
both at rest and during physical exercise. Ultimately, we computed
the Fourier transform of Hwopt and identified the respiration fre-
quency as the frequency exhibiting the highest energy density within
the band of possible respiration frequencies.

8.3 controlled evaluation

8.3.1 System Overview

As shown in Figure 25, the study setup included the custom UWB

RR detection device, a spirometer (SPR-BTA, Vernier), a respiration
belt (BN-RESP-XDCR, BIOPAC Systems) with peripherals, and a com-
puter for data collection and processing. We integrated an accelerom-
eter (ADXL355, Analog Devices) with the UWB device to enable com-
parison with accelerometer-based systems proposed by Bates et al.
and Rahman et al. [17, 142]. The on-board microcontroller connects
to the accelerometer and the UWB radar modules and facilitates data
transmission to the computer via USB-C. Similarly, the microcon-
troller associated with the spirometer samples the analog signal and
transmits the acquired data to the computer via USB-C. The respi-
ration belt system features an independent transmitter for wireless
data transmission to the base station, which subsequently transmits
the data to the computer through WIFI.

As shown in Figure 26, we positioned the UWB device on the par-
ticipants’ sternum to ensure proper placement over the lungs while
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Figure 26: The device setup on the participant’s thorax for the study in-
cluded the custom UWB device which was strapped over the ster-
num, followed by the reference respiratory belt over the abdomen,
and the transmitter of the respiratory belt.

minimizing interference with upper body movement. Following the
manufacturer’s guidelines, we situated the respiration belt over the
abdomen. To prevent contact during movement and mitigate data
artifacts, we maintained a 1–2 cm gap between the respiration belt
and the UWB device. The respiration belt transmitter was placed with
a sufficient gap to the respiration belt to avoid contact during par-
ticipant movement. To prevent accidental sensor detachment during
exercise, we secured the USB-C cable of the UWB device to both the
supporting belt of the device and the belt of the respiration belt trans-
mitter. Similarly, we affixed the microcontroller interfacing with the
spirometer to the transmitter belt and secured its USB-C cable to the
transmitter belt.

In the user study, we acquired CIR and accelerometer data at a sam-
pling frequency of 32 Hz, following prior work which acquired data
at rates ranging from 19.3 Hz to 65 Hz [49, 110, 158]. The analog signal
from the spirometer was sampled at 50 Hz using the built-in analog-
to-digital converter on the connected microcontroller. Additionally,
the respiration belt signal was acquired at its default frequency of 2

kHz.
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8.3.2 Participants

The participants were 12 healthy adults, recruited on a voluntary ba-
sis. 3 female and 9 male participants took part, with ages ranging
between 21 and 29 (mean age: 25).

8.3.3 Procedure

Upon arrival, participants were introduced to the experimental proto-
col. An experimenter outfitted them with the recording devices. The
participants then tested the treadmill and the experimenter adjusted
the walking and running speeds if necessary, starting at 5 km/h and
10 km/h respectively. For the data acquisition, the participants then
completed the following activity sequence twice:

1. two minutes of sitting on a chair

2. two minutes of standing still

3. two minutes of walking on a treadmill

4. two minutes of running on a treadmill

5. one minute break (or more at participant’s request)

6. one minute of cycling on an exercise bike

7. one minute break (or more at participant’s request)

8. one minute of squats

9. one minute of standing still

For the second iteration, the spirometer was removed.
The experimental procedure was reviewed and approved by the

ETH Zurich Ethics Commission under the application reference EK-
2023-N-183.

8.4 results

For analysis, we considered the recordings of the seven activities
described in the study procedure, excluding breaks. With 12 partic-
ipants each performing two iterations of the protocol, this resulted in
12 · 14 = 168 traces. Two traces were excluded from analysis: one due
to a participant unintentionally breaching the study procedure dur-
ing the sitting sequence, and another due to a respiration belt failure
during the standing sequence.

Table 10 shows the aggregated results of the user study categorized
by activity. We report the SNR, the RMSE, the Mean Absolute Percent-
age Error (MAPE), and the share of traces exhibiting an error of less
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Figure 27: The error distributions of our UWB-based approach to detect res-
piratory rate compared to the accelerometer-based approaches of
Rahman et al. and Bates et al. The red dashed line indicates the
error threshold of 1 brpm used to classify successful traces.

than 1 brpm. We compute the SNR of the processed UWB signal, the res-
piration belt signal, and the spirometer signal using the methodology
outlined by Droitcour et al. [58], wherein signal energy is determined
as the energy density within a range of six brpm around the domi-
nant frequency, while the remaining energy is considered noise. We
report the RMSE and the count of successful traces, i.e., those with an
error lower than one brpm, consistent with Culjak et al. and Rahman
et al. [49, 142]. Furthermore, Table 10 also incorporates results from
the accelerometer-based pipelines from Rahman et al. and Bates et al.
[17].

The processed UWB signal generally exhibits an SNR greater than
1, except during the standing, walking, and running activities in the
second round of the study. Both the spirometer and respiration belt
ground truth signals consistently demonstrate an SNR greater than 1

when averaged across participants. Success rates range between 0.45

and 0.92 across activities which is better than the accelerometer-based
approach by Rahman et al. across all activities and at least equal to
Bates et al.’s approach in 11 of 14 cases investigated.

Figure 27 illustrates box plots representing the distributions of
absolute errors for our UWB-based approach and the accelerometer-
based approaches. Across all activities, the median error of our UWB-
based system remains below the 1 brpm threshold and the error dis-
tribution is narrower than the ones of the accelerometer-based ap-
proaches of Bates et al. and Rahman et al. For walking traces, our
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Respiro (ours) Rahman [142] Bates [17]

SNR MAPE RMSE
error

<1 brpm
RMSE

error

<1 brpm
RMSE

error

<1 brpm

w/ spirometer as reference

120 s sitting 3.09 3.96 1.08 0.82 3.18 0.36 5.28 0.73

120 s standing 1.84 6.83 2.16 0.67 3.63 0.33 6.31 0.75

120 s walking 1.08 6.47 4.49 0.83 7.39 0.17 9.49 0.42

120 s running 2.10 0.43 0.32 0.92 8.84 0.08 11.00 0.33

60 s cycling 2.26 5.08 2.29 0.75 5.04 0.17 0.65 0.83

60 s squats 1.60 4.51 2.50 0.75 3.79 0.33 6.24 0.50

60 s standing 1.31 13.63 6.24 0.83 3.95 0.17 6.05 0.67

w/o spirometer, respiration belt as reference

120 s sitting 1.75 6.45 2.47 0.67 2.80 0.42 7.48 0.08

120 s standing 0.80 15.76 6.00 0.45 3.39 0.09 9.26 0.64

120 s walking 0.49 36.57 15.29 0.50 5.20 0.17 9.20 0.25

120 s running 0.81 29.34 11.07 0.58 9.25 0.08 11.87 0.08

60 s cycling 1.16 4.36 3.52 0.83 8.15 0.25 7.48 0.50

60 s squats 1.13 4.54 1.61 0.67 6.99 0.33 8.72 0.67

60 s standing 1.65 10.19 5.13 0.67 6.76 0.42 8.21 0.67

Table 10: Aggregated user study results, comparing our method to the
accelerometer-based methods of Rahman et. al. and Bates et al.
RMSE is reported in brpm, MAPE as a percentage, error < 1 brpm as a
share

UWB system demonstrates a more scattered distribution of absolute
errors compared to Bates et al. and Rahman et al.’s systems.

8.4.1 Effect of the Spirometer

The study protocol consisted of two identical activity sequences,
where a spirometer was used only during the first iteration. Every-
thing else remained the same including the activities and sensor po-
sitioning.

To compare the results of both settings, we used the respiration belt
signal from both rounds as the ground truth for this analysis. When
wearing a spirometer, the MAE decreased by 2.65 brpm (3.76 brpm to
1.11 brpm, median absolute error 0.016 to 0.006), and the success rate
showed an increase of 0.20. Additionally, the SNR of the UWB method
increased by 70% on average. Computing the same SNR for the res-
piratory belt reference signal results in an increase of 98% when ad-
ditionally using a spirometer compared to the procedure iteration
without.



8.5 discussion 87

8.4.2 Accuracy of the respiration belt

During the first round of the user study, we captured signals from
the spirometer and the respiration belt. Comparing the respiration
belt to the spirometer, it achieves a success rate (< 1 brpm error) of
0.84% overall with values ranging from 0.67 (squats) to 1.00 (running).
The RMSE across activities is 3.06, inflated by the walking and squats
activities with RMSE of 4.54, and 6.40 respectively.

8.4.3 Correlation of Success and SNR

For the UWB-based method, we observe a negative correlation be-
tween the SNR and the absolute error with a correlation coefficient
of -0.29. This means that traces with a high SNR in the UWB signal
tend to have a lower error. Similarly, when discriminating traces at
SNR = 1, the mean success rate is 0.86 among traces with SNR > 1 and
0.56 for all others with sample sizes of 84, and 82 respectively.

8.4.4 Effect of the Window Size

We utilized the complete duration of a trace, which spans either one
or two minutes, for our analyses. Figure 28 depicts how the success
rate evolves if we consider windows of shorter duration. We assessed
all two-minute traces using sliding window sizes ranging from 2 to
119 seconds (3-second increment), and a step size of 10% of the win-
dow size. Across all activities assessed, a trend toward a higher suc-
cess rate with longer evaluation windows is observable with a steep
increase up to a window length of approximately 35 seconds and a
flattening curve afterward. The breadth of the confidence interval
expands with longer window sizes where the number of available
windows for analysis decreases.

8.5 discussion

As part of this dissertation, we presented Respiro, a single-point-of-
contact, wearable UWB radar system to monitor the RR. The method
worked not only in static settings but also during activities where it
was less prone to motion artifacts compared to methods based on
accelerometers. Using UWB modules that are used in commercial de-
vices such as smartphones, we were able to measure the respiratory
rate not only in static settings but also during physical activities. By
not requiring lab equipment or complex custom-built circuits and an-
tennas, we show the potential of this sensing modality to be used
in unobtrusive wearable devices monitoring the RR. The most closely
related prior work by Culjak et al. reported a MAPE of 8.75% when an-
alyzing a transmissive UWB signal through the chest while the partic-
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Figure 28: The success rate, i.e., error ⩽ 1 brpm (95% confidence interval),
depending on the window size.

ipants were sitting in a chair. In the same setting in our study (sitting
participant), we observed a MAPE of 6.45%, highlighting the viabil-
ity of a wearable single-point-of-contact UWB radar system in moni-
toring the RR, achieving accuracy comparable to that of a wearable
two-point-of-contact system. Compared to the accelerometer-based
systems of Rahman et al. and Bates et al., our UWB-based approach
has a higher success rate by being less prone to motion artifacts. How-
ever, movement of the sensor encasement can still lead to motion ar-
tifacts in the measurements. This is particularly evident during walk-
ing activities, where the cadence range overlaps with possible res-
piratory rates. Limitations of our study include the relatively small
sample size of 12 participants and the limited age diversity. Future re-
search should include a larger number of participants to investigate
participant-specific effects, such as variations in body types, on the
results.

8.5.1 Ground Truth with Spirometer and Respiration Belt

The acquisition of viable ground truth respiratory rate measurements
is challenging. The use of a spirometer introduces resistance to the
airflow during breathing and leads to the inhalation of previously ex-
haled air still in the mask and the device. These effects potentially
prompt subjects to engage in deeper breaths, augmenting the out-
comes. We observed this effect in our study where the SNR of the res-
piratory belt was higher when a spirometer was used at the same time
indicating deeper breathing patterns. However, the alternative use of
a respiration belt for ground truth measurements is more prone to
noise due to motion artifacts or movement of the belt. In our study,
when comparing the RR from the respiration belt to the results from
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the spirometer for reference, the respiration belt yielded the correct
respiratory rate in 84.3% of all traces (using 1 brpm tolerance). Both
these effects lead to a lower accuracy of the RR detection in the se-
quence where no spirometer was used. Notably, outliers were more
severe when not using the spirometer which explains the substantial
difference in the reported MAE. Similar observations have been made
in prior work by Pittella et al. who observed that a piezoelectric belt
measured arm movements rather than respiration frequencies [138].
This underlines the importance of a well-planned ground truth ac-
quisition in future work toward wearable, unobtrusive RR monitoring
devices for everyday use.

8.5.2 Correlation of Success and SNR

Our processing pipeline recovers the respiration signal from which
we compute the RR. The SNR estimate from Droitcour et al. serves
as a metric to assess the quality of the recovered respiration signal
[58]. Consequently, it is reasonable that traces with a higher SNR in
the processed UWB signal correspond to a greater success rate in RR

recovery. The SNR could thus be used as a predictive measure to es-
timate the likelihood of successful RR computation before extracting
the RR from the processed UWB signal. By incorporating this into the
pipeline, the system’s performance could be optimized by selectively
utilizing computed RR values only when the SNR exceeds a predefined
threshold.

8.5.3 Effect of the Window Size

Figure 28 illustrates a higher success rate in RR detection for longer
windows of recording data across all activities. This observation is
consistent with our expectations, as the optimization problem bene-
fits from a wider reference band. Beyond a window size of 45 seconds,
no substantial gains can be observed which may be due to changes
in respiratory rate throughout longer window sizes leading to ambi-
guities.

8.5.4 Limitations

All study participants were aged between 21 and 29 years. While
our method adapts to different body types by targeting respiration-
related frequency bands, it will be important to include people of
a greater age diversity in future efforts. Additionally, our evalua-
tion used only IMU-based baseline algorithms, as most contact-based
methods require extra hardware, like custom antennas, which could
introduce confounding variables.
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8.6 conclusion

As part of this dissertation, we presented Respiro, a method to moni-
tor RR using off-the-shelf UWB radar modules as commonly found in
devices such as smartphones. Respiro was tested with a custom-built
prototype in a study on 12 healthy adults who engaged in multi-
ple activities including walking, running, and cycling which typically
produces motion artifacts. When compared with ground truth ref-
erence measurements, our method performs on par and sometimes
better than more complex measuring methods while being less prone
to motion artifacts than accelerometer-based approaches. This show-
cases the potential for unobtrusive wearable devices that monitor RR

in everyday life using UWB radar.
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C O N C L U S I O N

In this dissertation, we have presented advancements in wearable
physiological monitoring outside of controlled environments. Our
main focus has been to produce high-quality measurement data and
derived values. We introduced a novel method for sensor synchro-
nization, and a data acquisition platform focused on long-term con-
tinuous signal recording with high reliability and no user interactions.
By integrating hardware innovations with computational methods,
this work contributes to the development of continuous, multi-modal,
and unobtrusive physiological sensing solutions that improve contin-
uous monitoring of motion, activities, breathing, and the cardiovascu-
lar system. This enables applications in precision medicine and more
generally health monitoring.

9.1 summary of contributions

We introduced a multi-device, low-power sensing system designed
for passive and long-duration physiological monitoring. The sys-
tem achieves sample-perfect synchronization across sensors and
millisecond-level alignment between devices. To minimize power con-
sumption, enable long battery life, and improve system robustness.
The platform is designed to live-stream only as much data as neces-
sary for the application and log full-resolution data in non-volatile
memory for later analysis.

To further enhance the reliability of physiological data collection,
we proposed a multi-modal offline synchronization method that en-
ables precise alignment of signals across multiple body-worn sensors
without requiring communication between the devices. This is valu-
able in real-world applications where radio communication during
runtime cannot always be guaranteed or has to be avoided due to
power restrictions.

With WildPPG, we contribute a large-scale dataset capturing
real-world physiological responses under diverse environmental
conditions. The multi-modal dataset includes continuous, time-
synchronized PPG, ECG, motion, and environmental measurements
across four different on-body locations. This dataset enables the de-
velopment of more robust signal-processing techniques and machine-
learning models tailored for wearable sensing applications.

Using the data of WildPPG, we introduced a lightweight sensor fu-
sion approach for PPG signals from multiple on-body locations that
enhances heart rate estimation by mitigating motion artifacts and
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environmental disturbances. Additionally, we developed a learning-
based method to generate synthetic PPG signals based on measure-
ments acquired at multiple optical wavelengths. This improves car-
diac monitoring in applications where PPG signals are acquired at
multiple wavelengths, such as pulse oximetry and is designed to en-
able a wide range of downstream analysis tasks by providing a con-
tinuous PPG signal as output.

Finally, we presented a novel method for continuous respiratory
rate monitoring using UWB radar, demonstrating its potential for un-
obtrusive respiratory tracking. Compared to other wearable methods
that are most commonly based on IMU measurements, our method
was less prone to motion artifacts and performed better during phys-
ical activities.

9.2 outlook and future work

Over the past half-century, technological advancements have led to
increasingly compact and accessible devices that match or surpass
the capabilities of earlier, more complex systems. Computers that
once occupied entire rooms in the 1950s are now significantly out-
performed by modern smartphones. This trend has continued in the
realm of wearable technology, enabling new applications, as demon-
strated in this dissertation. There is no indication that this trajectory
will slow down. Wearables are expected to continue improving in
power efficiency, computational performance, memory capacity, and
form factor, further expanding their potential applications. Building
on these advancements, several promising directions for future re-
search emerge:

9.2.1 Distributed Sensing

This dissertation has demonstrated that fusing sensor data from mul-
tiple on-body locations enhances data quality for downstream anal-
ysis. This approach has great future potential: as wearables become
smaller and require less frequent charging, the use of multiple de-
vices will become more practical for users. Future research should
focus on refining this concept by developing more efficient and reli-
able sensor fusion techniques. This includes the integration of diverse
signal modalities, an area of ongoing investigation [23].

9.2.2 Real-World Data Acquisition

As shown in our research, many published algorithms struggle with
data recorded in real-world applications outside of controlled envi-
ronments. To enhance robustness in real-world applications, future re-
search should prioritize the development of algorithms that perform
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reliably in everyday settings. Given that modern machine learning
methods require large, diverse datasets, emphasis should be placed
on acquiring representative data from real-world scenarios where in-
dividuals move and interact naturally. Furthermore, obtaining high-
quality ground truth data in such environments is critical. This may
involve capturing accurate physiological signals as well as contextual
information, such as user activities and psychological states.

9.2.3 Exploration of New Wearable Sensing Modalities

This dissertation introduced Respiro, leveraging UWB technology as
a novel sensing modality for respiratory rate monitoring. This ap-
proach was motivated by the fact that traditional methods from con-
trolled settings such as hospitals do not translate well to wearable
devices due to the need for obtrusive breathing masks. Future work
should continue the exploration of alternative sensing modalities to
track parameters that are challenging to measure directly in wearable
devices. Besides respiratory measurements, this includes the measure-
ment of blood pressure in the context of vital signs.

9.2.4 Lightweight Body Pose Estimation for Health Applications

Body pose estimation is a topic of ongoing research in human-
computer interaction and presents significant potential for health-
related wearable applications. The ability to track movement range
and speed using minimal hardware could offer benefits for individ-
uals recovering from medical procedures or adhering to physical
therapy regimens. Future work should focus on the development
of lightweight, wearable-compatible body pose estimation techniques
that can provide actionable insights for rehabilitation and fitness ap-
plications.

By providing new means for data acquisition and analysis, this dis-
sertation provides tools, data, and analysis methods to enable contin-
uous physiological monitoring outside of controlled environments.
The ability to track the physiological state of a person using small in-
expensive wearable devices provides users with invaluable insights,
particularly related to precision medicine applications. Wearables are
a scalable solution to prevent adverse health events, improve recover-
ies and optimize daily routines.





A
A P P E N D I X

In this Appendix, we provide additional information and baseline
results related to WildPPG which we introduced in Chapter 5.

a.1 dataset accessibility

We provide WildPPG time series in the MATLAB .mat file format.
Code is provided in Matlab .m file format and Python .py source
code. The python source code contains functions to load the .mat
files into equivalent python structures. All data, code, and the project
website are hosted on ETH Zurich servers with long-running mainte-
nance intended for long-term availability. The dataset uses a Creative
Commons CC BY-NC-SA 4.0 license [31] while the code is released
under GPL-3 [72].

a.2 experimental settings

This section provides more details on the implementations of the
learning-based baseline methods and the dataset we tested them on.

a.2.1 Datasets

The datasets used alongside WildPPG are both widely employed in
related work about HR estimation from PPG signals.

a.2.1.1 IEEE SPC

This competition provided a training dataset of 12 participants
(SPC12) and a test dataset of 10 participants [204]. The IEEE SPC
dataset overall has 22 recordings of 22 participants (ages 18 – 58)
performing three different activities. Each recording contains data
sampled at 125 Hz from a 3-axis accelerometer and 2-channel pulse
oximeter sensor (green LEDs). All these recordings were captured
from the wearable device placed on the wrist of each individual. Ad-
ditionally, a chest ECG provides ground-truth HR estimation. During
our experiments, we used the PPG channels only. We use leave-one-
out-cross-validation similar to the previous setups.

a.2.1.2 DaLiA

PPG signals from the DaLia dataset were recorded at a sampling rate
of 64 Hz. We used the whole dataset of 15 participants while fol-
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lowing the leave-one-out-cross-validation. 10% of the training data is
randomly split for validation, i.e., early stopping and saving the best
model.

All PPG datasets are standardized as follows. Initially, a fourth-
order Butterworth bandpass filter with a frequency range of 0.5–4 Hz
is applied to the PPG signals. Subsequently, a sliding window of 8 sec-
onds with 2-second shifts is employed for segmentation, followed by
z-score normalization of each segment. Lastly, the signal is resampled
to a frequency of 25 Hz for each segment.

a.2.2 Supervised Baseline Methods

We train the models using a batch size of 128 with a learning rate of
5e− 4. The validation loss is employed to save the optimal model and
halt training to prevent overfitting. If no improvements are observed
for 15 consecutive epochs, we reduce the learning rate by a factor
of 10. Our experiments utilized NVIDIA GeForce RTX 4090 GPUs
and involved training with three random seeds across all datasets,
resulting in approximately 480 GPU hours, including ablation.

a.2.2.1 1D ResNet

is a modified version of ResNet for time series with 1D filters of size
five across eight residual blocks. The initial block consists of 32 filters,
incrementing by a factor of two for every two subsequent residual
blocks. Also, batch normalization [92] is applied after each convolu-
tional block. We apply a pooling operation after each residual with
a stride of 2 while using Dropout [172] with 0.5 after each activation.
Finally, a global average pooling is used before the final linear layer.

a.2.2.2 DCL

is a combination of convolutional blocks with the long-short term
memory units [85] (LSTMs) and is widely used for time series [26,
141] as it considers the temporal relationship. Specifically, the DCL
architecture has four convolutional layers with 5× 1 size of 64 kernels.
Then, the output is fed into the 2-layer LSTM with 128 units. The last
time step of the LSTM is fed to a linear layer.

a.2.2.3 FCN

We also implemented a fully convolutional neural network with a
3-layer followed by ReLU activation and MaxPooling after each con-
volutional layer, similar to the implementation in [141]. Dropout with
0.5 is applied after the first convolutional layer. We set the kernel and
padding size to 8 and 4, respectively for each convolutional layer. The
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number of kernels for each convolutional layer is set to 32 for the first
one and 64 for the rest.

a.2.2.4 LSTM

We employed a unit of two layers of LSTM [85] without any feature
extraction, i.e., the raw PPG data is fed to the model. The features
from the final LSTM are fed to a linear layer for HR estimation.

a.2.2.5 Transformer

We also added transformers with positional encodings as a baseline
model. Since the attention mechanism [183] is used to capture depen-
dencies between any points within the input sequence, irrespective
of their temporal distance, we used it for time series data, similar
to [141]. Specifically, we used linear layers with a stack of four iden-
tical blocks. The linear layer converts the input data to embedding
vectors of 128. A token of size 128 is added to the embedded input as
the representation vector. Each block is made up of a multi-head self-
attention layer and a fully connected feed-forward layer with residual
connections around them.

a.2.3 Self-Supervised Baseline Methods

For our self-supervised learning experiments, we follow the same im-
plementation setup as previous works [54, 55, 141] for self-supervised
learning in time series. Specifically, we use a combination of convo-
lutional with LSTM-based network, which is widely used in heart
rate estimation from PPG signals [26, 54], as backbones for the en-
coder fθ(.) where the projector is two fully connected layers. During
pre-training, we use InfoNCE (for contrastive learning-based meth-
ods) as the loss function, which is optimized using Adam [99] with
a learning rate of 0.003. We train the models with a batch size of 256

for 120 epochs and decay the learning rate using the cosine decay.
After pre-training, we train a single linear layer classifier on features
extracted from the frozen pre-trained network, i.e., linear probing.

a.2.3.1 SimCLR

SimCLR [41] introduces a contrastive learning framework for self-
supervised visual representation learning. The method relies on max-
imizing agreement between differently augmented views of the same
image via a contrastive loss in the latent space. We follow the previ-
ous implementations of SimCLR for time series [141] and PPG sig-
nals [54].
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a.2.3.2 NNCLR

We follow a similar setup to SimCLR by applying two separate data
augmentations, and then we use nearest neighbors in the learned
representation space as the positive in contrastive losses [61]. The
maximum size of the support set equals 1024.

a.2.3.3 BYOL

For the BYOL implementation, the exponential moving average pa-
rameter is set to 0.996 where the projector size is set to 128. We set
the learning rate to 0.03 similar to other SSL techniques. Following the
original implementation, we use a weight decay parameter of 1.5e− 6.

a.2.3.4 TS-TCC

We follow the same architecture implementation with the losses, i.e.,
contextual and temporal contrasting. TS-TCC [62] proposed applying
two separate augmentations, one augmentation is weak (jitter-and-
scale) and the other is strong (permutation-and-jitter). The authors
also change the strength of the permutation window from dataset
to dataset. In our experiments, we follow the previous work [55] for
PPG-based augmentation.

a.2.3.5 TS2Vec

TS2Vec [199] is an SSL method specifically designed for time series
based on contrastive (instance and temporal-wise) learning in a hi-
erarchical way over augmented context views where the context is
generated by applying timestamp masking and random cropping on
the input time series. Following the original framework, we use a di-
lated CNN architecture with a depth of 10 and a hidden size of 64,
which has a similar number of parameters to the architectures used
by other SSL methods. The batch size is set to 256, and the number of
epochs to 120, consistent with other SSL techniques.

a.2.3.6 VICReg

We follow the original implementation and set the coefficients for
each loss term to 25 (λ), 25 (µ), and 1 (ν), corresponding to the in-
variance, variance, and covariance terms, respectively. We have not
performed an additional hyper parameter search as these values are
also set by previous on this application [55].

a.2.3.7 Barlow Twins

Barlow Twins [200] presents a function to avoid collapse for SSL by
measuring the cross-correlation matrix between the outputs of two
identical networks fed with augmented versions of a sample, and
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making it as close to the identity matrix as possible. This causes the
embedding vectors of augmented versions of a sample to be similar
while minimizing the redundancy between the components of these
vectors. Following the original implementation, we applied batch nor-
malization to the extracted embeddings and set the hyperparameter
λ coefficient (in Equation 6) to 0.005.

L =
∑
i

(1−Cii)
2 + λ

∑
i

∑
j̸=i

C2
ij, (6)

where C is the cross-correlation matrix computed between the two
sets of normalized embeddings.

a.2.4 Unsupervised Baseline Method

We also consider one of the unsupervised learning based method,
unsupervised periodicity detection (UPD), as an additional baseline
model.

a.2.4.1 UPD

UPD [55] presented two novel regularizers for detecting periodic pat-
terns in time series data without using labels or specific augmenta-
tions. We follow the original implementation which can be found on
github.

Since this method operates without supervision, it requires rela-
tively clean samples to learn periodic representations. Consequently,
its performance is quite low on datasets with noisy samples, such as
WildPPG and DaLiA datasets.

a.3 additional experiments

Here, we present additional experiments we conducted beyond our
main experiments, which focused on estimating the heart rate from
green PPG recordings on the wrist as it is the most widely used mea-
surement site and PPG wavelength for wearable devices [19].

a.3.1 Evaluation Across Multiple Body Locations and PPG Wavelengths

We investigated the performance of the models when we integrate
PPG signals from the different measurement sites of the body as well
as PPG signals recorded at different wavelengths. Table 11 presents
the results for the baseline and the modified ResNet architecture per-
formances.

From these results, we observe that incorporating additional mea-
surement sites for HR prediction generally reduces the error, despite

https://github.com/eth-siplab/Unsupervised_Periodicity_Detection
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Table 11: Performance comparison of baselines with prior works in datasets

Location

Method

WildPPG

MAE↓ RMSE↓ ρ↑

Only Wrist

1D ResNet 8.62 15.00 42.41

Temp-ResNet 8.37 14.72 45.50

Only Chest

1D ResNet 8.55 14.95 44.30

Temp-ResNet 8.35 14.68 46.48

Wrist and Chest

1D ResNet 8.40 14.85 44.40

Temp-ResNet 8.28 14.67 47.55

All

1D ResNet 8.60 14.93 43.27

Temp-ResNet 8.33 14.70 46.50

Wavelength

Method

WildPPG

MAE↓ RMSE↓ ρ↑

Green

1D ResNet 8.62 15.00 42.41

Temp-ResNet 8.37 14.72 45.50

Red

1D ResNet 10.25 17.63 35.21

Temp-ResNet 9.97 16.41 36.45

Infrared

1D ResNet 8.97 15.93 36.33

Temp-ResNet 8.72 15.88 37.66

All

1D ResNet 8.59 14.97 43.21

Temp-ResNet 8.35 14.68 46.38

increasing the number of model parameters. Furthermore, results
suggest that the wrist measurement site has the lowest signal qual-
ity compared to other sites. This outcome is expected, as the wrist is
particularly susceptible to motion artifacts and exposure to cold, and
the results are consistent with prior work [117]. Similarly, the signal
quality of alternative wavelengths is lesser compared to green PPG
which is also consistent with prior work [146].

a.3.2 Cross-Dataset Evaluation

We evaluated model performance using a cross-dataset approach,
specifically employing a leave-one-dataset-out scheme. In this setup,
two datasets were used for training, while the third dataset was re-
served for testing. Results are summarized in Table 12.

a.3.3 Additional sensor modality

In Table 13 we present the experimental results of integrating acceler-
ation with PPG as an additional modality.
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Table 12: Performance comparison of baselines in cross-dataset evaluation
(one dataset left for evaluation and others used for training)

Method
Test on WildPPG Test on SPC12 Test on DaLiA

MAE↓ RMSE↓ ρ↑ MAE↓ RMSE↓ ρ↑ MAE↓ RMSE↓ ρ↑

Supervision

1D ResNet 16.32 27.33 12.33 11.25 18.37 67.36 17.23 22.10 67.14

DCL 19.43 29.32 10.68 15.45 26.32 55.43 20.90 25.31 60.21

FCN 16.55 26.77 11.53 14.22 24.58 50.28 24.13 24.56 65.32

LSTM 16.79 28.57 8.97 27.86 28.11 42.11 21.59 23.47 63.42

Transformer 17.25 30.98 6.72 28.45 30.38 30.85 20.31 20.17 55.21

Table 13: Performance comparison of baseline models across datasets when
integrating accelerometer data with PPG as an additional modality

Method
Test on WildPPG Test on SPC12 Test on DaLiA

MAE↓ RMSE↓ ρ↑ MAE↓ RMSE↓ ρ↑ MAE↓ RMSE↓ ρ↑

Supervision

1D ResNet 8.22 14.34 44.33 5.33 11.08 85.02 4.43 09.88 85.96

DCL 8.69 15.03 42.01 15.30 20.98 20.78 4.88 11.73 79.12

FCN 9.65 15.16 37.42 25.95 27.87 45.13 6.12 10.92 84.04

LSTM 8.72 14.11 38.61 17.41 21.13 60.10 5.07 10.94 80.01

Transformer 9.98 17.10 31.73 21.92 25.10 50.97 7.17 14.98 68.97

Temp-ResNet 8.13 13.95 47.48 — — — 4.27 9.13 87.31

a.3.4 Baseline Results on the BIDMC Dataset

Considering the wide use of the BIDMC dataset (recorded in con-
trolled environments), we provide baseline results of the baseline
methods listed in Section A.2.2 for this dataset in Table 14.

a.4 impact of temperature and motion

The modified architecture Temp-ResNet adds the device’s case tem-
perature (measured within the encasing) as an additional input
modality to improve results. Figure 29 shows the HR error of 1D
ResNet based on PPG from the wrist in relation to case temperature
and motion. The correlations of error and temperature/motion are
supported by the investigation of signal-to-noise ratio (SNR): We have
computed the SNR of the PPG signal by relating the power PHR of
the ground truth HR in the frequency spectrum of the PPG signal to
the power Pnoise = Ptot−PHR of the other frequency components in
the relevant window of possible heart rates:
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Table 14: Performance comparison of baselines when tested on the BIDMC
dataset

Method
BIDMC

MAE↓ RMSE↓ ρ↑

Heuristic

FFT 4.41 9.74 33.42

Supervision

1D ResNet 3.62±0.22 5.23±0.39 85.43±0.20

DCL 4.18±0.31 5.89±0.65 83.34±1.37

FCN 4.01±0.27 5.41±0.47 84.57±1.14

LSTM 5.73±1.79 10.86±0.96 29.37±1.58

Transformer 7.71±1.40 11.03±1.35 19.21±2.20
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Figure 29: The error (blue) of 1D ResNet based on PPG from the wrist,
dependent on the device temperature (left), and device motion
(right). Inversely related is the computed SNR of the PPG signal
(red).

SNR = 10 · log
(

PHR

Ptot − PHR

)
dB

While it is well understood that motion artifacts have a negative
impact on PPG signal quality [204], the presented results show that
the temperature within the wearable has an inverse correlation to
PPG signal quality as well.

a.5 ppg device

The schematics and production data (CAD drawing, BOM, Ger-
ber/NCDrill, pick&place) of the PPG device used in this project are
available on the project website. The data is acquired using an off-
the-shelf PPG LED module (SFH7072, OSRAM) and a commonly
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Table 15: Register configurations of the MAX86141 PPG chip
Register Name Addr Value Description

PPG_CONFIG_1 0x11 0x2B ALC enable, 117us integr., 16uA range

PPG_CONFIG_2 0x12 0x70 128 Hz SR (ext. clock), no averaging

PPG_CONFIG_3 0x13 0xC0 12uS LED settle time

PHOTO_DIODE_BIAS 0x15 0x11 Low capacity PD

LED_RANGE_1 0x2A 0x00 LED driver range 31mA

LED1_PA 0x23 0x12 IR LED current 2.16mA

LED2_PA 0x24 0x0C R LED current 1.44mA

LED3_PA 0x25 0x0C G LED current 1.44mA

INTERRUPT_ENABLE_1 0x02 0x00 Disable all Interrupts

LED_SEQ_REG1 0x20 0x21 Set LED sequence (1 slot each for IR R G)

LED_SEQ_REG2 0x21 0x03 Set LED sequence (1 slot each for IR R G)

LED_SEQ_REG3 0x22 0x00 Set LED sequence (1 slot each for IR R G)

used dedicated PPG acquisition chip (MAX86141, Analog Devices).
Table 15 shows the register configuration of the MAX86141 PPG chip
as used during the data acquisition.

a.6 file structure

The file structure of the WildPPG dataset is shown in Figure 30

WildPPG data file structure

Par�cipant File (.mat) [body_loca�on] [sensor_trace] fs sensor sampling rate, numeric
descr sensor descrip�on, string
v values, numeric array

id par�cipant id, string
notes par�cipant specific informa�on, string

available values
[body_loca�on] head

ankle
sternum
wrist

[sensor_trace] acc_x accelerometer X-Axis fs=128 Hz
acc_y accelerometer Y-Axis fs=128 Hz
acc_z accelerometer Z-Axis fs=128 Hz
al�tude barometric al�tude fs=0.5 Hz 8-second sliding window
temperature device case temperature fs=0.5 Hz 8-second sliding window
ppg_g green PPG fs=128 Hz
ppg_ir infrared PPG fs=128 Hz
ppg_r red PPG fs=128 Hz
ecg lead I ECG, sternum only fs=128 Hz

Figure 30: For each participant in WildPPG, one .mat Matlab data file is
provided with the structure as illustrated.
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