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Übersicht

Die Atemfrequenz RR ist ein wichtiges Vitalzeichen, das zur Beurteilung der Atemfunktion
und der allgemeinen Gesundheit benutzt wird. Die Atemfrequenz variiert von Person zu
Person und kann durch Faktoren wie Alter, körperliche Aktivität und medizinische Bedingun-
gen beeinflusst werden. Die Forschung hat gezeigt, dass Veränderungen der Atemfrequenz
zur Diagnose und Überwachung von Atemwegserkrankungen wie Asthma und chronisch
obstruktiver Lungenerkrankung (COPD) beitragen können. Ein Ansatz zur automatischen,
nicht invasiven und weniger zeitaufwändigen Überwachung ist die Extraktion der Atemfre-
quenz aus anderen physiologischen Parametern wie dem Elektrokardiogramm (EKG) oder
inertial measurement unit (IMU) Sensoren. Es gibt zwar verschiedene Publikationen, die
unterschiedliche Ansätze zur Rekonstruktion von Atemsignalen aus EKG- und IMU-Signalen
untersuchen, allerdings fehlt bisher sowohl ein systematischer Vergleich beider Ansätze,
als auch Forschungsarbeiten, welche untersuchen ob Kombination beider Modalitäten die
Signalqualität verbessern würde. Das Ziel dieser Arbeit war daher die Implementierung
verschiedener Algorithmen zur Extraktion von Atemsignalen, als auch zur Schätzung der
Atemfrequenz aus EKG- und IMU-Signalen zu implementieren und die verschiedenen Meth-
oden systematisch zu vergleichen. Um diese Algorithmen in einer realen Umgebung zu
evaluieren, wurde ein neuer Datensatz bestehend aus IMU- und EKG-Daten, sowie einem
Referenzsignal aufgenommen. Dabei wurde festgestellt, dass die EKG-basierten Algorithmen
die IMU-basierten Algorithmen in Bezug auf die Korrelation mit dem Atemsignal als auch
bei der Atemfrequenz Schätzung übertreffen. Während der beste EKG basierte Algorithmus
einen mittleren absoluten Fehler (MAF) von 7,52 Atemzügen pro Minute erreichte, wies der
beste IMU basierte Algorithmus einen MAF von 8,35 Atemzügen pro Minute auf. Außerdem
konnte die Leistung der Atemfrequenz Schätzung weiter verbessert werden, indem die besten
Algorithmen für jede Sensormodalität mit Hilfe eines Fusionsalgorithmus kombiniert wurden.
Die Ergebnisse dieser Arbeit zeigen, dass die EKG-basierten Algorithmen besser abschneiden
als IMU-basierte Algorithmen, und durch die Kombination beider Modalitäten konnte die
Qualität weiter gesteigert werden. Allerdings sind die Unterschiede zwischen der Schätzung
und der tatsächlichen Atemfrequenz immer noch zu groß. Aus diesem Grund sollte in weiteren
Forschungsarbeiten untersucht werden, welche Verbesserungen das Hinzufügen zusätzlicher
IMU-Sensoren bewirkt um atmungsbedingte und normale Körperbewegungen zu trennen,
um die IMU-basierte Atmungsextraktion weiter zu verbessern.
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Abstract

Respiration rate (RR), also known as breathing rate, is an important vital sign that is used
to assess an individual’s respiratory function and overall health. Normal RR varies among
individuals and can be influenced by factors such as age, physical activity, and medical
conditions. Research has shown, that changes in respiration rate can be used to diagnose and
monitor respiratory disorders, such as asthma and chronic obstructive pulmonary disease
(COPD). However, evidence suggests that RR is often not recorded, due to need for obtrusive
sensor systems. A promising approach to automatically monitor RR, in an unobtrusive, and
less time-consuming way is by extracting RR from other physiological parameters such as
electrocardiogram (ECG) or IMU signals.

Although there are various publications that investigated different approaches to unobtru-
sively extract respiratory information from ECG or IMU signals, there is a lack of systematic
comparison of both approaches, or whether combining both modalities would improve the
signal quality. The aim of this work was therefore to implement different algorithms to extract
respiration signals, as well as RRs, from ECG and IMU signals and to systematically com-
pare the different methods. Additionally the impact of combining the IMU and ECG-based
approaches should be investigated.

To evaluate these algorithms in a real-world environment, a new dataset containing IMU
and ECG data as well as a ground truth signal from a respiration belt, was recorded. Thereby,
the ECG-based algorithms outperformed the IMU based ones in terms of correlation with
the ground truth respiration signal, as well as in RR estimation. While the best algorithm
using an ECG signal achieved a Mean absolute error (MAE) of 7.52 the best algorithm using
an IMU signal had a MAE of 8.35. Furthermore, the performance of RR estimation could
be further improved, by combining the best algorithms for each sensor modality, by using a
fusion algorithm.

The results of this thesis show that the ECG-based algorithms in general perform better
than IMU-based ones and by combining both modalities the performance can be further
increased. However, the differences between the estimation and the ground truth RR are still
too large. For that reason, further research should examine the benefit of adding additional
IMU sensors, for separating respiration induced and regular body movement, in order to
further improve IMU-based respiration extraction.
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Chapter 1

Introduction

In a hospital environment the recording of a patients vital signs, such as heart rate, blood
pressure and temperature at least daily is considered standard [Cre08]. However there is
evidence from previous studies that some vital signs such as RR are apparently regarded as less
important [Rol19]. Although, especially RR, which is a early indicator for various diseases
[Con18], is often not taken into account because of obtrusive sensor systems like nasal flow
devices [Ott16], or impedance pneumography [Mły12]. In particular in an home monitoring
environment those devices are often not applicable or just too expensive. Therefore, reliable
and unobtrusive methods to collect real-world respiratory information might lead to a broader
assessment of respiratory information, thus potentially allowing to develop better diagnostic
approaches.

Over the past decades, several methods and algorithms were developed to derive respi-
ratory information from other, less obtrusive sensor modalities. Inhalation and Exhalation
are primarily caused by the contraction of the diaphragm and intercostal muscles, which
consequently leads to a movement of the upper body. This movement can be measured, by for
example IMU sensors and further processed to estimate the respiration rate [Ces18]. Another
approach is to extract respiratory information from an ECG, also known as ECG-derived
respiration (EDR). Since breathing modulates the ECG signal through several biological
mechanisms. respiratory sinus arrhythmia (RSA) leads to shorter RR-Intervals during in-
spiration and longer ones during expiration due to an increased and decreased vagal tone
respectively [Yas04]. The rotation of the cardiac vector is also influenced by respiration,
leading to changes in the ECG waveform [Pal89]. Moreover the relative position of the
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electrodes to the heart changes during inhalation and exhalation, which also contributes as a
modulation [OBr07].

Although the two approaches (IMU,ECG) have each been well studied, there is a lack of
systematic comparison between both, or whether combining both modalities would improve
the quality of the extracted information

The goal of this bachelor’s thesis is therefore, to systematically compare the different
kinds of respiration estimation algorithms and to investigate further possibilities of improving
the estimation quality by combining both modalities. In order to compare the algorithms, a
study was conducted where ECG, IMU data as well as a ground truth respiration signal using
a thoracic respiratory belt via respiratory induction plethysmography. were recorded. As a
part of this study the participants went through several phases where they were instructed to
speak, stay in different postures and to follow different breathing patterns.

The structure of this thesis is organized as follows: Chapter 2 presents relevant related
work of recent research in the field of respiration estimation, while Chapter 3 explains relevant
medical background information. In Chapter 4 the methods for data aquisition and data
processing are introduced. The results are presented in Chapter 5 and further discussed in
Chapter 7. Chapter 8 concludes this thesis and provides an outlook on possible future research
issues.



Chapter 2

Related Work

Respiratory information has been shown to be an early indicator for changes in a persons
physiological state [Rol19]. Especially respiratory disorders such as COPD, Sudden Infant
Death Syndrome (SIDS) and sleep breathing disorders can be diagnosed. [Ces18]. While
manual counting of breaths per minute is still common in some hospitals [Cre08], finding
and improving reliable and unobstrusive ways of continuous RR monitoring or automated
longitudinal RR monitoring is an ongoing research task [Liu19].

2.1 EDR Algorithms and Methods

Previous work showed that it is possible to extract respiratory information reliably from the
ECG. Moody et al. showed that interpolating the area of each detected QRS complex of an
ECG results in a smooth EDR signal, which highly correlates with a reference pneumatic
respiration transducer (PRT) recording [Moo85].

Over the last decades more algorithms have been developed utilizing different kinds of
physiological modulations of respiration on the cardiac cycle [Maz03; Sch08; Boy09; Wid10]
which will be explained later in this thesis. However, the first large systematic comparison of
those algorithms was carried out by Charlton et al. who divided the process of estimating
RR in three main steps: extraction of the respiration signal, estimation of the RR based on
that signal and optionally fuse multiple RR estimations together. In their work, 14 extraction
algorithms, 12 RR estimation algorithms and five fusion algorithms were used, which were
usable in custom combinations. The combinations of algorithms were then ranked first
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by two standard deviations (SDs) from the ground truth labels and then by absolute bias.
Four combinations were even better than a clinical impedance pneumograph (IP) device.
A reference RR estimation was calculated using a oral-nasal pressure signal and expert
annotations [Cha16].

2.2 IMU-derived Respiration

Apart from ECG based approaches, several other studies investigated RR estimation based
on IMU sensor data. The main advantage of IMU sensors is that they are unobstrusive and
inexpensive. Thus, they have the potential to help monitoring respiration on an ambulatory
basis. Although, some studies suggest that using multiple IMU sensors results in a higher
quality respiration extraction [Ces18], this thesis focuses on a single-IMU approach as it is
easier to set up and less expensive.

Additionally, recent evidence suggests that using a single sensor produces sufficient results.
An example for this is the study carried out by Rahman and Morshed, who used one IMU to
detect the respiration signal. They achieved promising results by only using a moving average
filter and normalization on the accelerometer data of the IMU sensor [Rah21].

A similar approach was carried out by Skoric et al. who conducted a study with 17
young, healthy and stationary participants. They processed the x-axis acceleration or the
y-axis gyration with a Savitsky-Golay and a moving average filter. The generated two signals
showed good reliability because they were highly correlated to the respiration signal, with a
correlation coefficient of 0.895 for acceleration and 0.828 for gyration [Sko20].



Chapter 3

Medical Background

3.1 Clinical Measurement of Respiration

Respiratory disorders or lung diseases were one of the leading causes of death in 2019
according to the WHO 1 and with the recent global COVID pandemic more and more attention
has focused on respiratory health. Especially RR is a vital sign which has been shown to
be an important indicator of serious clinical events and illnesses, when deviating from the
normal range of around 6-24 breaths per minute [Fle17]. These include for example intensive
care unit (ICU) readmission [Car14], chronic heart failure [Pon01], pneumonia [Ram15], and
cardiopulmonary arrest [Hod02]. Despite the fact that RR is clinically a strong indicator of
deterioration, the measurement of RR is still often performed by manually counting the taken
breaths per minute or even neglected, because of a lack of clinical resources or nurses and
doctors not being aware of the importance of RR [Fle17]. However, manual counting can be
very time consuming for the medical staff and also leads to inaccurate results [Kel11] due to
counting for less than 60 seconds or just estimating the RR [Rol19].

Apart from manually counting there are three mainstream methods for clinically measuring
RR. The first one being a spirometer which monitors the volume of air inspired and expired
by the lungs through a mouthpiece. This can even be used for accurately measuring multiple
respiratory parameters apart from only RR. However, due to the obstrusive mouthpiece this
interferes with natural breathing and is also not suitable for continous monitoring. The second
one is capnometry, which measures partial pressure of carbon dioxide in the exhaled air

1https://www.who.int/news-room/fact-sheets/detail/the-top-10-causes-of-death

https://www.who.int/news-room/fact-sheets/detail/the-top-10-causes-of-death
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through a mouthpiece. Due to the carbon dioxide partial pressure peaking during exhalation
this can also be used to accurately measure RR, but also has the same disadvantages as the
spirometer. The third one is an impedance pneumograph (IP) which works by putting two or
more electrodes on the chest, injecting a low-amplitude high-frequency into the thorax and
measuring the impedance change due to the respiration cycle. Unlike the spirometer and the
capnometer IP is suited for continous monitoring of RR, but it also requires special devices
and is very error prone to motion and posture changes [Liu19].

3.2 Electrocardiogram (ECG)

An ECG records the electrical signals caused by the hearts polarization and depolarization.
The basic segments of an ECG signal are illustrated in Figure 3.1[Taw12]. The ECG consists
of the following three recurring waves:

P wave: corresponds to atrial depolarization

QRS complex: corresponds to ventricular depolarization

T wave: corresponds to ventricle repolarization

Together they form one single heart beat. Additionally the interval between two successive R
peaks is often referred as RR-interval. But in order to avoid confusion with the respiration rate
RR we will refer to it as NN-intervals, which emphasizes that only normalized RR-intervals
are considered [Gou15].
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Figure 3.1: Illustration of the ECG segments [Taw12]

3.3 ECG Modulations

Previous research seperated the influence of respiration on the ECG in three categories, as
illustrated in 3.2[Cha16]: baseline wander (BW), amplitude modulation (AM) and frequency
modulation (FM) [Bai06; Mer12].

3.3.1 Beat Modulation

During inspiration the absolute peak values of the hearts electrical activity are decreased (AM).
Moreover the general baseline of the signal is also shifted downwards during inspiration
(BW). There are three suggested mechanisms for this behaviour. Probably the highest impact
is caused by body movement during respiration which changes (1) the electrodes position
relative to the heart [Fla67] and (2) the electrical axis of the heart [Bai06]. Moreover changes
in the pattern of ventricular excitation, caused by variations in hemodynamics associated
with respiration, could also be a reason for the modulation [Fla67] Another suggestion is that
changes in thorax impedance, caused by filling and emptying of the lungs, could contribute
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Figure 3.2: Illustration of respiration induced modulations on the ECG and PPG signal
[Cha16]

to the modulation. However, the impact of this is assumed to be rather small [Fla67; Bai06].

3.3.2 Frequency Modulation

Respiratory Sinus Arrythmia also known as RSA, is one of the modulations the respiration
has on the cardiac system. According to Grossman et al. RSA is ”a cardiorespiratory
phenomenon characterized in mammals by heart rate (HR) or R-R interval (RRI) fluctuations
that are in phase with inhalation and exhalation” [Gro07]. More specifically Heart rate
increases during inhalation and decreases during exhalation as shown in 3.2[Cha16]. RSA is
believed to be a caused by increased vagal tone during inspiration. However, recent research
suggests that there are limitations to that correlation [Gro07]. Furthermore the effect of RSA
is not equal in every human. According to Meersmann there seems to be an age-related loss
of vagal-cardiac activity and thus a decreased impact ofRSA on the ECG [De 93].
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Methods

4.1 Data Aquisition

To assess the impact of combining IMU and ECG based algorithms a study was conducted
at the Machine Learning and Data Analytics Lab (Erlangen, Germany) from September to
October 2022. Participants were asked to perform different breathing and movement patterns
in order to assess various algorithms under different circumstances.

4.1.1 Study Population

In total 16 participants (10 male, 6 female) took part in the study after giving informed consent.
An overview of demographic and anthropometric data of the participants can be found in
Table 4.1.

Participants Age [years] Height [cm] Weight [kg] BMI [kg/m2]

female 6 24.12 ± 1.36 165.50 ± 3.01 58.37 ± 5.38 21.35 ± 2.58
male 10 25.10 ± 1.85 183.40 ± 8.43 83.10 ± 13.13 24.61 ± 2.78

total 16 24.81 ± 1.68 176.68 ± 11.21 74.00 ± 16.13 23.46 ± 3.04

Table 4.1: Demographic and anthropometric characteristics of the participants; Mean ± SD

Before the study started, participants filled out a questionnaire in order to ensure that no
participant with insufficent physical condition took part. Exclusion criteria included an age
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under 18 and above 30, an extreme under- or overweight, physical or mental illness, intake of
any heart medication, asthma or a recent COVID-19 infection within the last four weeks.

4.1.2 Experimental Setup

For recording ECG and respiration signals a MP160 1 data acquisition workstation together
with the software tool AcqKnowledge 2 , both developed by BIOPAC Systems Inc.[Goleta,
USA], were used. The MP160 is a 16-Channel data acquisition and analysis system which
can record multiple Channels with different sampling rates up to 400 kHz. There are various
modules for measuring different biosignals which can be connected to the base station. For
this study the modules ECG100C and r100C were used for recording a Lead I ECG according
to the Einthoven triangle, and a respiration signal as a reference for the ECG and IMU derived
signals. The respiration was measured using a thoracic respiratory belt which’s mechanism
is based on respiratory induction plethysmography. The sampling rate for both was set to
250 Hz. For dividing the recordings in different phases the AcqKnowledge software was
used to manually place event markers for each beginning of a phase during the recording. To
record chest movement via IMU data another chest-worn wearable sensor (Portabiles NilsPod,
Portabiles GmbH, Erlangen, Germany) was used. This sensor recorded 3D acceleration
(range +-16g) as well as 3D angular rate (range +-2000°/s) at a sampling rate of 256 Hz.
Furhtermore, it has a built-in ECG Sensor, which could also be used for extracting respiratory
information. Figure 4.1 shows the sensor placement of both systems. Both devices were
synchronised using a custom made syncboard.

1https://www.biopac.com/product/mp150-data-acquisition-systems/
2https://www.biopac.com/product-category/research/software/

https://www.biopac.com/product/mp150-data-acquisition-systems/
https://www.biopac.com/product-category/research/software/
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Figure 4.1: Electrode, respiratory belt and IMU placement
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4.1.3 Study Protocol

The study protocol which is also schematically shown in 4.3 consisted of the following tasks:

Initialization and synchronization: At the start of the recording the participants were asked
to sit on a chair at rest, while data aquisition of the Biopac and the Portabiles sensors
was started. To synchronize the two datastreams, a synchronisation signal was induced
on one channel of both recording systems.

Baseline 1 (3 min): The participants were instructed to keep sitting on the chair at rest for a
total of three minutes.

Speaking (2 min): The participants were asked to read out loud a text from a book of non-
fiction, while continuing to sit on the chair in order to assess the algorithms performance
in a real world situation.

Baseline 2 (1 min): In order to recover from the speaking phase a baseline phase of one
minute was inserted in the study protocol.

Standing and rest (3 min): The participants were instructed to stand up and keep an upright
position for three minutes.

Sitting and rest (2 min): Afterwards the participants were asked to sit down again. In order
to allow the orthostatic response to wear off, the participant remaines in a sitting position
for two more minutes.

4-7-8 Breathing (1 min): The participants were instructed to follow a breathing pattern from
a smartphone app. Each cycle of this so called ”4-7-8 Breathing” consists of a four
second inhalation interval, a seven second interval of holding the breath and an eight
second exhalation interval.

Baseline 3 (1 min): In order to recover from the 4-7-8 Breathing phase another baseline
phase of one minute was inserted in the study protocol.

Metronome Breathing (1 min): The participants were instructed to follow a breathing pat-
tern from a smartphone app. This time, it was a regular breathing with a four second
inhalation and a four second exhalation interval.



4.1. DATA AQUISITION 13

Baseline 4 (1 min): Another baseline for recovery before the last phases.

Inhalation and hold (3 min): The participants were instructed to inhale and hold their breath
for 30 seconds. Afterwards, they were instructed to breath normally for 30 seconds in
order to recover. This was repeated a total of three times.

Exhaltation and hold (2 min): The participants were asked to exhale deeply and then hold
their breath for ten seconds. Like in the previous phase they were instructed to breath
normally for 30 seconds in order to recover. This was also repeated three times.

Hyperventilation (1 min): Within the final breathing pattern an additional hyperventilation
phase was performed where the participants were instructed to breath as quickly and
briefly as they could, in order to simulate a highly increased RR. The participants
should perform this for a maximum of one minute and in case they feel any dizziness
they were instructed to stop prematurely.

Baseline 5 (1 min): A final baseline in which the data aquisition was ended.
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Figure 4.3: Visualization of the study protocol
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4.2 Data Processing

In the following the pipeline for data processing is presented. Inspired from Charlton et al.
[Cha16] the pipeline is divided into three parts ( Figure 4.4). Each step consists of several
interchangable algorithms. The first step consists of algorithms with either ECG or IMU data
as input, and extract a respiratory signal. The second part are algorithms which take these
extracted respiratory signals and estimate a RR based on them. As a last step an optional
fusion algorithm can be added to further improve the RR estimation.

Extraction of Respiration Signals

Extraction of Respiration Signals

Fusion of RR 

Estimates

RR

Estimation

RRRR

Figure 4.4: Data processing pipeline for extracting RR from either ECG or IMU. The dashed
stage is optional. Design adapted from Charlton et al. [Cha16]

4.2.1 Respiratory Signal Extraction Algorithms

Each of the extraction algorithms computes an respiratory-like signal, which was then nor-
malized using the following equation:

rnormalized =
rraw − rmin

rmax − rmin

(4.1)

Where rraw are the extracted respiratory-like signal values and rmin and rmax are the global
minimum and maximum respectively.

ECG-derived respiration

1. ExtractionLindeberg: Bandpass filter according to Lindeberg et al. [Lin92]

The ECG signal is first bandpass filtered with a 10th order Butterworth bandpass filter
with a lower cutoff frequency of 0.066 Hz and an upper cutoff frequency of 1.0 Hz.

2. ExtractionKarlen: Amplitude differences of troughs and proceeding peaks according
to Karlen et al. [Kar13]
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The ’peak-trough-diff’ method implemented in version 0.7.1 of the BioPsykit package
[Ric21] was used for this. First all R-peaks are detected. Then the proceeding Q-waves
within a 0.1 second interval before the R-peaks are detected. The difference between
each Q-wave and R-peak pair is calculated and interpolated to the length of the raw
ECG signal. Afterwards, this raw respiration signal is then filtered with a 10th order
Butterworth bandpass filter, with a lower cutoff freqency of 0.1 Hz and an upper cutoff
frequency of 0.5 Hz.

3. ExtractionOrphandiou: Time between R-peaks according to Orphiandou et al. [Orp13]

The ’peak-peak-interval’ method implemented in version 0.7.1 of the BioPsykit package
[Ric21] was used for this. First all R-peaks are detected. Afterwards, the difference
between each peak and its successor is calculated. This Signal of NN-intervals is then
interpolated to the length of the raw ECG signal and then filtered with a 10th order
Butterworth bandpass filter, with a lower cutoff freqency of 0.1 Hz and an upper cutoff
frequency of 0.5 Hz.

4. ExtractionCharlton: Mean amplitude of troughs and proceeding peaks according to
Charlton et al. [Cha16]

The ’peak-trough-mean’ method implemented in version 0.7.1 of the BioPsykit package
[Ric21] was used for this. First all R-peaks are detected. Then the proceeding Q-waves
within a 0.1 second interval before the R-peaks are detected. The mean for each Q-wave
and R-peak pair is calculated and interpolated to the length of the raw ECG signal.
Afterwards, this raw respiration signal is then filtered with a 10th order Butterworth
bandpass filter, with a lower cutoff freqency of 0.1 Hz and an upper cutoff frequency of
0.5 Hz.

5. ExtractionAddisonAM: The maximum amplitudes of the continuous wavelet trans-
form (CWT) according to Addison and Watson [Add04]

The advantage of CWT when used for analysing ECG data is that information about time
and frequency can be extracted, opposed to for example the fast fourier transform (FFT)
where only frequency information can be extracted. In a CWT of a raw ECG signal
two ridges can be seen (Figure 4.5) [Add04]. One is induced by the beating heart and
one from the respiration.
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Figure 4.5: Visualization of the CWT of a signal with two ridges [Add04]

The algorithm consists of the following steps:

(a) Calculate the CWT of the ECG signal.

(b) Extract the region of plausible cardiac frequencies from 30-220 bpm

(c) Find the maximum magnitude for each time sampling point

(d) Create a ridge amplitude perturbation (RAP) signal [Add04] by projecting the
found maxima onto the amplitude-time plane.

6. ExtractionAddisonFM: The frequency corresponding to the maximum amplitude of
the CWT according to Addison and Watson [Add04].

As in the previous method the CWT of the signal is calculated and maximum magnitudes
within plausible cardiac frequencies are calculated. But instead of creating the RAP
signal, a ridge amplitude perturbation (RFP) signal is created by projecting the maxima
onto the frequency-time plane.

7. ExtractionVangent2019: Interpolating NN-intervals according to [Gen19]

For this algorithm, the implementation of version 0.2.2 of the Neurokit2 Package was
used [Mak21]. It is based on FM and creates a respiration signal by interpolating the
NN-interval values. Afterwards an additional second order buttwerworth bandpass
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filter is applied, with a lower cutoff frequency of 0.1 Hz and an upper cutoff frequency
of 0.4 Hz.

8. ExtractionSoni2019: Interpolating NN-intervals according to [Son19]

For this algorithm, the implementation of version 0.2.2 of the Neurokit2 Package was
used [Mak21]. It is based on FM and creates a respiration signal by interpolating the
NN-interval values. Afterwards an additional lowpass filter is applied, with a cutoff
frequency of 0.5 Hz.

9. ExtractionSarkar2015: Interpolating NN-intervals according to [Sar15]

For this algorithm, the implementation of version 0.2.2 of the Neurokit2 Package was
used [Mak21]. It is based on FM and creates a respiration signal by interpolating the
NN-interval values. Afterwards an additional 6th order butterworth bandpassfilter is
applied, with a lower cutoff frequency of 0.1 Hz. and a higher cutoff frequency of 0.7
Hz.

IMU-derived respiration

1. PositionalVectorExtraction: Moving average filter the acceleration according to
Rahman and Morshed [Rah21]

For this algorithm the x,y and z-axis acceleration signals are first filtered by using a
moving average filter of size 256 according to Equation 4.2.

afiltered[n] =
1

256

255∑
i=0

a[n− i] (4.2)

Where afiltered is the filtered acceleration vector and a is the vector containing the
raw acceleration in all three axes. Afterwards, the signals of the three axes are each
normalized according to Equation 4.3.

anorm[n] =
afiltered[n]− amin

amax − amin

(4.3)

Where amin is the minimum and amax is the maximum of the normalized axis. The
acceleration is then filtered again, using a moving average filter, this time with a window
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size of 384 Hz. As a last step, the amplitude values are calculated using Equation 4.4
and used as estimated respiration signal.

aamplitude[n] =
3

√
ax[n] + ay[n] + az[n] (4.4)

Where aamplitude is the calculated amplitude value and ax, ay, and az are the signal
values of the three axes.

2. SavGolExtractionGyr/Acc: Savitsky-Golay filter according to Skoric et al. [Sko20]

According to Skoric et al. the best two modalities for estimating respiration from
IMU were found in x-axis acceleration and y-axis gyration, which are shown in 4.6
[Sko20]. The two corresponding axes of the Nilspod sensor were used, which were

Figure 4.6: Coordinate system of Skoric et al. [Sko20]

the acceleration of the y-axis and the gyration of the x-axis which is refered to as
signal in the following. First, the size of the filter window is determined. For this the
summed power spectrum of all six acceleration and gyration axes is calculated. Then
the frequency with the highest amplitude between 0.001 Hz and 2.0 Hz in the spectrum
is assumed to be the respiration frequency. Thereby, the window size of the filter is then
set to the corresponding respiration period. Afterwards, a 4th order Savitsky-Golay
filter with the calculated window size is applied to the signal.
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4.2.2 RR Estimation

1. PeakDetection: Basic peak detection according to Shah [Sha12]

On the respiration signal a simple 7-point peak detection was applied. If a point was
greater or equal to the next three points to the left and right, it is considered a peak.
The estimated respiration rate was calculated according to Equation 4.5.

RR =
npeaks

s/60

Breaths

Minutes
(4.5)

Where RR is the estimated respiration rate, npeaks the number of detected peaks and s

length of the signal in seconds.

2. GradiantDetection: Zero crossing algorithm according to Johannson [Joh03]

First, the normalized respiration signal is shifted downwards to have a a range of values
from −0.5 to 0.5. Then all zero crossings with a positive gradiant are detected and
counted. The respiration rate was then calculated according to Equation 4.6.

RR =
nZeroCross

t0 − tN
(4.6)

Where nZeroCross is the number of detected zero crossings and t0 is the time of first
and tN the time of the last zero crossing.

3. PeakThroughDetection: Simple breath detection according to Fleming [Fle]

Inspired from Schäfer et al. [Sch08] a 10th order butterworth bandpass filter was applied
to the respiration signal before counting peaks and troughs. The lower cutoff frequency
was 0.1 Hz and the higher cutoff frequency 0.5 Hz.

Then, all peaks and troughs were detected by checking the gradient. A change from
positive to negative is regarded as a peak and a change from negative to positive as a
trough.

The mean of the signal was then calculated, whereas all minima above and maxima
blow were deleted, while assuring that minima and maxima are still alternating. This
was achieved by also deleting the closest other maximum for minima and the closest
other minimum for maxima.
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Then, all pairs of extrema are deleted, if their distance is smaller than 0.5 seconds.
However, it is very rare for this to happen as Fleming already stated in his work [Fle].

4. CountOrig: Breath detection via ’Count-orig’ according to Schäfer et al. [Sch08]

The Original Counting Method (Count-orig) from Schäfer et al. consists of the following
steps:

1) Filter the respiration signal with a 10th order butterworth bandpass filter was
applied to the respiration signal. The lower cutoff frequency was 0.1 Hz and the
higher cutoff frequency 0.5 Hz.

2) Locate all peaks and troughs of the filtered curve.

3) Take the third quartile Q3 of all local maxima values and define 0.2 · Q3 as a
threshold.

4) A breathing cycle begins and ends at a local maxima above the threshold level. A
part of the signal between two of those extrema is regarded as a valid respiratory
cycle if it contains exactly one minimum under 0

5) The average length of all valid respiratory cycles is calculated and interpreted as
the reciprocal respiration frequency.

5. CountAdv: Breath detection via ‘Count-adv’ according to Schäfer et al. [Sch08]

The Advanced Counting Method (Count-adv) from Schäfer et al. consists of the first
two steps of ’Count-orig’ followed by:

3) Calculate the absolute vertical differences of subsequent local extrema. Then
determine the third quartile Q3 of these and define 0.3 ·Q3 as a threshold.

4) Find and remove all pairs of subsequent extrema, where their difference is below
the threshold level. The remaining extrema are thought to originate all from
breathing thus defining the all respiratory cycles.

5) The RR is calculated as the reciprocal mean length of all detected respiratory
cycles



22 CHAPTER 4. METHODS

4.2.3 Fusion of RR Estimates

There are many possibilities for fusing RR estimates, such as temporal smoothing or different
spectral analysis methods [Orp09; Orp13; Láz13; Pla]. However, according to Charlton et al.
[Cha16] the Smart Fusion algorithm proposed by Karlen et al. [Kar13] produced by far the
best result. For that reason, this thesis only considers this fusion algorithm.

1. SmartFusion: Fusion based on calculating the mean according to Karlent et al. [Kar13]

This algorithm takes three estimated RR values from three extraction methods, each
one should be either be based on a different physiological modulation of the ECG or
on the IMU signal. The fused respiration rate is defined as:

RRfused =

RR1+RR2+RR3

3
, if σ ≤ 4

NaN, otherwise

Where RR1, RR2 and RR3 are the three RR estimates and σ is their SD. If their SD is
greater than 4 breaths per minute the estimation is assumed to be of low quality and no
value is returned to indicate that.
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Evaluation

5.1 Respiration Signal

5.1.1 Correlation

For the evaluation of the extracted respiration signals the Pearson correlation coefficient (PCC)
of the ground truth signal and the extracted signal was calculated for each phase presented in
Section 4.1.3. The PCC implementation of the SciPy Package was used for this[Vir20]. The
Pearson correlation coefficient of two signals x and y is calculated as follows:

rxy =

∑
(x−mx)(y −my)√∑

(x−mx)2
∑

(y −my)2
(5.1)

Where mx and my are the mean values of the signals x and y respectively. The mean and SD
of the PCC for each algorithm combination was calculated as:

µxy =
1

N

N−1∑
i=0

rxyi (5.2)

σxy =
1

N

N−1∑
i=0

(rxyi − µxy)
2 (5.3)
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5.2 Respiration Rate

For the evaluation of the estimated respiratory rate, the MAE for each algorithm combination
was calculated according to Equation 5.4.

MAE =

∑n
i=0

∣∣RRGroundTruthi
−RREstimatedi

∣∣
n

(5.4)

Where RRGroundTruthi
is the ground truth RR for one phase, RREstimatedi is the estimated

RR for one phase and n is the number of estimated RRs. RRGroundTruthi
was calculated by

using methods from the Neurokit2 Python package. The code can be found in the Appendix
B.1.
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Results

6.1 Respiration Signal Extraction

Overall Perfomance

As shown in Table 6.1 the extraction algorithm with the highest absolute mean PCC over all
participants and phases, was ExtractionKarlen 2 with a mean value of −0.31 and a SD of
±0.24.

Extraction Algorithm Sensor Mean PCC ± SD

ExtractionKarlen Biopac ECG -0.31 0.24
ExtractionOrphandiou Biopac ECG -0.26 0.21

ExtractionCharlton Biopac ECG -0.25 0.22
ExtractionVangent2019 NilsPod ECG 0.23 0.25
ExtractionSarkar2015 NilsPod ECG 0.23 0.25
ExtractionOrphandiou NilsPod ECG -0.23 0.22
ExtractionAddisonAM BioPac ECG -0.20 0.34
ExtractionVangent2019 Biopac ECG 0.17 0.22
ExtractionSarkar2015 BioPac ECG 0.17 0.21
ExtractionSoni2019 NilsPod ECG 0.13 0.28

Table 6.1: Performances of the ten highest ranked algorithms for extracting respiration signals;
ranked by the absolute value of the mean PCC
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Performance based on raw signal

As shown in Figure 6.1 the Sensor modalities all have a mean PCC of approximately zero,
mostly due to the fact that positive and negative coefficients cancel each other out and also
because many phases contain irregular breathing patterns, which most extraction algorithms
fail to replicate. However, compared to the NilsPod ECG and the NilsPod IMU the algorithms
generally achieve higher correlation coefficients of around ±0.8 when using the Biopac ECG
signal.

Biopac ECG NilsPod IMU NilsPod ECG
Signal used for extraction
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Figure 6.1: Boxplot to visualize the quality for respiration signal extraction using Biopac
ECG (9 algorithms), NilsPod IMU (3 algorithms) and NilsPod ECG (9 algorithms)

Performance based on phases

As shown in Table 6.1 ExtractionKarlen achieved the highest absolute mean PCC, thus it
will be used to demonstrate algorithms performance based on the phase they were applied.
As shown in Figure 6.2 algorithms generally performed better on regular breathing patterns
like the Metronome Breathing phase. In contrast to that, phases with irregular breathing like
Hyperventilation and 4-7-8 breathing were especially bad with almost all coefficients around
zero. Whereas Phases with no prescribed breathing pattern like Sitting and rest and Standing
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and rest performed slightly better with several coefficients above 0.5 and under −0.5.

Metronome Breathing Hyperventilation Inhalation and hold Exhalation and hold
Phases
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Figure 6.2: Performance of ExtractionKarlen algorithm depending on the used phase
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6.2 RR Estimation

Overall Performance

As shown in Table 6.2 the best algorithm combination for estimating RR was Extraction-
Soni2019 for the signal extraction and CountOrig for the RR estimation. It has a MAE
of 7.526957 breaths per minute over all participants and all phases. The best IMU based
approach was the combination of PositionalVectorExtraction and CountOrig with a MAE of
8.357204.

Extraction Algorithm Estimation Algorithm Sensor Mean Absolute Error [BPM]

ExtractionSoni2019 CountOrig Biopac ECG 7.526957
ExtractionSarkar2015 CountOrig Biopac ECG 7.527760

ExtractionCharlton CountOrig NilsPod ECG 7.571070
ExtractionSarkar2015 CountOrig NilsPod ECG 7.656179
ExtractionSoni2019 CountOrig NilsPod ECG 7.719700

ExtractionOrphandiou CountOrig Biopac ECG 7.750569
ExtractionKarlen CountOrig NilsPod ECG 7.777508

ExtractionOrphandiou CountOrig NilsPod ECG 7.786824
ExtractionSoni2019 PeakDetection NilsPod ECG 7.859076

ExtractionKarlen CountOrig BioPac ECG 7.869668

Table 6.2: Performances of the ten highest ranked algorithm combinations for estimating
respiratory rate based on the used Sensor; ranked by the MAE in breaths per minute (BPM).

In total 105 different combinations of algorithms were tested. Some combinations showed
very large errors, such as the ExtractionAddissonFM extraction with the PeakDetection
algorithm, which had a MAE of 14247.76 [BPM] over all participants and phases. A complete
listing can be found in the Appendix.

Performance based on phases

Figure 6.3 presents the residual plot for the best algorithm combination shown in Table 6.2.
It can be seen that even the ground truth RR has high outliers which were not all caused by
the Hyperventilation phase. In Figure 6.4 the residual plot is further divided into the different
phases.
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Figure 6.3: RRs of the best algorithm combination

6.3 Fusion Algorithm Performance

For further optimizing the estimated RR the SmartFusion algorithm was applied on the RRs
of the best algorithm combination for Biopac ECG, NilsPod ECG and NilsPod IMU. Figure
6.5 shows the residual plot for the fused RRs of all participants and subjects. In Figure 6.6 a
more detailed view over the different phases is given.

It can be seen, that compared with Figure 6.3 the differences between the ground truth and
the estimated RRs has strongly decreased. There were almost no datapoints with a difference
greater than five breaths per minute. From 156 datapoints 12 were discarded. Seven of them
were discarded because of the Initialization phase, which was too short for the ground truth
estimation algorithm to calculate a reference value. Only five of the 156 datapoints (2.5%)
were discarded due to a SD greater than four breaths per minute.
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Figure 6.4: Performance of the (ExtractionSoni2019, CountOrig) algorithm combination
depending on the used phase; using both NilsPod ECG and Biopac ECG
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Figure 6.5: Fused RRs of the best algorithms
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Figure 6.6: Performance of the fusion of the best three algorithm combination depending on
the used phase
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Discussion

One main objective of this thesis was to systematically compare methods for RR estimation,
by using different combinations of algorithms with different input modalities on a medium
sized dataset. The following Chapter discusses the presented methods for data aquisition, the
study design, the methods for data processing and their corresponding results according to
their suitability for a continous RR monitoring.

7.1 Data Aquisition

7.1.1 Sensor Placement

For recording the dataset a chest-worn IMU sensor was used, which was easy to attach with
a chest belt because there was nothing special to watch out for. However, the respiration
belt for recording the ground truth respiration signal was more difficult to attach correctly.
The main issue was that the respiration belt needed to be pulled tight while completely
exhaling, otherwise it might happen that the respiration signal spikes downwards when the
participants exhales deeply e.g. in the Exhalation and hold breathing pattern. Although the
participants were instructed to do so, there were still a few occasions where this was notable
in the respiration signal. A possible solution for that would be to let the study supervisor
attach the respiration belt to make sure it is tight enough. However there is still be possibility
for human error. A less error prone approach would be to test the signal quality during the
Initialization phase, to assure a reliable ground truth signal. Another limitation is that in
this dataset respiration was only recorded based on displacements of the rib cage, whereas
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abdominal or diaphragmatic breathing was not recorded at all. The signal quality of ground
truth could therefor be further optimized by considering this additional measurement for
further research.

7.1.2 Study Protocol

For evaluation of the presented algorithms the participants went through several phases, where
they were instructed to speak, switch posture and to follow prescribed breathing patterns.
Between phases there were multiple baselines for recovery, which were not further analysed.
The results show that algorithms generally perform better on the phases with a regular and calm
breathing pattern like Metronome Breathing, Standing and rest or Sitting and rest. Whereas
phases with irregular breathing, like the Hyperventilation phase or the phases containing
intervals where participants were instructed to hold their breath, were harder to estimate
RR on. Most likely because extraction algorithms fail to replicate longer intervals of no
breathing. In case of Hyperventilation its probably due to the fact that most participants had
a very shallow breathing and some estimation algorithms either failed to detect peaks and/or
discarded too much of them.

Another limitation was the algorithm from the Neurokit2 Python package [Mak21], used
for estimating the RR of the ground truth signal. In Figure 6.4 it can clearly be seen that even
during phases with a prescribed breathing pattern, like Exhalation and hold, the reference
algorithm results in different RRs, although they should be almost the same for each participant.
The reason for this could be too much noise in the respiration signal because of the high
sampling rate of 250 Hz. In further research, a additional processing of the raw respiration
signal could be investigated in order to remove noise and result in a more reliable ground
truth signal.

The study procedure outlined in Section 4.1.3 provided enough different phases for an
evaluation of the algorithms used in this work. However, one limitation is that all datasets were
recorded in a controlled laboratory environment with a study supervisor present. This likely
influenced the behavior and physical activity of the study participants. Furthermore, the use of
multiple electrode leads and two chest belts may have restricted the subjects’ body movements
and breathing patterns. Without these measurement devices, physical and respiratory activity
could be less restricted. Future studies should include recordings in everyday environments
without supervision and with less restrictive methods for reference measurements.
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7.1.3 Dataset Population

The recorded dataset originally consisted of 16 participants (10 male, 6 female), of which four
(3 male, 1 female) were excluded because of corrupted IMU data. However, since this study
only contained young and healthy participants, there is still need to validate the results on a
bigger dataset. Therefore future work should include a wider range of participants, in order
to properly evaluate the effectiveness of IMU and ECG derived RR. This should include
individuals of different ages, ethnicities and also with different respiration related diseases in
order to provide more profound results.

7.2 Data Processing

7.2.1 Signal Extraction

For extraction of respiration signals, 12 different algorithms were implemented. Nine were
based on ECG signals and three on IMU signals. As reported in Section 6, the algorithms
based on the Biopac ECG signal achieved slightly higher correlation than the ones based on
NilsPod ECG and NilsPod IMU signals. There are several possible explanations for these
results. On the one hand the Biopac ECG signal is less preprocessed than the NilsPod ECG
signal, which can also seen in Figure 4.2. Therefore respiration induced artifacts like BW,AM
and FM could be less prominent. On the other hand the NilsPod IMU signals do not only
contain acceleration or gyration induced from breathing, but also from regular upper body
movement. This leads to large spikes, when for example sitting down or standing up. However,
there are ways to compensate these effects. For example by using a reference IMU sensor
which is placed on a body part that is not involved in respiratory movements (e.g., coccyx or
anterior superior iliac crest). This can then be used for extracting only the respiration induced
movements [Ces18].

Moreover, the IMU based approaches were still able to extract signals with a relatively
high correlation to the ground truth signal of around 0.75. These findings support previous
research from Skoric et al. [Sko20], which showed similar correlations by also using just one
IMU node.
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7.2.2 RR Estimation

For estimation of RR, five different algorithms were implemented, which calculated a res-
piration rate based on a extracted respiration signal. The algorithm CountOrig was by far
the best-performing one. As shown in 6.2 nine of the ten best combinations used it as an
estimation algorithm. This is somewhat surprising, because Schäfer et al. reported in his work
that the CountAdv algorithm performed better than CountOrig [Sch08]. The discrepancy
could be attributed to the noise in the respiration signals, because when many large spikes are
present, its likely that the Q3 threshold is influenced and more correct respiration peaks are
excluded.

7.2.3 Fusion

After evaluation of all extraction and estimation combinations, the best combination for each
sensor modality was selected to be combined in the fusion algorithm. These combinations
were the (ExtractionSoni2019, CountOrig) for both ECGs and (PositionalVectorExtraction,
CountOrig) for the IMU signals. By fusing the RR estimates the range of error significantly
decreased, as apparent when comparing Figure 6.4 and Figure 6.6. There is abundant room
for further optimising estimation of RRs. For example there are much more advanced fusion
algorithms available using temporal smoothing or spectral analysis methods [Cha16].



Chapter 8

Conclusion and Outlook

This first research goal of this work was to implement and systematically compare different
algorithms to derive respiratory information from ECG and IMU signals. For that purpose a
set of interchangeable extraction and estimation algorithms was implemented. The resulting
respiration signals and the estimated RRs , of a recorded dataset with 12 Participants, were
then used for evaluation. The best algorithm for extraction of a respiration signal was ECG
based, and achieved a mean PCC of −0.3.14 and a SD of ±0.249254.

Moreover, the best algorithm combination for estimating RR with ECG signals was
found to have a MAE of 7.526957 breaths per minute. Which first seems extraordinary high
considering a range from 12 to 16 breaths per minute in an average adult person. But first of
all that is the value for all phases. But it needs to be emphasized that phases, which were in
general more difficult to estimate correctly, strongly contributed to this value. Secondly the
algorithm for estimating RR with the ground truth signal also sometimes resulted in incorrect
RRs due to noise and problems during data aquisition. The best algorithm combination when
using IMU signals performed only slightly worse, with a MAE of 8.357204.

As the second research goal of this thesis, further potential of combining IMU and
ECG data in order to improve signal and estimation quality. Therefore, the best performing
algorithm combination for each sensor modality were combined in a fusion algorithm. The
computed fused RRs showed a clear improvement in all evaluated phases.

In this thesis it was shown that combining IMU and ECG can improve quality of RR
estimations. However the dataset was still recorded in a controlled laboratory environment.
In order to make this approach suitable for home monitoring, more recordings in everyday
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environments need to be included in future studies. However, for that the used sensor systems
would need to be even less obstrusive, for example by using the NilsPod ECG sensor instead
of the BioPac MP160. Also in regards to signal quality there is still a long way to go, as the
differences of multiple breaths per minute are still too large to make this method reliable for a
home monitoring environment. Because of that, future research should focus on isolating
respiration induced acceleration and gyration by using multiple nodes instead of just one, in
order to further improve IMU based respiration extraction.



Appendix A

Glosary

DNN deep neural network

RR respiration rate

IMU inertial measurement unit

EDR ECG-derived respiration

RSA respiratory sinus arrhythmia

ECG electrocardiogram

PRT pneumatic respiration transducer

PPG photoplethysmogram

IP impedance pneumograph

SD standard deviation

COPD chronic obstructive pulmonary disease

SIDS Sudden Infant Death Syndrome

ICU intensive care unit

AM amplitude modulation
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BW baseline wander

FM frequency modulation

CWT continuous wavelet transform

RAP ridge amplitude perturbation

RFP ridge amplitude perturbation

FFT fast fourier transform

MAE Mean absolute error

PCC Pearson correlation coefficient
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Listings

B.1 Python code for RR ground truth calculation

c l a s s Neurok i tDetect ion ( BaseEstimationRR ) :

”””
Algorithm used f o r c a l c u l a t i n g the r e f e r e n c e r e s p i r a t i o n ra t e .
Ca l cu l a t e s RR s i g n a l and re tu rn s the mean o f that s i g n a l .
”””

de f e s t imate ( s e l f , r e s p i r a t i o n_s i g n a l : pd . DataFrame ,
sampling_rate : f l o a t ) :

”””
@param r e s p i r a t i o n_s i gn a l : r e s p i r a t o r y_s i gna l to ex t r a c t

r e s p i r a t i o n ra t e
@param sampling_rate : sampling ra t e o f the r e s p i r a t o r y_s i gna l
@return : s e l f , r e s p i r a t i o n ra t e i s saved as a in s t ance

a t t r i b u t e s e l f .
r e s p i r a t i on_ra t e ( f l o a t
i f s u c c e s s f u l nan

otherwi se )
”””

# Check i f s i g n a l i s too shor t
minimum_seconds = 12
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th r e sho ld = sampling_rate * minimum_seconds
i f l en ( r e s p i r a t i o n_s i g n a l . index ) < thre sho ld :

s e l f . r e s p i r a t i on_ra t e = np . nan
return s e l f

# Cleaning s i g n a l
c l eaned = nk . rsp_clean (

r e s p i r a t i o n_s i gn a l . i l o c [ : , 0 ] , sampling_rate=
sampling_rate

)

# Extract peaks
_, peaks = nk . rsp_peaks ( c leaned , sampling_rate=sampling_rate )
rsp_rate = nk . rsp_rate ( c leaned , sampling_rate=sampling_rate )

s e l f . r e s p i r a t i on_ra t e = np .mean( rsp_rate )
re turn s e l f



Appendix C

Additional Statistics and Figures

C.1 Ranking of RR Estimations
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Extraction Estimation Sensor RR Mean Absolute Error

22 ExtractionSoni2019 CountOrig BioPac ECG 7.526957
42 ExtractionSarkar2015 CountOrig BioPac ECG 7.52776
7 ExtractionCharlton CountOrig NilsPod ECG 7.57107
42 ExtractionSarkar2015 CountOrig NilsPod ECG 7.656179
22 ExtractionSoni2019 CountOrig NilsPod ECG 7.7197
37 ExtractionOrphandiou CountOrig BioPac ECG 7.750569
2 ExtractionKarlen CountOrig NilsPod ECG 7.777508
37 ExtractionOrphandiou CountOrig NilsPod ECG 7.786824
20 ExtractionSoni2019 PeakDetection NilsPod ECG 7.859076
2 ExtractionKarlen CountOrig BioPac ECG 7.869668
8 ExtractionCharlton CountAdvDetection BioPac ECG 7.903433
10 ExtractionVangent2019 PeakDetection NilsPod ECG 8.009535
10 ExtractionVangent2019 PeakDetection BioPac ECG 8.018071
3 ExtractionKarlen CountAdvDetection BioPac ECG 8.04716
4 ExtractionKarlen GradiantDetection BioPac ECG 8.049854
35 ExtractionOrphandiou PeakDetection BioPac ECG 8.069058
35 ExtractionOrphandiou PeakDetection NilsPod ECG 8.140228
12 ExtractionVangent2019 CountOrig BioPac ECG 8.159637
12 ExtractionVangent2019 CountOrig NilsPod ECG 8.172626
20 ExtractionSoni2019 PeakDetection BioPac ECG 8.206364
3 ExtractionKarlen CountAdvDetection NilsPod ECG 8.265588
8 ExtractionCharlton CountAdvDetection NilsPod ECG 8.28529
32 ExtractionAddisonFM CountOrig NilsPod ECG 8.305268
2 PositionalVectorExtraction CountOrig NilsPod IMU 8.357204
1 ExtractionKarlen PeakThroughDetection BioPac ECG 8.37099
1 ExtractionKarlen PeakThroughDetection NilsPod ECG 8.456003
6 ExtractionCharlton PeakThroughDetection NilsPod ECG 8.463781
6 ExtractionCharlton PeakThroughDetection BioPac ECG 8.557275
9 ExtractionCharlton GradiantDetection NilsPod ECG 8.652321
32 ExtractionAddisonFM CountOrig BioPac ECG 8.65773
13 SavGolExtractionAcc CountAdvDetection NilsPod IMU 8.705614
27 ExtractionAddisonAM CountOrig NilsPod ECG 8.717575
44 ExtractionSarkar2015 GradiantDetection NilsPod ECG 8.726912
8 SavGolExtractionGyr CountAdvDetection NilsPod IMU 8.748673
17 ExtractionLindeberg CountOrig BioPac ECG 8.776838
27 ExtractionAddisonAM CountOrig BioPac ECG 8.868236
43 ExtractionSarkar2015 CountAdvDetection BioPac ECG 8.968984
39 ExtractionOrphandiou GradiantDetection NilsPod ECG 8.981982
7 ExtractionCharlton CountOrig BioPac ECG 9.003326
12 SavGolExtractionAcc CountOrig NilsPod IMU 9.045418
5 ExtractionCharlton PeakDetection NilsPod ECG 9.057889
3 PositionalVectorExtraction CountAdvDetection NilsPod IMU 9.057994
18 ExtractionLindeberg CountAdvDetection NilsPod ECG 9.118871
9 ExtractionCharlton GradiantDetection BioPac ECG 9.127045
4 ExtractionKarlen GradiantDetection NilsPod ECG 9.164712
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Extraction Estimation Sensor RR Mean Absolute Error

0 ExtractionKarlen PeakDetection NilsPod ECG 9.17467
14 ExtractionVangent2019 GradiantDetection NilsPod ECG 9.215795
38 ExtractionOrphandiou CountAdvDetection NilsPod ECG 9.253925
43 ExtractionSarkar2015 CountAdvDetection NilsPod ECG 9.279574
38 ExtractionOrphandiou CountAdvDetection BioPac ECG 9.3227
23 ExtractionSoni2019 CountAdvDetection BioPac ECG 9.399044
23 ExtractionSoni2019 CountAdvDetection NilsPod ECG 9.439697
13 ExtractionVangent2019 CountAdvDetection NilsPod ECG 9.44772
40 ExtractionSarkar2015 PeakDetection NilsPod ECG 9.564632
28 ExtractionAddisonAM CountAdvDetection BioPac ECG 9.611468
33 ExtractionAddisonFM CountAdvDetection BioPac ECG 9.618481
28 ExtractionAddisonAM CountAdvDetection NilsPod ECG 9.627963
33 ExtractionAddisonFM CountAdvDetection NilsPod ECG 9.631345
18 ExtractionLindeberg CountAdvDetection BioPac ECG 9.654608
36 ExtractionOrphandiou PeakThroughDetection NilsPod ECG 9.672455
13 ExtractionVangent2019 CountAdvDetection BioPac ECG 9.738027
0 ExtractionKarlen PeakDetection BioPac ECG 9.84998
39 ExtractionOrphandiou GradiantDetection BioPac ECG 10.029961
36 ExtractionOrphandiou PeakThroughDetection BioPac ECG 10.033733
41 ExtractionSarkar2015 PeakThroughDetection BioPac ECG 10.130162
11 ExtractionVangent2019 PeakThroughDetection BioPac ECG 10.282571
40 ExtractionSarkar2015 PeakDetection BioPac ECG 10.352067
11 SavGolExtractionAcc PeakThroughDetection NilsPod IMU 10.438534
21 ExtractionSoni2019 PeakThroughDetection BioPac ECG 10.524512
11 ExtractionVangent2019 PeakThroughDetection NilsPod ECG 10.559157
41 ExtractionSarkar2015 PeakThroughDetection NilsPod ECG 10.569465
16 ExtractionLindeberg PeakThroughDetection BioPac ECG 10.639258
14 ExtractionVangent2019 GradiantDetection BioPac ECG 10.866124
31 ExtractionAddisonFM PeakThroughDetection BioPac ECG 11.03218
21 ExtractionSoni2019 PeakThroughDetection NilsPod ECG 11.038163
7 SavGolExtractionGyr CountOrig NilsPod IMU 11.055842
6 SavGolExtractionGyr PeakThroughDetection NilsPod IMU 11.176994
44 ExtractionSarkar2015 GradiantDetection BioPac ECG 11.235589
31 ExtractionAddisonFM PeakThroughDetection NilsPod ECG 11.261452
5 ExtractionCharlton PeakDetection BioPac ECG 11.385997
17 ExtractionLindeberg CountOrig NilsPod ECG 11.508222
1 PositionalVectorExtraction PeakThroughDetection NilsPod IMU 11.643594
26 ExtractionAddisonAM PeakThroughDetection BioPac ECG 11.668878
29 ExtractionAddisonAM GradiantDetection BioPac ECG 11.677441
4 PositionalVectorExtraction GradiantDetection NilsPod IMU 11.808556
24 ExtractionSoni2019 GradiantDetection NilsPod ECG 11.894221
24 ExtractionSoni2019 GradiantDetection BioPac ECG 12.107589
14 SavGolExtractionAcc GradiantDetection NilsPod IMU 12.14389
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Extraction Estimation Sensor RR Mean Absolute Error

16 ExtractionLindeberg PeakThroughDetection NilsPod ECG 13.195909
19 ExtractionLindeberg GradiantDetection BioPac ECG 13.316477
26 ExtractionAddisonAM PeakThroughDetection NilsPod ECG 14.686988
9 SavGolExtractionGyr GradiantDetection NilsPod IMU 14.851874
29 ExtractionAddisonAM GradiantDetection NilsPod ECG 16.794699
25 ExtractionAddisonAM PeakDetection BioPac ECG 18.744934
19 ExtractionLindeberg GradiantDetection NilsPod ECG 23.558622
25 ExtractionAddisonAM PeakDetection NilsPod ECG 25.50224
15 ExtractionLindeberg PeakDetection BioPac ECG 27.884567
15 ExtractionLindeberg PeakDetection NilsPod ECG 36.902604
5 SavGolExtractionGyr PeakDetection NilsPod IMU 47.143896
34 ExtractionAddisonFM GradiantDetection NilsPod ECG 50.02592
0 PositionalVectorExtraction PeakDetection NilsPod IMU 52.313423
34 ExtractionAddisonFM GradiantDetection BioPac ECG 62.227418
10 SavGolExtractionAcc PeakDetection NilsPod IMU 76.838792
30 ExtractionAddisonFM PeakDetection BioPac ECG 13902.387507
30 ExtractionAddisonFM PeakDetection NilsPod ECG 14247.765421
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