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„Ich bin meinem Kern nach ein Ingenieur –
und das heißt: Wahr ist, was funktioniert.“

— Heinz Zemanek, 1920 – 2014



Kurzfassung

Laut der Global Burden of Disease Study wurden rund 17,9 Millionen Todes-
fälle im Jahr 2015 von Herz-Kreislauf-Erkrankungen verursacht. Das entspricht
mehr als 30% der Gesamtmortalität. Sie sind damit die mit Abstand häufigste
Todesursache weltweit.

Herz-Kreislauf-Erkrankungen stellen nicht eine einzelne Krankheit dar, sondern
sind ein Sammelbegriff für mehrere Erkrankungen wie koronare Herzkrankheit,
Schlaganfall, Vorhofflimmern und -flattern, Bluthochdruck und periphere arte-
rielle Verschlusskrankheit. Während diese Erkrankungen unterschiedliche Funk-
tionen des Herz-Kreislauf-Systems betreffen und unterschiedliche Symptome
aufweisen, hängen die zu Grunde liegenden Ursachen zusammen und beein-
flussen sich gegenseitig. Dies erfordert, dass Mediziner sowie Wissenschaftler
bei Untersuchungen zahlreiche Faktoren berücksichtigen. Leitlinien für die Be-
handlung von Herz-Kreislauf-Erkrankungen empfehlen daher die Auswertung
mehrerer Biomarker und biomedizinischer Aufzeichnungen, z. B. Elektrokardio-
graphie und Pulswellen. Der beste Weg, um Interaktionen im Herz-Kreislauf-
System zu untersuchen, ist, diese Biosignale synchron zu messen.

Daher ist das Ziel dieser Arbeit, bestehende Modelle und Methoden zur Ermitt-
lung elektrophysiologischer und mechanischer Biomarker zu untersuchen und
weiter zu entwickeln. Darüber hinaus sollen sie durch die Implementierung in
einer Forschungsplattform in Form eines embedded Systems umgesetzt werden.
Konkret geht es darum, Methoden zur automatischen Annotation des Elektro-
kardiogramms (EKG), zur Messung der Pulswellengeschwindigkeit (PWV) und
zur Quantifizierung der Herzfrequenzvariabilität (HRV) weiter zu entwickeln
und zu untersuchen.
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Die Auswertung des EKGs lässt Rückschlüsse auf die Funktion des Herzmuskels
und des Erregungsleitungssystem des Herzens zu. Da automatische Methoden
zur Analyse des EKG zahlreiche Vorteile gegenüber manuellen Verfahren ha-
ben, wird in dieser Arbeit ein Algorithmus zur automatische EKG-Annotation
vorgestellt und getestet. Die Ergebnisse zeigen Erkennungsraten von Herzschlä-
gen mit einer Sensitivität von 98,7% und einem positiven prädiktiven Wert von
98,6%. Diese Ergebnisse sind mit heute üblichen Algorithmen vergleichbar. Des
Weiteren zeigen die Ergebnisse der Bestimmung der einzelnen EKG-Abschnitte
eine hohe Übereinstimmung von Algorithmus und MedizinerInnen.

Die PWV spiegelt arterielle Gefäßsteifigkeit sowie Blutdruckveränderungen zwi-
schen aufeinanderfolgenden Herzschlägen wider. Da die Bestimmung der Ge-
schwindigkeit von der Messung der genauen Zeit abhängt, die die Pulswelle
benötigt, um eine gewisse Distanz zurückzulegen, werden in dieser Arbeit meh-
rere Methoden zur Bestimmung der Ankunftszeit verglichen. Die stabilste und
zuverlässigste Methode, das Diastole-Patching, wurde schließlich im embedded
System implementiert und in klinischen Studien eingesetzt.

Die HRV ist die zeitliche Variation der Intervalle zwischen aufeinanderfolgenden
Herzschlägen und kann unter anderem aus dem EKG abgeleitet werden. Sie er-
laubt Rückschlüsse auf den Zustand der regulatorischen Mechanismen im Herz-
Kreislauf- und Nervensystem. In dieser Arbeit wurden zahlreiche Methoden auf
ihre Anwendbarkeit in einem embedded System untersucht. Schließlich wurden
die Zeitbereichsmethoden nach etablierten Standards, die Frequenzbereichsme-
thoden basierend auf dem weniger bekannten Lomb-Scargle-Periodogramm und
der Poincaré-Plot zur Visualisierung der nichtlinearen Dynamik implementiert.

Die Forschungsplattform und die in dieser Arbeit entwickelten Methoden wur-
den bereits in mehreren biomedizinischen Studien in verschiedenen Bereichen
eingesetzt. Rückmeldungen und vorläufige Ergebnisse zeigen die gute Einsetz-
barkeit des Systems für den beabsichtigten Verwendungszweck: die synchro-
ne Aufzeichnung und Auswertung mehrerer Biosignale, die den Zustand der
verschiedenen Teile des Herz-Kreislaufsystems widerspiegeln und damit eine
gründliche Untersuchung von physiologischen und pathologischen Wechselwir-
kungen von Herz-Kreislauf-Erkrankungen ermöglichen.



Abstract

According to the Global Burden of Disease Study, about 17.9 million deaths
were caused by cardiovascular diseases (CVDs) in 2015, which corresponds to
more than 30% of total mortality. CVDs are by far the most frequent cause of
death worldwide.

CVD is not a single disease, but is a collective term for several diseases such
as coronary heart disease, stroke, atrial fibrillation and flutter, hypertension,
and peripheral artery disease. While these diseases affect different functions of
the cardiovascular system and have different symptoms, the underlying causes
depend on and influence each other. This requires that physicians as well as
scientists take numerous factors into account. Guidelines for the treatment of
CVDs therefore recommend the evaluation of several biomarkers and biomed-
ical recordings, e.g., electrocardiography and pulse waves. The best way to
study interactions in the cardiovascular system is to measure these biosignals
synchronously.

Therefore, the aim of this work is to investigate and further develop exist-
ing models and methods for obtaining electrophysiological and mechanical
biomarkers. In addition, they are to be implemented in a research platform
in the form of an embedded system. Specifically, the aim is to further develop
and investigate methods for the automatic annotation of the electrocardiogram
(ECG), the measurement of the pulse wave velocity (PWV) and the quantifi-
cation of the heart rate variability (HRV).

The evaluation of the ECG allows conclusions to be drawn about the function
of the heart muscle and the conductive system of the heart. Since automatic
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methods for analyzing the ECG have numerous advantages over manual meth-
ods, an algorithm for automatic ECG annotation is presented and tested. The
results show recognition rates of beats with a sensitivity of 98.7% and a positive
predictive value of 98.6%, which is comparable to today’s algorithms. Further-
more, the results of the waveform boundary detection show a high agreement
of algorithm and medical experts.

The PWV reflects arterial stiffness as well as blood pressure changes between
successive heartbeats. Since the determination of the speed depends on the
measurement of the exact time required by the pulse wave to travel a certain
distance, several methods for determining the arrival time are compared in this
work. The most stable and reliable method, the diastolic patching method,
was finally implemented in the embedded system and used in clinical trials.

The HRV is the temporal variation of the intervals between successive heart-
beats and can be derived from the ECG. It allows conclusions to be drawn about
the state of the regulatory mechanisms in the cardiovascular and nervous sys-
tem. In this work, numerous methods were analyzed for their applicability in
an embedded system. Finally, the time-domain methods were implemented ac-
cording to established standards, the frequency-domain methods based on the
lesser known Lomb-Scargle periodogram, and the Poincaré Plot to visualize
non-linear dynamics.

The research platform and the methods developed in this work were used in
several biomedical studies in various fields. Feedback and preliminary results
demonstrate the viability of the system for the intended use: the synchronous
recording and evaluation of several biosignals that reflect the condition of the
different parts of the cardiovascular system and thus enable a thorough investi-
gation of physiological and pathological interactions of cardiovascular diseases.
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Chapter 1

Introduction

1.1 Motivation

According to estimates of the Global Burden of Disease Study 2015, about
17.9 million deaths in 2015 are attributable to cardiovascular diseases (CVDs),
equaling more than 30% of all-cause mortality and exceeding the number of
deaths caused by neoplasms (8.8 million, the second most frequent disease
group causing death) by a factor of more than two [1]. This makes CVDs by
far the leading group of diseases causing death worldwide. The risk for CVDs
increases strongly with age. Therefore, shifts in the population age accounted
for more than 23% increase of mortality for CVDs since 2005 [1].

Focusing on Europe and the United States, CVDs are responsible for even 50%
of all fatalities and therefore are often stated as the largest representative of
“diseases of affluence” or “western diseases” [2, 3].

CVD is not a single disease but a collective term for several diseases and syn-
dromes, including, but not limited to, coronary heart disease (8.9 million fatali-
ties in 2015 and therefore the most common single cause of death worldwide [1]
and in Europe [3, 4], and the second most common in the United States [2]),
cerebrovascular disease (stroke), atrial fibrillation and flutter, hypertension,
and peripheral artery disease [1]. While these diseases affect different functions
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1 Introduction 2

of the cardiovascular system and exhibit different symptoms, their fundamental
causes are related and influence each other [5]. For a long time, research has
investigated the mechanisms of atherosclerosis and tried to develop treatment
targets for its manifestations and pathological changes that lead to events of
CVD. But even before atherosclerosis develops and the first signs and symptoms
become apparent, arterial stiffening, arteriosclerosis, resulting from structural
changes of muscle fibers, is progressing [5]. This affects cells in arterial walls
and the heart alike, leading to several distinct CVDs, but ultimately caused by
the same pathophysiologic phenomenon [5].

These tissue changes result in a decreased stroke volume of the heart, which
needs to be compensated by an increase in heart rate. This, in turn, reduces
the ability of the human body for further adaption. Furthermore, the coor-
dinated pumping movements of the heart can be affected by these changes,
which can lead to atrial fibrillation, flutter, and other cardiac arrhythmia.
Simultaneously, the body tries to compensate the reduced strength through
muscle growth, leading to left ventricular hypertrophy (LVH). Furthermore,
the reduced elasticity of the arteries impairs their ability to compensate for the
blood pressure fluctuations caused by the heart’s pumping function, leading
to constantly elevated blood pressure, higher blood pressure variability, and
ultimately, hypertension. [5]

Moreover, the combination of the reduced strength of the heart with elevated
blood pressure can lead to cardiac insufficiency (heart failure). Arterioscle-
rotic changes in the coronary vessels in combination with cardiac insufficiency
may result in coronary heart disease and ultimately, myocardial infarction. Ar-
teriosclerosis in peripheral arteries in the limbs can lead to peripheral artery
disease, where the stiffened smaller arteries are no longer able to supply the
tissue with a sufficient amount of blood. [5]

In summary, due to the complex interactions of all parts of the cardiovascular
system, dysfunctions and diseases rarely occur as singular, isolated incidents
but usually affect each other. This requires medical professionals and scien-
tists alike to take numerous factors into account in their investigations [6, 7].
Therefore, several guidelines on CVDs recommend the measurement of several
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biomarkers obtained from biomedical recordings, e.g., the electrocardiogram
(ECG) and pulse waves [6]. Further, it seems self-evident that it is the best
way to investigate interactions in the cardiovascular system by measuring these
biosignals simultaneously.

1.2 Objective

To enable and encourage investigations of cardiovascular interactions, our re-
search group strives to develop and enhance mathematical models of the car-
diovascular system, improve processing of biomedical signals, and create pro-
totypical hardware platforms to be used in medical studies.

As part of these joint efforts, the aim of this work is to investigate and refine
existing models and methods and put them into practice by implementation
on a research platform in the form of an embedded system in order to deduce
electro-physiological and mechanical biomarkers for cardiovascular risk strati-
fication and therapy optimization.

Specifically, the aim is to develop and investigate methods in the following
biomedial areas:

• automatic determination of certain waveform boundaries in electrocar-
diography (ECG),

• measurement of pulse wave velocity (PWV) from non-invasive sources,
and

• the quantification of heart rate variability (HRV).

As last point, the final goal of this work is the implementation of the discussed
methods on an experimental embedded system designed and approved as stand-
alone device for medical studies, namely the CardioCube [8].
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1.3 Outline

This thesis is divided into four parts. First, chapter 2 introduces the physio-
logical aspects as well as the interconnection of pathological processes of CVDs
relevant for this work. Hence, the electrical conduction system of the heart and
its innervation by the autonomous nervous system as well as the elasticity of
arteries are presented and the consequences of arterial stiffening are discussed.

Second, chapter 3, 4, and 5 present mathematical models and methods for
the analysis of the biomedical signals for ECG, PWV, and HRV. As part of
the development process, their performance is assessed offline on previously
recorded signals from open databases and the most suitable ones chosen for
further implementation on the embedded system.

Third, chapter 6 discusses the hardware of the CardioCube as basis for software
and methods. Further, the implementation process of the software is followed
from early prototyping to final tests using hardware-in-the-loop simulations.

Finally, chapter 7 presents ongoing medical studies utilizing the CardioCube.
From the point of this work’s view, they will be discussed as proof-of-concept
for the use of the CardioCube in various settings. Conclusively, chapter 8
summarizes the findings and possible future implications of this work.



Chapter 2

Physiology

Through muscle contraction, the heart ensures the movement of the blood
in the vessels. It works like a displacement pump, by using valves for sucking
blood from one direction and ejecting it into the other. Subsequently, the blood
is distributed throughout the body through the vascular system to supply all
tissues and organs. The elasticity of the large arteries and the aorta thereby
converts the pulsatile ejection of the heart into a more uniform flow.

Based on the textbook of physiology by Klinke and Silbernagl [9] as well as the
textbook of anatomy by Lippert [10], the electrical conduction system of the
heart as well as the elasticity of arteries is explained in more detail below.

2.1 Electrical Conduction System of the Heart

The coordinated contraction of the myocardium (heart muscle) is based on
electrical excitation, i.e., a change in the cell membrane potential, which is
passed on from one muscle cell to the next. The heart has its own rhythm and
therefore does not have to be excited from the outside. This rhythm arises in
the muscle cells of the sinus node (figure 2.1, 1), which represent the origin of
the electrical excitation. The sinus node lies in the upper right atrium. The
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Figure 2.1: Electrical conduction system of the heart. 1. sinus node,
2. atrioventricular node, 3. bundle of His, 4. & 5. left and right bundle
branches, 6. & 7. left and right ventricles, 8. Purkinje fibers. Note that
“left” and “right” refers to the position from the patient’s point of view.
Adapted from [11].

depolarization of these cells, which occurs approximately 70 times per minute,
represents the beginning of the cardiac cycle. This excitation typically occurs
while the entire myocardium is relaxed. Blood flows from the atria into the
ventricles (figure 2.1, 6 & 7), which slowly expand.

The excitation then spreads over the entire atria. These action impulses lead to
a contraction of the weak atrial musculature, which contributes to the filling of
the ventricles. The ventricles are electrically isolated from the atria and there-
fore at rest during the filling phase. Only the muscle cells of the atrioventricular
(AV) node connect the two areas (figure 2.1, 2). After up to 200ms, the exci-
tation is passed on via the bundle of His (figure 2.1, 3) and the left and right
bundle branches (figure 2.1, 4 & 5) to the ventricular septum and directed to
the heart apex. The branches then taper out and produce numerous Purkinje
fibers (figure 2.1, 8), which depolarize the entire working myocardium, initiat-
ing the systole. The ventricles contract and the blood flows into the arteries,
where the pulmonary artery leads from the right ventricle to the lung and the
aorta from the left ventricle to the head and abdominal region.
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Towards the end of the ejection phase, the relaxation of the working my-
ocardium occurs. This repolarization of the muscle cells propagates from the
apex back towards the AV node and marks the beginning of the diastole. The
next cardiac cycle then begins with the filling phase of the ventricles, whose
duration is strongly dependent on the heart rate, before the sinus node is de-
polarized again.

The heart is innervated by the two main branches of the autonomic nervous
system: parasympathetically by the vagus nerve and sympathetically by nerves
of the truncus sympathicus. Through these nerves the body can adapt the ac-
tivity of the heart to external conditions. The vagus nerve lowers the heart
rate and prolongs the delay of the AV transition by increasing the permeabil-
ity to potassium at the sinus and AV nodes, mediated by acetylcholine as a
transmitter. The sympathetic nerve causes an increase in the heart rate, a
shortening of the AV conduction time, and an increased contraction force. Its
norepinephrine transmitter results in an increased calcium concentration im-
mediately after depolarization. This influence on the repolarization times and
their effect on the normal sinus rhythm are illustrated in figure 2.2. As a result
of the autonomic nervous system’s constant endeavor to balance parasympa-
thetic and sympathetic activity and to allow for a quick adaption to changes in
the demand of supply to the body, the heart rate naturally changes with every
beat, termed heart rate variability (HRV).

2.2 Elasticity of Arteries

As stated in section 2.1, during systole blood flows from the left ventricle via the
aorta to the head and abdominal region. Due to the high elasticity of its vessel
wall, the aorta fulfills a so-called Windkessel function. The term originates
from various types of pumps for liquids in which pressure surges in rigid-walled
vessels are absorbed by compression of air and thus a uniform discharge is
achieved. In a similar manner, the aorta reduces the strong pressure difference
between systole and diastole by increasing the volume and wall tension of the
aortic arch during the ejection phase of the heart and reducing it afterwards.
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Figure 2.2: Stimulation of the normal sinus rhythm by the effects of
parasympathetic and sympathetic influence. Adapted from [12].

Thereby, part of the pressure energy from the pulsating heart is stored and,
after closure of the aortic valve, released as kinetic energy. Therefore, the
pressure differences are reduced to an extent not causing any destruction in
the capillaries. [13]

The elasticity of the aorta is mainly based on the elastic matrix, which is part
of the tunica media (see figure 2.3). It is governed by the smooth muscle
components which do not have a strong impact on the aorta’s diameter, but
are able to increase the stiffness and viscoelasticity when activated. Just as
the function of the heart, their function is mediated via the autonomic nervous
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Figure 2.3: Layered structure of
arteries. The endothelium and the
internal elastic lamina form the tu-
nica intima, while the tunica me-
dia is build of the smooth mus-
cle and the external elastic lamina.
Adapted from [14].

system as part of homeostatic responses to stimuli of the baroreceptors in the
aortic arch, allowing for alterations in blood pressure even within adjacent
beats, termed blood pressure variability (BPV) [15].

In measurements, HRV and BPV reflect opposing mechanisms. A high HRV
reflects high dynamics in the control mechanisms of the autonomic nervous
system and thereby a good adaptability to changing demands. By contrast, an
increased BPV is mainly associated with reduced elasticity of the aorta, i.e.,
pathological arterial stiffness, impairing its capability to absorb pressure surges
and therefore being a marker of increased cardiovascular risk. [5]

2.3 Pathologies

Numerous diseases affect the physiologic function of heart and arteries de-
scribed in section 2.1 and 2.2. Furthermore, due to their complex interaction
and dependencies on each other, dysfunctions of these systems rarely occur as
singular, isolated incidents but usually affect each other, leading to multimor-
bidities and complex syndromes. Hence, apparently independent symptoms
and their immediate different causes mostly can be traced back to intercon-
nected pathologies.
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Weakening of the Myocardium In the course of life, the cardiac muscle
tissue gradually changes. In the aging person, connective tissue is increasingly
found in the heart muscle and the strength of the heart muscle decreases [16].
Hence, also the stroke volume decreases slowly. This reduces the physical
performance of the human being. In physically demanding situation, the heart
can only ensure the supply of the body by increasing the heart rate due to
this limitation in regulation flexibility. In turn, this limits the capability of
the autonomous nervous system to balance parasympathetic and sympathetic
activity, resulting in decreased heart rate variability. [17]

Cardiac Arrhythmia Not only the cardiac muscle cells required for pump-
ing are replaced by connective tissue, but also the cells of the electrical con-
duction system. Since they coordinate the pumping movements, these changes
can lead to cardiac arrhythmia and various forms of ectopic beats, where the
contraction of the myocardium is not initiated by the sinus node, but by some
other part of the conductive system. While isolated occurrences can as well
happen in healthy persons and pose no threat, their accumulation impairs the
continuous supply of the body, forcing other regulatory mechanisms to coun-
teract and in turn affecting their flexibility. [17]

Decreasing Elasticity of Arteries In a similar manner, the walls of the
blood vessels also change and the elasticity of arteries decreases. This also af-
fects the coronary vessels, which supply blood to the myocardium. As a result
of these changes, arteriosclerosis develops and the ability of the arteries to com-
pensate for blood pressure fluctuations by changing diameter and wall tension
is reduced. In turn, this leads to a constantly elevated blood pressure which
can often be observed in many elderly people. Furthermore, pressure wave re-
flections from the periphery back to the heart can no longer be accommodated
by the central arteries. Therefore, this pulse wave energy reaches the heart
with increased pressure, leading to increased strain on the left ventricle. The
change in the blood vessels, the increased strain, and the reduced strength of
the heart cause a continuous minimal deficiency of the heart muscle with oxy-
gen and nutrients. This, in turn, further affects the performance and strength
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of the myocardium, creating an adverse feedback loop. [5, 18]

Left Ventricular Hypertrophy As a result of these changes in the heart
and blood vessels various diseases can develop. The body is striving to balance
the diminished strength and increased strain through muscle growth. There-
fore, hypertrophy of the left ventricle can be expected. In the event of a disease,
cardiac insufficiency (heart failure) arises due to an increased blood pressure
(hypertension), arteriosclerosis of the coronary vessels, a diminishing strength
of the myocardium, and cardiac arrhythmias. Possible consequences of cardiac
insufficiency are diminishing physical performance, dyspnoea, and accumula-
tion of water in the lungs or legs. [5, 18]

Secondary Diseases Coronary heart disease is a collective term for circu-
latory disorders of the heart. It develops when the arteriosclerotic changes in
the coronary vessels are pronounced. Hypertension further contributes to the
development of this disease pattern. In the worst case, it can lead to cardiac
insufficiency and myocardial infarction. Arteriosclerosis can further lead to pe-
ripheral artery disease, where the stiffened smaller arteries are no longer able
to supply the tissue with a sufficient amount of blood. In the worst case, bad
or non-healing wounds develop or necrosis develops. [19]

2.4 Diagnostic Methods

The function of the heart and the arteries can be measured using numerous inva-
sive and non-invasive techniques in order to analyze their state and potentially
diagnose pathological alterations and diseases. Invasive diagnostic methods of
heart diseases include laboratory blood tests, cardiac catheterization, and en-
domyocardial biopsy. Minimally invasive procedures using radiocontrast agents
include chest X-ray, cardiac magnetic resonance, single-photon emission com-
puted tomography, positron emission tomography, coronary angiography, and
cardiac computed tomography. Non-invasive methods are echocardiography,
ECG, and HRV analysis. [20, 21]
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Figure 2.4: Simultaneous measurement of electrocardiogram and pulse
waves on different sites of the body. Adapted from [23].

Measurement of preclinical vascular damage is performed invasively by labo-
ratory blood tests and non-invasively by carotid artery scanning, carotid ul-
trasound, estimation of arterial stiffening using pulse wave velocity (PWV) or
arterial augmentation index, and ankle–brachial index [22].

In this thesis, only methods which are non-invasive and require biosignal or
time series analysis but no image processing are treated, since they are easy
to use and broadly effective for early diagnosis of cardiovascular diseases. Fur-
thermore, they should be operator-independent, i.e., do not require instinctive
feeling or elaborate training to operate an ultrasonic probe or a tonometer.
Therefore, the three methods discussed in this work are electrocardiography,
the analysis of heart rate variability, and the determination of pulse wave ve-
locity. Figure 2.4 depicts a setting in which these modalities are recorded
simultaneously.

The ECG is measured using electrodes attached to the extremities and/or the
chest and records variations in the electrical potential caused by the excitation
of the myocardium. The shape of the voltage over time consists of several
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segments associated with the sequence described in section 2.1. Its automated
analysis is discussed in chapter 3.

The pulse wave velocity (PWV) can be measured by detecting the arrival times
of the pulse pressure wave at different sites of the body, e.g, at the upper arm
(arteria brachialis) and the thigh (arteria femoralis) as illustrated in figure
2.4 using occlusive cuffs. The PWV is inversely related to the elasticity of
arteries and therefore became the gold standard for the assessment of arterial
stiffness [24]. Methods to determine the PWV from non-invasive measurements
are evaluated in chapter 4.

Finally, the heart rate variability (HRV) is derived from various modalities
registering heart beats, e.g., ECG. It represents the sum of all influences to
the heart rate regulation, most notably the parasympathetic and sympathetic
activity of the autonomous nervous system. Numerous parameters for its quan-
tification are presented in chapter 5.



Chapter 3

Electrocardiography

Since the evaluation of the electrocardiogram (ECG) allows conclusions to be
drawn about physiological processes as well as pathological changes of the heart
muscle, it represents a widely used, simple, painless, and non-invasive method
for the diagnosis and therapy monitoring of cardiac diseases such as coronary
heart disease [25]. Certain features, such as time spans and changes in the
ECG, as well as the shape of the signal are established biological markers of
cardiac health.

On the one hand, automatic methods for measuring and evaluating an ECG
have numerous advantages over a manual procedure. The automatic evalua-
tion has, for example, immunity against errors or fatigue of the examination
personnel, higher accuracy with repeated measurements, and faster or more
detailed testing at a lower cost. This allows, among other things, faster diag-
noses, long-term monitoring of patients, and automatic evaluation of existing
measurements. On the other hand, automatic methods also have disadvan-
tages, such as false positive or missing detections of heartbeats. Thus, it is the
aim to develop automatic ECG evaluation methods with low false positive and
false negative rates.

Therefore, this chapter introduces an algorithm suitable for online ECG analy-
sis and presents results of its evaluation. The chapter is primarily based on the

14
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previous works “Automatic Detection of QRS Complex, P-Wave and T-Wave in
the Electrocardiogram” (Bachler et al. 2012 [26]) and “Online and Offline De-
termination of QT and PR Interval and QRS Duration in Electrocardiography”
(Bachler et al. 2013 [27]).

3.1 Background

The scientific and technical foundations for ECG analysis date back more than
150 years, but even today new insights are gained and improved methods are
developed. In the middle of the nineteenth century, it was recognized that the
rhythmic contraction of the heart was due to electrical mechanisms [28]. Luigi
Galvani already provided the foundations for this realization more than 50
years before, when he discovered the connection between electrical excitation
and muscle contraction [29].

A few decades later the first recording of the electrical excitation of the heart
was carried out [30]. At that time no electrodes were used, but the extremities
were dipped into conductive fluids. Willem Einthoven continued to develop the
procedure at the beginning of the 20th century and is regarded as the inventor
of electrocardiography, for which he received the Nobel Prize in Medicine [31].
The revisions and derivations proposed by him are still relevant today. At that
time, as today, both arms and the left foot are used as supplicants. Lead I is
measured between right and left arm, lead II between right arm and left foot,
and lead III between left arm and left foot [32].

Electrocardiography became an important part of clinical diagnostics. During
the 20th century the required equipment became smaller, cheaper, and more
accurate. During this period, Emanuel Goldberger and Frank Norman Wilson
have also developed other important measurement leads [33,34]. Later, digital
electrocardiography devices replaced analogue ones. Furthermore, the rapid
development of powerful computer hardware ultimately led to a large distri-
bution of applications and software for ECG evaluation in the last 30 years,
which is still a very active research field.
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In recent decades, a large number of analytical methods for ECG signals have
been presented. Numerous algorithms, which differ in their basic principles,
have been developed and tested. One of the most prominent was proposed by
Pan and Tompkins in 1985 [35], using mathematical derivatives and temporal
windows of the ECG signal, and was further developed by numerous research
groups, e.g., Chouhan and Mehta [36] or Christov and Simova [37]. Other
popular approaches include the use of nonlinear digital filters [38], generalized
transfer functions [39], wavelet transforms [40], and artificial neuronal networks
[41, 42]. However, most methods are limited to the detection of R peaks or
require a lot of computational power and memory, exceeding the resources
of common embedded systems [43]. In other approaches, existing methods
for the recognition of the R peak are combined with the evaluation of the
QT interval [37, 44] or the detection of the P wave [40]. However, these are
often only suitable for a retrospective evaluation. In this chapter, a software
algorithm that combines some of these approaches with a focus on real time
detection is presented.

3.2 Methods

In this section, the method of ECG signal measurement, the resulting voltage
profile, and its physiologic origin are described. Furthermore, the source of
the recorded ECG signals used for algorithm verification and the statistical
methods to evaluate the verification results are presented in detail.

3.2.1 Measurement

As described above, the ECG is measured as voltage differences using skin
electrodes attached to the extremities or the chest. Certain features in this
voltage profile represent different processes in the electrical conduction system
of the heart.

Beginning with the autonomous excitation of the sinus node, which activates
the musculature of the atria, a dipole is formed, which is directed toward the
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Figure 3.1: Schematic representation of the voltage profile and its sections
during a normal heartbeat. Modified from [45].

apex of the heart. Figure 3.1 shows a projection of the dipole on the plane of
Einthoven Lead II (between the right arm and the left foot) over time.

The polarization of the atria is shown in this projection as a positive deflection,
the so-called P wave. After a short delay produced by the AV node (represented
by the PR segment), the ventricular excitement begins on the left side of the
septum. Accordingly, the ECG shows a negative excursion, the Q peak. From
there, it spreads further towards the apex of the heart. At this stage, most
muscle fibers are involved, resulting in a large sum potential, which becomes
visible as a positive R peak in the ECG. Finally, parts of the left ventricle are
excited, which corresponds to a negative peak, the S peak. With the end of
the QRS complex, the ventricular excitement is complete. The repolarisation
of the cardiac chambers, which begins with a delay (ST segment), is visible as
the T wave.

3.2.2 Data Source

PhysioNet’s databases are a collection of records of various physiological read-
ings such as electroencephalograms, electrocardiograms, blood pressure, respi-
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ration, oxygen saturation, and others [46, 47]. These are licensed under the
ODC Public Domain Dedication and License v1.0 [48] and have been com-
pletely anonymised. Therefore, they can be used without further approval of
an ethics committee [49]. Depending on the purpose of the respective record-
ings, these databases contain different types of annotations and measurements.
Data sets of electrocardiograms can be used together with their annotations to
verify the algorithm.

The following data sets were selected for the verification due to the diversity
of the signals as well as a usable set of annotations:

• QT Database (QTDB): it was designed to evaluate ECG waveform bound-
ary detecting algorithms. It includes 105 data sets with a length of 15
minutes, extracted from two-channel 24h recordings. They were man-
ually selected in order to include a wide variety of ECG morphologies.
Two expert annotators manually determined the waveform boundaries of
3622 beats. The recordings were collected at the Boston’s Beth Israel
Deaconess Medical Center and were sampled at 250Hz. [50]

• AF Termination Challenge Database (AFTDB): This database was used
in the “Computers in Cardiology Challenge 2004”. As it contains ECG
recordings with episodes of atrial fibrillation, it poses a special challenge
for automatic annotators. The database contains 80 records from 60
different subjects. Each record is one minute in duration and has two
ECG channels sampled at 128Hz. [51]

• MIT-BIH Arrhythmia Database (MIT-BIH DB): It contains 48 records
from 47 subjects annotated by two or more cardiologists independently.
Each record is a 30 minutes excerpt of a two-channel ambulatory ECG,
recorded at the Boston’s Beth Israel Hospital Arrhythmia Laboratory
and sampled at 360Hz. Twenty-three recordings were chosen at random,
the remaining 25 recordings were selected from the same set to include
less common but clinically significant arrhythmias. [52]

• Fantasia Database (FDB): As opposed to the other three databases, sub-
jects in this data set were rigorously screened and found to be healthy.
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Table 3.1: Summary of all data sources.

Database #Sub. #Rec. #Beats eval. #Leads fs (Hz)

QTDB 105 105 3262 2 250
AFTDB 60 80 7331 2 128

MIT-BIH DB 47 48 2454 2 360
FDB 40 40 2401 1 250

Total 252 273 15448
#Sub ... Number of subjects, #Rec ... Number of recordings, #Beats eval
... Number of beats evaluated, #Leads ... Number of leads, fs ... sampling
frequency

ECG recordings of 20 young and 20 elderly volunteers were taken during
two hours in a supine resting state while watching the film Fantasia [53].
Signals were digitized at 250Hz and annotated by automated detection
with visual inspection. [54]

Table 3.1 summarizes the properties of all databases and the number of evalu-
ated heartbeats.

3.2.3 Statistics

According to the recommendations of the American National Standards Insti-
tute (ANSI) [55], the detection rate of the algorithm is evaluated using the
sensitivity

Se = TP

TP + FN
(3.1)

and the positive predictive value

PPV = TP

TP + FP
, (3.2)

where TP is the number of true positive, FN the number of false negative, and
FP the number of false positive annotations.
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Furthermore, the PR intervals, the QT intervals, and the durations of the QRS
complex are determined both from the results of the algorithm and from the
annotations of the experts. Their differences are analyzed using the methods
presented by Bland and Altman [56–58]. Bland-Altman plots are used to com-
pare two measurement methods or the comparison of a measurement method
with the actual values and the recognition of systematic measurement errors.
They are created by plotting the differences of the values of both methods
against their average values, i.e., the coordinates are calculated as

S(x, y) =
(
S1 + S2

2 , S1 − S2

)
, (3.3)

where S1 and S2 are the results of the first and second method, respectively.
Further, the arithmetic mean and the 95% limits of agreement (1.96 standard
deviation) of the differences are indicated. In a Bland-Altman plot, systematic
errors become visible as vertical shift, trend, or uneven distribution of the
differences.

3.3 Annotation Algorithm

R peaks are the most prominent features of an ECG due to their amplitude and
steepness. They can therefore serve as reference points for additional features
and are a good choice to start detection, as shown in figure 3.2. A “feature
signal” is continuously calculated from the amplitude and first derivative do
detect R peaks. The further evaluation of local statistical characteristics of
the signal estimates the amount of noise and is used to prevent false positive
detections. After an R peak is found, it is classified in real-time to distinguish
normal sinus rhythm from ectopic beats. In order to increase the accuracy
of the recognition of further features, a template is created from each class.
Subsequently, waveform boundaries of the QRS complex, P and T wave are
detected by various combinations of amplitude and first derivative in certain
time spans. The detection of on- and offset of the P- and T-wave is based on a
geometric method. All features - with the exception of the R peaks - are first
detected on the template of their associated class. This approach increases
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Figure 3.2: Process chart of the real time ECG annotation algorithm.

the stability of the results as well as the noise tolerance of the algorithm, but
reduces its capability to capture beat-to-beat variability. Therefore, the actual
signal is used for local improvement of the detected points.

3.3.1 R Peak Detection

A so-called “feature signal” is continuously calculated to detect the R-wave.
The most important requirement for this feature signal is high selectivity, i.e.,
high and unambiguous deflection of the amplitude upon the occurrence of a
QRS complex, as well as low or no reaction at positions in the signal on which
no QRS complex is present. This is achieved by a combination Ct of the local
amplitude of the first derivative Dt and the local amplitude of the signal St
within a short time window (w = 60 ms):

Dt = St − St−1 (3.4)
SAt = max

(
S(t−w)...t

)
−min

(
S(t−w)...t

)
(3.5)

DAt = max
(
D(t−w)...t

)
−min

(
D(t−w)...t

)
(3.6)

Ct = SA2
t ·DAt. (3.7)

Finally, the feature signal FSt is determined within a moving window (w =
100 ms):

FSt = max
(
C(t−w)...t

)
. (3.8)
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Figure 3.3: Differently shaped ECG signals (from left: with strong noise
and smaller artifacts, with strongly pronounced T waves, and with move-
ment artifact) with the associated feature signal FSt (solid line) and its
threshold Tht (dashed line).

The mean value of the last 2 seconds (w = 2 s) of FSt is then used as a threshold
Tht to detect QRS complexes:

Tht = 1
w
·

t∑
k=t−w

FSk (3.9)

QRS = FSt > Tht. (3.10)

Figure 3.3 shows various ECG signals with conspicuous features (i.e., strong
noise or smaller artifacts, prominent T-wave, strong motion artifact) with their
associated feature signals and their thresholds. It shows that the feature sig-
nal is robust against noise and smaller artifacts as well as high T waves, but
responds to sudden movement of the person under investigation.

If condition 3.10 is true, the following statistical characteristics are evaluated
to prevent false positive detections:

• For the standard deviation σ within the last 400 ms

FSt > Tht + 6 · σ3, and (3.11)
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• for the kurtosis β2 within the last 2.5 seconds

β2 > 4. (3.12)

In each area of the signal, which has been recognized as a QRS complex, a
search is now made specifically for R peaks. Here, the local maximum of
the range is selected as the R peak, which has the greatest difference to its
surrounding minima. If more than two R peaks have already been detected, a
template is formed by means of averaging. The correlation coefficient between
this template and the newly recognized R peak must exceed 0.7, otherwise the
R-spike is rejected again.

To prevent false negatives, the intervals between successive R peaks are calcu-
lated. If the current interval is more than 1.8 times longer than the previous
one, the range between these R peaks is again examined with lower limits.

3.3.2 QRS Classification

Found QRS complexes are classified in real-time. The ECG signal in a range
of 750ms around the R peak is compared to a predefined number of classes by
calculating the correlation coefficient and assigned to the most similar class. If
two classes have a higher correlation among each other than each class with
the current R-spike, these two classes are combined and a new class is formed
with the current R-spike. This approach leads to the emergence of dynamically
evolving classes which can adapt to changes in the signal and whose quality
improves with the duration of the measurement. Figure 3.4 (a) shows an exam-
ple of this classification process on a signal containing pulsus bigeminus, where
every other heartbeat is ectopic [59]. These two types of QRS complextes are
assigned to different classes and therefore completely separated.

In order to suppress noise and artifacts, a template is generated from each class
by means of averaging and used for the detection of all further features (QRS
on- and offset as well as all characteristics of the P- and T-wave). The original
signal is used only for local refinements of the found points. As shown in figure
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Figure 3.4: (a) Fully separated classes of normal (black) and ectopic
(gray) beats in a signal with pulsus bigeminus (every other heartbeat is a
premature ventricular contraction [59]). (b) Template (black) of a class
containing several heartbeats (grey) in a noisy signal.

3.4 (b), this considerably improves the signal quality, especially in very noisy
signals.

3.3.3 On- and Offset of the QRS Complex

Similar to the detection of the R peak, but by using the template Tt instead
of the signal itself, the on- and offset is found using the amplitude and first
derivative. There, first the amplitudes TAt and TDAt of the template Tt and
its first derivative TDt within a moving window (w = 30 ms) are calculated
and their thresholds TT and TD determined:

TDt = Tt − Tt−1 (3.13)
TAt = max

(
T(t−w)...t

)
−min

(
T(t−w)...t

)
(3.14)

TDAt = max
(
TD(t−w)...t

)
−min

(
TD(t−w)...t

)
(3.15)

TT = c1 · (max (TAt)−min (TAt)) +min (TAt) (3.16)
TDT = c2 · (max (TDAt)−min (TDAt)) +min (TDAt) , (3.17)
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Figure 3.5: Top: polarities of T waves ((a) positive T wave, (b) negative
T wave). Bottom: Corresponding “wings” function.

where c1 and c2 are predefined constants governing the sensitivity of the de-
tection. The points closest to the R peak, where TAt is below TT or TDAt is
below TDT , are annotated as the QRS on- and offset.

3.3.4 Peak of the T Wave

Since no general statement can be given about the polarity of the T wave [60], a
function detecting extreme values independently of the polarity has to be used.
Therefore, the tip of the T wave is detected by a special “wings” function
described by Christov and Simova [37] using a window of w = 40 ms:

W1t = Tt−w − Tt (3.18)
W2t = Tt − Tt+w (3.19)
Wt = W1t ·W2t. (3.20)

This "wings" function is calculated on the template Tt during the period between
the previously detected QRS offset point and the end of the template (460ms
after the R-wave). As shown in figure 3.5, the minimum of the “wings” function
always corresponds to the peak of the T wave regardless of the polarity (positive
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Figure 3.6: Geometric method for calculating the onset point using the
example of a positive T-wave. (a) Connection of the QRS offset point and
the tip of the T wave through the line g. Forming the distance n which
is normal to g and has the greatest length up to the intersection with the
template. (b) Simplification by subtracting the line g from the template.
The intersection of n with the template is identical to the minimum.

or negative) of the T wave. The time of the minimum of the “wings” function
is therefore used as a reference point for the tip of the T wave. Subsequently,
the exact position of the tip of the T wave is determined using the original
signal by searching for a local minimum or maximum according to the polarity
of the T-wave.

3.3.5 On- and Offset of the T Wave

Due to certain physiological and pathological phenomena, QRS complexes and
T waves may be almost overlapping or the segment between them is elevated.
Therefore, there is no guarantee that the amplitude or the derivative of the
signal reaches certain thresholds. Hence, a different approach to detect on-
and offsets of T wave has to be used.

Figure 3.6 illustrates the geometric method for determining the onset point
using the example of a positive T-wave. First, the straight line gt, that connects
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the QRS offset and T wave peak in the template Tt is determined:

k = TT_peak − TQRS_offset

T_peak −QRS_offset (3.21)

d = TQRS_offset − k ·QRS_offset (3.22)
gt = k · t+ d. (3.23)

The next step is to search for the point where the distance n between the
template and gt is maximal. This step can be substantially simplified when the
line is subtracted from the template beforehand:

T ∗t = Tt − gt (3.24)
T_onset = min (T ∗t ) . (3.25)

The offset is determined in the same way by using a line between the T wave
peak and the end of the template.

3.3.6 P Wave

To detect the peak of the P-wave, the range between the previous T-offset
point and the current QRS-Onset point in the template is analyzed. For this
purpose, a slightly modified version of the "wings" function (equation 3.18, 3.19,
and 3.20), which reacts only to positive waves, is used. Onset and offset of the
P-wave are detected in the same way as onset and offset of the T-wave.

Due to weak amplitudes or a high noise component in the signal, the P-wave is
not recognizable in some recordings. In order to prevent erroneous detections,
the amplitude of the P-wave must be at least 3% of the amplitude of the QRS
complex. Otherwise, no P-wave is detected.
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Figure 3.7: Excerpt of recording “sel17453” of the QT Database. Gray
markers show expert annotations of T, R, and P peak (◦) and their respec-
tive on- and offsets (. and /). Black markers indicate the results of the
automatic annotation algorithm for the same peaks, on- and offsets (•, I,
and J).

3.4 Results

Using the 4 data sources described in subsection 3.2.2, an overall sensitivity of
98.7% and a positive predictive value of 98.6% were achieved. As expected, the
algorithm performed weakest on the AF Termination Challenge Database (Se
= 97,8%, PPV = 99,3%), since atrial fibrillation aggravates automatic analysis.
Best results were achieved on the QT Database with 99,9% for both, sensitivity
and positive predictive value.

Annotations on the waveform boundaries beyond R peaks were only present in
the QT Database. Hence, the detection of On- and offset of the QRS complex
as well as P and T waves was only tested in comparison to these annotations.
Figure 3.7 exemplary shows the results of the algorithms for a single beat
in comparison with the expert annotations. Since most features of the ECG
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Table 3.2: Mean values µ and standard deviations σ of the time differ-
ences between the results of the algorithm and those of the medical profes-
sionals, or between the results of both experts as comparison.

Algorithm - Experts Inter-expert diff.
Feature µ σ µ σ

P Onset 0.6ms 19.3ms * *
P Peak -0.1ms 10.8ms * *
P Offset -1.9ms 15.9ms * *
QRS Onset -2.1ms 10.1ms 3.8ms 14.2ms
R Peak -9.0ms 14.3ms 0.1ms 2.4ms
QRS Offset 8.2ms 13.78ms 2.7ms 17.0ms
T Onset 6.7ms 38.5ms 9.5ms 44.9ms
T Peak -3.7ms 30.3ms 3.5ms 30.0ms
T Offset -2.2ms 34.4ms 5.8ms 39.9ms
* Annotated by one expert only

(QRS on- and offset, R peak, and T peak, on- and offset) were annotated by
two medical professionals, the differences between their annotations are given as
comparison to indicate the uncertainty present even in expert annotations. The
results of the differences between annotated and detected points is summarized
in table 3.2.

From the detected features of the ECG recordings as well as the expert an-
notations, the durations of the QT and PR intervals and the QRS complexes
were calculated. The mean and standard deviations (SD) of the differences
(algorithm - annotation) were

• PR interval: -2.2ms (SD 21.5ms)

• QRS duration: 9.9ms (SD 16.6ms)

• QT interval: -1.9ms (SD 32.5ms)

Furthermore, these findings are illustrated in figure 3.8 as Bland-Altman plots.
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Figure 3.8: Bland-Altman plot comparing the results of the algorithm and
annotations of medical experts on the PR and QT interval and the duration
of the QRS complex.
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3.5 Discussion

Since the sampling rate of the recordings in the QT database is 250Hz (see
subsection 3.2.2), the sampling interval is 4ms. Most of the differences listed
in table 3.2 are below this threshold, suggesting the these errors are of minor
importance. Further, the standard deviations of the algorithm-expert and the
inter-expert differences are in accordance. Since the inter-expert SD reflects the
uncertainty in the position of ECG features and the algorithm exhibits similar
behavior, the results suggest that automatic annotations perform similar to
medical professionals.

The only conspicuousness in table 3.2 is the difference in R peak detection
and annotation. These results are attributable to the fact that by definition
R peaks are always positive [61] and therefore the introduced algorithm only
recognizes positive peaks as R peaks. On the contrary, upon investigation of
the annotations in the QT database, it becomes apparent that in some cases
negative peaks within the QRS complex are marked as R peak. The reason for
these annotations, however, remains unclear.

The detection rates at an overall sensitivity of 98.7% and a positive predictive
value of 98.6% show that the algorithm presented in this work has a comparable
detection rate as today’s usual algorithms [43]. It should be noted however
that the respective first two seconds of each signal were not included in the
verification of the detection rate, as this period of time is required to initialize
all variables, limit values and templates.

Inspection of the Bland-Altman plots (see figure 3.8) reveals no trends and only
a small shift in the QRS duration. Therefore, no systematic error is apparent in
these readings. The means of the differences in PR and QT interval are within
the range of the sampling interval, indicating only a minor error. The slightly
elevated mean difference in QRS duration can be attributed to the slightly late
detection of the QRS offset. The elevated SD in the differences of the QT
interval can be attributed to the fundamental uncertainty associated with the
offset of the T wave, as shown in table 3.2.
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From a clinical point of view, the automatic annotation of the ECG and de-
termination of ECG intervals allows the diagnosis of several pathologies, e.g.,
an unusually long p wave duration indicates atrial enlargement, a shortened
PR interval suggest AV bypassing while a prolonged PR interval is the result
of a beginning AV block, a prolonged QRS duration indicates branch blocks or
hyperkalemia, an inverted T wave may result from myocardial ischemia or left
ventricular hypertrophy (LVH), and a prolonged QT interval is a risk factor for
sudden death [61].

In conclusion, these results are satisfying and match existing ECG annotation
algorithms [43,44,62]. Therefore, the presented algorithm was implemented in
the CardioCube and can be used for clinical trials.



Chapter 4

Pulse Wave Velocity

The risk of developing and the progress of cardiovascular diseases can be pre-
dicted by progression of stiffening of elastic arteries [63, 64]. However, it is
impossible to measure the stiffness of arterial walls directly without invasive
and harmful biopsy. As the traveling speed of pressure waves in blood vessels is
directly related to the stiffening of their walls [65,66], the Pulse Wave Velocity
(PWV) became the gold standard for the assessment of arterial stiffness over
the last decade [24].

The definition of velocity itself is straight forward, since it is calculated as the
distance traveled in a certain time. Therefore, its accuracy and reliability de-
pend heavily on the determination of these two factors [24]. While the distance
is usually estimated by features such as the body height [67,68], the second fac-
tor contributing to the PWV, the Pulse Transit Time (PTT), can be measured
using numerous techniques and methods, usually resulting in different PWV
values [69]. As there is still no agreement on the accuracy of these methods,
the reliability and stability of several commonly used algorithms is evaluated
in this chapter.

This chapter is primarily based on the previous works “Increasing Stability
of Real-Time Pulse Wave Velocity Estimation by Combining Established and
New Approaches” (Bachler et al. 2013 [70]) and “Comparison of transit time

33



4 Pulse Wave Velocity 34

estimation methods for the determination of pulse wave velocity” (Bachler et
al. 2014 [71]).

4.1 Background

Dating back as early as 1808, the relationship between the elasticity of arterial
walls and the pulse wave velocity was first described by the English scientist
Thomas Young [72]. In more general terms, he characterized elasticity as the
relation of tensile stress (pressure) in a body to its extensional strain, now
known as the elastic modulus or Young’s modulus E. This, in turn, enabled
the Dutch physician Adriaan Isebree Moens [65] and Dutch mathematician
Diederik Korteweg [66] in 1878 to quantify the relation between PWV and the
elasticity of arterial walls as

PWV =
√

E · h
2 · r · ρ, (4.1)

today known as the Moens–Korteweg equation, with ρ denoting blood density
and making some simplifications, e.g., assuming constant wall thickness h and
constant vessel radius r [73]. Regardless of these simplifications, equation 4.1
set the foundation to utilize PWV as an estimate of arterial stiffness. Physi-
ologists and physicians, such as Étienne-Jules Marey (1860), Frederick Akbar
Mahomed (1872), and James Mackenzie (1902), developed various types of
sphygmographs in order to measure, visualize and analyze pulse waves [63].
Later, in 1922, the Scottish physician John Milne Bramwell and the English
physiologist and Nobel Laureate Archibald Vivian Hill were the first to de-
scribe the transmission velocity of pulse waves [74] and refined its analytical
relationship with arterial stiffness [75]. Further advances in this area in the
past century, not least due to the rapid progress in electronic, digital, and
computer technology enabling automated bio-signal analysis, allow simple and
non-invasive measurements of pulse waves and their velocity.

Several methods have been developed for measurements on specific arterial lo-
cations [76–78], or between two arterial sites. The most thoroughly examined
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of the latter approaches is the carotid-femoral pulse wave velocity (cfPWV),
measured by pulse waves at the carotid artery located in the neck and the
femoral artery located in the thigh [79], as depicted in figure 4.1. It was shown
to be an independent predictor for mortality and morbidity of cardiovascular
diseases, coronary events and strokes in hypertensive patients [64,80] as well as
in the general population [81,82]. Furthermore, the European Societies of Hy-
pertension and Cardiology (ESH/ESC) recommend the assessment of cfPWV
in their 2013 guidelines for the management of arterial hypertension [6] in order
to evaluate cardiovascular risk and arterial damage. They suggest a threshold
of 10m/s for cfPWV as an estimate of significant alterations of aortic func-
tion and asymptomatic organ damage [6]. Therefore, cfPWV became the gold
standard for assessing arterial stiffness [63].

In general, PWV is calculated as distance traveled by the pressure wave in a
certain time, and quantified in meters per second m/s. In practice, the pres-
sure in arteries or the dilation of arterial walls is continuously recorded using,
e.g., occlusive blood pressure cuffs, tonometry, or ultrasound, at two different
locations of the body [68]. As the heart is the origin of the pressure waves, one
measurement site is chosen close to it (proximal pressure) and the second fur-
ther away (distal pressure). The pulse transit time (PTT) is then determined
by the time difference of the arrival of a pulse wave at these measurement sites.
The pressure waves can either be measured in parallel, allowing direct estima-
tion of PTT, or sequential. The latter approach necessitates the acquisition of
a third, independent bio-signal in order to synchronize the sequential pressure
recordings retrospectively. Usually, a parallel recording of the electrocardio-
gram (ECG) serves this purpose.

The other factor required to calculate the PWV, the distance traveled by the
pressure wave, is usually estimated by the distance between certain body fea-
tures or by incorporation of the body height [24,67], since exact measurements
could only be taken by invasive methods such as catheters, minimally inva-
sive angiography using computed tomography, or sophisticated methods using
magnetic resonance imaging. As the distance changes only very slowly, roughly
1mm per year, it is only determined once per measurement session [24].
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Figure 4.1: Arterial tree of the human circulatory system, with emphasis
on carotid and femoral artery. Modified from [83].



4 Pulse Wave Velocity 37

The estimation of the PTT itself is not as straight forward as it may seem at
first glance. Shape and amplitude of pressure waves alter as they travel trough
the arterial tree, since they are affected by wave reflections at bifurcations
and the change in diameter and stiffness of blood vessels. Therefore, several
algorithms for the estimation of the PTT have been developed in recent years.
They usually focus on the “foot” of the pressure wave, determining certain
points or areas in the end-diastolic or early systolic part of the pulse wave.
This region is characterized by the minimum or the beginning of the upstroke
of the pressure at every heartbeat, and is less affected by wave reflections than
other characteristics such as the maximum [84,85].

Features such as the diastolic minimum, the maximum of the first or sec-
ond derivative or a combination thereof are utilized as “foot-to-foot” meth-
ods. However, as these methods are influenced by different physiological and
metrological properties, the resulting PTT readings may yield substantial dif-
ferences [68,84,86]. Furthermore, as these algorithms evaluate only one specific
point within the whole cardiac cycle, they are easily affected even by small vari-
ations of the pressure signal. Considering the short distances, usually in the
range of 0.5 to 1 meter [67], and relatively high wave speeds of 5 to 15m/s [6],
these small variations in the calculation of the PTT may yield considerable
differences in the resulting PWV. Therefore, a high variability can be observed
within repeated PWV measurements using the same device, on the same sub-
ject, and by the same operator [87]. Even though a small portion of these fluc-
tuations can be attributed to physiologic alterations between consecutive heart
beats, such as respiratory influences or baroreflex-mediated oscillations [88],
the remaining majority is introduced by random noise or methodical artifacts.

In order to reduce these errors and produce more stable and repeatable results,
methods evaluating the whole diastolic region instead of single points were in-
troduced recently [79,89]. Therefore, in this chapter several different algorithms
are presented and compared with respect to their stability and reliability.
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4.2 Methods

In this section, first the source of pulse wave recordings used to compare the
presented methods is described. Furthermore, the need for additional syn-
chronous ECG recordings is discussed. Finally, the methods for pulse wave
onset detection, namely the diastole-minimum, the maximum of first and sec-
ond derivative, intersecting tangents, and the diastole-patching method are
presented.

4.2.1 Data Source

In order to test and compare the methods under investigation of this chap-
ter, physiological signals were acquired from the “Multi-parameter Intelligent
Monitoring for Intensive Care” (MIMIC) Database [90]. It is part of the free-
access online archive Physionet.org [46, 47]. It is published under the ODC
Public Domain Dedication and License v1.0 [48], has been fully de-identified
(anonymized) and therefore may be used without the further approval of any
Institutional review board [49]. Initially, the MIMIC Database was created to
assist the development and evaluation of automated decision support systems.

The database contains continuous data recorded in the medical, surgical, and
cardiac intensive care units of Boston’s Beth Israel Hospital using Hewlett
Packard CMS “Merlin” bedside monitors. Recordings of patients suffering
from various cardiovascular and other diseases were included in the database.
Therefore, they contain a variety of different pulse wave patterns of differ-
ent cardiovascular conditions. During the recording period the authors of the
database attempted to capture all available patient data, including two or three
ECG leads, arterial blood pressure, respiration, and oxygen saturation. Elec-
trocardiographic data were sampled at 500Hz, pulse waves at 125Hz. For this
chapter, the continuous arterial blood pressure signal was used as the source of
proximal pressure waves, whereas the pulse oximeter signal serves as the dis-
tal source. Furthermore, as some algorithms under investigation rely on ECG
signals to trigger the detection of pulse waves, only recordings containing an
additional ECG were used.
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The records of 46 different subjects met these criteria. For each record, only
sequences with useful pulse waves were taken into account, as the pulse oximeter
signal is particularly prone to motion artifacts. Finally, they were restricted to
a maximum duration of 60 seconds, to keep the influence of long-term changes
in hemodynamics at a minimum. In summary, 2348 pulse waves were used to
test the algorithms under investigation.

4.2.2 Triggering by Electrocardiography

As described in chapter 3, R peaks in ECG recordings are amongst the most
prominent and reliable features for the detection of heartbeats. They are easy
to detect automatically due to their steep slopes and high amplitudes [27]. As
they mark the beginning of the systole in the electric activity of the heart, R
peaks occur a short time before the corresponding pulse waves are measured.
Furthermore, since pulse waves from various sources, particularly from pulse
oximetry, photoplethysmography, and occlusion cuffs, are more prone to motion
artifacts, the detection of heartbeats for PTT calculation is often triggered by
R peaks in the ECG [63].

As this chapter is focused on the calculation of the PTT and not the detection
of heartbeats, all methods under investigation were provided with heartbeats
pre-annotated in the signals using methods described in chapter 3.

4.2.3 Diastole-Minimum

In the diastole-minimum method, the minimal pressure of each cardiac cycle
is searched in the period immediately following every detected R peak. It
coincides with the diastolic pressure, is often referred to as the “foot” of the
pulse wave, and is computationally easy to locate. This point in time marks the
transition between the diastolic and systolic cycle and therefore is considered
to be free of wave reflections running backwards in the arterial tree [91]. This
method is illustrated in Figure 4.2, top, and 4.3, top right.
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4.2.4 Maximum of First Derivative

Similar to the diastole-minimum, the method based on the maximum of the
first derivative is computationally easy to realize. In digital signal processing,
the first derivative is calculated by the consecutive differences of the time series
representing the pressure signal. Subsequently, its maximum value is searched
in the 300ms period following the R peak of the ECG [84]. The result is illus-
trated in Figure 4.2, middle, and Figure 4.3, top right. It occurs in the midst
of the systolic cycle and represents the steepest slope of the rising pressure,
therefore often being referred to as the Maximum Systolic Upstroke (MSU).

4.2.5 Maximum of Second Derivative

Similar to the MSU, the second derivative is calculated from the pressure signal
and its maximum searched in a period following the R peak. It represents the
most rapid change of the signal slope, indicating the beginning of the systolic
cycle [84]. It usually occurs just after the diastolic minimum and before the
MSU, as shown in Figure 4.2, bottom.

4.2.6 Intersecting Tangents

In order to benefit from the advantages of the diastole minimum (free of pulse
wave reflections) and the MSU (robust to noise and filters), the Intersecting
Tangents (IT) method represents a combination of these two. Initially, the
points in time of the diastole minimum and the MSU are calculated indepen-
dently and denoted as tDM and tMSU , respectively. Further, the tangents of
the pressure signal s (t) at these two points are calculated, whereas the tangent
at the diastole minimum is parallel to the time axis:

tangentDM (t) = s (tDM) (4.2)
tangentMSU (t) = s (tMSU) + s′ (tMSU) · (t− tMSU) . (4.3)
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Figure 4.2: Proximal and a distal pulse waves (top), and their first (mid-
dle) and second (bottom) derivatives. Minima (top) and maxima (middle
and bottom) marked in the signals are used to calculate the PTT.

Finally, the point in time of the intersection of these two tangents is denoted
as the artificial onset point tIT of the pulse wave [92], calculated by

tIT = s (tDM)− s (tMSU)
s′ (tMSU) + tMSU . (4.4)

The result is illustrated in Figure 4.3, top right.

4.2.7 Diastole-Patching Method

Unlike the aforementioned methods, the diastole patching algorithm does not
have to look for certain points in the trace of the pulse wave. Instead, it
compares a specific area near the foot of the pressure wave, the "diastole patch",
in the proximal and distal signal. First, the onset of the proximal pulse wave
is found by one of the above methods. Originally the diastole minimum was
used by Vardoulis et al. [89], however, in this work this technique was adapted
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by using the more stable IT algorithm. Subsequently, the area in the vicinity
of this onset point tIT in the proximal signal sp(t) is then used as the diastole
patch (see Figure 4.3, top right):

patch(t) =

sp(t) if |t− tIT | < 41ms;
0 otherwise,

(4.5)

where the patch size of 82ms(2·41ms) was chosen to cover the diastolic region,
but not the maximum of the signal.

This patch(t) is sequentially compared to the distal pulse wave in the time
interval [tIT , tIT + 500ms], where 500ms can be expected to cover the distal
onset of the same, but not the following heartbeat. Mathematically, the easiest
way to quantify this similarity is to calculate the cross-correlation between the
diastole patch and the distal signal sd:

Correlation(τ) =
ˆ tIT +500ms

tIT

patch∗(t) · sd(t+ τ)dt, (4.6)

where * donates the complex conjugate and τ the time lag between the signals.
Since the signal does not contain a complex part, the complex conjugate can
be omitted in the actual computation. Finally, the pulse transit time of the
patch method, PTTpatch, is defined as the time lag τ at the highest correlation
value of the patch and the distal pulse wave, as shown in Figure 4.3, bottom:

PTTpatch = arg max
τ

(Correlation(τ)) . (4.7)

4.3 Results

The four foot-to-foot methods and the one diastolic patch algorithm were used
to calculate the PTT of 2348 pulse waves, between a proximal and a distal
measuring site in 46 different subjects. In order to ensure the correct function of
the methods, the results were visually inspected. Thereafter, the intra-subject
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Figure 4.3: Top left: carotid (proximal) pulse wave. Top right: magni-
fication of the foot of the pulse wave with Diastole Minimum, Maximum
Systolic Upstroke (MSU), Intersecting Tangents (IT) and Diastole Patch
(DP). Bottom left: carotid and femoral (distal) pulse wave with area marked
for cross correlation. Bottom right: cross correlation and its maximum.

standard deviation σ of the resulting PTTs is used as a measure of stability of
the methods. Furthermore, the reliability is evaluated by the relative number
of outliers per subject. Outliers are defined as values above a Threshold Th+

or below Th−, with Th± defined as

Th± = µsub ± 3 · σ̄all, (4.8)

where µsub is the average PTT per subject and σ̄all denotes the average stan-
dard deviation of all methods. The results of this evaluation were not normally
distributed (determined using the Lilliefors test for normally distributed pop-
ulation [93]) and are therefore listed in Table 4.1 as median and 95% central
range.

With 10.41 (1.56, 34.49)ms, the diastole-minimum method had by far the
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Table 4.1: Median and 95% central range (2.5 and 97.5 percentile) of
the stability and reliability of the investigated methods, evaluated by the
intra-subject standard deviation and relative outliers per subject.

Method Intra-subject
deviation σ (ms)

Relative outliers
per subject (%)

Diastole-minimum 10.41 (1.56, 34.49) 2.44 (0.00, 35.17)
Max. Systolic Upstroke 4.18 (2.75, 23.69) 0.00 (0.00, 9.29)
Max. 2nd derivative 4.12 (2.32, 40.29) 0.00 (0.00, 47.40)
Intersecting Tangents 5.23 (3.21, 34.39) 0.00 (0.00, 67.14)
Diastole-Patching 4.00 (0.53, 13.47) 0.00 (0.00, 11.12)

highest intra-subject standard deviation σ. The IT, MSU and max. 2nd deriva-
tive methods resulted in medium standard deviations σ, whereas the diastole-
patching method had the highest stability with an intra-subject standard de-
viation σ of 4.00 (0.53, 13.47)ms. Figure 4.4 summarizes these findings as
boxplot [94].

In terms of relative outliers as a measure of reliability, the performance of the
investigated algorithms was similar to the intra-subject deviation σ. With up
to 67.14% outliers per subject, the IT method did not perform very well. The
results of the diastole-minimum and the max. 2nd derivative were average,
whereas the MSU and the diastole-patching algorithm showed the highest re-
liability with only 0.00 (0.00, 9.29)% and 0.00 (0.00, 11.12)% outliers per
subject, respectively.

4.4 Discussion

In this chapter, five methods for PTT estimation were presented and compared
in terms of stability and reliability. The four classical methods rely only on one
or two characteristic points, independently annotated in the proximal and the
distal pulse wave and therefore treat each signal source autonomously.
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Figure 4.4: Distribution of intra-subject-deviation σ for all investigated
methods.

The Diastole-Minimum methods finds the point in time that is considered to
be free of wave reflections [91]. Hence, from a physiological point of view, this
would be the perfect choice to detect the arrival of the pulse wave. Unfortu-
nately, from the metrological point of view, it is the worst. Additive noise in
the signal affects mostly the detection of the diastolic minimum, predisposing
it to random inaccuracies. Furthermore, systematic errors arise from the choice
of various high-pass or band-pass filters used in the measurement chain of the
signal [91].

In comparison, the steep slope of the signal at the MSU renders it robust to
additive noise and the choice of signal filters. However, since the MSU is the
last of all pulse wave onset points to occur during the cardiac cycle, it is most
affected by the backwards running wave reflections [84].

In turn, the Maximum of Second Derivative occurs very early in the systolic
cycle, therefore being more robust to wave reflections than the MSU. Further-
more, the rapid change of slope in the signal detected by this method is linked
to high frequency spectral components, therefore it is especially insensitive to
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high-pass filtering. Nevertheless, it is still affected by band-bass filtering and
signal noise [84].

In the worst case scenario, small variations in the detection of the aforemen-
tioned points happen in opposite directions, i.e., a delayed detection in the
proximal and a premature detection in the distal pulse wave in one heart beat,
and the reversed situation in the consecutive beat. This instability can lead to
high intra-subject-deviation. In contrast, the diastole-patching method exploits
the coupled nature of the two signals by directly evaluating their similarity in
the diastolic region. Small variations in the detection of the systolic onset in
the proximal pulse wave have almost no effect on the final result, since the time
delay of the respective region in the distal pulse wave still remains constant.
The findings in this chapter support this assumption by showing the best sta-
bility and reliability in terms of intra-subject standard deviation σ and number
of measurement outliers for the diastole-patching method.

While most of the PTT’s variability can be attributed to noise or artifacts,
a fraction of it may be of physiologic origin. Several studies comparing heart
rate variability (measured by R-Peaks in the ECG) and pulse wave variability
(measured by pressure waves) revealed small differences between R to R inter-
vals (RRI) and the pulse to pulse intervals (PPI) [95,96]. Since the cumulative
number of R-Peaks and pulse waves, respectively, has to be the same, the de-
viations between RRI and PPI can only be caused by variations of the pulse
wave velocity [95]. Furthermore, the distance traveled by the pulse waves has
to remain physiologically constant (at least at short to middle time scales).
Therefore, the deviations are introduced by variations in the PTT, either by
inaccurate detections of the beginning of the cardiac cycle or by physiologic
alterations of the PTT on a beat-to-beat basis [95]. One major contributor to
this PTT variability might be breathing [96].

The “ESH/ESC Guidelines for the management of arterial hypertension” [6]
suggest a threshold of 10m/s of the cfPWV for a diagnosis of asymptomatic
organ damage and to estimate significant alterations of aortic function. They
give precise information on how to determine the distance between the carotid
and femoral artery. Unfortunately, they do not make any suggestions on which
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method should be used to determine the PTT. In contrast, different algorithms
for the calculation of the PTT focus on different features of the pule wave.
Hence, they also result in different PTTs and pulse wave velocities [68]. Mean
PWV values, calculated for the same pulse waves using different methods can
vary by as much as 2.6m/s [89]. Comparing results of individual pulse waves,
differences of at least 5m/s are not uncommon [71]. This discrepancy of the
guidelines and the practical application and results of various algorithms, and
above all the absence of a non-invasive gold standard, lead to the decision not
to evaluate the accuracy in terms of absolute PTT or PWV readings in the
present chapter.

From a clinical point of view, the calculation of the PWV enables the assess-
ment of arterial stiffness, since a high PWV indicates a stiffening of arteries [24].
Moreover, since PTT and blood pressure exhibit negative correlation on indi-
vidual subjects and on short time scales, the PTT can serve as an estimate of
blood pressure variability [97].

In conclusion, the most stable and reliable diastole-patching method was finally
chosen to be implemented in the CardioCube and to be used in upcoming
clinical trials with the objective of advancing the studies on physiologic PWV
variability and absolute PWV thresholds for guidelines.



Chapter 5

Heart Rate Variability

Heart rate variability (HRV) is the temporal variation of the interval between
consecutive heartbeats. It reflects the ability of an organism to change the
frequency of the cardiac rhythm on a beat-to-beat basis. Changes of the tem-
poral distance between two consecutive heartbeats occur spontaneously even
in a resting state [98].

5.1 Background

The heart rhythm is controlled via the autonomic nervous system, whereby its
two branches, the sympathetic and the parasympathetic, produce acceleration
or deceleration. The sympathetic nervous system has an activating function
and causes an increase in the heart rate, the parasympathetic nervous system
leads to an inhibition of the activity and therefore a decrease in the heart
rate [9]. However, this is a crude oversimplification of the overall picture. In
fact, the sympathetic and parasympathetic nervous system are only part of a
complex structure, forming a control loop of physiologic interactions. Figure
5.1 illustrates the interplay of important factors for heart rate regulation.

The higher the heart rate variability, the faster and more flexible the organism
can adapt to internal and external influences, by optimizing the interplay of

48
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Figure 5.1: “A simplified model of heart rate regulation”, reproduced from
[99,100]. Additional factors with considerable influence are in dashed boxes.

the sympathetic and parasympathetic nervous system. Physical or psycholog-
ical stress usually results in an increase in the heart rate, which then recedes
during relief and relaxation. Under chronic stress, however, this adaptability
is restricted and consequently the HRV is reduced due to the constantly high
tension [101]. As illustrated in figure 5.1, the regulatory system of the heart
rate has several highly interconnected in- and outputs, which lead to complex
irregularity in the resulting heart rate. Therefore, it is reasonable to hypothe-
size that a defect in the regulatory system leads to a decreased irregularity of
the heart rate. Thus, the analysis of the HRV strives to quantify the amount
of variability and irregularity.

Changes in the HRV have been linked to numerous cardiovascular diseases, in-
cluding sudden cardiac death [102–104], hypertension [105,106], left ventricular
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hypertrophy [107,108], and survival after myocardial infarction [109–111], but
also to others such as chronic kidney disease [112,113].

5.2 Methods

In diagnostic terms, HRV is not a clinical parameter or biomarker, but an
umbrella term. It can be quantified by numerous parameters in three categories:

• By statistical parameters in the time-domain: the beat-to-beat heart rate
is interpreted as a time series and is described using common methods
of time series analysis. This includes for example the standard deviation
or the root mean square (RMS) of the time series or its mathematical
derivative [21].

• By spectral analysis in the frequency-domain: the beat-to-beat heart
rate is regarded as a time-dependent function and transformed into the
frequency-domain. The spectral power density of certain, standardized
frequency bands reflects various physiological processes, for example the
respiratory sinus arrhythmia and the activity of the baroreflex loop, which
represents processes of the blood pressure regulation [21].

• By non-linear analysis methods: This collective term encompasses all
methods that attempt to quantify the complex dynamics of the physio-
logical interactions of the cardiac, circulatory and nervous system to con-
trol the heart rate. Exemplarily, methods from the field of chaos theory
are used to determine the short-term variability of the current heart rate
(Poincaré plot) or the degree of irregularity (entropy analysis) [114–116].

5.2.1 Measurement

The first step of an HRV measurement consists of the recording of a series of
heartbeats, usually over a standardized period of time. On the one hand the
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HRV is directly affected by the duration of the recording due to physiologic
effects by the circadian rhythm [117], and on the other hand the quantification
of HRV is altered due to the varying number of data points [118]. Hence, the
Guidelines on Heart rate variability by the American Heart Association and the
European Society of Cardiology [21] recommend either short-term recordings
of five minutes or long-term recordings of 24 hours.

In principle, various modalities are available to record heartbeats, either us-
ing ECG (Chapter 3) or by measuring pulse waves via pulse oximetry, photo-
plethysmography, or occlusion cuffs (Chapter 4). However, the choice is again
limited by physiological and methodological effects: First, since HRV is sup-
posed to reflect the activity of the nervous system, the occurrence of the beats
should be captured as close as possible to the cardiac pacemaker - the sinus
node. Capturing HRV using pulse waves therefore would introduce influences
of the vascular system, the ejection duration, and the electrical conduction sys-
tem of the heart. From this point of view, the best indicator of heartbeats for
HRV would be the onset of the P wave in the ECG, since it reflects the begin-
ning of the atrium’s activity initiated by the sinus node. However, the second
limitation is of methodological nature: Due to its low voltage amplitude, the
ECG’s P wave and certainly also its onset are hard to detect with sufficient
accuracy. Even a small amount of measurement noise may shift the detection
of the heartbeat, which in turn would alter HRV parameter. Thus, the com-
mon compromise is to use the R peak of the ECG as the heartbeat for HRV
quantification, as it is least affected by noise and the only physiologic elements
added to the pathway after the sinus node are the atrioventricular node, the
bundle of His, and the bundle branches. [88,119–122]

Consequently, the second step of an HRV measurement consists of detecting
the R peaks in an ECG recording by applying the methods of Chapter 3, as
shown in Figure 5.2a. Ultimately, this results in a discrete event series (DES)
R:

R := {R1, ..., RK} , (5.1)

where each R represents the time of occurrence of a heartbeat and K the
number of heartbeats. Figure 5.2b shows the intervals between consecutive
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Figure 5.2: Top: Excerpt of an ECG recording with R peaks detected and
marked as stars. Bottom: Resulting RR series from detected R peaks.

heartbeats, calculated as the differences between adjacent elements of R:

RR = {RR1, ..., RRN} := ∆R = {R2 −R1, ..., RK −RK−1} , (5.2)
N = K − 1, (5.3)

where N is the total number of RR intervals.

It is essential to mention that R may contain ectopic beats as well as false
positive detections, and lack false negative (missed) detections of R peaks [123].
While the former do not originate in the sinus node and therefore do not reflect
processes of the autonomic nervous system, the latter introduce complete non-
physiological intervals in the RR series, as shown in Figure 5.3a. Since even
one single ectopic beat can change the HRV immensely, it is important to
remove these artifacts [124]. While numerous methods of artifact removal of
varying computational demand and success rate were proposed in the recent
years, the most important aspect is the correct detection and removal of these
artifacts [125–127]. However, since these methods for detection, removal, and
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Figure 5.3: Top: A typical 5 minute RR time series containing one
artifact after about 190 seconds (marked with *) and one ectopic beat after
about 200 seconds (marked with +). Bottom: The same RR time series,
where artifacts and ectopic beats were corrected, resulting in the NN series.

correction of artifacts are out of this work’s scope, the series of NN intervals
consisting of normal heartbeats only (see Figure 5.3b) is hereafter generically
defined as

NN = {NN1, ..., NNN} := filter(RR), (5.4)

where filter may refer to any appropriate method to remove ectopic beats
[126,128].

5.2.2 Time-Domain

The following definitions of HRV parameters are based on the Guidelines on
Heart rate variability by the American Heart Association and the European
Society of Cardiology [21].
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Statistical Methods

Most of the methods quantifying HRV in the time-domain originate from time
series analysis and facilitate statistical parameters. They are usually easy and
computationally inexpensive to calculate. The simplest representative of this
family is the mean NN interval:

NN = 1
N

N∑
i=1

NNi (5.5)

and its reciprocal, the mean heart rate, usually converted to bpm (beats per
minute). Measured first at a stress-free baseline and second during some exer-
cise, these parameters reflect momentary stress. However, they cannot give any
information about the heart rate variation. Therefore, the simplest parameter
quantifying variability is the standard deviation of NN intervals:

SDNN =

√√√√ 1
N

N∑
i=1

(
NNi −NN

)2
. (5.6)

Since it is mathematically equal to the total power of spectral analysis, SDNN
reflects all cyclic components responsible for variability. SDNN is affected by
the recording length, therefore making standardized recording durations essen-
tial for comparability. To shift the focus from total power to high frequency
components it is suitable to inspect not the NN intervals themselves, but the
differences between adjacent NN intervals ∆NN . The most commonly used
measure is the root mean square of successive differences:

RMSSD =

√√√√ 1
N − 1

N−1∑
i=1

(∆NNi)2, where (5.7)

∆NNi = NNi+1 −NNi. (5.8)

Others count the number of interval differences greater than a certain threshold,
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usually 50ms, and report the result either in absolute values

NN50 =
N−1∑
i=1

(|∆NNi| > 50ms) (5.9)

or relative to the number of NN intervals

pNN50 = 100 · NN50
N

. (5.10)

Since RMSSD, NN50, and pNN50 all reflect short-term variation they are highly
linear correlated (NN50 vs. pNN50) or logarithmic correlated (RMSSD vs.
pNN50). The RMSSD is usually preferred due to its better statistical proper-
ties.

Finally, the fourth measure using successive differences of NN intervals is the
standard deviation of successive absolute differences:

SDSD =

√√√√ 1
N − 1

N−1∑
i=1

(
|∆NNi| −NNd

)2
, where (5.11)

NNd = 1
N − 1

N−1∑
i=1

(|∆NNi|) . (5.12)

In general, the time-domain methods are better suited for analysis of long-term
recordings than frequency-domain methods. However, the time–domain meth-
ods, especially the SDNN and RMSSD methods, can also be used to investigate
recordings of short durations.

Geometrical Methods

Beside statistical measures, few geometrical methods are common for HRV
quantification. They rely on the density distribution estimate D (see Figure
5.4) or the histogram H of either the NN intervals or their successive differences
∆NN . For the construction of the histogram, the Guidelines on Heart rate
variability suggest a bin width of 1/128s, justified as corresponding “to the
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Figure 5.4: Density distribution estimate of NN intervals. X denotes
the mode of the NN intervals, i.e., the most frequent interval. Y indicates
the maximum of D, i.e., D (X). The parameters L and M are derived by
optimization in order to calculate TINN.

precision of current commercial equipment” [21]. While modern devices exceed
this precision by an order of magnitude, these guidelines should still be followed,
since the choice of bin width of the histogram dramatically affects the results.

The HRV triangular index can be either approximated by

HRV_idx ≈ N

max (H (t)) (5.13)

when using the histogram or by

HRV_idx =
´
D (t) dt

max (D (t)) (5.14)

when using the density distribution. A more sophisticated measure is the trian-
gular interpolation of NN interval histogram (TINN), which fits the parameters
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L and M (see Figure 5.4) of the multilinear function q

q(t) =


Y − Y

X−L |t−X| L ≤ t ≤ X

Y − Y
M−X |t−X| X < t ≤M

0 otherwise

, where (5.15)

X = mode (NN) and (5.16)
Y = D (X) (5.17)

such that ˆ
(D (t)− q (t))2 dt→ min. (5.18)

Finally, TINN is calculated as

TINN = M − L. (5.19)

Both measures are more influenced by lower than by higher frequencies and
only suitable for long-term recordings. However, both are insensitive to the
quality of the series of NN intervals and may therefore be used even if the
removal or correction of artifacts in the RR series was insufficient.

5.2.3 Frequency-Domain

The analysis of the power spectral density (PSD) provides information on how
power distributes as a function of frequency. The power of certain frequency
bands can be linked to sympathetic and the parasympathetic activity, respira-
tory sinus arrhythmia, circadian rhythms, and further physiologic influences on
the HRV. The Guidelines on Heart rate variability distinguish between the total
power of the whole spectrum and four separated frequency bands, summarized
in Table 5.1.

The applicability of these measures depends on the duration of the recording.
Power in the ultra low frequency (ULF) and very low frequency (VLF) ranges
can only be determined in long-term recordings, since their cycle times (1/f)
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Table 5.1: Summary of frequency-domain measures of HRV

Variable Units Description Frequency
range

TP ms2 Total Power of whole spectrum;
equivalent to variance 0 - 0.4Hz

ULF ms2 Power in ultra low frequency range 0 - 0.003Hz
VLF ms2 Power in very low frequency range 0.003 - 0.04Hz
LF ms2 Power in low frequency range 0.04 - 0.15Hz
HF ms2 Power in high frequency range 0.15 - 0.4Hz

LF norm n.u. LF power in normalized units
100 · LF/(TP − V LF − ULF )

HF norm n.u. HF power in normalized units
100 ·HF/(TP − V LF − ULF )

LF/HF Ratio LF/HF

exceed 5 minutes. On the other hand, the power in the low (LF) and high (HF)
frequency ranges can be calculated in short- and long-term recordings alike.
However, since the heart rate modulations during long-term recordings exhibit
lower stability, LF and HF become less easily interpretable. The total power
(TP) is applicable in short- and long-term recordings without constraint [21].
Figure 5.5 shows an example of a PSD analysis with frequency bands.

In clinical studies on frequency components of the HRV, the HF component
has been linked to vagal (parasympathetic nervous system) influences, by using
electrical vagal stimulation, muscarinic receptor blockade, and vagotomy [130–
132]. The LF component has been linked to sympathetic modulation [132–134]
and in some cases to sympathetic and vagal activity [130,135].

The estimation of the PSD itself is not a trivial process, since methods for
spectral analysis usually require evenly sampled discrete time series. This is not
the case for a series of RR intervals, since the heartbeats form a discrete event
series following a stochastic process. Several methods emerged to counteract
this problem, essentially based on two approaches. Non-parametric methods do
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Figure 5.5: Autoregressive power spectral density estimate (order 16)
using Burg’s method [129] of a 5 minute recording; subject sitting and at
rest. The gray area marks the LF, the black area the HF component of the
spectrum. Distinct peaks in the respective areas are generated by different
physiologic processes. The white area (VLF + ULF) must be ignored in the
analysis of short-term recordings.

not assume a functional form of the PSD a priori, while for parametric methods,
assumptions are made for the signal which lead to a parametric, functional form
of the PSD. In the latter case, parameters for the resulting model have to be
determined. Both approaches have advantages and disadvantages. The choice
of the method or the model selection in the parameter method can influence
the result and needs to be explicitly stated when reporting results.

Non-Parametric Methods

Non-parametric methods are based on the fast Fourier transform. Due to finite
data length the definition of the PSD is modified to an empirical version based
on the discrete-time Fourier transform (DTFT) and thus an estimate. This
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estimate is referred to as a periodogram and is calculated for a signal y (t) as
follows:

ŜXX (ω) = 1
N

∣∣∣∣∣
1∑
t=1

y (t) e−iωt
∣∣∣∣∣
2

. (5.20)

However, this direct DTFT approach has high variance and is not consis-
tent [136]. Furthermore, these estimates exhibit distortions due to spectral
leakage caused by the windowing effect of finite data lengths, which may cause
a superposition of weak parts of the signal [101]. Therefore, methods such as
the Welch Method were developed to reduce variance and spectral leakage at
the expense of the resolution [136].

Welch Method In the Welch method, the data points are divided into seg-
ments that can overlap. The data points of each segment are weighted with
a window function before calculating the periodogram. In order to obtain the
estimated value of the PSD, the periodograms of the individual segments are
averaged. This averaging should lead to a reduction in variance [137].

In order to create an evenly sampled discrete time series, the RR intervals are
first interpolated at 7Hz and subsequently evaluated using the Welch method
with adjacent segments overlapping at 50% and a Hamming window function
[138].

Lomb-Scargle Method An advancement of the classical periodogram is the
variant of Lomb and Scargle [139, 140], whose great advantage is the applica-
bility to stochastic, irregularly sampled data. It was originally developed for
application in astronomical research, where observation periods are limited and
irregular due to planetary constellations and weather influences. It is able to
find weak periodic signals in otherwise random, unevenly sampled data. Stud-
ies show that the Lomb-Scarlge periodogram reduces possible distortions or
erroneous results that can result from any form of interpolation [141].
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Consider xk being the RR intervals and tk derived from the discrete event series
of R peaks, where k = 1, ..., N . The Lomb-Scargle periodogram is defined
by [139] as

PLS (ω) = 1
2σ2

{
[∑N

k=1(xk−x) cos(ω(tk−τ))]2∑N

k=1 cos2(ω(tk−τ))
+ [∑N

k=1(xk−x) sin(ω(tk−τ))]2∑N

k=1 sin2(ω(tk−τ))

}
, (5.21)

where x is the mean and σ2 the variance of x. For every angular frequency
ω = 2πf a time offset τ is chosen as

tan (2ωτ) =
∑N
k=1 sin (2ωtk)∑N
k=1 cos (2ωtk)

. (5.22)

The time offset τ guarantees the time invariance of PLS, since every shift of tk
results in an equivalent shift in the offset.

Parametric Methods

Non-parametric methods do not assume any conditions for the signal except for
stationarity. In the case of a parametric or model-based approach for spectral
estimation, the signal is given a certain functional form and thus a model is
created. The parameters of the model must be determined.

Burg Method Despite the existence of a wide variety of parametric meth-
ods, the most wide spread for analysis of HRV models RR intervals as an
autoregressive process of the form

y (t) = c+
p∑
i=1

φiy (t− i) + εt, (5.23)

where c is a constant, εt a white-noise error term, and φt represents the model
parameters. The order p of the model influences its properties: the lower the
order, the smoother the resulting PSD function. Previous studies suggest that
an order of p = 16 is best suited for application in HRV analysis [101, 142].
Finally, the Burg method, whose algorithm minimizes predefined forward and
backward prediction errors, is used to estimate the model parameters φt [129].
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Figure 5.6: Comparison of the three PSD estimation methods of the same
NN time series: Welch (50% overlap, Hamming window), Lomb-Scargle,
and Burg (order 16).

The three methods for PSD estimation are compared in figure 5.6. Due to the
segmentation of the input series, the Welch method shows fewer resulting data
points than the other two methods. The Lomb-Scargle method exhibits more
distinct peaks and valleys with maximum values about twice the height of the
other two methods. However, the integral of the power in the LF and HF band
is comparable especially to the Burg method. The Burg method, due to the
underlying autoregressive model, shows the smoothest shape.
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Figure 5.7: Simulated time series. While the patterns are obviously dif-
ferent, the means and standard deviations are identical. Furthermore, the
PSD of (c) and (d) is identical. Reprinted from [21].

5.2.4 Nonlinear Measures

Time- and frequency-domain methods share some limitations when it comes
to the quantification of patterns in the NN time series, as shown in figure
5.7. Obvious differences in the patterns may lead to the same results. The
reason is that measured physiological data such as NN intervals are usually the
result of very complex interactions of control mechanisms within an organism.
These biological structures evolved and developed over millennia to ensure high
adaptability to the environment and therefore, the survival of a species. Hence,
it is no surprise that linear methods, which are rather simple by comparison to
biological organisms, fail to capture these complex interactions [143].

As a result, physiological data tends to exhibit chaotic properties [116, 144].
Thus, the interest and application of methods investigating nonlinear dynamics
(NLD) of HRV increased over the past 40 years.

In 1983, Glass et al. [145] first introduced nonlinear approaches for the anal-
ysis of cardiac oscillations. Phase locking and period-doubling bifurcations as
well as chaotic dynamics were predicted theoretically and confirmed in cultured
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cardiac cells [145]. Soon, evidence for nonlinear period multupling was proved
in dogs [146]. The first nonlinear methods used in studies on humans by Gold-
berger & West in 1987 were fractal dynamics, assuming a self-similar (fractal)
scaling of 1/f -like spectra resulting in constrained randomness of HRV [147].
Soon it was shown that patients of high risk of sudden death exhibit reduced
HR dynamics [148]. In 1988, a qualitative study investigated multivariate
nonlinear analysis using independent NLD methods, such as phase portrait,
Poincaré section, correlation dimension, Lyapunov exponent, and Kolmogorov
entropy [149]. It proved that HRV is not random, but chaotic and follows,
especially in short ranges, deterministic laws. In an effort to quantify this
amount of irregularity, approximate entropy (ApEn) was developed 1991 by
Pincus [150] and later improved to sample entropy (SampEn) by Richman &
Moorman (2000) [151]. In 1995, Peng et al. introduced detrended fluctuation
analysis (DFA) to investigate fractal structures in HRV [152]. In 2002, the con-
cept of the determination of entropy was generalized by Costa et al. to multiple
time scales [153–156] and shown to be of clinical importance in life-threatening
conditions by Norris et al. 2008 [157].

This emergence of methodological wealth in a short period of time indicates
the high interest of both technical and medical research in the area of nonlinear
dynamics of HRV. Since each method constitutes a broad subarea of its own,
it is not possible to thoroughly discuss and investigate all of them in one work.
Therefore, this work will focus on two widespread methods of analysis: the
Poincaré plot and entropy.

Poincaré Plot

A Poincaré plot, also known as return map, is used to visualize and investigate
self-similarity. It embeds the data into a higher-dimensional state space m
and plots the occurrences of a time series x as points in a two-dimensional
Cartesian coordinate system at (xt, xt+m) for t = 1, ..., N −m [158]. Applied
to HRV, usually m = 1 is used. Hence, points above the line of identity
represent a momentarily prolongation, points below an acute contraction of
the intervals. The points usually appear as elongated cloud along the line
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Figure 5.8: Two examples of a Poincaré plot, generated from a 5 minute
recordings. Left: healthy subject sitting and at rest. Along the line of iden-
tity, the SD2 parameter can be calculated. The SD1 parameter can be cal-
culated on the line perpendicular to the line of identity. For illustration
purpose, SD1 and SD2 are multiplied by three. Right: Multiple point clouds
indicating severe cardiac arrhythmia.

of identity, creating shapes resembling comets, cigars, torpedos, or fans [159].
In contrast to previously described methods, it is usually applied to the RR
interval series in order to visualize the amount, type, and severity of ectopic
beats.

Figure 5.8a shows a typical Poincaré plot of a short-term recording, taken from
a healthy subject during rest, whereas figure 5.8b displays a different shape
containing multiple point clouds created by ectopic beats.

While Poincaré plots are a great diagnostic tool providing a clear overview
of the heart rhythm even with long recordings, it is necessary to generate
quantitative measures from them in order to derive objective measures. One
frequently used way to quantify Poincaré plots is to calculate the standard
deviation along (SD2) and perpendicular (SD1) to the line of identity, shown
in figure 5.8a [101]. Thereby, SD1 reflects the short-term, SD2 the long-term
variability of the time series [160]. In a similar manner, the absolute elongation
along these two axes can be measured [161]. Further measures include
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• Cluster indices: Detecting distinct clusters in the point cloud enables the
quantification of the number, type, and extent of ectopic beats [159].

• Asymmetry indices: Increases and decreases in the heart rate are usually
not symmetrical, as accelerations tend to be slower than decreases [162].
Poincaré plots are a good way to quantify this asymmetry, since the line
of identity forms a symmetry axis [163]. Therefore, one way to measure
the asymmetry is to count the points above and below the line of identity
and calculate their ratio [164]. An extension of this approach is to weight
each data point by its distance to the line of identity [165].

• 3D histogram and density based indices: Common 2D Poincaré plots,
especially when derived from long-term recordings, may hide some infor-
mation due to superposition of points [166]. To counteract this limitation,
Poincaré plots may be replaced by their 3D histogram or 3D density es-
timate. The volume integral of these representations can be used to
quantify the density of the Poincaré plot [166].

• Dispersion: To quantify the extension of the Poincaré plot along the line
of identity and account for outliers, the width of 80% of the data points
at the lower and upper end of the data cloud can be measured [167].

• Mechanical indices: the points of the Poincaré can be interpreted as hav-
ing unit mass or mass distribution. This allows the calculation of iner-
tia [168] or moments in a gravitational potential field using quadrupole
and octupole tensors [169].

• Contour: Centering the data points at their mean value and transforming
them from Cartesian coordinates to polar ones allows to capture their
contour. The area under this curve then can be used as a measure of
Poincaré geometry [170].

Entropy

Beside the approximate entropy (ApEn) [150] and sample entropy (SampEn)
[151] mentioned above, two further improvements, fuzzy (FuzzyEn) [171] and
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fuzzy measure entropy (FuzzyMEn) [172] are described in the following.

Approximate Entropy is based on the idea that time series are regular,
if similar sub-sequences retain their similarity when being expanded. Given a
sample series NN of length N , a template length m, and a threshold r, the
series is first split into overlapping sub-sequences Xm

i of length m. Next, the
number of similar sub-sequences is counted by Cm

i , where similarity is defined
as d

(
Xm
i , X

m
j

)
< r with d being the Chebyshev distance. Finally, the same

steps are performed with increased template length m + 1 in order to find
sub-sequences that retained their similarity. ApEn is then defined as

ApEn(m, r) := φm − φm+1, where (5.24)

φm = 1
N −m+ 1

N−m+1∑
i=1

ln
(

Cm
i

N −m+ 1

)
, where (5.25)

Cm
i =

N−m+1∑
j=1

[
d
(
Xm
i , X

m
j

)
< r

]
, and (5.26)

Xm
i = {NNi+k : 0 ≤ k ≤ m− 1} , i = 1...N −m+ 1. (5.27)

Sample Entropy removes ApEn’s bias towards regularity by removing the
count of self matches (see 5.26: self matches occur when i = j). Furthermore,
the same number of template vectors is used in m and m + 1. Hence, for the
same sub-sequences Xm

i as in ApEn, SampEn is calculated as

SampEn(m, r) := ln φm

φm+1 , where (5.28)

φm = 1
N −m

N−m∑
i=1

Cm
i

N −m− 1 , where (5.29)

Cm
i =

N−m∑
j=1,j 6=i

[
d
(
Xm
i , X

m
j

)
< r

]
. (5.30)

Fuzzy Entropy reduces the sensitivity of ApEn and SampEn with regard
to the threshold r. Since in 5.26 and 5.30, Cm

i is implemented as counting
function and the condition resembles a Heaviside function, ApEn and SampEn
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show abrupt behavior for variations of r. FuzzyEn counteracts this problem
by replacing Cm

i with a fuzzy membership function µ, which only needs to be
continuous and convex. The additional parameter n defines the width of the
fuzzy membership function. Furthermore, the sub-sequences Xm

i are normal-
ized to Xm

i by subtracting their respective mean value. Therefore, FuzzyEn is
defined as

FuzzyEn(m, r, n) := ln φm

φm+1 , where (5.31)

φm = 1
N −m

N−m∑
i=1

Dm
i

N −m− 1 , where (5.32)

Dm
i =

N−m∑
j=1,j 6=i

µ
(
d
(
X
m

i , X
m

j

)
, n, r

)
, with (5.33)

µ(x, n, r) = exp (− (x/r)n) , and (5.34)

X
m
i = Xm

i −
m−1∑
j=0

Xm
i

m
. (5.35)

Fuzzy Member Entropy further distinguishes between local and global
similarity by two threshold values rL and rF and two weighting parameters
nL and nF . The local sub-sequences XLmi are constructed according to 5.35,
while the global sub-sequences XFm

i are derived from Xm
i using the global

mean value, i.e., XFm
i = Xm

i − mean(NN). Finally, using the same fuzzy
membership function µ as above, FuzzyMEn is calculated by

FuzzyMEn(m, rL, rF , nL, nF ) := ln φmL
φm+1
L

+ ln φmF
φm+1
F

, where (5.36)

φmL = 1
N −m

N−m∑
i=1

DLmi , and (5.37)

φmF = 1
N −m

N−m∑
i=1

DFm
i , with (5.38)

DLmi =
N−m∑
j=1,j 6=i

µ
(
d
(
XLmi , XL

m
j

)
, nL, rL

)
, and (5.39)

DFm
i =

N−m∑
j=1,j 6=i

µ
(
d
(
XFm

i , XF
m
j

)
, nF , rF

)
. (5.40)
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5.3 Discussion

In summary, a multitude of methods to quantify HRV exists. Some of them,
such as the time-domain methods and spectral components, are well established
and widespread markers of cardiac health and ANS activity [101]. The scientific
community is very active in the family of nonlinear dynamics, where new meth-
ods or approaches to select their parameters are proposed every year [173–178].
It remains to be seen which of those nonlinear measures will be established in
the future.

From a clinical point of view, the calculation of the HRV can be used to assess
the state of the autonomous nervous system to evaluate, e.g., stress, depression,
or brain damage [101]. Regarding cardiovascular diseases, HRV analysis aids
in the diagnosis and risk stratification of numerous pathologies. Alterations in
certain HRV measures during or after myocardial infarction, in congestive heart
failure, or in diabetic neuropathy have been linked to increased mortality [21].
Furthermore, some NLD measures were found to change before the onset of
arrhythmic events or to be predictors of all-cause mortality [179].

PSD Estimation

While the relationship between the frequency components HF, LF, and VLF
and the activity of the nervous system as well as other regulatory mechanisms
is undoubted [101], the selection of the proper method to estimate the PSD
and their parameters (for parametric methods) remains controversial. Studies
showed that the power calculated in the respective frequency bands varies sig-
nificantly between methods [180]. The fundamental problem when comparing
different methods of PSD estimation arises from the fact that the true PSD
and therefore the true power in the frequency bands is not known. Therefore,
investigations are only able to identify differences, but are not able to decide
which method provides the most accurate results.

From an analytical point of view, all methods have advantages and disadvan-
tages:
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• The Welch method requires evenly sampled data points, which necessi-
tates resampling of the time series. The choice of the resampling method
and frequency therefore will influence the PSD estimate. Besides, due to
windowing and averaging, the Welch method suffers a loss in frequency
resolution. However, since HRV is usually quantified using the stan-
dardized and rather broad frequency bands, this might not be an issue.
Furthermore, the windowing and averaging leads to a better statistical
stability regarding outliers. Therefore, a small amount of artifacts or
ectopic beats in the interval time series is tolerable. [21, 101,180]

• While the Burg methods differs from the Welch method in being para-
metric instead of non-parametric, they share several advantages and dis-
advantages. It requires the choice of an order, which affects the result.
However, several studies investigated this topic and reached the conclu-
sion, that an order of 16 is generally acceptable in HRV analysis [101,142].
Similar to the Welch method, the autoregressive model leads to a smooth-
ing effect, limiting the frequency resolution but allowing for some outliers
in the time series [180].

• The Lomb-Scargle method can be considered the most exact method,
since there is no need for resampling (and thus, an alteration of the
input data itself) nor for the choice of parameters. However, it is rarely
used in medical studies, probably for the lack of being mentioned in
guidelines [21] or thorough reviews [101]. Furthermore, due to the lack of
any smoothing, outliers may easily disrupt the PSD estimate, especially
the HF component. Therefore, the Lomb-Scargle method requires the
most thorough filtering of RR intervals.

Poincaré Plot Quantification

As presented in the previous section, a wide variety of measures for the quantifi-
cation of Poincaré plot geometry exists. Unfortunately, some of them, especially
the wide spread SD1 and SD2, but also the dispersion and some histogram re-
lated measures, are not able to capture the non-linear features of the Poincaré
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plot. As Brennan et al. [181] showed, SD1 and SD2 can be derived directly
from the linear time-domain measures, as they proved the following identities:

SD1 = SDSD√
2

and (5.41)

SD2 =
√

2 · SDNN2 − SDSD2

2 . (5.42)

On the other hand, measures such as cluster indices, mechanical indices, or
indices making use of the 3D density estimate are promising regarding their
capabilities of capturing the powerful nonlinear features of Poincaré plots [181].

Entropy

In contrast to some of the Poincaré measures, several types of entropy measures
are accepted and widely in use, especially in clinical trials. However, they are
parametric methods, subject to two, three, or five variables (or even one more, if
one considers the length of the NN interval series as variable). The parameter
selection is subject to active research and for some parameters controversial
[182,183]. The use of certain instances or rules for parameter estimation differs
between studies and usually depends on the data at hand and the subject of
the respective study [184]. As described in the previous section, especially the
variation of the threshold in ApEn and SampEn may lead to abrupt behavior,
but also the variation of other parameters may drastically alter the results [114].
Therefore, results reported in studies using different parameter sets cannot be
compared, let alone guidelines for diagnostic purpose established.

Various parameter combinations were proposed in literature. For the threshold
parameter r, three suggestions are common: (1) using a constant value in the
range {0.10, 0.15} [185], (2) selecting a value depending on standard deviation
of the time series σ in the range {0.1 · σ, 0.25 · σ} [186], and (3) the selection of
r to maximize entropy, referred to as rChon [187]. The first approach obviously
suffers from various drawbacks: since the data in ApEn and SampEn is not
normalized, choosing a constant threshold value results in dependence of the
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values to multiplication and shift. Therefore, using the second approach, where
r is normalized with respect to σ, provides invariance so that ApEn and SampEn
remain unchanged for uniform process magnification, reduction, or constant
shift [188]. However, the second approach showed some weaknesses in various
artificially created signals [189], encouraging the use of the third approach. On
the contrary, on real data sets, rChon showed a tendency to require recording
lengths of N > 1000, which might not be feasible in clinical settings [114].
Furthermore, choosing r as a multiple of σ showed a tendency towards better
results in survival studies [190].

Regarding the length of sub-sequences m, the most frequent suggestion is to
use m = 2, which has also been proven sensible in various studies [171, 172,
186–188,191].

The ideal choice for the parameter n defining the width of the fuzzy membership
function usually depends on the choice of r and the recording length of the data
at hand. Values in the range {1, 3} are most common [114,171,172]. However,
some studies report that the variation of n does not lead to significant changes
in the result, suggesting that this choice is not as critical as the proper choice
of r [190].

Real-Time Applicability

The real-time application and report of HRV measures as a form of biofeedback
is currently gaining increased interest and empirical support, especially in the
area of biobehavioral clinical interventions [192]. In these scenarios, patients get
immediate feedback on changes of various aspects of their HRV, which creates
a feedback loop to encourage positive behavior in relaxation exercise [193].

However, this approach has two side effects: (1) recording lengths need to be
much shorter than the standardized 5 minute short-term recordings in order
to keep the time lag between measurement and biofeedback at a sensible level
and (2) only computationally efficient methods invariant to the recording length
can be used. In contrast, the CardioCube is intended to be an experimental
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research device for clinical trials, featuring standardized measurement proto-
cols whenever possible while simultaneously offering experimental measures for
studies. Furthermore, the computational resources on an embedded system are
limited (see chapter 6), whereas the calculation of entropy is computationally
expensive [114].

Therefore, in conclusion, a subset of the methods introduced in this chapter
were implemented in the CardioCube: The Poincaré plot can be drawn in
Real-Time, since it does not compute qualitative measures and does not re-
quire specific recording lengths. Furthermore, after the standardized recording
duration of 5 minutes, the introduced time- and frequency-domain measures
(using the Lomb-Scargle PSD) are computed.



Chapter 6

Implementation

While chapters 3, 4, and 5 discussed the analytical models and theoretical
methods for cardiovascular diagnostics, the following chapter is dedicated to
translating them to practice. In order to enable sensor fusion, i.e., the combined
evaluation of separate sensor readings for a more complete and more accurate
picture of the system under investigation, selected methods discussed in this
work were implemented in one single device, the CardioCube. Its hardware
builds the basis for the software and therefore the methods discussed previ-
ously, and is thus described in the first section of this chapter. In turn, the
second section addresses the whole process of software development for this
work, ranging from first prototypes to the integration into the device and sim-
ulations to ensure the proper execution of all methods. It is mainly based on
the previous works “Automated verification of cardiovascular models with con-
tinuous integration tools” (Bachler et al. 2012 [194]) and “Online and Offline
Determination of QT and PR Interval and QRS Duration in Electrocardiogra-
phy” (Bachler et al. 2013 [27]).

6.1 CardioCube Hardware

For every software, there is a hardware executing it. For every algorithm, there
is a processor performing the actual calculations. For every digital signal, there

74
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are electronic circuits acquiring it. Though it is not the intention nor purpose
of this work to develop, or to document the development of the hardware of the
CardioCube, it sure deserves attention as it forms the very foundation of the
software’s capabilities and limitations. This is applicable on several levels: The
connection to the patient is formed by several biomedical sensors and deter-
mines the number and types of signals the software can process. The modalities
available as User Interface (UI) define the way the software communicates with
a physician or scientist. Electronic interfaces provide the software with means of
communication with other devices, most notably Personal Computers (PCs),
or memory units to store measured data. And finally, the processor and its
Random Access Memory (RAM) define the upper limit for the complexity of
the signal processing algorithms.

This section will therefore shed some light on the CardioCube’s development
and especially the features of the hardware. Furthermore, it is intended as a
general introduction to the purpose of the CardioCube and the objectives and
possibilities of its software.

6.1.1 Requirements

On the one hand, the implementation of this work follows a method-driven ap-
proach, where the requirements for the final system and therefore its hardware
have to follow the needs of the methods. On the other hand, the CardioCube
is intended to be a research platform for the development of new and improve-
ment of existing algorithms for the analysis of the cardiovascular system, even
beyond this work. Therefore, in order to enable future developments, the goal
is not only to meet, but to notably exceed the requirements of the methods
introduced in this work.

The method-driven approach includes several points:

1. biomedical signals that need to be measured for the various analytical
models,
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2. proper modalities for the interaction with the user,

3. means of handling the results of the computation, i.e., providing them to
PCs or storing them on detachable memory units, and

4. memory space and computation power required for the software to be
executed.

In order to enable future developments, the system needs to be flexible in every
aforementioned aspect:

1. it must provide the ability to measure biomedical signals not yet known
without extensive hardware development,

2. the user interface must be easily extendable to provide the necessary
means to work with these yet unknown signals and methods,

3. communication and data storage interfaces need to be adaptive, and

4. the system memory and computation power must provide additional re-
sources for future methods.

Furthermore, the CardioCube is intended to be a stand-alone device. Therefore,
it must not rely on the presence of further devices, most notable a PC or
external memory.

The specific hardware requirements derived from these general requirements
are listed in the following.

Biomedical Signal Acquisition

The biomedical signals required by each method described in this work are:

• ECG analysis: at least 1 ECG channel. Future developments may require
more than 1.
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• PWV calculation: 1 ECG channel to trigger the detection, 2 sources of
pulse waves (e.g., occlusive cuffs).

• HRV determination: 1 ECG channel.

Therefore, for the current methods, the acquisition of 1 ECG channel and the
pressure from 2 occlusive cuffs would be sufficient. However, to support the
measurement of currently undefined biomedical signals, one general-purpose
digital input and two further analogue inputs were integrated into the Car-
dioCube. Also, the ECG acquisition was extended to the three standard
Einthoven limb leads (see chapter 3). Finally, each cuff generates two ana-
logue signals: (1) the absolute pressure of the cuff for controlled inflation of the
cuff, and (2) the relative short-term pressure changes to enable detailed wave
shape analyses.

Requirement 1. This results in a total of nine analogue and one digital inputs
for signal acquisition.

In order to operate the occlusive cuffs, one pneumatic pump and one propor-
tional valve per cuff is necessary for controlled inflation and deflation.

Requirement 2. Therefore, four analogue pulse-width modulated (PWM)
outputs are required.

User Interaction

The number and type of biomedical signals acquired by the CardioCube as well
as its intended field of application in scientific and medical studies is related to
an already existing type of devices: patient monitors. Therefore, it seems nat-
ural to follow their example in terms of user interaction. However, in contrast
to existing patient monitors, the CardioCube needs to be extendable for future
needs not yet defined. Still, the space-saving, yet flexible touch screens used
in modern patient monitors served as template in the development of the Car-
dioCube. Since they can be programmed freely with virtual “buttons” on the
screen, display all kinds of text, images and signals, and the potential users of
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the CardioCube are already accustomed to the use of touch screens in patient
monitors or smartphones, this solution was also chosen for the CardioCube.

Requirement 3. A touch screen connected via a digital serial interface.

Communication and Data Storage

In order to facilitate further development of algorithms for signal analysis or
to allow statistical analyses of cohorts in medical trials, the CardioCube needs
to provide measurements and results to a third party device. Two possibilities
were included in its developments, based on current de-facto-standards.

Requirement 4. Signals and results of analyses can be

1. sent to a PC directly using the Universal Serial Bus (USB) or

2. stored on a detachable Secure Digital Memory Card (SD-Card).

The first possibility, USB, allows the real-time and bidirectional communication
with a PC and therefore mainly targets hardware-in-the-loop-simulations for
algorithm development. The latter one stores signals and results for off-line
analyses, thus providing the means to document measurements from medical
trials and perform statistical analyses of cohorts. It further ensures the ability
of the CardioCube to work as stand-alone device, independent of a PC.

Memory Space and Computation Power

During the compilation of the C code using the Texas Instruments compiler,
as described in section 6.2, the linker provides a summary of the memory con-
figuration and section allocation [195]. This enables the developer to check the
size of code and data sections of the resulting program. Therefore, the memory
requirements for the CardioCube can be obtained directly from this summary.

Requirement 5. The memory required for the execution (read-only-memory)
needs to be at least 310 140Byte, and the random access memory (RAM) for
variables needs to be at least 220 836Byte.
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The estimation of the computation power is more complicated. The exact
amount of instructions required to be executed by the processor can only be
calculated for deterministic algorithms with predictable inputs. Since the ex-
ecution of methods described in this work is governed by varying biomedical
signals acting as inputs of variable duration, it is impossible to predict every
possible outcome in a deterministic way. Furthermore, the modes of UI, com-
munication and data storage described above impose several constraints on
the processor and the algorithms. Hence, only a rough estimation of required
computation power based on several assumptions can be given in the following.

Assumption 1. While ECG analysis in chapter 3 only deals with a single ECG
lead, up to three Einthoven leads may be used in the future. Simultaneously,
PWV is calculated from two occlusive cuffs.

The only two methods discussed in this work requiring on-line and beat-to-beat
evaluation are the ECG analysis and the calculation of the PWV. In contrast,
HRV is not calculated from the biosignals on-line and directly, but afterwards
from RR time series.

During the automated validation, described in subsection 6.2.4, the number
of processor instructions required for ECG analysis and PWV calculation was
determined. Forty records were chosen randomly from the databases used
in chapter 3 and 4. The worst results, i.e., the highest amount of processor
instructions per 1 second of analyzed signals, were

• 2 712 557 for the calculation of PWV from one ECG lead and two occlusive
cuffs, and

• 45 823 954 instructions for the complete analysis of three ECG leads,

• resulting in a total of 48 536 511 instructions per second in the worst case.

The computation power of processors is often stated as “million instructions
per second” (MIPS). Therefore:
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Conclusion 1. The minimum computational power for real time analysis PRT
is 49MIPS.

Assumption 2. Signals are drawn at 125Hz using a 115 200Bd serial connec-
tion to the display.

It is assumed that signals will not be displayed at the full sampling frequency,
but down-sampled to 125Hz, since they would occupy too much space on the
display at full frequency while containing too much detail and a too fast drawing
speed for an observer anyway. Assuming a display width of 800 pixel, a drawing
speed of 125Hz would show the reasonable duration of 6.4 seconds of each
signal.

A simple way for the processor to communicate with the display is the use
of the serial connection, commonly operated at 115 200 bit/second for higher-
speed connections and 9 bit per byte. In order to display one line of one signal,
6 bytes for color (BC), 6 bytes for the coordinates of origin (BO) and 6 bytes for
the coordinates of destination (BD) must be transferred. Finally, three signals
(either three ECG leads or one ECG lead with two pulse wave signals) need to
be displayed simultaneously. Therefore, the fraction of the overall computation
time required for the graphical representation tGraph of the signals is

tGraph = 3 signals · (6 BC + 6 BO + 6 BD) · 9 bits/B · 125 Hz
115200 bits/s

= 0.5273. (6.1)

Conclusion 2. In total, 52.7% of the overall computation time will be required
to display the measured biosignals.

Assumption 3. Signals are sampled at 250Hz and five signals (three ECG
leads and two pulse wave signals) are stored at full sampling frequency in comma
separated value (CSV) files on a slow SD-Card.

While CSV files are not very efficient regarding memory space, their simple
and universal data structure allows to import them in countless data processing
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tools, making them the perfect choice for scientific applications and offline al-
gorithm development. In a CSV file, and using sate-of-the-art analogue/digital
converters, one signal measurement would require up to four bytes for repre-
sentation. Furthermore, one more byte is required for the comma separating
the values. In turn, the slowest speed class of SD-Cards guarantees writing
speeds of 2MB/s [196]. Therefore, the fraction of the overall computation time
required for storing the signals on an SD-Card tSD is

tSD = 5 signals · 5 B · 250 Hz
2 MB/s

= 0.003125. (6.2)

Conclusion 3. Only 0.3% of the overall computation time will be required to
store the signals on an SD-Card.

Assumption 4. In standard operating conditions, biosignals will be shown as
graph on the display, stored on SD-Card and analyzed on-line. Therefore, these
three tasks are the main contributors to processor work load. Further parallel
operations are negligible.

Further operations performed simultaneously would include system support
tasks such as memory and buffer management, safety and data integrity checks.
They are, however, achieved using only a few processor instructions. Thus, their
number is vanishingly small in comparison to the three main tasks.

Therefore, the minimum processing speed Pmin required for the CardioCube is

Pmin = PRT
(1− tGraph − tSD) = 103 MIPS. (6.3)

Conclusion 4. A computational power of 49MIPS is only sufficient for the data
analysis itself.

Requirement 6. When the processor time necessary for data display and
storage is accounted for, the minimum required processing speed is 103MIPS.
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6.1.2 Realization

Starting from these requirements, the hardware of the CardioCube was devel-
oped in an iterative procedure and in a modular fashion. The overall block
diagram is shown in Figure 6.1 and reflects the modular layer-based structure,
from top to bottom:

1. Power Board: provides the power supply for the whole system and con-
nection to PCs. It incorporates precautions for safe operations such as
electric fuses and high voltage insulations.

2. Messias: contains the digital signal processor (DSP) and further com-
ponents for basic system operations such as low voltage regulation, ad-
ditional RAM, SD-Card holder, the JTAG (Joint Test Action Group)
interface for firmware programming, non-volatile EEPROM (Electrically
Erasable Programmable Read-Only Memory) for calibration data and
connections for user interaction.

3. User Interaction: Though still depicted in Figure 6.1, the keypad and
LC Display were only used in an early stage of prototyping. The final
CardioCube is equipped with the 7” touchscreen for user interaction, also
shown in Figure 6.1.

4. Stargate: provides analogue inputs (BNC1 and BNC2) with high voltage
insulation and control mechanisms for biosignal acquisition (ECG and
pressure sensors).

5. EKG: supplies voltage regulation, amplifier and filter for ECG acquisition,
as well as the connector for digital input. Since this part is electrically
connected to the patient, it incorporates further high voltage insulation.
Three Einthoven ECG leads were realized using four electrical connec-
tions, one to each arm and each leg.

6. Pneumatics: consists of two electrical pumps and two valves driven by
the Stargate and controlled by the DSP using PWM outputs, mechanical
pressure relief valves to ensure patient safety, and connectors for occlusive
cuffs.
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Table 6.1: Comparison of requirements and features of the TI
TMS320F28335 DSP [197].

TI TMS320F28335 DSP featured min. required

Total Processing (MIPS) 150 103
Flash (KB) 512 311
RAM (KB) 68 221
PWM (Ch) 12 4
ADC 12 9
UART 3 3
Further Connectivity McBSP SD-Card
Further Features XINTF additional RAM

TI ... Texas Instruments, DSP ... Digital Signal Processor, MIPS ... Million
Instructions Per Second, KB ... KiloByte, RAM ... Random Access Memory,
PWM ... Pulse-Width Modulation, Ch ... Channels, ADC ... Analogue to
Digital Converter, UART ... Universal Asynchronous Receiver Transmitter,
McBSP ... Multichannel Buffered Serial Port, XINTF ... eXternal INTerFace,
SD-Card ... Secure Digital memory Card

For the core of the system, the DSP TI TMS320F28335 by Texas Instruments
Incorporated (Dallas, US) has been chosen (see Figure 6.1, second layer). Its
features and the system requirements estimated in the previous chapter are
compared in Table 6.1.

The processing power and size of the flash memory for program storage per-
fectly meet the requirements. Furthermore, the four PWM outputs control the
pneumatics and the nine Analogue to Digital Converter (ADC) acquire the
biomedical signals (see subsection 6.1.1). The three UART (Universal Asyn-
chronous Receiver Transmitter) interfaces provide digital serial communication
for USB (Serial Communications Interface (SCI) A), display (SCI B), and the
external digital input (SCI C). The SD-Card is connected using the Multichan-
nel Buffered Serial Port (McBSP).

The only requirement not met out-of-the-box by the TI TMS320F28335 is the
RAM. Therefore, additional RAM (256KB, see Figure 6.1, second layer) is
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Figure 6.2: (a) Software development as iterative process, as described
by Ernst [201]. (b) Iterative software development adapted for this work.
HIL ... Hardware-in-the-Loop

added and connected via the eXternal INTerFace (XINTF) of the DSP.

6.2 Software Development Process

Software development, in the most general sense, is the process that includes
all activities necessary to create a software product. These activities vary
greatly, depending on the initial situation and the planned purpose [198]. In
this work, the targeted purpose of these activities is to create an embedded
software or firmware as part of a unified device, which requires the integration
of the software into the hardware as part of the development process.

A vast variety of agile methodologies used for software development emerged
in the recent years, providing flexible and iterative activities [199,200]. Figure
6.2a provides a rough overview of iterative software development, outlining
similarities in most agile models [201].

This outline is applied on the cardiovascular diagnostic methods in this work,
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as shown in Figure 6.2b, in the following way:

1. System specification is based on medical considerations and therefore de-
fined by the designated input and output variables, i.e., the biomedical
signals measured and the physiological properties which are to be calcu-
lated.

2. Algorithm design is governed by the mathematical methods and models
required to calculate the physiological properties.

3. Programming (Prototyping) is realized in the form of iterative prototyping
in close interaction with program testing.

4. Program testing is performed on offline data, i.e., on previously recorded
biosignals (Offline verification). Insights gained from this step influence
the programming or even the algorithm design.

5. Documentation is generated in a semi-automatic way from the results of
automated validation (Continuous Integration).

6. Installation, in this case, includes all steps necessary to transfer the
programmed code to the DSP. It consists of the code generation, auto-
mated compilation, and the integration into the DSP (Embedded system,
Hardware-in-the-Loop (HIL) simulation).

The first two steps are described in the chapters of the respective diagnostic
methods. Step three to six are described in detail in the following, where steps
three and four are independent for each diagnostic method and five and six are
equal for all methods.

Furthermore, a fundamental operating system had to be created first, to facil-
itate all necessary data input/output mechanisms for system operations, con-
tinuously preserve system integrity, and provide functions used by higher-level
algorithms. Based thereupon, the methods for cardiovascular diagnostics were
implemented as independent subroutines, accessing functions provided by the
operating system.
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6.2.1 Operating System

The operating system of the CardioCube handles all signal and data input/output
tasks, provides functions to control the pneumatic system, performs the user
interaction, and therefore enables the execution of complex algorithms, such
as the cardiovascular diagnostic methods. Furthermore, several auxiliary func-
tions ensure the smooth interaction of all software and hardware components.
The development and testing of the operating system was realized using the
Code Composer Studio, Version: 5.5.0.00077, by Texas Instruments.

Methods are grouped in software libraries, dependent on functional similarity
and their amount of interaction with each other. This modular structure allows
the reuse of existing libraries in different hardware settings and facilitates code
maintenance and flexibility. One isolated software library, on the other hand,
does not constitute an executable program nor system. Only the combination
of hardware dependent software (“Direct Hardware Access Layer” or “Hardware
Abstraction Layer”), hardware independent auxiliary functions, and high-level
computing applications compose an executable system. Figure 6.3 depicts the
layered interaction and dependencies of these modules, hardware, and user.

The CardioCubes software is divided into the following libraries:

• DSP28335Lib is provided by Texas Instruments and designed specifically
to access features of the installed DSP. This includes the control of ana-
logue/digital converters, serial communication interfaces, direct memory
access, and hardware interrupt mechanisms. The library does not depend
on any other software, however, it can only be used on this specific type
of DSP. It is only accessed directly by the operating system.

• The CardioCube Operating System itself is also designed to work only on
this specific type of processor, since it has to set up, manage and operate
the DSP specific functions using the DSP28335Lib. Furthermore, it con-
tains the code execution entry point, i.e., the part of the software which
is executed immediately after the system is switched on. After system
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CardioCube Operating System

CardioLib

SDCard

Auxiliaries
Display

DSP28335Lib (Direct Hardware Access Layer)

User

Hardware

Figure 6.3: Interactions of software libraries, hardware, and user. The
user interacts with the system via display and SD-Card. The SD-Card de-
pends on auxiliary functions to provide data read and write capabilities.
The display, on the other hand, directly interacts with auxiliaries, the Car-
dioLib, and the operating system. The operating system, in turn, is based on
the hardware access layer, which directly communicates with the hardware.

initialization, it uses timer interrupts to perform regular checks on mem-
ory integrity and to buffer data from analogue and digital inputs. Apart
from that, it does not interrupt the execution of any higher-level applica-
tion, putting it in the category of simple single-task operating systems.
On the one hand, this requires the cooperation of applications to hand
back system control to the operating system voluntarily after execution.
And on the other hand, this ensures that the full processing power is
always available for any application. Furthermore, the operating system
provides functions to higher-level software libraries that are independent
of the specific DSP, allowing them to be ported to other systems without
modification.

• SDCard is a software library allowing access to and coordination of the
filesystem on SD-cards. It maintains data integrity of the filesystem when
files are written to the SD-card and provides methods to access existing
files on the card. On the CardioCube, it is only accessed by the auxiliary
functions, which provide further simplified data access such as a stack for
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open files and unified file headers throughout the system.

• The Display library provides functions to display information as text or
graphic, to create virtual buttons on the touch screen and to handle user
inputs. It contributes to a unified graphical user interface by providing
standard methods for virtual keyboards or numeric keypads, and exten-
sive plotting functions for real-time display of biomedical signals.

• Auxiliaries is a loose collection of small supporting functions used by the
majority of all system libraries. Among other duties, it provides simplified
access to SD-cards, methods to calibrate analogue inputs, management
of data buffers, and communication via USB.

• CardioLib constitutes the actual purpose of the CardioCube, and is the
core of this work. It contains all algorithms developed and described
in previous chapters for cardiovascular diagnostics. It relies on the dis-
play library to show signals and results as well as for user interaction,
the auxiliary functions for calibration and data storage on the SD-card,
and the operating system to initialize and to perform data acquisition.
The development of its methods are described in detail in the following
subchapters.

6.2.2 Prototyping

After the specification of the system based on medical considerations and the
algorithm design using mathematical modeling, the next development step con-
sists of programming in the form of rapid interaction between prototyping and
offline verification. These steps were realized using the numerical computing
environment MATLAB® 2007b (The MathWorks, Inc., Natick, Massachusetts,
United States). Since MATLAB is optimized for matrix and array operations,
it is perfectly suited for and widely used in research fields applying signal,
image or video processing. Furthermore, it can create executable C code es-
pecially optimized for platforms with limited resources and therefore facili-
tates the final porting of algorithms to DSPs or their compilation into software
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libraries. Despite these specializations, MATLAB is also a general purpose
fourth-generation programming and scripting language, not only suited for the
rapid development of signal processing algorithms and software libraries, but
also enabling the automated offline testing and verification process. [202,203]

6.2.3 Offline Verification

Following every iteration of prototyping, the developed programs were continu-
ously tested and verified by analyzing previously recorded signals offline. Data
was acquired from various sources described in the section of each analysis
method. During this offline verification, sensitivity, positive predictive value,
and relative differences between manually annotated and automatically deter-
mined features were calculated. Therefore, this step proves that the system
specification is met.

6.2.4 Continuous Integration

Continuous Integration (CI) denotes the software engineering concept of merg-
ing software components continuously, i.e., several times a day. Though it is
mainly targeted at larger groups of software developers, it also proves to be
useful in small groups or even for single developers, since it promotes the use
of several best practice scenarios. Beside component integration, it aims to
automate as many development phases as possible, e.g., generation of code,
compilation, testing, verification, and documentation. It thereby implements
principles such as version control, “test early, test often”, short test cycles,
and automated reporting and publishing [204]. A CI system therefore usually
consists of

• a version control system (VCS) such as the Concurrent Versions System
(CVS), Git, or Apache Subversion (SVN), to track changes and versions
of source code files,
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• a CI server such as Jenkins or Hudson, which monitors the VCS and
performs all automated integration, test, and documentation procedures
according to the

• build scripts, which are fully customizable and therefore adaptable to the
varying needs of software development projects, and

• a feedback mechanism to inform developers of success or failure of the
tasks performed by the CI system.

In this work, Subversion 1.6.17 (Apache Software Foundation, Forest Hill,
Maryland, USA) was used as version control system, and Jenkins 1.424 (The
Jenkins project/community) for the CI server. Build scripts were set up to
start the building and integration process as soon as a change in the source
code was committed to SVN. Therefore, every single change to the code was
immediately built and tested by the CI system, which helped to narrow down
bug tracking and resolving errors [194,204–206].

Code Generation

Following a successful manual offline verification, the first step of the automated
CI consists of the generation of C-code from MATLAB-code using Embedded
MATLAB®. It enables efficient code generation mainly targeted at embedded
systems and can be automated using scripts, hence making it easy to inte-
grate in Jenkins [194]. However, since it only supports a subset of MATLABs
scientific computing language, further iterations of prototyping and offline ver-
ification, as shown in Figure 6.2b, were necessary to meet the requirements of
Embedded MATLAB.

Automated Compilation

In the next step, Texas Instruments’ C-compiler for the TMS320F28335 DSP
was executed by the build scripts to compile the CardioLib software library for
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integration in the embedded system. In parallel, the multi-language compiler
msbuild.exe Version 3.5.30729.5420 (Microsoft Corporation, Redmond, Wash-
ington, US) was used to compile the code for automated offline validation on
the CI server.

Automated Validation

The last part of the CI consists of the automated validation using the es-
tablished testing framework TestNG [207]. The goal is the validation of the
automatically generated code by the Embedded MATLAB and the compila-
tion thereof. Hence, the same biomedical signals were used for verification and
validation. The program was considered valid if (1) their results were identical
and (2) the testing framework did not report any run-time errors.

In the course of the development, the first condition had to be relaxed, since
the different calculation accuracy of MATLAB and the compiled C code yielded
different rounding errors and therefore slightly different results. To deal with
limited memory availability, the single-precision floating-point format was used
in this work. As defined by the IEEE Standard 754, its precision is 24 bits [208],
roughly equivalent to 7 decimal digits. However, during calculations these
rounding errors may accumulate, therefore condition (1) had to be relaxed to
the first three significant decimal digits.

Furthermore, these tests were used to estimate the number of processor instruc-
tions per second required for real-time analysis, in order to establish a lower
boundary for the hardware requirements in subsection 6.1.1.

6.2.5 Integration in the Embedded System

If all previous steps of the CI system were executed successfully, i.e., no errors
were reported during code generation, compilation, and at runtime during val-
idation, and the results of the calculations were within acceptable limits, the
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CardioLib software library was integrated in the CardioCubes embedded sys-
tem using the Code Composer Studio. The resulting firmware was transferred
to the DSP using its JTAG interface.

6.2.6 Hardware-in-the-Loop Simulation

The Hardware-in-the-Loop (HIL) simulation is a technique in which a systemic
entity, usually an embedded system, is connected to a matched counterpart,
the HIL simulator, replacing the real environment of the system under test
(SUT) [209]. It serves as system-level testing, where the SUT is treated as
“black box” in its final and ready to use form, without any modification [210].
In this work, two different biosignal sources had to be tested: ECG and pulse
waves.

In the first case, the CardioCube as SUT only needs to receive signals passively
in the form of voltage changing over time, which can be easily simulated using a
programmable signal generator. In this work, an Agilent 33220A 20MHz Func-
tion/Arbitrary Waveform Generator (Agilent Technologies, Inc., Santa Clara,
California, United States) was used, programmed with the same ECG signals
already used during verification and validation.

In the second case, however, the CardioCube controls the pressure of the oc-
clusive cuffs depending on the blood pressure, therefore being an active part
of a control loop. Furthermore, the input modality is not voltage, but pres-
sure. Therefore, the specialized SmartArm NIBP Simulator (Clinical Dynam-
ics, Wallingford, Connecticut, USA) was used to simulate pulse waves. Since
this simulator is not programmable, the built-in pulse wave shapes had to be
used for HIL Simulation, instead of the signals previously used in verification
and validation.

Within these limitations, usability, run-time performance, and results were
evaluated manually and, if necessary, system specifications were revised ac-
cording to Figure 6.2b.



Chapter 7

Application

The CardioCube was used in several studies to acquire and evaluate biomedical
signals since the finalization of methods and software presented in this work and
the regulatory approval and admission as medical device for research purpose
[8]. Exemplary, two of those studies will be presented in this chapter. While
the first study can be considered a classical medical trial, the second one is of
more experimental nature. As the analysis of the gathered data itself is out of
this work’s scope, they will be discussed from a proof-of-concept point of view
regarding the CardioCube itself. Furthermore, the studies are not described to
their full extent, but only with a focus on the CardioCube’s part.

7.1 Acetate/Citrate Study

This study was carried out in cooperation with the Department of Nephrol-
ogy, University Hospital rechts der Isar, Technical University of Munich. The
aim was to investigate the influence of acetate- or citrate-containing solutions
on clinical and laboratory-chemical parameters of End Stage Renal Disease
(ESRD) patients in an interventional cross-over study as well as a possible
connection between dialysis solution and vascular stiffness in macrocirculation.
The main hypothesis was that the substitution of acetate by citrate reduces the

94
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cardiovascular risk. This was measured by a change in the surrogate parameters
of pulse wave velocity and augmentation index during hemodialysis. [211]

7.1.1 Study Population

One-hundred patients were recruited for the cross-over study, i.e., 50 per group,
at two dialysis centers. Eligibility criteria were:

• Inclusion:

– Time since initiation of dialysis > 3 months

– Age > 18 years, both sexes

– Dialysis three times a week for at least 4 hours per session

– Signed declaration of consent

• Exclusion:

– Ongoing infection at the time of inclusion

– Pregnancy

7.1.2 Method of Investigation

The dialysate in group A contains acetate, in group B citrate. In the remaining
components and the technical implementation of the dialysis, the groups are
treated identically in accordance with the standards of care. Treatment is given
for 3 months in both groups, after which the therapy regimes are switched for
a further 3 months. [211]

At inclusion as well as after 3 and 6 months, several examinations are car-
ried out, including the non-invasive measurement of blood pressure, ECG, res-
piration, and dynamic parameters such as the pulse wave velocity from the
beginning of dialysis over the entire dialysis period of four to six hours. [211]
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7.1.3 Preparation of the CardioCube

The CardioCube was used for blood pressure measurement and pulse wave
analysis (methods not described in this work, see [212]), as well as ECG, res-
piration, and PTT. In order to relieve the study personnel of repetitive and
tedious tasks, an automatic measurement protocol was developed and incorpo-
rated in the CardioCube. It includes the following considerations:

• Measuring PTT using occlusive cuffs cannot be done nonstop during the
entire dialysis period of several hours, since the measurement technique
requires the partial compression of arteries and therefore impairs blood
flow. An informal test run showed that even healthy subjects tolerate
this compression only for approximately three minutes.
For the ESRD patients during hemodialysis in this study, the measure-
ment duration of PTT was set to one minute and repeated every 15
minutes.

• Blood pressure measurement requires the use of the brachial occlusive
cuff. Since PTT was not measured nonstop anyway, the blood pressure
was measured one minute prior PTT, i.e., every 15 minutes.

• The respiration sensor was connected via a small biosignal amplifier using
the analogue input BNC1. Data was not evaluated on the CardioCube,
but stored on SD-Cards.

• Before the start of the actual measurement protocol, a signal check was
performed to ensure proper placement of the ECG electrodes and the
occlusive cuffs.

• All signal were stored synchronously on SD-Cards for further offline anal-
yses.

7.1.4 Results

Exemplarily, figure 7.1 shows an excerpt of a CardioCube record. It shows the
continuous recording of three Einthoven ECG leads and the recording of pulse
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Figure 7.1: Excerpt of a CardioCube record from the Acetate/Citrate
study. It shows the three ECG leads with detected R peaks (×), the pulse
waves (PW) from the arteria brachialis (upper arm) with their detected
onset points (×), the resulting instantaneous heart rate (HR) calculated
from the RR intervals, and the pulse transit time (PTT) calculated from
R peak to PW onset. The recording of pulse waves is stopped after one
minute.

waves for the duration of one minute. Afterwards, the recording of pulse waves
is stopped and the occlusive cuff is deflated. Instantaneous heart rate (HR) is
evaluated from the detected RR intervals and used for the calculation of HRV
parameters after the end of the session. Furthermore, the beat-to-beat pulse
transit time (PTT) is calculated from the detected R peaks to detected pulse
wave onset points.

HR and PTT in figure 7.1 show physiologic variability as discussed in chapters
2, 4, and 5. Furthermore, around minute 48.7, the ECG shows an ectopic beat,
with a shortened RR interval before and a prolonged one after the beat. This
results in overlapping pulse waves in the arteria brachialis. As this superpo-
sition of two pulse waves prevents the clear detection of an onset point, this
calculation is skipped for this beat.

The recording of biosignals, ECG and pulse wave annotation, and the result-
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ing determination of RR intervals and PTT worked satisfactory as expected
throughout the study and resemble the given example. Further analysis re-
garding the medical analysis and implications are part of the study itself and
out of this work’s scope.

7.1.5 Lessons Learned

Beyond the tasks of biosignal recording and evaluation, feedback was given
by the study personnel regarding user interaction and patient handling. In
general, the implementation of the study protocol was too strict and did not
allow for enough flexibility for intervention by the user. This concerns two
points in particular:

1. Sometimes, a blood pressure measurement needs to be triggered manu-
ally. Since blood pressure measurement was performed strictly every 15
minutes, an intermediate measurement would require the personnel to
use a third party device or perform a manual measurement. Since the
necessary cuff of the CardioCube was already in place, it would have been
easier to manually trigger the measurement on the CardioCube.

2. Some patients did not accept the pulse wave measurement using the oc-
clusive cuff due to discomfort, either at the beginning or at some point
during hemodialysis. However, they agreed to ECG and respiration mea-
surements. Nevertheless, the implementation of the protocol on the Car-
dioCube did not allow a manual selection of biosignal sources.

This feedback by the study personnel provides valuable information directly
from the CardioCube’s field of application in medical trials. The lessons learned
from this response help to improve the user experience and will be incorporated
in the next research projects.
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7.2 Zero-G Experiment

This experiment was carried out in cooperation with the German Aerospace
Center and the Hannover Medical School. It is part of the Cardiovector flight
experiment, which is concerned with structural changes of the cardiovascular
system during long-term stays at the International Space Station (ISS). In
Phase 2 of the project, long-term pulse wave measurements on 10 cosmonauts
on board the ISS as well as before and after the flight are planned [213, 214].
The Zero-G experiment was part of the preparatory measures for these long-
term experiments. The aim of this experiment was to determine the feasibility
of pulse wave measurements in a zero gravity environment during parabolic
flights. It was conducted during the 64th parabolic flight campaign of the
European Space Agency (ESA). [215]

7.2.1 Study Population

Small sample collectives are the norm for space-related medical studies due
to the costly and difficult to access research environment. However, since the
task was to determine feasibility, three healthy, male volunteers, aged 30 to
44, were sufficient to participate in the experiment. They underwent thorough
physical examination in order to receive a parabolic flight medical certificate
as clearance to take part in the experiment.

7.2.2 Method of Investigation

During the three days of the ESA parabolic flight campaign, the three par-
ticipants were sequentially examined using the CardioCube during the zero
gravity flights, one participant at a day. The CardioCube was used to acquire
the signals of three ECG leads, brachial and femoral occlusive cuff, and one
acceleration sensor (connected via the analogue input BNC1). Furthermore,
the MP150 data logger (BIOPAC Systems, Inc., California, USA) was used
to record three ECG leads for validation, one photoplethysmogram, and one
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Figure 7.2: Outline of altitude, speed, and timing of a parabolic flight.
Data from [216].

phonocardiogram. Moreover, the Finometer Model-2 (Finapres Medical Sys-
tems B.V., Amsterdam, Netherlands) was used for continuous blood pressure
measurement.

One parabolic flight consists of 31 parabolas grouped in blocks of five (first block
six). Within one block, the break between successive parabolas is two min-
utes, and the break between blocks five to eight minutes. The duration of one
parabola is about one minute, and it consists of two 20 seconds hyper-gravity
phases and one 22 seconds micro-gravity phase, as shown in the parabolic flight
profile in figure 7.2. The aircraft used in this experiment was the adapted
Airbus A310 “ZERO-G” based at Bordeaux-Mérignac airport in France and
operated by Novespace. [216]

All biosignals except pulse waves were measured nonstop during each block.
Pulse wave recordings were paused and the occlusive cuffs deflated between
each parabola in order not to cause severe impairment of blood flow to the
extremities.
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7.2.3 Preparation of the CardioCube

In contrast to the Acetat/Citrat Study, the Zero-G experiment required regular
manual control of the CardioCube by a trained operator. Therefore, a mea-
surement protocol and a user interface were designed based on the following
considerations and requirements:

• Recordings must be started and stopped by the operator in accordance
with the flight phases.

– Especially the inflation of the occlusive cuffs takes between 10 sec-
onds (brachial cuff) and up to 30 seconds (femoral cuff due to higher
air volume), while the hyper- and micro-gravity phases only last for
20 seconds. Therefore, the inflation has to be started anticipatory.

• The change in the gravitational force affects the relative pressure exerted
by the cuff on the tissue and thus the quality and shape of the recorded
pulse waves. Thus, a skilled operator must manually adjust the cuff
pressure during the parabolic flight maneuvers, based on the live display
of the signals.

• Signal checks must be possible at any time without interrupting the con-
tinuous recording.

• All signal were stored synchronously on SD-Cards for further offline anal-
yses.

7.2.4 Results

Figure 7.3 exemplarily shows some signals recorded during one block of five
parabolas. Depicted are the raw data of one ECG lead (out of three recorded),
the brachial pulse waves (femoral pulse waves not shown), and the vertical axis
of the acceleration sensor. Furthermore, the result of the R peak detection
in the ECG is shown as instantaneous heart rate. The pause of pulse wave
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Figure 7.3: Overview of a CardioCube record during a Zero-G parabola
block. While no individual heart beats are visible in the ECG or brachial
pulse waves, it shows the recording pause of pulse waves, the dynamics of
the heart rate (HR) and the different gravity phases.

recordings between individual parabolas is clearly visible, likewise the differ-
ent flight phases with normal, hyper-, and micro-gravity. Furthermore, this
example indicates a connection between gravity phase and HR.

Figure 7.4 shows a magnification of the same recording during the first tran-
sition from mirco- to hyper-gravity. Not only drops the HR from above 90 to
below 70 bpm (as also observable from figure 7.3), also a change of the pulse
wave shape can be observed in this recording. Furthermore, even vibrations
experienced by the aircraft as it enters hyper-gravity can be seen in the ECG
and pulse wave signals between seconds 120 and 123.

The recording of biosignals, ECG, and pulse wave annotation, and the result-
ing determination of RR intervals and PTT worked satisfactory as expected
throughout the study.
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Figure 7.4: Transition from micro- to hyper-gravity in a CardioCube
recording during the Zero-G experiment. Detected R peaks (×) are marked
in the ECG, pulse wave onsets (×) are marked in the brachial pulse waves.

7.2.5 Lessons Learned

In contrast to the Acetate/Citate study, where a high degree of automation
and the lack of possible intervention by the user were too restrictive for the
clinical setting, this was not an issue during the Zero-G experiment, because the
manual operation of the CardioCube was part of the requirements. However,
the unusual conditions during the flights exposed a weak point in the acquisition
of ECG signals. The vibrations experienced by the aircraft during hyper-gravity
phases caused ECG electrodes to loosen and disengage from the skin. Since
Einthoven ECG leads are derived as voltage difference between two electrodes,
the failure of one electrode results in the loss of two ECG leads. However, since
three leads were recorded, one lead was always available for analysis.

Periodic signal checks proved to be valuable in detecting loose electrodes. Fur-
thermore, a method of adaptive ECG lead selection could be used to generate
sequences of continuous RR intervals. However, the development of methods
to detect loose ECG electrodes in order to warn the user immediately seems to
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be advisable for future projects.

While the special preparations of the CardioCube as well as the lessons learned
are important for extreme experiments such as the Zero-G experiment, they
are not an issue for the primary Cardiovector flight experiment. On board of
the ISS, cosmonauts will not experience rapid changes of short, varying grav-
ity conditions. Therefore, the considerations and lessons learned during this
experiment will be incorporated in future projects involving the CardioCube,
but not in the Cardiovector flight experiment.

7.3 Discussion

In this chapter, the usage of the CardioCube in its designated field of ap-
plication, i.e., as a research platform in medical trials and experiments, was
presented. From a proof-of-concept point of view, it could be shown that the
synchronous acquisition of biomedical signals by the CardioCube’s hard- and
software as well as the analysis using the methods presented in this work were
able to meet the requirements and to satisfy the expectations of the researchers
in two diverse real-world applications.

Nevertheless, lessons were learned regarding the need of manual interventions
even in what seemed to be a very predictable clinical setting on the one side, and
the improvement of failure prevention and detection by materials and software
on the other side.

Since the CardioCube, being a research platform, is subject to ongoing im-
provements and extensions, the insights gained in these two studies will be
incorporated in future projects.



Chapter 8

Summary and Conclusions

“Cardiovascular diseases” is a collective term for several diseases of the car-
diovascular system, including coronary heart disease, cerebrovascular disease,
atrial fibrillation and flutter, hypertension, and peripheral artery disease. Due
to complex interactions of all parts of the cardiovascular system, these diseases
rarely occur as singular, isolated incidents but usually as compound syndromes
affecting each other. For investigation of the general state of the cardiovascular
system or specific CVDs, it is therefore recommended by guidelines to mea-
sure and evaluate several biomarkers obtained from biomedical signals, e.g.,
the ECG (as estimate of the state of the electrical conduction system of the
heart), pulse waves (reflecting hemodynamics and the state of arteries), and
HRV (indicating the status of the autonomous nervous system as regulator of
cardiovascular functions).

Therefore, this work aimed at investigating and refining existing models and
methods for cardiovascular risk stratification and examination of cardiovascular
interactions. Specifically, an algorithm for automatic waveform boundary an-
notation of the ECG was developed, models for the calculation of PWV imple-
mented and evaluated, and various approaches to quantify HRV investigated.
While first being approached separately, these methods were then combined
on the CardioCube, a stand-alone device for medical studies, for synchronous
signal acquisition and evaluation.
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While most approaches to automated ECG evaluation focus either on R peak
detection only or use computationally expensive methods not suitable for on-
line operation on an embedded system, the algorithm developed in this work
combines both merits. In tests using different ECG databases, it achieved an
overall sensitivity of 98.7% and a positive predictive value of 98.6%, which com-
pares well to existing R peak detection methods. Furthermore, the waveform
boundary detection showed no systematic errors and a similar variability (as a
measure of uncertainty) when compared directly to medical experts.

Several methods for the estimation of the pulse transit time were compared in
terms of stability and reliability. While four of these methods rely on one or two
points separately detected in the two pulse wave signals, the diastole patching
method benefits from the coupled nature of the measurements and furthermore
evaluates a region instead of single points. As the comparison demonstrated,
this approach improves the intra-subject deviation and the relative number of
outliers.

For HRV analysis, a multitude of methods exists and new ones are intro-
duced on a regular basis. While standard time-domain measures are straight-
forward and computationally efficient to derive, things get more complex in
the frequency-domain and even more in non-linear dynamics. Therefore, the
feasibility of selected methods for their application in an embedded system was
investigated. Finally, the time-domain methods were implemented according
to the established standards, the frequency-domain methods were based on the
lesser known Lomb-Scargle PSD, since it requires no resampling or parameter
estimation, and from the group of non-linear dynamics, the Poincaré Plot was
implemented in the CardioCube.

In order to combine and synchronize the biosignal analysis, these methods were
implemented and tested using the scientific computing environment MATLAB,
ported automatically to the programming language C, and integrated on an em-
bedded system, the CardioCube. On this platform, they were tested thoroughly
using hardware-in-the-loop simulations. The CardioCube has been being used
regularly in biomedical trials and experiments since its regulatory approval and
admission as medical device for research purpose.
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Being a research platform, the CardioCube is subject to ongoing improvements
and extensions. Beside the lessons learned from previous medical trials regard-
ing user interface and signal acquisition, future advancements may also focus on
the methods developed and discussed in this work. Since the ECG annotation
algorithm evaluates each lead on its own, efforts are already been undertaken
to consolidate the individual results into a more reliable and failure-resistant
analysis [128]. Furthermore, the current classification of R peaks only serves
the purpose to produce specific templates. Therefore, one of the next steps
towards a more thorough risk stratification is the classification of heart beats
according to certain forms of arrhythmia.

As discussed in chapter 4, methods for PTT calculation were only tested with
regard to their stability and reliability, but not in absolute values, due to the
lack of a non-invasive gold standard. Therefore, future validations may either
include invasive comparative measurements, or make use of accurate blood flow
simulations.

In conclusion, aside from the numerous opportunities for improvements and
advancements of models and methods currently in use, and in accordance with
the final goal of this thesis, the CardioCube proofed to achieve valuable results
in biomedical trials and experiments due to the synchronous acquisition and
thorough evaluation of numerous biosignals. The results of these efforts provide
a valuable contribution to the future of cardiovascular risk assessment.
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