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Abstract

Clinical applications for heart rate variability (HRV) have become increasingly popular, 
gaining momentum and value as societies increased understanding of physiology reveals 
their true potential to reflect health. An additional reason for the rising popularity of 
HRV analysis, along with many other algorithmic based medical processes, is the 
relatively recent exponential increase of computing power and capabilities. Despite this 
many medical standards lag behind this booming increase in scientific knowledge, as the 
risks and precautions involved with healthcare necessarily take priority. Resultantly, the 
standards which pertain to the acceptable tolerance for accurate R-peak detection have 
remain unchanged for decades. For similar reasons, medical software is also prone to 
lag behind state-of-the-art developments. Yet, society is currently on the precipice of 
an age of high computational abilities, mass data storage, and capabilities to apply 
deep learning algorithms to reveal patterns that were previously inconceivable. So, 
when considering the needs of the future in relation to the place of HRV in healthcare, 
there is a distinct need for its accurate and precise collection, storage, and processing.

In the work presented in this dissertation, the overarching aim was to increase the 
reliability of electrocardiogram (ECG) based HRV for use in predictive health analytics. 
To ensure both clarity and attainability, this project-level aim was broken down and 
addressed in a series of several works. The first a im w ork w as t o address the problems 
associated with the precision specified f or a ccurate p eak d etection, and thereby 
increase the reliability of predictive health analytics generated using HRV metrics. The 
study conducted around this initial aim investigates the specifics of match window 
requirements, clarifies the difference between fiducial marker and QRS complex 
detection, and makes recommendations on the precision required for accurate HRV 
metric extraction.

In the second work, the aim was to ensure that there is a reliable foundation for 
the conduction of HRV-related research. Here, a thorough investigation of relevant 
literature revealed the lack of a suitable software, particularly for research requiring
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the analysis of large databases. Consequently, an improved HRV analysis platform 
was developed. Through use of both user-feedback and quantitative comparison to 
highly regarded software, the proposed platform is shown to offer a similar standard in 
estimated HRV metrics but requires significantly l ess manual e ffort (batch-processing 
approach) than the traditional single patient focused approach. The third work also 
addressed this aim, providing the base peak detection algorithm implemented within 
the HRV analysis platform. Experimentation undertaken here ensured that the 
developed algorithm performed precise fiducial marker detection, thereby increasing the 
reliability of the generated HRV metrics (measured against the framework presented 
in the first work).

In the fourth work, the aim was to address the lack of published literature on 
the relationship between ECG sampling frequency (fs) and extracted HRV, in order to 
further ensure the reliability of predictive health analytics generated using HRV metrics. 
Here, a quantitative experimental approach was taken to evaluate the impact of ECG fs 

on subsequent estimations of HRV. This experimentation resulted in a recommendation 
for the minimum required ECG fs for reliable HRV extraction.

The aim of the final work was to further improve the foundation for future predicative 
health analytics, by developing a robust pre-processing algorithm capable of autonomous 
detection of regions of valid ECG signal. This type of algorithm should be considered 
of critical importance to furthering machine learning (ML) based applications in the 
medical field. ML a lgorithms a re h eavily r eliant o n a ccess t o v ast a mounts o f data, 
and without an automated pre-processing stage would require an unrealistic amount of 
hand-processing for implementation.
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Chapter 1 – Introduction 3

After its initial discovery in the mid-1800’s, clinical applications of heart rate

variability (HRV) have slowly increased along with societies understanding of physiology.

In more recent years, the exponential increase in computing power, capabilities and

methodologies has seen increases in a wide range of signal processing applications,

HRV notwithstanding. However, medical standards pertaining to the use of HRV

will typically lag behind without taking advantage of this exponential increase, due

to the risks and precautions which necessarily must be applied. Further, standards

such as the perceived acceptable tolerance for R-peak selection accuracy have not been

updated since 1998 [12, 13]. As a result, there is the potential for variance in algorithm

performance that is undetectable via the current evaluation standards, leaving much

room for improvement.

This increase in computing capabilities has also lead to the development of various

software platforms for use in the evaluation and interpretation of HRVmetrics. However,

many of these platforms involve a single patient focus. Yet, medical research is

increasingly focusing on the implementation of mass data analysis. These two factors

mean that many of current HRV generation software platforms are becoming insufficient

for researcher needs, due to the unrealistic time constraints involved with hand-

processing each signal within a large database. Consequently, there is a clear need

to provide a software package capable of both the detailed processing of a single patient

signal, and the autonomous processing of multiple patient signals.

For the generation of ECG databases, early efforts arbitrarily deemed sampling

frequency to be adequate at 250 Hz. Yet, limited research has been conducted around

determining the adequacy of this rate, despite the significance of this variable within

the signal processing field. The concept of HRV heavily relies on being able to detect

minute changes within the timing of consecutive heart beats, and as such, the impact

of sampling frequency relative to estimated HRV should be considered.

A well established platform for the reliable extraction of HRV encourages the further

development of many interesting applications. Applications with a machine learning

basis, which were previously not feasible due to the volume of data required to generate

and train these models, will quickly become common place in the HRV field. In this

thesis, one such application is investigated. This investigation, brought forward by

collaborative research opportunities, is the implementation of HRV analysis in the

prediction of driver fatigue.
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In this dissertation, many of the presented works focus on improving the overall

reliability of extracted HRV metrics through investigations into various medical

standards, as well as the development of robust software package. The final work

focuses on developing a reliable pre-processing foundation for ECG-based applications,

improving their reliability by autonomously ensuring that only regions containing valid

ECG are used in the training of any algorithms.

The remainder of this chapter is organised as follows. Section 1.1 explicitly defines

the aims and objectives of this research. Section 1.2 presents an overview of each

chapter. Then Section 1.3 identifies the contributions made by research presented in

this dissertation. Finally, Section 1.4 lists publications resulting from both the research

presented here and other work done.

1.1 Aims and Objectives

One of the principal aims of this dissertation is to make advancements in the evaluation

methods used to determine the reliability of estimated HRV metrics, and thereby

increase the reliability of future predictive health analytics based on HRV. Another

principal aim is to provide a solid foundation for research requiring the large-scale

implementation of reliable HRV metrics, and thereby inspire further work in the field

of predictive health analytics. The final aim of this dissertation is to demonstrate the

application of these research techniques in a clinical application. In order to achieve

these aims, the following objectives are proposed:

• Evaluate what constitutes a correctly detected fiducial marker according to current

medical standards and the impact this has on the estimated R-to-R interval (RRI)

series and subsequent HRV metrics.

• Develop a robust method to reliably estimate HRV metrics from both ECG and

RRI signals, capable of processing large-scale datasets autonomously.

• Develop a R-peak detection algorithm with improved performance, particularly

with respect to detection precision.

• Quantify the effect of ECG sampling frequency on HRV metric reliability, and

thereby specify the minimal required sampling frequency for ECG databases that

can be implemented in predictive health analytics research.
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• Demonstrate applicability of HRV and ECG analysis in a clinical scenario.

1.2 Dissertation Organisation

This dissertation is organised into four sections. The first consists of this introduction.

The second section, Chapters 2 to 4, constitutes the combined application background

and literature review. The third section, containing the main body of research, is

comprised of Chapters 5 to 9. The final section, Chapter 10, summarises work presented

in each chapter. A more detailed overview of each of these chapters is given as follows.

Chapter 2 provides a comprehensive overview of the application background. The

general anatomy and physiology of the human heart is presented, followed by a detailed

outline of the techniques used to collect the ECG, and the problems associated with this

task. This chapter is concluded with an overview of HRV, with particular attention to

its generation, applications in the medical space, and the relevance for its improvement.

Chapter 3 provides a review of the literature related to the research part of this

dissertation. In particular, this chapter focuses on the acquisition and evaluation of

HRV, providing specifics around the medical standards adhered to.

Chapter 4 continues to provide a review of the literature related to the research

part of this dissertation. A comprehensive review of the available software platforms

for HRV analysis is presented. This review focuses on a variety of factors to access

suitability of implementation, including: compatible operating system, graphical user

interface (GUI) functionality, batch processing capability, and whether the platform is

open-sourced, commercial, or packaged.

Chapter 5 investigates the influence of current medical precision detection require-

ments on the estimated R-to-R interval series and subsequent HRV metrics. Two

separate experimental approaches were instituted to evaluate whether these detection

requirements are appropriate for the generation of accurate and reliable HRV metric

estimations. The first simulates varying levels of noise, where the maximal allowable

noise is determined by the match window for accurate detection, and compares the
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resulting HRV metrics. The second compares the HRV metrics generated by various

modern peak detection methodologies of similar standing.

Chapter 6 aims to provide a fundamental, open-source, robust software platform for

the facilitation of large scale HRV metric generation and analysis. In this chapter,

we present such a platform, namely RR-APET ; which is an open-source, batch

processing capable GUI platform developed in Python. The resulting performance of

this software is evaluated through quantitative comparison to another commercial HRV

analysis software considered to be the ‘gold standard’, and subjectively through surveys

undertaken by test users.

Chapter 7 proposes and compares the accuracy of a Hilbert-Transform based

algorithm to popular peak detection methodologies identified within the literature.

This algorithm implements speciality filtering techniques for additional suppression of

noise, variable thresholding to cater for regions of varying magnitude, specialised peak

selection criteria, polarity detection, and physiologically based post-processing. These

implementations improve the overall performance of the algorithm, as quantified using

the framework provided in Chapter 5.

Chapter 8 investigates the role of ECG sampling frequency in the production of HRV

metrics using time and frequency based analysis of high and low frequency ECG signals.

Chapter 9 directly contributes to the detection of driver fatigue by investigating the

viability of implementing machine learning algorithms to determine signal quality, and in

doing so, autonomously segments the sections of viable signal for further processing. In

relation to broader contributions, the methodology presented here lays the foundation

for the pre-processing of any ECG-based application, by ensuring the training data

provided contains regions comprised only of valid ECG signal.

Chapter 10 provides a summary of the findings and conclusions drawn within each

chapter of this dissertation, as well as possible directions for future research.
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1.3 Contributions

The research presented throughout this dissertation makes a number of original

contributions, with some resulting in published works and others pending publication

per peer review. These contributions are as follows:

• A framework for improving the reliability of HRV metrics through increased

precision detection standards is proposed (chapter 5).

• An open-source, GUI-based, batch-processing enabled software platform was

developed for use in: the autonomous R-peak annotation of ECG databases,

calculation of accurate heart rate variability metrics and the implementation and

evaluation of novel peak detection algorithms (Chapter 6).

• The relative capabilities of popular QRS detection algorithms are evaluated using

the framework proposed in Chapter 5 (Chapter 7).

• An alternative peak detection algorithm, which addresses the precision shortcom-

ings of investigated algorithms, is developed. This algorithm applies speciality

filtering techniques for noise suppression, variable thresholding, specialised peak

selection criteria, polarity detection, and a post-processing correction algorithm

(Chapter 7).

• A quantitative analysis of the minimum ECG sampling frequency required to

produce reliable HRV metrics (Chapter 8).

• A comprehensive machine learning framework for implementation within a larger

fatigue detection system. This framework comprises the second stage of the

detection system, and operates to ensure later stages are provided with reliable

and relevant signals (Chapter 9).

1.4 Publications

1.4.1 Publications resulting from dissertation research

1. M. McConnell, B. Schwerin, S. So and B. Richards, “RR-APET-Heart Rate

Variability Analysis Software," Computer Methods and Programs in Biomedicine,

vol. 185, pp.105–127, 2020.
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2. M. McConnell, S. So, C. de Mézières, B. Richards and B. Schwerin, “High

Frequency Electrocardiography Signal Acquisition and Impact on Heart Rate

Variability," In the 13th International Conference on Signal Processing and

Communication Systems (ICSPCS), pp. 1-7, December 2019.

3. M. McConnell, B. Schwerin, N. Podolsky, M. Lee, B. Richards and S. So

“Classification of Steering Wheel Contacts from Electrocardiogram Signals Using

Machine Learning," In the 10th International Conferences on Signal Processing,

Communications and Computing (ICSPCC), pp. 1-6, August 2020.

1.4.2 Other publications

1. B. Lauder, B. Schwerin, M. McConnell and S. So, “Using Dynamic Time Warping

for Noise Robust ECG R-peak Detection." In the 13th International Conference

on Signal Processing and Communication Systems (ICSPCS), pp. 1-7, December

2019.
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2.1 Anatomy and Physiology of the Human Heart

The heart is an organ within the human body that is critical for survival. The

cardiovascular system is powered by the pumping mechanism of the heart [43]. This

is the major transport system of oxygen, nutrients, metabolites, and electrolytes; all of

which are required to maintain the functionality of all organs and tissues throughout

the body [66]. Simultaneously, the cardiovascular system operates as a removal

system for carbon dioxide and other small waste products by allowing exchanges to

occur between adjoining cells via tiny capillaries [99]. Body tissues and organs are

composed of various specialised cells and are only able to make exchanges within

their immediate environment [118]. Thus, without a continually refreshed supply of

oxygenated, nutrient-rich blood, cells would quickly suffer from both a waste build up

and lack of essential sustenance [118].

The heart is composed of four chambers; the left and right atria, and left and right

ventricles. Deoxygenated blood returns from the body, entering the right atrium via the

inferior and superior vena cava. From here, the blood enters the right ventricle through

the tricuspid valve, then travels towards the lungs via the pulmonary artery, in order

to be re-oxygenated. Oxygen-rich blood returns from the lungs to the left atrium via

the pulmonary veins. It is then pushed through the mitral valve into the left ventricle,

before being pumped back into general circulation via the aorta [43, 99, 118]. Fig. 2.1

demonstrates the basic anatomy of the human heart, with blood flow represented using

directional indicators.

Figure 2.1: Anatomy and blood flow of the Human Heart.
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The heart is formed by several electrically-excitable tissues, each of which is

distinctive with its own unique action potential (AP), as shown in Fig. 2.2. The term

AP describes an event in which the surface of a muscle cell or neuron experiences

a momentary change in electrical potential. Whilst skeletal and smooth muscle

cells require outside stimuli to experience a change in the membrane potential, the

electrically-excitable cardiac cells are auto-rhythmic, meaning they have the ability to

initiate a change in their own electrical potential, at a fixed rate specific to the type of

tissue [147].

Figure 2.2: Unique Action Potentials for several types of cardiac tissue.

The basic cardiac tissue types include: sinoatrial (SA) nodal, atrial, ventricular,

atrioventricular (AV) nodal, and Purkinje tissue, which can all be further sub-

categorised into various additional types [118]. Heart function is largely controlled by

a series of well-correlated electrical impulses, produced by the conductive tissues [199].

Whilst all cardiac tissues are able to conduct intrinsically, feedback from additional

systems, as discussed in Section 2.2, also affects the rate of contraction within the heart

[118].

The individual APs from each tissue type combine to form a collective signal that

can be recorded at the skins surface using an electrocardiogram (ECG), a process which

is discussed in detail in Section 2.3. The sinus rhythm is initiated by the wave of

depolarisation, which begins in the SA node. Known as the pacemaker cells, this
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group of cardiac tissues has the highest inherent rate of depolarisation [147]. The

depolarisation wave spreads from the SA node to the AV node, in which the small

diameter fibres within the node slow the wave, delaying it by approximately 100 ms.

This delay allows time for the atria to fully contract before the propagation continues

[37]. From here, the wave increases speed and travels into the AV bundle, where it

bifurcates along bundle branches and excites the Purkinje fibres. The Purkinje fibres,

also known as the subendocardial branches, form the final part of the cardiac conduction

system. The excitation (or depolarisation) of these fibres triggers the contraction of the

ventricles, as the fibres are positioned beneath the endocardium of the ventricles [118].

Following this, the Purkinje fibres are re-polarised, and the ventricles become relaxed.

The atria contract to fill the now relaxed ventricles with blood, then the depolarisation

cycle repeats itself [118].

The shape of the collective signal (or waveform) is dominated by different APs

during different stages of the contraction cycle, as seen in Fig. 2.3. More explicitly,

atrial depolarisation correlates to the deflection in the waveform labelled the ‘P-wave’.

Characteristically, a P-wave occurs between 0.67-5 Hz with a maximum amplitude

Figure 2.3: The deflection waves within an ECG trace and how these relate to the
sequence of depolarisation and repolarisation.
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is around 70 bpm in a state of rest or inactivity [199]. Increased levels of fitness can

reduce the resting HR value for an individual. The maximum HR capable of being

generated by an individual decreases with increased age. This value can be estimated

by subtracting the age of the individual from 220 bpm [147]. While these factors give a

general idea on the healthy HR range for individuals, acute control of the instantaneous

HR occurs within the medulla oblongata at the base of the brain-stem [147]. The two

paired cardiovascular centres located here give nervous control and feedback paths to

the heart, allowing the body to adapt quickly to various stimuli. These centres are

known as the cardio-accelerator and cardio-inhibitory regions.

2.2.2 Health outcomes related to HRV

The ability to attain RR intervals both accurately and reliably through the implemen-

tation of a robust system is crucial for the functioning of any secondary HRV analysis.

With benefits ranging from social to economic to organisational, the significance of

such a system should not be understated. For example, these analytics could result in a

reduction of the days spent in speciality units within a hospital by a patient. Reducing

patient days spent within, for example, the intensive care unit (ICU), results in direct

benefits for the medical facility. Speciality medical staff experience a reduced workload,

bed availability increases and a greater level of attention is given to the remaining,

critical patients. Furthermore, the costs of patient care differs significantly according to

the type required (e.g. ICU or general), so the financial pressure on medical institutions

can be lowered by moving patients from critical care to general recovery sooner.

Clinical Applications for HRV

Currently, heart rate variability (HRV) is already a useful measure within several clinical

applications. For example, the analysis of HRV is particularly useful as a clinical marker

for evolving diabetic neuropathy. It is also useful as a predictor of risk, after acute

myocardial infarction (MI), for sudden cardiac death or secondary arrhythmic events

[176]. Furthermore, it has been suggested that sudden cardiac death could be prevented

through the implementation of HRV analysis for post infarction patients as well as

diabetics [189].

Within clinical settings, depressed HRV has been linked to several medical

conditions, including: congestive heart failure (CHF), heart transplantation, MI
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and autonomic neuropathy [176]. Whilst these relationships have been observed

within clinical settings, the standards have not yet been determined. Hence, further

research and corroboration of results is required before HRV analysis can be explicitly

implemented as a clinical marker for these areas. For example, with further research,

it could be possible to achieve a more favourable balance between sympathetic and

parasympathetic innervation during therapy treatments, by adjusting protocols to suit

the individual based upon the analysis of their HRV [189].

Myocardial Infarction (MI) and HRV The relationship between depressed

HRV and MI has been investigated previously. One particular study [28] conducted a

meta-analysis of 3489 post-MI patients and conclusively demonstrated a link between

the recorded standard deviation of Normal-to-Normal intervals (SDNN) and patient

outcome. Using 24 hour ECG recordings to produce the SDNN, it was found that

patients were four times more likely to die in the next three years if they presented

with a SDNN of below 70ms, in comparison to the group presenting a SDNN above

70ms [28]. Whilst this research demonstrates a strong correlation between final patient

outcome and SDNN, many other factors must also be considered when evaluating the

potential outcome of a single person [28].

Congestive Heart Failure (CHF) and HRV Similarly, investigations into

the relationship between CHF and depressed HRV have also been conducted. One

particular study undertaken by Nolan et. al. in 1998 [141], conducted on 433 CHF

patients, demonstrated a relationship between mortality rates and SDNN. This study

was conducted over a period of 482 ±161 days on patients aged between 52-72 years

old. The findings included: 51.4% mortality for the group of patients who presented

with a SDNN of less than 50 ms, 12.7% mortality for the group presenting SDNNs

between 50-100 ms, and 5.5% mortality for the group of patients presenting with an

SDNN greater than 100 ms [141]. Overall, these results suggest that patients who have

suffered CHF experience an increased risk of secondary negative health outcomes if they

present with a lower SDNN.

2.2.3 Importance of improving HRV reliability

Consequently, for the ongoing enhancement of treatment and predictability for auto-

nomic nervous system (ANS) related injury and illness, obtaining HRV data that is both
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reliable and accurate, must be considered a crucial step. The information which can be

extracted from ECGs through HRV analysis is quite useful for medical professionals.

However, the ability for secondary analytics to produce meaningful results would be

detrimented if the information produced during the initial stage was not reliable or

accurate. Therefore, investigating the primary detection stage is of crucial importance,

as it ensures the predictive analytics have a solid foundation.

2.3 Determination of HRV

HRV is not a biometric that can be acquired directly from a patient, instead it is a

set of biometrics that are calculated as a secondary source of information through the

analysis of patient biosignals. The primary biosignal used for the estimation of HRV is

the ECG, however, the photoplethysmogram (PPG) is also a viable option.

2.3.1 Electrocardiogram Acquisition

As discussed in Section 2.1, the heart is composed of various unique, electrically-

excitable tissues and the overall signal generated by electrical activity within can be

represented by an ECG. The basic principle of an ECG is to record the separate electrical

activities that occur concurrently as a singular electric dipole at any given time. This

reduces the complex information into a form which is both more easily detectable and

comparable between patients [37]. To produce external measurements, electrodes are

placed on the surface of the skin, providing an interface to the electric currents occurring

beneath the surface [147]. As the distance between the heart and the location of the

electrode increases, the corresponding potential being measured on the surface of the

skin decreases in strength. Consequently, applying electrodes to different locations will

cause a change in the strength of the measurement recorded [37].

In order to ensure comparability between multiple ECG recordings, the data must be

collected using a set standard, a consistent positioning of the electrodes that should be

applied to all patients. Several electrode configurations are available, dependent upon

the number of electrodes in use [147]. The standard configuration used for hospital

recordings applies 10 electrodes in the standard positions shown in Fig. 2.5. These

placements can be divided into two groups: limb electrodes and precordial electrodes.

The four limb electrodes are labelled according to location, these include the: right arm
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(RA), left arm (LA), right leg (RL) and left leg (LL) electrodes. The six precordial

electrodes are placed along the rib cage and are labelled V1-V6 from left to right. The

term lead refers to the potential difference measured between two electrodes, which is

a measure of the electrical activity within the heart from a particular plane [37]. While

there are hundreds of possible combinations within a configuration of 10 electrodes, the

standard ECG waveform is produced by a specific combination of 12 select leads.

Figure 2.5: Standard placement of electrodes for the capture of a 12 lead ECG signal.

2.3.2 Sources of Noise for an ECG recording

Electrode Misplacement

The correct placement of electrodes, as specified by the standard positioning, is essential

for creating good quality ECG recordings. Electrode misplacement can bias the signal

produced, thereby reducing the comparability and overall quality of the recorded ECG

[37]. It has been reported that in up to 50% of routine ECG recordings conducted by

technicians with over 30 years of experience, the V1 and V2 precordial electrodes have

been misplaced [201]. Precordial electrodes V1 and V2 are required to be placed in the

4th intercostal spaces, slightly to the left and right of the sternum, respectively. Placing

the V1 and V2 electrodes in a marginally superior location can produce an ECG which

mimics an anterior myocardial infarction (MI) and displays negative polarity P-waves

[59]. Whilst electrode misplacement can majorly impact the quality of an ECG, it

is not the only source of noise within an ECG. Other interference’s stem from both

physiological and environmental sources.







Chapter 2 – Biomedical Applications Background 21

frequencies to the ECG, and can also cause the ECG wires to shift, which alters the DC

component (or baseline) of the signal. Fig. 2.8 illustrates an ECG signal that is being

affected by artefact motion.

2.3.3 Relevance of ECG recordings

The risks associated with recording a standard external ECG are both low impact and

rare. Yet, standard ECGs offer both a real time and unique insight into the health

of a patient’s heart. Many cardiac-related ailments produce distinct patterns within

the sinus rhythm of the heart and therefore within the ECG signal; this allows trained

medical professionals to determine a variety of medical conditions simply by viewing an

ECG with abnormalities present. This method of interpretation, however, is not the

only way to extract information from an ECG. In a comparatively new field of study,

underlying patterns are extracted from the ECG and examined in regards to variation

over time. Heart Rate Variability (HRV) is one such pattern which has demonstrated

direct correlations to patient outcome [28, 141, 176, 189]. As this field is not currently

well known or widely applied in scientific literature, it is the focus of the research

being conducted. It should also be noted here that the research presented within this

dissertation focuses on the use of one dimensional rather than multidimensional ECG,

in order to simplify the algorithms throughout.

Many areas of HRV remain relatively unexplored, but offer great promise for

the ability to improve patient outcome and welfare [170]. So, by continuing to

conduct research into this area and furthering societies knowledge on the subject, more

information will become available to medical professionals. HRV won’t be a singular

feature used to diagnose or treat patients, rather, it will be another biometric tool which

can be used to aid in decision making, alongside other current medical practices [170].

Additionally, this field of study is of particular relevance to those who have a suspected

illness, or those suffering from a substantial injury, as these are the people who make up

the majority of patients who undergo ECG procedures. Even more so for patients who

undergo ECGs for extended time periods (more than 24 hours at a time). Consequently,

the findings of any investigations conducted in this area should be considered with high

regard, as they are directly relevant to a group of vulnerable people and can be achieved

through non-invasive means.
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2.3.4 Photoplethysmogram Acquisition

PPG is an optical measurement technology that is often used for monitoring heart rate

as an alternative biosignal to the ECG. This non-invasive, inexpensive tool combines a

photodetector with a controlled light source to estimate blood circulation at the skins

surface, through measuring the amount of light reflected from the tissue [31]. Recording

this measurement at set intervals over time constitutes a PPG waveform, which like

an ECG, can be used to monitor a persons cardiac activity. While this waveform is

not as precise as an ECG, it offers two key benefits; user comfort while wearing and

cost effectiveness. These benefits have brought about research into whether the PPG

waveform can be implemented as a reliable alternative to the ECG with regards to the

determination of patient HRV and subsequent analyses.

A recent 2016 study by Bolanos et. al. [25], demonstrated that the HRV signals

derived from the different waveforms (PPG and ECG) offered excellent agreement, and

concluded that either waveform could be implemented for the HRV analysis of healthy

subjects. The research produced by Pinheiro et. al. [156] supports these findings by

demonstrating that for healthy at-rest patients, the HRV derived metrics correlate at a

minimum of 82%; however, this research also demonstrated that these metrics become

less reliable for post-exercise recordings and patients with cardiovascular disease, with

mean correlations as low as 68%.
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Heart Rate Variability (HRV) is a term used to describe the amount of variability

in a person’s heart rate (HR). This promising e-biometric offers insight into patient

health outcomes, particularly as an all-cause mortality predictor in multiple studies

[46, 144, 188]. While there are a number of studies which demonstrate the usefulness

of HRV, it is not a biometric that can be measured directly from the patient,

rather, it must be calculated using the temporal beat locations identified from an

Electrocardiogram (ECG). More specifically, HRV metrics are generated through the

analysis of the interbeat interval series over time, and their accuracy relies heavily upon

the identification of a consistent fiducial marker within the QRS complex.

The importance of these metrics has meant that much research has been directed

towards developing accurate, robust and autonomous beat detection algorithms.

However, it is important to note that there are two separate approaches for beat

detection: QRS detection - which specialises in identifying the general region of a

QRS complex, and peak detection - which attempts to repeatedly detect the same

key point or fiducial marker within the heartbeat (most often the R-peak of the QRS

complex due to its characteristically unique traits). Of these two types of beat detection,

only the R-peak detection algorithms are suitable for generating reliable HRV metrics,

yet within the literature, QRS detection techniques are often cited for this purpose.

Furthermore, the same set of standards are used throughout the literature for evaluating

the effectiveness of QRS and R-peak detection algorithms, despite the difference in

precision requirements.

3.1 QRS and R-peak Detection Techniques

The autonomous detection of heartbeats within ECG signals, and thereby the extraction

of the interbeat interval series, is a phenomenon that has challenged researchers for

almost 35 years. As described in detail in Section 2.1, the heartbeat cycle begins with

the contraction of the atria which, in terms of electrical conduction, corresponds to the

P-wave in a classical ECG waveform. Yet, the beat detection algorithms generated in

this field of research focus on the identification of the QRS complex, which corresponds

to the contraction of the ventricles and occurs midway through the heartbeat cycle. This

is because the QRS complex is the most prominent feature within the classical ECG

waveform, due to the superior size of the muscle tissue which generates it. Consequently,

the interbeat interval is most often defined by the R-to-R interval between consequent
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waveforms, as the R-peak within the QRS complex is the most prominent feature of

the QRS complex and physiologically correlates to the time of peak heart contraction.

Yet, there is still debate amongst cardiologists and researchers alike as to exactly what

is considered the R-peak, particularly in arrhythmic heartbeats. Ultimately, this means

that the annotations used to notate the location of R-peak fiducial markers, and thus

evaluate the accuracy of detection algorithms, are subject to their own variance and

bias.

A large number of R-peak and QRS complex detection methods have been proposed

in the literature [11]. These methods can generally be classified into one of the following

types: adaptive thresholding [150], filter banks [4, 146], wavelet transforms [1, 106, 119,

120], machine learning techniques [1, 97, 129, 205], and heuristic methods mostly based

on nonlinear transforms [38, 185]. Although there is a critical distinction between

the design of QRS and R-peak detection algorithms, these algorithms are often used

interchangeably in the medical sector. For example, Kubios which is an extremely well

regarded medical platform for HRV analysis, implements a detection algorithm based

upon the one proposed by Pan and Tompkins, which is primarily a QRS detector rather

than R-peak detector. Furthermore, there is also contention between cardiologists and

researchers alike as to where the R-peak fiducial marker belongs, particularly when

it comes to arrhythmic heart conditions. These factors bring about concern for the

reliability of RRI series that are extracted using QRS detection methods, and as care

should be taken when selecting detection methods designed to extract consistent fiducial

marker locations for secondary HRV studies.

3.1.1 Signal Derivative and Adaptive Thresholding Methods

QRS extraction algorithms based on the implementation of signal derivatives or adaptive

thresholding were some of the earliest developed detection techniques, due to their

appealing nature of computational simplicity and ease of implementation. In fact,

many techniques which were designed around a combination of these two factors are

still used in this research area due to their evident and lasting success. Examples of

successful research projects that have been conducted on the use of derivative-based

QRS detection include [7, 49, 57, 68, 71, 136, 146]. Similarly, examples of successful

adaptive thresholding based techniques include [36, 105, 110, 211]; although, it should

be noted that adaptive thresholding is rarely implemented as a stand-alone algorithm,



Section 3.1 – QRS and R-peak Detection Techniques 26

as it is most often used in combination with other techniques.

Generally speaking, derivative-based algorithms often begin with the implementa-

tion of a differentiator in the form of a high-pass filter. Ideally, this differential filter

is able to enhance the detectability of the QRS complex, due to its characteristically

steep slopes in comparison to the other waveforms within the classical ECG. Various

approaches are used to generate the feature signal implemented in detection, including

both single and multi-order differential filters, and combinations of the two [97].

Finally, the detection of QRS complexes within the signal is accomplished through the

implementation of a threshold, often set as a select fraction of the maximum value within

the signal. Decision rules based around peak detection logic are then used to determine

if the areas of the signal which occur above the threshold contain QRS complexes.

The real time QRS detection algorithm published by Pan and Tompkins in 1985

[150], is arguably the most renowned example of this type of QRS detection algorithm

with over 6200 citations. Authors report that the algorithm is able to detect with

99.3% Sensitivity (Se) of the QRS complexes correctly when applied to the standard 24

hour MIT/BIH arrhythmia database. Furthermore, the software platform Kubios HRV

Premium, which is often considered the golden-standard platform for HRV analysis,

implements a modified Pan-Tompkins algorithm for its peak detection component.

Therefore, the Pan-Tompkins algorithm will now be detailed, as a representative

combined signal derivative and adaptive thresholding method.

The Pan-Tompkins Algorithm

The algorithm designed by Pan-Tompkins for QRS complex detection (PTD) incorpo-

rates the digital analysis of amplitude, width and slope, in order to identify the QRS

complexes present within an ECG signal. This technique, like most QRS detection

algorithms, can be broken down into two distinct stages: the pre-processing stage, and

the decision stage [97, 150]. However, the features addressed in each stage differ from

algorithm to algorithm. The specific methodology applied within the Pan-Tompkins

algorithm is further broken down in Fig. 3.1.

The pre-processing stage of the PTD algorithm is broken into three sections:

linear digital filtering, non-linear amplification, and feature attainment through moving

window integration. Linear digital filtering includes a digital bandpass filter, and a

derivative filter. The bandpass filter is designed to reduce specific key interfering
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function is given by:

H(z) = (
1

8T
)(−z−2 − 2z−1 + 2z1 + z2). (3.3)

Following the completion of the filtering stage, the signal undergoes nonlinear

transformation through the implementation of squaring function that is applied point

by point to the filtered signal. This squaring function can be described using:

y(nT ) = [x(nT )]2. (3.4)

This nonlinear transformation is used to amplify important parts of the signal. That

is, the QRS complex typically has a higher magnitude than the other waveforms present

within the ECG, and so it will be amplified to a greater extent. Additionally, all of the

data points become positive.

Finally, feature attainment is achieved within the pre-processing stage through the

implementation of the moving-window integrator (MWI). The MWI helps to identify

alternate features which the slope alone does not identify, such as the width of the QRS

complex. However, when applying this technique, the correct selection of the samples

taken in each window is critical; too many samples can result in the merging of QRS and

t-wave features, whilst too few samples can result in the formation of multiple peaks

from a single large QRS complex.

The decision stage of the PTD algorithm involves decision rules based on two key

concepts: an adaptive dual-threshold and T-wave identification [150]. The adaptive

dual-threshold is the first of the decision algorithms to be applied to the signal.

Usually, for a peak-point (local maxima) to be identified as a QRS complex, its

associated deflection must surpass a specified decision threshold. By implementing

a dual threshold, the Pan-Tompkins algorithm has access to two decision levels. The

larger of the two thresholds (THR1) is used for initial analysis of the signal. If the local

maxima (LOCMAX) is found to be greater than THR1, the point is stored as a ’QRS

complex candidate’. The signal level (SIGLV L) is also updated as:

SIGLV L = 0.125 ∗ LOCMAX + 0.875 ∗ SIGLV L. (3.5)

The secondary threshold (THR2), is the smaller of the two thresholds, and is used for
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the analysis of the signal only when the maximum time frame (MTF), for an expected

QRS complex is surpassed with no detections. That is, if a QRS complex has not been

detected within the expected MTF, the algorithm will back-search, implementing the

secondary threshold. For this work, the MTF is calculated to be a period of 1.66 times

that of the most recent RR interval. If the LOCMAX is not found to be greater than

THR2, no ‘QRS complex candidate’ is labelled within this segment and the algorithm

returns to searching with THR1. For the local maxima less than both THR1 and THR2,

the point is stored as a ‘noise peak’, and the noise level (NOISELV L) is updated to

NOISELV L = 0.125 ∗ LOCMAX + 0.875 ∗NOISELV L. (3.6)

The thresholds for signal peaks and noise peaks are also updated as

THR1 = NOISELV L + 0.25 ∗ (SIGLV L −NOISELV L), (3.7)

THR2 = 0.5 ∗ THR1. (3.8)

In order to calculate the RR-interval limit, RRMISSEDLIMIT , two RR-interval

averages are maintained. The first, RRAV G1, is simply the average of the eight most

recent RR intervals. In order for a value to be included in the second average, it must fall

between the acceptable low and high limits for RR-intervals. Only the eight most recent

RR intervals that also match this criteria, are included in the RRAV G2 calculation. The

limits are defined as:

RRLOWLIMIT = 0.92 ∗RRAV G2, (3.9)

RRHIGHLIMIT = 1.16 ∗RRAV G2, (3.10)

RRMISSEDLIMIT = 1.66 ∗RRAV G2. (3.11)

The final section of the decision stage is T-wave identification. In this stage, the

distance between QRS complexes is examined. If a QRS complex is identified to be

within 360ms of its predecessor, it undergoes additional judgement to determine whether

or not it has been correctly identified. The maximal slopes of the waveforms are then

compared and if the latter value is less than half, it is removed from the predictions and

identified to be a T-wave.
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3.1.2 Wavelet-Transform Based Methods

A wavelet transform, WT (a, b), is term used to describe the variable integral transform

of a function, f(t), and can be defined using the following equation:

WT (a, b) =

∫ ∞
−∞

f(t)Ψ∗a,b(t)dt, (3.12)

where Ψ∗(t) denotes the complex conjugate of the wavelet function Ψ(t) [97]. As such,

this transformation is similar to the Fourier transform, which decomposes a time-series

signal into an equivalent frequency-series representation using an infinite sinewave as

its basis function. However, unlike the strict composition of the Fourier transform, the

basis function of a wavelet transform can take on any form. This basis function, also

known as the mother wavelet, is used to produce a set of analysing functions labelled

the wavelet family (Ψa,b(t)) [97]. The resultant wavelet family can be controlled by

dilation parameter, a, and translation parameter, b, as shown in Equation 3.13:

Ψa,b(t) =
1√
2

Ψ(
t− b
a

). (3.13)

The inherent flexibility offered by the lack of a singular select mother wavelet leads to the

main advantage of the wavelet transform, namely, the ability to select a basis function to

suit the specific transformation requirements. That is, choice of basis function allows for

multiple, select frequency bands to undergo varied temporal and frequency resolutions

during analysis. Mallat and Hwang [117] were some of the first researchers to realise the

potential for singularity detection with wavelet transforms in 1992, when they developed

an approach for a classification technique based on the analysis of wavelet coefficient

signals and the local maxima within change across varying scales.

Noticing that the QRS complex often occurs in a different frequency band to

both common sources of noise and other ECG waveforms, and that wavelet transform

implementation allows the presentation of multi-scaled information, many researchers

began to adjust and implement this singularity detection technique for the application

of QRS detection. This lead to the formation of a collection of works around

the application of wavelet transforms for QRS detection throughout the 1990’s and

2000’s. Many of these works were able to match or improve upon the detection

evaluation parameters achieved by the original Pan-Tompkins QRS detection algorithm

[1, 16, 84, 106, 119, 120].
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One of the most successful early wavelet-based QRS detectors was produced by

Li et. al. in 1995 [106], achieving a detection rate of 99.80% and 883 citations to

date. Another more recent and highly successful work was the detection technique

presented by Martinez et. al. in 2004 [120], which achieved sensitivity and positive

predictability metrics of 99.80% and 99.86%, respectively, and over 1500 citations to

date. Both methods were tested against the popular MIT-BIH arrhythmia database [63].

In summary, the flexibility within the mother wavelet has lead to the developmental

success of various wavelet transform based techniques for the discrimination of QRS

complexes from other ECG waveforms.

3.1.3 Filter Bank Methods

Filter-bank QRS detection methods operate on a similar principle to the wavelet trans-

form. That is, the filter-banks produced in these algorithms enable the decomposition

of signal or function into subbands with uniform frequency bandwidths [97]. For

QRS complex detection using this approach, the desired features (pm) are most often

extracted after decomposing the ECG signal into l select subbands (w), using:

p1(n) =

3∑
l=1

|wl(n)|, (3.14)

p2(n) =
4∑
l=1

|wl(n)|, (3.15)

p3(n) =
4∑
l=2

|wl(n)|. (3.16)

Beat detection logic is then implemented on these derived features, often in the format of

several sequential layers, with each layer accessing a different subband or combinations

of multiple subbands. Heuristic decision rules, which combine logic from each layer, are

then used to index the identified QRS complexes.

Afonso et. al. [4] produced one of the most well known filter-bank techniques for

QRS detection in 1999, with over 400 citations, in a study that utilised a 32 band filter-

bank in order to downsample the ECG signal into a set of subband signals. Here, the

separation of the ECG into subbands enabled independent time and frequency analysis

to be performed, and thereby the production of unique feature sets. The features

extracted from each subband were then combined with heuristic detection strategies to
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linear functions are equally valid, with choice of implementation dependant upon desired

outcome. Some examples of popular activation functions include logistic, hyperbolic

tangent, and rectified linear units (ReLu); these functions are depicted in Fig. 3.4 and

can be described using equations 3.18-3.20.

f(a) =
1

1 + e−a
, (3.18)

f(a) = tanh(a) (3.19)

f(a) =


a, for a > 0

0, otherwise.
(3.20)
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Figure 3.4: Basic Activation Functions.

One particularly notable study for QRS detection using an MLP-based network was

produced by Xue et. al. [205] in 1992. This research implemented adaptive matched

filtering through a NN structure, achieving a detection rate of 99.5% and over 250
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citations. The final MLP network produced was a three-layered structure, containing

six linear input units (comprised of time-delayed signal samples), three nonlinear hidden

units with logistic activation, and a singular linear output unit. This method also

featured a learning step size of 0.3 and momentum of 0.5. The success of this algorithm

is attributed to its ability to adapt to the unique features of individual subjects, and its

effectiveness at isolating and removing the time-varying, nonlinear noise characteristic

of ECG signals.

Another useful type of ANN, for the processing of ECG signals and QRS detection, is

the radial basis function (RBF) network. RBFs, also sometimes referred to as clustering

techniques, are implemented to separate input vectors (x(n)) into clusters based on

measured distances between fixed points. Mathematically, this functionality can be

described using:

y(n) =

N∑
i=1

wie
−x(n)−ci

σi , (3.21)

where N denotes the number of neurons, ci denotes the center vectors, wi denotes

the weight co-efficients, and σi denotes the standard deviations [97]. The exponential

functionality may also be replaced by other functions when adapting this methodology

for specific purposes; for example, wavelets or Hermite functions. K-means clustering

(KMC) algorithms [112, 129] and Gaussian mixture models [47, 122] are both prominent

examples of RBF networks.

The K-means clustering algorithm implemented for QRS detection in a recent

2015 study by Merino et. al. [129], will now be detailed as a representative method for

RBF networks. This method of QRS detection focuses on the implementation of the K-

means clustering algorithm to group sections of the ECG signal with similar natures. By

cascading a set of purpose designed filters, the algorithm attempts to smooth the ECG

signal to remove minor oscillations and enhance the major deflections (i.e. P-waves,

QRS complexes and T-waves). The basic block diagram for QRS detection using K-

means clustering, as proposed in [129], can be seen in Fig. 3.5. Authors report that the

algorithm is able to detect QRS complexes with 99.93% Se, 99.81% P+, and 99.75%

overall accuracy. However, it should be noted that these results were achieved using a

partial subset taken from the standard 24 hour MIT/BIH arrhythmia database, rather

than the entire database.
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mean filter. Hermite interpolation requires that the first value, the final value and all

minimum values within the signal must be crossed in the resulting signal [85]. Following

this, the envelopment filter is implemented:

FN+1 = FN +
E1 + E2

2
, (3.22)

where FN is a vector containing the filtered data and is initially zeroed (i.e. F0 = 0)

[129]. The input data, DN , for the next iteration is then calculated:

DN+1 = DN − FN . (3.23)

This process is repeated twice in full. Ideally, all non QRS-complex waveforms (such as

P, T or U-waves) will be attenuated during these iterations.

In the decision stage, three key decision rule algorithms are implemented: local

maxima detection, K-means clustering and a consecutive check. The local maxima

detection is the first of the decision algorithms to be applied to the signal. A local

peak (or local maxima) is considered to be any point in the signal that is larger than

its two neighbouring samples [124]. Whilst additional criteria can be specified using

the findpeaks MATLAB function (or similar functions in other software), this particular

implementation of the K-means Clustering method does not specify any, as ideally the

signal will have been completely smoothed in the pre-processing stage [129].

Following this the K-means clustering algorithm is implemented in order to sort the

peaks into two groups: QRS or non-QRS. The final section of the decision stage is a

consecutive check. Any points that have been consecutively labelled QRS during the

clustering process are deleted, with only the first remaining. QRS labels are considered

consecutive if they occur successively without being separated by non-QRS labels [129].

Support Vector Machine (SVM)

The machine learning technique known as a support vector machine was first proposed

in 1995, in a work by Cortes and Vapnik [40]. In general, this technique applies

hyperplanes to form non-linear boundaries, in order to differentiate between classes.

Within this context, hyperplanes are considered to be spatial planes that are formed

at the maximum distance between the two nearest points of alternate classes (see

Fig. 3.6 for an SVM implementation on a simple, two-dimension, linearly separable
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of QRS and non-QRS regions. Mehta and Lingayat [128] applied this methodology for

QRS detection in 2008, producing a technique with reported detection rates of 99.3%

and 99.75% when tested on single-lead and 12-lead ECGs, respectively. This technique

was constructed using a simple architecture, comprised of only a single process in both

the pre-processing stage and detection stage.

The pre-processing stage utilised digital signal filtering techniques to remove noise

and baseline wander from the ECG signal. The detection stage then applied SVM logic

in order to delineate QRS and non-QRS regions, and thereby locate QRS complexes

within the ECG. For single-lead QRS detection, the SVM incorporated a vector classifier

with 10 input units. These input units were generated using a sliding window to isolate

10 consecutive normalised slope values. During the training phase, only windows

occurring entirely within singular regions were included. That is, positive examples

with a desired value of 1 were taken from windows within the QRS region, whereas

negative examples with a desired value of -1 were taken from windows within the non-

QRS region, and windows occurring partially across both QRS and non-QRS regions

were not considered. A similar process was completed for QRS detection using 12-

leads; however, rather than a windowed input from a single lead, the input vector was

generated using one point from each lead at a particular sampling instant.

Overall, the SVM is a memory efficient ML technique that is useful in both high

dimensional spaces and when number of dimensions is larger than number of samples.

It is also versatile due to diverse kernel functionality. The major disadvantages of this

ML technique are that the model can be easily over-fit if number of samples is much less

than the number of features and that it does not provide direct probability estimates

for the determined classes [60].

Convolutional Neural Network (CNN)

Neural networks (NN) are an extremely effective pattern recognition tool, utilised in

many areas including signal and image classification [92]. A CNN is a type of NN that

is widely implemented for both image and pattern recognition. Much like the MLP, a

CNN comprises an input layer, an output layer and one or more central hidden layers

[160]. The hidden layers are individually categorised according to their functionality,

with some examples including: convolutional, pooling or fully connected layers.

Convolutional layers are utilised to identify features within small localised sections
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for the final QRS complex detection stage.

In general, CNN are renowned for image recognition, and as such are very well suited

to the application of QRS detection from ECG signals. However, care should be taken

when applying this type of ML technique as CNNs are also susceptible to overfitting.

A model is considered to be overfit when it becomes tailored to the dataset on which it

is trained, but performs poorly when tested on unseen data. In terms of QRS complex

detection, a CNN trained on a database with minimal patients could easily become

overfit to a the nuances of those patients, and result in very poor QRS detection for

patients not in the original training set. Another disadvantage of CNN is that it has a

high computational cost [171].

3.1.5 Transform Based Methods

Like ML algorithms, there are numerous varieties of transform based techniques, many

of which have great potential for the application of QRS detection. Most often, these

transforms are nonlinear in nature. Nonlinear transforms are ideal for this application,

as when applied correctly particular features of the ECG signal can be emphasised

(such as the QRS complex), whilst also minimising undesirable features. Over time,

many researchers have realised the potential for the development of QRS detectors

from transform based methods, with popular implementations including: the Hilbert

Transform, the Hidden Markov Model, Karhunen-Loeve transform decomposition. Of

these methods, the Hilbert transform is the most popularly implemented, with a

particularly notable implementation presented by Thulasi Prasad and Varadarajan

in 2013 [185]. This work was notable due to its effectiveness in detecting QRS

complexes whilst remaining simplistic in its implementation with a low-computational

load. Consequently, this method will now be detailed as a representative method for

transform based techniques.

This Hilbert Transform based QRS detection technique focuses largely on the

analysis of signal amplitude to identify QRS complexes. The basic block diagram for

QRS detection using a nonlinear Hilbert transform can be seen in Fig. 3.8. For this

method, the pre-processing stage of the HTD method can be sub-categorised into two

distinct sections: digital filtering and non-linear transformation. Of these, the digital

band-pass filter is the first to be implemented on the ECG of interest. Similar to
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for the basic safety and essential performance of ambulatory electrocardiographic systems

[13]. When evaluating a QRS detection technique, the true locations of the QRS

complexes within the signal, known as the reference annotations, must be pre-

established. Several such databases exist in the literature, with some highly regarded

examples including:

• AHA DB: The American Heart Association Database for Evaluation of Ventricular

Arrhythmia Detectors [70]

• CU DB: The Creighton University Sustained Ventricular Arrhythmia Database

[142]

• ESC DB: The European Society of Cardiology ST-T Database [179]

• MIT-BIHA DB: Massachusetts Institute of Technology and Boston’s Beth Israel

Hospital combined Arrhythmia database [132]

• NST DB: The Noise Stress Test Database [133]

• LT-ST DB: The Long Term ST database [79]

QRS detection algorithms are evaluated using beat-by-beat (bxb) comparison of the

R-peak series detected by the algorithm and the reference annotations. There are three

possible outcomes for each bxb comparison: True Positive (TP), False Positive (FP) or

False Negative (FN). The TP class represents the correctly detected QRS complexes.

Quantitatively, a TP label requires that the absolute difference between the reference

annotation and predicted occurrence does not exceed the maximal match window of

150 ms. Any non-QRS complex that is detected by the algorithm is classified as a FP.

Temporally, a non-QRS complex is considered to be any point outside of the 150 ms

match window. The final class, FN, is used to represent missed detections. That is,

QRS complexes that are present in the reference annotations but not within 150 ms of

any prediction in the detected series.

Traditionally, four key metrics are then applied to statistically analyse the effec-

tiveness of the detection algorithm: the positive predictability (P+), the sensitivity

(Se), the overall accuracy (Acc) which is also regularly referred to as the detection rate,

and the detection error rate (DER). These metrics are calculated using the following

equations:

P+ =
TP

TP + FP
∗ 100%, (3.27)



Chapter 3 – Heart Rate Variability: Acquisition and Evaluation 45

Se =
TP

TP + FN
∗ 100%, (3.28)

Acc =
TP

TP + FP + FN
∗ 100%, (3.29)

DER =
FP + FN

TP
∗ 100%. (3.30)
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The realisation of the usefulness of HRV metrics in predictive health analytics has

brought about the recent increase in the number of available analytic software packages

for its extraction and evaluation. These software platforms have been developed by

commercial and non-commercial enterprises, in a variety of computing languages and

formats. Popular commercial HRV software tools include: CODESNA [137], Kubios

HRV Premium [149], LabVIEW [78] and Plux [24]. Popular non-commercial software

packages include: ARTiiFACT [88], gHRV [162], HRVTool [194], HRV Toolkit [63],

KARDIA [153] and rHRV [161].

4.1 Commercial HRV Software Platforms

4.1.1 CODESNA

CODESNA is popular HRV analytical software that is commercially available for

researchers and medical institutions, retailing at e700.00 per lifetime license [137].

This platform offers limited flexibility in compatible input file types, that is, it can not

process raw ECG signals, and requires HRV RR interval file. Acceptable RR intervals

must be stored in msec in the one of the following formats: Polar (*.hrm), Suunto

(*.sdf), text (.*txt) or extensible markup language (.*xml). Like the most other quality

HRV software, CODESNA produces HRV metrics in both the time and frequency-

domains; however, it also provides additional patented analysis methods which provide

quantified information on orthosympathetic and parasympathetic activity and entropy,

global stress level, resting factor, and respiration. An additional benefit is the software’s

automated detection and alert system of both arrhythmia and artifact. CODESNA

also offers post-processing tools such as RR interval artifact filtering, and user friendly

sample selection. This software is highly limited in export capabilities, providing only

one save option (*.csv). It does however allow users to concatenate the results of several

signals into one output file, although they must still be manually loaded and analysed

separately.

4.1.2 Kubios HRV Premium

Kubios HRV was originally released in 2004 as a free software package for the analysis

of HRV. Since then, the software has become increasingly popular being used in over

800 scientific studies, and has also undergone multiple upgrades, eventually becoming
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a commercialised product in 2017 with the release of Kubios Version 3.0. Kubios

HRV Standard software is still available for free for non-commercial personal use,

whereas Kubios HRV Premium is currently a licensed software for scientific research

and professional use and is available at a cost of e340.00 (' $550.00 AUD) per device

[149].

Kubios HRV Premium is considered the golden standard for HRV analysis software

within the medical industry. It offers great flexibility in the importation of input data,

supporting both ECG data and RRI data, in the form of nine separate file formats.

These formats include: Biopac AcqKnowledge (*.aqc), European data format (*.edf),

general data format (*.gdf), ECG ASCII data files (*.txt, *.dat), Polar files (*.hrm),

Suunto files (*.sdf, *.ste), RRI ASCII files (*.txt, *.dat), Custom ASCII files (*.txt,

*.dat), and Kubios HRV Matlab files (*.mat) [181]. Furthermore, this software features

the auto-detection of the ECG channel when importing data with multiple channels,

only prompting the user to select the required channel when the automatic system fails.

Finally, the user is also able to control the length of the imported signal, which is

particularly useful when analysing long recordings.

The built-in QRS detector, which enables the software to extract HRV from raw

ECG signals, is based on the popular Pan-Tompkins algorithm [150]. The detected RRI

series can also be enhanced using the tools provided for RR interval artifact correction,

and trend removal. Additionally, the user is also able to control which segement of the

RRI series is to be analysed to produce the HRV metrics through sample selection. The

HRV metrics that are computed by Kubios HRV Premium include metrics within in all

three domains (time-domain, frequency-domain and nonlinear). Finally, the results can

be saved in SPSS friendly formats including both ASCII text files and MAT-files, or as

a PDF report [149].

Whilst Kubios HRV Premium boasts many features, it also comes with two major

drawbacks. First, it is restrictive in its use due to its expensive licensing requirements,

particularly for small research institutions. Second, Kubios HRV Premium lacks the

ability to autonomously batch process, meaning the processing of multiple patients is

an extremely manual task and therefore the analysis of big data is highly limited.
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4.1.3 LabVIEW

LabVIEW is a general purpose systems engineering software application, that is able to

test, measure and control a variety of data in order to provide rapid access to data and

hardware insights [78]. For the context of this review however, we will focus only on its

ability to produce HRV metrics, and the modules required for this process. LabVIEWs

specialised Biomedical Toolkit, HRV Analyzer, can be used to analyse RRI series and

produce various HRV metrics. This particular toolkit is designed to import and analyse

RR interval series only, meaning that ECG signals must be processed to find the R-peak

locations prior to analysis. However, LabVIEW does offer a separate module for this

functionality, known as the ECG Feature Extractor.

The ECG Feature Extractor module offers some flexibility in compatible file types,

accepting ECG files in the following formats: Technical Data Management Streaming

(*.tdms), logical volume manager (*.lvm), Matlab files (*.mat), and MIT-BIH Database

files (*.dat). After the file is uploaded, the channel of interest can be selected using

the file contents menu. The user is then able to begin the extraction process, which

includes the ability to select from a variety of detection methods, as well as adjust the

peak detection parameters to ensure the best possible performance. The user is then

able to adjust the filter frequency cut-offs and rectification settings, before running

the feature extractor. A preview of the signal with detected QRS complexes can be

observed in the waveform display, which allows the user to determine if the results are

ready for exportation or the detection parameters need to be adjusted for further feature

extraction. Overall, major benefits of this feature extraction module is that it is highly

flexible and can be fine tuned to suit various signals, however, the major drawback is that

extracting these features is very manual and therefore time consuming. Furthermore,

the ECG signals must be processed one at a time, which precludes autonomous batch

processing of raw data.

The HRV Analyzer module is only compatible with two file types: RR interval

files saved in text format (*.txt) or ECG feature files generated within the ECG

Feature Extractor module. This module supports preprocessing techniques, including

thresholding and detrending of the imported RRI series prior to HRV analysis. The

HRV metrics that are computed within LabVIEW include time-domain and frequency-

domain metrics, as well as metrics from popular nonlinear methods. The results of this
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analysis can only be exported in one style that of a HTML report. Whilst LabVIEW

offers comparable HRV metrics to other similar applications, the main drawback is

that it is highly restrictive in acceptable input and output file types. As a commercial

product, there is also a licensing cost of $100.00 USD per license annually [78], however

it should be noted that this offers the user access to many more modules than the two

described here.

4.1.4 Plux

Like LabVIEW, Plux is another large platform that caters for many different bio-

signals via specialised add-ons. As a commercial product the software is attained

through licensed use only, with the HRV add-on retailing for e395.00 [24]. Due to

its commercial nature, very limited information is available on the methods utilised

within this product; however, the sales website does claim that all algorithms within the

software meet the Standards of Measurement, Physiological Interpretation, and Clinical

Use set by the European Society of Cardiology and North American Society of Pacing

Electrophysiology task force [24, 145].

The Plux HRV add-on is designed to process both ECG and Photoplethysmography

(PPG) signals to produce nonlinear HRV metrics, as well as HRV metrics in the time

and frequency domains. The graphical user interface (GUI) includes many features in a

highly user friendly layout, such as controls for channel selection, sample selection and

post-processing of RR intervals for outlier correction. Finally, the results can be saved

in both a report style PDF format, or in delimetered text file/comma-separated value

(*.csv) format, which is quite useful for further processing.

While the user layout is very appealing and easy to use, Plux does not offer batch

processing, making the processing of multiple signals a very manual task and therefore

limiting its use in big data applications. Furthermore, it is also restricts potential users

due to the expensive licensing requirements for both the Plux platform and the HRV

specific add-on.
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4.2 Non-Commercial Software Platforms and Packages

4.2.1 ARTiiFACT

ARTiiFACT is a freely available software tool for the processing of both electrocar-

diogram and IBI data [88]. This software is operated through its user-friendly GUI,

and modular in structure, offering four key modules. The first module, ecgExtract,

can be implemented to extract IBI data from continuous ECG recordings through

peak detection technology. This module offers some flexibility in compatible file types,

accepting ECG files in the following formats: text (*.txt), Matlab (*.mat), Excel (*.xls),

and hierarchical data format version 5 (*.hdf5). Whilst the data can be loaded from

multi-channel files, only a single channel can be selected for processing. The sampling

rate and number of header lines must also be specified at the time of data importation.

The second module, ibiArtifactProcessing, enables the extensive artifact processing

of IBI data. This module is not flexible with data type or format, with functionality only

for text files that have been formatted as a single column with no header. In addition

to the inbuilt, robust artifact detection algorithm, the user is able to manually adjust

the series. One particular feature of interest in this software is the choice between the

deletion of artifacts (i.e. cropping of the IBI series), or interpolation of artifacts (i.e.

replacement of detected artifacts with temporally interpolated positions).

The third module, hrvAnalysis, can be used for HRV quantification in both the

frequency and time domains. The fourth and final module, distributionStatistics, should

be used in conjunction with the third module as it tests the IBI distribution for normality

and dispersion. These statistics can aid the researcher in determining the validity of

the calculated HRV parameters, offering dispersion measuring factors such as: skewness,

kurtosis, interquartile range, and the Kolmogorov–Smirnov test for normality.

Overall, while this software offers various positive features such as its well designed,

user-friendly GUI, extensive artifact processing, and modular design, it also contains

a few key drawbacks. One major drawback is that ARTiiFACT does not support

batch processing, meaning its implementation is very manual and time consuming,

particularly over large databases. Another major drawback is that the hrvAnalysis

module does not support the calculation of popular nonlinear HRV features such as

those produced through the implementation of DFA or RQA. Furthermore, ARTiiFACT
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does not support PhysioNet’s wfdb file format, meaning that a large number of popular

databases in this research field are unable to be implemented without prior conversion of

file type. Finally, ARTiiFACT is not cross-platform compatible, functional only within

Windows operating systems.

4.2.2 HRVTool

HRVTool is a comprehensive, open source HRV analytics tool developed for imple-

mentation within the Matlab environment [194]. Although HRVTool is provided as

source code, it is able to be fully operated within its intuitive, user-friendly GUI upon

compilation. It also processes multiple types of input data, including ECG data, RRI

data, and other pulsatile waveforms. Various data formats for these waveforms are

acceptable, including: Polar (*.hrm), Matlab (*.mat), text (*.txt), Hexoskin (*.wav),

Physionet ECG (*.dat), European data format (*.edf), Biopac AcqKnowledge (*.aqc),

Holter Standard Format (ISHNE) and Machine Independent Beat (MIB) files from

Marquette Holter. Although the user must apply their own separate import functions

when using data in the format of EDF, MIB, ISHNE or ACQ. When implementing raw

ECG data, the integrated heart beat detector is applied to find the temporal location

of R-peaks, before the HRV analysis is conducted.

HRVTool also features extensive tools for the manual correction of IBI series data.

The edited series can be saved as an annotation file, in the format of a standard

Matlab file or as a delimetered text file. The HRV metrics that are computed within

HRVTool include time-domain and frequency-domain metrics, as well as metrics from

some popular nonlinear methods. Notably, whilst batch processing is possible using this

software toolbox, script implementation by the user is required, which restricts potential

users to those with coding skill sets. Another restrictive feature of software package is

that it requires the user to have access to the commercialised Matlab software, which

requires a paid license.

4.2.3 HRV Toolkit

HRV toolkit is an extensive, open source, HRV analysis software package that was

developed in the C-language by the PhysioNet Project [63]. Designed specifically for

the analysis and visualisation of IBI data, HRV toolkit does not support the processing

of ECG signals for peak detection. Therefore, one clear disadvantage of this software
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is that any raw ECG data must be pre-processed using an alternate application to

extract the IBI series before it can be analysed. Furthermore, there is limited flexibility

in the compatible file formats for input data, with only single channel physioBank-

compatible beat annotation files (*.atr) or single channel text files (*.txt) accepted.

Note: single channel refers to a single IBI data channel/column for importation; one

time-data column and one beat-type annotation column may also be permissible if

stored in the required format.

The HRV Toolkit can be implemented to visualise IBI data in the form of a times

series plot, remove outliers from the IBI series, and produce HRV metrics in the time

and frequency domains. A major disadvantage of this software is that it does not

include a GUI. That is, it must be operated using command-line prompts, either from

within a terminal or shell-script environment, which restricts its use to researchers (or

cardiologists) who are experienced in computer science.

4.2.4 KARDIA

KARDIA is an open-source, HRV analysis package that can be launched from within

the Matlab environment, as a GUI operated platform, using the provided source code

[153]. Whilst a source code based platform is advantageous in its inherent ability to be

edited by capable users to suit specific implementations, it is also restrictive due to the

commercialised nature of the required software for operation (i.e. Matlab). Launching

from within a programming environment may also be undesirable to potential users,

such as medical professionals who often have little or no coding experience. Another

drawback of KARDIA is the inflexibility in acceptable file format for input data, as it

is only able to process IBI data that has been stored using Matlab’s mat-file format.

KARDIA allows the user to analyse phasic cardiac responses, estimate HRV

parameters in both the time and frequency domains, and calculate some popular metrics

using nonlinear methods. Furthermore, one major advantage of this software is that

it offers batch processing for datasets with minimal manual input required. These

generated metrics can be exported in mat-file format (*.mat) or as a delimetered text

file (*.csv), with the optional inclusion of the parameter settings relevant to the current

analysis.
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4.2.5 rHRV & gHRV

rHRV and gHRV are two separate software packages developed by the same research

group. rHRV was the first of these packages to be released [161]. Developed in R, this

extensive open-source toolbox is modular in format, and comprised of HRV various

analytic functions. Whilst powerful, this software is highly restrictive in its range

of users due to both the lack of a GUI and the required programming skills for its

implementation. gHRV was later released as an improved and alternate package to

rHRV [162]. The main improvement between the platforms was the development of

a user-friendly GUI, which ultimately removed the required coding experience and in

doing so greatly improved the user base. It also offers significance analysis between

nominated episodes using the Kolmogorov–Smirnov test.

One major disadvantage of both software packages is that neither platform is

capable of processing raw ECG signals. That is, gHRV and rHRV can only process

IBI series, accepting this data in the following formats: temporal beat locations

(WFDB and *.txt), IBI ASCII files, Polar (*.hrm), and Suunto (*.sdf). The gHRV

platform features an outlier correction algorithm that replaces any outliers within the

IBI data with interpolated positions. Users may also manually correct outliers using

the provided tools. The HRV metrics calculable using these packages include standard

time-domain and frequency-domain parameters, as well as the two nonlinear methods of

Approximated Entropy (ApEn), and the Poincarè plot. Although, another disadvantage

of this software is that gHRV does not offer batch processing, and whilst sub-functions

within rHRV could potentially be implemented within a batch, it would require a user

to generate their own script.

4.3 Summary

This section presents the key information from each investigated HRV software platform

in two succinct summary tables. Table 4.1 presents various key details about each

software, including: the compatible computer operating systems, whether or not the

platform includes a GUI, whether or no the platform has the capacity to batch process,

if the source code is available, whether or not the platform is packaged or if it requires

an additional software program to be operational, and finally whether the platform is

a commercial product. Table 4.2 presents the details of the HRV metrics calculable
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within each software categorised in the appropriate domains.

Table 4.1: Summary of the investigated HRV software platforms and their key features.

Name Operating
System

GUI Batch
Processing

Source
Code

Packaged Commercial

CODESNA Windows Yes No No Yes Yes
Kubios Windows,

Linux,
OS X

Yes No No Yes Yes

LabVIEW Windows,
Linux,
OS X

Yes No No Yes Yes

Plux Windows Yes No No Yes Yes
ARTiiFACT Windows Yes No No Yes No
gHRV Windows,

Linux,
OS X

Yes No No Yes No

rHRV Windows,
Linux,
OS X

No Yes, but
requires
user
scripting

Yes No,
requires
Python

No

HRVTool Windows,
Linux,
OS X

Yes Yes, but
requires
user
scripting

Yes No,
requires
Matlab

No

HRV Toolkit Windows,
Linux,
OS X

No Yes, but
requires
shell-script

Yes No,
requires
C-
compiler

No

Kardia Windows,
Linux

Yes Yes No No,
requires
Matlab

No
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Table 4.2: Summary of metrics produced by each investigated HRV software platform.

Name HRV Metrics
Time Frequency Nonlinear Non-Standard

CODESNA Yes Yes (method
unspecified)

No Global stress level,
respiration, resting
factor, sympathetic
and parasympathetic
activity/entropy

Kubios Yes AR spectrum
estimate,
Lomb-Scargle
periodogram,
Welch’s
periodogram

ApEn, CD,
DFA, Poincarè
plot, RQA,
SampEn,
ShanEn

Estimation of energy
expenditure,
respiration, stress
level estimation

LabVIEW Yes AR spectrum
estimate,
Fourier

Poincarè plot,
DFA

No

Plux Yes Yes (method
unspecified)

No No

ARTiiFACT Yes Fourier No Kolmogorov–Smirnov
test, Statistical tests
(interquartile range,
kurtosis, skewness)

gHRV Yes Fourier ApEn,
Poincarè plot

FracDim,
Kolmogorov–Smirnov
test

rHRV Yes Fourier,
Wavelet

ApEn FracDim

HRVTool Yes Fourier ApEn, CD,
DFA, Poincarè
plot

No

HRV Toolkit Yes Lomb-Scargle
periodogram

No No

Kardia Yes AR spectrum
estimate,
Fourier

DFA Estimation of phasic
cardiac response

* AR, autoregressive model; ApEn, Approximate Entropy; CD, Correlation
Dimension; DFA, Detrended Fluctuation Analysis; RQA, Recurrence
Quantification Analysis; SampEn, Sample Entropy; ShanEn, Shannon Entropy;
FracDim, Fractal Dimension.
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5.1 Research Motivations

HRV has been both established as a strong and independent predictor for the risk of

future health problems, and as an all-cause mortality correlate. As such, the importance

of evaluating HRV within critical patients should not be underestimated, with benefits

ranging from social to economic to organisational. Reliable HRV metrics can be used

by medical professionals to help in the prevention, treatment, and monitoring of various

kinds of human ailment. Yet, without access to the collection and processing of reliable

HRV data, the performance of secondary analytic studies would be impacted negatively.

Therefore, this chapter aims to review the current medical standards for the required

detection precision for R-peak fiducial markers and addresses these standards where

necessary. In doing so, this research not only improves the reliability of HRV metrics,

but also provides a solid foundation for future research in the predictive health analytics

space.

5.2 Journal Article: As Submitted for Publication

Abstract

The electrocardiogram (ECG) waveform is considered to be one of the most significant

physiological parameters for the evaluation of heart function, and has been since its

invention in 1895. More recently, the biometrics produced through the analysis of

heart rate variability (HRV) have also been considered significant parameters for the

assessment of heart health. Traditionally, the interbeat interval from which HRV is

determined, is extracted using the most prominent waveform within the ECG - the QRS

complex. Many algorithms have been developed to autonomously identify temporal beat

locations, with a major focus on the detection of beats under various noise conditions;

however, little consideration has been given to noise introduced by inconsistent fiducial

marker selection. This review aims to investigate this concept by comparing the impact

on extracted HRV metrics when the RRI series is extracted under varying precision

standards. The results of this investigation indicated that whilst the current detection

standards are adequate for QRS detection, a majority HRV metrics are subject to large

error margins, regardless of their domain. Therefore, the standards for peak detection

algorithms should be updated to utilise a reduced match window.
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5.2.1 Introduction

Heart rate variability (HRV) is an emerging health biomarker that characterises the

temporal fluctuations between successive heartbeats, by quantifying various aspects of

the inter-beat interval (IBI) series. Acute control of instantaneous heart rate (HR)

occurs within the medulla oblongata at the base of the brain-stem, and as such, HRV is

a popular diagnostic aid in the assessment of autonomic nervous system function [118].

Clinical studies investigating links between HRV and healthcare outcomes began as

early as 1963, where it was demonstrated that foetal distress is preceded by changes in

maternal HRV [72]. However, widespread HRV implementations were not popularised

until the 1980’s, after Kleiger et. al. [94] was able to confirm these biometrics as a

strong, independent predictor of risk for sudden cardiac death post acute myocardial

infarction.

Since then, various studies have confirmed further useful links between HRV

and patient healthcare outcomes, some of which include: diagnostic and prognostic

capacity for infection (particularly sepsis) [8, 62], an indicator of concussion and post-

concussion rehabilitation [39], prognostic capacity in chronic heart failure [65], and

an indicator of fatigue and stress [169, 187]. Subsequently, HRV measurements have

become an increasingly popular metric for assessing the likelihood and severity of

various medical conditions [158]. However, it is important to note that unlike other

biomarkers, HRV cannot be measured directly from the patient, and is instead derived

from electrocardiogram (ECG) signals as a secondary set of metrics.

In order to quantify a persons HRV, the IBI series must first be collected from the

ECG, usually via autonomic detection algorithms, especially for large databases/studies.

For the purpose of HRV calculations, the IBI series is synonymous with the R-to-R

interval (RRI) series, as the prominence of the R-peak and consistency of its appearance

makes it the ideal fiducial marker within the standard ECG waveform. Consequently,

various research projects have been directed towards developing robust QRS complex

detection algorithms, however, comparatively little research has focused on the effects

of ensuring the precise and consistent location of the selected fiducial marker within the

main peak complex. Yet, due to the manner in which HRV is calculated, additional

variance could be generated within the ECG through non-precise fiducial marker

detection, rather than due to true variance occurring within the RRIs.
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A survey of literature presenting peak detection techniques shows a majority of

works utilised the testing standards specified in the ANSI/AAMI/IEC standards1, with

a few also applying stricter standards. In a search of online literature indexed via Google

Scholar, PubMed, IEEE Xplore, and Scopus, 53 publications describing QRS complex or

peak detection algorithms were identified [4–6, 14, 16, 19, 22, 26, 30, 32–36, 38, 42, 51–

55, 61, 73, 80, 86, 87, 89, 90, 93, 96, 106, 107, 109, 121, 130, 134, 140, 143, 148, 150, 155,

157, 159, 164, 165, 180, 184, 186, 204, 206, 208–210]. The earliest was released in 1985

[150], with another six published between then and 1999, 15 between 2000 and 2009, and

the remaining 31 published from 2010 onward. Of these, 9 publications (17.0%) used

the following stricter tolerance ranges: ±125ms (1), ±100ms (4), ±75ms (1), ±60ms (1),

±50ms (1), and ±11ms (1). An additional 12 publications (22.6%) explicitly declared

use of the ANSI/AAMI/IEC standard of ±150ms. The remaining 32 publications

(60.4%) did not state the numerical tolerance standards for peak classification used

within their publication; however, it is reasonable to assume that these publications

have adhered to the widely accepted ANSI/AAMI/IEC standards [13].

So while a majority of publications applied the current standards for determining

the detection accuracy, it is important to note that these standards were set explicitly

for QRS complex detection, rather than fiducial marker detection. The intention of

these standards is for use within ambulatory devices, to ensure autonomous algorithms

implemented within such devices are accurately able to detect major biomarkers such

as HR. HR itself is most often recorded in bpm, and due to this averaging, the time

between the peak of each heart beat is less significant. However, medical practices have

progressed to include the analysis of the IBI/RRI series, in order to produce many

additional biomarkers from an ECG in the form of HRV metrics. Yet, while these

metrics rely on precisely detected fiducial markers, the same standards that are used to

assess QRS detection algorithms, are being applied to R-peak detection algorithms.

In the remainder of this work we investigate the impact that varying precision

requirements for RRI determination has on the extracted HRV metrics. This is achieved

in two separate experiments. The first experiment involves the simulation of imprecise

fiducial marker placement and subsequent error in the estimated HRV metrics, where

the temporal shift for each beat is undetectable according to the tested precision
1ANSI/AAMI/IEC 60601-2-47:2012/(R)2016: The American National Standard for medical

electrical equipment: Particular requirements for the basic safety and essential performance of
ambulatory electrocardiographic systems.
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threshold. The second experiment implements popular peak detection techniques to

extract RRI series from real databases in order to produce a comparison between peak

detection accuracy and subsequent error in estimated HRV metrics for modern detection

techniques.

5.2.2 Database and performance metrics

Database

In this study we implemented a combination of two well-renowned, freely available ECG

databases: the Massachusetts Institute of Technology and Boston’s Beth Israel Hospital

combined Arrhythmia (MIT-BIHA) database [63, 132], and the Long Term ST (LT-ST)

database [79]. The MIT-BIHA database was implemented exclusively for the training

of algorithms (when required), whilst the LT-ST database was implemented during

the testing stage for all algorithms. This is because each of the standard non machine-

learning algorithms were originally designed and tested against the MIT-BIHA database,

and therefore could be potentially biased to perform abnormally well on particular data.

Similarly, to ensure consistency and to avoid the intra-patient paradigm presented by

de Chazel et al. [44], the investigated machine-learning algorithms were trained using

the MIT-BIHA database, but tested against the LT-ST database.

However, for the purposes of this research project, not all of the signals in the LT-

ST database were suitable. As such, a subset was selected according to the following

eligibility criteria: no arrhythmic beats for a minimum of one hour. This resulted in

the selection of 30 suitable signals, each from a unique patient and one hour in length

(for further detail, refer to Appendix 1). This criterion was implemented to ensure that

any conclusions drawn from this investigation are applicable to healthy ECG signals,

and the variations are not caused due to large numbers of arrhythmic beats.

Performance Metrics

QRS Detection Standards According to the most recent standards set by the

ANSI/AAMI group in 2016, when using beat-by-beat comparison to access the predicted

R-peak series, to be considered a match and therefore classed as a true positive (TP),

the absolute difference between the reference annotation and predicted occurrence can

not exceed 150 ms [13]. If the candidate beat does not occur within this window, it

is classed as a false positive (FP) if it is deemed to be an extra detection, or a false
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negative (FN) if it is deemed to be a missed detection. Fig. 5.1 visually represents the

areas of prediction for each category. Whilst this match window is adequate for QRS

detection, when considering fiducial marker detection and its subsequent applications,

it is clear that a match window of this size could lead to biased results through the

incorrect classification of TP for P, Q, or S peak selection.

Figure 5.1: Example of TP, FP and FN regions by overlaying an example ECG with a
to scale match window of 150ms.

Traditionally, these classifications are evaluated in terms of four key metrics, to

characterise the performance of a detection algorithm: the positive predictability (P+),

the sensitivity (Se), the overall accuracy (Acc), and the detection error rate (DER).

These metrics are calculated using the following equations:

P+ =
TP

TP + FP
∗ 100%, (5.1)

Se =
TP

TP + FN
∗ 100%, (5.2)

Acc =
TP

TP + FP + FN
∗ 100%, (5.3)

DER =
FP + FN

TP
∗ 100%. (5.4)
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HRVMetrics The various HRV metrics analysed within this paper are presented

in Table 5.1. This Table provides a short summary of each metric, categorised into its

appropriate domain, with standard units of measure listed where appropriate.

Table 5.1: Selected time-domain, frequency-domain and nonlinear measures of HRV.

Metric Units Description

SDNN ms Standard deviation of all normal-to-normal intervals
SDANN ms Standard deviation of the average normal-to-normal

Time intervals calculated over five minute segments
Domain RRIavg ms Mean RR interval
Metrics RMSSD ms Root mean square of successive RR interval differences

pNN50 ms percentage of successive pairs of RR intervals that
differ by more than 50 ms in an RR interval series

Frequency VLFpow ms2 Power in the very low frequency band (60·04 Hz)
Domain LFpow ms2 Power in the low frequency band (0·04-0.15 Hz)
Metrics HFpow ms2 Power in the high frequency band (0.15-0.40 Hz)

LF/HF Low frequency to high frequency ratio

REC % Recurrence rate
DET % Determinism: Percentage of recurrence points which

form diagonal lines
LAM % Laminarity: Percentage of recurrence points which

form vertical lines
L̄ bts Mean length of diagonal structures

Nonlinear V̄ bts Mean length of vertical structures
Metrics Lmax bts Maximum length of diagonal structures

Vmax bts Maximum length of vertical structures
α1 Gradient of linear trend fit to short term-fluctuations

(4-15 beats)
α2 Gradient of linear trend fit to long term-fluctuations

(16-64 beats)
SD1 Standard deviation along the longitudinal axis of the

Poincaré plot
SD2 Standard deviation along the transverse axis of the

Poincaré plot
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5.2.3 Experiment One: Simulation-based investigation of imprecise
fiducial marker placement

Premise and Technique

In this section, we access the maximum potential impact that imprecise fiducial marker

identification can have on HRV metrics whilst maintaining 100% correct detection

according to the current QRS detection standards. Here, the error introduced by

imprecise detections was simulated by adding a random amount of noise (in samples) to

each R-peak location within the true RRI series; where the maximal allowable deviation

was specified according to the match window. The impact on subsequent HRV metrics

is then measured by comparing the metrics calculated using the true series with the

same metrics as calculated using the noise altered series. By assessing this for varying

precision levels, we aim to highlight the varying levels of potential bias that can be

introduced to HRV metrics, without any indication of reduced accuracy in the detection

stage.

Results & Discussion

Time Domain Metrics The results on the HRV metrics calculated in the time-

domain, generated by adding noise to the true RRI series according to varying precision

windows, are recorded in Table 5.2. For the metrics that are measured in units of time,

the percentage change in relation to the original value has also been recorded, in order

to add greater context to the true impact of these results. Fig 5.2 visually demonstrates

how the average difference between the true values and the noisy values change as

the match window is increased. Here it can be seen that the impact on the RRIavg

and RMSSD metrics is minimal, while the predicted values for SDNN, SDANN, and

pNN50 become increasingly erroneous as the match window is increased. This indicates

Table 5.2: Potential change in time domain metrics measured using partial LT-ST
database.

Match ∆SDNN ∆SDANN ∆RRIavg ∆RMSSD ∆pNN50
(ms) (ms) (%) (ms) (%) (ms) (%) (ms) (%) (%)

12 1.02 2.26 1.47 4.58 0 0 0.06 0.0078 0.55
30 7.14 15.8 9.46 29.49 0 0 0.45 0.0059 15.62
75 31.7 70.1 37.77 117.7 0 0 2.52 0.3302 33.77
150 84.2 186.5 93.49 291.4 0 0 9.57 1.2539 41.68
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Figure 5.2: The impact of fiducial marker detection precision on HRV Metrics calculated
in the Time-Domain

that the RRIavg and RMSSD are far less susceptible to the precision of the detected

fiducial marker, which is a logical conclusion, as the overall number of beats in each RRI

series has not been changed. Therefore, when the temporal distance between each beat

is averaged, the final result will not change. Conversely, the accuracy of the SDNN,

SDANN and pNN50 metrics, rely heavily on precise detection of fiducial markers by the

implemented detection algorithm.

For example, the SDNN metric, which has been defined as a statistically significant

mortality predictor in various clinical trials [2, 27, 126], can be predicted with an error

of up to 186.5%, whilst the R-peak detection algorithm implemented to detect the RRI

series remains 100% accurate according the current standards for correct QRS detection.

One particular study conducted on survivors of acute myocardial infarction by Kleiger

et. al. [94], found that the patients with an SDNN value of less than 50ms had a

relative risk of mortality 5.3 times higher than those with an SDNN value above 100ms.

Yet, under the current standards for QRS detection, lack of precision in the detected

RRI series could see patients shift from the high-risk category to the low-risk category,

through erroneous variance not generated within the heart.

Similarly, the trend shown in Fig. 5.2 indicates increased prediction error for pNN50

with increased size of the match window, resulting in a maximum prediction error
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of 41.68% occurring for a match window of 150ms. Whilst this increase is not as

large as that of SDNN or SDANN, it can be equally detrimental to secondary HRV

investigations as the grouping of patients using pNN50 values occurs within much tighter

boundaries. For example, a study conducted on diabetics by Kudat [100], found that

the control subjects had an average pNN50 value of 8.8%, whereas the diabetic subjects

had an average pNN50 value of 2.9%. Clearly, an error of 41.68% would impact the

categorisation of subjects.

Frequency Domain Metrics The results on the HRV metrics calculated in

the frequency-domain, generated by adding noise to the true RRI series according to

varying match windows, are recorded in Table 5.3. Here, in order to add more context

to the true impact of these results, each recorded metric is represented by two values:

the average absolute difference and the percentage change with respect to the original

value. Much like in the time-domain, error in predicted frequency-domain metrics can

be problematic for subsequent studies.

Table 5.3: Potential change in frequency domain metrics measured using partial LT-ST
database.

Match ∆VLFpow ∆LFpow ∆HFpow ∆LF/HF
(ms) (ms2) (%) (ms2) (%) (ms2) (%) (%)

12 0.75 0.42 1.85 0.48 8.40 2.91 0.035 2.40
32 3.44 2.04 12.85 3.20 61.64 21.86 0.208 14.07
76 21.89 12.78 79.47 20.36 361.8 134.9 0.614 41.21
150 78.95 48.93 293.3 77.52 1385.1 514.81 0.966 64.32

The data presented in Table 5.3 indicates that all investigated metrics followed a

similar trend of increased error with increased match window length. However, the rate

of increased error was unique to each metric, indicating that some metrics were more

heavily impacted than others. The absolute power in each frequency band increased in

a nonlinear fashion, with the VLF band producing relatively little error (±78.95 ms2)

at a match window of 150 ms, when compared to that of the LF band (±293.3 ms2) or

HF band (±1385.1 ms2). In terms of percentage error for the 150 ms match window,

the VLF and LF band produced similar errors, of 48.93% and 77.52% respectively,

which were both significantly lower than the 514.81% error produced in the HF band

absolute power estimation, as depicted in Fig. 5.3. Various studies have found clinical
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applications for these metrics, including a popular study by Galinier et. al. [58], which

confirmed depressed power in the LF band as an independent predictor of sudden death

in chronic heart failure.
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Figure 5.3: The impact of fiducial marker detection precision on HRV Metrics calculated
in the Frequency-Domain

Furthermore, due to the disproportionate impact on the power in the LF and HF

bands, the LF/HF ratio is also affected. Under the current standards for accurate

peak detection, this ratio can contain up to 64.3% error while maintaining a detection

accuracy of 100%. The LF/HF ratio, which indicates the power balance between the

sympathetic and the parasympathetic nervous systems, is often regarded as the most

important of the frequency-domain metrics, and as such has been used in various clinical

studies. For example, in a study performed by Patel et. al. [151], the usefulness of the

LF/HF ratio in the determination of driver fatigue was demonstrated by being able to

separate alert and fatigue drivers based on their LF/HF ratio, with the average ratios

recorded as 1.8 and 1.2, respectively. Another study, that was conducted to determine

the risk factor for patients presenting with sepsis, found that the LF/HF ratio was useful

in the prediction of early clinical deterioration as the patients who required critical care

within 5 days of presentation all presented with a LF/HF ratio of less than 1 [18]. In

both studies presented here, an error of ±0.966 in the estimated LF/HF ratio could

result in the incorrect categorisation of patient risk/fatigue.
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Nonlinear Metrics In this study, we analysed three separate methods for the

generation of nonlinear HRV metrics, these included: recurrence quantification analysis

(RQA) [123], detrended fluctuation analysis (DFA) [135], and the Poincaré plot [91].

The results for the nonlinear HRV metrics, generated by adding noise to the true RRI

series according to varying match windows, are recorded in Table 5.4. RQA quantifies

the number and duration of recurrences according to their phase space trajectories

within a dynamic system, and so is useful in the analysis of short, noisy and non-

stationary sequences of RRI series [81]. In a 2015 study conduct by Acharya et. al. [3],

the implementation of RQA was demonstrated as an effective feature for autonomously

determining the risk factor of sudden cardiac death (SCD). Here, the control patients

were able to be separated from the SCD patients using both DET, with mean group

values of 0.296 and 0.394 respectively, and LAM, with mean group values of 0.361 and

0.447 respectively. While it is unlikely that the error presented in Table 5.4 for DET

would make a significant impact on patient groupings, it is likely that an error of 57.42%

in LAM could shift patients between groups.

Table 5.4: Potential change in nonlinear metrics measured using partial LT-ST database.

Match ∆REC ∆DET ∆LAM ∆L̄ ∆Lmax ∆V̄ ∆Vmax ∆α1 ∆α2 ∆SD1 ∆SD2

(ms) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

12 0.65 0.17 0.51 4.07 11.16 6.81 5.19 23.0 0.27 8.60 0.67
30 5.52 0.95 4.21 26.47 43.74 39.64 20.08 109.4 1.98 30.22 4.17
75 22.71 3.37 31.16 63.27 79.85 77.20 64.34 335.6 10.81 55.77 16.57
150 33.54 5.57 57.42 75.30 91.67 85.27 88.60 731.6 35.67 69.79 36.36

DFA, a nonlinear analysis technique, was originally designed to identify long-range

correlations in non stationary processes. Therefore, with respect to HRV analysis, if

correlation in the data is revealed using DFA this indicates, that to some degree, the

RRIs occurring at any given time are dependent on previous segments [45]. The results

recorded in Table 5.4 indicate that lack of precision in the detected RRIs could result in

extreme error, of up to 731.6% at a match window of 150 ms, for the α1 term. α1, which

represents short-term (4-15 beats) correlations in the RRI series, has been useful in

various HRV studies, particularly for the identification of patients with congestive heart

failure (CHF). Peng et. al. [152], demonstrated that healthy subjects presented with a

mean α1 value of 1.201 ±0.178, separable from those with CHF averaging 0.803 ±0.259.

Here lack of precision could easily result in the incorrect classification of individual
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subjects, or remove the separation between the groups entirely.

Finally, in terms of HRV, the Poincaré plot is implemented to graphically represent

the correlation between consecutive RR intervals, and therefore assess the dynamics of

HRV in terms of a simplified phase space plot. An ellipse is then fit to the data,

with SD1 and SD2 calculated as the standard deviation along the longitudinal and

transverse axes, respectively [77]. In a study performed on type 1 diabetes by Guzik et.

al. [64], it was found that healthy subjects could be separated from diabetic subjects

based on their SD1 value (60.0 ±52.0 versus 25.4 ±13.7 ms respectively), and SD2

value (115.0 ±54.0 versus 61.5 ±24.9 ms respectively). The results in Table 5.4 show

that SD1 experiences almost twice the error at ± 69.79% than SD2 with an error of

± 36.36% at a match window of 150 ms, indicating the short-term variability in the

RRI series (SD1) is more heavily affected than the long-term variability (SD2). Yet,

both errors remain large enough to effect the categorisation of diabetic or healthy in

the examined study, and therefore reduce the reliability of future studies conducted on

Poincaré plots when produced under the current standards for correct QRS detection.

5.2.4 Experiment Two: A comparison of peak detection accuracy and
error in estimated HRV metrics

Premise and QRS Detection Techniques

The purpose of this section is to analyse and compare the specified accuracy of a

given peak detection algorithm, with the amount of error in the secondary HRV

metrics. By anonymising the algorithms here, we draw the focus from how well

an individual algorithm performs HRV estimations to how much variation can be

produced in estimated HRV metrics, when different detections metrics are classed

as similarly accurate. Consequently, several popular peak detection techniques of

similar performance were selected from the literature and regenerated according to

their specified methodologies. The works from which these algorithms were constructed

include: the Pan-Tompkins detection method [150], K-means clustering [129], the

Hilbert Transform [22], dynamic time warping [104], and a machine learning algorithm

in the form of a convolutional neural network [172]. Each algorithm was re-tested

against the MIT-BIHA database to ensure the detection accuracy remains above 99%

for current QRS detection standards. Kubios software [149] was also included within

this comparison as it is highly regarded in the medical industry. Finally, the impact on
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subsequent HRV metrics is then measured by comparing the HRV metrics calculated

using the true RRI series with those same metrics calculated using the RRI series

predicted by each algorithm.

Results & Discussion

The results presented in Table 5.5 indicate the performance of various detection

algorithms measured using the standard accuracy, sensitivity and positive predictability

metrics in accordance with the standards set by the ANSI/AAMI. Here it can be

seen that each tested algorithm achieved 99% or more in all categories, indicating the

implementation of high quality QRS detection methods. Results such as this imply

that any one of these algorithms would be useful in the generation of RRI series for

further analysis, and it would be expected that any error generated in this estimated

series would be both minimal and similar amongst the detection algorithms, due to the

similar detection performance metrics produced by each method. Yet, when examining

the results shown in Table 5.6, it can be seen that algorithm 5 produces an average

error approximately four times larger than that of algorithm 4 for most metrics, despite

a difference in accuracy of only 0.25% according to the current standards.

Table 5.5: Evaluation of detection algorithms according to current ANSI/AAMI
standards for QRS complex detection.

Algorithm Acc (%) Se (%) P+ (%)

1 99.38 99.49 99.89
2 99.53 99.73 99.80
3 99.02 99.32 99.69
4 99.38 99.43 99.94
5 99.07 99.48 99.58

The results presented in Table 5.6a show the average error produced for a variety

of time-domain HRV metrics, when estimated using the predicted RRI series from each

algorithm. Here, it can be seen that algorithm 4 produced the lowest average errors

in all metrics apart from RRIavg, despite performing with the second best detection

accuracy. Algorithm 2 which had the highest accuracy performed with the next lowest

error in each category. However, algorithm 1, which ranked second in QRS detection

performance (only 0.15% less than algorithm 1 and tying with algorithm 4), produced

1.5 times the error of algorithm 1, and was also outperformed by algorithms 2 and 3 in
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Table 5.6: Mean error in estimated HRV metrics produced when implementing various
different detection algorithms.

Algorithm ∆SDNN ∆SDANN ∆RRIavg ∆RMSSD ∆pNN50
(ms) (%) (ms) (%) (ms) (%) (ms) (%) (%)

1 13.95 20.70 11.93 28.43 3.26 0.51 4.68 0.71 0.34
2 9.06 12.82 7.47 16.36 1.51 0.23 1.89 0.28 0.27
3 9.43 13.49 8.55 18.63 5.60 0.94 6.23 1.05 0.70
4 6.66 5.95 5.91 6.86 3.36 0.67 4.60 0.87 0.18
5 25.97 27.52 14.32 27.40 5.58 0.80 11.71 1.59 0.69

(a) Time-Domain Metrics.

Algorithm ∆VLFpow ∆LFpow ∆HFpow ∆LF/HF
(ms2) (ms2) (ms2) (%)

1 100.37 49.36 79.63 0.99 27.09
2 63.28 25.02 52.15 1.25 32.28
3 92.25 24.64 59.51 0.92 22.68
4 79.35 27.46 39.52 0.54 16.78
5 309.95 138.87 326.15 1.20 29.16

(b) Frequency-Domain Metrics.

Algorithm ∆REC ∆DET ∆LAM ∆L̄ ∆Lmax ∆V̄ ∆Vmax ∆α1 ∆α2 ∆SD1 ∆SD2

(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

1 4.55 1.72 3.20 21.31 15.64 26.21 20.23 11.91 8.18 94.85 14.98
2 3.76 0.96 1.39 16.04 17.93 18.65 24.42 16.94 8.49 78.02 9.32
3 4.10 0.64 2.31 13.97 12.53 19.33 22.06 11.01 7.24 106.15 9.19
4 1.66 0.54 0.90 4.74 14.19 6.09 5.90 9.41 5.77 20.09 4.57
5 6.80 2.21 4.86 67.12 25.40 98.29 36.32 11.72 8.23 187.44 19.14

(c) Nonlinear Metrics.

all estimations, even though algorithm 3 was the lowest performing algorithm according

to the standard QRS detection evaluation metrics.

The results presented in Table 5.6b show the average error produced for a variety of

frequency-domain HRV metrics, and follow a similar trend to that of the time-domain

metrics. More specifically, a trend of wide spread performance in predicted HRVmetrics,

despite similar each algorithm producing similar QRS complex detection metrics. Here,

the most heavily effected metric for each algorithm was the power in the VLF band,

with the worst performing algorithm producing five times the error (±309.95 ms) of the

best performing algorithm (±63.28 ms). The disproportionate impact on the power in

the LF and HF bands, also resulted in error in the predicted LF/HF ratio of between

20-30% for each algorithm.

Finally, the results presented in Table 5.6c show the average error produced
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for a variety of nonlinear HRV metrics, as derived from estimated RQA, DFA, and

Poincare plots. Like both the time and frequency domains, the error in the nonlinear

metrics varied considerably despite each detection algorithm being rated with similar

performance attributes.

Our recommendation is to introduce a reduced match window of 10 ms when

analysing fiducial marker detection algorithms, particularly those designed to generate

RRI series for HRV studies. The results of implementing this reduced match window are

shown in Table 5.7. Algorithm 2 remains as the highest performing detection algorithm,

and algorithm 4 is now rated as the second highest performing detection algorithm,

which better matches the results presented in Table 5.6a. Furthermore, algorithm 5,

which originally produced similar detection metrics to all other tested algorithms but

produced twice the error in its estimated HRV, can now be seen to be outperformed

in detection accuracy to a much greater extent, with a revised detection accuracy of

96.90%.

Table 5.7: Evaluation of detection algorithms according to increased precision
requirement of a 10 ms match window.

Algorithm Acc (%) Se (%) P+ (%)

1 98.69 99.13 99.50
2 99.39 99.67 99.72
3 98.92 99.27 99.64
4 99.21 99.35 99.85
5 96.90 98.28 98.33

5.2.5 Conclusion

In this paper, we have reviewed the precision standards required for the detection of a

true beat within the ECG signal. In doing so we were able to investigate how the use

of QRS complex detection versus R-peak detection impacts on the extracted RRI series

and the subsequent HRV metrics. Results from the simulation-based investigation show

that under the current QRS detection standards which allow an absolute tolerance of

150 ms, a majority HRV metrics are subject to large error margins, regardless of their

domain. Under these testing conditions, the SDNN metric, which is widely considered

a significant HRV metric for predictive health analytics, produced an average error of

±186.5%.

These results were also supported by our secondary investigation, which involved
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the comparison between peak detection accuracy and error in estimated HRV metrics

for RRI series extracted using various peak detection algorithms. This investigation

revealed that despite limited difference in the peak detection accuracy (0.05-0.51%)

determined under current QRS detection standards, the peak detection algorithms

produced significantly different HRV metrics (for example 6-27% in SDNN error).

Consequently, our recommendation is to introduce a reduced match window of 10 ms

when analysing fiducial marker detection algorithms, particularly for those that are

intended for future use in the generation of RRI series for HRV studies.

Appendix: Expanded detail on selected patient subset from LT-ST DB
Table 5.8: Patient identification and signal collection parameters using LT-ST database.

Signal Patient ID Tstart

1 s20011 03:22:32.30
2 s20031 21:02:14.13
3 s20061 14:37:53.96
4 s20091 04:07:30.17
5 s20121 14:04:06.06
6 s20141 09:10:25.16
7 s20151 12:33:36.28
8 s20161 04:17:52.17
9 s20231 04:26:37.66
10 s20241 10:38:35.80
11 s20251 14:37:24.87
12 s20261 02:19:15.78
13 s20301 21:13:24.74
14 s20351 14:50:28.65
15 s20361 04:42:35.76
16 s20371 01:54:36.36
17 s20381 08:02:09.80
18 s20401 04:09:30.88
19 s20431 05:26:51.36
20 s20441 19:51:02.45
21 s20451 02:26:18.38
22 s20471 00:48:32.46
23 s20481 07:15:46.78
24 s20491 01:35:23.25
25 s20511 08:59:14.26
26 s20521 07:21:44.40
27 s20601 12:42:39.07
28 s20611 31:55:45.19
29 s20631 06:49:19.91
30 s30681 18:50:32.78

Note: Each signal was recorded for a duration of one hour from the starting time, Tstart,

as recorded in Table 5.8.
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5.3 Further Discussion of Research

In general, this research highlights the importance of precise fiducial marker identifi-

cation, particularly for applications that involve the calculation and analysis of HRV

metrics. It also indicates that the current QRS detection standards are not strict enough

when evaluating peak detection methods intended for the extraction HRV metrics. By

undertaking this work and identifying the current deficiency in precision requirements,

it is hoped that the standards for accurate fiducial marker detection will be altered by

reducing the match window size. This in turn would result in the improved reliability

for any future works around the generation and evaluation of HRV metrics for predictive

health analytics.

Of critical importance to the completion of this work was the development of a

robust and suitable software platform. It became apparent after beginning research in

the fiducial marker space that none of the available HRV platforms would be capable of

fulfilling the requirements of the work discussed in this chapter. As such, the fiducial

marker investigation was temporarily halted such that a software platform called ‘RR-

APET’ could first be developed. Once complete, this software platform enabled the

completion of the research presented within this chapter. This platform is reported in

the publication presented in the following section.
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6.1 Research Motivations

HRV analysis can provide a range of very useful biometrics for judging a persons

prospective health. When these biometrics are collected in large datasets, they become a

crucial component for the development of large-scale predictive health analytics, which

is one of the key research objectives within this dissertation. As such, a review was

conducted on software platforms with HRV production capabilities, in order to find

the ideal platform for this research. To match the research requirements, this platform

would require the following features: the capability to process both raw ECG and

RRI signals, the capability to implement and compare multiple detection algorithms

(including custom scripts), graphical functionality, low cost, and batch processing. This

review, presented in Chapter 4, highlighted a gap in the research field, as none of the

available platforms were able to satisfy all of the specified research requirements.

As such, the aim of this chapter of work was to produce an extensive open-

source package, that would satisfy all of the desired features, in a well-known,

universally accessible, multi-platform language. Python was selected due to its open-

source nature, comprehensive packages and online resources, user friendly development

environment and graphical production capabilities. The developed platform also offers

considerable graphical signal editing features, flexibility within the algorithms used for

R-peak detection and HRV quantification and includes graphical functionality for batch

processing. The completion of this platform provided the groundwork for each of the

ensuing research endeavours presented in this dissertation, as well as those of other

researchers (due to the open-source nature of the package).

6.2 Journal Article: As Published

Abstract

Background and Objectives: Heart rate variability (HRV) has increasingly been linked

to medical phenomena and several HRV metrics have been found to be good indicators

of patient health. This has enabled generalised treatment plans to be developed in

order to respond to subtle personal differences that are reflected in HRV metrics.

There are several established HRV analysis platforms and methods available within

the literature; some of which provide command line operation across databases but do
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not offer extensive graphical user interface (GUI) and editing functionality, while others

offer extensive ECG editing but are not feasible over large datasets without considerable

manual effort. The aim of this work is to provide a comprehensive open-source package,

in a well known and multi-platform language, that offers considerable graphical signal

editing features, flexibility within the algorithms used for R-peak detection and HRV

quantification, and includes graphical functionality for batch processing. Thereby,

providing a platform suited to either physician or researcher.

Methods: RR-APET’s software was developed in the Python language and is

modular in format, providing a range of different modules for established R-peak

detection algorithms, as well as an embedded template for alternate algorithms. These

modules also include several easily adjustable features, allowing the user to optimise any

of the algorithms for different ECG signals or databases. Additionally, the software’s

user-friendly GUI platform can be operated by both researchers or medical professionals

to accomplish different tasks, such as: the in-depth visual analysis of a single ECG, or

the analysis multiple signals in a single iteration using batch processing. RR-APET also

supports several popular data formats, including text, HDF5, Matlab, and Waveform

Database (WFDB) files.

Results: The RR-APET platform presents multiple metrics that quantify the heart

rate variability features of an R-to-R interval series, including time-domain, frequency-

domain, and nonlinear metrics. When known R-peak annotations are available, positive

predictability, sensitivity, detection error rate, and accuracy measures are also provided

to assess the validity of the implemented R-peak detection algorithm. RR-APET scored

an overall usability rating of 4.16 out of a possible 5, when released on a trial basis for

user evaluation.

Conclusions: With its unique ability to both create and operate on large

databases, this software provides a strong platform from which to conduct further

research in the field of HRV analytics and its correlation to patient healthcare

outcomes. This software is available free of charge at https://gitlab.com/MegMcC/

rr-apet-hrv-analysis-software and can be operated as an executable file within

Windows, Mac and Linux systems.

Keywords: Heart rate variability (HRV), R-peak detection, Analysis software,

Python 3, Computer program
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6.2.1 Introduction

HRV is a common phrase used to characterise fluctuations that occur within heart

rate (HR) [138]. There are a variety of popular HRV metrics used to quantify the

temporal variation between successive heartbeats. This time sequence can be referred

to as both the inter-beat interval (IBI) series, or the R-to-R interval (RRI) series.

These metrics, which can be measured in various domains, are most often implemented

to assess autonomic modulation in a non-invasive manner [145].

HRV was recognised as an important biomarker after its initial use in the 1980s,

where it was confirmed as an independent and strong predictor for determining the

risk factor of sudden cardiac death following acute myocardial infarction [94, 101, 145].

Since then, HRV has been found to be useful in a variety of clinical scenarios, such

as: mortality prediction for patients presenting with sepsis [62], prognostic capacity

following acute myocardial infarction [154], indicator of concussion and post-concussion

rehabilitation [39], and as a trans-diagnostic biomarker of psychopathology [20]. Other

non-clinical applications have also been linked to HRV such as: sports physiology [48],

fatigue, stress, sleep, age, and gender [169].

However, HRV is not a single metric that can be recorded directly from a patient;

it instead must be extracted as a combination of secondary metrics. HRV can be

quantified by analysing a series of sequential IBIs. Many devices and acquisition

systems are capable of generating accurate RRI series by implementing specialty beat

detection methods on measured bio-signals such as an electrocardiogram (ECG) or a

photoplethysmogram (PPG). With the increased popularity of HRV metrics, there has

come a rise in analytical software tools tailored towards the extraction of these metrics,

in both commercial and non-commercial domains. Some commercially available HRV

software tools include: Kubios HRV Premium1[149, 181], LabVIEW [78], Plux [24], and

CODESNA [137]. Whilst these packages are highly sophisticated, offering GUI based

functionality, and time-domain, frequency-domain and nonlinear analyses, they are also

restrictive in their use due to expensive licensing requirements. However, several non-

commercial HRV packages are also available.

A majority of the non-commercial software packages have been developed in

the Matlab programming environment [125], such as: ECGLab [192], Kardia [153],
1Kubios HRV Standard is available without cost but does not contain all of the features available

in Kubios HRV Premium.
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ARTiiFACT [88], and HRVTool [194]. ECGLab supports a variety of ECG formats

including PhysioNet, ISHNE and FDA XML HL7, and is able to calculate common

time-domain metrics, and perform spectral analysis. It is open source, operated using a

GUI, but does not support batch processing. Similarly, Kardia is also an open-source,

GUI operated HRV analysis package. Whilst able to perform batch processing without

significant manual input, the major drawback of Kardia is that it is only able to process

IBI series that have been stored using Matlab’s mat-file format. ARTiiFACT is operated

through it’s well designed GUI, and offers IBI detection, extensive artifact processing,

and HRV quantification in both the frequency and time domain; however, does not

support batch processing or PhysioNet’s wfdb file format. HRVTool was developed as

an open source toolbox for the Matlab environment. It is able to be operated within a

GUI and offers extensive ECG editing features, with HRV metrics calculable in the time

and frequency domains. Whilst batch processing is possible using the toolbox, script

implementation is required. Another major drawback of software packages developed

within the commercialised Matlab software is that a paid license is required for the use

of this programming environment.

HRV analysis packages developed in other programming environments include:

HRV toolkit developed by the PhysioNet Project [63], rHRV [161], and gHRV [162].

HRV toolkit is an extensive open source HRV analysis software package developed in

the C-language, that can be used to visual the IBI time series, remove outliers, and

calculate both time and frequency domain metrics. The major disadvantage of this

package is that it is run using command-line prompts, within a terminal or shell-script

environment, which restricts its use to researchers (or cardiologists) who are experienced

programmers. rHRV is another extensive open-source toolbox developed in R, composed

of various powerful functions. However, like HRV toolkit, it is restrictive due to the

required programming skills. Finally, gHRV is GUI-based program developed in the

Python language, that allows the in-depth analysis of ECG signals, with time-domain,

frequency-domain and nonlinear HRV quantification metrics available. Furthermore,

gHRV includes significance analysis of its HRV metrics, however, it does not offer batch

processing.

In this paper, we introduce the RR − APET HRV analysis software which is

a multi-platform, easy to use software tool that incorporates both R-peak detection

modules and various HRV analysis metrics, including time-domain, frequency-domain
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and nonlinear techniques. RR − APET is developed as an open source package, key

with the objective of stimulating further work in this important research area. One of

its key features is that the entire project has been developed as a stand-alone, packaged,

executable program, written in the Python 3 language2, allowing all required software

to be downloaded without the need for any paid subscription. By providing both the

source code and an executable version of RR-APET, we have catered to a range of skill

levels in potential users. Inexperienced users are able to operate all of RR-APET’s

features within the GUI platform including batch processing, whilst experienced users

are provided with the opportunity to adapt and upgrade the base program in order to

suit their specific needs without relying on updates. Furthermore, this software offers

the choice of three R-peak detection techniques derived from well established methods

[129, 150, 185] and a template to enable the implementation and testing of any other

detection method of interest. It is the combination of all of these features being available

in one analysis tool that gives RR−APET a clear advantage over the software packages

presently available.

6.2.2 Computational methods

In this section, we provide an overview of the computational methods which form

the framework of RR − APET ′s software package. A representation of the major

components of the package is shown in Fig. 6.1. In general, the algorithm library

contains scripts for R-peak detection, whilst the testing library contains scripts for the

computation of analytical metrics. The HRV analysis parameters included in RR-APET

are implemented using the guidelines given in [62, 145, 207].

Algorithm Library

The Algorithm library includes various Python based detection algorithm modules

which can be used to process raw ECG signals and detect QRS complexes. Three

detection algorithms are provided within the package. These algorithms were derived

from established techniques, such as: the Pan Tompkins method [150], a method

based on the implementation of K-means clustering [129] and a method based on

the implementation of the Hilbert transform [185]. The reliability of each detection

algorithm is detailed in Section 6.2.5. The design of these modules is highly flexible,
2All references to “Python” from this point onward imply that we are using Python 3.
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Detection algorithm analysis metrics

Testing is performed using a beat-by-beat comparison method, where the predicted R-

peaks are compared to the R-peak annotations, and categorised into three groups: True

Positives (TP), False Positives (FP) and False Negatives (FN).

For a detected R-peak prediction to be classified as a TP, it must occur within a

given precision window of the annotated R-peak for the corresponding heartbeat. To

be classified as a FP, the R-peak prediction must occur in a position where no R-wave

is present. Finally, FNs are classified when an R-wave is present in the signal but the

algorithm fails to predict the corresponding R-peak. Fig. 6.2 visually represents the

areas of prediction for each category.

Figure 6.2: Example of FP, FN and TP regions.

The performance of the algorithms are then rated using the number of TP, FP, and

FN classifications to produce four metrics: positive predictability (P+), sensitivity (Se),

accuracy (Acc), and detection error rate (DER). These metrics are calculated using the

following equations:

P+ =
TP

TP + FP
× 100%, (6.1)

Se =
TP

TP + FN
× 100%, (6.2)

Acc =
TP

TP + FP + FN
× 100%, (6.3)

DER =
FP + FN

TP
× 100%. (6.4)
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The precision window is set to the default value of 0.15s to match that found within

the commonly implemented in WFDB beat-by-beat (bxb) comparator3 [63]. This value

can be reduced at the users discretion in order to access the viability of R-peak detection

algorithms, rather than QRS detection algorithms.

Time-domain methods

When evaluating HRV within the time-domain, there are several key metrics that can

be calculated, which give perspective on different types of variability. These calculations

are conducted on the RRI series [145]. The simplest measure used to analyse variability

in heart rate is the mean RR interval value (RRI). The standard deviation of the RRI

series (SDNN) is an important measure as it reflects variability of cyclic components

within the period of recording. This metric however, is dependent upon the length of

the analysed recording [166], and so standardised recording lengths were devised to be

five minutes for short-term recordings and 24 hours for long-term recordings [145].

One metric that can be calculated from a long-term recording is the root mean

square of successive RR interval differences (RMSSD), a measure which provides an

estimate of short-term HRV. Another metric used to evaluate HRV is pNN50, which is

the ratio between the number pairs of successive RR intervals that differ by more than

50 ms (NN50) and the total number of RR intervals in the series (M). pNN50 is found

as,

NN50i =


1, if | RRIi+1 −RRIi |> 50×10−3

0, otherwise
for i = 1, ...,M − 1, (6.5)

and

pNN50 =
1

M

M−1∑
i=1

NN50i, (6.6)

where i is the i-th point in the RRI series.

The total monitoring period of a long-term recording can also be broken into

segments to find other useful variables. Two of the most commonly derived variables

include the SDNN index, which is calculated by taking the mean SDNN value of
3WFDB’s bxb was developed in accordance to the standards set in ANSI/AAMI EC38:1998, the

American National Standard for Ambulatory ECGs, and in ANSI/AAMI EC57:1998, the American
National Standard for Testing and Reporting Performance Results of Cardiac Rhythm and ST Segment
Measurement Algorithms.
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successive five minute intervals, and SDANN, which is the standard deviation of the

average RR interval calculated over five minute intervals; both are calculated over a

minimum of 24 hours. The SDNN index indicates the change in HR due to cycles

shorter than five minutes, whilst SDANN value gives an estimate of variability due to

cycles longer than five minutes [145].

Frequency-domain methods

Frequency domain techniques that are implemented to analyse HRV, usually stem from

the analysis of the signal’s power spectral density (PSD), which is a measure of how

power is distributed as a function of frequency [145]. An estimate of PSD can be

obtained through a variety of mathematical methods; this software offers a choice

between both Welch’s, Blackman-Tukey’s, and Lomb-Scargle’s periodograms, as well

as from autoregressive (AR) modelling. However, a majority of these methods require a

signal that is uniformly sampled, of which the RRI series is not. Interpolation of the RRI

series allows it to be re-sampled evenly prior to spectral estimation. For the purposes

of this software, the required interpolation was achieved by implementing cubic spline

interpolation from the Scipy library of Python, with step size of 0.5.

Welch’s periodogram is produced by first sectioning the re-sampled series into M

segments of length L, that overlap by O points. The fast Fourier transform (FFT) and

desired windowing technique is applied to each segment in order to produce a modified

periodogram, with the final PSD being generated by taking the average of the modified

periodograms [200]. By default, RR-APET uses a window size of L = 1200, and a

window shift of O = 600 when estimating the periodogram using Welch’s method.

Similarly, the Blackman-Tukey method applies a Fourier transform to estimate the

PSD, but rather that applying it to the re-sampled series, the transform is applied

to a windowed estimate of the auto-correlation function for a given number of lags,

K [69]. By default, RR-APET uses K = 10 when estimating the periodogram using

Blackman-Tukey’s method. Both methods provide lower variance estimates of PSD

when compared with the conventional periodogram method.

In autoregressive (AR) spectral estimation, an all-pole filter (with system function

H(z)) is designed such that its output is the re-sampled series while the input signal

is white noise. This is done by estimating the auto-correlation coefficients of the re-

sampled series and then solving the Yule-Walker equations in order to obtain the filter
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coefficients of H(z) [116]. The PSD estimate is obtained as the squared magnitude

response of the all-pole filter, i.e. |H(z)|2. Being a parametric method, the PSD

estimates that are obtained using AR techniques tend to be smoother and have better

frequency resolution than the periodogram-based methods.

Conversely, the Lomb-Scargle periodogram method can be applied to signals with

uneven, temporal sampling, and therefore interpolation of the RRI series is not required.

It is done by using the Lomb-Scargle equations in order to estimate the normalised

power, as a function of angular frequency, for all tested periods [163]. This method also

accounts for the phase-shifts caused by unequally sampled data.

In order to quantitatively analyse the desired signal’s PSD, it is first broken into

three distinct frequency bands: very low frequency (VLF) from 0.003-0.04 Hz, low

frequency (LF) from 0.04-0.15 Hz and high frequency (HF) from 0.15-0.4 Hz [145].

Physiologically, the LF band has been correlated to parasympathetic stimulation of

the autonomic nervous system (ANS), whilst the HF band has been correlated to

sympathetic stimulation of the ANS4 [169]. These frequency bands are then analysed

to determine the relative power, absolute power, and peak frequency within each band.

These values can be used to assess the autonomic parasympathetic-sympathetic balance

due to their physiological correlations.

Nonlinear methods

Nonlinear techniques for analysing HRV are often quite useful as they can help

to characterise the more complex dynamics of the heartbeat that occur during

cardiovascular regularisation, where linear methods can often be insufficient [45]. The

first nonlinear technique included in RR − APET ′s software is the recurrence plot

(Fig. 6.3), as well as a quantified analysis of its graphical features. Recurrence plots offer

a two-dimensional visualisation of the trajectory’s periodic nature in an m dimensional

phase space. It does this by depicting sets of recurrence pairs, i.e. sets of times at

which the trajectory is considered to have returned to the same space [207]. In order

to represent a scalar time series x(i) as a multi-dimensional process, a trajectory vector

Xi(k) is implemented using,

Xi(k) = x(i+ k ∗ L), for k = 0, ...,m− 1, (6.7)
4It has also been argued that the LF band correlates to both parasympathetic and sympathetic

stimulation, and that the HF band correlates both sympathetic stimulation and breathing [23].
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Figure 6.3: An example of a recurrence plot generated using a standard RR interval
series.

where m is the embedding dimension, L is the lag, i is the time series index, and k is

the sample index within the embedded vector [207]. Every trajectory point, Xi, is then

compared to all other trajectory points, Xj , to determine the distance, dist(Xi,Xj),

between each vector using,

dist(Xi,Xj) =

√√√√m−1∑
k=1

Xi(k)−Xj(k). (6.8)

Any two points (Xi,Xj) that occur within a fixed decision boundary radius, r, of

each other are considered recurrent (i.e. RP (i, j) = 1) [207]. For an N point long time

series,

RP (i, j) =


1, if dist(Xi,Xj) 6 r

0, otherwise
for i, j = 0, 1, 2, ..., N −m− 1, (6.9)

where RP (i, j) is the recurrence plot matrix.

In deterministic signals, the recurrence plot will show diagonal lines parallel to

the main diagonal, which correspond to areas where sequences which are repeated; in

contrast, randomness is suggested when the plot does not incorporate this diagonal

pattern [50]. These qualitative measures lead to the development of standard practice
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recurrence quantification analysis (RQA) metrics [123, 197, 207]. In regards to HRV, a

recurrence plot with many diagonals present suggests a patient with limited variation

in HR; whereas, a recurrence plot with few diagonals present indicates a patient who

has large variation in their HR. The following RQA metrics have been included in

the provided software: the recurrence rate (%REC), the determinism as percentage of

recurrence points which form diagonal lines (%DET ), the mean length of structures

both diagonal (Lmean) and vertical (Vmean), and the max length of structures both

diagonal (Lmax) and vertical (Vmax).

The second nonlinear technique included in RR − APET ′s software is detrended

fluctuation analysis (DFA). DFA can be applied to both stationary and non-stationary

processes, in order to reveal correlations within the data over varying ranges [135]. In

order to apply DFA to an RRI time series, the series is first integrated using,

y(k) =

k∑
i=1

[RRIi −RRImean], (6.10)

where RRIi is the i-th point of the RRI time series, RRImean is the mean of all of the

points within the time series [62]. The integrated series, y(k), is then detrended by

splitting the series into n length boxes and applying,

F (n) =

√√√√ 1

N

N∑
k=1

[y(k)− yn(k)]2, (6.11)

where yn(k) is the local trend (calculated by fitting a linear regression model to each

box), and N is the length of the time series [62]. The final DFA is conducted by

producing a log-log plot of the detrended series F (n) versus box length n.

In regards to HRV, if correlation is revealed by the DFA, it means that RRI’s

occurring in a given time interval are dependent on previous segments, to some degree

[45]. Short-term fluctuations, denoted as α1, are considered to occur in the 4 to 15

beat range and correlate to both sympathetic and vagal modulation. Whilst long-term

fluctuations, denoted as α2, are considered to occur in the 16 to 64 beat range and

correlate to only sympathetic modulation [21, 45]. These ranges were selected to match

those specified within the popular Kubios software [181]. In terms of the DFA plot, α1

and α2 are considered to be the gradients found when fitting a linear regression model

to their respective ranges.
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Installation and Software Language

In order to create the open-source multi-platform tool described in this paper, RR-

APET, the Python programming language was selected for implementation. However,

as the program is packaged as a complete, stand-alone executable file, it is able to be

executed without a Python IDE (Integrated Development Environment) installed on

the computer. RR-APET is available for the following operating systems (OS):

1. Windows

2. Linux

3. Mac OS

RR-APET is available at https://gitlab.com/MegMcC/rr-apet-hrv-analysis-software

as a unique compressed folder for each OS listed. Once downloaded, RR-APET can be

operated by extracting the contents of the compressed folder to an appropriate location,

then launching the executable program file titled ‘RR-APET’. This folder also contains

a copy of RR-APET’s user guide manual, which contains detailed information on every

aspect of RR-APET and it’s functions.

Loading the dataset and input data formats

In the context of this work, a dataset is considered to be a collection of ECG recordings,

stored in a usable format, and is the data input to the software for processing. To make

the program as useful as possible, datasets can be imported in a number of formats.

The following file formats are supported:

1. ASCII data files (*.txt)

2. Matlab MAT files (*.mat)

3. HDF5 files (*.h5)

4. WFDB files (*.atr, *.dat)

The data set can be in row or column format, with each constituting a vector of

ECG signal values, and can optionally include a time vector. By default the RR-APET

software will select the first non-time vector for it’s initial display, however the user is

able to switch between vectors or ‘leads’ as desired using the provided Input drop-down
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menu. In this way, a user is able to load, view and annotate a full 12 lead ECG if

desired.

When the time vector is included within the ECG data, it is automatically detected

by the program and the user is not required to enter a sampling frequency. However,

if the user chooses to input data that does not include a time vector, the user will

be prompted to enter the sampling frequency5 manually, as it is not detectable from

the supplied data. Error detection is included in this stage, for example, if the user

mistakenly enters a sampling frequency which equates to the detection unlikely heart-

rates (such as HR < 40bpm or HR > 200 bpm), a warning will appear asking the user

if they are happy to continue with the analysis of the imported data.

Additionally, annotations identifying the locations of R-peaks within each ECG

signal, can be loaded from a file. These series can also be stored in any of the

above formats, and should be represented as a list of sample numbers or time values

corresponding to the R-peaks for each ECG record in the data set, or as a list of the

RR intervals. Furthermore, this file can be the same file that stores the data set, or

a separate file altogether. The annotations can be both time values or vector sample

numbers.

The user interface

RR-APET is fully operated through its graphical user interface (GUI) which can be

divided into three key parts: (1) Data platform, (2) Algorithm and HRV metrics viewer,

and (3) Plot Viewer. The data platform forms the main GUI window as shown in

Fig. 6.5, and the Algorithm and HRV metrics viewer and Plot Viewer open as secondary

pop-up windows when activated, as shown in Fig. 6.6 and Fig. 6.7, respectively. The

functionalities incorporated into each of these sections are described below.

Data platform

The data platform is comprised of two key sections: the data browser, and the

functionalities specific to controlling the data browser. The data browser can be further

broken down into another two key sections: the ECG plot (top) and the RRI plot

(bottom). The data displayed here shows the raw ECG signal, as selected by the user,

and it’s corresponding RRI series, as predicted by RR-APET’s software. In order for
5Here we measure sampling frequency in Hertz, which equates to the number of samples per second
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Figure 6.5: The main operating window of RR-APET’s graphical user interface.

the ECG data to be able to be interpreted by the user the time range is limited along

the x-axis. The RRI series segment that correlates to data range shown in the current

viewing window of the ECG axis, is indicated by the grey section on RRI plot. The

viewable ECG data can be controlled along the x-axis using the slider function, or by

adjusting the range with the entry box labelled ‘Range (s)’. The user can also left click

on an area of interest within the RRI series, and the ECG plot will be updated to be

centered around the desired location. This is a particularly useful function, as a user

can easily click on any outlier values present within the RRI series to identify the cause

of the disturbance (e.g. R-peak detection error or abnormal heart function).

The functionalities specific to controlling the data browser, which are located on

the right hand side of RR-APET’s GUI for ease of use purposes, include: Edit Mode,

the Input selection drop-down menu, and the Annotation selection drop-down menu.

The Edit Mode function enables the user to correct misdetected R-peak locations, and

thereby correct the correlated RRI values. This function is activated by left-clicking the

pencil icon ( ). While activated, the user can add or remove points within the provided

or predicted annotations for a given signal manually, with the resulting annotations

able to be saved for later use. The Input selection drop-down menu enables the user

to switch between channels when the input ECG file contains more that one data

vector. This is particularly useful when analysing a classic 12 lead ECG. Finally, the

Annotation selection drop-down menu allows the user to control which set of annotations

are displayed on the RRI plot. The three options include; Predicted R-peak intervals



Chapter 6 – RR-APET - Heart rate variability analysis software 95

(RR_P), Pre-annotated loaded R-peak intervals (RR_A), or both (RR_B). Here the

default setting is RR_P, and the options RR_A and RR_B only become available once

the user has loaded an RRI series into the software.

Alternatively, the user can also choose to load data from devices such as mobiles,

smart watches and strap sensors that do not output an ECG signal, but instead record

an accurate HR signal generated by accurately detecting the interbeat intervals. To

implement this feature, the user must manually change the import data type setting,

located within the program preferences, from ECG to RRI. When this option is selected,

the user will see just the RRI plot in the data browser, as the ECG data is unavailable.

The Edit Mode function is still available to remove outlier peak values, however the

input and annotation selection drop-down menus are removed to avoid confusion, as

they are no longer applicable.

In addition to data visualisation, the data platform can be manipulated to perform

a variety of functions using the operational control panel. The operation control panel

is located in the upper left hand corner of the main GUI for RR-APET. It is formed by

the combination of a menu bar and a quick-select toolbar, as seen at the top of Fig. 6.5.

This panel includes a variety of functional controls common to many software packages,

such as buttons that load the data, save the output, open the program preferences, open

the help file and close the current window.

The program preferences option can be used to accomplish a variety of tasks, which

include: updating the size and font of the displayed text, selecting and updating the

settings for the R-peak detection algorithm implemented by RR-APET, updating the

settings for the HRV analysis algorithms, and customising the import data settings. This

feature also allows users implement and trial their own detection algorithm. Any R-peak

detection algorithm of interest can be implemented in RR-APET’s GUI by modifying

the ‘Template_function.py’ python file provided and selecting ‘Own Method’ as the

R-peak detection algorithm. For further detail on the program preferences, as well as

all other previously listed options, is provided in RR-APET’s user manual.

Results viewer

The results viewer operates as two additional pop-up windows that are generated when

the user selects the ‘Calculate Metrics’ option from the operational control section.

The first is the Algorithm and HRV Metrics window, shown in Fig. 6.6. The results
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displayed here are divided into four key sections: time-domain parameters, frequency-

domain parameters, nonlinear parameters, and detection algorithm metrics. Within

each section the results are displayed in a tabular format with units where appropriate.

The frequency-domain results are calculated using Welch’s periodogram by default, but

can be updated by selecting the desired method by using the drop-down menu provided.

Similarly, the detection algorithm metrics are calculated with a default precision window

of 15 ms6, but this can be updated using the entry box located within this section. These

metrics can be saved using ASCII text, Matlab MAT, or Python HDF5 file format.

Figure 6.6: The results viewer window from the graphical user interface of RR-APET;
generated as described in Section 6.2.4.

The second pop-up is the Plot Viewer window shown in Fig. 6.7. This window

can be used to view any of the graphical displays described in Section 6.2.2, including:

the Welch, Blackman-Tukey and Lomb-Scargle periodogram, the AR spectrum, the

Poincaré plot, the detrended fluctuation analysis plot, and the recurrence analysis plot.

The figure of interest can be selected using the select plot drop-down menu. Displayed

to the right hand side of the plot are the domain-relevant parameters, as well as the

variable factors used to generate the plot. The variable parameters can be altered

using the sliders or entry boxes provided on the lower right hand side of the window

to determine the effect they have on the generated image. Additionally, these images

can be saved individually in multiple formats which include: encapsulated post script

(.eps), portable network graphic (.png), or scalable vector graphic (.svg). The results

viewer windows can be exited and relaunched at any time during the analysis or editing

of annotations.
6Although entered in ms, the precision window also relies upon sampling frequency and therefore

will round the the number of samples closest to the desired time.
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Figure 6.7: The plot viewer window from the graphical user interface of RR-APET.

6.2.4 Sample run

Single ECG test

As a sample run, HRV analysis was conducted for a patient selected at random from

the MIT-BIHA database [63, 132]. The sample ECG, taken from patient #111, is

a 30 minute signal originally measured from a middle-aged female with first degree

atrioventricular block. As this sample came from an annotated database, we were

then able to load the original annotations, thereby allowing us to concurrently examine

the effectiveness of the default detection algorithm. Alternatively, we could have

chosen to edit the RRI series using the edit function to ensure the artefacts created

by the misidentification of R-peaks were removed. From here we generated our HRV

parameters using the default values set in the program.

The quantified time-domain, frequency-domain and nonlinear analysis parameters

could then be viewed in the Algorithm and HRV Metrics window of the GUI as shown in

Fig. 6.6. These metrics were saved by selecting the ‘Save’ button located in the bottom

right hand corner of the Algorithm and HRV Metrics window, and using the file menu

to enter a file name, and select both the appropriate location and image type (example

given is type *.txt from the listed options). When saved using the text file format, the

results are presented in column format, as seen in Fig. 6.8. The desired figures were

then saved by simply selecting the ‘Save’ button located within the Options segment

of the menu-bar, then using the file menu to enter a file name, and select both the
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appropriate location and image type (we chose *.eps from the listed options).

Figure 6.8: Quantified HRV metrics saved in the default text file format.

Batch-processing test

RR-APET is also able to be operated to examine the HRV metrics of multiple ECGs in

a single process, which is also known as batch processing. We will now detail the steps

required to perform multiple ECG analysis. First, save all ECG signals7 of interest

into a single directory, making sure to use an accepted format (*.txt, *.mat, *.wfdb, or

*.h5). Next, activate the multi-run pop-up window (shown in Fig. 6.9), by selecting the

‘batch save’ option from the quick-select toolbar or Tools Menu. Using the multi-run
7Ensure all signals are recorded at the same sampling frequency.



Chapter 6 – RR-APET - Heart rate variability analysis software 99

Figure 6.9: Example of the pop-up window generated when using RR-APET’s batch
processing functionality.

pop window, specify the file type of interest for the input ECG data. Then specify the

output file name and type in the Output File Specifications entry box. Finally, specify

the sampling frequency in the Sampling Frequency (Fs) and press ‘Ok’. The metrics

will be calculated using the detection algorithm and analysis parameters set within the

program preferences, and stored according to the output file type provided. An example

of a text file output produced using the batch processing functionality of RR-APET8 is

shown in Fig. 6.10.

Figure 6.10: Example output produced using the batch save HRV metrics option.

6.2.5 Results

Evaluation of R-peak Detection Algorithms within RR-APET software

The performance of each detection algorithm provided in the RR-APET software

package was evaluated against the performance of the popular software package Kubios

[181], using the MIT-BIHA database [63, 132]. The performance of each method was

rated using detection algorithm analysis metrics: Se, P+, DER, and Acc (originally

described in Section 6.2.2). These metrics were calculated using the WFDB bxb
8This text file has been viewed using LibreOffice Calc (the Linux equivalent to Microsoft’s Excel)
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comparator with the standard settings, and averaged across the database to produce the

metrics shown in Table 6.1. It should be noted that no detection algorithm parameters

were changed between patients, and that the performance of Kubios was calculated

using it’s default settings to avoid over-fitting. Furthermore, the preset parameters

used in RR-APET’s detection algorithms were determined by testing the algorithms

using various sources of data, including ECG signals sampled at various frequencies,

before being evaluated against the standard MIT-BIHA database in order to ensure

robustness across databases.

Table 6.1: Performance comparison of proposed detection algorithms against established
Kubios software using the MIT-BIHA database.

Algorithm Se
(%)

P+
(%)

DER
(%)

Acc
(%)

Pan-Tompkinsa 99.10 99.52 1.62 98.63
K-Means Clusteringa 94.45 99.12 19.16 93.68
Hilbert Transforma 99.42 99.27 0.80 99.26
Kubiosb 98.09 99.82 2.49 97.92

a Our implementation within RR-APET derived from
original works listed

b Implemented with default settings selected.

When analysing the data presented in Table 6.1, it is clear that the K-means

clustering (KMCD) derived detection algorithm was competitive with the Kubios HRV

software only in the P+ metric and not the Se metric. Upon further investigation it

was found that the KMCD method is not sensitive to peak polarity at all, meaning

that it is unable to detect negatively orientated R-peaks and therefore is unreliable

for ECGs which contain both positive and negative polarity R-peaks. However, the

Pan-Tompkins derived (PTD) and Hilbert transform derived (HTD) algorithms were

both highly competitive with the Kubios HRV software in all metrics. Upon further

investigation into the PTD method, it was found that this method is quite effective

at identifying QRS-complexes, but not as effective at identifying fiducial marker (i.e

R-peak). In comparison, the HTD method was able to more consistently identify the

fiducial marker within the QRS complexes, and was therefore selected as the default

algorithm to be implemented within the RR-APET software package.
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Validation of analytic HRV metrics

The validity of the analytic HRV metrics generated within RR-APET’s software package

was established by evaluation against the known and trusted HRV software package

Kubios [181]. Three patients were selected at random from the MIT-BIHA database

for comparison, to avoid loss of information through average performance metrics. As

seen in Table 6.2, the time-domain parameters were highly similar across both platforms

with the greatest difference occurring in the RMSSD parameter for patient #221, where

the difference was less than 0.5ms. The frequency-domain parameters, while similar,

Table 6.2: Performance comparison of HRV metrics generated within RR-APET
(RRA) against the same metrics generated by established Kubios (Kub) software using
randomly selected patients from the MIT-BIHA database.

#111 #123 #221
Metrics RRA Kub RRA Kub RRA Kub

SDNN 43.45 43.46 115.28 115.33 262.72 262.81
SDANN 39.58 NA 113.68 NA 259.10 NA
RRI 850.3 850.3 1191.8 1191.9 826.3 826.2
RMSSD 45.49 45.51 102.72 102.72 345.91 346.34
pNN50 13.52 13.53 63.41 63.32 81.32 81.32
VLFabs 674 622 3401 3652 18600 18864
LFabs 263 351 5169 6290 17300 15763
HFabs 825 1010 2402 2614 35470 31648
VLF% 38.26 31.35 31.00 29.08 26.06 28.40
LF% 14.94 17.67 47.11 50.09 24.24 23.73
HF% 46.80 50.90 21.89 20.82 49.70 47.65
VLFfpeak 0.000 0.003 0.037 0.037 0.000 0.003
LFfpeak 0.041 0.040 0.047 0.050 0.122 0.123
HFfpeak 0.166 0.167 0.273 0.273 0.298 0.383
LF/HF 0.319 0.347 2.153 2.406 0.488 0.498
REC 39.62 35.51 28.89 28.09 20.38 18.91
DET 97.02 97.20 96.45 97.21 93.41 94.91
LAM 95.56 NA 88.90 NA 70.71 NA
Lmean 11.01 11.22 9.55 9.00 7.81 7.29
Lmax 576 400 141 139 126 75
Vmean 4.49 NA 4.92 NA 5.31 NA
Vmax 144 NA 144 NA 146 NA
SD1 32.18 32.19 72.68 72.66 244.71 244.65
SD2 52.32 52.35 145.7 145.9 279.68 279.62
α1 0.603 0.797 1.17 1.18 0.581 0.616
α2 0.787 0.713 0.629 0.600 0.711 0.738
* All frequency-domain metrics were calculated using the
Welch periodogram method.
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were not identical between platforms. This is likely due to the different pre-processing

parameters used when preparing the RRI series for Fourier analysis; which is required

for frequency analysis using Welch’s method as the RRI series is not an evenly sampled

series. However, both platforms still indicate similar trends in the frequency domain,

with a maximal difference of 7% occurring for patient #111 in the VLF band. Finally,

the nonlinear parameters produced using both platforms were also very similar.

User evaluation of RR-APET

In order to evaluate the users’ assessment of the RR-APET application, we conducted a

usability questionnaire. Participants included several volunteers with either a medical or

engineering based background of various ages and ethnicities. These participants were

asked to complete a series of challenges before rating the software. The questionnaire

was presented using a series of common software usability questions and a Likert

Scale response, where 1=Totally disagree and 5=Totally agree. The results of this

questionnaire are shown in Table 6.3.

Table 6.3: RR-APET Usability Questionnaire.

Statement Rating

It is simple to use 3.71
It is user friendly 4.00
It requires the fewest steps possible to accomplish what I want to
do with it

4.57

It is flexible 3.86
Using it is effortless 3.29
I can use it without the written instructions 4.29
I don’t notice any inconsistencies as I use it 4.14
I can recover from mistakes quickly and easily 4.43
I learned to use it quickly 4.43
I easily remember how to use it 4.57
It is easy to learn to use it 4.43
I quickly became skillful with it 4.14

Average Rating 4.16

6.2.6 Discussion

In this paper, RR-APET’s user-friendly and open-source HRV analysis software was

introduced. This versatile software can be used for a variety of functions, ranging from

the analysis of R-peak detection algorithms, to the analysis of the RRI signal these
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algorithms produce. Unlike other HRV analysis tools that often restrict the user to a

single detection algorithm, RR-APET contains a choice of several established detection

algorithms, as well as a template function built into the GUI, which can be easily edited

to test any new algorithms as desired. The performance of these algorithms can be

visually discerned using the GUI, or quantified using the standard sensitivity, positive

predictability, accuracy, and detection error rate metrics, where true annotations are

provided. Additionally, the easy-to-use editing function can be implemented alongside

the prediction algorithms to quickly and effectively produce both accurate and precise

annotation files for any given ECG signal.

RR-APET also includes a wide variety of HRV metrics that can be used to evaluate

RRI signals, including metrics from the time and frequency-domains, and nonlinear

metrics. These metrics are computed according to well established standards in HRV

literature [62, 145, 207], and therefore are comparable to metrics produced in other

HRV studies. Notably, while this software is available as an executable GUI, the python

scripts used to create this platform as also open source. This means that inexperienced

users can operate the software without the need to alter any scripts, but experienced

coders are able to access the build files to modify the program at any point in order to

better suit their specific needs. Furthermore, the user is able to select their preferred

algorithm from the detection algorithms provided within, which can also updated using

the program preferences if desired. This algorithm can then used to analyse multiple

ECG files without any further user interaction. This is particularly beneficial for those

who want to use large HRV metric datasets for secondary studies, i.e. the correlation

between HRV and any number of illnesses. It should also be noted that, while this is

the first version of RR-APET’s software, it will continue to be updated and improved to

contain more features and analysis options based upon user feedback and suggestions.

Furthermore, RR-APET as is an open-sourced, Python-based platform, any user can

simply download and tweak the software at their discretion.

Emphasized here however, are a few points which can have a significant effect on

the analysis results yielded from the software platform. Firstly, the performance of

the R-peak detection algorithms provided within, like all others presented in current

literature, are dependent on the signal quality of the data provided. R-peak detection

algorithms are often most susceptible to reduced performance (i.e. increased artefacts)

when arrhythmia’s are present, however, other sources of noise such as electrode motion
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or AC coupling can be equally detrimental to overall performance. Often, detection

algorithms that are robust to certain types of noise, are more susceptible to others, and

so care should be taken to ensure that the detection algorithm of choice is performing

as expected before HRV analysis is performed. Secondly, whilst the in-depth graphical

analysis component of the software is provided in the GUI, it is not included by default in

the batch processing option, due to the additional time and space constraints required;

however, can be easily added back in at the users discretion.

6.2.7 Conclusion

RR-APET is a useful, open-source, Python-based GUI tool that can be used for the

analysis of both R-peak detection algorithms and HRV. By providing a variety of

quantified metrics and visual aids, this software platform offers a robust base for further

research to be conducted, particularly in the field of correlating patient healthcare

outcomes to HRV parameters. New versions of this software will continue to be

developed in order to improve its performance, and offer new features.
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6.3 Further Discussion of Research

In summary, RR-APET is an extensive, open-source platform that was developed in the

popular and comprehensive programming language, Python. Its substantial capabilities

and user-friendly interface combine to ensure that it is operable by both experienced

programmers and novices alike. Furthermore, the importance of a multi-purpose

platform like this should not be understated. RR-APETs dual purposed functionality

ensures that researchers are not only able to generate accurate, precise and reliable HRV

metrics using the detection functions provided within, but are also able to develop and

test their own detection algorithms within a GUI. These capabilities, along with the

purpose built batch processing features, provide all that is needed to generate new HRV

metric and combined ECG databases. Finally, the development of this software platform

not only enabled the completion of the initial research idea (presented in Chapter 5),

but every other work carried out in this dissertation.
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Also of note, is that in the time since the publication of RR-APET, in Elsevier’s

Computer Methods and Programs in Biomedicine Journal, several additional features

have been added to this software in response to user feedback. A majority of these

improvements were focused on the batch processing module, including improvements

to computing efficiency to reduce processing time, and functionality of the module.

The updated pop-up can be seen in Fig. 6.11. The user is now able to process IBI

data, and select what HRV metrics should be calculated. The IBI processor contains

sophisticated processing capabilities, designed to be highly flexible in acceptable input

data. This processor is capable of handling both single and multi-channel files, files and

channels of various lengths, data stored in time or sample format, IBI formatted data or

progressive beat-location data, and handle incompatible files without exiting the batch.

Figure 6.11: RR-APET’s updated batch processing control panel.

Another key feature of this software is that it enables the user to select between

a variety of peak detection algorithms, including two established techniques, their own

customised algorithm, and the modified Hilbert transform technique produced for this

research. This technique is described in detail in the following chapter.
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7.1 Research Motivations

In Chapter 5 an investigation was undertaken into the precision requirements for

accurate peak detection, and how this compared to the current medical standards for

QRS detection. Here it was shown that current medical standards for precision detection

are not adequate in ensuring the reliability of secondary HRV metric estimations.

Consequently, one major aim of the research presented in this Chapter was to investigate

how modern, popular QRS detection algorithms perform under the more precise peak-

detection standards suggested in Chapter 5. Another major aim was to develop a reliable

peak detection algorithm with superior performance, measured not only against the

suggested peak-detection standards, but also the accuracy of estimated HRV metrics,

for use in the software platform detailed in Chapter 6.

7.2 Investigation of Current QRS Detection Algorithms

The ECG signal provides more information than what is present in the classical

recorded waveform. With additional processing and the application of R-peak detection

algorithms, HRV is a useful, secondary source of information that can be produced

from the ECG. Some of the more popular methods for R-peak detection in the medical

industry include: Pan-Tompkins’ method for detecting QRS complexes (PTD) [150], a

detection algorithm derived from the Hilbert transform (HTD) [185], and a detection

algorithm implemented using K-means clustering (KMC) [129]. However, the most

popular method for R-peak detection is the application of the Kubios Software [181].

This work proposes that these current and popular R-peak detection algorithms be

evaluated with respect to increased levels of precision. The proposed methods are to be

evaluated using objective experiments, which provide explicit detail on the standards

used to classify the predicted annotations. Furthermore, a single reliable source will be

implemented as the testing database.

7.2.1 Method Performance Evaluation

ECG Database

In these experiments we use the Massachusetts Institute of Technology (MIT) and

Boston’s Beth Israel Hospital (BIH) combined Arrhythmia Database [63, 132], an

ECG database publicly available on-line at the url: https://www.physionet.org/
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physiobank/database/mitdb/. The MIT-BIH Arrhythmia Database consists of 48

half-hour excerpts of two-channel, 24 hour ECG recordings. These recordings were

sourced from the BIH Laboratory cardiology studies which produced a collection of

over 4000 Holter tapes between the years 1975 and 1979. Of the excerpts the first

23 were chosen completely at random, whilst the other 25 were selected from a group

of heart arrhythmic pathological patients, as these recordings displayed examples of

clinically significant arrhythmic events. The corpus was sampled at 360 Hz, containing

recordings taken from 25 men and 22 women aged between 23-89 years old [132]. This

database was the first of its kind to be made publicly available for the evaluation of

arrhythmia detectors. From 1980-2001 over 500 sites worldwide have used the database

as a standard test set to investigate cardiac dynamics and this number is still growing

[132].

Within each ECG record are three different files which include: the header file,

signal file and annotation file [11]. The header file (.hea) contains a short description

of features within the record as well as the sampling frequency. The signal file (.dat)

contains the digitalised sample of the ECG in binary format. The annotation files (.atr)

contain a variety of time-stamped labels where each label corresponds to a specific

feature. For example, label 78 corresponds to the R-peak within a regular QRS complex.

For a full list of the annotation labels, please refer to Section 7.5.6.

Evaluation Methodology

Within this project, we apply a beat by beat (bxb) comparison method to validate each

of the R-peak detection algorithms. This is done by first producing a new ‘predicted’

annotation file for each record with the detection algorithm of choice. The ‘predicted’

annotations are then compared to the original annotations and categorised as one of

three types: true positives (TP), false positives (FP) and false negatives (FN). For a

predicted annotation point to be classified as a TP, it must correlate to an R-peak

annotation from the original set within a given window. The default window applied

within the bxb method provided by PhysioNet is 0.15 sec [63]. If a predicted annotation

point occurs in a location that does not correlate to an R-peak within the given window,

this point is classified as a FP. Finally, the number of FN classifications is increased

for every location of R-peaks that the algorithm fails to predict (in accordance to the

original annotations). The performance of the algorithms are then rated using the
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number of TP, FP, and FN classifications to produce two metrics: Positive Predictability

(P+) and Sensitivity (Se). These metrics are calculated using the following equations:

P+ =
TP

TP + FP
, (7.1)

Se =
TP

TP + FN
. (7.2)

Objective Experiment

The objective experiment was carried out over the MIT-BIH database with precision

brackets of ±75ms, ±30.56ms, and ±5.56ms. The Pan-Tompkins detection algorithm

(PTD) [150], the Hilbert transform detection algorithm (HTD) [185], the K-means

clustering algorithm [129] and Kubios software [181] were used to annotate each ECG

record within the database by predicting the locations of the R-peaks. Each detection

algorithm could then be evaluated using the P+ and Se metrics outlined in Section 7.2.1.

An additional objective was to analyse the ‘estimated’ SDNN value in comparison to the

‘true’ SDNN value. Within this context, the term estimated SDNN is used to describe

the SDNN value that is calculated from an algorithm generated RRI series, whereas the

term ‘true’ SDNN is used to describe the SDNN value as calculated using the original

MIT-BIH annotations.

Results and Discussion

The results of the objective experiment, in terms of mean Se and P+ calculated over

the entire database are shown in Table 7.1. These initial results indicate that all tested

algorithms performed highly in both the P+ and Se metrics. Of the tested algorithms,

the PTD method produced the highest score in Se at 99.07% and the Kubios software

produced the highest score in P+ at 99.35%. The results listed here are comparable

to those listed in earlier papers [129, 150, 181, 185], indicating that a similar range of

precision was applied during earlier testing. However, these results alone are not detailed

enough to discuss the strengths and weaknesses of each algorithm, nor to evaluate the

overall performance of the detection algorithms in comparison to the Kubios software.

Consequently, the remainder of this section is broken down into detailed discussions

about each individual method tested, in order to present a full evaluation of all findings.
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Table 7.1: Se and P+ metrics for each algorithm calculated using a detection precision
of ±75ms.

Algorithm Se (%) P+ (%)

Pan-Tompkins 99.07 98.94
Kubios 97.63 99.35
Hilbert Transform 98.84 95.16
K-means Clustering 96.17 98.80

The Pan-Tompkins Detection (PTD) Algorithm This section will focus on

evaluating the performance of the PTD algorithm with respect to a few select individual

patient records which represent challenging signals for this method and the two different

test groups (i.e. clinically significant and randomised). Included in Table 7.2 are

examples of how particularly low performing patient records compared to the overall

mean for both categories. Here, it can be seen that patient #104 was equally detrimental

in both the Se and P+ metrics in comparison to the group mean. By investigating the

waveforms found within this particular record, we can begin to establish the types of

beats that cause inaccuracies within the PTD algorithm.

Table 7.2: Performance metrics produced by PTD algorithm on Random Test Subjects
vs. Clinically Significant Subjects.

Group Se (%) P+ (%)

Random Test Subjects #104 95.02 94.89
#108 99.71 82.11
#114 76.58 96.38

Group Average 98.60 98.64

Clinically Significant #203 96.98 99.04
#207 98.49 82.37

Group Average 99.43 99.17

An excerpt of patient #104’s ECG record can be viewed in Fig. 7.1. This figure

demonstrates that the MWI signal is negatively affected by QRS complexes with large S-

wave deflections. The S-wave deflection occurs at both a higher frequency and amplitude

than the T-wave and so the MWI signal remains at a high amplitude even after the R-

peak is complete. The PTD algorithm selects the local maxima on each MWI deflection

wave that is above the threshold and this does not always correspond to the R-peak for

this type of QRS complex. As a result the number of FP and FN predictions for this

record are increased concurrently. This is because the location of the true R-peak is not
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decreases towards zero, the corresponding HT signal also reduces in amplitude, but

then as the S-wave amplitude increases in size the corresponding HT signal begins to

increase in amplitude again forming a second peak. However, unlike the earlier records

(#104 and #107), the double peak waveform is of a much larger amplitude for patient

#119 and thus both peaks occur above the threshold (without the trough in between

falling beneath). Consequently, usually only a single R-peak prediction is produced for

a PVC complex. However, due to the distortion in the HT signal, the R-peak prediction

does not correlate to any peak within the QRS complex, rather it correlates to a position

roughly halfway between the R-peak and the S-peak, or the Q-peak and the R-peak,

dependant upon which deflection in the ECG has the largest amplitude. As a result,

the number of FP and FN predictions are both increased, because the predicted R-peak

point does not occur within the required window, yet it also corresponds to an area of

the signal where no R-peak is located.

Whilst the HTD algorithm performed better on average for the ‘clinically signifi-

cant’ group of patients, its worst performance on a single record also occurred within

this group. The HTD algorithm produced Se and P+ metrics of 85.38% and 78.11% for

patient record #208, respectively. Much like patient #119, patient #208 also suffers

from a heart condition which produces PVCs (shown in Fig. 7.9a). The PVCs within

patient #208’s record occur frequently throughout the entirety of the record and often

occur in a bigeminal pattern (i.e. two PVCs occurring succession) [63]. The impact of

the PVCs is very similar to that of patient #119; however, the slightly lower amplitude

of the PVC complexes within record #208 cause the double peak of the HT signal to

oscillate around the mean threshold (see in Fig. 7.9b). Consequently, the P+ metric is

further reduced for this patient, as two incorrect R-peak predictions are often annotated

for a single PVC complex.

Table 7.3 shows that patient record #222 was detrimental to a far greater extent

in the P+ metric than the Se metric, in comparison to the group mean. Fig. 7.10 shows

two separate sections of patient #222’s ECG signal in order to capture two separate

components that have an impact upon the quality of the R-peak predictions. The first

ECG excerpt (Fig. 7.10a(i)) includes an example of the high-frequency noise that is

present in small intervals throughout the record. The amplitude of the high frequency

noise present within the ECG record is large enough to cause the HT signal to produce

a small peak in the corresponding location (see Fig. 7.10b(i)). This in turn increases the
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Fig. 7.10a(ii)).

Overall, the examples shown in Fig. 7.6 - Fig. 7.10 demonstrate some of the key

factors which reduce the reliability of the HTD algorithm. Many of the occurrences

within an ECG that are issues for the PTD algorithm, are also issues for the HTD

algorithm. For example, the HTD algorithm struggles to maintain high Se and P+

metrics for signals which include: large amplitude S-waves, inverse QRS complexes,

and VF. This algorithm also struggled to maintain a high P+ metric for ECG signals

containing large amplitude P-waves. Yet, it was able to more efficiently predict QRS

complexes within signals that included random and sporadic changes in QRS complex

size than the PTD algorithm.

The K-means Clustering (KMC) Algorithm This section will focus on

evaluating the performance of the KMC algorithm with respect to a few select individual

patient records which represent challenging signals for this method and the two different

test groups. Included in Table 7.4 are examples of how particularly low performing

patient records compared to the overall mean for both categories.

Table 7.4: Performance metrics produced by KMC algorithm on Random Test Subjects
vs. Clinically Significant Subjects.

Group Se (%) P+ (%)

Random Test Subjects #104 97.08 87.12
#108 58.82 99.62

Group Average 96.84 98.78

Clinically Significant #207 68.17 84.76
#208 73.71 99.59

Group Average 92.89 98.80

In general, the KMC algorithm performed better in the P+ metric than the Se

metric as seen in Table 7.4. This algorithm performed well in the P+ measure for

both random test subjects and the clinically significant group at 98.78% and 98.80%,

respectively for the group means. However, the KMC algorithm was able to produce

better results for the Se measure within the random group performing at 96.84%, almost

4% better on average than the clinically significant group performing at only 92.89%.

Unlike the PTD and HTD algorithms which performed better within the clinically

significant test group as discussed previously, the KMC algorithm performed better

overall within the random test group. In the remainder of this section the patient
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a QRS complex. Without this consideration, the origin of the variability within the

measured HRV becomes unclear, that is, additional variability may be added simply by

the choice of R-peak detection algorithm and lack of precision in R-peak predictions. It

is important to consider the potential impact of this additional variability with regards

to both research and clinical scenarios. This concern is minimal in research-based

scenarios, which often involve very large databases, and aim to find general trends in

the estimated HRV metrics rather than specific case-by-case outcomes. However, for

clinical scenarios, the lack of clarity around the true origin of the variability in the HR is

of significant concern, as it could potentially alter the diagnosis of an individual patient

through a shift in their risk-category based on HRV analysis.

Table 7.6: Se and P+ metrics for each algorithm calculated using a detection precision
of ±30.56ms.

Algorithm Se (%) P+ (%)

Pan-Tompkins 92.63 92.51
Kubios 90.36 91.95
Hilbert Transform 96.48 92.89
K-means Clustering 93.59 96.15

Table 7.7: Se and P+ metrics for each algorithm calculated using a detection precision
of ±11.11ms.

Algorithm Se (%) P+ (%)

Pan-Tompkins 85.46 85.35
Kubios 80.50 81.91
Hilbert Transform 90.89 78.56
K-means Clustering 86.70 90.53

The results shown in in Table 7.6 and Table 7.7, clearly demonstrate that the Se

and P+ metrics of each method are significantly reduced when the required precision

window is shortened. The standard deviation for the inter-beat interval averages at less

than 100ms, with the mean length of the interval itself averaging at less than one second

[181].
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7.3 Variability in SDNN for MIT-BIH in comparison to
each R-peak Detection Algorithm

As discussed earlier in Section 2.2, being able to analyse the HRV of a patient is one of

the key driving forces for improved and reliable R-peak detection algorithms. Without

reliable R-peak detection, the secondary analysis of HRV will be negatively impacted.

This section will access how each of the investigated detection algorithms performed

by analysing the predicted SDNN in comparison to the true SDNN’s calculated for

each patient from the MIT-BIH database. Included in Table 7.8 are some examples of

particularly poor comparisons between the predicted SDNN value (ms) and the actual

SDNN value (ms), as well as some summary statistics. To examine the complete set of

results for this evaluation, refer to Table 7.17 and Table 7.18 in Section 7.5.6.

Table 7.8: Poorly predicted SDNN values (ms) in comparison to the true SDNN value
calculated from the MIT-BIH annotations.

Record MIT-BIH PTD HTD KMC Kubios

#104 37.65 66.39 181.75 276.59 48.31

#105 64.37 93.63 133.96 118.08 65.5

#106 262.97 264.11 278.05 512.1 299.96

#108 124.38 340.91 329.57 4289.09 131.19

#113 99.2 99.15 174.36 101.16 98.91

#114 134.04 1801.88 312.82 160.04 136.14

#116 78.81 233.2 200.83 272.51 201.63

#202 283.71 286.23 286.55 301.11 310.6

#207 2365.12 277.11 306.8 1087 274.66

MAE NA 51.42 42.39 152.37 20.23

Table 7.8 provides several critical pieces of information for consideration. As

expected, the Kubios software, on average, was able to produce the closest predicted

value of SDNN, in comparison to the true SDNN for the MIT-BIH database. However, it

did not perform the best for every patient; for example, for patient record #202 Kubios

estimated the SDNN to be 27ms greater than the true value, whereas the PTD, HTD,

and K-means clustering algorithms only calculated 2.5ms, 3ms, and 17.5ms greater

than the true value, respectively. The PTD method and the HTD method produced
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very similar mean differences1, which correlates to the close performance metrics for Se

and P+ seen in previous sections. The K-means clustering algorithm performed quite

poorly in this test, demonstrating that this algorithm needs to be enhanced before it

could produce comparable results to the HTD and PTD algorithms.

7.4 Summary of Investigated Peak Detection Techniques

There are several key problematic artefacts associated with typical R-peak detection

methods. These include, but are not limited to: baseline wander, muscle and

respiratory noise, mains interference, artefact motion, electrode misplacement and T-

wave interference. The majority of detection methods apply strong filters in order to

remove as much of these interfering factors as possible. However, certain portions of

the noise cannot be removed, as the frequency at which they occur overlaps with key

information within the ECG signal. Furthermore, abnormally shaped beats such as

PVCs, cause significant problems for many detection methods. As a consequence,

different detection methods perform with different levels of effectiveness, and this

effectiveness also varies dependent upon the type of beats and artefacts within the

signal.

Here, we have proposed to evaluate a range of methods reported within the

literature, in order to identify areas of strength and weakness for the detection of R-

peaks from ECG signals. In order to conduct this evaluation, the objective experiments

were carried out as described in Section 7.2.1. The results of the initial experiment

demonstrated that all detection algorithms performed very well for the given precision,

with the Pan-Tompkins algorithm producing the best overall results. However, the

secondary experiments demonstrated a large drop in the performance metrics, for all

tested methods, when the required precision was increased. On average, the Se and

P+ metrics were reduced by 10% each when the required precision was increased

to ±11.11ms from ±75ms. By analysing each method individually, the following

artefacts were identified to be the most impactful: high amplitude S-waves, inverse QRS

complexes and ventricular fibrillation (VF). The final experiment demonstrated that

currently the Kubios software is the best performing algorithm for producing reliable

SDNN values, with a mean difference of 10.40ms between the predicted SDNN and the
1The mean difference calculated in Table 7.8, included only 47 of the 48 patients; patient record

#207 was removed due to being an outlier.
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calculated SDNN over the entire MIT-BIH database. In the next section, a method is

proposed which modifies the Hilbert transform algorithm in order to: reduce the effects

of some of the undesirable artefacts; reduce the difference between predicted SDNN and

true SDNN; and to achieve further improvements in R-peak detection.

7.5 Proposed Detection Algorithm: The Modified Hilbert
Transform

The current software used by many researchers for the analysis of HRV data is Kubios

[181]. However, as discussed in Section 7.2.2, whilst Kubios produced Se and P+ metrics

of 97.63% and 99.35%, respectively for a precision window of ±75ms, these metrics

were reduced to 80.50% and 81.91%, respectively for a precision window of ±11.11ms.

Considering that one of the key statistics produced from R-peak detection algorithms

is SDNN, the current standards for detection are not precise enough and allow room

for variability to be added to the SDNN, through the misidentification of a range of

points within the QRS complex as the R-peak. Yet, the available algorithms do offer

promising initial results; hence, rather than developing an entirely new method for R-

peak detection, one of the investigated methods was selected to be improved. As the

KMC algorithm performed quite poorly in the SDNN testing, it was eliminated as a

possible option for further improvement, within this particular investigation. Similarly,

the PTD algorithm was also eliminated as a possible option, as the Kubios software

already implements an improved version of the PTD and it is desirable to surpass the

metrics produced by Kubios. Consequently, a modified Hilbert Transform detection

(MHTD) algorithm is proposed (see Fig. 7.18). In the remainder of this chapter, the

modifications applied to the original HTD algorithm will be discussed in detail, along

with the corresponding change in Se and P+ metrics.

7.5.1 Filtering

The original filtering technique for the HTD method was a bandpass integer filter

designed using the Lynn technique [111]. However, new age digital FIR and IIR filters

have since been designed with improved parameters. The Butterworth filter and the

Kaiser filter are two examples of popular IIR and FIR filters, that are implemented

within coding environments such as MATLAB and Python. Shown in Fig. 7.19 is

an example of the magnitude response for each type when a pass-band of 5-40Hz is
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Table 7.9: Comparison of FIR filter performance when varying pass-band and window
(with original HTD parameters constant).

Pass-Band Frequencies (Hz) and Detection Metrics (%)
Filter Type 1 - 20 5 - 20 1 - 30 5 - 30 1 - 40 5 - 40

Se P+ Se P+ Se P+ Se P+ Se P+ Se P+

Kaiser 81.3 55.7 79.9 70.1 67.1 46.2 74.2 67.6 71.7 49.5 73.5 67.1
Parks-McC 81.6 53.7 79.3 65.3 66.1 43.7 71.2 59.2 70.2 46.3 69.8 58.2
Hamming 82.0 60.4 80.1 73.9 67.1 50.3 79.4 74.2 72.7 54.5 74.2 69.2
Flattop 78.4 60.7 82.8 74.8 61.7 48.3 82.4 75.0 61.3 47.9 75.7 68.9
Blackman 81.9 61.8 80.5 74.2 65.9 50.4 80.1 74.6 71.0 54.3 74.5 69.4

Table 7.9, these two filters produce very similar performance metrics. In comparison,

the Hamming, Flattop and Blackman filters demonstrate very smooth pass and stop-

bands, with slower roll-off curves. These three filters also produce similar performance

metrics, but the slightly lower roll-off curve of the Flattop appears to be desirable for

this type of signal, as it produces the best overall metrics. The ideal filter length was

then selected by analysing the characteristic curve produced for the HTD algorithm

under varying filter lengths. As seen in Fig. 7.21, the ideal trade-off between sensitivity

and positive predictability occurs at N = 350.

Figure 7.21: Characteristic curve showing the relationship between positive
predictability and sensitivity for varying filter length.
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7.5.2 The Variable Threshold

One of the key adaptations made to the original HTD method was the inclusion of

variable thresholding. In the original method, the static threshold (thr0) was set to

equal the maximum value of the Hilbert Transformed signal divided by the mean value

of the Hilbert Transformed signal. Comparatively, two separate variable thresholding

methods were developed for the MHTD algorithm. Both methods apply a moving

window of 5 seconds, or 1800 samples for the database sampling frequency of 360 Hz,

to the investigated database.

The first method was designed to set a threshold based on two inputs; the mean

level of the signal and the local maxima occurring in the moving window. The window is

first split into five one second intervals, with the maximum value of each interval being

stored and averaged. Variable threshold one, Vthr1, is then set to be a ratio between

the mean of the moving window and the averaged maxima; for this database 15% of the

distance between the two values was determined empirically (using the characteristic

curve shown in Fig. 7.22) to be the ideal value to be added to the mean. The window

is then shifted forward by 1800 samples and the entire process is repeated until the end

of the signal is reached.

Figure 7.22: Characteristic curve showing the relationship between positive
predictability and sensitivity for threshold ratio.

The second variable threshold method was constructed in a similar fashion, but is
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based upon the standard deviation (std) of the moving window in comparison to the

mean. For this investigation, the second variable threshold, Vthr2, was set empirically

(using the characteristic curve shown in Fig. 7.23) at 5% of the way between the variable

std and mean values.

Figure 7.23: Characteristic curve showing the relationship between positive
predictability and sensitivity for threshold ratio.

The results produced by the HTD algorithm using the best performing ratio for

both variable thresholds are tabulated in Table 7.10. These results indicate that while

Vthr2 has the best overall performance, Vthr1 performs better with regards to Se.

At this stage of the detection algorithm, Se is given precedence over P+ as the MHTD

design incorporates a post-processing based correction algorithm focused on the removal

of FP predictions. Consequently, Vthr1 was selected for implementation in MHTD; thus,

Table 7.10: Comparison of Se and P+ metrics between variable thresholds and the
original static threshold when applied to the HTD.

Threshold Se (%) P+(%)

Static Threshold 76.45 70.26
Vthr1 76.48 74.24
Vthr2 76.31 75.77
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for the remainder of this section when referencing the ‘variable threshold’, it is Vthr1

that is being referenced. An example comparison between the static threshold and two

variable thresholds, alongside the resulting R-peak annotation predictions, can be seen

in Fig. 7.24.

Figure 7.24: a) Comparison of R-peak annotations produced by both variable thresholds
and the original static threshold; b) & c) Corresponding Hilbert Transform and
thresholds which produced the R-peak predictions.









Section 7.5 – Proposed Detection Algorithm: The MHTD 138

the evaluation of the correction algorithm was conducted on the MHTD rather than

the original HTD, as it relies on peak detection rather than beat detection principles.

For simplicity, a fast-fourier transform is applied to the peak-prediction ±10 points, to

approximate the energy contained within the area surrounding the peak.

Figure 7.28: Characteristic curve showing the relationship between positive
predictability and sensitivity for the correction algorithm.

The results presented in Table 7.13, demonstrate that the introduction of the

correction algorithm is able to increase the P+ metric by almost 1%; however, this

algorithm simultaneously reduces the Se metric by 0.2%. Overall, the algorithm

improves the detectability of the MHTD, however, it needs further development in order

to function at its full potential. Note; the values for Se and P+ calculated without the
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correction algorithm represent the combined impact of all previous improvements.

Table 7.13: Comparison of Se and P+ metrics for the addition of the correction
algorithm to the MHTD.

Se (%) P+(%)

No Correction Algorithm 95.51 93.81
Correction Algorithm added 95.38 94.59

7.5.5 Comparative Results Summary

This section demonstrates how the final results for the MHTD algorithm compare to the

other techniques tested within this chapter. The results shown in Table 7.14 indicate

that the MHTD technique outperforms all other tested algorithms, when examined

using the strictest precision standard tested in this work (±11.11ms). Here, it can

be seen that the implementation of all four modifications for the MHTD results in a

final sensitivity of 95.38% and positive predictability of 94.59%, which are considerably

larger than the two next best results of 86.70% Se and 90.53% P+, produced by the

K-means clustering algorithm. Furthermore, Table 7.15 confirms the significance of

predicting the R-peak rather than the QRS complex. When analysing the results within

Table 7.15, it can be seen that the MHTD algorithm outperforms all other algorithms

for this database. Of particular significance, is the improvement shown by MHTD

compared with Kubios, as Kubios is often referred to as the gold standard for HRV

analysis. As shown in Table 7.15, MHTD produced a mean absolute error (MAE) of

only 12.68 ms between predicted and true SDNN values, which is less than half the

MAE of 20.23 ms produced by Kubios. Note: The MAE calculations exclude patient

#207 as this patient experiences prolonged episodes of ventricular fibrillation, causing

Table 7.14: Sensitivity (Se) and Positive Predictability (P+) for the MHTD technique
and other tested algorithms using an ±11.11ms precision bracket.

Algorithm Se (%) P+ (%)

MHTD 95.38 94.59
Pan-Tompkins 85.46 85.35
Kubios 80.50 81.91
Hilbert Transform 81.60 78.56
K-means Clustering 86.70 90.53
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poor performance across all detection methods (as this arrhythmia is considered to not

have any R-peaks).

Table 7.15: Comparison of true and predicted SDNN values (ms) generated using the
MIT-BIH annotations and tested techniques.

Record MIT-BIH PTD HTD KMC Kubios MHTD

#100 48.91 49.22 48.74 49.10 48.68 48.95
#101 71.00 73.25 103.84 80.40 69.01 76.23
#102 35.74 35.33 53.20 115.43 29.07 43.60
#103 46.43 47.28 46.46 72.40 46.41 46.43
#104 37.65 66.39 181.75 276.59 48.31 142.98
#105 64.37 93.63 133.96 118.08 65.50 85.44
#106 262.97 264.11 278.05 512.1 299.96 259.03
#107 39.53 63.72 45.18 183.97 52.85 72.26
#108 124.38 340.91 329.57 4289.09 131.19 202.5
#109 37.54 49.98 38.67 113.01 42.81 38.27
#111 38.52 70.11 249.52 58.29 43.45 59.72
#112 21.75 21.71 99.34 21.78 21.90 25.78
#113 99.20 99.15 174.36 101.16 98.91 209.03
#114 134.04 1801.88 312.82 160.04 136.14 159.27
#115 87.19 87.15 88.11 87.81 87.18 87.19
#116 78.81 233.20 200.83 272.51 201.63 140.4
#117 43.71 42.77 331.36 48.75 42.78 48.44
#118 92.22 92.61 105.41 117.24 92.92 94.79
#119 256.54 249.43 282.61 371.84 294.29 258.33
#121 83.98 90.53 100.91 107.23 84.14 86.57
#122 40.21 40.10 42.66 40.17 40.18 40.59
#123 121.09 115.37 141.39 115.36 115.34 123.91
#124 90.58 112.67 115.24 474.76 110.09 88.17
#200 154.97 176.87 187.67 198.05 182.64 155.09
#201 359.45 377.76 369.61 403.33 411.19 361.37
#202 283.71 286.23 286.55 301.11 310.6 283.64
#203 200.14 225.87 223.54 321.12 229.29 207.9
#205 66.07 72.89 67.91 78.85 66.68 66.13
#207 2365.12 277.11 306.8 1087 274.66 254.25
#208 133.16 162.27 156.7 439.58 491.02 159.71
#209 82.46 82.67 101.01 85.04 82.45 82.46
#210 119.85 136.52 132.19 213.09 140.12 121.8
#212 41.35 42.29 80.87 41.31 41.32 42.83
#213 31.40 32.03 33.74 93.87 32.78 31.66
#214 179.47 180.52 179.08 191.03 179.92 167.48
#215 53.38 53.58 56.33 65.84 53.55 54.37
#217 79.83 93.63 93.77 264.78 83.24 92.28
#219 228.16 229.00 227.69 245.42 238.22 228.43
#220 92.47 92.49 98.52 92.45 92.42 92.46
#221 202.01 202.18 199.11 211.94 262.77 201.87
#222 214.59 223.95 295.99 299.38 229.34 222.76
#223 105.83 115.45 101.04 226.19 124.35 104.6
#228 188.03 207.87 280.51 319.87 192.43 197.65
#230 86.05 86.04 111.54 87.08 86.46 86.99
#231 320.39 320.41 356.11 320.38 321.99 320.39
#232 631.70 632.3 638.09 638.23 618.63 622.53
#233 125.35 148.71 128.7 150.84 148.65 121.16
#234 30.65 32.75 31.64 40.79 36.63 32.92

MAE NA 51.42 42.39 152.37 20.23 12.68
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7.5.6 Additional Results Tables

Annotation Labels and ASCII characters

Table 7.16: Beat types within the MIT-BIHA database and associated descriptors.

Symbol Beat Annotation Description ASCII

N Normal beat 78

L Left bundle branch block beat 76

R Right bundle branch block beat 82

B Bundle branch block beat (unspecified) 66

A Atrial premature beat 65

a Aberrated atrial premature beat 97

J Nodal (junctional) premature beat 74

S Supraventricular premature or ectopic beat 83

V Premature ventricular contraction 86

r R-on-T premature ventricular contraction 114

F Fusion of ventricular and normal beat 70

e Atrial escape beat 101

j Nodal (junctional) escape beat 106

n Supraventricular escape beat (atrial or nodal) 110

E Ventricular escape beat 69

/ Paced beat 47

f Fusion of paced and normal beat 102

Q Unclassifiable beat 81

? Beat not classified during learning 63
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Detailed Comparison of Detected versus True Peak Locations

Table 7.17: Comparison of true and predicted SDNN values (ms) generated using the
MIT-BIH annotations and tested techniques.

Record MIT-BIH PTD HTD KMC Kubios

#100 48.91 49.22 48.74 49.10 48.68

#101 71.00 73.25 103.84 80.40 69.01

#102 35.74 35.33 53.20 115.43 29.07

#103 46.43 47.28 46.46 72.40 46.41

#104 37.65 66.39 181.75 276.59 48.31

#105 64.37 93.63 133.96 118.08 65.50

#106 262.97 264.11 278.05 512.1 299.96

#107 39.53 63.72 45.18 183.97 52.85

#108 124.38 340.91 329.57 4289.09 131.19

#109 37.54 49.98 38.67 113.01 42.81

#111 38.52 70.11 249.52 58.29 43.45

#112 21.75 21.71 99.34 21.78 21.90

#113 99.20 99.15 174.36 101.16 98.91

#114 134.04 1801.88 312.82 160.04 136.14

#115 87.19 87.15 88.11 87.81 87.18

#116 78.81 233.20 200.83 272.51 201.63

#117 43.71 42.77 331.36 48.75 42.78

#118 92.22 92.61 105.41 117.24 92.92

#119 256.54 249.43 282.61 371.84 294.29

#121 83.98 90.53 100.91 107.23 84.14

#122 40.21 40.10 42.66 40.17 40.18

#123 121.09 115.37 141.39 115.36 115.34

#124 90.58 112.67 115.24 474.76 110.09
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Table 7.18: Comparison of the predicted SDNN values produced by each R-peak
detection algorithms for each patient within the ‘clinically significant’ sub-category of
the MIT-BIH Database.

Record MIT-BIH PTD HTD KMC Kubios

#200 154.97 176.87 187.67 198.05 182.64

#201 359.45 377.76 369.61 403.33 411.19

#202 283.71 286.23 286.55 301.11 310.6

#203 200.14 225.87 223.54 321.12 229.29

#205 66.07 72.89 67.91 78.85 66.68

#207 2365.12 277.11 306.8 1087 274.66

#208 133.16 162.27 156.7 439.58 491.02

#209 82.46 82.67 101.01 85.04 82.45

#210 119.85 136.52 132.19 213.09 140.12

#212 41.35 42.29 80.87 41.31 41.32

#213 31.40 32.03 33.74 93.87 32.78

#214 179.47 180.52 179.08 191.03 179.92

#215 53.38 53.58 56.33 65.84 53.55

#217 79.83 93.63 93.77 264.78 83.24

#219 228.16 229.00 227.69 245.42 238.22

#220 92.47 92.49 98.52 92.45 92.42

#221 202.01 202.18 199.11 211.94 262.77

#222 214.59 223.95 295.99 299.38 229.34

#223 105.83 115.45 101.04 226.19 124.35

#228 188.03 207.87 280.51 319.87 192.43

#230 86.05 86.04 111.54 87.08 86.46

#231 320.39 320.41 356.11 320.38 321.99

#232 631.70 632.3 638.09 638.23 618.63

#233 125.35 148.71 128.7 150.84 148.65

#234 30.65 32.75 31.64 40.79 36.63
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7.6 Further Discussion of Research

In summary, this investigation was successful in addressing both key aims, as outlined

in Section 7.1. More specifically, it was found that when QRS detection algorithms

were tested against stricter precision standards, the detection metrics decreased. This

was also reflected by varying error levels in the predicted HRV metrics, despite each

tested algorithm having similar detection metrics when evaluated using the current

QRS detection standards. This investigation also enabled the successful production of

a reliable peak detection algorithm. However, due to competing algorithms of a similar

nature being published by other authors around the time of completion, this work was

unable to be published.



Chapter 8

High Frequency Electrocardiography

Signal Acquisition and Impact on

Heart Rate Variability

145



STATEMENT OF CONTRIBUTION TO CO-AUTHORED PUBLICATION

This chapter includes a co-authored paper.

© 2019 IEEE. Reprinted, with permission, from: M. McConnell, S. So, C. de Mézières,
B. Richards and B. Schwerin, “High Frequency Electrocardiography Signal Acquisition
and Impact on Heart Rate Variability," In International Conference on Signal Processing
and Communication Systems (ICSPCS), pp. 1-7, December 2019.

The author contributions to the paper were as follows:

As first author, I formed the concept, generated the software elements used as the
basis of all testing, designed experimental procedures, contributed to interpretation of
results, and co-authored the final manuscript. Co-author input included design and
development of hardware device, project supervision, and co-authoring of manuscript.



Chapter 8 – High Frequency ECG Signal Acquisition and Impact on HRV147

8.1 Research Motivations

The aim of this work was to continue to establish the reliability of the detected RRI

series, and thereby the reliability of the HRV metrics estimated from this series. In

particular, the focus was to analyse high frequency electrocardiography in order to

determine the impact of sampling frequency on estimated heart rate variability metrics.

This was identified as an area of interest due to the limited research available in

this space, despite sampling frequency being a highly important variable in the signal

processing field.

8.2 Conference Article: As Published

Abstract

Heart rate variability is an emergent fiducial marker that has demonstrated high

versatility as a diagnostic and prognostic tool for reflecting autonomic nervous system

function. The quantification of patterns within these inter-beat variations empowers

physicians with the data necessary to tailor treatment plans to the betterment of

patient outcomes. The aim of this study was to investigate the effect of high frequency

sampling rates up to 5 kHz in the collection of ECG data and determine the feasibility of

implementing a low-cost wearable electrocardiography device that supports the desired

high frequency range. A series of high frequency ECG data was collected from five

diverse participants and resampled to observe the response of the calculated heart rate

variability metrics through a sweep of frequencies. Through comparison of a variety of

time-domain, frequency-domain and nonlinear parameters, the respective performance

of each sampling frequency was deduced in relation to the metrics produced from the

highest sampled signal. The results revealed that the additional information collected

at higher frequencies produced minimal variation in the calculated metrics. With little

research conducted into the effects of high sampling frequencies on heart rate variability

metrics, this study demonstrated that, whilst a low-cost wearable electrocardiography

device is capable of producing quality high frequency recordings, a lesser sampling

frequency of 250 Hz is still adequate for producing reliable heart rate variability metrics.

Keywords: Electrocardiogram, bio-signal processing, heart rate variability, hard-

ware, high frequency
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8.2.1 Introduction

The human body is a mass communicator of biological signals, divulging valuable

information about the physiological state of an individual. It is at the intersection

of medicine and engineering, that these convergent trajectories enable the acquisi-

tion of these physiological signals for interpretation by clinical professionals. The

Electrocardiograph (ECG) is an elementary piece of bio-medically engineered technology

that provides a graphical representation of the electrical waveforms that correspond to

cardiac muscle excitation. This diagnostic tool holds immense clinical significance to

health practitioners and aids in the identification of cardiovascular pathologies and

underlying conditions associated with poor electrical conduction [43].

The integration of real-time peak detection signal processing into ECG software

has facilitated the measure of the beat-to-beat variations that typifies the physiological

phenomenon of Heart Rate Variability (HRV). As a valuable tool in the assessment

of autonomic nervous system function, this fiducial marker holds immense prognostic

significance in the detection of traumatic brain injuries, psychiatric disorders, as an

assistive tool in sports medicine and as an indicator of foetal status. Consequently,

many medical institutions now have a centralised focus on the use of HRV as a routine

vital sign to enable physicians to tailor treatment plans for patients; based on their state

of homeostatic regulation [145, 158, 170]. A variety of peak detection algorithms are

currently available, which can be used to determine the temporal R-peak locations from

an ECG signal, that are required for HRV analysis. However, the need for reliability

in the quantification of a patients RR-interval (RRI) has typically revolved around

enhancing the performance of the applied detection algorithms with little investigation

of suitable rate at which the sample should be collected.

Currently, the standard ECG databases for implementation within HRV research

include: the Massachusetts Institute of Technology and Boston’s Beth Israel Hospital

(MIT-BIH) database sampled at 360 Hz [63, 132], the American Heart Association

(AHA) database sampled at 250 Hz [15], Ann Arbor Electrogram Libraries (AAEL)

sampled from 1 to 500 Hz [82], and the Common Standards for Electrocardiography

(CSE) sampled at 500 Hz [173]. With a maximum sampling frequency of 500 Hz, the

precision of the fiducial marker is limited to 2ms. A 30 minute ECG recording, with

an average heart rate (HR) of 70 beats per minute (bpm) contains approximately 2100
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heart beats; each with a potential difference of up to 2ms to the fiducial point. This is

problematic as there is the potential for additional variance within the RRI series due

data precision, rather than the underlying health mechanisms, which could impact the

HRV metrics [1].

To address this concern, this work investigates the effect that reduced sampling

frequency has on the resultant HRV analysis metrics. Recording high frequency

electrocardiograms and down-sampling to lesser frequencies enables a fair comparison

between the HRV metrics produced at each frequency for a single signal. Yet, the ECG

databases that are considered to be standard do not incorporate high frequency ECGs

and commercially available ambulatory devices, such as the Schiller, include inbuilt

digital pre-processing that output a re-sampled waveform of 1 kHz for storage purposes;

making these options unsuitable for use in investigating frequencies beyond this ceiling

[167]. As such, a high frequency capable, low cost wearable device was developed in

order to provide a sampling frequency of up to 5 kHz. HRV metrics were then evaluated

at different frequencies. The design for this device is presented in such a way that it

is easily replicable, and as such, would be particularly useful in research communities

with limited funding, where the collection of high frequency ECG data is desirable.

The rest of the paper is organised as follows. Section 8.2.2 introduces the ECG

database utilised for testing, while Section 8.2.3 introduces the methods used to design

the hardware device, and to re-sample the signals and calculate the HRV metrics.

Section 8.2.4 presents a discussion of the results and Section 8.2.5 provides conclusions,

whilst also presenting future direction for this topic.

8.2.2 ECG database

The high frequency ECG data used to validate the proposed hypothesis, was collected

from five willing participants (two male and three female), using the device described

later in Sec. 8.2.3. Each subject was selected purposefully to represent a unique

demographic in terms of gender, age (20-58 years), height (160-190 cm) and weight

(55-100 kg).

To ensure uniformity in the projection of the electrical activity, the electrode

placement remained consistent between all participants. Electrode placement locations

included both the left and right volar surface of the distal forearm, and just superior to
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amplifiers are a crucial conditioning block in the preliminary stages of bio-signal

amplification, as the measurement of the myocardial activity as a body-surface potential

suffers great attenuation during propagation through the chest cavity and the skin’s

naturally high impedance. The manual construction of these differential amplifiers

becomes highly susceptible to common-mode gain as a result of mismatched resistors.

Comparatively, integrated circuit (IC) instrumentation amplifiers with laser-trimmed

resistors, offer excellent common-mode rejection ratio (CMRR) and come in a range

of bandwidths to accommodate for various user requirements. Therefore, the AD620

instrumentation differential amplifier with its 120 kHz bandwidth, a minimum CMRR of

100 dB, low current noise and low power requirements, was selected for implementation

in the first stage.

The second stage of the electrocardiograph is the driven right leg (DRL) circuit,

and it is required to provide a reference ground for the bio-potential signal of interest.

The DRL circuit, depicted in Fig. 8.2, is an established piece of biomedical circuitry,

designed to reduce the common mode voltage to a zero potential before the desired

differential signal is amplified; thereby avoiding the amplification of unwanted voltages

and interference from power lines [198]. The DRL topology was designed as per the

AD620 data sheet and the C1 capacitor value of 39 pF was selected for maintaining

stability of the right leg drive. The AD620 IC has a programmable gain that can be

easily adjusted by varying resistor, RG, across the output of the DRL circuit and into

pins 1 and 8 on the IC to give the required gain G, where:

RG =
49.4 kΩ

G− 1
. (8.1)

Empirical testing determined RG of 1 kΩ for an amplification gain of 50 to be most

suitable.

Figure 8.2: Driven Right-Leg Topology with Gain Resistor.
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The third stage of the process is to eliminate the destructive 50 Hz frequencies

generated from mains supply, through the inclusion of a notch filter, otherwise known

as a band-stop filter. The active Twin-T notch topology shown in Fig. 8.3, as opposed to

passive circuitry, was designed with a high quality factor (Q-factor) to execute a steep

roll off around the 50 Hz cut off frequency at 60 dB notch depths, while preserving

frequencies of interest on either side. The passive components alongside the LM358

low-power, dual-operational amplifiers, were selected based on the formula given in

eq. 8.2 to notch out at 50 Hz. Based on component availability, a 22 nF value for C1

and C2 were arbitrarily selected, computing a 150 kΩ value for the resistors and a 44 nF

capacitor for C3.

fnotch =
1

2πRC
. (8.2)

The Q factor, determined by resistors R4 and R5, is calculated using:

Q =
1 + R4

R5

4
. (8.3)

Designed to a Q factor of 10, R4 and R5 were implemented as 2 kΩ and 78 kΩ

respectively.

Figure 8.3: Active Twin-T Notch Filter Topology.

Similarly, the fourth stage of the process also involving filtering the collected signal

using a purposefully designed band-pass filter. This filter is an integral component to

the design of ECG hardware, removing the low frequency noise generated from motion

artefact and respiratory efforts, and attenuating frequencies beyond the scope of signal
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acquisition. In this work, the band-pass filter is generated through the concatenation

of a low-pass (LPF) and high-pass filter (HPF). Whilst there are various types of filters

available, a Sallen-Key topology was selected to implement active forms of HPF and

LPF as shown in Fig. 8.4, as it offers a high Q factor and an energy-efficient means of

filtration [196].

Figure 8.4: 3rd Order Sallen-Key Butterworth High Pass Filter Topology.

The voltage-controlled voltage source (VCVS) circuitry used to realise this filter

was based upon a 3rd order Butterworth filter that offers a maximally flat frequency

response with the cut off frequency attenuation at -3 dB and steep roll off thereafter

without inducing pass-band ripples. While the frequency response of the Butterworth

is ideal for this particular application, the phase response introduces distortions to the

signal in the passband as a result of phase shifting. The Butterworth filter trades

off the phase distortion to have sharpest frequency response and attenuation. Other

filters such as the Bessel, offers a maximally flat time delay. However, in the context

of this investigation, the precision of the frequency content takes preference over phase

distortion, as shifts to the ECG in the time domain have no influence on the morphology

of the signal.

As per the Nyquist criteria, the minimum sampling frequency must be twice that

of the highest frequency component of the signal of interest. With the intent of

investigating sampling frequencies up to 5 kHz, the maximum frequency content of

the signal must be no greater than 2.5 kHz. As such, the 3rd order Butterworth

LPF was designed with a -3 dB attenuation at 2.5 kHz. The high-pass filter cut off

frequency of 0.05 Hz, as specified by the American Health Association (AHA) [95], was

incorporated into the initial design. However, due to the enormity of the electrolytic

capacitors (680 µF), the topology selected could not support this frequency sustainably.
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As a result, the filter was modified to cut off at 0.1 Hz using 1uF ceramic capacitors,

allowing the extremely LF noise into the ECG, but ultimately reducing cost, power

consumption and real estate in the circuit.

The fifth and final stage is the implementation of a power supply and electrical

isolation. The supply rail of the instrumentation, operational and isolation amplifiers

ICs incorporated into this design had a power supply range between 3-32 V collectively.

In consideration for patient protection, a low ±6 V supply voltage was designed with 4

CR2032 3 V coin batteries in series, and centre-tapped to retrieve a ground (0 V).

The need for an electrically isolated circuit is absolutely paramount in biomedical

instrumentation where there is potential for surge currents to pass through the body.

The ISO124 precision isolation amplifier was selected for it’s 50 kHz bandwidth and

digital modulation to preserve signal integrity and was powered externally with the use

of a ±5 V DC power supply.

Signal Capture The need for a sustainable design, especially in preliminary

prototypical phases, prompted a data acquisition technique capable of acquiring the

voltage levels in a range of sampling frequencies. When performing data collection

with the use of a PC, perhaps one of the most overlooked acquisition systems is the

sound card [17, 174]. The function of the sound card is to convert the analog signal

into a digital form for signal processing by computer software or to convert a digital

signal from a computer to an analog signal for speaker output. The sound card offers

portability, low-power (< 5 W / ±5 V), low cost and supports up to 192 kHz sampling,

making it the favourable for application in low-cost electrocardiography.

The Sound Blaster PLAY! 3 USB sound card was selected for capturing the

ECG signal as it provides an instant audio upgrade from the motherboard audio.

The production specifications boasts a ≈93 dB signal-to-noise ratio (SNR) and up to

24bit data at a 96 kHz sampling frequency [41]. As with most sound cards, prior to

digitisation, the USB sound card passes the input signal through an inverting amplifier

to boost the amplitude of low power signals. While this is inaudible in audio signals, the

deflections in the ECG will be inverted, however this can be easily rectified in the post-

processing software. Audacity, an open source audio editor was used, in conjunction

with the sound card, to record the incoming signal from the microphone input. Here, a

sampling frequency of 5 kHz was specified in the software preferences prior to collection.
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For desired sampling frequencies that could be directly down-sampled from 5 kHz,

the process of decimation is applied to reduced the sampling rate by a factor of M , by

retaining every M th sample in the signal. Through decimation, if the Nyquist criteria

is not satisfied, aliasing in the frequency domain can introduce distortion to the signal.

As such, the minimum sampling frequency selected for this study was 250 Hz, obeying

the criteria and keeping in line with the AHA recommendations [95].

For desired testing frequencies that could not be directly down-sampled, the signal

was interpolated by adding zeros of length L− 1 in between the existing samples of the

signals. The interpolated ECG signal was then smoothed using a second-order low-pass

Butterworth filter to remove the high frequency aliases. The effect of interpolation and

the low-pass filtering can be observed in Fig. 8.6.
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Figure 8.6: ECG signal sampled at 5 kHz and re-sampled through interpolation to
600 Hz.

The third and final stage of this algorithm is to first produce, then subsequently

perform analysis on the RRI series. For time saving purposes, the temporal R-

peak locations were predicted using a modified Hilbert Transform detection (MHTD)

algorithm and corrected using the RR-APET software tool to ensure the accuracy

of the produced RRI series [127]. Several key HRV metrics, from multiple domains,

are included here for consideration when analysing the results: the standard deviation

from normal-to-normal (SDNN), the peak frequency (fpeak) of both the low-frequency
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(LF) and high-frequency (HF) bands, the relative power (Prel) of both the LF and HF

bands, the LF to HF ratio (LF/HF ), a variety of recurrence quantification analysis

(RQA) parameters, and detrended fluctuation analysis for both short-term fluctuations

(α1) and long-term fluctuations (α1) [135, 145, 169]. The RQA parameters include:

recurrence rate (REC), percent determinism (DET), average diagonal line length (L),

maximum diagonal line length (MDL), laminarity (LAM), trapping time (TT), and

maximum vertical line length (MVL) [123, 207]. It should be noted that some key time-

domain metrics were not considered, such as, the percentage of successive RR intervals

that differ by more than 50 ms (pNN50) and the standard deviation of the average NN

intervals for each 5 min segment of a 24 h HRV recording, due to the signal time limit

of 30 minutes [145].

8.2.4 Results & Discussion

Hardware Validation

In order to validate the operation of the designed prototype, the HF prototype circuit

and the Great Lakes Neurotechnologies BioRadio ECG were connected to a test

participant using individual sets of electrodes. The waveforms were simultaneously

recorded. As the BioRadio has a maximum sampling frequency of 600 Hz, the HF

prototype ECG was resampled digitally to make for a fair comparison. Through

observation of each signal in Fig. 8.7, the signal was found to be analogous with
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Figure 8.7: Simultaneous ECG Recording on Commercial BioRadio Wireless Wearable
and the Prototype HF Wearable.
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only minor morphological differences as a result of the alternate orthogonal view

produced from channel two of the BioRadio. A considerable degree of electronic

jitter was observed in the prototype signal, however, as 600 Hz is almost twice that

of the AHA recommended sampling frequency, the presence of high frequency noise

was to be expected. Furthermore, the collection of the ECGs was undertaken within

the university’s electronics laboratory, where the electrodes were subjected to harsh

electromagnetic interference from inductive equipment that would not be present in a

natural environment.

For the purpose of analysing peak detection capabilities, the high prominence of

the R-peak captured in the HF prototype suggests it is more than suitable to undergo

subsequent testing. Furthermore, this device would be a valuable tool for the benefit of

any researcher building their own ECG and HRV dataset.

Impact of sampling frequency on measured HRV Metrics

In order to produce HRV metrics from an ECG signal, it must first be annotated

to describe the temporal time differences between the fiducial marker of consecutive

heartbeats. For this work, the fiducial marker was considered to be the R-peak of

the QRS complex. To ensure 100% accuracy in the generated RRI series, the R-peak

locations were hand annotated for every tested signal and sampling frequency. By hand-

annotating each signal rather than applying a peak detection algorithm, we ensured that

any differences present in the calculated metrics would correlate solely to the sampling

rate, rather than to potential differences in the detection of R-peaks between sampling

frequencies.

The results presented in Table 8.1 provide a comparison of the mean accuracy of

the metrics produced for each of the tested frequencies when compared to the true

metrics (considered to be those calculated at a sampling frequency of 5 kHz). In

the time-domain, the SDNN values showed very little variation, with the maximal

average difference of 0.064 ms occurring at 250 Hz sampling. Considering that SDNN

values most often occur in the 50-150 ms range, a variation of ±0.064 ms would likely

make no change to the projected patient healthcare outcome. Similarly, in the metrics

measured frequency-domain also demonstrated minimal variation. The LF:HF ratio, a

highly regarded frequency-domain metric, had a maximal average difference of ±0.011

occurring at 250 Hz sampling, which equates to less than 1% of the standard range for
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this metric. Again, the nonlinear metrics demonstrated very little variation between

sampling frequencies. The maximal average difference in this domain was for the

recurrence ratio, with a difference of ±0.128% for a sampling frequency of 250 Hz.

Table 8.1: Average difference across the recorded ECG database between the ‘true’
metrics as calculated based on the 5 kHz ECG signal and the approximated metrics as
calculated using the indicated sampling frequencies.

Prel fpeak

fs SDNN LF/HF LF HF LF HF
(∆ms) (|∆|) (∆%) (∆%) (∆Hz) (∆Hz)

250 0.064 0.011 0.078 0.090 0.000 0.000
500 0.030 0.007 0.060 0.070 0.000 0.002
1000 0.044 0.005 0.026 0.042 0.000 0.002
2000 0.006 0.001 0.016 0.024 0.000 0.000

(a) Time & Frequency Domain Metrics

Recurrence Plot DFA
fs REC DET LAM L MDL TT MVL α α

(∆%) (∆%) (∆%) (∆bts) (∆bts) (∆bts) (∆bts) (|∆|) (|∆|)

250 0.128 0.034 0.094 0.084 2.4 0.110 2.6 0.001 0.000
500 0.060 0.032 0.048 0.046 5.8 0.054 0.2 0.001 0.000
1000 0.040 0.056 0.070 0.020 1.2 0.026 0.4 0.004 0.001
2000 0.012 0.030 0.034 0.010 1.2 0.020 0.0 0.005 0.000

(b) Nonlinear Metrics

Overall, the tested metrics were very consistent across the board in all domains, for

each sampling frequency. Whilst there was a slight trend toward increased error with

decreased sampling frequency, none of the measured metrics changed by more than

±0.2%. The magnitude of error between a 250 Hz signal and a 5 kHz signal can be

deemed to be insignificant under the circumstances of investigating ECG signals purely

for HRV metrics, as it would not alter the patient healthcare outcomes or strategies

applied. However, the scope of this investigation does not go beyond the effect of

sampling frequency on HRV metrics, so whilst HF ECG is not necessarily valuable to

HRV metrics, it does not rule out value in other fields of investigation. These findings

are beneficial to the research community, particularly those who are building their own

ECG database for HRV research, as the storage requirements for a 250 Hz signal is 20

times less than that required for a 5 kHz signal.
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8.2.5 Conclusion

In this paper, we have proposed a simple, low-cost device that allows the collection

of high frequency electrocardiograph (ECG) signals. We also investigated the effect

of sampling frequency on calculated heart rate variability (HRV) metrics. Results

show that the proposed device is a viable high frequency ECG collection tool that

offers a robust platform for further research to be conducted, particularly where the

development of a new ECG or HRV dataset is desirable. The testing of the relationship

between HRV and ECG sampling frequency revealed that the HRV metrics generated

at lower sampling frequencies, such as 250 Hz, were comparable to those produced at

the highest sampling frequency tested, 5 kHz. With the magnitude of error less than

±0.2% for any given HRV metric, it can be deemed that 250 Hz sampling is sufficient

for the generation of accurate HRV metrics. However, as HRV metrics are just one of

many variables of interest when it comes to analysing ECG signals, future investigations

are planned into the usefulness of high frequency ECG in other fields of analysis.

8.3 Discussion of Research

Overall, this work was successful in ensuring the reliability of extracted HRV metrics

moving forward. By establishing that 250 Hz sampling is sufficient for the accurate

generation of HRV metrics, we have confirmed the usability of several popular databases

for future research in predictive health analytics. This work also led to the generation of

a viable, low-cost, high-frequency ECG collection tool that can be built using simple and

common electronic components. This tool will enable the development of new ECG and

HRV databases, particularly for research groups that do not have the funds required to

purchase commercial ECG devices, and so would otherwise not have access to their own

collection tool. Furthermore, while this work validated the use of 250 Hz sampling when

acquiring ECGs for HRV analysis, consideration should also be given to the value of

high frequency electrocardiography beyond the scope of this investigation. For example,

further research might be warranted to determine if higher frequency ECG signals may

be more beneficial for the application of deep learning methods in the prediction of

health outcomes.
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9.1 Research Motivations

The research presented in this chapter is a key segement of work that fits into a larger

research objective. Here, the specific objective was to generate an algorithm that

can autonomously detect the number of contacts on car steering wheel cover, which

is fitted with an embedded ECG collection device. This objective plays a key role in the

overarching goal of developing a device capable of autonomously detecting the onset of

driver fatigue, because the end user product must be negligibly noticeable to the driver.

So, in order to have a non-intrusive device that switches on and off with a car’s ignition

rather than human interaction, there must be an algorithm which detects when a viable

ECG signal is being recorded. Viable ECG signals are only produced when two different

contacts are made with the device, however, there are many instances when a car is

turned on, that no contact or single-hand contact is made with the wheel. Algorithms

which detect fatigue are negatively impacted when analysing the highly distorted signals

that are produced during no contact and single contact.

9.2 Conference Article: As Published

Abstract

With the current day advancements in both computational power and machine learning

(ML) techniques, there is a fundamental shift toward the application of new and

smarter technologies. Worldwide incidents of motor vehicle crashes cause financial

and emotional distress, along with physical injury, and even death, often stemming

from driver fatigue. Nowadays, advanced ML techniques can be combined with

electrocardiogram signals recorded from hand-contact with the motor vehicle steering

wheel, to accurately detect the onset of driver fatigue. However, the signal recorded

is only viable for fatigue analysis when two hands are in contact with the wheel.

This work aims to carry out a comparative evaluation on a selected set of ML

algorithms, when considering their ability to determine the number of contacts on a

steering wheel. The ML classifiers considered in this study include the unsupervised

methods K-means clustering (KMC), and Gaussian Mixture Model (GMM), and the

supervised methods Support Vector Machine (SVM), Linear Discriminant Analysis

(LDA), and Convolutional Neural Network (CNN). The evaluation is carried out based

on both standard ML evaluation metrics including accuracy, precision, specificity, and
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computational cost. The experimental results show that the CNN produced the highest-

level accuracy (>99%), but also had the highest computational cost. The SVM method

presented the most balanced performance with a low computational cost and the second

highest-level accuracy (94%). This paper assesses the viability of ML algorithms to

eliminate the non-viable segments within ECGs that are used to determine driver

fatigue. This is done by evaluating the techniques ability to consistently detect the

number of contacts on a steering wheel, and its ability to be implemented in real-time,

through the analysis of computational cost.

Keywords: Classifiers, ECG, fatigue, machine learning, motor vehicle crash prevention

9.2.1 Introduction

Driver drowsiness and fatigue is a major problem that can cause drivers to make

unintentional errors, leading to both minor and major accidents. Fatigue is a term that

describes a decrease in mental performance resulting in poor attention and response

time, therefore impairing the performance of cognitive tasks including driving[177].

The common causes include: overwork, lack of sleep and existing physical and mental

conditions[139]. Driver fatigue is an important problem to address as it is a factor in

approximately 17% of all fatal crashes[177].

Real-time monitoring and alerts are the most effective method of avoiding traffic

incidents[195]. The implementation of a real-time automatic driver fatigue monitoring

system is incredibly important in the prevention of fatigue related crashes. There

are three main methods of drowsiness detection including: image analysis, driving

performance analysis and physiological signal analysis [98]. Monitoring a driver’s

physiological changes can include measuring signals such as: electroencephalogram,

electrooculography or electrocardiogram (ECG). It has been found that for real-time

measurements, ECG signals have the highest stability [75].

Once collected, these signals can provide important information on sleep rhythms

and therefore accurately detect drowsiness via methods such as monitoring heart rate

and heart rate variability (HRV) [177]. For example, one study was able to predict a

fatigued state with an accuracy of 91.3%, by implementing a support vector machine

(SVM) on a selection of HRV metrics [9]. Another study demonstrated that a fatigued

state could be predicted up to 27 minutes before onset with an accuracy of 86%, by
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implementing a back-propagation neural network (BPNN) on HRV metrics [108]. HRV

metrics can be obtained through the analysis of an R-to-R interval (RRI) series which

can be collected the classical ECG waveform, or produced by a wearable device.

To obtain an ECG, electrode contacts were traditionally placed on the drivers’ body,

such as on the chest. This process proves difficult to implement in a vehicle due to the

discomfort of the electrodes and wires [75]. Multiple studies have investigated placing

electrodes on steering wheels to measure biological signals. This acquires measurements

through a method that is non-invasive and convenient to the driver. Steering wheel

contacts have been successfully implemented using conductive fabric electrodes [74, 83].

As an ECG lead is a differential voltage signal, two different points of contact are

required at all times in order to obtain a classic ECG signal. Consequently, the ECG

signal is lost when no hand contact or single hand contact is made with the steering

wheels’ electrodes.

As such, a key issue associated with this method of ECG collection is that drivers

will not always be providing the device with two separate points of contact. Some

examples of this include: (i) controlling the steering wheel single-handed, which is

particularly prolific when driving manual cars that require the regular shifting of

gears, (ii) turning the wheel causing a single point of contact, which occurs if both

hands become located on the same electrode, or (iii) removing hands from the wheel

while car is stopped, but engine is still running. The loss of information produced

during episodes of zero and single hand contact, renders R-peak detection algorithms

ineffective on these parts of the signal. HRV metrics produced within these sections

would therefore be unreliable, and thus have the potential to negatively bias the HRV

analysis. Furthermore, in order for driver fatigue detection technology to become widely

adopted, it needs to be an autonomously integrated system that does not interfere with

driver functionality.

In summary, in order to accurately determine markers of fatigue from the ECG

signals of truck drivers, there must be an algorithm in place to determine whether the

driver is providing two separate points of contact to the steering wheel. Therefore, the

focus of this paper is to investigate a variety of machine learning algorithms in order to

determine the feasibility of autonomously categorising an ECG signal, into the number

of contacts present, at one-second intervals.
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9.2.2 Methodology

ECG Dataset

Due to a lack of data that is both publicly available and viable for this particular topic,

a unique database was required in order to accomplish this project. As a result, the

ECG datasets used for these results were acquired through partnership with Gold Coast

organisation Augmented Intelligence. The Augmented Intelligence database contains

hours of de-identified ECG recordings from multiple drivers, collected using conductive

fabric steering wheel covers in conjunction with an Alive Bluetooth Heart and Activity

Monitor [183]. These signals were sampled at 300Hz and then segmented at one second

intervals. These segments were manually labelled into four distinct classes: class 0

represents zero contact, class 1 represents one contact, class 2 represents two contacts

and class 3 represents mixed contact on the steering wheel for the complete duration

of the sample. For the purpose of this experiment, 450 examples of each class were

randomly selected to create a database totalling 1800 samples.

This database was then split into training, testing, and validation subsets,

containing 66.67%, 22.22%, and 11.11% of the data, respectively. When assigning

training and testing subsets, equal portions were selected randomly from each class.

5-fold cross validation was performed for all supervised algorithms. To reduce

computational cost and overfitting, each sample was then re-represented as a set of

features, shown in Table 9.1, which were selected for their ability to differentiate

between the classes. These features were applied as input vectors for all tested

algorithms, excluding the convolution neural network (CNN). For the CNN, the input

data was generated by converting each one second segment into a two-dimensional image

(600× 480 pixels), rather than a set of features.

Table 9.1: ECG Features selected for implementation.

Feature Equation

Standard Deviation (σ)
√

1
N−1

∑N
i=1(x(i)− µ)2

Range max x(i) - min x(i)

Energy
∑∞

i=−∞ |x(i)|2



Chapter 9 – ECG signal classification using Machine Learning 167

Classification Techniques

K-means Clustering The k-means clustering [112] algorithm separates samples

into clusters of equal variance, minimising the within-cluster sum-of-squares value,

inertia (ι). The working principle of a k-means clustering algorithm is detailed below:

i. Initialise the desired number (j) of centroids (µj) into randomised positions.

ii. Assign each instance to the closest centroid.

iii. Update centroid locations by minimising the inertia function for each centroid. The

function is given in eq. 9.1:

ι =
n∑
i=0

min
µj∈C

(||xi − µj ||)2, (9.1)

where n is the number of instances in each cluster (C).

iv. Repeat steps 2 & 3 until the centroid locations converge to an acceptable threshold.

v. Assign the class label for each instance based upon final cluster value.

Whilst the k-means clustering algorithm will always converge, one major disadvan-

tage of the algorithm is that it can converge to a local rather than global minimum

depending upon the initial locations of the centroids. Furthermore, it assumes clusters

are convex and isotropic and therefore performs poorly when clusters are elongated

or irregularly shaped. It also struggles in high-dimensional spaces as inertia is not a

normalised metric and therefore Euclidean distances can become inflated, and therefore

should only be implemented on datasets with a small number of key features [60].

However, this could also be considered an advantage of the k-means clustering algorithm

as it does not require data containing numerous features to operate effectively.

Another factor to consider when applying this method, is that it is a hard clustering

method, meaning each data point will be assigned to only one cluster. Intuitively, the

data points closer to the clusters’ centroids will more strongly belong to that cluster.

Commonly points can slightly overlap and exist between two clusters and therefore their

cluster assignment is not with full confidence. A limitation of hard clustering is that

there is no uncertainty or probability measure to determine how strongly a data point

is associated with a cluster [60].

Gaussian Mixture Model (GMM) GMMs [47] are a soft-clustering algorithm.

This means that rather than assigning each data point to a specific cluster, the
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GMM instead assigns a probability of belonging to any given mixture component to

each data point. GMMs achieve this by first developing a probabilistic model under

the assumption that each data point was created from a finite number of Gaussian

distributions, and then finding the mixture of Gaussian distributions that best models

the training data set [60]. The working principle of a GMM is based on the expectation-

maximisation (EM) algorithm [47], which is summarised below:

i. Randomly initialise the location and shape of the mixture components.

ii. For each instance, estimate the probability that it belongs to each mixture

component.

iii. Update the location, shape and normalisation of each mixture component, based

on the calculated weights of all instances.

iv. Repeat steps 2 & 3 until the model converges.

v. Assign the class label for each instance, by selecting mixture component of highest

probability.

The implementation of a GMM offers two key advantages, it will not bias the cluster

size and structure or means towards zero and it is a fast learning algorithm. However,

as with K-means, the model can converge to a local rather than global minimum.

This problem can be addressed by implementing multiple and random initialisations.

Furthermore, GMMs are also disadvantaged when there are an insufficient number of

points in a mixture component, as this can result with the algorithm finding solutions

that have an infinite likelihood. This can be overcome by specifying the covariance

when initialising the model [60].

Support Vector Machine (SVM) An SVM [190] is a machine learning

technique that differentiates between classes by using hyperplanes to form non-linear

boundaries. Hyperplanes are formed by creating the maximum distance between the

two nearest points of alternate classes. SVMs are tuned using multiple parameters,

which include: kernel type, margin, gamma, and regularisation. Kernels are functions

that take low dimensional inputs and transform them into higher dimensional space,

in a way that separates the data based on the labels provided [60]. The term margin

is defined as the distance between the nearest data point and a hyperplane. Gamma

is a parameter that determines the influence factor of a training data point based on

its proximity to the hyperplane. Finally, regularisation can be defined as the measure
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for the acceptable level of misclassification within each training set, by controlling the

influence of outliers [131]. The working principle of a SVM is detailed below:

i. Select and label features of training instances and test instances.

ii. Locate a hyperplane, such that the margin value is maximised.

iii. If a hyperplane is not present, implement kernels to add additional features.

iv. Repeat steps 2 & 3 until acceptable separation1 is found between the classes.

v. Assign the class label for each instance using hyperplane boundaries.

SVM implementation is advantageous as it can be used both in high dimensional

spaces and when number of dimensions is larger than number of samples, but remains

memory efficient and is versatile due to diverse kernel functionality. The disadvantages

of SVM include: (i) model can be over fit if number of samples is much less than the

number of features; and (ii) does not provide direct probability estimates [60].

Linear Discriminant Analysis (LDA) LDA is a simple supervised machine

learning technique that implements dimensionality reduction. Dimensionality reduction

reduces dimensions by removing dependent and redundant features. More specifically,

LDA utilises information from multiple features to create a new axis in a way that

minimises variance within each class and maximises the distances between the means

of the classes [10]. The LDA training algorithm is described below:

i. Determine the between class scatter matrix by calculating the differences between

the means of each class.

ii. Calculate the within class scatter matrix by calculating the difference between the

samples and means of each class.

iii. Construct the optimal lower dimensional (K-1) space by maximising the between

class scatter matrix (SB) and minimising the within class scatter matrix (Sw). This

can be achieved using the functions given in (9.2) and (9.3):

SB =
K∑
i=1

Ni(mi −m)(mi −m)T , (9.2)

SW =
K∑
i=1

∑
t

(xt −mi)(x
t −mi)

T , (9.3)

1Use gamma and regularisation parameters to define what is considered to be the acceptable level
of separation.
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where K is the number of classes, Ni is the number of data points in the i-th class,

mi is the mean of the i-th class, m is the mean of the means of classes, and xt is

the t-th data point from the i-th class. The K-1 linear discriminants are computed

as the eigenvectors of S−1W SB.

The advantages of dimensionality reduction techniques include: reduced over-fitting

likelihood and reduced computational cost. The disadvantages of implementing LDA

are that the technique assumes the dataset has a Gaussian distribution, and that the

class covariances are equal.

Convolutional Neural Network (CNN) Neural networks (NN) are extremely

effective in pattern recognition and are utilised in many areas including image and

signal classification [92]. A CNN is a type of NN that is widely implemented for both

image and pattern recognition; it consists of an input layer, an output layer as well as

multiple hidden layers [160]. The hidden layers can each be individually categorised, as

convolutional, pooling or fully connected, depending upon their functionality.

Convolutional layers utilise filters or kernels to process small localised sections of the

image in order to identify features [202]. In shallow layers the identifiable features are

simple, often only edges or colours, but as the network progresses the kernels becomes

more sophisticated and are able to identify more complex features. The pooling layer

performs dimensionality reduction across each image segment covered by the kernel,

in order to decrease computational power. There are two types of pooling: maximum

pooling and average pooling. Maximum pooling and average pooling are used to return

the maximum value and average value of the image segment covered by the kernel,

respectively. Finally, fully connected or dense layer is used correlate an image to a

category. It takes a flattened image and returns the probabilities that the image belongs

to each category, where the sum of these probabilities is one. If a value is high it means

that it correlates strongly to that category while a low values means it has little or no

association with that category [60]. The working principle of a CNN is demonstrated

in Fig. 9.1.

CNNs are commonly implemented as a deep learning technique, consisting of

many hidden layers, which allows for high accuracy in image recognition whilst also

maintaining locality and invariance to small variations in images [182]. However, there
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The accuracy of a model reflects the overall fraction of correctly classified samples

and can be calculated using:

Acc =
TP + TN

N
, (9.4)

where N is the total number of predictions made. The precision metric of a model

also reflects its ability to detect positive cases and is calculated using:

P =
TP

TP + FP
. (9.5)

Finally, the specificity metric of a model indicates its ability to correctly identify

negative cases and is calculated using:

Sp =
TN

TN + FP
. (9.6)

9.2.3 Experimental Results

This section presents an analysis of the performance of each model, as well as detailing

the final parameters selected for each. These parameters are listed in Table 9.2.

Table 9.2: Parameters implemented for each algorithm.

Algorithm Parameters

K-means Centroids: 4
GMM Mixture Components: 4
SVM Regularisation Parameter: 0.11

Kernel: rbf
Tolerance: 1e-3
Gamma: scale

LDA Solver: svd
Tolerance: 1e-4

CNN Number of convolutional layers: 3
Number of kernels: 2
Activation functions: linear & softmax
Optimiser: adam
Loss: Categorical crossentropy
Metrics: Accuracy
Pooling: Max-pooling
Batch size: 10
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The first stage of analysis was conducted by producing a confusion matrix, using the

class outcome predictions given by each machine learning technique, in order to assess

the correct classification versus misclassification for each tested class. An example of this

is shown for the LDA classifier in Table 9.3. Here, the bold values represent correct class

classifications, with all other values representing incorrectly classified samples. It can

be seen that the LDA classifier is able to most accurately detect the class ‘zero contacts’

and produces the highest number of incorrect classifications for the class ‘mixed’. This

suggests that the features which enable the classifier to distinguish between the number

of contacts for an entire segement, become less discriminatory for segments that contain

multiple classes.

Table 9.3: Confusion Matrix for classifying number of contacts on steering wheel using
LDA classifier.

Real Class
Zero One Two Mixed

Zero 300 0 4 0
Predicted One 0 292 0 22
Class Two 0 0 292 8

Mixed 0 8 4 270

In order to more effectively compare the results of each machine learning technique,

the confusion matrices were used to produce the evaluation metrics listed in Sec. 9.2.2.

The experimental results for the training, testing and validation sets are shown in

Table 9.4, Table 9.5 and Table 9.6 respectively. In general, the analysis of these results

reveal that the unsupervised algorithms (K-means, GMM) produced higher performance

metrics in the training set, than for their respective test and validation sets. For

example, the accuracy metric was reduced by 3-8% for both algorithms from training

to validation and testing. This indicates potential over-fitting on the training data, and

Table 9.4: Results of the applied machine learning algorithms using training set with
5-fold cross validation

Algorithm Acc (%) Sp (%) P (%) Tc (s)

K-means 92.33 97.44 92.94 0.1180
GMM 96.17 98.72 96.23 0.0931
SVM 96.90 98.97 96.90 0.2641
LDA 96.10 98.70 96.08 0.0071
CNN 99.57 99.86 99.57 2558
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Table 9.5: Average results of the applied machine learning algorithms using validation
set as a part of 5-fold cross validation

Algorithm Acc (%) Sp (%) P (%) Tc (s)

K-means 86.75 95.58 86.57 0.0019
GMM 86.75 95.58 88.11 0.0015
SVM 96.85 98.95 96.86 0.0021
LDA 96.00 98.67 95.98 0.0002
CNN 99.00 99.67 99.00 9.793

Table 9.6: Results of the applied machine learning algorithms using test set

Algorithm Acc (%) Sp (%) P (%)

K-means 90.50 96.83 90.56
GMM 88.50 96.17 90.25
SVM 94.00 98.00 94.18
LDA 94.00 98.00 94.16
CNN 99.50 99.83 99.51

that future testing should be carried out on a larger database. However, when analysing

the results for the supervised algorithms (SVM, LDA, CNN) it can be seen that the

individual performances on the unseen test data is close to the respective performances

on training and validation data. This is indicative that the implemented supervised,

machine learning techniques were not overfit during training. Finally, it is clear when

analysing Fig. 9.2, that the supervised ML algorithms out-performed the unsupervised

ML algorithms in each measured metric.

Figure 9.2: Graphical representation of the results of the applied machine learning
algorithms using the test dataset.

It can also be seen that the CNN gives the highest accuracy, for both the training

(99.57%), validation (99.00%) and test (99.50%) sets, in comparison to all other tested
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classifiers. This model however, comes with a major drawback in terms of computational

cost. The training of the CNN model on five sets of 1200 one-second samples incurred

a computational time (Tc) of 2558 seconds, when implemented on an Intel Core i5-

6500 CPU @ 3.20GHz. This is a magnitude of 104 times greater than the next most

computationally expensive method, the SVM model, which took 0.2641 seconds to train

on the same dataset and device. The SVM model also produced the second highest

metrics, resulting in 96.90%, 96.85%, and 94% accuracy for the training, validation and

test sets, respectively.

Once trained however, the CNN model is able to classify 400 one-second samples

in 9.793 seconds. This indicates that implementing a CNN model is viable for real-time

determination of the number of contacts on a steering wheel. However, if implementing

the CNN model, equipment with similarly powerful processing capabilities to the one in

this study, would need to be utilised during training stages, which is likely to increase

the overall cost of the setup. Further, this model should be trained on a large database

prior to implementation, and be maintained and updated regularly (but not during live

classification) as more labelled data becomes available. For a less expensive alternative,

the SVM model is preferred.

9.2.4 Conclusion

In this paper, we investigated several machine learning algorithms that were able to

detect the number of electrode contacts on specially constructed steering wheels for the

purpose of measuring the ECG signal of the driver. It was established that in order

to accurately and reliably detect driver fatigue using HRV metrics, the acquisition of

valid ECG signals (where both hands were on the wheel) was critical to ensure a proper

RRI series could be obtained. Furthermore, detection of extended periods of single-

handed driving could be important from a safety perspective. The proposed system

aims to automatically categorise sections of the ECG into classes of hand contact. Both

supervised and unsupervised learning techniques were investigated as well as shallow

and deep learning algorithms. The experimental results with five-fold cross-validations

showed supervised learning techniques (SVM, LDA, CNN) outperformed unsupervised

(K-means, GMM), and the deep learning algorithm (CNN), which utilised the raw signal

data rather than hand-crafted features, was the best performing algorithm (>99%),

though it was also the most computationally expensive.
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9.3 Discussion of Research

In this chapter we have proposed a reliable machine learning algorithm which classifies

the number of contacts on a steering wheel by analysing the ECG signal. Using a

relatively shallow CNN model, we were able to accurately classify over 99% of the

unseen ECG data. This success is attributed to the renowned image recognition

properties of the CNN technique. To understand the societal benefit of this work,

it must first be noted that the research presented within this chapter comprises the

second stage of much larger system. The broader system structure includes: data

acquisition, the classification of reliable signal segments (presented in this work), the

fatigue classification stage, and finally a suitable response to outcomes of the fatigue

classification stage, an example of which could include raising a warning for reduced

alertness. Consequently, the successful implementation of all stages will result in the

autonomous detection of driver fatigue onset, determined using real-time ECG signals

and processing. This in turn benefits society through reduced instances of fatigue

related traffic accidents and fatalities. Finally, of crucial importance to the success

of this system is the identification of reliable ECG segments for further processing;

as without the generation of reliable training data, any future algorithms for fatigue

detection will be negatively affected.
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Chapter 10

Thesis summary, conclusions and fu-

ture work

10.1 Research summary and conclusions

This section gives a summary of the main findings and conclusions presented in research

chapters of this dissertation.

10.1.1 Chapter 5: A Review: QRS Complex detection versus R-peak
detection and its impact on consequent heart rate variability
metrics

In this chapter we investigated the impact that varying precision requirements for

RRI determination has on the extracted HRV metrics. The initial experimentation

considered the impact of imprecise fiducial marker placement on estimated HRV metric;

which was achieved through the simulation of random temporal shifts in each beat

location, where the maximal error was determined by the selected allowable threshold.

Here, the results indicated that under the current QRS detection standards which allow

an absolute tolerance of 150 ms, a majority of HRV metrics are potentially subject

to large error margins regardless of their domain and without indication in the peak

detection evaluation metrics.

This realisation lead to the remaining experiment, which investigated the reliability

of estimated HRV metrics in comparison to the peak detection evaluation metrics for

RRI series produced by popular peak detection techniques. Results produced in this
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investigation supported those produced in the earlier experimentation. That is, despite

each peak detection technique producing an RRI series with limited difference in the

peak detection accuracy (0.05-0.51%) according to current QRS detection standards,

the subsequent HRV metric estimations varied greatly. This suggested that the current

match window for QRS detection is insufficient for the evaluation of peak detection

algorithms, particularly for those that are intended for future use in the generation of

RRI series for HRV studies.

10.1.2 Chapter 6: RR-APET - Heart rate variability analysis software

Two key issues brought about the work presented in this chapter; a work which

would help to enable one of the major research goals of this dissertation, the use of

HRV metric data in predictive health analytics investigations. First, as established in

Chapter 5, many of the current peak detection techniques and programs are evaluated

against detection standards that are insufficient in ensuring precisely detected RRI

series. Second, after reviewing various software packages and platforms (as presented in

Chapter 4), it was established that none of the available platforms were able to satisfy

all of the specified research requirements. Consequently, we developed an extensive,

open-source, GUI package for the reliable generation and analysis of HRV, RR-APET.

One major benefit of this dual-purposed software is that it enables researchers

to not only develop, test, and evaluate various established or novel R-peak detection

algorithms against stricter precision standards, but also to implement these algorithms

for the generation of RRI series from raw ECG signals, without changing between

environments. Another significant benefit of this software is its user-friendly GUI, which

was designed to be operable by both medical professionals, whom often have little

to no coding experience, and researchers alike. Crucially, this includes an entirely

automated system for the processing of multiple ECG signals and channels, to enable

the analysis of large-scale databases that would otherwise be highly time intensive and

require significant manual effort.

In summary, this software platform forms not only a significant contribution to this

dissertation in providing the groundwork for each ensuing research endeavour, but also

to the wider research community due to its comprehensive features and open-source

nature.
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10.1.3 Chapter 7: Development of a Peak Detection Algorithm

The work presented in this chapter is an extension of the works presented in

Chapters 5 & 6. Initial experimentation involved the objective evaluation of the

performance of popular QRS detection algorithms against the current QRS detection

standards, as well as the increased levels of precision presented in Chapter 5. The

results of this experimentation revealed that whilst each implemented detection

algorithm produced similar performance detection metrics under the current QRS

detection standards, the error in the subsequent HRV metrics varied quite significantly.

Furthermore, when evaluated using the stricter precision standards, the detection

metrics decreased at varying rates for each tested algorithm. Generally speaking this

initial investigation highlighted several inconsistencies between these popular detection

techniques.

In the remainder of this chapter we therefore decided to develop a more robust peak

detection algorithm for use in both the HRV software package discussed in Chapter 6,

and all future research requiring the extraction of RRI series from raw ECG signals.

The developed algorithm was based around the Hilbert transform detection method,

and involved several key modifications including: upgraded filtering techniques, the

addition of a variable threshold, peak polarity detection, and a novel post processing

correction algorithm. These modifications resulted in an algorithm that was able to

maintain specificity and positive predictability values of 94.59% and 94.02% respectively,

at a precision level of ±11.11ms, with the next best performing algorithm, K-means

Clustering, achieving values of 86.70% and 90.53% respectively.

10.1.4 Chapter 8: High Frequency Electrocardiography Signal
Acquisition and Impact on Heart Rate Variability

The research presented in this chapter represents the final stage in a culmination of

works designed to improve the reliability of autonomously detected RRI series. The

aim of this specific investigation was to analyse high frequency electrocardiography,

and thereby determine the impact that ECG sampling frequency has on the subsequent

estimated HRV metrics. Our initial investigations into this topic revealed a lack of

ECG databases recorded at an adequately high frequency. Consequently, we elected to

design, develop, test and implement our own high frequency ECG collection tool. To

determine device viability, the newly designed collection tool was tested in parallel to
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a commercial device (the Great Lakes Neurotechnologies BioRadio ECG). The results

of this subjective experimentation revealed that the proposed device is a viable high

frequency ECG collection tool, offering a robust platform for further research to be

conducted, and particularly beneficial where the development of a new ECG or HRV

dataset is desirable.

Using the developed device, we were then able to collect a small 5000 Hz ECG

database in order to establish the relationship between HRV and ECG sampling

frequency. Objective experimentation revealed that HRV metrics extracted from ECGs

with a relatively low sampling frequency, such as 250 Hz, were comparable to those

produced at the highest sampling frequency tested, 5 kHz. More specifically, the

magnitude of error was less than ±0.2% for each tested HRV metric. Concretely,

this investigation revealed that an ECG sampling frequency of 250 Hz is sufficient

for the generation of accurate HRV metrics. Upon the conclusion of this work, it was

determined that a satisfactory point had been reached in the terms of achieving reliable

data in the RRI collection stage, meaning that further work could now be pursued in

the form of predictive analytics.

10.1.5 Chapter 9: Classification of Steering Wheel Contacts from
Electrocardiogram Signals Using Machine Learning

This topic signifies the beginning of our research into predictive health analytics using

ECG signals and their extracted RRI series. The overall aim of this research initiative is

to help address the problem of driver fatigue, which is a leading cause of motor vehicle

crashes worldwide, through the development of an automated fatigue onset detection

system. The work presented in Chapter 9 encompasses the first step towards this final

goal - enabling the autonomous classification of the number of contacts on a steering

wheel over one second intervals. In order to achieve this initial goal, we assessed the

viability of several machine learning techniques, both supervised and unsupervised.

The implemented machine learning techniques included: K-means clustering,

Gaussian Mixture Models, Support Vector Machines, Linear Discriminant Analysis,

and Convolutional Neural Networks (CNN). Experimental results indicated that the

accurate classification of the number of contacts on a steering wheel over one second

intervals was possible, with the CNN consistently performing with accuracy values of

>99%. Although computationally intensive, the CNN was able to classify at a rate of



Section 10.2 – Future Work 182

10 intervals/sec on the required system, and therefore would be able to process the data

in real-time as required for the final outcome.

10.2 Future Work

The comprehensive research produced in this dissertation also provides the groundwork

for various potential future projects. The primary avenue for pursuit is the completion of

the driver fatigue onset detection system that inspired the work produced in Chapter 9.

This would largely entail the collection of an ECG driver database with fatigue state

annotations (manually provided by driver), and hand-contact labels autonomously

provided using the CNN classifier. Once a reliable fatigue ECG database has been

established, the next logical stage would be the implementation of ML algorithms for

fatigue detection.

During this stage, one key consideration would be whether real-time operation

is possible using HRV data alone or if other additional information sources, such as

eye movement or steering wheel acceleration, are required. While other sources of

information such as these would likely be very useful, their addition would ultimately

require significant image processing and therefore computational cost. Other interesting

points for consideration include: the identification of how much variability there is for

these metrics from person to person, whether fatigue can be predicted before its onset,

and if so, under what time-frame.

Another particularly interesting avenue for pursuit is the improvement of the

software, RR-APET, presented in Chapter 6. One particularly beneficial feature

would be the inclusion of inbuilt analytics that are able to provide the user a general

comparison of the estimated HRV metrics being investigated to the normal range of the

population of interest. Another possible improvement would be the development of an

online, web-based version of this software.

Finally, the investigation of the impact of frequency on HRV reliability presented in

Chapter 8 might be usefully extended to examine the impact of frequency for prediction

using deep learning methods. That is, the conduction of further research to determine

whether there is additional information in the higher frequency range that is beneficial

to machine learning methods, which may therefore improve future health predictions.
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