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Abstract

The electroencephalography (EEG) is a standard for studying the dynamics of brain activ-
ity, especially that related to cognition and disease. However, despite the EEG being ex-
tensively employed in both clinical settings and brain-computer interface (BCI), real world
EEG-based applications are not yet well established. This is largely due to the cumber-
some and obtrusive nature of current EEG sensing which has been prohibitive to the con-
tinuous acquisition of data over sufficiently long periods of time. To bring the power of
EEG monitoring of neural activity out of clinic, this thesis explores the feasibility of EEG
monitoring in the real world using the recent discovery of ear-canal based physiological
sensing, termed in-ear EEG. The utility of wearable in-ear sensing technology, especially
its capability to monitor brain activity for automatic sleep monitoring and person authen-
tication, is investigated.

This thesis first demonstrates the utility of in-ear sensing for one of the cornerstones of
well-being in modern society — sleep monitoring. Sleep is an essential process for hu-
man well-being, and its quality reflects both a person’s lifestyle as well as various medical
conditions. Current clinical sleep monitoring analysis reflects sleep profiles of individuals
rigorously and comprehensively, however, the cumbersome nature of standard recordings
can disturb patients’ normal sleep, while the scoring process places enormous demands
on a clinician’s time. To mitigate these issues, feature extraction for automatic sleep mon-
itoring is investigated. The combination of structural complexity analysis and non-linear
frequency domain features is shown to be effective for classifying sleep stages, and the
feature-fusion based classification model using those features is shown to outperform
other existing studies using a publicly available overnight sleep EEG dataset. In addition,
the efficacy of smoothing algorithms implemented by a hidden Markov model is investig-
ated in this context. Following the investigation of automatic sleep staging algorithms, the
feasibility of an in-ear EEG device for large scale sleep monitoring is scrutinised. To begin
with, as proof-of-concepts, numerous nap recordings are conducted inside the laborat-
ory with in-ear EEG. To provide wearable sleep monitoring in real-world, simultaneous
conventional polysomnography (PSG) and in-ear EEG during the night is recorded in sub-
jects” home; the agreement between automatic scoring based on in-ear EEG and manual
scoring based on the PSG was 74.1 % and the corresponding kappa coefficients was 0.61
(Substantial Agreement). Through numerous recordings and analysis, a wearable in-ear
EEG device for sleep monitoring is proposed and validated as a 24/7 continuous and
unobtrusive technology for sleep quality assessment in the community.

The other major in-ear EEG application explored is person authentication, which refers
to the process of confirming the claimed identity of an individual. The use of EEG as
a biometrics modality has been investigated for the last 15 years; however, its feasibility
in real world has not yet been established, mainly due to issues of reproducibility. To
this end, a readily deployable EEG biometrics system based on in-ear EEG is proposed,
that is user-friendly and discreet in nature and does not require supervision by skilled
personnel or the use of cumbersome equipment. For rigour, recordings over two days

Xi



from 15 subjects are conducted; both frequency domain and autoregressive features are
employed to identify an individual. The achieved classification accuracy was 95.7 % in
the verification setup whereas the kappa coefficient was 0.65 (Substantial Agreement) in
the identification setup.

Overall, the comprehensive analysis over a number of recordings and proof-of-concept
studies in this thesis demonstrates the feasibility of the proposed in-ear EEG based applic-
ations. The so-verified wearable in-ear EEG paradigm promises faithful EEG applications
in real-world environments, and resolves the critical issues with robustness associated
with current use of EEG.
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Chapter 1

Introduction

The rapidly expanding market for wearable devices is driven by an ever-increasing in-
terest in physiological monitoring. According to the International Data Corporation, 222.3
million wearable devices, including watches, wristbands, eyewear, clothing, and earphones,
will be shipped in 2021 (¢f. 113.2 million shipments in 2017) [17]. Such wearable devices
are typically designed to monitor the physiological responses of the user in real time, with
the standard measurement being heart rate, which represents the number of contractions
of the heart per minute. In 2018, latest consumer wearables were capable of monitoring
the electrical activity of the heart, electrocardiogram (ECG or EKG), and accurately dia-
gnosing heart conditions, with 95 % of success for the condition of atrial fibrillation [18].

In terms of user convenience, traditionally, physiological responses, such as the ECG
and electroencephalogram (EEG: electrical brain signals), have been monitored in a hos-
pital for diagnostic purposes. However, with recent advanced sensing technologies, it is
now possible to monitor these responses using wearable devices. The main aim of this
thesis is to explore the extent to which EEG sensing can be performed in out-of-clinic
scenarios. Particular focus is placed on the wearable applications of our proof-of-concept
in-ear EEG, which records brain electrical potentials from the ear canal.

1.1 Brain monitoring: EEG

Neural activity and EEG

The recording electrical neural activity of the brain became termed the electro- (electrical
activities) encephalo- (emitting the signals for the brain) and graphy — EEG [19]. The
EEG is a measurement of electrical activity from the surface of the scalp, in response to
the general activity of the cerebral cortex. The EEG recordings are typically non-invasive
and painless, whereby the electrodes are attached to the scalp with conductive gel (or
paste) to ensure a low electrode-skin impedance. The electrical potential (typically of
the order of tens of microvolts) is measured between selected pairs of electrodes and is
produced by electrical fields generated by assemblies of cortical neurones synchronously
firing — an EEG is a recording of the voltage generated by currents [20]. Many thousands
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of underlying neurones must be activated together in order to generate an EEG signal big
enough to be measured [20].

EEG and responses from non-invasive monitoring

Recording signals (or images) from human body has become a vital part of the diagnostic
process in clinical settings [19]. Such digitised data are categorised as physiological re-
sponses, including the ECG from the heart, the electromyogram (EMG) from muscles, the
EEG and magnetoencephalogram (MEG) from the brain, and the electrooculogram (EOG)
from eye movements. The human body is imaged using radiography or sonography, in-
cluding computerised tomography (CT), positron emission tomography (PET), magnetic
resonance imaging (MRI), the functional MRI (fMRI). The EEG has a number of advant-
ages over these other modalities as [21]:

e The EEG sensors (electrodes) are light enough to routinely wear day by day;

e The temporal resolution is high (cf. the fMRI image sequence is approximately two
frames per second). Therefore the EEG is capable of monitoring brain activities in

real-time;

e The recording setup is a relatively low cost.

In a clinical setting, EEG is used as a diagnostic tool, for instance, in the diagnosis
of Alzheimers disease, and in the determination of lack of activity of the central nervous
system (brain death) [22]. The EEG has also been used in the area of biomedical engin-
eering, for example, in the development of brain-computer interface (BCI) systems [23]
— where the interface typically translates measured electrophysiological signals from the
brain (typically EEG) into control commands for prosthetics, games or facilitating soft-
ware (e.g. word spellers for locked-in syndrome patients) [21], such that, the BCI decodes
the user’s brain signal.

1.1.1 Recent EEG research in biomedical engineering

In biomedical engineering research, the EEG has been recorded to study human cogni-
tion. Typically, the recordings have been conducted in controlled environments, namely
static laboratory settings. The participants for the recordings sit still (or lie down), and are
instructed to perform specific activities, for example attending to artificial stimuli in or-
der to deliberately evoke specific responses from the brain. This research, herein termed
conventional EEG, offers significant contributions in terms of understanding the human
cognitive process. However, despite the fact that the cognitive processes are linked to
the body’s interaction with the environment [24], there is a limited number of studies,
investigating how the brain is engaged with the cognitive activity in different real-world
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recording environments or scenarios (e.g. the responses when the participants are walk-
ing). In other words, until recently most EEG research has only focused on scrutinising
the cognitive process in a static setup.

Here, the recent EEG research in the field of engineering can be summarised into four
categorises [9]:

o Conventional EEG: Research that approaches the analysis of cognition using the EEG

in a static setup;

e Portable EEG: A recording system (i.e. electrodes, amplifiers) that is small enough
to be carried around (Section 1.1.2);

o Mobile EEG: A technology that does not require the user to remain still; i.e., EEG
studies during motion. This research addresses the cognitive process in different

environments (Section 1.1.3);

o Transparent EEG: The conventional EEG N mobile EEG A portable EEG. A portable EEG

recording system which is also capable of monitoring the user’s brain activity in

ambulatory settings, namely a feasible EEG system in the real world (Section 1.1.4).

1.1.2 Portable EEG

The term “portable EEG” refers to recording devices, including electrodes and amplifiers,
that are small enough to be carried around — for example, devices that can fit inside the
user’s pocket. The portable EEG systems aim to operate in a ‘stand-alone’ fashion, whereby
no additional equipment (like a computer) is needed to record and store the data, either
through the use of an integrated data-logger, or a wireless transmission of data to an
external device, such as a smartphone. The recorded signal can be sequentially analysed
in real time to give feedback to the user from the device. Note that, unlike the mobile EEG
system, the portable EEG does not require the system to be robust during any motion of
the user.

An example of portable EEG devices are the commercial EEG headsets, such as Emotive
EPOC+ (USA), Neurosky Brainlink (USA), CGX (USA), mBrainTrain SMARTING (Ser-
bia), InteraXon Muse (Canada), and Neuroelectrics Starstim (Spain). Such headsets re-
quire either 1) application of a skin abrasion paste and electrolyte gel in order to obtain
low impedance between the skin and electrodes (wet electrodes), 2) simple application of
solution to electrodes or 3) no preparation (dry electrodes).

The advantage of wet electrodes is low skin-electrode impedance. The conventional
high-density EEG headset with either 64, 128 or 256 channels is typically based on wet
electrodes, and is capable of obtaining the high quality of signal required for research in
cognitive neuroscience. However, the preparation of multiple electrodes and the con-
sequent disassembly and cleaning of the patients scalp are both time-consuming and
cumbersome for users. Compared to the traditional wet electrodes, the signal quality of
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dry electrodes is typically lower; however the latest dry-electrode EEG headsets require
shorter preparation time and have recently provided sufficient signal quality for BCI ap-
plications [25]. The main limitation of the dry EEG headset is comfort; the headsets need
to be attached to the skin firmly, therefore applying constant pressure against the scalp
and decreasing comfort.

Another example of a portable EEG system is ear-EEG - the development of both in-
ear and around-ear EEG systems (discussed in detail in Section 1.2).

1.1.3 Mobile EEG

A “mobile EEG” system should enable the user to monitor their brain activity in a variety of
real world environments in order to examine associated changes in motor cognition; this
is termed “active sensing’ [26]. If the participants move during recordings, both 1) brain
related electrical activity and 2) the electrical activity produced by muscles (e.g. eyes,
neck movements) are recorded in the EEG channel. In other words, the recorded EEG
signals are smeared by the artefacts. In order to minimise these motion artefacts, the EEG
recordings are typically conducted in static environments which restrict the participant’s
movements.

Recently, both latest signal processing and advanced sensing technologies have en-
abled proof-of-concept mobile EEG studies, which are based on the replication of the con-
ventional laboratory-based EEG recordings during motions [27]. One such mobile EEG
project is called the mobile brain/body imaging (MoBI) approach [4, 5]. In this project, the
authors aimed to monitor brain activity using a medical grade stationary EEG amplifier
and a high-density on-scalp EEG headset while the participant was performing a gait mo-
tion on a treadmill. The recorded EEG signals during the movements were pre-processed
and cleaned by applying signal processing algorithms, such as those based on independ-
ent component analysis (ICA) [28]; a source separation algorithm that can be used for
identifying brain-related potential and separating these from motion related artefacts in
the noisy measurements. These studies have also shown to be useful in identifying the
characteristic artefacts arising from different real world scenarios, such as walking [29].

De Vos et al. utilised the latest sensing technology to conduct EEG recordings from
subjects walking outside, and outdoor seated EEG recordings [30], while Zink et al. con-
ducted similar EEG experiments on subjects during indoor cycling [31]. These two stud-
ies have demonstrated the feasibility of EEG monitoring in a dynamic recording setup,
however, the utilised on-scalp EEG headsets cover the entire scalp and are not suited to
long-term brain monitoring.

In a separate mobile EEG study, Liao ef al. developed a different type of system, with
dry electrodes attached to springs, with a view of increasing the headsets tolerance to
motion and improving the skin-electrode contact impedance [32]. An extensive review of
the mobile EEG applications can be found in [33].
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1.1.4 Transparent EEG

The term “transparent EEG” was introduced by Bleichner and Debener [9] as “a portable,
motion-tolerant, self-applicable, highly unobtrusive, near invisible, and comfortable to
wear EEG system”. The system should be wearable and offer ubiquity — “good technology
will work seamlessly into our lives and workflows in such a way that we fail to even notice
that it exists [34]” [35]. In other words, a transparent EEG system must:

1. Record an EEG signal-to-noise ratio (SNR) comparable to that of conventional EEG,
2. Utilise small sensors and amplifiers such that the EEG system is portable,

3. Perform robustly during motion, so that it is suited to mobile EEG applications.

Note that a transparent EEG should keep low skin-electrode impedance over a long period
of time. Therefore, ideally, the wires and amplifiers should only be minimally exposed
to the environment, and placed in such a way that does not impede the users everyday
activity.

For example, an EEG system can be made small enough so that it can be integrated
into head worn accessories such as spectacles, earphones or hearing aids. The recorded
signals from these inconspicuous devices are wirelessly transmitted to a smartphone or
are stored within the device. The transmitted data can be sequentially analysed in a smart-
phone or in a data logger, which gives feedback to the user. Figure 1.1 depicts examples
of conventional EEG, portable EEG, and mobile EEG; Table 1.1 summarises the comparison
of the different EEG systems.

Table 1.1: Comparison of next generation EEG systems.

| Conventional EEG Portable EEG Mobile EEG | Transparent EEG
Properties | Clinical, high quality =~ Small system (e.g. Robust for High quality,
electrodes, movement small system,
amplifier) robust for
movement
Objects Diagnosis, cognitive, EEG monitoring Cognitive process EEG monitoring
neuroimaging with small devices during motion in the real world
Amplifier Stationary Small and/or - Small and
wireless wireless
# of Large (e.g. > 32 ch) Small - Small
channels
Environ- Controlled (Normally) In the real world In the real world
ment controlled
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Figure 1.1: Examples of the conventional EEG, the mobile EEG and the portable EEG. The transparent
EEG is categorised into in the middle of this diagram (Yellow circle). (1) Controlling a synthetic
arm in laboratory [1, 2] and (2) controlling a wheelchair in a room [3] — BCI motor imagery tasks.
(3) High-density EEG recording during dart games [4], and (4) high-density EEG recordings on
the treadmill [5] — MoBI project. (5) Event related potential recordings on a fixed bike. (6) Visual
evoked potential recordings during walking with a commercial headset [6]. (7) Emotiv EPOC+ [7]
and (8) Neurosky Brainlink [8] — commercial wireless EEG headset. (9) The cEEGrid [9], and (10)
the generic earpiece [10] — the ear-EEG technology.

1.2 Ear-EEG system
1.2.1 Original in-ear EEG system

A new concept that demonstrates the most advanced sensing technology has recently
been introduced into the research community; the in-ear physiological monitor, shown
in Figure 1.2 [11]. The objective of in-ear EEG is to record electrical potentials in the ear
canal enabling a discreet, unobtrusive, and user-centred approach to brain monitoring.
In-ear EEG promises a number of advantages over existing solutions, for example, fixed
electrode locations, user comfort, and ease of use [36]. These features are all crucial in
achieving long term brain monitoring in the real world. At the genesis of in-ear EEG re-
search, the in-ear recording concept employed several standard EEG paradigms, bench-
marked against conventional on-scalp EEG. The amplitude of in-ear EEG is smaller than
that of on-scalp EEG, whereas the SNR of in-ear EEG is found to be similar to that of on-
scalp EEG in terms of steady state responses [37, 38, 39]; therefore in-ear EEG has been
validated to provide on-par signal quality, compared to conventional on-scalp EEG.

Since the initial validation studies [11, 36, 37, 38, 39], the in-ear EEG system has been
further developed and validated, especially in 1) sensor developments and 2) applications.
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Figure 1.2: The concept of in-ear physiological monitoring [11].

1.2.2 Sensor developments and around-ear EEG system

The original in-ear sensor was in the form of a custom-made hard-shell earpiece, which
is similar to an earplug used in a hearing-aid application. Even though the personalised
earpiece fits tightly to the user’s ear canal and enables good quality EEG recording, this
custom-made earpiece, which is manufactured by 3D scanning, is not ideal in terms of the
sensor production cost. In order to address the issues of cost, multiple earpieces have been
introduced, such as those made by silicon [37] and using commercial earphone ear-tips
[40].

Professor Mandic’s group has introduced a one-size-fits-all viscoelastic earpiece; the
sensor is made from an affordable/consumable standard foam earplug [41], shown in
Figure 1.3 (a, b). The viscoelastic substrate expands after insertion and maintains a stable
interface with the ear canal, so the electrodes fit firmly inside the ear canal. These vis-
coelastic earpieces are able to record both mechanical signals (e.g. pulsation in the ear)
[42] and electrical signals (in-ear EEG) simultaneously. Recently, this viscoelastic in-ear

sensor was also used for monitoring cardiac activity [10, 43].

In a different approach, around-ear EEG recordings have also been proposed. Norton
et al. demonstrated mesh electrodes made by multilayers of gold electrodes, and conduc-
ted EEG recordings from the pinna [44]. Bleichner et al. proposed miniaturised EEG
electrodes, which are able to record EEG from the concha - the around-ear EEG device
is named cEEGrid [9, 12]. The sensor arrays are 3D printed, and placed around the ear.
Figure 1.3 (c, d) show the around-ear EEG sensor (cEEGrid).

In this thesis, the term ‘ear-EEG’ refers to both in-ear EEG and around-ear EEG.
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In-ear EEG
EEG Electrode

Figure 1.3: An example of recent ear-EEG technology. (a, b) In-ear generic earpiece; (c, d) around-
ear cEEGrid. Images are adapted from [9, 10, 12].

1.2.3 Ear-EEG application

Before 2014, the ear-EEG research involved validation studies using several standard EEG
paradigms investigating the quality of signals from the in-ear, compared to the recorded
potentials from an on-scalp EEG headset. After these preliminary studies, ear-EEG ap-
plication (i.e. use of ear-EEG) has been further investigated, especially by leading groups
from Imperial College London (viscoelastic in-ear sensor), Aarhus University (person-
alised hard-shell in-ear sensor), and University of Oldenburg and University of Oxford
(around-ear sensor). Several other groups have also produced ear-EEG work in the area
of sensor development, investigating ear-EEG artefacts, sleep monitoring, fatigue eval-
uation, estimating hearing levels, biometric person authentication, and BClIs. Typically,
these proposed ear-EEG applications have been validated by following the exact same
or similar protocols from conventional on-scalp EEG based studies; the responses un-
der a certain condition from the ear were compared to those from on-scalp EEG, for ex-
ample, investigating the similarity of responses (correlation, coherence) in the two sys-
tems. Table 1.2 summarises the ear-EEG applications in the different categories and the
research groups.

1.2.4 Could ear-EEG be a ‘transparent EEG"?

As discussed in Section 1.1.4, the transparent EEG is “a portable, motion-tolerant, self-
applicable, highly unobtrusive, near invisible, and comfortable to wear EEG system” [9].
Among recent EEG research in engineering (see Figure 1.1), the ear-EEG system pertains
to a portable EEG — a technology with a recording system that is small enough to be car-
ried around. The quality of ear-EEG (i.e. the SNR) is proven to be similar to that of con-
ventional on-scalp EEG (conventional EEG). However, the ear-EEG system is only able to
measure responses from the in-/around- ear, therefore designing certain application with
ear-EEG is not feasible, for example an EEG-based motor imagery BCI is not feasible as
the ear sensor would be too far from the motor cortex to translate motor signals. Here,
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Table 1.2: Various ear-EEG systems and their applications.

Before Concept [11], overview [36], generic earpiece [37], steady-state responses [38, 39]
2014
From 2014 In-ear viscoelastic In-ear hardshell Around-ear cEEGrid Others
(Imperial College) (Aarhus) (Oldenburg, Oxford)
Overview [10] [45], mutual [9,12] Behind-ear [44, 48]
information between
ear and scalp [46],
reference configuration
[47]
Sensor Viscoelastic [41], High-density [49], dry Before around-ear Soft material [52],
develop- co-located electrode [50] sensor [51] ear-EOG [53], heart and
ment mechanical sensor breathing rate monitor
[42] [54]
Artefacts Artefacts [55], epilepsy Behind ear, epilepsy
[56], seizures [57] [58]
Sleep Nap [15, 59, 60, 61], Overnight [63, 64, 65] Overnight [66, 67] Overnight [68, 69, 70],
overnight [62] driver drowsiness [71]
Fatigue Driver fatigue with
Neurosky [72]
Hearing Hearing threshold Auditory attention [75], Hearing attention
[73, 74] speaker detection [76], [78,79]
recognition and ERP
[771
Biomet- [80] With Neurosky [81]
rics
BCI, P300 [82] Visual task and ERP P300 [84, 85], with
cognitive [83] Neurosky [86]

the properties of our in-ear EEG system, which is based on a one-size-fits-all viscoelastic

earpiece (Figure 1.3 (a, b)) in outlined, in the context of transparent EEG applications:

o Portability: The size of a viscoelastic earpiece (in-ear EEG sensor) is approximately

25mm in length and 12mm in diameter, and the two electrodes are embedded on
the surface of an earpiece. In terms of an amplifier, our research group has been
developing and testing a custom-made portable bio-amplifier, which is the size of
a matchbox and powered by a coin cell battery, called iAmp. The iAmp stores the
recorded physiological data on a Micro SD card, on the other hand, the data cannot
be analysed in real time.

o Motion-tolerance: Noise removal methods have been tested under jaw-clenching arte-
fact conditions [10]. In terms of active sensing scenarios, for example recording dur-
ing walking or cycling, the in-ear EEG system has not been validated yet. Due to the
nature of the in-ear sensor, the viscoelastic substrate expands after insertion, so the
electrodes fit firmly inside the ear canal; therefore, the sensor is not likely to be dis-
lodged during subtle head movements associated with walking.

e Ease of use: Users are able to insert the sensor by themselves, as when wearing an
earplug; however, initially, the users would need to be instructed by a trained person
to apply conductive gel to the electrodes.

o Discreet nature: After the insertion, the sensor conforms to the shape of the ear canal,

therefore the users can wear the viscoelastic in-ear sensor comfortably. The in-ear
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sensor sits discreetly inside the ear canal, however the cables from the sensor to the
amplifier are still visible.

e Robustness: For the recording time, Goverdovsky et al. investigated the skin-electrode
impedance over a long period of time — after 8 hours, the median impedances were

lower than 10 ke among four out of five subjects [10].

Overall, the latest in-ear system with a viscoelastic earpiece is capable of being a trans-

parent EEG — brain monitoring in real world environments.

1.3 Problem formulation

In the area of BCIs, numerous EEG-based systems have been proposed for enhancing the
user’s quality of life — including controlling a prosthetic arm [2], controlling a wheelchair
[3], and using a visual speller [87]. These experiments have been conducted in highly con-
trolled environments, where the optimum quality of EEG has been recorded to faithfully
investigate the relationship between the EEG responses and the participant’s condition.
These EEG-based applications are able to give neural feedback based on the recorded
brain activity in real-time. Following these successes, EEG-based applications are invest-
igated, emphasising the importance of the following factors:

o Environment: The recording setup can be applied in the real world (e.g. setup time,
with/without trained person’s assistance);

e Unobtrusive: The recording device should be comfortable to wear and should im-
pede the user as little as possible [36];

e Feasibility: Maximising the tradeoff between the number of channels, the SNR, and

unobtrusiveness.

To address these aspects, feasible brain monitoring systems and their applications, which
are based on a readily wearable in-ear EEG sensor, are exhibited. Again, the recorded sig-
nal from the ear is spatially limited (ideally the entire cortex would be covered); therefore
the feasibility of in-ear EEG applications, which can facilitate the user’s quality of life, are
evaluated in the two domains:

1. Automatic sleep monitoring with in-ear EEG;

2. Person authentication with in-ear EEG.

1.3.1 In-ear EEG for sleep monitoring

Sleep is an essential process for human well-being, and its quality reflects both a persons
lifestyle as well as various medical conditions. Quality of sleep is considered one of the
most important current topics in sleep medicine, and is typically investigated by recording
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a persons sleep patterns in a sleep clinic. The current clinical sleep monitoring (polysom-
nography, PSG) represents sleep profiles of individuals rigorously and comprehensively
[16], however, the expensive and cumbersome nature of PSG may even disturb patients
normal sleep, thus affecting diagnosis and treatment. During the analysis, the recorded
PSG data are scored manually by a trained sleep clinician; given the scale of sleep dis-
orders in our modern society, this imposes unrealistic demands on their time and incurs
economic costs. Therefore, from a point of view of continuous widely affordable health-
care in the community, conventional sleep monitoring based on the PSG is not realistic.

In the current research, to address these two issues, multiple potential solutions have
been proposed, which fall under the two main categories:

e Employ standard PSG but replace the clinician with an automatic scoring system
[88],

e Use wearable sensing, possibly with a reduced number of sensing modalities (e.g.
only EEG or actigraphy — a wrist worn device), and perform the analysis either by
the clinician or automatically based on machine learning (ML) [89].

In this thesis, with the one-size-fits-all in-ear sensing system, the feasibility of sleep
monitoring in the community is validated in the following setups:

1. Algorithms: Develop automatic sleep staging algorithms based on EEG, and validate
the performance using the publicly available sleep datasets;

2. Wearable sensing: Conduct sleep monitoring using viscoelastic in-ear sensors, which

can be readily worn by users;

3. Comparison with the current standard: Record in-ear EEG and the PSG (or on-scalp
EEG) simultaneously, and compare the so-obtained signals from two recording sys-
tems;

4. Real world applications: A ‘real world” out-of-clinic overnight sleep scenario, namely
in participants” homes to reflect their normal sleep patterns.

1.3.2 In-ear EEG for person authentication

Person authentication refers to the process of confirming the claimed identity of an in-
dividual, and is already present in many aspects of life, such as electronic banking and
border control. Most extensively used recognition methods are based on knowledge (e.g.
password, PIN) and tokens (e.g. passport, card) [90], however, these are also vulnerable
to fraud, such as theft and forgery, and can be easily used by imposters. In contrast, bio-
metric recognition methods (e.g. fingerprints, iris) rest upon unique physiological or be-
havioural characteristics of a person, thus largely overcome the above vulnerabilities.
One of the currently investigated biometric modalities is EEG; the EEG fulfils the
requirements of universality (each person should possess the given biometric character-
istic), as it can be recorded from anyone, together with the uniqueness. Specifically, the
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individual differences of EEG alpha rhythms has been examined [91] and reported to
exhibit a significant power in discriminating individuals [92] in the area of clinical neuro-
physiology. The brain activity is neither exposed to surroundings nor possible to be cap-
tured at a distance, therefore the brain patterns of an individual are robust to forgery, un-
like face, iris, and fingerprints. The EEG is therefore more robust against imposters attacks
than other biometrics. However, in order to utilise EEG signals in the real world, several
key properties such as permanence (the biometric characteristic should neither change with
time nor be alterable) and collectability (the characteristic should be readily measurable by
a sensor and readily quantifiable) must be further addressed.

In this thesis, EEG-based biometrics are established and their feasibility is validated
in the following setups:

1. Collectability: Biometrics verification is evaluated with a wearable and easy to set up
in-ear sensor (in-ear EEG),

2. Uniqueness and permanence: These issues are addressed through subject-dependent
EEG features which are recorded over temporally distinct recording days.

Note that the in-ear EEG biometrics is still in a proof-of-concept stage as the data collection
was undertaken in the research lab, which is a controlled environment.

1.4 Contribution of the thesis

The contributions of this thesis can be divided into three parts, and these correspond to
the organisation of this thesis, as shown in Figure 1.4 below.

Part I: State-of-the-art automatic sleep stage classification

For clinical diagnostic purposes, the PSG, which is based on a multitude of physiological
responses, including the EEG, EOG, and EMG, has been extensively utilised to monitor
sleep. While the PSG is able to faithfully reflect human sleep patterns, the scoring process
is expensive as it involves time-consuming manual scoring by a trained clinician. To alle-
viate this problem, computer based sleep staging has been developed in order to minimise
analysis time. Automatic sleep stage classification from EEGs using complexity science
methods is conducted. The proposed method applies fuzzy entropy and permutation en-
tropy for multi-scale entropy analysis. As a state-of-the-art, such classification methods
are validated using the Sleep-EDF [93] dataset, and outperform methods proposed in pre-
vious studies. The same classification methods are applied for further validation in a ‘big
data’ scenario — using the PSG recordings from 515 individuals [94].

Relevant publications:

T. Nakamura, T. Adjei, Y. Alquarashi, D. Looney, M. J. Morrell, and D. P. Mandic, “Com-
plexity science for sleep stage classification from EEG,” in Proc. IEEE Int. Joint Conf.
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Figure 1.4: Publications and thesis structure.

on Neural Netw. (IJCNN), pp. 4387-4394, 2017.

T. Nakamura, H. J. Davies and D. P. Mandic, “Scalable automatic sleep staging in the era
of Big Data,” in Proc. IEEE Int. Eng. in Med. and Biology Conference (EMBC), 2019

(to appear).

Part II: Proof-of-concept in-ear EEG applications

The concept of ear-EEG was originally proposed in 2011 [11]. This novel physiological
sensing idea has been validated in several different ways, including comparing recorded
steady-state responses from in-ear to those from on-scalp [36, 39]. After these valida-
tion studies, the quality of ear-EEG has been demonstrated to be on a par with that of
conventional on-scalp EEG. Since then, multiple ear-EEG based applications have been
proposed, and are shown in Table 1.2. The main challenge of ear-EEG application is the
trade-off between the performance (e.g. classification, prediction, decoding accuracy) and
the unobtrusiveness (impeding the user’s activities as little as possible). In other words,
the user’s physiological condition is only examined from the in-ear responses. In this
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1.4 Contribution of the thesis

thesis, in-ear EEG applications are developed, particularly in the area of sleep and person
authentication. First of all, the exact same (or similar) experiments to previous on-scalp
based EEG applications presented in the literature are designed to conduct experiments,
which monitors EEG from in-ear locations (or from both on-scalp and in-ear). The aim
of such proof-of-concept studies is to replicate and compare the results to the previous
on-scalp EEG studies. Through comparison to the previous studies, the feasibility of our
in-ear EEG application is evaluated in the area of sleep and person authentication.

Relevant publications:

T. Nakamura, V. Goverdovsky, M. J. Morrell, and D. P. Mandic, “Automatic sleep monit-

oring using ear-EEG,” IEEE Journal of Translational Engineering in Health and Medicine
(JTEHM), vol. 5, Article no. 2702558, 2017.

T. Nakamura, Y. D. Alqurashi, M. J. Morrell, and D. P. Mandic, “Automatic detection of
drowsiness using in-ear EEG,” in Proc. IEEE Int. Joint Conf. on Neural Netw. (I[CNN),
pp- 5569-5574, 2018.

T. Nakamura, V. Goverdovsky, and D. P. Mandic, “In-ear EEG biometrics for feasible and
readily collectable real-world person authentication,” IEEE Transactions on Informa-
tion Forensics and Security (TIFS), vol. 13, no. 3, pp. 648-661, 2018.

Part III: In-ear EEG application towards ‘transparent EEG’

In Part I and II, 1) an automatic sleep stage classification with the state-of-the-art per-
formance, and 2) a sleep monitoring with the in-ear EEG are proposed. Combining the
two findings, the feasibility of sleep monitoring in the community is further investigated
using an in-ear sensor. Overnight sleep monitoring with simultaneous standard PSG
and in-ear EEG is conducted in participants” homes; such familiar environments are a
key factor to achieving truly representative sleep monitoring, as this minimises the stress
and inconvenience of the participants while maximising the likelihood of exhibiting usual
sleep patterns. Through a rigorous comparative examination of performance metrics of
an automatic sleep staging method based on in-ear EEG and the manually scored hyp-
nogram (based on the standard PSG), the feasibility of automatic overnight sleep monit-
oring in out-of-clinic scenarios with readily deployable one-size-fits-all in-ear sensors is
confirmed.

The overnight sleep study with viscoelastic earpieces mostly fulfils the requirements
for transparent EEG — Portable: the sensor is only located the in-ear; Motion-tolerant: the
sensor fits tightly and is not dislodged during the night; Self-applicable: the viscoelastic in-
ear sensor can be easily applied by the user; Highly unobtrusive: the sensor does not disturb
the subject’s sleep; Near invisible: the in-ear sensor is much smaller than the conventional
PSG; and Comfortable to wear: the sensor is capable of monitoring the quality of EEG during
the entire night. Consequently, the proposed in-ear EEG based sleep monitoring can be
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a proxy for a 24/7 continuously wearable alternative to conventional cumbersome and
expensive sleep monitoring. As a part of transparent EEG, this in-ear EEG technology
promises to be a viable method for readily wearable sleep monitoring in the community,
a key to affordable and future healthcare.

Relevant publications:

T. Nakamura, Y. D. Alqurashi, M. J. Morrell, and D. P. Mandic, “Hearables: Automatic
overnight sleep monitoring with standardised in-ear EEG sensor,” IEEE Transactions

on Biomedical Engineering (TBME) (in press).

1.5 Thesis organisation

Figure 1.4 illustrates an overview of this thesis, which is organised as follows:

Chapter 2: Algorithms and preliminaries

This chapter outlines the signal processing and ML algorithms used in the automatic sleep
staging for both on-scalp EEG and in-ear EEG. The combination of the selected feature ex-
traction and classifier yields the state-of-the-art automatic sleep staging performance in
benchmarking datasets. The structural complexity and frequency domain features are
calculated in this study, whereas the classification method is based on supervised ML al-
gorithms, including the support vector machine (SVM) and the extreme learning machine
(ELM). In order to incorporate the transitional information in the automatic sleep staging,
a smoothing algorithm based on a hidden Markov model (HMM) is added.

Part I: State-of-the-art automatic sleep stage classification
Chapter 3: Structural complexity analysis for automatic sleep staging

This chapter shows the possibility of automatic sleep stage classification based on struc-
tural complexity analyses. The classification performance is evaluated using a bench-
marking publicly available sleep dataset, PhysioNet Sleep-EDF [93], which contains the
overnight on-scalp EEG recordings from 61 individuals. The proposed methods outper-
form other existing studies in the literature, thus the combination of two features, 1) struc-
tural complexity features (multi-scale entropy) and 2) non-linear frequency domain fea-
tures (spectral edge frequency), are shown to be effective for classifying sleep stages from
a limited number of EEG channels.

Chapter 4: Automatic sleep staging for large scale data

Effective feature extraction for automatic sleep staging is proposed in Chapter 3; however,
in the real world scenario, the scalability and computational cost of the classifier are as
important as the prediction accuracy, especially for the large-scale data analysis. In this
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chapter, the computationally efficient classifier, the ELM, is introduced. A publicly avail-
able large-scale PSG dataset, recorded from 515 individuals [94] is employed to evaluate
the performance. The classification performance is compared with multiple validation
setups, for example changing the number of training subjects. The chapter concludes by
outlining the recent automatic sleep staging methods based on “deep learning’.

Part II: Proof-of-concept in-ear EEG applications
Chapter 5: Automatic sleep staging using in-ear EEG for nap data

In Part I, the automatic sleep stage classification methods using structural complexity
analyses is proposed, and their performance is evaluated using publicly available on-
scalp sleep EEG datasets. Therefore, the automatic sleep staging can be a proxy for time-
consuming, conventional, manual sleep scoring by clinician. Next, the issues related to
sleep monitoring are resolved. Currently, the PSG is a standard methodology to monitor
sleep in a clinical setting. The sleep profiles of individuals based on the PSG are rigorous
and comprehensive, however, the patients’ normal sleep can be impeded by the PSG re-
cordings. To alleviate the problem, sleep monitoring with wearable devices, for example
wrist worn actigraphy, has been examined in the research community. In this chapter, as a
proof-of-concept, automatic wearable sleep monitoring in the community is investigated
by analysing the agreement between the automatically predicted sleep stages by in-ear
EEG and on-scalp EEG patterns.

Chapter 6: Automatic detection of drowsiness using in-ear EEG

In the previous chapter, the feasibility of the in-ear sensor in a sleep monitoring applica-
tion is validated and shown that the in-ear sensor is capable of monitoring sleep-related
physiological responses. In this chapter, the in-ear sensing application in the area of day-
time sleepiness is further investigated. Sleepiness is a symptom and a subjective para-
meter (dependant on how the individual perceives the intensity of the urge to fall asleep).
The state of being sleepy appears to be linked to drowsiness, which is the transition from
wakefulness to light sleep. Daytime nap data using on-scalp EEG headset and in-ear EEG
sensor is recorded simultaneously to validate whether in-ear EEG patterns can be used to
discriminate states of wakefulness and light sleep.

Chapter 7: Person authentication using in-ear EEG

This chapter focuses on a different aspect of user well-being. The person authentication
paradigm based on EEG (EEG biometrics) is examined. Biometric recognition methods
(e.g. fingerprints, iris, face), which are based on unique physiological or behavioural char-
acteristics of a person, have recently become more accessible with the advanced pattern re-
cognition and sensing technologies. In the research community, there are multiple proof-
of-concept biometrics based on on-scalp EEG; however, a technical problem still remains
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for deployment in real world scenarios — the cumbersome and obtrusive nature of on-
scalp EEG. The chapter first summarises the concept of EEG biometrics and the existing
standard approaches, and formalises the research objective of readily applicable EEG bio-
metrics using an in-ear sensor. Comprehensive analysis over a number of subjects, setups,
and analysis features demonstrates the feasibility of the proposed in-ear EEG biometrics,
and its potential in resolving the critical collectability, robustness, and reproducibility is-
sues associated with current EEG biometrics.

Part III: In-ear EEG application towards ‘transparent EEG’
Chapter 8: Automatic overnight sleep monitoring using in-ear EEG

In Part II, the feasibility of multiple in-ear EEG application in the area of sleep and person
authentication is validated. These proof-of-concept in-ear EEG applications contribute to
the Portable EEG research, whereby the recording devices are small enough to be worn
around. The in-ear EEG recordings in Part II are conducted inside the research laborat-
ory, which is a controlled environment. In this chapter, the feasibility of in-ear EEG sleep
monitoring is further investigated in out-of-laboratory scenarios. To this end, both con-
ventional PSG and in-ear EEG are recorded during the night, in the subjects” homes. The
simultaneous EEG from on-scalp and in-ear are used for automatic sleep staging based on
the proposed techniques in Chapter 3, whereas the corresponding hypnogram is manu-
ally scored based on the PSG recordings. From the agreement between automatic scoring
based on in-ear EEG and manually scored hypnogram based on the PSG, it is found that
the in-ear sensor is capable of monitoring overnight sleep outside the sleep laboratory
and mitigates technical difficulties associated with PSG. This technology promises to be
a viable method for readily wearable sleep monitoring in the community as an example
of a transparent EEG system, a key to affordable and future healthcare.

Chapter 9: Conclusions and future work

This chapter outlines the research findings from this thesis and summarises future works.
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Chapter 2

Algorithms and preliminaries

Overview

In this chapter, algorithms for the automatic sleep staging are outlined, including 1) fea-
ture extractions, 2) classifiers, and 3) metrics for performance evaluation. Table 2.1 sum-
marises the algorithms used in different chapters in this thesis. For a full list of acronyms
and their meanings, please see List of Abbreviations in the preamble.

Table 2.1: The details of feature extraction and classification methods in the chapters.

Chapter Dataset Details Feature extraction Classifier

3 Sleep-EDF ~ Overnight ~ On-scalp MSE + SEF SVM
. ) MSE + SEF (Setup-N) ELM (SVM,
4 CCSHS Overnight  On-scalp Time + Frequency (Setup-S) RF, LDA)*
5 Private Nap In-ear MSE + SEF SVM
6 Private Nap In-ear MSE SVM
.8 __ _Drivate  Ovemnight _ In-ear MSE+SEF SWM _ .

7 Private Biometrics In-ear AR + Frequency Cosine distance

(SVM, LDA)

Dataset: Sleep-EDF [93], CCSHS (Cleveland Children’s Sleep and Health Study) [95].

Feature extraction: MSE (multi-scale entropy), SEF (spectral edge frequency), AR (autoregressive model).
Classifier: SVM (support vector machine), ELM (extreme learning machine), RF (random forest), LDA
(linear discriminant analysis).

*: HMM (hidden Markov model) is used as smoothing algorithm.

2.1 Feature extraction
2.1.1 Structural complexity analyses for automatic sleep staging

Multi-scale entropy (MSE)

The multi-scale entropy (MSE) method [96] measures the amount of structural complex-
ity in a time series. The MSE can be calculated using different types of entropy, such as
approximate entropy and sample entropy, from multiple coarse-grained time series. In
the automatic sleep stage classification, the multi-scale sample entropy (MSSE) has pre-
viously been used [97]. In this thesis, the fuzzy entropy (FE) [98] and the permutation
entropy (PE) [99] are used for MSE calculation.
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2.1 Feature extraction

Here 1 : N denotes the sequence 1,2, ..., N. Given an EEG signal with NV data points,
(i) wherei = 1 : N, a coarse-grained time series y(7)(j) is generated, where 7 is the scale
factor. This is achieved by dividing a given EEG signal into non-overlapping windows of
length 7, and by averaging within the divided window as

1
() — & . .
y G == Y a6), 1<j<M, (2.1)
i=(j—1)7+1

where M, = ng = |y{7)| is the length of the obtained coarse-grained time series.

Therefore, y(!)(j) corresponds to the original EEG signal, while the length of the
coarse-grained time series is simply the length of the original EEG signal N divided by
7. In this thesis, the scale parameter is selected between 1 to 30, 7 = 1 — 30 (Tmin = 1 and
Tmax = 30) for multi-scale fuzzy entropy, whereas 7 = 1 — 20 for multi-scale permutation
entropy.

Multi-scale fuzzy entropy (MSFE)

The FE [98] is used in this thesis as it is robust to noisy measurements and relatively
consistent; this consistency makes it well suited to relatively short physiological signals,
which in turn makes it appropriate for use with small embedding dimensions.

For the sample entropy (SampkE) [100], the similarity between two vectors is cal-
culated by a Heaviside function. Here, the similarity between a m-dimensional vector
Y., (i) € R™ and another vector Y;,(j) € R™ is evaluated by a given threshold r, whether

the maximum norm distance between two vectors is smaller or larger than the threshold

as
) = 1 (dij S 7’)
pldij.r) = { 0= (22)
where
dif = d[Yin (i), Y (j)] = max (jy(i+1-1) —y(j +1-1)]) (2.3)

denotes the maximum norm distance between two vectors with delays. m is typically
selected between 2 to 7.

For the FE, the degree of similarity is evaluated based on a fuzzy membership func-
tion, which is a ‘smooth’ curve with respect to the distance between the two delay vectors
(cf. sharp discontinuity of a Heaviside function in the SampE). In other words, as the dis-
tance between Y;,, () and Y;,,(j) increases, the degree of similarity between the two vectors
decreases gradually to zero. The multi-scale fuzzy entropy (MSFE) is calculated in the
similar way to the MSSE; an entropy is calculated for each coarse-grained time series.

First, the coarse-grained time series is calculated from an input EEG signal x(i) with
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N data points by (2.1) with a given scale parameter 7. For the coarse-grained time series,
y(")(i) where i = 1 : M,, with the length of M, and a given parameter m, a delay vector
is computed by removing the baseline (local mean) as follows

Y060 = [y7@) =y 0,570 + 1) = gD @),y +m = 1) =y @], @4

where

—1
¥+ 7). (2.5)

3

1
m

y( (i) =

.
Il
<)

Repeat M, —m+ 1 times to compute all delay vectors. The distance (the maximum norm)
between any two delay vectors with the length of m, Y, (i) and Y, (j), is computed by
(2.3) as

dPm = dy,D@), v, 0)]
= max |y +1-1) =00~y OG-0 +yOG)] . @)

With a given delay vector v )( ) and a tolerance parameter (threshold) r, the degree of

(1),m

similarity D;;”" between the another delay vector )4 )( j) is calculated using a fuzzy

membership function as
(7),;m — (r),m
Dj; (r) = N(dij ,7) (2.7)

(r);m\?
= exp _<di]2.7"2> . (2.8)

In this thesis, the Gaussian function is used as a fuzzy membership function. Here ¢(7)™(r)
define the function to be,

1 M:—m M:—m—1
(T)7m —
N = 3 2 M—m—lj%zD (29)

The (7)™ (r) represents the probability that any two delay vectors are similar in the di-
mension m. (Namely, the ¢(7)"+1(r) is the probability that any two delay vectors will be
similar in the dimension m + 1.) Finally, the original MSSE is calculated as the negative
of the logarithm of the conditional probability; the probability, that the two delay vectors
close to each other in an m-dimensional space, will also be close to each other when the
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dimensionality is increased by one. Then the MSFE is computed as

(1),m+1
MSFE(r,m,r,N)=—In lW} . (2.10)

Multi-scale permutation entropy (MSPE)

In this thesis, PE [99] is calculated for each coarse-grained time series, which is called the
multi-scale permutation entropy (MSPE) [13]. The PE is a metric for detecting dynamical
changes and for estimating the information contained in a time series based on comparing
consecutive values of a time series. Compared to other entropy metrics, the PE requires
less computational time and is robust to noise in the measurements; hence, the method is
suited to time series with poor stationarity characteristics, such as physiological signals
[101].

First, the coarse-grained time series is calculated from an input time series x (i) with
N data points by (2.1) with a given scale parameter 7. For the coarse-grained time series,
y(T) (1) where i = 1 : M,, with the length of M, the series of vectors are obtained with
given embedding dimension d and time lag L

o0 = [y @),y G+ L),y D+ (- DL (2.11)
(7)

The so-obtained vector v, ’(i) is arranged in increasing order; in other words, sorted in
ascending order as

o) = [y + G = DD) <y + (o - D) < o <D+ Ga— D). 212)

From the sorted time series vc(lT) (i), the symbolic sequence [j1, jo, ..., j4] is obtained. Note
that for any sequence of length d, there are d! possible symbolic sequences — let the sym-
bolic sequences call motif s, where k = 1 : d!. Figure 2.1 illustrates the example of motif
extraction from a time series with given embedding dimension d = 3. For each motif s,
the frequency of occurrence, f(si), in the time series with the length of M is calculated.
When the time lag is L = 1, the relative frequency of each motif is therefore,

p(sk) = ]\/[Tffss)—i—l (2.13)

The PE for the time series is defined as the Shannon entropy for the d! motifs, which can
be expressed as

H(d) == p(sk) Inp(sk), (2.14)
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while the normalised MSPE entropy is given by

H(d)

o < L. (2.15)

0< MSPE(r,d,L =1,N) =

Motif #1  Motif #2 Motif #3 Motif #4 Motif #5 Motif #6

A

© Data sample

i =1, Motif #2, L=2

e

i =2, Motif #1, L=1

i =1, Motif #1, L=1

Time

Figure 2.1: Extraction of motif for the permutation entropy with the embedding dimension d = 3.
Figure is adapted and modified from [13].

MSE for sleep analysis

The MSE method is employed to quantify the amount of structure (correlation) in time
series, often referred to as the underlying system complexity. The complexity is small for
both deterministic (predictable) and uncorrelated random (unpredictable) signals eval-
uated over larger scales 7, whereas it is large for correlated (linear and/or nonlinear)
stochastic processes [102]. Therefore, multi-scale sample entropy values for uncorrelated
white noise monotonically decrease as scale increases, whilst the entropy values for 1/ f
noise remain constant over multiple scales [96].

The motivation of MSE analysis for automatic sleep staging is to measure the de-
gree of complexity of an EEG signal, which represents the depth of sleep (sleep stages).
As standard clinical methodology, the recorded data are scored manually according to a
sleep staging criteria, briefly summarised in Table 2.2. From the table, the sleep stage is
determined by multiple factors, and is not based solely on one frequency or time domain
component. Figure 2.2 illustrates different EEG sleep features, including alpha, theta, K-
complex, and delta activities, from an on-scalp and in-ear EEG channel. For instance, the
high frequency components (« activities) are observed in wakefulness, whereas the dom-
inant § activities are observed in the N3 sleep stage. Consequently, the lower complexity
in the N3 sleep stage than other sleep stages is observed in the MSPE analysis, shown in
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2.1 Feature extraction

Figure 2.3.

Table 2.2: Sleep stage scoring guideline for EEG (Adapted from [16]).

Stage | Details

w a = 8-13 Hz activity. low-voltage and mixed-frequency activity (4-7 Hz).

N1 | Low-voltage and mixed-frequency activity.

N2 | Appearance of sleep spindles and/or K complexes. Sleep spindles and K complexes each must
last 0.5s. < 20 % of the epoch may contain high-voltage activity (> 75 1V, < 2 Hz).

N3 | >20% of the epoch consists of high-voltage (> 75 ;:V) and low-frequency (< 2 Hz) activity.
REM | Relatively low-voltage and mixed-frequency.

100 On-scalp C3-A2, W: Alpha activity 5 OIn-ear Uppey Ch., W: A!pha activity
2O e i b 2 0 WMMWWMWWWW
-100 -20
10 0On-scalp C3-A2, N1: Theta activity 5 OIn-ear Upper Ch., N1: Theta activity
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On-scalp C3-A2, N2: K-complex In-ear Upper Ch., N2: K-complex
200
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On-scalp C3-A2, N3: Delta activity 50In-ear Upper Ch., N3: Delta activity
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Figure 2.2: EEG recordings from a single subject in different sleep stages. (Red) The on-scalp
C3-A2 channel; (Blue) the in-ear upper channel.

2.1.2 Frequency domain features for automatic sleep staging

Spectral edge frequency (SEF)

The r% spectral edge frequency (SEF) is the frequency below which 7% of the signal power
is contained; in other words, SEFr corresponds to % of the signal power and is given by

Jhigh , SEFr
fzf: |magnitude(f)[* x 100 = fzf: Imagnitude(f)[*.
= flow =Jlow
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Figure 2.3: Averaged MSPE for the overnight sleep of one participant for an in-ear upper channel
(Top) and an on-scalp C3-A2 channel (Bottom) over different sleep stages with scale 7 = 1 — 20.
The error bars represent the standard error.

Imtiaz et al. [103] used the difference between SEF95 and SEF50, called SEFd, in order to
detect the REM stage effectively; SEFd = SEF95 - SEF50. Figure 2.4 shows the SEF analysis
between 4-16 Hz.

The SEF has been employed to analyse physiological responses, specifically for sleep
EEG [104]. Figure 2.5 shows SEFd analysis between 0.5-16 Hz in the Fpz-Cz channel of
one subject (Subject ID: sc4001e0) from the Sleep-EDF dataset, and the corresponding
manually scored overnigth hypnogram. The SEFd decreases when the subject is in a deep
sleep (i.e. SWS or sleep stage 3) whereas it increases during REM sleep. Compared to the
normal spectral features, the SEF analysis is more robust for characterising different sleep

stages for two reasons:

e The window size (epoch size) of sleep stage analysis is 30 s according to the current
scoring criteria [105]. Abrupt electrode noise is occasionally recorded in 30 s epochs,
which can be ignored and does not affect the manual scoring; however, the abrupt
and high amplitude noise smears the spectral features, and especially changes the
spectral power value. In contrast, the SEF values are calculated from the frequency
value, not the spectral power. Therefore, the SEF feature is robust to noisy recording
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2.1 Feature extraction

Table 2.3: Parameters for feature extraction. (Left) Setup-N; (Right) Setup-S.

Setup-N Setup-S
Domain Details D Frequency band Domain Details D Frequency band
Structural . « 0—p Linelength 2
complexity MSE 20/30 0—-p8 Time Kurtosis 2 0—pB
- §—8 SampE 2
3 S—a T T TTTTTTTEoA il V¢ i)
3 0 4 0/(6—pB)
Frequency SEF 3 a Power 4 a/(6—B)
3 AJow features 4 6/0
; “high Frequency i g;g
Total 41/51% (Tchannel) o 5§
82/102* (2 channels) Kurtosis 1 0
MSE*: MSPE (D = 20), 41 features in total features 1 a
MSE*: MSFE (D = 30), 51 features in total 1 a
Total 34

conditions.

e The EEG amplitude becomes larger when the skin-electrode impedance is higher.
For overnight recordings from a single subject, the skin-electrode impedance is not
same over multiple recordings; In addition, the skin-electrode impedance may change
across the course of a recording. Consequently, the SEF feature is robust against the
skin-electrode impedance problem.

In this thesis, the frequency ranges for SEF50, SEF95, and SEFd were chosen in the
following bands; 6 — 8 = 0.5-30Hz, § — o = 0.5-16Hz, § = 4-8Hz, a = 8-15Hz, oy, =
8-11Hz, apigh = 11-15Hz, and # = 16-30 Hz.

The above frequency bands for sleep analysis were selected in two steps.

o First, the target frequency ranges were chosen based on sleep staging criteria [105],
summarised in Table 2.2. The frequency bands given in the table can be categorised
into 1) low-frequency (), 2) mixed-frequency (6), and 3) a band. In [19], the domin-
ant typical brain rhythms are given as 1) § = 0.5-4 Hz, 2) § =4-8 Hz, 3) « = 8-13Hz,
and 4) 8 = 13-30Hz. In addition, the frequency of sleep spindles, a signature re-
sponse of N2 sleep, is 11-15 Hz. Consequently, without overlaps, the five frequency
ranges are selected as 1) 6 = 0.5-4 Hz, 2) 6§ =4-8 Hz, 3) a = 8-15 Hz for sleep spindle,
and 4) 3 = 15-30 Hz.

e Second, the automatic classification performance is compared using the SEF fea-
tures of the selected frequency bands, extracted from the publicly available sleep-
EDF dataset [93]. There are three findings from this analysis: 1) the SEF features of
bands negatively influence the classification model (lower accuracy), 2) adding the
SEF features of whole frequency bands § — 8 and § — « increases the classification
accuracy, and 3) in addition to the whole « band, utilising two additional narrow
alpha bands, ajow = 8-11Hz and apign = 11-15Hz, improves the prediction per-
formance. Through the analysis, the frequency ranges for automatic sleep staging
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Algorithms and preliminaries

are selected; the same SEF features are used in the course of automatic sleep stage
experiments in this thesis.

Table 2.3 summarises the details of feature extraction for automatic sleep staging in
this thesis. Setup-N denotes the combination of MSE and SEF features, whereas Setup-S
denotes the same feature extraction technique in [106]. In Chapter 4, the classification
performance of automatic sleep staging based on the two methods, Setup-N and Setup-S,

are compared.

Power

4 6 8 10 12 14 16
Frequency [Hz]

Figure 2.4: SEF at 50 % and 95 % of the total signal power between 4-16 Hz.

Hypnogram-sc4001e0 and SEFd for 0.5-16 Hz

110

REM |

S1

[}
Frequency [Hz]

S2

SWS

Sleep hours

Figure 2.5: (Black) SEFd feature between 0.5-16 Hz in Fpz-Cz channel of one subject (Subject ID:
sc4001e0) from the Sleep-EDF dataset; (Blue) The manually scored hypnogram.

2.1.3 Other features for automatic sleep staging

Time and frequency domain features

In Chapter 4, two channels of EEG (i.e. C3-A2 and C4-A1 montage) are used for automatic
sleep staging classification. For Setup-S, D = 34 features are extracted from each 30 s EEG
epoch. As the time domain features, line length, kurtosis, and SampE are calculated; six
features (three features x two EEG channels) are extracted. Given a single channel of EEG
data with N = 30 x f, data points with the sampling frequency f;, (i) wherei =1: N,
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2.2 Classification

line length is calculated as Zfi‘ll |z(i+1) —2(i)|. As the frequency domain features,
the following bands are considered: 1) § = 0.5-4 Hz, 2) § =4-8Hz, 3) a« = 8-12Hz, and 4)
0 — B = 0.5-20 Hz. First, the spectrograms of two EEG channels are calculated using mul-
titaper method with the window length of 2s and 50 % window overlap. Therefore, for
each 30s epoch, there are 29 bins in the time domain ((30-2)/1 + 1 = 29). The so-obtained
spectrograms are averaged from two EEG channels. For each averaged spectrogram, four
features (95th percentile, minimum, mean, and standard deviation of band power) are
culculated in given frequency bands: 1) §/(6 — ), 2) 0/(6 — ), 3) o/ (0 — 3), 4) 6/, 5)
d/c, and 6) §/c. In total, 24 features (four features x six bands) are extracted as frequency
power. Additionally, kurtosis of a given band in the spectrogram is calculated: 1) §, 2)
6, 3) o, and 4) o = 12-20Hz. In total, four features are extracted as frequency kurtosis.
Overall, 34 features (6 + 24 + 4) are extracted for Setup-S in Chapter 4.

2.2 (Classification

2.2.1 Support vector machine (SVM) for classification

Support vector machine (SVM) is a popular ML method for classification [107]. The SVM
is a generalisation of a simple classifier called the maximal margin classifier, which re-
quires that the classes are separable by a linear boundary [108]. As an extension of the
maximal margin classifier, the SVM can accommodate non-linear class boundaries. The
SVM is originally designed by a binary classification problem, but extended to multi-class
classification.

Maximal margin classifier
The linear discriminant function is defined to be
f(x) = sgn(g(x)), where g(x)=wx + wp. (2.16)

The w and wy are the parameters to determine the discriminant function. Given d-dimensional
input vectors with N samples, {x; € R%,i = 1 : N}, and the corresponding binary class
label {y; € {1,—1},i = 1 : N}, the decision boundary (hyperplane) between two classes

is
g9(x;) = whx; + wo = 0. (2.17)
Suppose an input x; does not satisfy (2.17); hence,
g9(x;) = wix; + wo > 0. (2.18)
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Then, (2.18) means that x; lies to one side of the hyperplane. On the other hand, if
g(x;) = wlx; +wp <0, (2.19)

then, x; lies on the other side of the hyperplane, as shown in Figure 2.6. the observations
from the blue class are denotes by y; = 1, whereas those from the orange class are written

as y; = —1. In summary,
T .

9(x;) WTX +wo >0 (if y ) 2.20)

g(Xi) =w'x;+wy <0 (lf yi = _1)’
the two equations can be written in a simple form as

yi(whx; + wp) > 0. (2.21)
lg(xs)| . g(x) =0
N 5

X / Support vectors

[w]

Figure 2.6: The geometry of a linear decision boundary in two dimensional space.

The main object of maximal margin classifier is to maximise the margin between the
decision boundary (g(x) = 0) and the nearest data to the decision boundary, called the

support vectors, as illustrated in Figure 2.6. The distance between the decision boundary

lg(x:)

and the input x; is Twll 7

therefore the distance between the support vectors and the de-
cision boundary is HTlﬂ It is assumed that there is no data between hyperplane g(x) = £1
and the decision boundary g(x) = 0, so the following condition is imposed,

yiwlx; +wg) >1 i=1,....,N. (2.22)

Here, the margin between the decision boundary and the nearest data is maximised by

finding the optimum weight parameters w, wy, i.e.

arg max {1 miin [yi(wai + wp)] } . (2.23)

wauo | ||wl|

1
7 Iwll”

[14]. Therefore, the aim is to minimise ||w|| with the condition (2.22); in other words, the

In equation (2.23), in order to maximise the margin it is required to minimise ||w||
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2.2 Classification

new object of this maximal margin classifier is written as

1
min *”WHQ
w,wg 2

(2.24)
subject to yi(wis; +wg) >1 i=1,...,N.

For convenience, £ [|w]||? can be solved instead of ||w||. The equation (2.24) is a constrained
optimisation problem, and can be solved by the Lagrangian multiplier method [109]. The
Lagrange (primal) function is
1 N
Lp(w,wo, A) = §HWH2 = Nilmi(w i+ wp) — 1), (2.25)

i=1

which is minimised with respect to w, wo. A represents {\; }}¥ ;. It follows

N
A
OLp(w, wo, ) (g, wAN g L e 3 hiyixi, (2.26)
w i=1
AL p(w, wo, \) N
P » WO,
—— =0 0= Aili- 2.27
T = ; y (227)
By substituting (2.26) — (2.27) into (2.25), the Lagrangian (dual) objective function is ob-
tained
N TR
L:D(/\) = Z )\i — 5 Z Z AiAjyiij?xj, (228)
i=1 i=1 j=1

which gives a lower bound on the objective function (2.24). It is required to maximise
Lp(A) subject to

N
> Awi=0, A>0. (2.29)
i=1

In order to maximise the dual objective function (2.28), the sequential minimal optimisa-
tion (SMO) [110] can be used. The SMO is an efficient algorithm for solving the quadratic
programming problem [111] (i.e. to find A, which is the optimal estimate of parameter \.)
From (2.26), the solution for w has the form

N
W= Awixi, (2.30)
i=1

with nonzero coefficients \; only for those observations i for which the constraints in (2.24)
are met. These observations are the support vectors. Consequently, the solution for w and
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wp has the form

W= ZXiinh (2.31)
€S
Wy = Wlxs—ys, (2.32)

where S denotes the subset of the input data, namely the support vectors. Therefore, the
linear discriminant function for the new input sample, x*, is written as

f(x*) = sgn(w!x* + ) (2.33)
= sgn <Z ):,-yixz-x* + ’lﬁo) . (2.34)
€S

This is the maximal margin classifier, specifically called the hard margin classifier.

Soft margin classifier

For Blue class . ’

Figure 2.7: The geometry of a linear decision boundary in two dimensional space with slack vari-
ables.

If the data is not linearly separable (two classes are not necessarily separable by a
hyperplane [108]), there is no feasible solution in which satisfies the condition (2.22),
yi(wl'x; + wg) > 1foralli = 1,...,N [14]. Now, the concept of a separating hyper-
plane is introduced to almost separate the classes — it is called a soft margin classifier. The
object of the soft margin classifier is maximising the margin between two classes, but also
allow for some training data to be on the wrong side of margin. To this end, the slack
variables £ = (&1, ..., &) is introduced to modify the objective function and the constraint
in (2.24). The slack variables £ > 0 satisfies

o ¢ =0, if the point is on or inside the correct margin boundary,

o 1> ¢ > 0, if the point lies inside the margin, but on the correct side of the decision
boundary,

o ¢ =1, if the point is on the decision boundary,
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e ¢ > 1, if the point lies on the wrong side of the decision boundary.

Figure 2.7 illustrates the geometry of a linear boundary in two dimensional space. the
hard constraints in (2.22), such that yi(wai + wp) > 1, are replaced with the soft margin
constraints as

yi(wixi+w) >1 = 1—y(wix;+wp) <0 (2.35)
= 1—yi(wx +w) <& (2.36)
= 1—y(wixi+wy) —& <0 where & >0. (2.37)

The new object of the classifier becomes

N
o
SIwlP ey
wlfiul&{Z”W” 2.¢ } (2.38)

=1

subjectto & >0, y;(wlx; +wy) >1—&, i=1:N,

where the cost parameter C' is a regularisation that controls the number of errors toler-
ated on the training set. Since {; > 1 means the point i is misclassified, >, & can be
interpreted as an upper bound on the number of misclassified points [14]. When C is
smaller, the constraint becomes ‘softer’ and more data points are allowed to be on the
wrong side of boundary; i.e. the values of slack variables {; become larger. Conversely,
the constraint becomes ‘harder” with the larger C' parameter, and the value of slack vari-
ables become smaller. When C' = oo, the soft margin classifier is equivalent to the hard
margin classifier. As well as the hard margin classifier, the function in (2.38) is solved by
the Lagrangian multiplier method. By introducing the two Lagrangian multipliers A and
1, the constrained optimisation problem in (2.38) is solved by

N N N

1

Lp(w,wo, A, 11, §) = §HVV||2 FOY &> N(y(Wxi+wo) + & — 1) = Y &, (2.39)
=1 =1 i=1

which is again minimised with respect to w, wo, £. p represents {p; }¥,. It follows

8£P(W>w07/\7uvg) -
OLp(wW,wo, A, p, §) -
; WO, Ay Hy
8w0 0 = 0 ;)\ Y ( )

By substituting (2.40) — (2.42) into (2.39), the same Lagrangian (dual) objective function to
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the function in the hard margin classifier (2.28) is obtained as

N N N
1
Lo(N) =3 Xi=5 > ) Ndwiysxi x;, (2.43)
i=1

i=1 j=1

however, the constraints are different to (2.29) as
N
D Awi=0, 0<N<C (2.44)
i=1

Again, same to the hard margin classifier in (2.28), the sequential minimal optimisation
(SMO) can be used to find the parameter A to maximise the dual objective function in
(2.43).

The SVM as a non-linear soft margin classifier

The support vector classifier (soft margin classifier) described above finds linear bound-
aries in the input feature space. The SVM is an extension of the soft margin classifier with
enlarging the feature space using kernels, which translate to nonlinear boundaries in the
original space. Let us denote the basis functions by h,,(z), m = 1, ..., d. The input to the
soft margin classifier is written as h(x;) = (h1(z41), ..., ha(ziq)), ¢ = 1, ..., N. The soft mar-
gin classifier using the input as g(x) = wl h(x) + wy is fitted; this is similar to (2.16), but
a non-linear function. The class is then assigned by the sign function f(x) = sgn(g(x)).

The SVM utilises the above-mentioned idea. The linear boundaries in the enlarged
space achieve better training-class separation, and translate to nonlinear boundaries in the
original space [109]. Previously, the optimisation problem using Lagrangian multiplier
method in (2.39) is represented, and the solution in (2.43) is given by the inner products
of the input data. Here, the inner products with the transformed feature vectors h(x;) can
be computed as

N N N
1
LpA) = Ni— B DO Ay (h() T (). (2.45)
i=1 =1 j=1
By substituting (2.40), the function g(x) can be written as

g(x) = wlh(x)+wp

N
= > Awilh(xi), h(x;)) + wo. (2.46)
i=1

As well as the soft margin classifier, given \;, wy can be determined by solving v;g(x;) = 1
in (2.46), for any x; for which 0 < A; < C. In both (2.45) and (2.46), h(x) is only involved
in the inner products. Actually, the details of the specific non-linear transformation h(x)
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is not required, but the kernel function
K (x,x) = (h(x), h(x)) (247)

that computes the inner product in the transformed space, is needed. In this thesis, the
radial basis function (RBF) kernel

K(x,%') = exp(—y|lx — x'||?). (2.48)

is used with selected hyper-parameters .

SVM for multi-class problem

There are two approaches to extending the SVM to multi-class classification problems
[107]: 1) one-against-rest and 2) one-against-one classification approach. This thesis ap-
plies the one-against-one approach. If M is the number of classes (categories), then M (M —
1)/2 classifiers are constructed and each classifier is trained by data from two classes. For
the training data from the jth and the kth classes, the following two-class classification
problem is solved as

N
min, {;Hwﬂ“IIQ " O;ﬁ”“} (2.49)
subject to £gk >0,i=1:N (2.50)
yi((WR s +wif) > 1= % if x; in jth class, (2.51)
yi (W) T'x; + wgk) <-1+ £fk, if x; in kth class. (2.52)

In this thesis, a voting strategy is utilised — each binary classification is considered to be a
voting where votes can be cast for all data points x.

2.2.2 Extreme learning machine (ELM) for classification

Among multiple regression/classification algorithms, neural networks have been popu-
lar due to their capability of nonlinear mapping from the input data. The extreme learning
machine (ELM) has been originally proposed by Huang et al. [112] as single-hidden layer
feedforward neural networks (SLFNs) with 1) randomly chosen weights in the hidden
nodes and 2) analytically determined output weights [113]. Conventional implement-
ations for feedforward neural networks are slower in general due to 1) gradient-based
learning algorithm and 2) all the parameters of neural networks are adaptively tuned by
such gradients. Besides such disadvantages, the gradient descent based learning meth-
ods may converge to the local minima [113]. The SLFNs with L random hidden nodes (i.e.
the input weights and hidden layer biases are randomly chosen) can learn L distinct ob-
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servations with negligible errors. In other words, unlike traditional learning algorithms,
the SLFNs with random hidden nodes does not require tuning in weight parameters, and
these parameters can be independent to the input data (i.e. training data for classification).
The proof can be found in [114].

The ELM is a fast algorithm for SLFNs [115] with randomly selected input weights
W and biases b. Unlike the neural networks with back-propagation, the output weights
B are independent to W and b, and the learning does not require iteration. Consider a
set of N inputs (x;,t;), where x; € R? t; € R° (i = 1,...,N). dis the dimension of the
inputs whereas c is the number of classes (categories). A SLEN with L hidden nodes has
outputs given by

L
> Big(wixi+b), i=1,.,N (2.53)
j=1

where 3;, (), w;, b; are the output weights, an activation function (typically a sigmoid

function), the input weights, and the biases, respectively, as shown in Figure 2.8 (a). In

other words, as typical neural networks, the input data are transformed by the hidden

layer into a different representation in the ELM framework. First, the input samples x;

are projected into the hidden layer with the input weights w; and biases b;. Then, such

projected data is transformed by an activation function g(-). After the transformation, h

denotes the data in the hidden layer. The estimated outputs y; is obtained with the given

input x; and the target output (class) t; as

L

yi= Y Bg(wixi+b) =ti+ei, i=1,..N, (2.54)
j=1

where ¢; is the noise.

The advantage of ELM is that the solution is obtained in a closed form. In a matrix
form, the ELM can be written as

g(wixi +b1) ... g(wrxi+bp)
g(wixy +b1) ... g(wrxy +br)
T aT\T T 7\T
B=(B1..Br) ,T=(t{..ty) . (2.55)

Figure 2.8 (b) illustrates the diagram of an ELM in a matrix form. In summary, the ELM
requires two projections: 1) XW for the inputs and 2) H3 for the outputs, where H =
g(XW +b).

When the number of training data samples is larger than the number of hidden nodes
(N > L), which means the ELM problem is over-determined, the unique solution is given

by minimising the sum of square errors. As the matrix H is a full rank, the pseudoinverse
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of matrix H is computed by

H3 = T, (2.56)
B = HT, (2.57)
H = H'H)'HT (2.58)

Bias—01 g hyd X Biasy X ! i JHN <D

w11 t Nxd t

x 9 ho 2t : xq ha 2t

w2, .

i) g h3 Z tc E T2 h3 Z tc

4l E : : TNXC
T\ hp/bea P LYy,

(a)i W:le

'/3L><c (b)

Figure 2.8: The diagram of an ELM model. (a) Simple model; (b) matrix notation.

2.3 Smoothing algorithm for automatic sleep staging
2.3.1 Hidden Markov model (HMM)

Hidden Markov model (HMM) [116] is a ML method for modelling time series. A key
property of HMM is to represent the probability distributions over the sequence of obser-
vations. The HMM assumes:

1. the observation at time ¢, z; € {Oq,..., Ok}, generated by some process; the state
z € {51, ..., Sy} is not observed (i.e. hidden),
2. the state of this hidden process satisfies the Markov property — the current state z; is

independent from all the states prior to ¢ — 1 (first-order Markov property).

In other words, the HMM consists of a discrete-time and a discrete-state Markov chain
with hidden state z;. The observed sequence is written as {x;}]_,, whereas {z}L_; de-
notes the hidden sequence. The observation model can be written as p(x¢|z). The joint
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distribution of this model is therefore

p({zt}?zla {mt}le) = p(zla <oy BT, L1, "'7:ET)

= p(21,., 27)0(21, ..o, 7|21, o0y 27)
T T

lp(zl) Hp(zt|zt_1)1 [Hp(mﬂzt)] . (2.59)
t=2 t=1

Figure 2.9 illustrates the graphic of this factorisation of the joint probability in (2.59).

‘Hidden, e @ @ - @
state
Observation @ @ @ @

Figure 2.9: A diagram of a hidden Markov model.

There are multiple techniques to infer the hidden state sequence of an HMM with
given parameters. In this thesis, a maximum a posteriori (MAP) estimation (Viterbi de-
coding algorithm) is used. The decoding algorithm finds a most probable sequence as

computing
argmax p({z}{_1 {ze}iny) = argmaxp({zhiy, {ze}is))
Ztti—1 {z}iy
= argmax max p(zr = j,{z}' {wihl)
AR iy
= argmaxé% (2.60)

J

where 62_,} is the probability of ending up in the state j at time 7. The most probable path
to the state j at time ¢ must consist of the most probable path to some other state i at time
t — 1. Therefore, the probability 47 can be recursively calculated over ¢,
8 2 max p(zt =, 21 e 21, T1, ey Tf)
Z1yeesRt—1

= plaz =7) m?Xp(Zt = jla1 = 1)6;_,

¢ max POy (2.61)

The three factors that are multiplied in (2.61) for extending the previous paths to compute
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the decoding probaility at time ¢ are

gb{ . the likelihood of the observation z; given the current state j
Yi; : the transition probability from previous state i to current state j
§i_, : the previous decoding probability from the previous time step ¢ — 1

Consequently, (2.60) tells us the most likely previous state on the most probable path to
2 =J.

In summary, the Viterbi decoding algorithm computes &/ for all time ¢ and state j
using dynamic programming. It is required to initialise the algorithm by setting

8 = plaila = J)plz1 = 4)
= ¢ln; (2.62)

and to terminate the algorithm by computing the most probable final state

max p({zt}thl, {It}thl) = m]aX 5%. (2.63)

{Zt}thl

The most probable sequence of states can be computed using traceback

2y = argmaxé% (2.64)
J
zy = argmaxp(zf|z-1 =1)8; ;. (2.65)
K]
03 0.9 04 o1 03 04 06

O1 0.5 0 0
02 0.2 0 0
03 03 0.2 0
04 0 0.7 0.1
05 0 0.1 0
06 0 0 0.5
o7 0 0 0.4

Figure 2.10: A example of Viterbi decoding. Figure and example are based on Figure 17.13 in [14].

Figure 2.10 depicts a toy example of the Viterbi algorithm, based on Figure 17.13 in
[14]. Suppose we observed the discrete sequence of observation {z;}}_; = {O1, 03,04, Og}.

The model starts in state z; = S;. The transition matrix and emission matrix are given
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in the left side of Figure 2.10. First, the probability of generating O; in state z; = S is
0.5, which means 6} = 0.5, whereas &; = 0 for all other states i. Next, the probability of
translation from S; to S; (self-translation) is 0.3, whilst that of translation from S; to S, is
0.7. When the next state is 51, the probability of generating Os is 0.3; or if the next state is
Sy, the probability of generating O3 is 0.2. Hence, the most probable state in ¢t = 2 is,

63 = olugt =0.5-0.3-0.3=0.045 (2.66)
62 = Oi1ags =0.5-0.7-0.2 =0.07 (2.67)

therefore Sy. The algorithm continues with such calculation until the end of the sequence.

2.4 Evaluation

The performance indicators to evaluate the proposed automatic sleep staging methods
are class-specific sensitivity (SE) and precision (PR), as well as overall accuracy (AC) and
kappa coefficient («), defined as follows:

TP, TP; M TP

SEj= - PRi= " AC==E=L 1
TP; 4+ FN;’ TP; + FP;’ N

_ 2L {(TP; + FP)(TP; + PNy} AC—me

Te = N2 e — e

The parameter TP (true positive) represents the number of positive (target) epochs cor-
rectly predicted, TN (true negative) is the number of negative (non-target) epochs cor-
rectly predicted, FP (false positive) is the number of negative epochs incorrectly predicted
as positive class, FN (false negative) is the number of positive epochs incorrectly predicted
as negative class, M is the number of classes, and N is the total number of epochs. Figure
2.11 shows a M class confusion matrix and corresponding sensitivity and precision. The
Cohen'’s kappa () determines the agreement between scorers, with chance agreement re-
moved. The values between 0.00 —0.20, 0.21 — 0.40, 0.41 — 0.60, 0.61 —0.80, and 0.81 — 1.00
respectively correspond to Slight, Fair, Moderate, Substantial, and Almost Perfect Agree-
ment [117].

The performance metrics for the biometrics is discussed later, in Section 7.3.6.

2.5 Summary

Several feature extraction methods and classifiers for automatic sleep stage classification
have been reviewed. The frequency response varies in different sleep stages (i.e. depth
of sleep). The MSE methods calculate the complexity of time series, whereas the SEF is
a non-linear feature in frequency domain. The SVM is one of the traditional classifiers
in ML, which is a flexible and powerful algorithm with the kernel methods. As a com-
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Prediction
C1 c2 CM
Class 1 (C1) FP,
T Class2(C2) [ FN, TP, FN, | FN,
2 FP,
Class M (CM) FP,

Sensitivity (for Class 2)

Precision (for Class2)

Figure 2.11: Confusion matrix and performance criteria.

putationally efficient classifier, the ELM is employed in the automatic sleep staging for
large-scale data. The HMM is utilised for a smoothing which aims to incorporate the
transitional information in automatic sleep staging. The performance of these algorithms
is validated using publicly available sleep EEG datasets in Part I of this thesis.
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Part 1

State-of-the-art automatic sleep stage classification






Chapter 3

Structural complexity analysis for automatic sleep sta-

ging

Overview

This chapter provides the details of the automatic sleep stage classification using both
structural complexity feature and non-linear frequency domain feature, which are sum-
marised in Chapter 2. The classification performance of the proposed method is validated
using a publicly available dataset, the Sleep-EDF [93], which has been commonly used in
the research community.

3.1 Introduction

Sleep can be defined as a reversible behavioural state of perceptual disengagement and
unresponsiveness to the environment. Sleep is also a complex amalgam of physiologic
and behavioural processes [118]. The function of sleep is not fully understood yet, and
among the many hypotheses proposed, the most widely accepted ones are brain ther-
moregulation, brain detoxification, tissue restoration and metabolic homeostasis [119].
Quality of sleep also reflects the state of body and mind, and in addition, numerous sleep
disorders are common [120]; these disorders include insomnia, breathing disturbances
during sleep (i.e. sleep apnea), and narcolepsy, which are diagnosed using polysomno-
graphy (PSG).

The PSG recording requires multiple electrodes which includes at least two EEG
channels, two EOG channels to observe eye movements, at least one chin EMG channel.
The PSG recording is usually conducted within a hospital or at a sleep centre. After the
recording, the PSG is analysed by experts in order to identify individual sleep patterns.
The classification of sleep stages has been classically performed based on the visual inter-
pretation of each 30-second PSG epoch, according to the Rechtschaffen and Kales (R&K)
sleep scoring manual [121], or the manual of the American Academy of Sleep Medicine
(AASM) [105]. The sleep stages include: wake (W), stagel (S1), stage2 (S2), stage3 (S3),
stage4 (54), and rapid eye movement (REM). The stages S3 and S4 are called slow wave
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Table 3.1: Recent works for automatic sleep stage classification problem.

Authors Dataset Channel Features Classifier M* AC (%)
[122] Pz-Oz Band power ANN 4 81.6
[104] IEI; _zéCZz Band power, power ratio, SEF Decision tree 5 82.2
[123] Sleep-EDF | Pz-Oz VG, difference VG SVM 5 88.9
[124] P20z EMD, 1st-4th statistical moment Bagging de- | 5 90.7

cision tree
[125] Pz-Oz DWT, 2nd-4th statistical moment RF 5 91.5
[97] Own C3-A2 MSSE, AR coefficient LDA 5 88.1
[126] C4-Al Time, frequency, non-linear domain | SVM 5 89.4

M*: Number of class. ANN = artificial neural network, SEF = spectral edge frequency, VG = visibility graph,
SVM = support vector machine, EMD = empirical mode decomposition, DWT = discrete wavelet transform, RF =
random forests, MSSE = multi-scale sample entropy, AR = autoregressive, LDA = linear discriminant analysis.

sleep (SWS) and these two stages are merged into one condition. For the ASSM manual,
the stages are noted as non-REM stage 1-3 (N1, N2, N3) and REM.

The main limitation of epoch based visual sleep scoring is that it is time-consuming.
The scoring of eight hours overnight PSG takes more than an hour for an expert [122]. In
addition, the multiple electrode montage disturbs patients’ sleep, also, with PSG record-
ings typically occurring in hospitals, or other unfamiliar environments, some patients find
themselves unable to sleep as usual. In the last two decades, computer based sleep staging
has been developed in order to minimise analysis time.

To alleviate the aforementioned problems, a large number of automatic sleep stage
algorithms, based on a small number of electrodes have been reported, as summarised in
Table 3.1. These methods are typically based on feature extraction techniques and pattern
recognition algorithms. In terms of the analysis data, the PhysioNet Sleep-EDF database
[93] has been available for more than ten years. For datasets extracted from Sleep-EDF
database, Imtiaz et al. [104] calculated spectral band power and spectral edge frequency
(SEF) from two EEG channels. These methods correctly classified 82.2 % of epochs for a 5-
stage task. Zhu et al. [123] classified the sleep stages based on graph domain features, and
achieved an accuracy of 89.0 %. Hassan et al. [124] applied empirical mode decomposition
(EMD) analysis for a single lead EEG montage, and calculated first to fourth statistical
moments for each intrinsic mode function (IMF). Their proposed method achieved 90.7 %
accuracy by bootstrap aggregating decision tree. Recently, Silveira et al. [125] reported
91.5 % accuracy for 5-stage classification problems when using discrete wavelet transform
and random forests classifiers (RF).

Among research groups who recorded PSG by themselves, Liang et al. [97] recorded
PSG from twenty healthy subjects, and calculated multi-scale sample entropy (MSSE) and
autoregressive coefficients from a single EEG channel. The LDA yielded 88.1 % accuracy
for testing data.

For the sleep stage classification, distinguishing between S1 sleep and REM is the
most challenging with state-of-the-art papers. In the R&K sleep scoring guideline, S1
sleep is defined as 50 % of the epoch consists of relatively low voltage mixed (2-7 Hz)
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Structural complexity analysis for automatic sleep staging

activity, and <50 % of the epoch contains alpha activity, whereas REM is represented by
a relatively low amplitude and mixed frequency (2-7Hz) EEG with episodic rapid eye
movements and the absence of (or reduced) chin EMG activity [16]. Figure 3.1 shows the
power spectral density (PSD) for two EEG channels (Fpz-Cz and Pz-Oz) of the SEDFx-S
dataset (see details in Section 3.2.1) with M = 5 sleep stages. For the wake (W) condition,
observe a peak in the alpha band (8-13 Hz). Since the alpha rhythm is predominantly ob-
served from the occipital lobe, the Pz channel has stronger alpha than the Fpz. The alpha
power reduced in the S1 stage, and the strong peak around 13-14 Hz was present for the
S2 stage. During the SWS stage, the delta activity become larger, however, the spectrum of
REM mostly overlapped with that of S1 except for the beta band. In order to distinguish
between REM and S1, it is considered that an automatic sleep stage classification problem
based on structural complexity analyses by means of entropy.

70 Fpz

80 [—W——s1 ——52 —SWS ——REM] |
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Figure 3.1: PSD for two EEG channels (Fpz-Cz, and Pz-Oz) from the SEDFx-S dataset with M =5
sleep stages.

Multi-scale entropy (MSE) [96] was introduced as a non-parametric method for estim-
ating dynamical complexity over multiple scales of a time series. The MSE are calculated
for evaluating multi-scale complexity using fuzzy entropy (FE) and permutation entropy
(PE).

Here, the structural complexity is utilised to perform sleep stage classification which
yields the following advantages:

o The required number of EEG channels is reduced to one or two channels of EEG,
which is a prerequisite for wearable devices.

e Structural complexity analyses as well as spectral edge frequency (SEF) are able to
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distinguish between the S1 stage and REM sleep, which has been notoriously diffi-
cult with the state-of-the-art methods using only EEG.

3.2 Methods

To evaluate the performance of the proposed method, the EEG recording was obtained
from the Sleep-EDF database [expanded] [93]. The extracted features from each EEG
channel are used in the classification algorithm. Figure 3.2 shows the flowchart of the
proposed analysis.

Sleep-EDF > Remove Multi-scale entropy Normalise data
Bandpass noised (scale 20/30) [0,1]
si EDF _| Filtering epoch
[Efesr_mded] | [0.5 30HZ] ( +4%O V) > Spectral edge Multi-class SYM
P 200U frequency (50, 95, d) (10-fold CV)
D?t_a. Pre-processing Feature extraction Classification
acquisition

Figure 3.2: Flowchart of an automatic sleep staging system.

3.2.1 Data acquisition

The Sleep-EDF database [127] consists PSG data of eight subjects, which include two EEG,
Fpz-Cz and Pz-Oz (for simplicity, denote Fpz and Pz later), one EOG (horizontal), and one
submental chin EMG. Each PSG is sampled at 100 Hz and manually scored by well-trained
technicians based on the R&K manual. Recently, the Sleep-EDF database [expanded] [93]
has been made public, and contains in total PSG recordings of 61 subjects, from healthy
Caucasians aged 25-101, without any sleep-related medication.

Although the Sleep-EDF database is extensively used for automatic sleep stage scor-
ings [97,104, 122,123, 124, 125, 128], the usage of the database varies for research groups.
One problem is that the database contains two types of PSG data: some of them are re-
corded over 24 hours (titled as sc *), and the others contain only overnight data (denoted
by st x). In terms of sc * data, the majority of epochs were labeled as the wake condi-
tion, because the data were obtained both over day and night periods; in other words, the
data contains a large number of pre-sleep wake epochs (from afternoon to evening) and
post-sleep wake epochs (from morning to afternoon). Therefore, most current analyses
are biased towards the wake condition which dominates the 24-hour data.

The lack of consistency in the data structure makes the direct comparison between
existing methods and the proposed idea difficult. Here, the dataset from the Sleep-EDF
database were partitioned in three different ways in order to enable comparisons with
existing methods.

46



Structural complexity analysis for automatic sleep staging

1. Sleep-EDF Whole (SEDF-W) - The number of subjects is eight. The data are down-
loaded from [127], and extracted whole scored data (from hypnogram start time to
last scored data) and excluded epochs labeled “?”. This dataset has a similar form to
the dataset used in [123, 124, 128].

2. Sleep-EDF [expanded] Whole (SEDFx-W) - The number of subjects is 61. The data are
downloaded from [93], and extracted whole scored data (from hypnogram start time
to last scored data) and excluded epochs labeled “?". This dataset has a similar form
to the dataset used in [125]

3. Sleep-EDF [expanded] Sleep (SEDFx-S) - The number of subjects is 61. The data are
downloaded from [93]. Imtiaz et al. [129] proposed an open source toolbox for Mat-
lab to extract only overnight data in order to create a standardised dataset. The
toolbox truncates the data in the following way:

o From light off time to light off time;

o if light off/on time is not available, from fifteen minutes before the first scored
sleep epoch to fifteen minutes after the last scored sleep epoch.

This dataset has a similar form to the dataset used in [104].

Table 3.2: Comparison of datasets - after removing noisy epochs.

Sleep Stage
Dataset Wake s1 S 3 sS4 REM
SEDE-W #ofepochs 7943 581 3596 667 619 1589

Ratio (%) 530 82 510 95 88 225

erpp. Hofepochs 74346 4715 27070 5056 3757 11755
I Ratio (%) 587 90 517 97 72 225

#ofepochs 6448 4676 26849 4996 3705 11749
Ratio (%) 11.0 9.0 51.7 9.6 7.1 22.6

Table 3.2 summarises the number of epochs and the ratio of epochs with respect to
each sleep stage for datasets extracted from the Sleep-EDF database after the pre-processing.
The ratio for the wake condition, and the ratios for S1, S2, S3, S4, and REM are calculated
as follows:

Wake Ratio Number of wake epochs

Number of whole epochs’
Number of each stage epochs

Sleep Ratio

Number of whole sleep epochs’

3.2.2 Pre-processing

A fourth-order Butterworth filter with passband from 0.5-30 Hz was applied to the two
EEG channels. Afterwards, the epochs which contained amplitudes of more than +400 ;,V
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were removed, since the amplitude of the K-complex is almost always less than 400 uV
[130]. Epochs containing NaN values were removed from the analyses. In total, there were
58423 epochs for the SEDFx-S dataset; 11.0 % of the data were scored as awake, and 9.0 %,
51.7%, 9.6 %, 7.1%, and 22.6 % of sleep data were scored as S1, S2, S3, 5S4, and REM,
respectively.

3.2.3 Feature extraction

After the pre-processing, multi-scale fuzzy entropy (MSFE), multi-scale permutation en-
tropy (MSPE), and spectral edge frequency (SEF) were calculated from each epoch of the
EEG channels. The details of the algorithms are given in Chapter 2.

Epoch length

The length of epochs for manual sleep stage scoring was 30 seconds, and the epoch-based
criteria are often dependent on the preceding and following epochs. Here, epochs were
extracted in two different ways: 1) use only the current 30 seconds epoch to calculate
features (No overlap), or 2) enlarge the epoch size from 30 seconds to 90 seconds (With
overlap); in other words, utilise both the preceding and following 30 seconds of epoch
data as well as the current epoch to take account of sleep transition, as illustrated in Fig-
ure 3.3. Since the sampling frequency was 100 Hz, the length of each epoch for the no
overlap method is N = 3000, and N = 9000 data points were used for the proposed over-
lap methods. For the overlap method, the first and last epoch of EEG recordings were
excluded from analyses.

No overlap Epoch ¢ (30 sec)

Epoch ¢-1 (30 sec) Epoch #+1 (30 sec)
Overlap
window Epoch ¢ (90 sec)

A

Epoch ¢-1 (90 sec) Epoch #+1 (90 sec)
Figure 3.3: Epoch selection for EEG time series. (Top) No overlap method, the epoch length is

30 seconds; (Bottom) the epoch length enlarges to 90 seconds as combining the preceding and
following epoch.
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Multi-scale entropy

The parameters used to calculate the MSFE were 7 = 1 — 30 (Tmin = 1 and Tmax = 30),
m = 2, = 0.15x(standard deviation of each epoch). For the MSPE, The scales were chosen as
7 = 1—20. When the window contains less than d! samples, the PE can be calculated with
the dimension equal to or less than the d — 1. The length of coarse-grained time series for

no overlapping epochs with scale Tmax = 20 is NT::320(§]0 = 150 which is larger than 5! = 120,

so the PE with dimension d = 5 can be calculated with L = 1. Figure 3.4 illustrates MSPE
analysis for two EEG channels (Fpz, and Pz) of SEDFx-S dataset with M = 5 sleep stages.

PermutationEnt-Fpz-dim5-tau1

0.9r ——

\\’

0.8 1
e w11 2331 A

0.7

PE

2 4 6 8 10 12 14 16 18 20
Scale
PermutationEnt-Pz-dim5-tau1

0.9%\\\_
0.8/ E
—+w—-1-—F-2-F-3—R|

0.7

PE

2 4 6 8 10 12 14 16 18 20
Scale

Figure 3.4: MSPE analyses for two EEG channels from the SEDFx-S dataset with M = 5 sleep
stages, and scale 7 = 1 — 20 (7min = 1 and Tmax = 20). The error bars represent the standard error.

Spectral edge frequency (SEF)

The frequency ranges for SEF50, SEF95, and SEFd were selected in the same bands given
in Table 2.3 (Setup-N).

Other frequency domain features

In order to compare the classification performance, a simple frequency domain feature
was used. The absolute spectral band power was calculated by the sum of the power
spectral density within the given frequency range fiow and fhigh-

Jhigh
Abs. Band power = Z Power(f).
= Ffiow

49



3.3 Results

As well as SEF, the selected frequency ranges for absolute spectral band power were § —
B =05-30Hz, § — a = 05-16Hz, 0 = 4-8Hz, a = 8-15Hz, ajow = 8-11Hz, apgh = 11-
15Hz, and g = 16-30 Hz.

3.2.4 Classification

The extracted features were normalised to between [0, 1] before classification. A 10-fold
cross-validation (CV) approach was utilised for this study. As a classifier, the multi-class
SVM (Section 2.2.1) with the RBF kernel was employed; the hyper-parameters were tuned
based on the training accuracy.

3.2.5 Performance evaluation

The performance indicators to evaluate the proposed methods were class-specific sens-
itivity (SE) and precision (PR), as well as overall accuracy and kappa coefficient («); the
details are given in Section 2.4.

3.3 Results

Feature extraction parts was undertaken using Matlab 2015a, and the classification was
conducted in Python 2.7.11, Anaconda 2.3.0, operated on a MacBook Pro with 2.2GHz
Intel Core i7, 16GB of RAM. First, the classification results using different features with
no overlap and overlap blocks were compared. Second, the classification performance for
M = 2—6 class sleep stages (See, Table 3.3) was evaluated. Finally, the proposed methods
were compared to the existing methods using the Sleep-EDF database.

Table 3.3: Sleep stage classes (M).

M Sleep stages
Wake, S1, S2, S3, S4, REM
Wake, S1, S2, SWS(S3-4), REM
Wake, S1-2, SWS, REM

Wake, NREM(S1-4), REM
Wake, Sleep(REM & NREM)

N Q& 01

Table 3.4 shows the classification accuracy for the SEDFx-S dataset in the 5-stage
discrimination, using different features extracted from EEG. The overlap epoch based
method performed better than the conventional 30-second epoch method. In terms of
classification performance with a single feature, the SEF feature over seven frequency
bands performed the best, which achieved 85 % of classification accuracy with overlap-
ping epochs, which was approximately 14 % higher than the classification results using a
simple band power feature. The performance using multi-scale entropy (MSFE or MSPE)
was slightly lower than that using SEF feature. The classification accuracy using both
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Hypnogram-sc4001e0-without overlap
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Figure 3.5: Hypnogram (Blue) and the predicted label (Red) of subject sc4001e0 in the SEDFx-S
dataset for the M = 5 class classification problem.

MSPE and SEF features was the highest; 88.6 % of epochs were correctly predicted using
the overlapping window. Figure 3.5 illustrates the labeled hypnogram and the predicted
label for subject sc4001e0 with no overlapping epochs (Top panel) and with overlapping
epochs (Bottom panel). Since the overlapping epochs method extracted EEG not only
from the current 30-second epoch but also from the preceding and following epochs, the
predicted class was more smooth, e.g. 280-320 SWS epoch; on the other hand, the result
without overlapping epochs predicted quick transitions, such epochs were not correctly
predicted by the overlapping method, e.g. transition from SWS to S2 at 100. Overall, the
overlap method performed slightly better than no overlap epoch based feature extraction.

Table 3.4: Classification accuracy with 10-fold CV for M = 5 class with two EEG channels.

SEDFx-S (Fpz + Pz)

Features # of features No overlapping  With overlapping
Band power 14 (7 frequency bands) 74.5 70.7
~ SEF 42 (7frequency bands, 3 features each) 825 85.0

MSFE 60 (- = 1 — 30) 81.2 84.7

MSPE 40 (1 =1 —20) 81.2 83.5
“MSFE+SEF 102 85 879

MSPE + SEF 82 86.2 88.6

Table 3.5, 3.6, and 3.7 depict the confusion matrix obtained from the classification
results with multi-scale entropy and SEF features by overlapped epoch obtained from
the SEDF-W dataset, the SEDFx-S dataset and the SEDFx-W dataset, respectively. Since
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the majority of epochs were labeled as the wake (W) condition in the SEDFx-W dataset,
the sensitivity of the W stages was approximately 10 % higher than that of the SEDFx-S
dataset. Therefore, the accuracy for the SEDFx-W dataset became higher.

Table 3.8 shows the sensitivity and precision of the classification for different sleep
stages M = 2 — 6 with MSPE and SEF features by overlapped epoch obtained from the
SEDFx-S dataset. For the all 2- to 6-stages classification, the kappa values achieved Almost
Perfect Agreement, as 0.86, 0.88, 0.86, 0.84, and 0.81, respectively.

Table 3.5: SEDF-W - Confusion matrix for M = 5-stage sleep classification using MSFE and SEF
features with overlapping windows extracted from the Fpz channel (a single EEG channel).

Algorithm o o
W sl 2 sws REM SE()/PR(%)
W 7841 60 18 1 10 98.9/98.5
Manually S1 65 300 127 4 84 51.7/61.1
scored S2 27 75 3330 115 47 92.7/90.3
hypnogram  SWS 7 1 150 1128 0 87.7/90.4
REM 18 55 62 0 1454 91.5/91.2

Accuracy = 93.8%, x = 0.90 (SE:Sensitivity, PR:Precision)

Table 3.6: SEDFx-S - Confusion matrix for M = 5-stage sleep classification using MSPE and SEF
features with overlapping windows extracted from the Fpz and Pz channels (two EEG channels).

Algorithm

W S1 2 sws REM SE(%)/PR(%)

W 5559 489 150 21 124 87.6/87.0

Manually Sl 545 2699 926 13 487 57.8/68.6
scored S2 149 490 24951 810 442 93.0/90.3
hypnogram  SWS 35 7 1161 7495 2 86.2/89.9
REM 104 248 452 3 10939 93.1/91.2

Accuracy = 88.6%, x = 0.84 (SE:Sensitivity, PR:Precision)

Table 3.7: SEDFx-W - Confusion matrix for M = 5-stage sleep classification using MSFE and SEF
features with overlapping windows extracted from the Fpz channel (a single EEG channel).

Algorithm o o
W sl s2 sws REm OEUR)/PROG)
W 73419 448 199 24 150 98.9/98.3
Manually S1 758 2312 1009 10 620 49.1/65.4
scored S2 275 452 24929 845 563 92.1/89.0
hypnogram  SWS 55 7 1213 7530 7 85.5/89.5
REM 187 319 652 2 10592 90.1/88.8

Accuracy = 93.8%, k = 0.90 (SE:Sensitivity, PR:Precision)

Table 3.9 shows the S1 sleep stage sensitivity of the proposed methods. In order to
evaluate the performance, the SEDF-W, the SEDFx-S, and the SEDFx-W were compared to
the results in [123, 124, 128], [104], and [125], respectively. The sensitivities of the S1 stage
are 51.7 %, 57.8 %, 49.1 % for the SEDF-W, SEDFx-S, and SEDFx-W datasets, respectively.
The proposed method was able to distinguish the S1 stage better than other methods;
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Table 3.8: SEDFx-S - Sensitivity and Precision (in italic) for sleep classification using MSPE and SEF
with overlaps.

SE(%) PR(%) M=2 M =3 M=4 M =5 M=6
W 858894 869884 867878 876870 87.686.8

S1 57.868.6 57968.1

s 063 96.3 928916 - 530903 92.9907

S3  98.8 98.3 ’ Y 64.969.6

S4 86.190.1 86.289.9 - 837357

REM 934917 922908 931912 931917
Accuracy 97.4 94.5 91.0 88.6 86.6
K 0.86 0.88 0.86 0.84 0.81

Table 3.9: Performance comparison of S1 stage sensitivity (%) among existing methods for A/ = 5-
stage sleep classification.

SEDF-W SEDFx-S SEDFx-W
Zhuetal. [123] 15.8
Hassan et al. [124] 47.0 | Imtiaz et al. [104] 29.8 | Silveira et al. [125] 6.1
Hassanetal. [128] 374

Proposed 51.7 Proposed 57.8 Proposed 49.1

however, discriminating the S1 stage still remains challenging. The sensitivity of the S1 is
smaller than the sensitivities for the other sleep conditions.

Table 3.10 summarises the accuracies of various methods utilised for a different Sleep-
EDF database. The accuracies were highest for the proposed method in M = 2 — 6 sleep
state classification, except M = 2 stage classification in the SEDF-W dataset. Overall,
the proposed method outperformed almost all other methods, regardless of the dataset
extracted from the Sleep-EDF database.

Table 3.10: Performance comparison among existing methods for the Sleep-EDF database.

Dataset Methods #of epochs  EEG ch. M =2 M =3 M=4 M =5 M=6
[123] 14963 Pz 97.9/096 92.6/0.87 89.3/0.83 88.9/0.83  87.5/0.81
[124] 15188 Pz 99.5/- 94.1/- 92.1/- 90.7/- 86.9/-
[128] 15188 Pz 97.5/0.95 94.8/091 921/0.87 91.5/0.86  90.4/0.84

Fpz 98.8/0.98 97.1/0.95 95.3/0.93 93.8/0.90  93.0/0.89

sppy  TERSER e Pz 987/097 971/0.95 948/092 936/090 928/0.89
MSPE + SEF Fpz 98.6/0.97 97.0/0.95 94.8/0.92 93.4/0.90 92.6/0.88
Pz 98.5/0.97 969/0.95 94.4/091 933/0.89  92.1/0.88

[104] 59316 Fpz, Pz -/- -/- -/- 82.2/- /-
MSEFE + SEF 97.2/0.85  94.5/0.88 90.6/0.85 87.9/0.83 = 85.8/0.80
SEDEX-S P + SEF 58301 Fpz Pz 0747086 94.5/0.88 91.0/0.86 88.6/0.84 86.6/0.816
[125] 106376 Pz 97.3/0.94 939/0.87 923/0.84 915/0.83 90.5/0.80

”””” idgFE;sjE;: T T 7 7 7 "Fpz  985/0.97 96.7/0.94 95.1/0.91 93.8/0.90  92.9/0.88

SEDFr-W 126577 Pz 98.5/0.97 96.6/0.94 947/091 93.6/0.89 92.6/0.88
MSPE + SEF Fpz 98.3/0.97 96.7/0.94 947/0.91 935/0.89  92.4/0.87

Pz 98.5/0.97 96.6/0.94 945/090 93.3/0.89 92.2/0.87
Accuracy(%)/ k. M: the number of sleep stage (Table 3.3).
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3.4 Summary

The efficacy of structural complexity analyses of EEG signals in sleep stage classification
has been investigated. This has been achieved by using the MSFE and MSPE, instead
of using only spectral indices for sleep stage analysis. From the analyses using the Sleep-
EDF database, It has been found that the proposed features could be effectively utilised for
classifying sleep stages from a limited number of EEG channels. Additionally, it has been
found that MSE is able to improve the performance of discriminating the S1 sleep stages,
which has been the most challenging for automatic sleep stage classification tasks. In the
next chapter, the feasibility of the proposed automatic sleep staging is further examined
using a large-scale dataset.
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Chapter 4

Automatic sleep staging for large scale data

Overview

In the previous chapter, the automatic sleep staging based on the structural complexity
analysis has been presented, and its performance has been evaluated using the Sleep-
EDF dataset, which contains overnight sleep recordings from 61 subjects. The results
have been based on data of limited scale, which compromises both the validation and the
reproducibility of such automatic sleep staging; i.e., the computational issues have been
neglected. This chapter further addresses the feasibility of the automatic sleep staging
using a large collection of publicly accessible PSG data, recorded over 515 subjects.

4.1 Introduction

PSG is the gold standard for monitoring sleep and evaluating patients’ sleep disorders
in a clinic. The recorded physiological data are visually reviewed and manually scored
by a human expert, according to some given guidelines, such as the AASM guideline
[105]. Recently, automatic sleep staging approaches have been proposed in the research
community, aiming to replicate human scoring based on PSG data [97, 123], which both
provides economic savings and gives a way for future healthcare.

Automatic sleep staging approaches normally utilise supervised ML techniques with
fine-tuned feature extraction for PSG data, and such studies typically propose novel com-
binations of features and classifiers [131, 132]. Prediction performances of such ML tech-
niques are evaluated using either publicly available datasets (such as [93, 133, 134, 135,
136]) or proprietary data recorded as part of research projects [126]. However, only very
few studies have demonstrated the feasibility of automatic classification, while catering
rigorously for the generalisation ability for new PSG data.

The obstacles which prevent more widespread generalisation of findings in automatic
sleep staging include numerous issues starting with the recording configuration during
data acquisition; there are not always the same as the current standard — the AASM.
For example, one of the most widely used datasets in automatic sleep staging research
is PhysioNet Sleep-EDF [93], however, their EEG montage is Fpz-Cz and Pz-Oz (cf. C3-A2
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and C4-A1 in AASM). Next, the size of data is usually small, typically recorded from less
than 100 subjects. In other words, to become a robust substitution for labour-intensive
human scoring, an ideal automatic scoring system needs to accurately capture not only
the sleep patterns in its training data, but also to generalise well for unseen sleep data
coming from different acquisition montages, different nights of the same subjects and
different subjects. In addition, insufficient data for training leads to poor generalisation

and impacts robustness in a real world setup.

Recently, some large-scale and heterogeneous sleep PSG datasets have been made
publicly available [94]. Such ‘Big Data” were created with the aim to validate the perform-
ance of ML methods when predicting sleep stages based on EEG from diverse patients;
some automatic sleep staging approaches have also been rigorously validated using large-
scale data [106, 137, 138]. For analyses with large-scale data, the level of scalability of the
algorithm becomes a critical issue, together with the computational cost (e.g. execution
time, resources), which increase with the size of data. Therefore, for automatic sleep sta-
ging in the real world to become a reality, it is not only the performance of an algorithm
but also the computational costs that need to be scrutinised among different methods.

Here, automatic sleep staging is further examined from the viewpoints of feasibil-
ity and compatibility with the Big Data paradigms. This is achieved over the following
aspects, which are fundamental for working systems in healthcare but almost ignored in
the open literature:

1. Utilise a large-scale sleep data (from 515 individuals) to further validate the feasib-
ility of classification methods;

2. Conduct comparative classification over multiple feature extraction methods and
classifiers, including the technique proposed in Chapter 3, which was validated us-
ing the Sleep-EDF dataset (from 61 individuals, the channel configuration was not
C3-A2 and C4-Al);

3. Investigate the variability of sleep staging performance based on the number of
training subjects and model complexity, following initial suggestions by the pre-
vious study in [106];

4. Compare the performance not only in terms of the accuracy but also the computa-
tion time, both of which are critical for Big Data analyses.

Through these comprehensive and fair analyses, the viability of automatic sleep sta-
ging with both structural complexity and frequency domain features has been confirmed.
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Figure 4.1: The flowchart of this study.

4.2 Methods

4.2.1 Data acquisition

The dataset from the Cleveland Children’s Sleep and Health Study (CCSHS) [95] was
used. It contains PSG recordings from 515 individuals, which were recorded from healthy
subjects aged between 16 to 19 (17.7 £ 0.4), and each file contains PSG data in the .edf
format and a hypnogram scored by a clinician. Two EEG channels (C3-A2 and C4-A1) are
used for this study. The data were ordered according to their ID numbers; the first 258
PSGs (from ID1800001 to ID1800460) were assigned as training data whereas the rest of
257 PSGs (from ID1800464 to from ID1800906) were used for testing.

4.2.2 Pre-processing

Some recordings in the CCSHS dataset contain both a large number of pre-sleep wake
epochs and post-sleep wake epochs since some of the recordings were conducted over
both a day and night period. First, ‘sleep-related” data were only extracted that periods
between twenty minutes before the first scored sleep epoch, and twenty minutes after the
last scored sleep epoch, were considered. The so-extracted two channels of EEG data were
filtered using a fourth-order Butterworth filter with the passband 0.5-30 Hz. Another EEG
rejection method, based on the signal amplitude, was deployed. Any epoch with absolute
voltage of more than 500 1V was removed from further analyses, which was the same
analysis to [106] (cf. 400 1V in Chapter 3). In total, 1.4 % of the epochs were removed from
further analyses. Table 4.1 shows the number of epochs and the ratio of sleep epochs in
both training and testing data.

Table 4.1: Proportion of sleep stages with the number of epochs and ratio.

%% N1 N2 N3 REM
. . # of epochs 32557 9694 125703 55737 50531
(Traning - Nean =258 patio (%) 119 35 458 203 184

. B #ofepochs 35095 9278 122423 54133 48765
Testing  Nest =257 'prtio(%) 130 34 454 201 181
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4.2.3 Feature extraction

For a fair comparison with latest automatic sleep staging results with large scale data
[106] and our previous idea given in Chapter 3, the features from each 30-second epoch
were extracted in the same way as in [106] (Setup-S) and Chapter 3 (Setup-N). The details
of feature extraction for this study is given in Table 2.3. Each feature value, x, was log-
transformed as sign(x) log;y(|z + 1|), and then normalised to [0, 1], for each subject.

Setup-S

In Setup-S (the same feature extraction technique as in [106]), D = 34 features were ex-
tracted from each 30-seconds epoch; the details are discussed in Section 2.1.3 and Table
2.3.

Setup-N

In Setup-N (the same feature extraction technique as in [139] and in Chapter 3), D = 82
features were extracted from each 30-seconds epoch. As a structural complexity feature,
MSPE was computed.The parameters for MSPE were: 1) the scale, 7 = 1 — 20 (Timin = 1
and Tmax = 20), 2) the embedding dimension, d = 5, and 3) the time delay, L = 1. In total,
40 features (twenty features x two EEG channels) were extracted as structural complexity
domain features. As a frequency domain feature, the SEF was used. In total, 42 features
(three features x seven frequency bands x two EEG channels) were extracted as structural
complexity domain features. Overall, 82 features (40 + 42) were extracted for Setup-N (see
Table 2.3).

4.2.4 Classification

The classification implemented in Python. The ELM [113], LDA, RF, and SVM were used
for classifiers, which were compared the prediction performance and computational time.
The details of the ELM is given in Section 2.2.2. The ELM was implemented by hpelm pack-
age [115], whereas LDA, RF, and SVM were implemented by sklearn in Python. Table 4.2
summarises the packages and parameters for different classifiers.

Table 4.2: Parameters and implementation details for the selected classifiers.

Algorithm  Framework Package
LDA sklearn LinearDiscriminantAnalysis
RF sklearn RandomForestClassifier (n_estimators=300)
SVM sklearn LinearSVC(C=1)
ELM hpelm ELM(classification=’c’)
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4.2.5 Smoothing

The classifiers and their weight parameters were adjusted by the features from training
samples, and the prediction was performed independently, based on the given feature vec-
tors. In other words, this supervised classification approach only takes into account the
current epochs, whereas manual scoring by human takes account of both neighbouring
epochs and sleep transition. In Chapter 3, the overlapping window was applied (details
can be found in Section 3.2.3), whereas the HMM was reported as being effective in im-
proving the prediction accuracy using such sleep transitional information [106]. The de-
tails of the HMM are discussed in Section 2.3.1. It is assumed that the hidden states were
hypnogram scored by a human in the training data, whilst the observations were pre-
dicted labels of the same training data. The transition matrix was given by counting the
transition of the hypnogram in the training data, and the emission matrix was the obtained
confusion matrix of training data (hypnogram v. prediction). The Viterbi algorithm (im-
plemented by the Matlab build-in function hmmviterbi) was utilised to find the sequence
of hidden states, which corresponds to ‘smoothed” prediction by the algorithm.

4.3 Results

The pre-processing, feature extraction, and smoothing analyses were performed in Mat-
lab 2016b, and the classifier was implemented in Python 2.7.12, operated on an iMac with
2.8GHz Intel Core i5, and 16GB of RAM. The versions of sklearn and hpelm were respect-
ively 0.19.1 and 1.0.10.

ELM and the number of training subjects

First, the experiments were conducted using the ELM classifier and by changing the num-
ber of training subjects (/Virain), ranging from 10 to 258. For each experiment with the
selected number of training subjects, Niain, the simulation was repeated ten times; this
was achieved independently and for randomly chosen subsets from training data (except
for the experiment of Nyain = 258, since all training data were used). The initial hidden
weights and bias of ELM were randomly generated. For each simulation, the ELM model
was trained to compute the Cohen’s kappa value [117] (also see Chapter 2.4 in detail) us-
ing the confusion matrix derived from the same training subset (training performance);
and then, the testing performance was evaluated by computing the kappa values of the
confusion matrix, which were derived from all testing data (257 subjects). The statistical
significance was evaluated by the Wilcoxon signed-rank test. The p-values were com-
puted by comparing to the kappa values for each testing subjects from ten independent
simulations (2570 samples).

Figure 4.2 shows the kappa values for different numbers of training subjects Nirain,
ranging from 10 to 258 subjects, using different features based on [106] (Setup-S) and [139]
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Figure 4.2: Kappa values for different numbers of training subjects in Setup-S and Setup-N (L =
5000). The error bar shows standard deviation of over ten independent iterations.

(Setup-N). The number of hidden nodes within ELM, L = 5000, was fixed. The highest
averaged testing kappa values were obtained with Nyain = 258, the values of which were
0.61 and 0.69 in Setup-S and Setup-N, respectively. To evaluate the statistical significance
of increasing the number of training subjects, the testing performances were compared.
In Setup-S, increasing the number of subjects until 200 led to the improvement of the
performance: (p-values: 100 v. 150 — 4.6 x 1079, 150 v. 200 — 0.032, 200 v. 258 — 0.14),
whereas there was no statistical significance between 150 and 200 in Setup-N: (p-values:
100 v. 150 —0.011, 150 v. 200 — 0.14, 200 v. 258 — 0.31). The computational time of training
increased with the number of training subjects (Nirain = 10: 85, Nirain = 258: 165s in
Setup-N), whereas the times for testing were the same regardless of Niin, as shown in
Table 4.3.

These learning curves have similar shapes to the results in [106]; the training errors
(kappa) are smaller than the testing errors when there are fewer training subjects. In [106],
the training errors and testing errors converged when the number of training subjects was
Nirain = 400. The overfilling problem can be alleviated by regularisation (adding a reg-
ularisation term with a parameter). The regularisation term penalises functions that are
overfitted. In the ELM framework, both L! (Lasso) and L? regularisation are available;
the L? regularisation is called Tikhonov regularisation (ridge regression in statistics, or
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Figure 4.4: The histogram of the kappa value of test subjects in Setup-S and Setup-N (Nirain =
258, L = 5000). The dashed lines indicate the average for each setup.

weight decay in machine learning). The advantage of L! regularisation over L? regular-
isation is that it produces simpler and sparse models which only involve a subset of the
features. In other words, L' regularisation can be used for selecting the most ‘effective’
features for classification. On the other hand, L2 regularisation keeps all features of the
model. In general, one might expect the L! regularisation to perform better in a setting
where a relatively small number of features has substantial coefficients, and the remain-
ing features have coefficients which are very small or that are equal to zero [108], whereas
L? regularisation will perform better when the prediction is a function of many features,
all with coefficients of roughly equal size. In addition, it is feasible for ELM to handle im-
balanced class prediction with weighted version of ELM. As sleep data typically consist of
a large number of N2 sleep epochs, but, fewer N1 epochs, testing the efficacy of weighted
ELM will be the subject of future work.
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Table 4.3: Computational time of different analyses.

Training/ Setup-N Setup-S
Testing (s) | L =500 5000 20000 5000
Ntrain =10 '/' 8/51 ‘/‘ 8/50
150 -/- 98/51 -/- 97/50

258 7/3 165/51 1679/202 | 164/50

ELM and the number of hidden nodes

The experiments were conducted by changing the number of hidden nodes, L, of ELM,
ranging from 500 to 20000, in order to evaluate the performance against model complexity.
The number of training subjects was fixed to Nirin = 258 (all training data were used).
Figure 4.3 illustrates the kappa values for different numbers of hidden nodes, L, in Setup-
S and Setup-N. In both setups, the highest averaged kappa values were achieved with
L = 5000, while increasing the number of hidden nodes to more than 5000 negatively
affected the performance. The number of hidden nodes, L, also affects computational
time, especially for training, as shown in Table 4.3; the averaged training time of L = 20000
was 1679 s (~ 28 mins), which was approximately ten times larger than simulation, with
L = 5000 (165s).

HMM smoothing

The predictions after HMM smoothing are given in Figure 4.2 (bold solid lines). Us-
ing all training data (Nyain = 258), the achieved kappa values were 0.69 (cf. 0.61 before
smoothing) in Setup-S, and 0.73 (cf. 0.69 before smoothing) in Setup-N. Among 257 testing
subjects, the prediction performance was improved by smoothing for 96 % of subjects in
Setup-S, whereas for 93 % of subjects in Setup-N. Figure 4.4 shows the histogram of kappa
values for all testing subjects in both Setup-S and Setup-N. The prediction was made with
fixed parameters of Nirin = 258, L = 5000, and a smoothing algorithm was applied.
Figure 4.5 depicts the confusion matrices obtained with different settings of ELM,
upon changing the number of training subjects Niin, the number of hidden nodes L, and
applying smoothing. The upper confusion matrices were results for Setup-S whilst lower
ones were for Setup-N. Comparing to the matrices in the second column (i.e. Nirin = 258,
L = 5000, before smoothing) and the third column (the same Nyin and L, but after
smoothing), the sensitivities of each class improved with smoothing, especially for the
N1 stage (from 4.0 % to 20.6 % in Setup-S, and from 0.8 % to 20.3 % in Setup-N). In the
hypnogram plot, the advantage of smoothing was also confirmed. Figure 4.6 depicts an
overnight hypnogram of one subject; the upper graph shows the manually scored hyp-
nogram based on the PSG recordings (Black) whereas the bottom panel shows the auto-
matically predicted label based on the ELM (Nain = 258, L = 5000) before smoothing
(Blue) and after smoothing (Red). The smoothing successfully took account of neighbour-
ing epochs and eliminated fragmentation in prediction. The kappa value for this subject
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Figure 4.5: The averaged confusion matrices over all 257 testing subjects for different scenarios.
The title of each confusion matrix denotes: [Setup-{S,N}, (Nirain, L), kappa value ]. Observe that
the sensitivities of each class improved after HMM smoothing.

was 0.81 after smoothing, improved from 0.67 before.

Performance with different classifiers

Finally, the performance of different classifiers, the LDA, RF and SVM, was evaluated.
Table 4.4 summarises the prediction performance and computational time (Training time/ Test-
ing time) for different classifiers in Setup-N. The highest kappa value, x, was obtained by
RF (0.695), whereas the RF required the longest training time (878 s).

Figure 4.7 shows the distribution of kappa values using different classifiers, LDA,
RE, SVM, and ELM. For the classification, the number of training subjects was fixed to
Nirain = 258 (all training data were used). The boxplot was obtained from all 257 testing
subjects. For RF and ELM, the simulation was repeated ten times to average over such ten

independent simulations. For evaluating statistical significance between different classi-
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Figure 4.6: (Black) Scored hypnogram of one subject; (Blue/Red) automatically predicted label
before/after smoothing.

fication methods, the non-parametric ANOVA (i.e. Kruskal-Wallis H test), followed by
post hoc Dunn’s pairwise test with Bonferroni correction was calculated. The plot shows
that the ELM has significantly better testing kappa than both LDA and SVM, whereas the
performance of RF is similar to that of ELM. The similar results are reported in [106].

Table 4.4: Averaged kappa and computational time of different classifiers.

LDA RF SVM ELM
K 0.6740.11 0.694+0.11 0.67+0.11  0.69+0.10
Training/ Testing time (s) 2/0.1 878/23 308/0.1 165/51

4.4 Discussion

The automatic sleep staging using a publicly available large-scale dataset, CCSHS (N =
515), was evaluated in this chapter. The selected structural complexity and frequency do-
main features have been classified by the ELM classifier, and this achieved average kappa
value was 0.73 with the HMM smoothing. This classification approach is ‘conventional’
ML based on the fine-tuned feature engineerings and supervised classifier.

Since late 2016, a large number of automatic sleep stage classification based on ‘deep
learning’ has been proposed and published in the research community. The different

neural networks, such as recurrent neural networks (RNN) and convolutional neural net-
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Table 4.5: Recent works for automatic sleep stage classification with neural networks.

Authors Dataset” # of subjects Channel E2E** Performance
[140] Sleep-EDF 20 1EEG o4 AC=80.3 %
[141] Sleep-EDF 20 1EEG O AC=74.8%
[142] Sleep-EDF 20 1EEG O AC=82.0%, k=0.76
[143] ucbh 25 1EEG OF AC=92 %, k=0.84
[144] Sleep-EDF 61 1EEG O AC=87.9%
[145] MASS 62 6EEG, 2EOG, 3BEMG O ©
[146] MASS 62 1EEG-EOG X AC=85.9 %
[142] MASS 62 1EEG-EOG O AC=86.2 %, k=0.80
S [4anm MASS 200 1EEG,1EOG,1IEMG (O%  AC=87.1%, x=0.815
[148] SHHS 5793 1EEG O AC=87 %, r=0.81
N kI Own 1617 2EEG,2EOG ¢ O  AC=814%, k=074
[137] Own 10000 6EEG X AC=85.8 %, k=0.795
[149] CCSHS+CFS 198 1EEG X AC=85.6 %, k=0.80
[139] -Ch. 3 Sleep-EDF 61 1EEG X AC=93.8 %, k=0.90
[150] - Ch. 4 CCSHS 515 2EEG X k=0.73

Dataset™ — UCD: University College Dublin, MASS: Montreal Archive of Sleep Studies,
SHHS: Sleep Heart Health Study, CFS: Cleveland Family Study.

E2E**: End-to-end. #: The input is spectrogram of EEG signal.

B: The input is complex value of EEG signal. “: Overall performance is not given.

P: Data from healthy subjects for training, from patients for testing.

works (CNN) with deep architecture, have been used in automatic sleep staging. Table 4.5
summarises the examples of ‘deep learning” based automatic sleep staging articles, some
recent studies using large-scale datasets, and our study proposed in both Chapter 3 and
this chapter. The table outlines differences include 1) the benchmarking dataset, 2) the use
of data (e.g. number of the channels), and 3) the performance metrics (for convenience,
only summarised the accuracy and corresponding kappa value). Due to these differences,
the comparison among these studies is not possible; however, the ‘deep learning” based
approaches do not always outperform than the conventional ML approaches in automatic
sleep stage classification.

4.5 Summary

In this chapter, the feasibility of automatic sleep staging has been further examined in Big
Data scenarios using a publicly available large-scale dataset, CCSHS (IN=515). Extens-
ive experiments have been conducted to evaluate the scalability of the proposed methods
by changing the number of training subjects, model complexity, and choice of classifi-
ers; these analyses were inspired by [106]. Another virtue of this current work is the use
of an HMM state machine for physically meaningful discrimination between ‘state trans-
ition’ associated with the evolution of the scored sleep stages, resulting in much smoother
and more accurate automatic sleep scores. The extracted features in both structural com-
plexity and frequency domains have been classified by a computationally efficient ELM
algorithm, and the achieved average kappa value was 0.73 with the HMM smoothing.
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Chapter 5

Automatic sleep staging using in-ear EEG for nap data

Overview

In Part I, automatic sleep stage classification methods based on the on-scalp EEG have
been evaluated, using publicly available overnight sleep datasets. Such automatic sleep
staging are shown to be a proxy for time-consuming conventional manual sleep scoring
by a clinician. In terms of recordings, the PSG is a standard clinical methodology to mon-
itor sleep in current medicine. The so-acquired sleep profiles of individuals are rigorous
and comprehensive, however, the expensive and cumbersome nature of PSG may even
disturb patients normal sleep, thus affecting diagnosis and treatment. In this chapter,
automatic wearable sleep monitoring in the community is examined, by analysing the
agreement between the automatically predicted sleep stages by in-ear EEG and on-scalp
EEG patterns.

5.1 Introduction

Sleep is an essential process in the internal control of the state of body and mind and its
quality is strongly linked with a number of cognitive and health issues, such as stress, de-
pression and memory [119]. For clinical diagnostic purposes, PSG has been extensively
utilised which is based on a multitude of physiological responses, including the EEG,
EOG, and EMG. While the PSG is able to faithfully reflect human sleep patterns, both
the recording and scoring process are expensive as this involves an overnight stay in a
specialised clinic and time-consuming manual scoring by a medically trained person. In
addition, hospitals are unfamiliar environments for patients, which compromises the reli-
ability of the observed sleep patterns. In other words, the conventional recording process
is not user-centred and not ideal for long-term sleep monitoring.

With the advance in wearable physiological monitoring devices, it has become pos-
sible to monitor some of sleep-related physiological responses out of the clinic. The next
step towards sleep care in the community is therefore to monitor sleep-related physiolo-
gical signals in an affordable way, at home, and over long periods of time, together with
automatic detection of sleep patterns (sleep scoring) without the need for a trained med-
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ical expert. Indeed, consumer technologies are becoming increasingly popular for the
self-monitoring of sleep [151], and include both smartphone applications (softwares) and
wearable devices. While such technologies aim to assess ‘sleep quality” and are affordable,
these are typically not direct measures of neural activity, and instead measure indirect
surrogates of sleep such as limb movement [152].

Another fast developing aspect of sleep research is automatic sleep scoring, with the
aim to replace the time-consuming manual scoring of sleep patterns from full PSG with
computer software, as already discussed in Part I of this thesis. Automatic sleep stage
scoring employs ML algorithms, and it is now possible to achieve up to 90 % accuracy
of classification between the W, N1, N2, N3 and REM sleep stages from a single channel
on-scalp EEG [125, 126].

More recent approaches for sleep monitoring aim to move beyond actigraphy and
develop advanced multimodal sensors and wearable devices. In this direction, Le et al.
introduced a wireless wearable sensor to monitor vectorcardiography (VCG), ECG, and
respiration for detecting obstructive sleep apnea in real time [153]. Using a wearable in-
ear EEG sensor [36], Looney et al. evaluated sleep stages during nap episodes from a
viscoelastic in-ear EEG sensor [15]. They performed simultaneous sleep monitoring from
four subjects, using both on-scalp and in-ear EEG data channels, and reported Substantial
Agreement between the corresponding hypnograms, manually and blindly scored by a
trained clinician, as shown in Figure 5.1A. The in-ear EEG data were recorded from one-
size-fits-all viscoelastic earpieces [41].

The in-ear sensing technology has been proven to provide sufficiently good EEG sig-
nal. Even though amplitude of in-ear EEG is smaller than that of on-scalp EEG, the signal-
to-noise ratio (SNR) was found to be similar [36, 39, 41]. In a sleep monitoring scenario,
in-ear wearable sensors have the following advantages:

o Affordability and unobtrusiveness: The in-ear sensor is made from viscoelastic material
[41], such as those used in standard earplugs.

o User-centred nature: Users are able to insert the sensor by themselves as when wear-
ing earplugs. The device is comfortable to wear and does not disturb sleep.

e Robustness: The sensor expands after the insertion and maintains a stable interface

with the ear canal, and is thus not likely to dislodge during sleep.

In this chapter, automatic wearable sleep monitoring in the community is examined,
by analysing the agreement between the automatically predicted sleep stages by in-ear
EEG and on-scalp EEG patterns. To this end, the sleep-related EEG-patterns were ob-
tained from both scalp and inside the ear simultaneously, using a stationary data acquisi-
tion unit. For rigour, the in-ear EEG automatic scoring procedures were validated for the

following scenarios:

1. Agreement between automatically predicted sleep stages based on in-ear EEG pat-
terns and the manually scored hypnogram from in-ear EEG (Scenario 1).
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2. Agreement between automatically predicted sleep stages based on in-ear EEG pat-
terns and the manually scored hypnogram from on-scalp EEG (Scenario 2).

Figure 5.1B illustrates the proposed analysis framework. The results are benchmarked
against the results in [15] where both the on-scalp and in-ear EEG hypnograms were
scored manually, corresponds to Figure 5.1A. In this way, a proof-of-concept for the feas-
ibility of in-ear EEG in automatic scoring of sleep patterns out-of-clinic and in the com-
munity is established.

r Record

simultaneously

On-scalp EEG
(C3-A2,C4-A1)

In-ear EEG
(Viscoelastic

\ earpieces)

Hypnogram: manually |Label SVM
scored by an expert (Scenario 2)

:  Feature extraction
+ MSFE + SEF from EL1

Hypnogram: manually SVM
scored by an expert Label| (Scenario 1)

Figure 5.1: Comparison with previous studies. (A) Evaluation of the agreement between the
manually scored hypnograms based on on-scalp EEG channels and in-ear EEG channels [15]. (B)
Our analysis framework for establishing the feasibility of in-ear EEG in sleep research.

Features | B

5.2 Methods
5.2.1 Data acquisition

The EEG recordings were conducted at Imperial College London between May 2014 and
March 2015 under the ethics approval, ICREC 12_1_1, Joint Research Office at Imperial
College London. Four healthy male subjects (age: 25-36 years) without history of sleep
disorders participated in the recordings. All participants were instructed to reduce their
sleep to less than five hours the night before, and agreed to refrain from consuming caf-
feine and napping on the recording day. The four on-scalp EEG channels C3, C4, Al
and A2 (according to international 10-20 system), were recorded using standard gold-cup
electrodes. The forehead was used for the ground, and the standard configurations for
sleep scoring were utilised (i.e. C3-A2 and C4-Al). The in-ear EEG was recorded from
both the left and right ear, and the in-ear EEG sensor was made based on a viscoelastic
earplug with two cloth electrodes [41]. Earwax was removed from the ear canals, and the
sensor expanded after the insertion, to conform to the shape of the ear canal. The refer-
ence gold-cup standard electrodes were attached behind the ipsilateral mastoid and the
ground electrodes were placed on the ipsilateral helix, as illustrated in Figure 5.2. Both
on-scalp EEG and in-ear EEG were recorded simultaneously using the g.tec g.USBamp
amplifier with 24-bit resolution, at a sampling frequency f; = 1200 Hz.

The participants seated in a comfortable chair in a dark and quiet room. The duration
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Flexible electrode

Figure 5.2: Recording setup in this study. (Left) The electrodes were placed on scalp and ear;
(Centre) the subject reclined in a comfortable chair; (Right) wearable in-ear sensor with two flexible
electrodes.

Record EEG simultaneously
[ On-scalp (C3-A2,C4-A1) | [ In-ear left upper (EL1) |
! N epochs N epochs
/—‘—\
c3-A2 [ et | | | | |
C4-A1 ‘ Feature Extraction
| Manual scoring FE Scale 1
Hypnogram | 0| 1 | 1 | 2 | FE Scale 2
Label Features SEF1
A 4 SEF2
Multi-class SVM
(5-fold CV)

Figure 5.3: Flowchart for the sleep stage prediction framework adopted in this study (Scenario 2).

of recording was 45 minutes, while to increase the number of transitions between the wake
and sleep stage, a loudspeaker played 10s abrupt noise at random intervals.

5.2.2 Manual scoring

For on-scalp EEG, a fourth-order Butterworth bandpass filter with passband 1-20 Hz was
applied to two bipolar EEG configurations (C3-A2 and C4-A1l). Due to low-frequency in-
terference in in-ear EEG channels, the low cutoff frequency was set to 1 Hz for the Subject
One and Three, and 2 Hz for the Subject Two and Four. Next, the in-ear EEG amplitudes
were normalised to the same range as those of on-scalp EEG, and both on-scalp EEG and
in-ear EEG were manually scored by a clinical expert, who had six years of experience
in EEG-based sleep stage scoring. The processed EEG data was blinded and the epoch-
based manual sleep scoring was performed according to the AASM criteria [105]. The
epoch size was set to 30's, therefore 90 epochs were scored in each recording.
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5.2.3 Pre-processing for automatic sleep stage classification

For automatic sleep stage classification, the recorded EEG from the left ear channel 1 (EL1)
is used, for a fair comparison with automatic scoring algorithms for a single EEG channel
montage in the literature. First, the data was downsampled to 200 Hz, and the epochs with
the amplitudes of more than +400 ;:V were removed from subsequent analyses. The data
were then bandpass filtered with the passband of 0.5-30 Hz. The pre-processing resulted
in a loss of approximately 20 % of the data, and eventually 293 (hypnogram based on on-
scalp EEG, W:67, N1:46, N2:140, N3:40, and hypnogram based on in-ear EEG, W:52, N1:49,
N2:162, N3:30) epochs were used for the classification. Figure 5.4 shows the averaged PSD
for on-scalp and in-ear EEG channels with 4-class sleep stages.

5.2.4 Feature extraction

After the pre-processing, two types of features, MSFE and SEF, were extracted from each
epoch of the EEG. The details of analysis is found in Section 2.1.1 and 2.1.2. The para-
meters used to calculate the MSFE were 7 = 1 — 30 (Tmin = 1 and mnax = 30), m = 2,
r = 0.15x(standard deviation of each epoch). Figure 5.5 illustrates MSFE analysis for in-ear
EEG (EL1) channel with 4-class sleep stages. The frequency ranges for SEF50, SEF95, and
SEFd were chosen in the same bands given in Table 2.3 (Setup-N).
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Figure 5.4: PSD: (Top) On-scalp C3-A2 montage; (Bottom) in-ear channel EL1.
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Figure 5.5: Structural complexity features for different sleep stages. Normalised MSFE from the
in-ear EEG channel EL1 shows excellent separation between sleep stages. The error bars indicate
the standard error.

5.2.5 Classification

Classification was performed based on the SEF and MSEFE features, which were norm-
alised to the range [0, 1]. The one-against-one multi-class SVM with a RBF kernel was

employed as a classifier.

5.2.6 Performance evaluation

Feature extraction was performed using Matlab 2016b, and the classification was conduc-
ted in Python 2.7.12, Anaconda 4.2.0 operated on an iMac with 2.8GHz Intel Core i5, 16GB
of RAM. A 5-fold CV was performed to evaluate the automatic sleep stage classification.
The performance indicators to evaluate the proposed methods were class-specific sens-
itivity (SE) and precision (PR), as well as overall accuracy and kappa coefficient («); the

details are given in Section 2.4.

5.3 Results

Scenario 1: Sleep stage classification from in-ear EEG against the manually scored hyp-

nogram based on in-ear EEG

First, the agreement between the hypnogram scored based on in-ear EEG channels and
the predicted label based on extracted features from the in-ear EEG channel EL1 was eval-
uated. Tables 5.1, 5.2, and 5.3 show the confusion matrices obtained from the classification
results based on the SEF and MSEFE features for the 2-class scenarios Wake v. Sleep and
W-N1 v. N2-N3, and the 4-class (W, N1, N2, N3) scenario. For the 2-class classification
scenarios, the overall classification accuracies were respectively 95.2 % and 86.0 %, with
an Almost Perfect (v = 0.83) to Substantial (v = 0.68) Agreement of kappa coefficients
[117], as shown in Table 5.1 and 5.2.

The accuracy for the more difficult 4-class sleep stage classification was 78.5 % with
the kappa coefficient K = 0.64, which indicates a Substantial Agreement, as shown in
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Table 5.1: Confusion matrix for the 2-class Wake v. Sleep classification.

Algorithm based on in-ear EEG

Wake Sleep SE(%)/PR(%)
Score based on Wake 42 10 80.8 / 91.3
in-ear EEG Sleep 4 237 98.3 / 96.0

Accuracy = 95.2 %, k = 0.83 (SE:Sensitivity, PR:Precision)

Table 5.2: Confusion matrix for the 2-class Wake-N1 v. N2-N3 classification.

Algorithm based on in-ear EEG

W-N1 N2-N3 SE(%)/PR(%)
Score based on W-N1 76 25 753/ 82.6
in-ear EEG N2-N3 16 176 91.7 / 87.6

Accuracy = 86.0 %, x = 0.68 (SE:Sensitivity, PR:Precision)

Table 5.3.

Table 5.3: Confusion matrix for 4-class sleep stage classification.

Algorithm based on in-ear EEG
W N1 N2 N3 SE(%)/PR(%)

W 46 3 3 0 88.5/92.0
Score based on N1 3 17 27 2 34.7 / 56.7
in-ear EEG N2 1 10 146 5 90.1/78.9
N3 0 0 9 21 70.0 / 75.0

Accuracy =78.5 %, x = 0.64 (SE:Sensitivity, PR:Precision)

Scenario 2: Sleep stage classification from in-ear EEG against the manually scored hyp-
nogram based on on-scalp EEG

Second, the agreement between the hypnogram scored based on on-scalp EEG channels
and the predicted label based on extracted features from the in-ear EEG channel EL1 was
evaluated. Tables 5.4, 5.5, and 5.6 show the corresponding confusion matrices, obtained
from the classification based on the SEF and MSFE features for the 2-class Wake v. Sleep
and W-N1 v. N2-N3 scenarios, and the 4-class (W, N1, N2, N3) scenario. For the 2-class
classification problems, the achieved classification accuracies were more than 90 %, with
the Substantial Agreements (x = 0.75 and « = 0.80) [117].

The achieved accuracy for the 4-class sleep stage classification was 76.8 %, with the
kappa coefficient « = 0.65, which indicates a Substantial Agreement.

Figure 5.6 depicts the hypnograms scored manually based on on-scalp EEG channels
(Blue) and the automatically predicted label based on the in-ear EL1 channel (Red) for
the 2-class Wake v. Sleep (Top) and W-N1 v. N2-N3 (Middle) scenarios, and the 4-class
(Bottom) scenario, for the Subject Two. Only the first epoch was removed because of the
electrical noise when the amplifier starts, therefore the hypnogram was scored based on 89
epochs, which corresponds to 44 minutes of 30 s recording. For the 4-class problems, even
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Table 5.4: Confusion matrix for the 2-class Wake v. Sleep classification.

Algorithm based on in-ear EEG

Wake Sleep SE(%)/PR(%)
Score based on  Wake 50 17 74.6 / 87.7
on-scalp EEG Sleep 7 219 96.9 / 92.8

Accuracy =91.8 %, k = 0.75 (SE:Sensitivity, PR:Precision)

Table 5.5: Confusion matrix for the 2-class Wake-N1 v. N2-N3 classification.

Algorithm based on in-ear EEG

W-N1 N2-N3 SE(%)/PR(%)
Score based on  W-N1 96 17 85.0 / 90.0
on-scalp EEG N2-N3 11 169 89.7 /90.9

Accuracy = 90.4 %, x = 0.80 (SE:Sensitivity, PR:Precision)

though some epochs were predicted incorrectly, for example epoch 62 (hypnogram:N3,
prediction:N2), the majority of epochs were correctly classified. This confirms that the
features extracted from the in-ear EEG data were effectively used for the automatic sleep
stage classification, and provided a substantial match to the on-scalp EEG patterns scored
manually by an expert. Therefore, it is empirically confirmed that the recorded in-ear EEG
carried a sufficient amount of information to evaluate human sleep robustly.

Agreement between the predicted and manual sleep scores

Upon establishing the feasibility of predicting on-scalp EEG sleep stages from in-ear EEG
features, these findings were benchmarked against our recent results based on manual
scoring of both on-scalp and in-ear EEG [15]. To this end, Table 5.7 compares the manual
and automatic labels for the following scenarios:

e Scenario 1: The manually scored hypnogram based on in-ear EEG channels v. the
predicted label based on the in-ear EL1 channel (Table 5.1, 5.2, and 5.3).

e Scenario 2: The manually scored hypnogram based on on-scalp EEG channels v. the
predicted label based on the in-ear EL1 channel (Table 5.4, 5.5, and 5.6).

e The hypnogram manually scored based on on-scalp EEG channels v. that scored
based on in-ear EEG channels.

Table 5.6: Confusion matrix for the 4-class sleep stage classification.

Algorithm based on in-ear EEG
Y N1 N2 N3 SE(%)/PR(%)

\ 53 5 8 1 791/ 77.9
Score based on N1 12 23 11 0 50.0 / 65.7
on-scalp EEG N2 3 5 125 7 89.3 /79.1
N3 0 2 14 24 60.0 / 75.0

Accuracy =76.8 %, k = 0.65 (SE:Sensitivity, PR:Precision)
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Figure 5.6: Hypnogram for Subject Two scored based on on-scalp EEG channels (Blue) and the
automatically predicted label based on in-ear EEG channel EL1 (Red). (Top) 2-class Wake v. Sleep;
(Middle) 2-class W-N1 v. N2-N3; (Bottom) 4-class classification scenario.

In all cases, the proposed automatically scored labels were a significant match to the cor-

responding labels scored manually in [15].
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Table 5.7: Comparison between the manual scores and automatic predicted scores. Accuracy (%)
/ Kappa.

Methods Scenario 1 Scenario 2 Looney et al. [15]
777777777777 Score (in-ear EEG) ~ Score (on-scalp EEG) ~ Score (on-scalp EEG)
Agreement v. V. V.
Prediction (in-ear EEG) Prediction (in-ear EEG) Score (in-ear EEG)
Wake v. Sleep 95.2 /0.83 91.8 /0.75 84.0 / 0.60
W-N1v. N2-N3 86.0 / 0.68 90.4 / 0.80 83.0 / 0.65
4 class 78.5 / 0.64 76.8 / 0.65 -/-

54 Summary

In this chapter, an automatic sleep stage monitoring system using in-ear EEG, which is
capable of minimising both patient’s inconvenience and the involvement of a medical
specialist, has been evaluated. For rigour, the experiments have been conducted in two
scenarios: Scenario 1 examined automatic scores for in-ear EEG against manual scores for
in-ear EEG, while Scenario 2 examined automatic scores for in-ear EEG against manual
scores for on-scalp EEG. This has provided a proof-of-concept for the feasibility of in-ear
EEG in automatic scoring of sleep patterns out-of-clinic and in the community. There-
fore, it has been empirically confirmed that the in-ear EEG carries sufficient amount of
information to faithfully represent human sleep patterns. For this pilot study the num-
ber of subjects was four; the studies with a larger cohort of subjects, overnight sleep, and
other aspects of fully wearable scenarios are given in Part III of this thesis.
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Chapter 6

Automatic detection of drowsiness using in-ear EEG

Overview

In the previous chapter, the feasibility of in-ear EEG for sleep monitoring using nap data
has been examined. In this chapter, a further proof-of-concept of the utility of in-ear EEG
in day time drowsiness monitoring is investigated from validating whether in-ear EEG
patterns can classify between wakefulness and light sleep.

6.1 Introduction

Although the function of sleep is not yet fully understood, sleep is strongly linked to
quality of life. For example, the lack of sleep during the night contributes to the feeling
of tiredness, and poor memory and work performance. The concept of ‘sleepiness’ can be
interpreted as a tendency towards sleep; the inability to concentrate or to keep eyes open
may indicate a higher level of sleepiness. For several decades, multiple researchers have
investigated sleepiness and performance capacities related to physiological patterns, es-
pecially EEG and EOG for shift workers [154], and for healthy subjects [155]. These studies
have shown that the alpha and theta activity, in particular, exhibit significant correlations
between both subjective and objective measures of sleepiness. Physiological patterns have
been investigated and linked to mental workload using a driving simulator for healthy
subjects [156], while a recent study of obstructive sleep apnea (OSA) patients elucidated
that auditory event related potentials, appear to be a significant parameter to predict poor
driving performance [157].

In order to uncover physiological characteristics of certain states of body and mind,
such as sleepiness, a multitude of physiological electrodes are required. In terms of sleep
monitoring, PSG recordings have been traditionally used in clinic to diagnose various
sleep disorders. Typically, PSG recordings require at least two EEG channels, two EOG
channels to observe eye movements, and at least one chin EMG channel. However, this
conventional setup is both a cumbersome and expensive procedure as it requires a trained
clinician; this is therefore prohibitive to the physiological states in the real world.
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Automatic sleep staging systems have been proposed based on PSG recordings; this
was originally motivated to replace the time-consuming sleep stage scoring process by
clinicians. The state-of-the-art approaches include single-channel on-scalp EEG based
classification has been validated using various benchmark datasets [126, 139], which were
also discussed this in Part I of this thesis. For wearable sensing, in-ear EEG technology
[36] has been recently used in sleep monitoring [15, 69]. The technology can vastly im-
prove the technically cumbersome setup for sleep monitoring, as the latest in-ear EEG
sensor is readily wearable by users, and does not disturb their daily activities. In other
words, the unobtrusive and wearable in-ear sensors are capable of monitoring physiolo-
gical responses out-of-clinic. Here, the in-ear sensing capability in the area of day time
sleepiness is further investigated.

Sleepiness is a symptom and a subjective parameter, which depends on how an in-
dividual perceives the degree of urge to fall a sleep. The exact cause of sleepiness is still
under investigation, but one cause could be a lack of sleep during the night. The state of
being sleepy appears to be linked to ‘drowsiness’, which is the transition from wakeful-
ness to light sleep. For the ‘drowsiness’ classification, Patrick ef al. conducted automatic
sleep staging using a publicly available dataset, and only extracted wake and Non-REM1
(N1) [158]. Their selected features from a single EEG channel and computationally inex-
pensive classification algorithm can detect sleep onset effectively, and in the real world
scenarios.

Previously, daytime nap recordings with conventional on-scalp EEG headsets and
our in-ear EEG sensor simultaneously were conducted, and it was found the feasibility of
in-ear EEG for measuring sleep latency [159] in healthy volunteers [59]. With the same day
time nap EEG data, the aim of this chapter is to validate whether in-ear EEG patterns can
distinguish between wakefulness and light sleep. The results provide a evidence that, due
to the unobtrusive and wearable nature of our in-ear sensor, the light sleep classification
application with in-ear sensing is capable of achieving ‘drowsiness’ monitoring.

6.2 Methods

Figure 6.1 summarises the analysis framework for this study. The recorded on-scalp and
in-ear EEG data were manually scored by a clinician. The data were also pre-processed

and supervised classification was performed.

6.2.1 Data acquisition

The EEG data were recorded at Imperial College London between December 2015 and
April 2016 under the ethics approval, ICREC 12_1_1, Joint Research Office at Imperial
College London. 36 healthy subjects were screened, and 25 healthy subjects (28.5+5.3
years) participated in the recordings; the details of recruiting processing can be found
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Figure 6.1: Flowchart for the classification framework in this study.

in [59]. 23 out of 25 subjects were instructed to participate in two recording sessions.
Each session was executed between 9 am to approximately 5 pm. The subjects attended
the recordings after either their normal sleep (average > 7 hours) or sleep deprivation
(< 5 hours) in the night before, and refrained from consuming caffeine. The subjects
performed four naps (trial) with the length of twenty minutes on each recording day, and
the interval between trials were approximately two hours. If needed, participants were
allowed to leave the lab in between naps (e.g. for toilet break or bringing in the lunch).
The sensors were kept in place throughout the trials, unless requested by participants, or
to reapply the electrodes due to poor electrode impedance. Overall, 21 out of 23 subjects
participated in both recording sessions. Table 6.1 summarises the recording details.

On-scalp and in-ear EEG were recorded simultaneously using the g.tec g.USBamp
amplifier with 24-bit resolution, at a sampling frequency fs = 1200 Hz. For on-scalp EEG,
standard gold-cup electrodes located at the C3 and C4 position (according to the inter-
national 10-20 system) were used for the recordings, a montage extensively used in sleep
medicine for visual sleep scoring, and the ground electrode for on-scalp EEG recordings
was attached to the forehead.

The in-ear sensor was made based on a one-size-fits-all viscoelastic earplug with two
flexible electrodes. The size of in-ear sensors was the same for all subjects. The in-ear
sensor was inserted into either subject’s left or right of ear, according to their prefer-
ence. After the insertion, the sensor expanded to conform firmly to the shape of the ear
canal. The standard gold-cup electrodes were attached behind the ipsilateral helix and
the ipsilateral earlobe for reference and ground, respectively. After the electrodes were
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Table 6.1: The configuration of EEG recordings.

# of subjects 23
# of sessions 2 days (Normal sleep, Sleep deprivation)
# of trials per session 4 trials
Length of trial 20 minutes
Channels On-scalp EEG (C3, C4)

In-ear EEG (Ch1, Ch2)

Flexible electrode

Ear Ch1

Ear Ch2

Figure 6.2: Recording setup in this study. (Left) The electrodes were placed on scalp and ear;
(Centre) the subject reclined in a comfortable chair; (Right) wearable in-ear sensor with two flexible
electrodes [10].

attached, the subjects were instructed to seat and recline in a comfortable chair in a dark
and quiet room. Figure 6.2 illustrates the recording setup (Left and Centre panel) and the
viscoelastic in-ear sensor (Right panel).

6.2.2 Manual scoring

The recorded signal was first downsampled to 200 Hz, and a fourth-order Butterworth
bandpass filter with passband 1-20 Hz was applied to both on-scalp and in-ear EEG. The
pre-processed on-scalp and in-ear EEG data were blinded and separately scored based on
the AASM criteria [105]. The epoch size was set to 30s, therefore 40 epochs were scored
in each recording trial (30 sx40epochs = 1200s). Some recording trials were too noisy
to score; one typical issue was when a subject put the side of their head on the pillow,
the earpiece and cables could become trapped underneath of their heads. Overall, 161
trials were used for further analyses. Note that some subjects did not sleep at all during
the twenty minutes trials, so in this scenario, the hypnograms from such trials were all
scored as Wake.

6.2.3 Pre-processing

For classification analyses, the downsampled EEG signals were bandpassed with a fourth-
order Butterworth filter with passband from 0.5-30 Hz. Since this study focus on a de-
tection of drowsiness, which is the boundary between Wakefulness and N1, the epochs
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Figure 6.3: Averaged PSD: (Top) On-scalp C3 channel; (Bottom) in-ear Ch1.

Table 6.2: Proportion of sleep stages over 23 subjects.

Dataset Wake N1  Total
#of epochs 3997 2002 5999

In-ear EEG  "potio (%) 666 334 1000
#ofepochs 3728 2071 5799
Ratio (%) 643 357 100.0

On-scalp EEG

labeled as Wake and N1 were analysed. In order to remove noisy epochs from further
analyses, for each on-scalp and in-ear EEG, the epochs (i.e. 30s segment of recordings)
which contained amplitudes of more than 4400 ;/V were removed. Therefore, the total
number of on-scalp and in-ear EEG epochs for further analyses was different, with their
proportion given in Table 6.2.

Figure 6.3 illustrates the averaged PSD over 23 subjects for on-scalp EEG channel
(C3) and in-ear EEG channel (Ch1, upper electrode), corresponding to Wake and N1 con-
ditions. Even though the amplitude of on-scalp EEG was different to that of in-ear EEG,
the trends of PSD were similar. For example, for both on-scalp and in-ear EEG channels,
there is a close match between the peaks in the alpha band (8-13 Hz) for Wake, and the
alpha power attenuation in the N1.

6.2.4 Feature extraction

After the pre-processing, the MSFE were calculated for each epoch of both on-scalp and in-
ear EEG data. The maximum scale for the MSFE was 7 = 1 — 30 (Tmin = 1 and 7nax = 30).
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Figure 6.4: The averaged MSFE for on-scalp and in-ear EEG. The error bars represent the standard
€error.

Since there are two channels of EEGs for both on-scalp and in-ear EEG, 30 x 2 = 60
features were extracted from each epoch for the classification. The other parameters used
to calculate the MSFE were m = 2, r = 0.15x(standard deviation of each epoch). Figure 6.4
depicts MSFE analysis for on-scalp and in-ear EEG channels (C3 and in-ear Ch1) of the
161 trials over 23 subjects with different sleep stages. Observe that for both on-scalp and
in-ear EEG, the Wake and N1 were visually well separated.

6.2.5 Classification

The binary-class SVM with a RBF kernel was employed as a classifier. The regularisation
parameter was set to C = 10, and the hyper-parameters for classification were settoy = 1;
the same hyper-parameters were used throughout the analysis.

6.2.6 Performance evaluation

Feature extraction was performed using Matlab 2016b, and the classification was conduc-
ted in Python 2.7.12, Anaconda 4.2.0 operated on an iMac with 2.8GHz Intel Core i5, 16GB
of RAM. The performance indicators to evaluate the proposed methods were class-specific
sensitivity (SE) and precision (PR), as well as overall accuracy and kappa coefficient (x);
the details are given in Section 2.4. The parameter M = 2 is the number of classes (i.e.
Wake or N1).
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Figure 6.5: Cross validation approaches used in this study.

6.2.7 Validation setup

Figure 6.5 illustrates the two different validation methods employed in this study. First,
the Leave-'One Trial’-Out Cross-Validation (LOTOCV) approach was applied; a single
nap trial was assigned as test data and the rest of 160 trials was used as training data (as
mentioned in Section 6.2.2, the number of epochs was 161). The validation trials were
therefore repeated 161 times. Although this approach is computationally expensive, the
test and training data do not come from the same recording trial, therefore, this approach
is applicable for real world setups. Second, a 10-fold CV approach was utilised, whereby
EEG recordings from all the 161 trials with scored hypnogram were concatenated into one
large matrix, and then randomly split into the training data (90 %) and test data (10 %).

6.3 Results

Setup 1: LOTOCV

Tables 6.3 and 6.4 show the classification results using LOTOCV methods for in-ear EEG
and on-scalp EEG recordings, respectively. For in-ear EEG, the classification accuracy of
two stages (i.e. Wake or N1) was 80.0 % with the kappa coefficient of x = 0.53. The classi-
fication and corresponding kappa for on-scalp EEG were 86.8 % and = 0.72 (Substantial
Agreement), respectively.

Setup 2: 10-fold CV

Tables 6.5 and 6.6 show the confusion matrices for 10-fold CV methods using in-ear EEG
and on-scalp EEG, respectively. The classification accuracy for in-ear EEG was 82.9 % and

85



6.4 Summary

Table 6.3: Confusion matrix for the 2-class Wake v. N1 classification (in-ear EEG, LOTOCV).

Algorithm based on in-ear EEG

Wake N1 SE(%) / PR(%)
Hypnogram based Wake 3546 451 88.7 / 82.5
on in-ear EEG N1 750 1252 62.5 /735

Accuracy = 80.0 %, x = 0.53

Table 6.4: Confusion matrix for the 2-class Wake v. N1 classification (on-scalp EEG, LOTOCV).

Algorithm based on on-scalp EEG

Wake N1 SE(%) / PR(%)
Hypnogram based Wake 3316 412 88.9 /90.4
on on-scalp EEG N1 353 1718 83.0 / 80.7

Accuracy = 86.8 %, k = 0.72

the corresponding kappa was x = 0.60. For on-scalp EEG, the classification accuracy and
kappa were 88.8 % and x = 0.76 (Substantial Agreement), respectively.

Table 6.5: Confusion matrix for the 2-class Wake v. N1 classification (in-ear EEG, 10-fold CV).

Algorithm based on in-ear EEG

Wake N1 SE(%) / PR(%)
Hypnogram based Wake 3645 352 91.2 /844
on in-ear EEG N1 673 1329 66.4 /79.1

Accuracy = 82.9 %, k = 0.60

Table 6.6: Confusion matrix for the 2-class Wake v. N1 classification (on-scalp EEG, 10-fold CV).

Algorithm based on on-scalp EEG

Wake N1 SE(%) / PR(%)
Hypnogram based Wake 3374 354 90.5/92.0
on on-scalp EEG N1 295 1776 85.8 / 83.4

Accuracy = 88.8 %, k = 0.76

6.4 Summary

This chapter aims to classify ‘drowsiness’, which is an important condition on the bound-
ary between wakefulness and light sleep. Day time nap recordings from 23 healthy sub-
jects were conducted, and their sleep stages were automatically classified based on EEG
signals obtained from both on-scalp and in-ear sensors. Our previous study scored and
compared the sleep onset based on both on-scalp and in-ear EEG [59], where the results
achieved in this study have confirmed the feasibility of in-ear EEG for automatic light

sleep classification, which is applicable for wearable out-of-clinic drowsiness monitoring.
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Chapter 7

Person authentication using in-ear EEG

Overview

This chapter focuses on a different aspect of user well-being. The use of EEG as a biometric
has been investigated for the last fifteen years, however its feasibility in the real world is
not yet established, mainly due to the issues with collectability and reproducibility. To
this end, a wearable biometric system based on in-ear EEG is evaluated.

7.1 Introduction

Person authentication refers to the process of confirming the claimed identity of an indi-
vidual, and is already present in many aspects of life, such as electronic banking and bor-
der control. The existing authentication strategies can be categorised into: 1) knowledge-
based (password, PIN), 2) token-based (passport, card), 3) biometric (fingerprints, iris)
[90]. Most extensively used recognition methods are based on knowledge and tokens,
however, these are also most vulnerable to fraud, such as theft and forgery, and can be
straightforwardly used by imposters. In contrast, biometric recognition methods rest
upon unique physiological or behavioural characteristics of a person, which then serve
as ‘biomarkers’ of an individual, and thus largely overcome the above vulnerabilities.
However, at present, biometric authentication systems are cumbersome to administer and
require considerable computational and man-power overloads, such as special recording
devices and the corresponding classification software.

With the current issues in global security, there is a rapid growth in biometrics ap-
plications based on various modalities, including palm patterns with high spectral wave
[160], patterns of eye movement [161], patterns in the ECG [162], and otoacoustic emis-
sions [163]. Each such biometric modality has its strengths and weaknesses, and typically
suits only a chosen type of application and its corresponding scenarios [164]. A robust
biometric system in the real world should satisfy the following requirements [90]:

o Universality: each person should possess the given biometric characteristic,

o Uniqueness: not any two people should share the given characteristic,
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o Permanence: the biometric characteristic should neither change with time nor be al-
terable,

e Collectability: the characteristic should be readily measurable by a sensor and readily
quantifiable.

In addition, a practical biometric system must be harmless to the users, and should max-
imise the trade-off between performance, acceptability, and circumvention; in other words,
it should be designed with the accuracy, speed, and resource requirements in mind [164].

One of the currently investigated biometric modalities is the EEG, an electrical poten-
tial between specific locations on the scalp which arises as a result of the electrical field
generated by assemblies of cortical neurones, and reflects brain activity of an individual,
such as intent [21]. From a biometrics perspective, the EEG fulfils the above requirements
of universality, as it can be recorded from anyone, together with the uniqueness. Specific-
ally, the individual differences of EEG alpha rhythms has been examined [91] and repor-
ted to exhibit a significant power in discriminating individuals [92] in the area of clinical
neurophysiology. The brain activity is neither exposed to surroundings nor possible to be
captured at a distance, therefore the brain patterns of an individual are robust to forgery,
unlike face, iris, and fingerprints. The EEG is therefore more robust against imposters’ at-
tacks than other biometrics and among different technologies to monitor brain function.
However, in order to utilise EEG signals in the real world, several key properties such as
permanence and collectability must be further addressed.

Most of proof-of-concept EEG biometrics were conducted over only one day (or even
over one single trial) recording with EEG channels covering the entire head, while in the
classification stage, the training and validation datasets were randomly selected from the
same recording day (or the same trial). Apart from its usefulness as a proof-of-concept,
this setup does not satisfy the feasibility requirement for a real world biometric applica-

tion, since:

e Recording on-scalp EEG with multiple electrodes is time-consuming to set up and
cumbersome to wear. Such a sensor therefore does not meet collectability require-

ment.

e EEG recordings from one day (or a single trial) cannot truly evaluate the perform-
ance in identifying features of an individual, as this scenario does not satisfy the
permanence requirement either.

e The training and validation data within this scenario are typically mixed, thereby
introducing a performance bias in classification. The classification results from such
studies are therefore unrealistically high — biased scenario.

Therefore, for feasible EEG biometrics, the EEG sensor should be wearable, easy to admin-
ister, and fast to set up, while in order to evaluate the performance, the recorded signal
should be split in a rigorous way — the training and validation datasets in the classification
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stage should be created so as not to share the same recording days. The setting is referred as
the rigorous scenario. While a considerable body of research has been undertaken to ex-
plore the EEG biometrics and to find the most informative subject-specific characteristic
of EEG (unigueness), most studies either focused on reducing the number of electrodes
(collectability) or on evaluating whether the traits are temporally robust (permanence) by
using EEG data obtained over multiple recording days.

In summary, EEG-based biometrics in real world resolve the following critical issues:

1. Collectability. Biometrics verification is evaluated with a wearable and easy to set up
in-ear sensor [36],

2. Uniqueness and permanence. These issues are addressed through subject-dependent
EEG features which are recorded over temporally distinct recording days,

3. Reproducibility. The recorded data are split into the training and validation data in
two different setups, biased and rigorous setup,

4. Fast response. The classification is performed by both a fast non-parametric (co-
sine distance) and standard parametric approaches (linear discriminant analysis and
support vector machine).

Through these distinctive features, a proof-of-concept for a wearable in-ear EEG biomet-

rics in the community is introduced.

r — “
Verification (e.g. PIN/password) - Is this person A?
[ Individual True
Claim PIN/password m (This is person A) or
(lam person A) ¢ A template of person A False
Registered information This is not person A
(in a database, inside card)
.
( . gn . . . . .
Identification (biometrics - e.g. fingerprints) - Who is this person?
( Individual —
- ) User's identity
Fingerprints (This person is B) or
All registered templates User unidentified
Registered information (No idea who is this person)
(in a database)
\ S

Figure 7.1: Person recognition systems. (Top) Verification system; (Bottom) identification system.

7.2 Overview of EEG-based biometrics
7.2.1 Biometric systems with verification/identification

Depending on the context, the two categories of biometric systems are: 1) verification sys-
tems and 2) identification systems, summarised in Figure 7.1 [164]. Verification refers to
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validating a person’s identity based on their individual characteristics, which are stored / re-
gistered on a server. In technical terms, this type of a biometric system performs a one-to-
one matching between the ‘claimed’ and ‘registered” data, in order to determine whether
the claim is true. In other words, the question asked for this application is ‘Is this person
A? as illustrated in Figure 7.1 (Top panel). In contrast, an identification system confirms
the identify of an individual from cross-pattern matching of the all available information,
that is, based on one-to-many template matching. The underlining question for this applica-
tion is “Who is this person?’ as illustrated in Figure 7.1 (Bottom panel).

7.2.2 Feasible EEG biometrics design

Traditionally, EEG-based biometrics research has been undertaken based on both publicly
available datasets [165] and custom recordings as part of research efforts [166]. However,
most of existing studies failed to rigorously address the key criterion, collectability, which
is also related to repeatability. A large number of studies, especially those conducted at
the dawn of EEG biometrics research, employed classification of the clients based on su-
pervised learning with the training and validation data coming from the same recording
trial. However, this experimental setup cannot truly evaluate the performance in identi-
fying individual features, since such classification does not take into account the varying
characteristic among multiple recording trials and recording days. In addition, EEG is
prone to contamination by artefacts from subjects” movements (e.g. eye blinks, chewing),
while the sources of external noise include electrode noise, power line noise, and elec-
tromagnetic interference from the surroundings. This opens the possibility to addition-
ally incorrectly associate ‘EEG patterns’ with either trial-dependent features or so-called
noise-related features — in other words, this setup is biased in favour of high classification
rate. Therefore, given the notorious variability of EEG patterns across days, biometrics
studies based on a single recording day (even for a single subject) can only validate very
limited scenarios, without any notion of repeatability and long-term feasibility [166].

Figure 7.2 shows the concept of a rigorous EEG biometrics verification/identification
system in the real world. Individuals participate in EEG recordings and their EEG signals
are registered and stored on a server or in a database. The client is granted access to
their account by providing new EEG data in verification scenarios, whereby the algorithm
discriminates the identify of an individual is in identification scenarios through new EEG
recordings. Recall that the registered EEG must be recorded beforehand.

In order to fulfil the feasibility requirement, several studies performed successful
EEG-based biometrics from multiple recording trials conducted on multiple distinct days,
thus satisfying the collectability requirement. However, the majority of these studies were
still conducted in an unrealistic scenario, whereby the training and validation data in the
classification process are split into segments, with all the segments coming from multiple
trials but on the same recording day being randomly assigned to the training and valida-
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1. Register EEG data A 2. Verification / Identification )
[ individual |} ( Individual ]
* Participate EEG recording Claim New EEG | 1 | New EEG
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Figure 7.2: Feasible EEG biometrics verification framework. (Left) EEG recording registration. The
registered EEG signal must have been recorded beforehand. (Right) Verification and identification
system.

tion datasets. Therefore, this biased setup, despite being based on the classification from
multiple recording trials, mixes the training and test recordings from the same recording
day and thus cannot truly evaluate the performance in the identification of individual
features.

In order to truly validate the robustness of a EEG biometrics application, within a rig-
orous setup, it is therefore necessary to both: 1) conduct multiple recordings over multiple
days, and 2) to assign recordings on one day as the training data and use the recordings
from the other days as the validation data. In other words, the training and validation
datasets should be created so as not to share the same recording days (as illustrated later in
Figure 7.6, Setup-R). As emphasised by Rocca et al., the issue of the repeatability of EEG
biometrics in different recording sessions is still a critical open issue [167].

Table 7.1: Recording and classification setup, and performance comparison among existing EEG
biometrics.

Author  Sub Days Interval Ch. Task* Seg. Features Classifier** Performance
,,,,,,,,,,,,,,,,,,,,,, Biased validation setup .
EC CRR =97.0%
S e - S S AN cRR-960%
AR, PSD, Mul, —3.409
A o 1« <
[170] 40 2 - 1 EC 180s AR, PSD KNN, LDA CRR =97.5%
,,,,,,,,,,,,,,,,,,,,, Rigorous validation setup ____ __ _ ___ ___ ______ __
w9 8 Sdays 8 MI1s ] psb 1 MAPmodel ~ HTER=193%
n72]y 4 2 10days - 1 EC 50s PSD LDA AC =100%
oo loohmonths .
3 . . CRR =100 %
[173] 9 2 1-3weeks 5 EC 1s AR Linear classier CRR = 100%
I 15 2 5-40days ., .o 4. o .. .~  CRR=89.0%
9 3 maowssdays 1 BT Me Tmesene C CRR-%30%
EC ., RIIR=90.8%
[175] 50 3 Ave. 34 days 19 FO 45s AR, PSD, COH L1, L2, Cos.dist. R1IR = 85.6 %
Task* EC: resting state with eyes closed, EO: resting state with eyes open, MI: motor imagery

,,,,,,,,, ERF: eventrelated potential __ _ _ _ _ __ _ _ _ _ _ __ __________________
ANN: artificial neural networks, FDA: Fisher discriminant analysis, KNN: k-nearest neighbours,
Classifier** LDA: linear discriminant analysis, MAP: maximum a posteriori, CC: cross correlation,

L1 (Manhattan) distance, L2 (Euclidean) distance, Cos. (cosine) distance
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7.2.3 Previous protocols

Table 7.1 summarises the state-of-the-art of the existing EEG biometrics applications based
on multiple data acquisition days.

Biased setup

In the first category (Biased setup) is the studies where the training and validation features
were randomly selected regardless of the data acquisition days. Abdullah et al. [168] col-
lected four channels of EEG data from ten male subjects during the resting state, in the
both eyes open (EO) and eyes closed (EC) scenarios, in five separate recording days over
a course of two weeks. In each recording day, five trials of 30's recordings were recor-
ded, and the recorded data were split into 5s segments with an overlap of 50 %. The
autoregressive (AR) coefficients of the order p = 21 were extracted from each segment,
and the extracted features were randomly divided into the training (90 %) and validation
(10 %) sets, namely 10-fold CV. An artificial neural network (ANN) yielded 97.0 % of cor-
rect recognition rate (CRR) for the EC task, and 96.0 % of CRR for the EO task. Riera et
al. [169] recorded two forehead channels of EEG from 51 subjects over four separate re-
cording days. The average temporal distance between the first and the fourth recording
was 34 & 74 days. The participants performed the EC task, and the duration of record-
ings was between two and four minutes. The recorded EEG was split into 4 s segments,
and five types of features were calculated for each segment, namely AR coefficients of or-
der p = 100, PSD in the 1-40 Hz band, mutual information (Mul), coherence (COH), and
cross-correlation (CC). The authors trained various classifiers and identified the five best
classifiers. The Fisher’s discriminant analysis (FDA) was then employed and was first
trained with different types of discriminant functions using the first to third recording
trials; then the fourth recording trials were used for testing. Next, the best five classifi-
ers from the training process were utilised for authentication tests, using the first and the
second minutes of recordings from each trial; therefore, the training data for the classifiers
and test data for the validation were not disjoint (biased setup). The discriminant analysis
with the selected discriminant function achieved 3.4 % of equal error rate (EER). Su et al.
[170] analysed five minutes of the EC task from 40 subjects, with six recording trials per-
formed in two separate recording days for each subject. The recorded EEG data from the
FP1 channel were split into segments of multiple lengths. The PSD in the 5-32 Hz band
and AR coefficients of the order p = 19 were chosen as features. The extracted features
were randomly divided into the training (50 %) and validation (50 %) sets. As a result of
100 iterations, the classifier combining LDA and k-nearest neighbours (KNN) achieved an
average CRR = 97.5 %, for a segment length of 180s.
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Rigorous setup

Multiple research groups considered EEG biometrics based on splitting the training and
validation data in a rigorous way, so as not to share the data from the same recording days to
highlight the feasibility of their system (Rigorous setup). Marcel et al. [171] analysed eight
channels of EEG from nine subjects, with four recording trials over three consecutive days.
The 155 trials consisted of two different motor imagery (MI) mental tasks, the imagina-
tion of hand movements. The recorded data were split into 1s segments, and PSD in the
8-30 Hz band was calculated for each segment. The Gaussian mixture model (GMM) was
chosen as a classifier, and maximum a posteriori (MAP) estimation was used for adapt-
ing a model for client data. By combining recordings over two days as training data, the
authors achieved 19.3 % of half total error rate (HTER), which is a performance criterion
widely used in biometrics; the details can be found in Section 7.3.6. Lee et al. [172] con-
ducted an experiment of 300s in duration from four subjects over two days, based on
single channel of EEG in the EC scenario. The data were segmented into multiple win-
dow sizes, and to extract frequency domain features, PSD was calculated only for the o
band (8-12Hz). Even though the dataset size was relatively small, with 50 s of segment
length, the LDA achieved 100 % classification accuracy. Rocca et al. [173] recorded two
resting state EEGs, in both the EO and EC scenarios, from nine subjects over two differ-
ent recording days, which were spanned one to three weeks. The recording length was
60s, and the recorded data were split into 1s segments with an overlap of 50 %. The AR
model (Burg algorithm) of the order p = 10 was employed for feature extraction, and the
training and validation data were split without mixing the trials from different recording
days. The recognition results, with features from selected three or five channels of on-
scalp EEG, were obtained by linear classification based on minimising the mean square
error, to achieve CRR = 100 %. Armstrong et al. [174] recorded event related potentials
(ERPs) and constructed two datasets. One dataset included EEG recorded from fifteen
subjects in two separate days, with a 5 to 40 inter-day interval, and the other one con-
tained EEG from nine subjects obtained in three separate days, with the average interval
between the first and third recordings of 156 days. The recorded data from the O2 chan-
nel were split into 1.1's long segments, which contained an ERP and started from a 100 ms
pre-stimulus. The CC between the training and validation data was used as a feature for
classification, and CRR = 89.0 % was achieved for validating the second day recordings
whereas CRR = 93.0 % for classifying the third day recordings. Maiorana et al. [175] ana-
lysed nineteen channels of EEG from 50 subjects during both EC and EO tasks in three
different recording days, with the average interval between the first and the third record-
ing of 34 days. Each recording trial consisted of 240 s of data, segmented into 5s windows,
with an overlap of 40 %. Three types of features were extracted, including a channel-wise
AR model (using the Burg algorithm) of the order p = 12, channel-wise PSD, and the
COH between the EEG channels. The L1, L2, and cosine distances were calculated for the
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extracted features, and the rank-1 identification rate (R1IR) achieved 90.8 % accuracy in
the EC task and 85.6 % in the EO task.

7.2.4 Biometrics based on collectable EEG systems

With a perspective of collectability, a biometrics application with dry EEG electrodes was
recently introduced [176]. While conventional wet EEG headsets require the application
of a conductive gel which is generally time-consuming, the dry headset with sixteen scalp
channels took on the average two minutes to be operational. The BCI based biometrics
application with rapid serial visual presentation paradigm achieved CRR = 100 % with
27s window size over all 29 subjects. Although the recordings were performed over a
single recording day per subject, the application with a dry headset was a step forward
towards establishing collectable EEG biometrics in real world.

In a recent effort to enable collectable EEG, the in-ear sensing technology [36] was
introduced into the research community. The in-ear EEG has been proven to provide
on-par signal quality, compared to conventional on-scalp EEG, in terms of steady state
responses [39], monitoring sleep stages [60], and also for monitoring cardiac activity [10].
The advantages of the in-ear EEG sensing for a potential biometrics application in the real
world are:

o Unobtrusiveness: The viscoelastic in-ear EEG sensor is made from affordable/con-
sumable standard earplugs [41],

e Robustness: The viscoelastic substrate expands after the insertion, so the electrodes
fit firmly inside the ear canal [10], where the position of electrodes remains the same
in different recording sessions,

o User-friendliness: The sensor can be applied straightforwardly by the user, without
the need for a trained person.

Therefore, biometrics with in-ear EEG offers a high degree of collectability, a critical issue

in real world applications.

7.2.5 Problem formulation

Here, the possibility of biometrics verification with a wearable in-ear sensor, which is
capable of fulfilling the collectability requirement, is investigated. The data were recor-
ded over temporally distinct recording days, in order to additionally highlight the unique-
ness and permanence aspects. Although the changes in EEG rhythms may well depend
on the time period of years rather than days, the alpha band features during the resting
state with eyes closed were reported as the most stable EEG feature over two years [177].
Since EEG alpha rhythms predominantly originate during wakeful relaxation with eyes
closed, this recording task was chosen to be the resting state with eyes closed. This task
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was used in multiple previous studies [168, 169, 170, 172, 173, 175]. In order to design
a feasible biometrics application in the real world, the two different types of imposters
were considered: 1) registered subjects in a database, and 2) subjects not belonging to
a database. Previously, Riera et al. [169] also used a single trial of EEG recording from
multiple subjects as ‘intruders’, while the ‘imposters’ data were EEG recordings available
from multiple other experiments. For rigour, two types of data were collected: 1) based on
multiple recordings from fifteen subjects over two days, and 2) multiple recordings from
five subjects, which were only used for imposters’ data. The classification was performed
by both a non-parametric and parametric approach. The non-parametric classifier, min-
imum cosine distance, is a simplest way for evaluating the similarity between the training
and validation matrix. Through the binary client-imposter classification, the feasibility of
our in-ear EEG biometrics was evaluated.

7.3 Methods

7.3.1 Data acquisition

The recordings were conducted at Imperial College London, for two different groups of
subjects and under the ethics approval, Joint Research Office at Imperial College London
ICREC12_1_1. One set of data were the recordings used as both clients and imposters
data, denoted by Sg, and the other subset were the recordings for only imposters” data,
denoted by Sy. Table 7.2 summarises the two recording configurations of Sk and Sx.

For the Sg subset of recordings, fifteen healthy male subjects (aged 22-38 years) par-
ticipated in two temporally separate sessions, with the interval between two recording
sessions between five and fifteen days, depending on the subject. The participants were
seated in a comfortable chair during the experiment, and were asked to rest with eyes
closed. The length of each recording was 190, and the recording was undertaken three
times (trials) per one day. The interval between each recording trial was approximately
five to ten minutes. In total, six trials were recorded per subject.

The in-ear EEG sensor is made of a memory-foam substrate and two conductive flex-
ible electrodes, as shown in Figure 7.3. The size of earpiece was the same for over twenty
subjects (both the S and Sy subjects). The in-ear sensor was inserted in the subject’s left
ear canal after earwax was removed; it then expanded to conform to the shape of the ear
canal. The reference gold-cup standard electrodes were attached behind the ipsilateral
earlobe and the ground electrodes were placed on the ipsilateral helix. For simplicity, the
upper electrode is denoted by Chl, while Ch2 refers to the bottom electrode. The two
EEG signals from flexible electrodes were recorded using the g.tec g.USBamp amplifier
with a 24-bit resolution, at a sampling frequency f; = 1200 Hz.

For the Sy subset of recordings, five healthy subjects (aged 22-29 years) participated
in three recording trials. Similar to the Sk subset of recordings, the participants were
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seated in a comfortable chair, and were resting with eyes closed. The duration of recording
was also 190 s. A viscoelastic earpiece with two flexible electrodes [41] was inserted in the
subject’s left ear canal and the same reference and ground configuration was utilised for
the Sk subset of recordings.

Similar to the setup in [175], there was no restriction on the activities that the subjects
performed, and no health test such as their diet and sleep, was carried out neither before or
between an EEG acquisition and the following one, nor during the days of the recordings.
This lack of restrictions allowed us to acquire data in conditions close to real life.

EEG electrode
Ch1

Ch2

Figure 7.3: The in-ear sensor used in this study. (Left) Wearable in-ear sensor with two flexible
electrodes; (Right) placement of the viscoelastic earpiece.

Table 7.2: Two EEG recordings and corresponding subset.

Subset Client/Imposter Sg Imposter only Sx
Task Resting state with eyes closed
# of Subjects 15 5
# of Trials 6 (2 days, 3 trials) 3 (1 day, 3 trials)
Recording duration 190s

7.3.2 Pre-processing

The two channels of the so-obtained in-ear EEG were analysed based on the framework
illustrated in Figure 7.4. In each recording, for both the Sg and Sy recordings, the first
5s of recording data were removed from the analyses, in order to omit noisy recordings
arising at the beginning of the acquisition. The two recorded channels of EEG were band-
pass filtered with the fourth-order Butterworth filter with the pass-band 0.5-30 Hz. The
bandpass filtered signals were split into segments. The symbol N denotes the number of
segments per recording trial from both the Sg and Sy subsets. The lengths of segments
were chosen as Lseg = 10, 20, 30,60, 90 s. Therefore, when the segment length was Lseg =
60s, N =3(190—5 = 1855, | 185/60] = 3) segments were extracted from every recording
trial of the Sg and Sx. Within each segment, the data was split into epochs of 2s length.
The epochs with the amplitudes of greater than 50 11V for either Chl or Ch2 were con-
sidered corrupted by artefacts and removed from the analyses. This method resulted in a
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Figure 7.4: Flowchart for the biometrics analysis framework in this study.

loss of 4.3 % of the data, namely approximately 7.7 s out of 190 s per recording trial.

7.3.3 Feature extraction

After the pre-processing, two types of features were extracted from each segment of the
in-ear EEG. For a fair comparison with the state-of-the-art, these features were selected
to be the same or similar to those used in the recent studies based on the resting state
with eyes closed [172, 173], and included: 1) a frequency domain feature — PSD, and 2)
coefficients of an AR model.

The PSD features

Figure 7.5 shows power spectral density for the in-ear EEG Ch1 (Left) and for the in-ear
EEG Ch2 (Right) of two subjects. For this analysis, the recorded signals were conditioned
with the fourth-order Butterworth filter with the pass-band 0.5-30 Hz. The PSD were
obtained using Welch'’s averaged periodogram method, the window length was 20 s with
50 % of overlap. The PSDs are overlaid between different recording days (Red: Day1, Blue:
Day?2), as well as among different recording trials with the same recording days, especially
visible from 3 to 20 Hz. Previously, Maiorana et al. utilised PSD features for EEG biomet-
rics based on the resting state eyes closed and achieved the best performance between
the PSD features from theta to beta band, which was classified by the minimum cosine
approach [175]; the inclusion of the delta band decreased their identification perform-
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Figure 7.5: PSD for the in-ear EEG Chl1 (Left) and the in-ear EEG Ch2 (Right) of Subject One (Top)
and Subject Two (Bottom). The thick lines correspond to the averaged periodogram obtained by
the all recordings from the first day (Red) and the second day (Blue), whereas the thin lines are
the averaged periodogram obtained by a single trial.

ance. In our in-ear EEG biometrics approach, the obtained PSDs were visually examined
and being found that the ratio between the the total o band (8-13 Hz) power and the total
6 — anigh band (4-16 Hz) power is a relatively more significant individual factor for biomet-
rics, rather than the total o band (8-13 Hz) power, which is proposed in [172]. Therefore,
in each segment of length Lgeg, univariate PSD was calculated by Welch’s method with
2s of the window length and no overlap. Three features were obtained for each PSD: 1)
The ratio between the total a band (8-13 Hz) power and the total 6 — ay;gn band (4-16 Hz)
power, 2) the maximum power in o band, and 3) the frequency corresponding to the max-
imum of a band power. In total, D = 6 (three features x two channels) frequency domain

features were extracted from each segment.

The AR features

The Burg algorithm of order p = 10 was used to estimate the AR coefficients. For each seg-
ment, univariate AR parameter estimation of its & band (8-13 Hz) with a window length
of 2s and no overlap was applied. The AR model was chosen as a feature, because it was
used in a previous successful study on EEG biometrics based on the resting state with eyes
closed [173]. A total of D = 20 features (ten coefficients x two channels) were therefore
extracted for each in-ear EEG segment.

7.3.4 Validation scenarios
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Setup-R: Select the training and validation data without mixing segments from the two
recording days, e.g. [4, j, k] = [1,1,1].

1: VC: The matrix of the selected-subject, the selected-day and the selected-trial, [1,1,1]
Yvo = XY
2: VI: The matrices of the selected-trial and the selected-day from the non-selected-subjects, [(2:15),1,1]
Yir = [X}(;?,LI)T7X$,1,1)T7 m?XI(%ls,L,l)T]T
3: T'C: The matrices of all recording trials recorded at the non-selected-day from the selected-subject,
[1,2,(1:3)]
Yre =
4: T1I: The matrices of all recording data recorded at the non-selected-day from the non-selected-subjects,
[(2:15),2,(1:3)]
Vi = [XI({2,2,1)T7 » X}(224,2,3)T’ X$,2,1)T’ » X1(315,2,3)T]T.
5: VIy: The matrices of the selected-trial from the Sy recording subjects, [(1:5),-,1]
Yor, = (X9 GV LX)

1,2,1)T 1,2,2)T 1,2,3)T
X X 2

With the extraction of the both univariate AR and PSD features from two channels, the
dimension D of features per EEG segment was twenty six. Recall that the first 5 s of record-
ing data were removed from the analyses. For each trial of the Si and Sy recordings, the
data with the duration of 190 s was split into segments of length Ls.; = 10, 20, 30, 60, 90
s. Therefore, N = 18,9, 6, 3, 2 segments were respectively obtained. Each recording trial
was represented by the feature matrix Xg for the Sg recordings and Xy for the Sy re-
cordings, such matrices have N x D elements. In this way, a set of six feature matrices was
obtained from one subject for the Sg recordings (three recording trials per one day, over
two different days), whilst a set of three feature matrices was obtained from one subject
for the Sy recordings (three recording trials per one day, one recording day).

As emphasised in Introduction, the aim of study is to establish a feasible EEG biomet-
rics which satisfies the collectability requirements, which are also related to repeatability.
Therefore, for rigour, all feature matrices X from the first day of recordings were used
as the training data, and feature matrices from the second day of recordings were used
as the validation data, and vice versa (Setup-R) — Setup-R: Rigorous setup, Setup-B: Biased
setup. Our goal was to examine the robustness of the proposed approach over the two
different time periods in Setup-R. For the second setup, Setup-B, training feature matrices
were also selected from the trials which were recorded at the same recording day as the
validation matrices. Namely, the training and validation data are split by mixing the data
from the same recording days. Notice that, although used in most available EEG biometrics
studies [168, 169, 170], Setup-B could not evaluate the repeatability/reproducibility of the applic-
ation, because the training and validation data were both from the same recording days. In other
words, such an approach benefits from the recording-day-dependent EEG characteristic
in the classification. However, as the number of feasible biometric modalities with in-ear
EEG sensor is limited and for comparison with other studies, for convenience, the results
for Setup-B are also provided.

Figure 7.6 summarises the two validation scenarios, Setup-R and Setup-B. For clarity,
write V C the validation feature matrix for the client, by VI the validation feature matrix
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Setup-B: Select the training and validation data with mixing segments from the two re-
cording days, e.g. [i, ], k] =[2,2,2].

1: VC: The matrix of the selected-subject, the selected-day and the selected-trial, [2,2,2]
Yve = X§*?

2: VI: The matrices of the selected-trial and the selected-day from the non-selected-subjects, [(1,3:15),2,2]
Yo = [Xg,m)T’X;{a,z,z)T, ...7X}(;5,2,2)T]T.

3: TC: The matrices of all recording trials recorded at the non-selected day from the selected-subject,
[2,1,(1:3)], and the matrices of non-selected trials recorded at the selected-day from the selected-subject,
[2,2,(1,3)]

Yy = [XI(:{Q,LI)T’Xg,1,2)T7X}(QZJ,S)T’X}(:52,2,1)T’X}(22,2.3)T}T.

4: TI: The matrices of all recording data recorded at the non-selected-day from the non-selected-subjects,
[(1,3:15),1,(1:3)],
and the matrices of non-selected trials recorded at the selected-day from the non-selected-subjects,
[(1,3:15),2,(1,3)]

Yoy = [Xl(:il,l,l)T’X}(21,1,2)T’X}(?1,1,3)T7XI(:{L2,1)T,X1(21,213)T7X1(§,1,1)T’ M’Xl(qlS,Zﬁ)T]T.

5: VIn: The matrices of the selected-trial from the Sn recording subjects, [(1:5),-,2]

Yury = XET, XEOT, L XE

for the imposters, while T'C' is the training feature matrix for the client, and 7'/ as the
training feature matrix for the imposters. The feature matrix from a single trial of the
subject ¢, recording day j, and trial &, from the Sg recordings is denoted by X }(é’j *) Then,
the training feature matrix Y7 and the validation matrix Yy are given as

Yr = [YZTCU YTTI]Tv

Vv = Y, = [V, Vi)

Besides, in order to evaluate feasibility in the real world, Sy recordings is used, which
are EEG recordings only used for imposters; Riera et al. termed the imposter only data
as ‘intruders’ [169]. For an additional scenario in both Setup-R and Setup-B (see Section
7.4.4), Sy recordings were used as the validation data for imposters, VIy. The feature
matrix from a single trial of the subject ¢, and trial k, from the Sy recordings is denoted
by X J(\l}’_’k). Therefore, the validation matrix is given by

YV = YVR + YVIN = [Y$C>Y515YJIN]T‘

Table 7.3 summarises the properties of matrices for the training matrix and the validation
matrix in the both Setup-R and Setup-B.

7.3.5 Classification

For both the Setup-R and Setup-B, every trial from every subject were selected for the
validation of client data, so as to have validated 90 times (three trials x two days x fif-
teen subjects). For each validation, both the largest and smallest values were found for
each feature (column-wise) from the training matrix, then the validation matrix was nor-

malised to the range [0, 1] based on these largest and smallest values. Three classification
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Setup-R client: [i, j, k] = [1,1,1] Setup-B client: [i, j, k] = [1,1,1]
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Figure 7.6: Two validation scenarios (Setup-R and Setup-B), where X "% € R¥N*D and x (""" ¢
RN*D denote a feature matrix from a single trial of the subject i, recording day j, and trial k, from
the S recordings and the Sy recordings, respectively. The number of segments per recording
trial N depends on the chosen segment lengths Lc,. The dimension D is the number of features
per EEG segment.

algorithms were employed: 1) a non-parametric approach — minimum cosine distance
[175], 2) LDA and 3) SVM.

Non-parametric approach: Cosine distance

The cosine distance is the simplest way for evaluating the similarity between the rows of
the validation matrix, Y. where [ = 1,...,15N for Yy = Yy, and [ = 1,...,20N for
Yy =Yy, + Yy, and the training matrix, Y7, and is given by

D
d (YV YT) = min L=t Yv(l’m) YT("’m)
@7 n D D '
Vb (V)2 /S0 ()

In other words, the cosine distance is used for evaluating the similarity between a given

test sample (e.g Ith row of the validation matrix, Yy, ;) and a template (training) feature
matrix, Y. The distances between the [th row of the validation matrix, YV( Lo and the each
row of training matrix Y7 were first computed, then the minimum among the computed
distances was selected.
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Table 7.3: Dimensions of the training and validation matrix in Setup-R and Setup-B.

Setup-R Setup-B
Yrc 3N x D 5N x D
Train Yrr 42N x D TON x D
Yy 4NxD ~ T5NxD
Yve N x D
. . Yvi 14N x D
Validation - B il 7\ avay B
Yv[N 5N x D
o Yv = Yy, :90(15N)
Total validation Yo = Yu, +Yvry : 90(15N +5N)
elements i = 1:15 (Sub), j = 1:2 (Day), k = 1:3 (Trial)

Parametric approach

The binary-class LDA and SVM were employed as a parametric classifier. Regarding
SVM,, for both Setup-R and Setup-B, four hyper-parameters: type of kernel, regularisa-
tion constant for loss function C, inverse of bandwidth + of kernel function, and order
of polynomial d, were tuned by 5-fold CV within the training matrix. Then, the same
hyper-parameters were used in order to obtain the optimal weight parameters within the
training matrix. The same hyper-parameters and weight parameters as in the training
were used for validation. Table 7.4 summarises the hyper-parameters for SVM.

Table 7.4: Hyper-parameters for SVM.

Type of kernel K(x,x") Hyper-parameters
Linear xTx -
Sigmoid tanh(yxTx’ +r) v, (r =0)
RBF exp(—v|x — x'|?) ~
Polynomial (yxTx' + )¢ v,d, (r =0)

7.3.6 Performance evaluation

Feature extraction and classification with minimum cosine distance and with LDA was
performed using Matlab 2016b, and the classification with SVM was conducted in Python
2.7.12 Anaconda 4.2.0 operated on an iMac with 2.8GHz Intel Core i5, 16GB of RAM.

For the verification setup (the number of classes M = 2, client-imposter classifica-
tion), the performance was evaluated through the false accept rate (FAR), false reject rate
(FRR), half total error rate (HTER), accuracy (AC), and true positive rate (TPR), defined
as:

FAR = FP/(FP + TN), FRR = FN/(TP + FN),
FAR + FRR TP + TN
HTER=—_ " AC=
2 » AC TP + FN + FP + TN’
TPR = TP/(TP + EN).
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For the identification setup (M = 15), the performance was evaluated by subject-wise
sensitivity (SE), identification rate (IR) and Cohen’s kappa (k) coefficient as:

15
5 Tp,
SE; = TP, /(TP; + FN), IR = ==L 1Fi
Nsegment
o~ SO (TP FP)(TP + FN)} - IR = 7
]\Zsegment2 1 — e

where Nsegment is the total number of segments.

7.4 Results

The biometric verification results within a one-to-one client-imposter classification prob-
lem are next summarised. In terms of the verification, the following scenarios were con-
sidered:

e Client-imposter verification based on varying segment lengths Lseg (Section 7.4.1),

Verification with various combinations of features (Section 7.4.2),

Verification across different classifiers, both non-parametric and parametric ones
(Section 7.4.3),

Verification of registered clients and imposters (Sg), and of non-registered-imposters
(Sn) (Section 7.4.4),

Subject-wise verification (Section 7.4.5).

In addition, biometric identification is considered, that is, a one-to-many subject-to-subject
classification problem (Section 7.4.6). Table 7.5 summarises the details of the considered

scenarios.

Table 7.5: Summary of parameter choice in the proposed biometric application.

Section  # of subjects Lseg Features Classifier Setup System
741 15 10, 20, 30, 60, 90 PSD+AR Cos. Dist. R&B
7427 150 7 7 60~ PSD,ARPSD+AR~ ~ ~  Cos. Dist. R~
T 7437 0 1 T T 60 T PSD+AR =~ Cos. Dist, LDA,SVM ~ R&B ~ Verification
S 744 545 60 PSD+AR =~ Cos. Dist, LDA,SVM ~ R&B ~
T745 0 10 T T 60 PSD+AR ~ Cos. Dist. R~
746 150 710,20,30,60,90 = PSD+AR = Cos.Dist.  ~~  R&B Identification -

7.4.1 Client-Imposter verification with different segment sizes

Table 7.6 summarises validation results for both Setup-R and Setup-B, over different seg-
ment sizes Lseg = 10,20, 30,60, 90 s. Both the PSD and AR features were used. The ele-
ments in TP, FN, FP and TN columns denote the number of segments classified by a val-
idation stage. The chance level in this scenario is 14/15 = 93.3 %; this is because every
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subject is once used for client data, Viyc € RV*P

lected from the other ‘non-client’ subjects, Vi;; € R4Y* in Table 7.3. The ratio between
Vve and Vi is therefore 1 : 14, and thus the chance level is 14/15. In Setup-R, the res-
ults with Lseg = 60s achieved both the best HTER score, 17.2 %, and the best accuracy
(AC), 95.7%. Notice that, the number of TP (=183) is larger than FN + FP (=174) with
Lseg = 605, therefore, the likelihood of making a true positive verification is higher than

in Table 7.3, and imposter data are se-

making a false verification. In Setup-B, the results with Lseg = 90 s obtained both the best
HTER score, 6.9 %, and the best accuracy (AC), 98.3 %.

Table 7.6: Client-Impostor verification over different segment sizes.

Les TP FN FP TN  FAR(%)  FRR(%) HTER (%)  AC (%)

10s 622 996 996 21656 44 61.6 33.0 91.8
K 20s 371 439 439 10901 3.9 54.2 29.1 92.8
§ 30s 271 269 269 7291 3.6 49.8 26.7 93.4
@ 60s 183 87 87 3693 2.3 322 17.2 95.7
90s 120 60 60 2460 24 33.3 17.8 95.6
10s 1097 523 523 22157 23 32.3 17.3 95.7
R 20s 611 199 199 11141 1.8 24.6 13.2 96.7
§' 30s 425 115 115 7445 1.5 21.3 11.4 97.2
® 60s 233 37 37 3743 1.0 13.7 7.3 98.2
90s 157 23 23 2497 0.9 12.8 6.9 98.3

TP: True Positive, FN: False Negative, FP: False Positive, TN: True Negative, FAR: False Accept Rate,
FRR: False Reject Rate, HTER: Half Total Error Rate, AC: Accuracy

7.4.2 Client-Imposter verification with different features

Table 7.7 shows the validation results in Setup-R, and over a range of different selections
of features, such as AR coefficients, frequency band power, and the combination of AR
and band power features for the segment length of Lsg = 60s. The classification results
using both AR features and PSD features were the highest in terms of both HTER and AC,
which corresponds to Table 7.6 (Fourth row), for Lseg = 60s.

Table 7.7: Rigorous setup: Client-Imposter verification over different features in Setup-R.

Lseg =60  #of features D FAR (%) FRR (%) HTER (%) AC (%)

AR 20 4.8 66.7 35.8 91.1
PSD 6 44 61.1 32.8 91.9
AR + PSD 26 2.3 32.2 17.2 95.7

7.4.3 Client-Imposter verification with different classifiers

Table 7.8 shows the imposter-client verification accuracy based on the minimum cosine
distance, LDA, and SVM, for both Setup-R and Setup-B, with a segment size of Lseg = 60's.
Both the PSD and AR features were used. In Setup-R, the results with cosine distance were
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the best in terms of both HTER score, 17.2 % and AC, 95.7 %. In Setup-B, the results of both
HTER and AC were the best based on the SVM classifier, 5.5 % and 99.0 %, respectively.

Table 7.8: Client-Impostor verification with different classifiers.

Lseg=60s TP FN FP TN FAR(%) FRR(%) HTER (%) AC (%)
Setup-R: rigorous

Cos. Dist 183 87 87 3693 23 32.2 17.2 95.7
LDA 149 121 139 3641 3.7 44.8 242 93.6
SVM 135 135 54 3726 1.4 50.0 25.7 95.3

Setup-B: biased
~ Cos.Dist 233 37 37 3743 1.0 137 73 982
LDA 200 70 87 3693 23 259 14.1 96.1
SVM 241 29 11 3769 0.3 10.7 5.5 99.0

7.4.4 Validation including non-registered imposters

Table 7.9 summarises the confusion matrices of both Setup-R and Setup-B with segment
sizes Lseg = 60, classified by the minimum cosine distance, LDA, and SVM; these corres-
pond to Table 7.8, panels Setup-R and Setup-B. The confusion matrices were categorised
into:

e Client matrix Yy ¢ from dataset Sg,
o Imposter matrix Yy s from dataset Sg

o Imposter matrix Yy, from dataset Sy.

Notice that the minimum cosine distance approach assigns the class (client or imposter) of
the nearest data from the training matrix. In this study, every trial from every subject was
selected for the validation of client data, so as to have validated ninety times; therefore,
the nearest data (from dataset Sg) for each imposter data from dataset Sy, also always become
the ‘client’ once. Hence, when the nearest data for an Sy data become the ‘client” data in
the training matrix, the imposter data from dataset Sy are straightforwardly classified as
‘client’. Therefore, regardless of data, the TPR for Imposter matrix Yy, is 93.3 % for the
minimum cosine distance approach; however for comparison among different classifiers,
these results are also included.

In Setup-R, the TPR of client Yy ¢, achieved by the minimum cosine distance was
the highest, with respective value of 67.8 %. However, the TPRs obtained by SVM for
imposters Yy and Yy 1, were 98.6 % and 96.2 %, respectively, which was higher than those
achieved by LDA. In Setup-B, both the TPR of client Yy ¢ and that of imposters Yy and
Yv 1y by SVM were the highest, with respective values of 89.3 %, 99.7 % and 96.3 %.
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Table 7.9: Confusion matrix of the Client-Imposter verification scenario from different datasets.

Lo — 60s Prediction TPR

o8 Client Imposter Total | (%)

@ Client Yv ¢ 183 87 270 67.8

_ 8 Imposter Yv 1 87 3693 3780 97.7
E 7 ImposterYin,© 90" 1260 1350° | 933"

= Client Yvc¢ 149 121 270 55.2

~ 8 Imposter Yy 139 3641 3780 | 96.3
§ 7 Imposteryys, 13 1214 1350 | 899

& s Client Yv ¢ 135 135 270 50.0

a Imposter Yy r 54 3726 3780 98.6

Imposter Yy 1, 52 1298 1350 | 96.2

@ Client Yv ¢ 233 37 270 86.3

- 3 Imposter Yv 1 37 3743 3780 | 99.0

& Imposter Yy, "  90* 1260* 1350* | 93.3
G <  ClientYve 200 70 270 [ 741

A S Imposter Yy 87 3693 3780 | 97.7
£ 7 mposteryyn, 132 1198 1350 | 887

A s Client Yv ¢ 241 29 270 89.3

a Imposter Yy r 11 3769 3780 99.7

Imposter Yy, 50 1300 1350 | 96.3

* Always the same result regardless of the data

7.4.5 Client-Imposter verification results per subject

Table 7.10 (Middle columns) summarises the subject- and day-wise validation results with
PSD and AR features from Lseg = 60's segments in Setup-R, which corresponds to Table
7.6 (Fourth row), for Lseg = 60s. The first and second columns in the verification part
show respectively subject-wise HTER and AC, with the training matrix Y7 selected from
all the first day recordings and classified based on the second day recordings. The third
and fourth columns in the verification part show classification results obtained based on
the training matrix Y7, which was selected from all the second day recordings in order to
classify the first day recordings.

7.4.6 Biometrics identification scenarios

Table 7.10 (Right column) summarises the subject-wise identification rate obtained by the
minimum cosine distance classifier with the PSD and AR features from Lseg = 605 seg-
ments in Setup-R. Previously, a binary client-imposter classification problem (e.g. M = 2)
was considered for each subject, each day, and each trial, however, the classification al-
gorithm used in this study was the simple minimum cosine distance between the valid-
ation matrix and training matrix. For the prediction of /th row of the validation matrix,
YV(L:)’ the minimum distance between the training matrix, Y7, was found, e.g. the nth
row of the training matrix, and the same label was assigned to the nth row of the training
matrix as the prediction label for /th row of the validation matrix, YV(L:)' Notice that the
minimum distance approach is applicable for biometrics identification problems, which is a one-
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Figure 7.7: The identification rate with different segment size in Setup-R and Setup-B. The error
bars indicate the standard error.

to-many classification. The number of classes was M = 15, which corresponds to the the
number of subjects in the S recordings, therefore the chance level was 1/15 = 6.7 %. The
achieved identification rate was 67.8 % with Lseg = 60s segments in Setup-R, while the
achieved kappa coefficient was x = 0.65 (Substantial Agreement) [117].

Figure 7.7 shows identification rate of both Setup-R and Setup-B, with different seg-
ment sizes Lgseg = 10,20, 30, 60,90 s. In Setup-B, the identification rate with Lseg = 10
s was 67.7 %, which was almost the same as the result with Lsg = 60 s in Setup-R. The
highest identification rate, 87.2 %, was achieved with Lseg = 90 s, where corresponding
kappa was x = 0.86 (Almost Perfect Agreement) in Setup-B.

Table 7.10: Recording details, accuracy and HTER in the verification problem, and sensitivity in
the identification problem for each subject with different training and validation data in Setup-R.

Impedance Verification (Client-Imposter, M = 2) Identification

Sk Interval (k) Time* Yr:Dayl — Yy :Day2  Yp:Day2 — Yy :Dayl (M = 15)
Sub day Dayl Day2 Dayl Day2 | AC(%) HTER(%) AC(%) HTER(%) SE(%)

1 5 <9 < 10 M A 98.5 6.0 100 0.0 94.4

2 6 <6 <6 A A 94.8 28.6 97.0 119 61.1

3 8 <5 <8 A A 98.5 0.8 94.8 33.8 66.7

4 7 <9 <10 A M 95.6 28.2 96.3 7.2 66.7

5 7 <8 <4 A A 96.3 17.5 97.0 22.2 61.1

6 7 <12 <14 A A 91.1 20.2 97.8 6.4 77.8

7 15 <12 <13 M M 98.5 11.1 96.3 22.6 66.7

8 6 <11 <11 M M 91.1 35.8 91.9 35.4 33.3

9 7 <10 <13 A A 96.3 12.3 95.6 12.7 77.8
10 8 <9 <9 M M 91.9 354 93.3 8.7 61.1

11 6 <11 <13 A A 95.6 17.8 94.8 13.1 72.2
12 5 <13 <11 M M 96.3 17.5 99.3 0.4 83.3
13 7 <13 <9 M M 95.6 17.8 97.8 115 722
14 6 <8 <9 M A 97.8 11.5 95.6 334 55.6
15 5 <9 <13 A A 94.1 13.5 91.9 25.0 66.7
Ave 7 - - - - 95.5 18.2 96.0 16.3 IR=67.8%

Setup-R: rigorous, Lseg = 60 Overall AC=95.7 %, HTER=17.2 % k= 0.65
*M: Morning (9-12), A: Afternoon (12-18) bold: best result, italic: worst result, out of fifteen subjects.
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7.5 Discussion

Verification with different segment sizes

Firstly, the classification results were compared for different segment lengths Lseg, shown
in Table 7.6. Within the same setup, i.e. Setup-R or Setup-B, the performance of HTER
and AC increased with the segment length, although the results with Lseg = 60s and
Lseg = 90s are almost the same. Longer segments allowed for more data epochs to be
averaged over, hence the EEG noise inference for classification diminished and the inher-
ent EEG characteristic were able to be captured by averaging. However, a longer segment
length also implies a longer recording time, which is not ideal for feasible EEG biomet-
rics. Compared to the results in Setup-R and Setup-B for the same segment length, both
the HTERs and accuracy (ACs) of Setup-B were clearly better than those of Setup-R. In
terms of client discrimination, the decrease in FRR was significant from Setup-R to Setup-
B. In Setup-B, a larger number of client segments was correctly classified (see TP) than
in Setup-R. In setup-R, only the result with Lseg = 60s achieved TP > (FN + FP), which
indicates that the likelihood of making a true positive verification is higher than making
a false verification; in Setup-B, the shortest segment size, Lseg = 105, achieved TP > (FN
+ FP).

The difference between Setup-R and Setup-B was that the training matrices Y7 in
Setup-B included the trials which were recorded on the same day as the validation trial.
In other words, the assigned validation data (trial) and the part of assigned training data
(trials) were recorded within 5 - 10 minutes in the same environment. Therefore, the
training matrix contains significantly similar EEG recordings to the validation matrix in
Setup-B, and this leads to a higher classification performance than the classification in
Setup-B.

With an increase in the segment size Lseg, the number of segments per recording trial,
N, became smaller, especially for N = 2 with the segment size Lseg = 90's; therefore, the
training matrix only contains six (two segments x three trials) examples of client data in
Setup-R (cf. ten examples in Setup-B), which might not be enough for training client data.
Hence, the performance with Lseg = 90 s was slightly lower than that with Lgeg = 60s in
Setup-R.

Verification with different classifiers

Table 7.8 shows the classification comparison among the minimum cosine distance meth-
ods, LDA and SVM. The SVM was used as a parametric classifier; firstly, the optimal
hyper-parameters (see details in Table 7.4) were selected from 5-fold CV within the train-
ing matrix, and then weight parameters based on these chosen hyper-parameters were
obtained. Notice that the classifier could have been tuned in different ways, for example

in order to minimise false acceptance or minimise false rejection. The optimal tuning in this
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study was performed so as to maximise class sensitivities, i.e. maximise the number of TP and
TN elements, which resulted in minimum HTERs. In both Setup-R and Setup-B, the FARs
by SVM were smaller than those achieved by both the minimum cosine distance and the
LDA, because the tuning was performed for maximising TN elements. Since the num-
ber of imposter elements was fourteen times bigger than the number of clients in both
Setup-R and Setup-B (i.e. chance level was 14/15), the SVM parameters were tuned for
higher sensitivity to imposters. As a result, the FRR by SVM, which were related to client
sensitivity given in Table 7.9, were higher than those achieved by both minimum cosine
distance and LDA in Setup-R.

In Setup-B, as mentioned above, the training matrix contains the data from the same
recording day, which are more similar EEG patterns than the data obtained from a differ-
ent recording day. Therefore, the SVM model chose hyper-parameters and weight para-
meters from the training matrix, so as to better the validation data in Setup-B, which led
to higher performance than by both the minimum cosine distance and LDA.

Notice that, as described before, tuning of the hyper-parameters was performed within
the training matrix, then the so-obtained hyper-parameters were used for finding the op-
timal weight parameters within the training matrix. The same hyper-parameters and
weight parameters were used for classifying the validation matrix. This setup is applic-
able for feasible EEG biometrics scenarios in the real world.

Validation including non-registered imposters

InTable 7.9, the confusion matrices for the client matrix Yy¢ and imposter matrix Yy -7 from
dataset Si and imposter matrix Yy, , are given, which were then used for a comparison
between Setup-R and Setup-B. Compared to the results obtained within the same classifier
(minimum cosine distance, LDA, SVM) in Setup-R and Setup-B, the TPR of clients Yy ¢
and the sensitivity of imposter Yy ; from dataset Sy in Setup-B were higher than those in
Setup-R. As described before, in Setup-B, the two client trials from the same recording day
as the validation trial were included into the training matrix, and therefore more segments
were correctly classified. In contrast, the TPRs of imposter Yy 1, from dataset Sy by both
the LDA and SVM in Setup-B were almost the same to those in Setup-R; 89.9 % and 88.7 %
for LDA, 96.2 % and 96.3 % for SVM. Compared to the TPR between two imposter data
(Yvr and Yy, ), regardless of the classifiers, the TPR of Yy 1 were higher than those of
Yy, . Since the imposter data from Sy were not included in the training matrix, the more
Sn data were misclassified as ‘client” than S data misclassified as “client’.

However, in the real world scenarios for biometrics, imposters are not always ‘re-
gistered”. The lower TPR for Yy, means that the application is inadequate for attack
from non-registered subjects. One potential way to overcome the vulnerability of the
minimum cosine distance classifier is by introducing threshold for classification. If the
nearest distance is larger than the given distance parameter, the segment is excluded from

the classification or is classified as imposter.
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Figure 7.8: PSD for the in-ear EEG Chl (Left) and the in-ear EEG Ch2 (Right) of Subject Eight.
The thick lines correspond to the averaged periodogram obtained by the all recordings from the
first day (Red) and the second day (Blue), whereas the thin lines are the averaged periodogram
obtained by a single trial.

Client-Imposter verification results per subject

For subject-wise classification, Table 7.10 summarises classification results obtained by
the minimum cosine distance in Setup-R, for different training-validation scenarios. The
results varied across subjects and for training-validation configurations between 91.1 % to
100 % of AC and between 0.0 % to 35.8 % of HTER.

The size of viscoelastic earpiece was the same for twenty subjects (both Sr and Sy
subjects), therefore all the subjects were able to wear it comfortably. The upper bounds
of the electrode impedance over three recordings per day of each participant are given in
Table 7.10 (Impedance part). The highest performance was achieved by Subject One, with
maximum impedances of 9 k{2 and 10 k2 for the first and second recording, respectively.
Even though the impedances for Subject Two and Subject Five were smaller than those
for Subject One, the corresponding performance was below average over fifteen subjects.
Besides, the lowest performance was exhibited by Subject Eight, for whom the impedances
were smaller than 11 k2 for Day1 and 11 k{2 for Day2. Figure 7.8 shows average PSDs for
Subject Eight — observe that the PSDs for the EEG recorded on Day2 (Blue) is slightly
larger than those on Day1 (Red).

Biometrics identification

In terms of biometrics identification results, a one-to-many subject-to-subject classification
problem, the average sensitivity over fifteen subjects, i.e. the identification rate, was 67.8 %
in Setup-R with Lgeg = 605, as shown in Table 7.10 (Right column). Figure 7.7 illustrates
the identification rates of both Setup-R and Setup-B, with different segment sizes Lseg =
10,20, 30,60,90s. The identification rate increased with segment length, although the
results with Lgeg = 60s and Lseg = 90s are almost the same.

Notice that the performances with Lseg = 10s in Setup-B and Lgeg = 60's in Setup-R
were almost the same, 67.7 % and 67.8 %, respectively. The highest identification rate in
Setup-B was 87.2 % with Lseg = 90s. Indeed, the training matrix for Setup-B included the
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Figure 7.9: PSD for the in-ear EEG Chl (Left), and the in-ear EEG Ch2 (Right) of one subject. The
thick lines correspond to the averaged periodogram obtained by the recordings from a ‘sleepy” trial
(Red) and a ‘normal’ trial (Blue). Observe that the alpha power attenuated during the ‘sleepy” trial.

trials which were recorded at the same day as the validation trial; therefore the perform-
ance was better than in Setup-R.

In a previous biometrics identification study, Maiorana et al. [175] analysed nine-
teen channels of EEG during EC tasks in three different recording days, and achieved the
rank-1 identification rate (R1IR) of 90.8 % for a segment length 45s. Notice that it is hard
to compare the performance with our approach, because the number of channels was
very different, as nineteen scalp EEG channels covered the entire head vs our two in-ear
EEG channels embedded on an earplug. Therefore, although our results were lower, the
proof-of-concept in-ear biometrics emphasised the collectability aspect in fully wearable

scenarios.

Alpha attenuation in the real world scenarios

One limitation of using the alpha band, is the sensitivity to drowsiness, a state where the
alpha band power is naturally elevated. For illustration, Figure 7.9 shows the PSD ob-
tained from a subject, calculated by Welch’s averaging periodogram method. The subject
slept during one recording, then the subject was woken up and another recording started
less than ten minutes after the first recording. The PSD graphs in Figure 7.9 are overlapped
except for the alpha band; the alpha power observed during the ‘sleepy’ recording trial
was smaller than that at the ‘normal’ recording, thus demonstrating the alpha attenu-
ation due to fatigue, sleepiness, and drowsiness. The alpha attenuation is well known in

the research in sleep medicine [16], where it is particularly used to monitor sleep onset.

Inter-trial and inter-subject variability

Another concern of this application is inter-trial and inter-subject variability. Figure 7.10
shows scatter plot for two selected features with a segment size Lseg = 60s. The numbers
represent the subject IDs. The error bar represents the standard deviation, separately cal-
culated by recording sessions (i.e. Dayl1 trials and Day?2 trials). For some subjects, e.g.
Subject Six, the plots obtained from Day1 and Day2 were closely located with small inter-
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trial variabilities (the shorter length of error bar). Overall, the figure shows that the inter-
trial variability was smaller than inter-subject variability in this study, when the number
of subjects was N = 15. However, the inter-subject variability reduces when the num-
ber of subjects increases, whereas the inter-trial variability may not change significantly,
regardless of the number of subjects. As the state-of-the-art, Maiorana [178] conducted
recordings over five different sessions (days) over 16 months from 45 subjects using 19
channels of an on-scalp EEG headset, and achieved an error rate of less than 5%. The
feasible authentication approach for a larger number of subjects will remain as a future

work.

7.6 Summary

This chapter aims to establish a repeatable and highly collectable EEG biometrics using a
wearable in-ear sensor. A biometric verification problem has been considered, which was
cast into a one-to-one client-imposter classification setting. A proof-of-concept has been
introduced for a feasible, collectable and reproducible EEG biometrics in the community
by virtue of an unobtrusive, discreet, and convenient to use in-ear EEG device. Robust
PSD and AR features have been introduced to identify an individual, and unlike most of
the existing studies, the classification has been performed rigorously, without mixing the
training and validation data from the same recording days.

The aspects that need to be further addressed in order to fulfil the requirements for
‘truly wearable biometrics” in the real world will focus on extensions and generalisations
of this proof-of-concept to cater for:

e Intra-subject variability with respect to the circadian cycle and the mental state, such
as fatigue, sleepiness, and drowsiness;

e Truly wearable scenarios with portable and affordable amplifiers;

e Inter- and intra-subject variability over the period of months and years.
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Chapter 8

Automatic overnight sleep monitoring using in-ear EEG

Overview

In Part I, the automatic sleep stage classification methods based on on-scalp EEG have
been evaluated, using publicly available overnight sleep data; the classification model can
be a proxy for time-consuming conventional manual sleep scoring by a clinician. In Part
II, proof-of-concept in-ear EEG applications have been developed in the area of sleep and
person authentication. Combining the two concepts, the feasibility of sleep monitoring
in the community using in-ear EEG have been investigated.

8.1 Introduction

In our modern 24/7 society, sleep quality has become a major issue affecting the state of
body and mind, with implications on both general health and economy. Consequently,
quality of sleep is considered one of the most important current topics in sleep medicine
[179], and is typically investigated by recording a person’s sleep patterns in sleep clinics.
However, current sleep monitoring in a clinic is expensive, cumbersome to administer,
and prohibitive to perform recordings continuously over days and weeks; this also af-
fects the subsequent diagnosis and treatment. For example, Beebe et al. designed and
conducted sleep monitoring for three weeks in home using a wrist-worn actigraphy, and
found that the daytime behavioural problems for adolescents may have been caused by
inadequate sleep [180]. The issues and previous findings have spurred the development
of unobtrusive, wearable sensors capable of long-term monitoring of physiological vari-
ables related to sleep [181]. On the other hand, such miniaturisation of sensors inevitably
affects the quality of recorded data, which calls for advanced signal processing and ML
tools, throughout the process, from data conditioning to automatic sleep staging.

The PSG is a standard clinical methodology to diagnose sleep disorders [16]. The
so-acquired sleep profiles of individuals are rigorous and comprehensive, however, the
expensive and cumbersome nature of PSG may even disturb patients’ normal sleep, thus
affecting diagnosis and treatment. During the analysis, the recorded PSG data are scored

manually by a trained technician; given the scale of sleep disorders in our modern soci-
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ety, this imposes unrealistic demands on clinical time. Therefore, from a point of view
of continuous widely affordable healthcare in the community and the future healthcare,
conventional sleep monitoring using the PSG is not realistic. To address this issue, mul-
tiple potential solutions have been proposed and fall under the two main categories:

1. Employ standard PSG but replace the clinician with an automatic scoring system
(881,

2. Use wearable sensing, possibly with a reduced number of sensing modalities (e.g.
only EEG or actigraphy), and perform the analysis with the clinician or automatic-
ally [89].

To address the first issue of time-consuming sleep stage scoring process performed
by clinicians, automatic sleep staging systems have been proposed based on full PSG re-
cordings [106, 138] or more recently based on only EEG recordings.

Regarding the second issue of a wider deployment of wearable devices, commercial
product already exist based on wrist activity (i.e. actigraphy) [182, 183]. Information
from such wearable devices is proven to be sufficient to distinguish between wakeful-
ness and sleep, and the agreement between the actigraphy based wake/sleep stages and
those manually scored based on standard PSG recordings can be as high as 91 % [184].
More recently, data from commercial wrist worn devices were found to allow for identi-
fying multiple sleep parameters, such as “sleep efficiency” and ‘total sleep time’ [185]. The
smartphone accelerometers (i.e. off-body sensing) have also indicated the possibility of
monitoring ‘sleep duration’, although the study did not simultaneously record standard
PSG as a ‘ground-truth’ [181].

Despite relative success, these proof-of-concept achievements based on ‘wearables’
are not yet capable of faithfully providing the much more complex information regarding
the clinically valid sleep stages, that is, to discriminate between wakefulness, Non-REM
sleep, and REM sleep.

With the development in sensor technology, one of the most convenient wearable
solutions for physiological monitoring introduced in the research community is sensing
from the ear. Multiple strategies have also been proposed for ear-EEG based sleep re-
search, as summarised in Table 8.1.

The original study by Looney et al. [15] recorded daytime naps with simultaneous
in-ear EEG and on-scalp EEG systems, from four healthy participants. The corresponding
manually scored hypnograms conclusively validated the feasibility of in-ear EEG for sleep
monitoring. The same data were also used for automatic sleep stage classification in [60],
which further demonstrated the possibility of out-of-clinic sleep monitoring with in-ear
EEG (Chapter 5 in this thesis). After the initial proof-of-concept stage, Alqurashi et al. [59]
conducted comprehensive multiple daytime nap recordings to establish the matching of
the corresponding sleep latencies based on in-ear EEG and on-scalp EEG under two con-
ditions: 1) after normal sleep and 2) after sleep restriction. The same nap data over twenty
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Table 8.1: Comparison of existing approaches to sleep research using in-ear/around-ear wearable
sensing technology.

Author  # Earpiece Setup Details
CHEL oy . Comparison of manually scored hypnograms based on in-ear and on-scalp _
S Ch S earsof . _ Comparison of automatic sleep scoring based on in-ear and on-scalp _ _
n-ear soft DT - 3
I Comparison of sleep latency based on in-earand on-scalp
Ch. 6 Automatic detection of drowsiness based on in-ear EEG

" Ch.8 21 Inearsoft ON | Automatic overnight sleep staging using in-ear EEG.
[69] 8 In-ear soft Automatic sleep scoring based on in-ear EEG (accuracy not given)

S8l 1 earhard  ON - Somparison of manually scored hypnograms based on in-ear and on-scalp _
[65] 9 Automatic overnight sleep staging using in-ear EEG

1 Around-ear Demonstration of EEG patterns in different sleep stages (activities)
#: the number of participants, soft: viscoelastic, hard: hardshell, DT: day time, ON: overnight.

three participants were used by Nakamura et al. [61] to investigate automatic detection
of drowsiness (i.e. to distinguish between wakefulness and light sleep) using in-ear EEG
(Chapter 6 in this thesis). Nguyen et al. [69] conducted overnight sleep recordings over
eight participants to evaluate their in-ear sensing system; their sensors were able to record
the EEG, EOG, and EMG, key physiological variables for sleep monitoring. It is important
to highlight that the sleep studies in [15, 59, 60, 61, 69] were conducted using one-size-fits-
all viscoelastic in-ear sensors, which are not optimised for a particular user but promise
affordable and widely deployable solution. Owing to their flexibility and stress-strain
properties (memory foam), these viscoelastic earpieces can be squeezed and shaped to fit
comfortably any ear; such an in-ear sensor is readily applicable to a large population, a
pre-requisite for the future healthcare in the community. With custom-made hardshell
earpieces, a technology derived from hearing aids earpieces, Zibrandtsen et al. [63] mon-
itored overnight sleep EEG activities from a single participant, and confirmed the simil-
arities in temporal and spectral features between in-ear EEG and conventional on-scalp
EEG. Recently, Mikkelsen et al. [65] validated an automatic overnight sleep staging using
hardshell binaural in-ear EEG recordings over nine participants. The latest around-ear
EEG device (cEEGrid) [9], which strictly speaking records on-scalp EEG behind the ear,
has been utilised for overnight sleep recordings. It has been shown to be capable of mon-
itoring specific sleep patterns, such as the K-complex, theta activity, and delta activity in
NREM 3 stage sleep.

With one-size-fits-all in-ear sensing system [10], the feasibility of sleep monitoring
using in-ear EEG is further validated in the following setups:

1. Viscoelastic in-ear sensors [41] for off-the-shelf sleep monitoring of a relatively large
sample of healthy young adults;

2. A ‘real world’ out-of-clinic overnight sleep scenario, namely in participants’ homes
to reflect their normal sleep patterns;

3. In conjunction with the conventional PSG for hypnogram generation, which then
serves as the ‘ground-truth’ for further analyses.

For rigour and feasibility considerations, the exact same shape of standardised earpieces
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(size, materials) was used throughout the recordings on multiple participants. The re-
cordings were undertaken in participants” homes; such familiar environments are a key
to representative sleep monitoring, as this minimises the stress and inconvenience of the
participants and the likelihood of unusual sleep patterns. Our comprehensive setup in-
volved simultaneous in-ear EEG and PSG recordings; the in-ear EEG data were used for
automatic sleep stage classification, whilst the PSG data were scored manually by a clini-
cian. Through a rigorous performance metrics comparison of an automatic sleep staging
method based on in-ear EEG and the manually scored hypnogram (based on the stand-
ard PSG), the feasibility of automatic overnight sleep monitoring in out-of-clinic scenarios
with readily deployable one-size-fits-all in-ear sensors have been confirmed.

8.2 Methods

Figure 8.1 presents the flowchart of this study, whereby after simultaneous in-ear EEG and
PSG recording in the first step, two channels of on-scalp EEG were extracted from the PSG
data. The in-ear EEG and on-scalp EEG data were preprocessed through down-sampling,
bandpass filtering, and removal of noisy epochs. Then, both structural complexity and
frequency domain features for classification were extracted. The full PSG recordings were
manually scored, and the so-obtained hypnogram was used as the ‘ground-truth’ of sleep
stages for automatic classification.

8.2.1 Data acquisition

The in-ear EEG and PSG data were simultaneously recorded between October 2017 and
June 2018 under the ethics approval, ICREC 17IC4150, Joint Research Office at Imperial
College London. In total, 22 healthy participants (aged 23.8 + 4.8 years) were recorded,
after an informed consent was obtained. Only two participants had worn our in-ear sensor
before, whilst none of participants had participated in overnight PSG recordings before.

Participants were visited in their own home at night (approximately two hours before
their usual bedtime) to setup the in-ear EEG and PSG sensors; after the sensor setup, the
clinician started the recording and left the participant’s home. The participant went to
bed as per usual and had their normal overnight sleep. The next morning, the clinician
visited to detach the sensors; the participants were instructed to detach the sensors at any
point during the night should they feel any discomfort.

The in-ear EEG and PSG were recorded simultaneously from two data acquisition
systems, and these two amplifiers were manually controlled to start and to stop each
recording. To ensure data alignment, the agreements between their time stamps were
checked before every recording. For the in-ear EEG, the g.tec g.USBamp amplifier with
24-bit resolution at a sampling frequency f; = 1200 Hz was used for the recording. The

in-ear sensor was in the form of a one-size-fits-all viscoelastic earplug with two flexible
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Figure 8.1: Flowchart for the automatic sleep stage classification in this study.

electrodes, the details can be found in [10, 41]. The size of in-ear sensors was the same
for all participants, approximately 25mm in length and 12 mm in diameter. Before in-
sertion, a participant’s ear canal was cleaned with a cotton bud to remove ear wax; then
conductive gel was applied to the electrode. The in-ear sensor was inserted into either par-
ticipant’s left or right ear, according to their preference, within a monaural setup. After
the insertion, the sensor adapted firmly to the shape of the ear canal. Standard gold-cup
electrodes were used as a reference (behind the ipsilateral helix) and ground (the ipsilat-
eral earlobe). Figure 8.2 shows the in-ear sensors with two electrodes (Left panel) and
the placement of earpiece (Right panel). Before the overnight recordings, the quality of
in-ear EEG responses were inspected during the participants’ resting state with their eyes
closed, and the electrode impedance was checked.

The PSGs were recorded by the SOMNO Screen device, by SOMNO medics. The
electro-physiological sensors were placed onto participants’ scalp (including eight chan-
nels of EEG: F3, F4, C3, C4, O1, 02, Al, and A2, according to the international 10-20
system), face (including two channels of EOG), chin (three channels of EMG), chest, ab-
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domen, and legs (including two channels of ECG). The ground and reference electrodes
were attached on the forehead. Multiple other signals were monitored, such as parti-
cipants’ movement, body position, pulse rate and the pulse waveform (pulse oximeter),
Naso/Oral flow (thermistor), and snoring sound. The data were recorded at a sampling
frequency of 256 Hz, and transmitted to a laptop wirelessly.

8.2.2 Manual scoring

The recorded PSG data, including EEG, EOG, EMG, and respiration, were analysed by the
Domino Plus system, by SOMNO medics. The obtained PSGs were filtered with the pass-
band frequencies from 0.2-35 Hz, and such processed PSG data were manually scored by
a clinician based on the AASM criteria [105]. The labeled sleep stages were Wakefulness
(W), NREM1 (N1), NREM2 (N2), NREM3 (N3), REM, and Movement. One PSG recording
was not scored due to high frequency artefacts; therefore, overall, 21 out of 22 participants’
overnight recordings were used for further analyses.

8.2.3 Pre-processing

The recorded signals were first aligned in accordance with the time stamps from the separ-
ate in-ear EEG and PSG amplifiers. In total, approximately 165 hours (i.e. approximately
eight hours per participant) of in-ear EEG and PSG data were used for further analyses.
For the classification, the following channel configuration was used: 1) two in-ear EEG
channels (upper and lower channel of the earpiece), and 2) two on-scalp EEG channels
(C3-A2 and C4-A1) from the PSG recordings. The in-ear EEG and on-scalp EEG signals
were downsampled to 120 Hz and 128 Hz, respectively; the downsampled frequencies of
two systems were different due to the recording sampling rates (1200 Hz for in-ear EEG,
and 256 Hz for on-scalp EEG). The downsampled EEG signals were bandpass filtered with
a fourth-order Butterworth filter with the passband from 0.5-30 Hz. An example of the
recorded signal from an on-scalp and the in-ear EEG channel is illustrated in Figure 2.2.
Epochs scored as ‘Movement” were removed. The size of epochs was considered as

EEG electrode
Ch1

Ch2

Figure 8.2: The in-ear sensor used in this study. (Left) Wearable in-ear sensor with two flexible
electrodes; (Right) placement of the in-ear sensor.
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a standard (i.e. 30s segment of recordings) while epochs which contained amplitudes
of more than +200 1V for in-ear EEG, and £400 1V for on-scalp EEG, were deemed to
be contaminated by noise. This is because, for the on-scalp EEG, the amplitude of the
K-complex, a signature response of NREM 2 sleep, is normally less than +400 nV [130];
+200 11V was assumed applicable for such amplitude thresholding in in-ear EEG, since the
amplitude of in-ear EEG is smaller than that of on-scalp EEG [36], as also seen in Figure
8.6. In order to remove noisy epochs from further analyses, the epochs for classification
were selected using the criteria below:

1. Find all epochs which contain amplitudes larger than the threshold (i.e. +200 1V
for in-ear EEG, and +400 .V for on-scalp EEG) in each channel;

2. Remove an epoch if at least one channel of in-ear EEG (or on-scalp EEG) has amp-
litudes above the threshold;

3. Count the number of removed epochs (noisy epochs);

4. Do not consider a trial if the number of noisy epochs is more than 50 % of the entire
recording from a participant.

This epoch/participant rejection strategy was applied to in-ear EEG and on-scalp EEG
separately, therefore, the total numbers of epochs in the in-ear EEG and on-scalp EEG
systems for further analyses were different, with details of their proportion given in Table
8.2. The number of participants and epochs for further analysis of in-ear EEG were re-
spectively N = 16 and 11610 (out of 15120 — 76.8 % remaining epochs), while N = 17 and
13040 (out of 15970 — 81.7 % remaining epochs) for on-scalp EEG. This, in turn, means
that the remaining participants for in-ear EEG and on-scalp EEG were not necessarily the
same, since the removed participants were chosen based on amplitude thresholding.

Table 8.2: Proportion of scored sleep stages in different systems.

In-ear EEG (N=16)
Wake N1 N2 N3 REM Al
“#ofepochs 2568 183 5332 2048 1479 11610
Ratio (%) 221 16 459 176 127 100
On-scalp EEG (N=17)
Wake N1 N2 N3 REM All

#ofepochs 2385 163 6510 1902 2080 13040
Ratio (%) 183 12 499 146 160 100

8.2.4 Feature extraction

After the pre-processing stage, the MSPE and SEF metrics were calculated for each epoch
of both in-ear EEG and on-scalp EEG data. The details of MSPE can be found in Section
2.1.1; the same parameters (i.e. the scale: 7 = 1 — 20 (Tmin = 1 and Tmax = 20) , the
embedding dimension: d = 5, and the time delay: L = 1) were used for this study.
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The MSPE analysis for in-ear EEG and on-scalp EEG channels of overnight data for one
participant is shown in Figure 2.3. As a frequency domain feature, the SEF was used. For
this study, the PSD of each epoch (30 s) was obtained using Welch’s averaged periodogram
method with the window length of 4s and 50 % window overlap. The frequency ranges
for SEF50, SEF95, and SEFd were chosen in the same bands given in Table 2.3 (Setup-N).

8.2.5 Classification

The extracted features were normalised to between [0, 1] participant-wise before perform-
ing classification. The multi-class SVM with the RBF kernel was employed as a classifier.

8.2.6 Performance evaluation

The pre-processing and feature extraction analyses were undertaken in Matlab 2016b, and
the classification was implemented in Python 2.7.12, Anaconda 4.2.0 operated on an iMac
with 2.8GHz Intel Core i5, and 16GB of RAM. The performance indicators to evaluate
the proposed methods were class-specific sensitivity (SE) and precision (PR), as well as
overall accuracy (AC) and kappa coefficient («); the details are given in Section 2.4.

8.2.7 Validation setup

A 10-fold CV approach was utilised; EEG recordings from all subjects were concatenated
into one large matrix, which was then randomly split into the training data (90 %) and
the test data (10 %). The validation process was repeated ten times with changing the
selection of training and test data.

8.3 Results

The feature matrices based on two in-ear EEG channels and two on-scalp EEG channels
were classified by a multi-class SVM with fixed hyper-parameters. A 10-fold CV approach
was utilised.

Figure 8.3 shows the classification results for M = 5 class (W, N1, N2, N3, and REM)
using the in-ear EEG and on-scalp EEG. In the in-ear EEG setup, the overall accuracy was
74.1 % and the corresponding « value was 0.61, which indicates Substantial Agreement,
whereas the accuracy and « of on-scalp EEG were respectively 85.9 % and 0.79 (Substantial
Agreement). The sensitivities to each sleep stage of in-ear EEG were approximately 10 %
lower than those of on-scalp EEG, except for the REM condition. The sensitivities to REM
of in-ear EEG and on-scalp EEG were 45.8 % and 81.8 %, respectively. Notice that more
epochs labeled REM were misclassified as N2 (679 epochs) than correctly classified as
REM (677 epochs) in the in-ear EEG setup.
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Automatic overnight sleep monitoring using in-ear EEG

Figure 8.4 depicts the participant-wise classification accuracy (Blue bar plot) and the
corresponding x (Red dot plot) for both the in-ear EEG and on-scalp EEG scenarios. Al-
though not without variations, overall, data from all participants were amenable to be
classified using the proposed methods.
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Figure 8.3: Confusion matrix for the classification results: (Top) In-ear EEG; (Bottom) on-scalp
EEG. The symbols SE/PR on the bottom right denote respectively sensitivity and precision.

Figure 8.5 illustrates the overnight hypnograms of two participants for both the in-ear
EEG and on-scalp EEG system; the graphs show the manually scored hypnogram based
on the full PSG recordings (Blue) and the automatically predicted label based on the pro-
posed algorithm (Red). The black crosses denote the epochs removed from the analyses
due to amplitude thresholding. In Figure 8.5 (A), notice the REM condition between time
stamps 03:30 and 04:30; regarding the predicted label based on in-ear EEG, a large por-
tion of epochs was misclassified as N2 sleep, whereas the majority of epochs was correctly
classified as REM in the prediction based on on-scalp EEG. For further illustration, in a
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Figure 8.4: Classification accuracy (Blue bars) and kappa values (Red dots) for individual parti-
cipants: (Top) Based on in-ear EEG; (Bottom) based on on-scalp EEG).

hypnogram of another participant in Figure 8.5 (B), multiple sleep cycles, for example
three REM conditions, can be observed.

Table 8.3 displays the classification results over different number of classes (M =
2,3,5). The class-wise sensitivity and precision (in italic), and overall accuracy and « are
also provided. The notation M = 2 means the 2-stage classification (Wake v. Sleep),
whereas M = 3 denotes 3-stage classification (Wake v. NREM sleep v. REM sleep). The
accuracy of in-ear EEG ranged from 74.1 % to 89.9 % with the corresponding  from 0.60
to 0.68. The accuracies and kappa coefficients (x) of on-scalp EEG were higher than those
of in-ear EEG.

Table 8.3: Sensitivity and Precision (in italic) for sleep classification in different class scenarios.

In-ear EEG M =2 M =3 M =5
Wake 667841 704806 74377.2
N1 49643
N2 920823 841714
N3 264911 747837
REM - 421681 45866.6
Accuracy 89.9 80.9 74.1
K 0.68 0.60 0.61
On-scalp EEG M=2 M=3 M=5
Wake 81.691.3 829893 838881
N 20.258.9
N2 94391.7 89.585.8
N3 983960 861882
REM - 803831 81.882.3
Accuracy 95.2 90.0 85.9
K 0.83 0.80 0.79

126



Automatic overnight sleep monitoring using in-ear EEG
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Figure 8.5: Manually scored hypnograms of overnight sleep based on the full PSG (Blue) and the
automatically predicted label by the proposed algorithm with the in-ear EEG and on-scalp EEG
features (Red) from two participants. The black crosses above the W stage indicate the epochs
removed from the analyses due to the amplitude thresholding.
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8.4 Discussion

This study has proposed an overnight sleep monitoring system using a viscoelastic in-ear
sensor, and has validated the feasibility of automatic sleep staging based on in-ear EEG.
Compared to the gold standard — manually scored hypnogram based on a standard PSG
recording — the obtained classification accuracy using in-ear EEG features was 74.1 % with
the corresponding « value of 0.61, which indicates Substantial Agreement.

Compared to the classification performance based on in-ear EEG, the results based
on on-scalp EEG were better, especially regarding the sensitivity to REM stage. As seen
in Figure 8.3, the majority of manually labeled REM epochs were misclassified as N2 in
the in-ear EEG setup. Figure 8.6 illustrates the averaged power spectral density for the
in-ear EEG (Left) and the on-scalp EEG (Right) of two participants. For this analysis,
the recorded signals were manually selected in order to compare N2 v. N3 v. REM; for
the top panel (Participant One), a single consecutive 90 minutes of sleep data were se-
lected, whereas two consecutive 60 minutes of sleep data were selected (i.e. 120 minutes
in total) for the bottom panel (Participant Two). The PSDs were obtained using Welch’s
averaged periodogram method, the window length was 4 s with 50 % of window over-
lap. The trends in in-ear EEG and on-scalp EEG analyses were similar and included: 1)
high-alpha (12-15 Hz) activities in N2 sleep, 2) prominent delta activities (0.5-4 Hz), espe-
cially slow wave activity (0.5-2 Hz) in N3 sleep, and 3) relatively lower voltage amplitude
in REM. However, the slow wave activities of N2 and REM sleep in the in-ear EEG were
similar, as evidenced by an overlap in their spectrum, whereas clear visual separation was
present in the on-scalp EEG setup. This overlap might have caused the lower discrimina-
tion performance for N2 and REM in the in-ear EEG scenario. Note that the on-scalp EEG
montage (C3-A2 and C4-Al) is the gold standard for sleep medicine, and has been studied
and validated over decades. Also the algorithm applied in this study was originally tested
and developed on a publicly available dataset of on-scalp EEG, as discussed in Chapter 3.
Future work will consider introducing a fine-tuned classifier, specifically designed for in-
ear EEG. Collecting a very large cohort of in-ear sleep EEG data will allow us to examine
more practical validation setups, such as leave-one-subject-out CV in addition to K-fold
CV.

This study leaves room for improvement, for example, some noisy epochs were re-
moved by amplitude thresholding, and some participants were removed from the ana-
lyses. According to visual inspection of the shape of the recorded signal, the noise was
categorised into: 1) abrupt electrode noise and 2) constant noise from respiration. The
first type of noise might have been caused by participants’ movement. Note that the in-ear
sensor has been extensively validated in a research lab when the participants were in the
resting state, but only a few studies were conducted with participants’ movements (e.g.
jaw movement [10]). These issues can be resolved with an advanced sensor design. The
second type of noise was due to the placement of the in-ear sensor on the participant’s
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head. In certain recordings, the recorded signal was overlaid by a large amplitude of
slow oscillation, which represents an artefact from respiration. This study utilised a mon-
aural setup in order to minimise both the time for technical setup and the participants’
inconvenience, however, the locations on the participants” head and earpiece might have
interfered with the quality of recordings.
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Figure 8.6: Averaged PSD of in-ear EEG and on-scalp EEG during selected consecutive epochs of
two different participants. The vertical lines denote the 2 and 4 Hz frequencies in order to desig-
nate the delta activity (0.5-4 Hz) and slow wave activity (0.5-2 Hz).

8.5 Summary

The aim of the chapter was to propose and to validate an automatic overnight sleep mon-
itoring system with readily deployable one-size-fits-all viscoelastic in-ear sensors. Full
standard PSG and in-ear EEG were simultaneously recorded for twenty-two healthy par-
ticipants, who have participated in overnight sleep recordings at their own home which
both minimised participants’ inconvenience and provided a ‘real world” out-of-clinic scen-
ario. The on-scalp EEG and in-ear EEG have showed a high degree of similarity in both
the structural complexity and the spectral domains. This study has demonstrated that a
single in-ear sensor is capable of monitoring overnight sleep in an unobtrusive and in-
expensive way, and that one-size-fits-all viscoelastic sensor promises to become a viable

proxy to conventional sleep monitoring in a clinic.
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Chapter 9

Conclusions and future work

9.1 Conclusions

This thesis addresses the feasibility of wearable brain monitoring (electroencephalography,
EEG) applications in the real world in the context of fully wearable 24/7 solutions. Based
on advanced sensing technology and signal processing algorithms, recent consumer wear-
able devices can monitor physiological responses, especially cardiac activities, in out-of-
the-laboratory environment. Such systems also give feedback to the users based on the
recorded signal (responses). As a different modality of physiological responses, the EEG
has been traditionally investigated in medicine as a signature of cognitive processes; re-
cently the engineering research community has explored the use of EEG signal as a com-
munication channel between humans and machines. In this research area, this thesis has
suggested wearable solutions to facilitate a user’s life, based on in-ear EEG, especially in
the area of sleep and person authentication. In terms of sleep, an automatic sleep staging
algorithm, which is capable of capturing the characteristics of human sleep using conven-
tional on-scalp EEG, have been first introduced . The feasibility of our own viscoelastic
in-ear sensor for sleep monitoring in out-of-clinic scenarios have been then demonstrated.
Combining these two ideas, a viable wearable solution for monitoring sleep in the real
world have been introduced, as an example of the transparent EEG. Regarding the bio-
metrics, even though it is still at a proof-of-concept stage, the proposed in-ear EEG based
person authentication system can resolve the cumbersome setup issues associated with
conventional on-scalp EEG based biometrics.
This chapter presents a brief summary of the contributions of this thesis and outlines

future work.

o Feature extraction for automatic sleep staging. The combination of two features,
1) structural complexity features (multi-scale entropy) and 2) non-linear frequency
domain features (spectral edge frequency), are shown to be effective for classify-
ing sleep stages from a limited number of EEG channels. The proposed methods
are evaluated using benchmarking publicly available sleep recordings, PhysioNet
Sleep-EDF and NSRR CCSHS datasets.
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o Proof-of-concept sleep studies with in-ear sensors. The on-scalp and in-ear EEG
data were simultaneously recorded in the research laboratory; the so-recorded data
were scored blindly (from on-scalp and from in-ear) by a clinician. The EEG data
recorded from in-ear sensor represent an individual’s sleep profile when compared
to conventional on-scalp EEG. The agreement between 1) automatic sleep stage pre-
diction based on in-ear EEG, and 2) manually scored hypnogram based on on-scalp
EEG was 76.8 % with a corresponding kappa value of 0.65.

¢ Readily collectable person authentication based on in-ear EEG. The in-ear EEG
data were recorded over two days from fifteen participants, and the data were split
into training and testing in a rigorous way, which minimised the performance bias.
With two authentication scenarios, verification and identification, the feasibility of

the proposed in-ear EEG biometrics were validated.

e Overnight automatic sleep staging using in-ear EEG in out-of-laboratory scen-
ario. Simultaneous polysomnography (PSG) and in-ear EEG recordings were con-
ducted in 22 participants’ homes. The manual sleep scoring was performed based
on the so-obtained PSG data by a clinician, whereas the recorded in-ear EEG data
were used for automatic sleep scoring. From the extensive analysis, the in-ear sensor
were proven to 1) be feasible for monitoring overnight sleep outside a controlled
environment and 2) mitigate technical difficulties associated with the current PSG
recordings. Consequently, it represents a wearable alternative to conventional, cum-

bersome and expensive sleep monitoring in an out-of-clinic scenario.

9.2 Future work

In order to avoid any confusion or ambiguity, it is important to emphasise that ‘good” qual-
ity EEG can only be recorded when subjects remain still. Since the voltage of EEG is of the
order of 10 11V, when the subjects move their body (especially eyes, jaw, neck), the electrical
potential related to the brain activities is immediately smeared by these additional poten-
tials. Therefore, for any EEG-based applications with a short recording window size, the
participants must minimise their movements and focus on the task. For example, the latest
visual speller proposed in the BCI community, which is based on steady-state responses,
only requires 0.5 s of data to decode the users’ intention via on-scalp EEG responses [87].
However, the BCI application requires that users sit still, minimising their movements,
and focusing on the visual speller.

In this thesis, a key feature was the use of a longer window size. For example, the
standard epoch size of sleep monitoring is 30 s according to the current scoring guideline.
The window size of in-ear EEG biometrics was 20s. If the EEG is recorded with a longer
window size, it is feasible to detect target EEG responses through averaging; therefore,
even though the area covered by our in-ear sensor is limited and the subjects move slightly
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during the night, physiological responses from the brain is monitored.

Although the application of in-ear EEG was proposed and demonstrated, many modi-
fications and extensions still remain to be explored. Here some ideas to be addressed,
which enhance the robustness of in-ear EEG applications in the real world, are summar-

ised. Some of these ideas are in progress in Professor Mandic’s research group.

e Sensor development. Throughout the series of experiments in this thesis, the size of
viscoelastic in-ear sensors was kept the same for all subjects, approximately 25 mm
in length and 12 mm in diameter [41]. Some subjects have mentioned the discom-
fort of the in-ear sensor due to the size. Preparing multiple sizes of earpieces, or
possibly different viscoelastic materials would help to alleviate this fitting problem.
In addition, the fitting problem affects the quality of the EEG signal over a long
period of time. The current design of the in-ear sensor uses two electrodes and two
microphones (for a mechanical signal) [10], however, the mechanical signal record-
ing from the in-ear [42] has not been examined yet in real world setups. Robust
microphone recordings from in-ear enrichs the data modality; for example, cardiac
activities from a single in-ear sensor, would allow us to monitor a users physiolo-

gical responses from an additional perspective/modality.

e Sensor development (as a group project). In this thesis, all recordings were under-
taken with sensors which were connected to the amplifier via wires. The all-in-one
in-ear device, which uses embedded electrodes, microphones for the mechanical
signal, battery, amplifier, and data logger or data transmitter, will facilitate the use
of this in-ear EEG application. Figure 9.1 (Left) illustrates a prototype integrated

wireless in-ear sensor.

e Automatic sleep staging based on different data cohorts. Until recently, the num-
ber of publicly available PSG (or EEG) datasets, such as the Sleep-EDF dataset [93],
has been limited. In 2016, the National Sleep Research Resource (NSRR) provided
more than 10,000 PSG recordings from multiple participants with different age,
sex, and health condition [94]. Note that one of the ultimate goals for automatic
sleep staging is to provide a viable proxy for human scoring. Therefore, such al-
gorithms should provide a detailed sleep profile based on PSG recordings automat-
ically, and ideally, diagnose sleep disorders. To this end, the first step is to validate
the automatic sleep staging with multiple datasets; for example the classification
model would be trained by Dataset A, which contains PSG recordings from young
healthy participants, whereas the validation data would be selected from the Data-
set B, which contains clinical PSG recordings from patients. The study in [138] pro-
posed a ‘deep learning’ approach using four different datasets; the prediction model
was trained using two datasets, which both contained recordings from healthy sub-
jects, whereas the test data were from two cohorts of clinical data, recorded from
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patients with sleep disorders. This validation approach would be the next standard
for automatic sleep staging in the future.

In-ear sleep recordings from different groups (e.g. age, health condition). The
recorded in-ear EEG for the series of sleep studies were from healthy subjects, aged
between 20 to 40. The ultimate goals of this in-ear EEG application is to provide a
wearable sleep monitoring solution in the community. Therefore, investigating in-
ear EEG responses using a heterogeneous dataset, such as recordings from different
age groups and from patients of specific sleep disorders, is the subject of future
work.

Prediction of in-ear EEG data based on on-scalp EEG data. Sleep monitoring with
the in-ear sensor is shown to be a viable proxy for providing sleep profiles in an
out-of-clinic scenario. However, the current method requires the use of a scored
hypnogram based on in-ear EEG sleep data (or based on simultaneously recorded
PSG data). Since there are publicly available overnight sleep PSG (or EEG) datasets
including Sleep-EDF and NSRR [93, 94], the ideal automatic sleep classification with
in-ear EEG will 1) train the classification model based on on-scalp EEG from publicly
available datasets and 2) provide the sleep profiles automatically based on new in-
ear EEG recordings.

Permanence of in-ear EEG biometrics. In Chapter 7, in-ear EEG biometrics are dis-
cussed through a rigorous validation scenario — data recorded over multiple record-
ing days, and the training and test segments were not taken from the same recording
days. However, this setup did not fully evaluate the feasibility, the permanence of
biometrics in terms of the number of individuals, and the number of data acquisition
days. For example, recently Maiorana et al. [178] have conducted recordings over
six days from the same individuals across 30 participants, and rigorously assessed
their on-scalp EEG biometrics.

In-ear EEG for evaluating driver fatigue (as a group project). This is a current
group project, which aims to explore the in-ear responses of participants during
driving simulations, shown in Figure 9.1 (Right). Driver fatigue is a subjective symp-
tom, which can be described as a feeling of tiredness, lack of attention and alertness
(which is linked with sleepiness), and a difficulty in controlling the vehicle. This
fatigue symptom is reflected in increased reaction times, the frequency of steering,
and causes impairment to spatial recognition, such as the inability to identify the
distance from the car in front. Previously, on-scalp EEG has been used to investig-
ate the psychophysiological links to driver fatigue [156, 186, 187]. Due to the nature
of our in-ear sensor, the driver can readily wear the earpiece, which monitors their
physiological responses on the road. The in-ear responses can be analysed in real-
time to give feedback to or alert the driver when physiological responses indicate
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fatigue using signal processing and machine learning algorithms.

Sensor development In-ear EEG for driver fatigue
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Figure 9.1: Future work. (Left) Sensor development; (Right) in-ear sensing for driver fatigue.
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