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Chapter 1

INTRODUCTION

1.1 Electroencephalogram and Systems

1.1.1 Neuroimaging Techniques

Tremendous patterns and trends of the brain function and dysfunction have yet to be
defined today. Functional neuroimaging has established itself as a major visible tool to
define indeterminate patterns and understand the brain functions [l]. In neuroscience
studies and clinical applications, processing information through a neuroimaging tech-
nique provides researchers a visualizing way to assist handling intuitive understanding.

Neuroimaging techniques have vigorous and weak points in recording and visualizing
brain activities, can be broadly separated into two classes (Figure I): intracranial
(invasive) and extracranial (noninvasive). Invasive techniques such as Single-Unit Ac-
tivity (SUA), Multi-Unit Activity (MUA), Local Field Potential (LFP), and ElectroCor-
ticoGram (ECoG) indicate electrical indices of neuronal activities or nerve firings using
epidural, subdural, or intracortical electrodes [?,8]. Nevertheless, they have excellent
spatiotemporal resolution and specificity; the coverage is limited, and the imaging usage
is restricted to animal models or specific patient population because of its necessity for
surgical operation and perspective on bioethics.

Noninvasive techniques have been used to define brain patterns and adjust the wide
applicability to a larger population including healthy and diseased users. The techniques
can also be separated into two classes: hemodynamic and electrodynamic. Hemody-
namic imaging techniques (e.g. functional Magnetic Resonance Imaging (fMRI), Near
Infra-Red Spectroscopy (NIRS), Positron Emission Tomography (PET), and Single-
Photon Emission Computed Tomography (SPECT)) indicate hemal indices in cephalic
regions, noninvasively. While the techniques would have high spatial resolution, they
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Figure 1.1 Tree diagram of neuroimaging techniques.
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Figure 1.2 Illustration of electrodynamic imaging measurements modified from the reference [@]. (A)
Single-unit activity, multi-unit activity, and local field potential. (B) Electrocorticogram and elec-
troencephalogram.

compromise low temporal resolution because of the hemodynamic response property
[5-8]. On the other hand, noninvasive electrodynamic imaging techniques such as Elec-
troEncephaloGram (EEG) and MagnetoEncephaloGram (MEG) indicate electrical in-
dices of neural activities using electrodes attached to the scalp [9,00]. They have high
temporal resolution, flexibility, and portability, however, their spatial resolution and
specificity are compromised because of the volume conduction effect [T1]. An image of
electrodynamic imaging measurements is shown in Figure 2. Up to now, integrated
techniques (e.g. EEG and fMRI) called multi-modal neuroimaging techniques have
shown their quality assurance of the spatiotemporal resolution. They would provide
us with a perspective on an in-depth investigation of brain functions using enhanced
resolution mapping [12,13].

The analytical sensitivity depends crucially on the resolution in space-time domains
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Figure 1.3 Schematic illustration of the ranges of spatiotemporal resolution in noninvasive (blue frame)
and invasive (red frame) imaging techniques adapted from the reference [I4].

when the spatially distributed and temporary dynamic neuronal activities are visu-
alized as neuroimaging to discern a brain function or dysfunction based on cellular
connections [I4]. Researchers should retain the following points that are different from
techniques, in the back of their head before planning measurements: (i) measurement
target (hemodynamic activity or electrodynamic (neuronal) activity); (ii) spatiotempo-
ral resolution; and (iii) physical property of the measurement device. In other words,
choosing an imaging technique matching the purpose of the researcher is the primary
factor in neurobiology, psychology, engineering, mathematics, computer science, and
clinical neuroscience. Schematic illustration of the ranges of spatiotemporal resolution
on neuroimaging techniques are shown in Figure 3.

1.1.2 Electroencephalographic Systems

Key benefits of the EEG modality holds over other neuroimaging techniques, are the
high temporal resolution on the order of milliseconds, the small installation space for
operating the system, and its usability for signal measurement. The high temporal
resolution providing striking visualization in the noninvasive functional imaging tech-
niques has contributed our capability to study kaleidoscopic functional states of the
cerebral cortex: “where”, “when”, “how” and under “what” our brain functions come
into being [I5-17]. Therefore, neuroscience research using EEG regardless of whether
the technique is integrated or not has been a major challenge to image the connected
brain networks and define the neuronal patterns for useful user applications reflecting
the functional states of the cerebral cortex.
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Figure 1.4 Basic design of an EEG system [I¥].

Over the past several decades, a collective understanding of the brain function has
evolved from the identification and characterization of EEG signal. Understanding
brain function, particularly in neural coupling responses to a specific endogenous or
exogenous stimulus, contributes to developing the EEG system that outputs a visual-
ized neural information or provides an interface between human and machine [19]. In
most cases, an EEG system consists of four modules shown in Figure I including
the following procedure: (i) operator; (ii) source (data acquisition and storage); (iii)
signal processing; and (iv) user application. An operator module has a responsible
role in system configuration management and online visualization to the investigator.
Besides, the module defines onset, offset, and information transfer rate of the opera-
tion [20]. The electronic information transmitting signal, parameter, or event marker is
communicated from source to signal processing, to user application, and back to source
module. Interchangeability and independence are surely needed in each module of the
system, to secure safety operation, and maximize durability as well as convenience. In
other words, the system has the following properties: (i) different implementations can
be used without changes elsewhere in the system, and (ii) modules can be combined in
any fashion [I8]. For the properties as mentioned earlier, each module has progressively
been developed, separately.

EEG systems are vital for biological diagnoses and rehabilitation because disruption
of the functional brain networks have been reported in a host of neurodegenerative
diseases (e.g. Parkinson’s disease [21], Huntington’s disease [22], epilepsy [23], and
autism [24]) and other psychiatric disorders. Existing systems can judge whether the
user has any neurocognitive disorders or not and can find the region by using a dataset
including EEG features of disordered patients and healthy persons. Outputs from the
systems have already been used for aiding presurgical planning in patients [3]. Shortly,
these systems would lead to improving the clinical diagnosis performance even before
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user’s manifestation becomes apparent. Such diagnostic techniques would allow us to
propose an earlier rehabilitation, a treatment solution, and an enhanced measurement
protocol.

Alternatively, the neuroscience research develops other kinds of EEG system, named
Brain-Computer Interface (BCI). BCI provides communication channels to people with
severe motor disabilities [IR, 25-27|. This system mainly chooses, at least, one from
the following EEG features; (i) visual-evoked response [28]; (ii) event-related potential
[27]; (iii) sensorimotor rhythm [29]; and (iv) slow cortical potential [30]. Cortically
induced EEG feature from an endogenous or exogenous stimulus that does not depend
on the output pathway of peripheral nerves and muscles, attempts to select one of two
alternatives (e.g. “Yes” or “No”) or several choices (e.g. Roman alphabet). Some
studies have suggested not only discrete control signals but also continuous control
signals for spelling or numeral string output [31,82], cursor movement, letter or icon

selection [33], and electric wheelchair handling [34].

1.1.3 Electroencephalographic Measurement Devices

It goes without saying that basics of EEG measurement in human, which have been
the same since 1929 [35], are imperative to operate EEG systems. An EEG measure-
ment device is consisted of five elements: (i) electrodes with conductive media; (ii) a cap
for fixing electrodes; (iii) an amplifier with filters; (iv) an analog-to-digital converter;
and (v) a recording device (personal computer or another relevant device). Each of
commercially available EEG measurement devices (Figure [H) is assembled by com-
bining aforementioned first four elements and instantaneously measures an oscillating
neuronal discharge induced by fibrous and synaptic activity.

Electrodes are the initial element for converting oscillating neuronal discharges in the
extracellular fluid and other conductive paths reaching the skin-surface (tissue) into
electrical signals. EEG electrodes are made of silver chloride (AgCl) in many cases
because the inorganic compound quickly saturates and comes to equilibrium due to
chemical property of Ag [36,87]. Even if an electrode is made of AgCl, it would be
polarized and then behaves as a significant capacitance as well as a low-frequency filter
(low-pass filter) when there is no electrolyte including chloride ion. Avoiding polar-
ization is necessary for the frequency dependency of the electrode-skin contact. Space
(interface layer) between an electrode and the skin must be filled with an electrolyte
such as gel or paste. Impregnation of the interface layer (e.g. skin preparation, fat
mass, and hair) also leads to ensure low contact impedance (less than 40 k). The
layer not only is resistive but also consists of capacitive elements (see Figure [ (A)).

Biopotential source and tissue resistance are described as a voltage source and Ry.
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Figure 1.5 Commercially available multi-channel type EEG measurement devices. (A) g.tec. (B)
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Figure 1.6 (A) Simplified equivalent circuit of biopotential source and electrode-tissue interface from
electrode. (B) Biopotential measurement through electrodes modified from the reference [B¥].

Electrode-tissue equivalent elements Cy; (CL;) and Re (RL;) may change for each elec-

trode contact. Therefore, less than 10 k€2 contact impedance allows us to obtain a clean

signal, but greater than 40 k) contact impedance creates distorted the signal [39]. On

the other hand, the weight loses due to evaporated electrolyte over time can easily de-

base the measurement performance. Circular shape has efficacy against enough volume

to contain an electrolyte on contact point and minimum volume to retain long-term

measurement; thus, EEG electrodes are usually molded into the shape. Considering

these pitfalls in the session conditions of EEG measurement has obvious repercussions

on keeping the high recording performance [38].
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Spatial changes, as well as temporal changes in the electrical potential, are recorded
as the potential difference over time between an active electrode and passive (refer-
ence) electrode called MonoPolar recording (MP) to eliminate common mode signals
(see Figure A (B)). When common mode signals have the same interest rate on each
electrode, attenuation of the signals will be complete. Researchers can flexibly change
other potential difference deriving methods such as BiPolar recording (BP) and AVerage
reference recording (AV) according to their purpose. A ground electrode is needed for
recording differential voltage by subtracting the same voltages obtained from electrodes.
Minimal EEG measurement has consisted of one (two) active electrode(s), one (zero)
reference electrode, and one ground electrode with other elements. However, biological
artifacts caused by extracerebral sources like muscle and eye will not be cancelled out by
a differential amplifier because the degree of interest depends on the electrode position.
Furthermore, the contamination owing to good conductivity of scalp is accepted as an
unavoidable phenomenon on EEG recording. Such components have to be removed
from observed EEG signals on the signal processing module in an EEG system.

After choosing session conditions, the researcher continuously has to select Alternating-
Current (AC) or Direct-Current (DC) coupling amplifier. More than 10 bits digital
resolution may be enough in AC amplification. EEG measurement device usually uses
12 to 16 bits of resolution. That means an EEG measurement device would have about
30 to 240 pV if the converter were designed to record voltages in the range from —1.0
to +1.0 V. On the other hand, more than 20 bits are necessary for the analog-digital
converter in DC amplification because the number of valid bits is decreased. However,
there is no amplifier saturation risk causing an analog signal loss in DC amplification.
Also, selecting filtering (hardware or software) is essential for digitalizing and storing
data. It is better to set a filter bandwidth between 0.5 and 70 Hz even though the
recording device has enough data storage.

Many EEG studies using traditional multi-channel type EEG measurement devices
have been improved user population (application quality) and reduced processing time
in the structured environment (simulation or semi-simulation). Recently, specialized
(headband-type or headset-type) EEG devices including electrodes like shown in Figure
2 have been developed as for compact, portable, and feasible EEG systems to use
themselves in the real environment [A0-44]. These devices can diminish user’s burden by
reducing the number of electrodes (the single-electrode case would be an extreme case)
and eliminate the need for conductive gel or paste by improved electrodes. Although
the aspect of entertainment or amusement associated with the usage of the application
is emphasized as yet, the specialized EEG measurement devices have already been
implemented in some EEG systems for noninvasive biological diagnoses to reduce the
clinician’s workload [9]. Potential changes are accurately recorded through them [45];
also, wireless sensor network technology contributes to improving degree of freedom
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Figure 1.7 Specialized EEG measurement devices and improved electrodes. (A) and (B) Portable and
wireless measurement devices. (C) Reusable disc electrode (gold, platinum, stainless steel, or tin). (D)
Disposable electrodes (pre-gelled type) (E) Dry electrode. (F) Noncontact electrode [48].

of a moving amount of body movements which is equipping the measurement devices
without wires plugged into an amplifier. Therefore, devices, as mentioned above, would
become more important in the future. However, there is a trade-off between the quality
of signal and the number of electrodes in any EEG system. Thus, a system will reduce
its performance according to the session conditions get simpler. Furthermore, a fly in
the ointment like electromagnetic interferences may be of grave consequence, is still
lurking in an EEG measurement. Closely integrated measurement design and setting
become essential regardless of whether the type of device is traditional or specialized.
Simultaneously performing next two points: (i) good recording performance and (ii) a
small number of electrodes, are considered as crucial tasks in the field of neuroscience.

1.1.4 Signal Processing in Electroencephalographic Systems

The signal processing module of an EEG system has an invaluable role to accommo-
date human (input) to the user application (output). Because of the bridge-building
module, an application can understand the meaning of input data based on hypothe-
ses and knowledge of implementation’s maker, and can fulfill its unique potential. In
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Figure 1.8 Basic process through EEG signal processing.

other words, this module should recognize latent information (pattern) in the input
data and then, must convey comprehensible outputs to user applications. A signal
processing module is implemented as a cascade of various schemes and has two steps:
pre-processing and post-processing.

On a pre-processing step, input dataset would be projected some subspaces (feature
spaces) that express each distribution of refined input dataset the most. When input
data has intricately linked to each spatial/temporal data while having biased toward
somewhere within the region, this step is highly active in promoting hyper-plane design
to space. A careful pre-processing cascade strategy will provide a supportive learning
subspace for post-processing step to convey comprehensible outputs to an applications
[@7-49]. A lot of pre-processing schemes are needed to project input data into some
suitable feature spaces (Figure [R). This step is passable if the input data releases its
information overtly for post-processing strategy even though no refinement scheme is
applied, whereas I would never have encountered such a situation.

In the next place, training data would be used for learning a model to recognize
the latent pattern in a post-processing step. The data is usually extracted from input
dataset or already been arranged in the subspace as supervised features. Once a model
has been learned, test set which is the rest of input dataset or all of the datasets
would be categorized. In other words, the model conveys comprehensible outputs to
user application. Pattern recognition and machine learning schemes such as supervised,
unsupervised, and reinforcement learning have been developed for endowing superior
generalization capability of the models [b0].

It is important to recognize EEG patterns accurately for associating the estimated
category/equally spaced value with the output command. The goal of EEG research
is commonly implementation the outcome into systems and practical use of the system
in a real environment with no restriction. Packaging the results of EEG research into
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systems became easy because many factors like a collective understanding of the brain
activity and developments in the EEG devices could reduce a discrepancy between a
laboratory (controlled) environment and a real environment. However, noises (artifacts)
described in the next section appear only under the actual environment, and unfailingly
interfere popularization of the EEG systems because simply applying filtering is unlikely
to be effective by overlapping the frequency band [61]. The external invaders disguise
themselves as EEG components in observed EEG signals and cause a new discrepancy
between research motivation and system realization. An artifact removal methods in
pre-processing step can attenuate the discrepancy and refine intrinsic EEG data from
observed data by using their exemplary algorithm based on the scientific way of viewing.
Therefore, artifact removal schemes must be applied in EEG signal processing module
and have been attracted attention over the past four decades [b2-5bil.

1.2 Electroencephalogram and Artifacts

Technical /Biological artifacts, such as active power line interference, eyeblink, and
muscle activity are often mixed with EEG signals due to recording setting mistake, good
conductivity of the scalp, and so on (Figure [9). Such artifacts disguise themselves as
EEG components and make EEG signal processing difficult in all respects because the
oscillating discharge (energy) is larger than the neuronal discharge [66]. The presence
causes perturbation in an EEG system which attempts to recognize a pattern of the
input data with a time-domain-based strategy. Therefore, removing artifacts from
observed EEG signals should be treated as the most important process in all EEG
studies regardless of the type of measurement device.

1.2.1 Technical Artifacts

An EEG signal is observed as a potential difference over time using two electrodes. A
reference or common electrode is usually placed on the scalp without soft tissue abrasion
that breaks the surface epidermal layer containing high impedance than the underlying
tissue. Active electrodes improve the signal quality of non-zero bioelectric sources
received by the potential difference between the recording and common electrode, as
well as between the recording and reference electrodes.

Technical artifacts such as power line interference, impedance fluctuation, and wire
movement, superimpose their energy on observed EEG signals owing to careless record-
ing setting [67,68]. Each technical artifact has a distinctive trait described below. On
using an electronic device, power line interference carries 50 or 60 Hz noise that de-

10
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Figure 1.9 Tree diagram of observed EEG signal.
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Figure 1.10 Ways of precluding technical artifacts. (A) Power line interference. (B) Impedance
fluctuation. (C) Wire movement.

pends on your current place, into EEG signals because electric and magnetic fields are
induced on electrode wires and user’s body, and the effect contaminates linearly to the
signals [69]. Impedance fluctuation caused by poor resistive contact between each elec-
trode and scalp results in a high voltage drop and attenuation of signal-to-noise ratio,
and allows contamination of broadband noise in EEG signals. When the user shakes
the head or body, wires will be swung, and the motion carries broadband noise to EEG
signals. The noise is called wire movement artifact.

All technological artifacts have immense energy than neuronal discharge. Therefore,
experimenters must check epochs which contain one or more symptoms of artifacts
before the system operation [39]. However, researchers can avoid contamination of the
artifacts with comparative ease by detaching a charging AC adapter from the recording
device, carefully attaching electrodes to the scalp, and by using appropriated electrode
wires or adhesive tapes to stabilize wires or digital filtering algorithms (Figure [10).

11
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The cross mark means detaching the source of technical artifact from the circumstance.

1.2.2 Biological Artifacts

Biological artifacts generated from extracerebral sources contaminate observed EEG
signals owing to good conductivity of the scalp. On the surface of the scalp, discharged
potential of electrophysiological factors diffuses its energy over the head and then disap-
pears. An EEG measurement device captures comprehensive electrical potential which
reaches an electrode even if the potential contains components of biological origin except
EEG component. Since all kinds of electrical potential might be equally treated regard-
less of the researcher’s purpose, recording a signal including only an EEG component
obtained by attaching electrodes placed on the scalp, is hardly realized. Furthermore,
frequency components of biological artifacts and EEG signal could be overlapped. That
means shunning contact with biological artifacts would be outstandingly difficult com-
pared with technical artifacts.

Biological artifacts can be broadly separated into four categories: (i) muscular; (ii)
cardiac; (iii) eye-movement; and (iv) eyeblink (Figure TTT). Muscular artifact derived
from ElectroMyoGram (EMG) caused by muscle activities often appears in the observed
EEG signal when facial or neck muscle contracted for swallowing or jaw clenching. The
artifact has a broadband frequency distribution from 0 to 200 Hz with several more or
less distinct spectral components [60-62] plus two peaks corresponding to the EMG
beta rhythm and the Piper rhythm (a 35-60 Hz component) [63-65]. Cardiac artifact
derived from an ElectroCardioGram (ECG) is caused by electrical activities of heart
beats. The artifact also has a broadband frequency distribution from 0 to 75 Hz [66-68],
however, the influence is relatively small among biological artifacts because of the large
distance between an observation point and the source (the heart). Muscular and cardiac
artifacts are generated by muscle contraction (the heart is a compact muscular organ).
Alternatively, eye-movement and eyeblink artifacts derived from ElectroOculoGram
(EOG) which have a narrow frequency distribution from delta to alpha band [B9-
1], appear in observed EEG signal when eyeball or eyelid moves for changing eye
direction and eyeblinking. Sometimes, these activities are called ocular artifact in a
lump because they have a mutually dependent relationship (e.g. spontaneous or induced
eyeblink causes the eyeball to act as an electric dipole, with corneal positivity and retinal
negativity [[72], slightly moving up/down and inward [73,[74]). However, these biological
origin activities also have some different characteristics [75]. Characteristics of EEG
signal and the biological artifacts are tabulated in Table T[]

The influence of the biological artifact is attenuated with increasing distance from

the source. However, the frequency dependence of contamination varies with their

12
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Figure 1.11 TIllustration of EEG signal and main biological artifact.

Table 1.1 Characteristics of EEG signal and biological artifacts over the head.

Source Spectral distribution | Main region Trigger action
Volume conductor 0.5- 70 (Hz) All Being alive
Eye-Movement 0 - 13 (Hz) Frontal Eyeball movement
Eyeblink 0 - 13 (Hz) Frontal Eyelid movement
Muscular 0 - 200 (Hz) Temporal | Swallowing, Jaw clenching
Cardiac 0 - 75 (Hz) Temporal Being alive

active nervous (muscular) tissues or electrical field of the cornea-retinal dipole. In
addition, the frequency of artifactual oscillations often overlaps with the frequency of
neuronal oscillations (see Table [T). If contaminated epochs are found in visual or
in quantitative EEG analysis, the system has to ignore them before deciding control
command. Otherwise, the operator will make a fatal mistake in its system because
artifacts can obscure almost any kind of EEG patterns 6, 77].

It is possible to extract EEG components from observed signals by a signal processing
(artifact removal) scheme, although evading the attainment of biological artifacts on
electrodes seems to be tough. Through this process, the EEG system would obtain
intrinsic EEG signals and fulfill its unique and beneficial interface. Many studies for
detection, classification, and removal of artifacts into observed EEG signals have been
reported even today [(7-86]0

1.2.3 Presence of Eyeblink Artifact in Electroencephalogram

Dry spots on the precorneal tear layer emerge 15 to 30 s after an eyeblink [87];
therefore, humans need a recurring cycle of eyeblinks to maintain the ocular moisture

13
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[the normal adult eyeblink rate is roughly 20 eyeblinks/min [88]]. The artifacts caused
by eyeblinks have particularly profound effects on observed EEG signals as the eyes
are close to the brain. In addition, humans are physiologically unable to maintain a
gaze without eyeblinks. That means eyeblink artifacts have an adamant presence in
observed EEG signals or are surely in the observed EEG signals recorded when a user
wears an EEG measurement device with his/her eyes open.

The effects of eyeblinks on observed EEG signals depend on the orientation of the
eyeball, the trajectory of the eyelid, the location of the electrode on the scalp, and the
propagation path of the electric field across the head [89,00]. Although researchers
can avoid the issue by giving an instruction that asks users to keep their eyes closed
during the EEG measurement, any constructed system based on the research would
be impractical in the real environment because of the necessity of having users close
their eyes while the system operates. In addition, the inhibition of eye movements or
eyeblinks significantly distorts the neuronal activity [91]. Therefore, EEG signals should
be recorded with the eyes open and without any constraints to allow an investigation
into intrinsic endogenous brain activities, even if the eyeblink artifactual contamination
of the EEG signal cannot be avoided because of the structure of human body. Removing
eyeblink artifacts from observed EEG signals is most important and requisite process
before analysis process in the practical use of the EEG systems.

1.2.4 Current Status and Issues of Numerical Approach to
Eyeblink Artifact Removal

It is well-known that resolving signals created by various sources on a realistic head
model for EEG boils down to the EEG inverse problem as Blind Source Separation
(BSS) [92]. The BSS problem is typically ill-posed, however, imposing special consider-
ations or prior information of the statistical nature (temporal sparseness, uncorrelation,
and independence) lead to restoring the well-posedness of the problem. Eyeblink ar-
tifacts observed in EEG signals have the following properties: (i) the influence of the
artifact is attenuated with increasing distance from the eyes [93]; and (ii) the activity
of the artifacts appears to propagate along the anterior-posterior axis in a symmetri-
cal fashion [66,69]. By these properties, theoretically multivariate statistical analysis
approaches such as Sparse Component Analysis (SCA), Principal Component Analysis
(PCA), and Independent Component Analysis (ICA), which separate EEG signals into
spatially and temporally distinguishable components, are useful for extracting EEG
components from the scalp recordings (Table I2). In particular, ICA is a powerful
tool for separating the observed EEG signals into maximally independent activity pat-
terns derived from cerebral or non-cerebral (artifactual) sources [94-97]. ICA-based
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Table 1.2 Comparison of typical eyeblink artifact removal schemes (for multi-channel signals).

Automatic ~ Computational

Schemes Accurac
o Y dentification cost
Sparse component analysis [95] Unknown  Unknown Unknown
Principal component analysis [[77] Depends v v
Multivariate singular
v g . Depends v v
spectrum analysis [99]
Multiple-source eye correction [T00] | Depends Unknown v
Independent component analysis |01 v v v

approaches have shown an extraordinary ability to solve BSS problems on EEG signals
using the assumption of independence among signal sources in each subject’s data (see
Figure I17). In addition, they accurately eliminate eyeblink artifacts from observed
EEG signals with less loss of cerebral information [[02]. Therefore, these approaches
have been used in a wide range of EEG signal processing procedures for the removal of
eyeblink artifact components from observed EEG signals [[03,004] and the extraction
of signals of interest to improve the overall performance [I[05,106], regardless of the
distribution of blink amplitude and duration.

A smaller number of electrodes (i.e. the single-electrode case would be an extreme
case) should result in better practical applications in daily life. ICA has a drawback
that it can only deal with overdetermined mixtures; this method entails using at least
as many electrodes as the number of artifact sources plus one to obtain meaningful
information. Therefore, ICA is unsuitable for analyzing EEG signals recorded by a
specialized EEG device. Single-channel ICA, which is an adaptation of ICA to single-
channel signals, has been proposed [107]; however, the scheme does not always satisfy
its assumptions in real-world applications.

Regression-based approaches include the well-known ocular artifact removal method
for investigating plausible neuronal activities with the eyes open [85,I0R]. In this ap-
proach, propagation factors are calculated using linear least-square regression to esti-
mate the relationship between the observed EOG signals and the observed EEG signals.
By subtracting the eyeblink artifact coordinated by the propagation factors, regression
procedures remove eyeblink artifacts at a low computational cost. However, eyeblinks
vary their amplitudes and durations according to the movement of the eyelid [109] and
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Figure 1.12 Assumption, decomposition, and identification of observed signals in ICA processing for
three observed signals.

whether the blink occurs under voluntary or involuntary control [66, TT0O-I12]. For this
property, the approximation performance of linear regression depends on the distribu-
tion of eyeblink amplitude and duration in the data set [TT3]. Furthermore, bidirectional
contamination between EEG and EOG signals has been revealed; therefore, relevant
cerebral information interfered with the EOG signal would also be cancelled in the EEG
signal corrected using a regression-based approach [I14].

Proposing an eyeblink artifact removal scheme for a single-channel EEG signal is now
a major challenge within EEG signal processing [IT5-117]. Unfortunately, each pro-
posed scheme for single-channel EEG signal has a full agenda for real-life data (Table
[3). A scheme which discards polluted epochs from observed data is still used in a wide
range of EEG signal processing procedures when researchers selected specialized EEG
device for EEG measurement. The major scheme mangles an advantage on the easy
measurement of specialized EEG devices because twice as many trials as traditional
multi-channel type EEG measurement is needed in current single-channel EEG analy-
sis. This problem did not arise until seven or eight years ago since most EEG systems
were based on a multi-channel EEG measurement device [I1X]. However, a special-
ized EEG measurement device is convenient owing to its usability for measurement
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1.3 Motivation of This Study and Thesis Outline

Table 1.3 Comparison of typical eyeblink artifact removal schemes (for single-channel signals).

Automatic Epoch  Computational
Schemes Accuracy . ) , ,
identification detection cost
Single-channel ICA [I07] X X - v
Linear regression [I19] X - - v
Adaptive filter [IT5] Depends - - v
ICA-based
ase' . sou1fc‘e“ Depends Depends - Depends
decomposition [TT6]
Non- ti tri
on nega 1.V ¢ m‘a‘ flx v v X Depends
factorization [I17]
Proposed v v v Depends

and portability in real environments. Furthermore, single-channel EEG signal process-
ing is now expected to be incorporated into mobile systems such as smartphones and
tablet computers. Therefore, more practical eyeblink artifact removal scheme should
be proposed.

1.3 Motivation of This Study and Thesis Outline

This research aims to propose an accurate section-based eyeblink artifact removal
scheme in time-domain for single-channel EEG signals by using supervised tensor fac-
torization. In EEG signal processing, as the levels:

Level 0 Automatic epoch detection (is not needed except for epoch-based scheme),
Level 1 High signal separation accuracy,

Level 2 Automatic separated component identification and signal reconstruction,
Level 3 Small number of arbitrary parameters in the scheme,

Level 4 Low computational cost (real-time processing),

gets higher the scheme is more likely to prevail as an effective tool for artifact removal.
The objective of this thesis is to accomplish Level 3.

This thesis subsumes the knowledge from the great predecessors in this field, my
research results, and future works under seven chapters including this chapter (Figure
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1.3 Motivation of This Study and Thesis Outline

[T3). Chapter 2 describes the fundamental awareness of the brain, eyeball, and eyelid
which are sources of EEG and EOG signals. Moreover, the relationship between EEG
signal and eyeblink artifact can be pursued in more detail using recording methods of
EEG and EOG signals and their known characteristics.

Approaches for artifact removal change its working stance to the number of observed
(multichannel or single-channel) signals. Algorithms of multichannel eyeblink artifact
removal schemes are described in the first half of Chapter 30 Then, algorithms of single-
channel eyeblink artifact removal schemes are presented in the last half of the chapter.
To avoid inconsistency in separating components of a signal-channel EEG signal that
has overlapping frequency components, reference data or separated multi-components
data helps experimental data to converge to the values of estimated sources in the
similar schemes. This chapter ends with the drawback of current single-channel artifact
removal schemes and how this research responds to them.

Eyeblink artifact estimation using ICA allows us to investigate the plausible effects
of eyeblinks on observed EEG signals. Research has analyzed the pattern of eyeblink
artifacts only for voluntary control, using an ICA approach to developing subsequent
eyeblink artifact removal approaches for multi-channel signals [T04, [20-122]. Assess-
ing eyeblink artifacts under voluntary and involuntary control leads to the (somewhat
heuristically) development of more robust and more common references or training
datasets based on the ideal attributes for a small number of channels in EEG analysis.
Therefore, the objective of Chapter 4 is to characterize the effects of voluntary and
involuntary eyeblinks on Independent Components (ICs) contributing to EEG signals
to create templates for eyeblink artifact removal from an observed EEG signal with a
single-electrode.

The eyeblink distribution represented in previous chapter will be used for eyeblink
artifact removal from single-channel EEG signals in Chapter 5. This chapter describes
its property of signal separation, component identification, and signal reconstruction.
Moreover, arbitrary parameters are optimized for the real environmental data. The
proposed scheme with the optimized parameters completes with other single-channel
artifact removal schemes represented in Chapter 3 in artifact removal performance.

My proposed scheme will be applied to single-channel EEG analysis in Chapter 6. The
analytical accuracy is compared with the accuracy without eyeblink artifact removal
scheme. According to the above results, an accurate and practicable eyeblink artifact
removal scheme for single-channel EEG that accomplishes Level 3 would be proposed.

The conclusion, summary of this thesis and future works in this field of neuroscience
research are presented in Chapter 7.
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Chapter 2

FUNDAMENTAL AWARENESS OF
BRAIN AND EYE, AND THEIR
RECORDING METHODS

2.1 Human Brain

2.1.1 Brain Structures and Functions

The central nervous system has seven main parts: (i) spinal cord; (ii) medulla ob-
longata; (iii) pons; (iv) cerebellum; (v) midbrain; (vi) diencephalon; and (vii) cerebral
hemispheres (Figure EZT). The spinal cord conveys information from the skin, joints,
and muscles to the brain through the brainstem that consists of the medulla oblongata,
pons, and midbrain to provide required activities of the body from moment to moment.

The brain is part of the central nervous system and can be divided into three broader
regions: (i) hindbrain (the medulla oblongata, pons, and cerebellum); (ii) midbrain; and
(iii) forebrain (the diencephalon and cerebral hemispheres). The hindbrain modulates
the force of movements and is involved in motor skills learning. The midbrain con-
trols eye movement and the coordination of visual and auditory reflexes. The forebrain
processes most of the information reaching the cerebral cortex, the heavily wrinkled
outer layer which consists of nerve cells (neurons) and glial cells. In addition, functions
involved in memory, learning, emotion, desire, thinking and so on, are realized in the
brain. These complex process mainly take place in one or both hemispheres. The hemi-
spheres are essentially symmetrical structures and can be divided into four anatomically
distinct lobes: (i) frontal; (ii) parietal; (iii) temporal; and (iv) occipital (Figure EZ2).
These lobes have specialized pathway called functional localization (stereotaxic atlas)
to process information, thus other functions are expeditiously processed and simulta-
neously controlled in the associated specific regions [I23].

However, the functional localization in the human is only a reference because the

mechanisms of processing and controlling functions emerge from close mutual inter-
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Figure 2.1 The central nervous system adapted from the reference [124].

Centaral sulcus

I Parietal lobe

Frontal lobe
Parieto-occipital
sulcus
Broca’s
area Occipital lobe

Sylvian fissure

Temporal lobe Preoccipital notch

Figure 2.2 The left hemisphere divided into four lobes with functional localization [IZ5].

actions, and because of the vast variability in the brain anatomy between individuals.
Despite these mutual interactions have been piecemeal revealed by excellent pathfinders
in neuroimaging, consistently specifying where in the brain an activation for processing
a function has occurred is conceptually and technically more difficult than has been as-
sumed [I26]0 Therefore, addressing kaleidoscopic functional states of the brain affected
by neuronal activities (nerve firings) is still attracting attention.
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Figure 2.3 A microscopic view of a neuron modified from the reference [I27].

2.1.2 Communication among Neurons for Achieving Functions

The cerebral cortex completes the vast majority of functions described in the preced-
ing section with the cooperation of 16.34 £ 2.17 billion neurons in the case of a male
adult male (86.06 & 8.12 billion neurons in the whole-brain [I28]). The neurons are spe-
cialized cells designed to communicate their information to another cell using chemical
and electrical signals. Each neuron is composed of dendrites, a cell body, and an axonal
process (Figure P23). Dendrites are the main part of input terminals of a neuron. They
propagate the electronic information received from adjacent neurons to a cell body
or soma that contains many biomolecules including protein and carbohydrates [I29].
Propagated information is encoded in the nucleus by ionic activities [I30]. Through
an axon covered with myelin sheath that assists extracellular excitation of myelinated
axon [I31], the information travels to fusiform axon terminals and is sent out to adja-
cent neurons [32]. The functions are realized by cooperating neurons whereas a single
neuron neither communicates with other neurons nor rests at all times.

Cerebrospinal fluid in the ventricles and surrounding the brain, not to mention cere-
bral cortex is essentially a saline solution. Cell membrane made from lipids mantles each
neuron to control a number of ions within the cell and in the extracellular fluid [I33].
The membrane has some types of permeable ion channels that pass inorganic ions, par-
ticularly sodium (Na™), potassium (K*), calcium (Ca*"), and chloride (C17). These
ions customarily keep or move their position in or out of the cell based on concentration
gradients (differences in concentration of the ion per distance unit in the local environ-
ment) and electrostatic gradients (differences in electrical charge per distance in the
local environment). The charge of a neuron membrane at resting potential is approxi-
mately —70 mV. Moving the ions between the intracellular and extracellular sides (this
action is called “pump”) makes the electrical potential in the membrane change (Figure
24). During passive diffusion, a sodium-potassium pump continually pumps ions.

To receive a signal on the dendrites of the second neuron, the receptors have to catch
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Figure 2.4 The ionic basis of the resting potential on passive diffusion based on the reference [T27].

neurotransmitters or molecules translating from axon terminals of the first neuron on
their portals for allowing more ions to flow through the membrane. A synapse is a
point of connection between first neuron’s axon terminal and second neuron’s dendrite.
It consists of the following three elements: (i) presynaptic terminal; (ii) synaptic cleft;
and (iii) postsynaptic terminal. Furthermore, there are two main modalities of synap-
tic transmission: (i) chemical and (ii) electrical (Figure 23). At chemical synapses,
a neurotransmitter such as acetylcholine and glutamic acid is firstly released from the
synaptic vesicle of the first neuron in a probabilistic manner when an action potential
(which is described in next paragraph) reaches the presynaptic terminal [[34]. More-
over, afterwards, each of neurotransmitters or molecules reaches an ionotropic (ligand-
gated ion channels) receptor or a metabotropic (G protein-coupled) receptor placed on
second neuron’s dendrite. A metabotropic receptor has an ability to conduct indirectly
through a secondary messenger. These receptors can detect and translate messages
into postsynaptic events by changing resting potential to gene expression [[35]. On
the other hand, the synaptic cleft is not required to communicate with adjacent cells
because bridges between the presynaptic and postsynaptic terminal have already been
built by clusters of intercellular channels called gap junction at electrical synapses [[Z36].
The bridges based on two connections realize the bidirectional passage of electrical cur-
rents triggered by an action potential and carried by ions and small molecules like
calcium [[37]. Moreover, electrical synapses are highly effective at mediating lateral
excitation and promoting the spread of chemically mediated synaptic inputs [I38]. Al-
though chemical and electrical synapses are now known to coexist in brain structure,
details of the individual and interactive properties of these two modalities of transmis-
sion are still emerging [I39].

Passing ions between the intracellular and the extracellular sides causes local voltage

23



2.1 Human Brain

First neuron Second neuron

Modality 1: Cheminal synapse Modality 2: Electrical synapse

Action Action
_—~" potential _~7" potential
“ 2+
Neurotransmitter x Ca _k

Synaptic Gap junction

Presynaptic vesicle channel
terminal
- Metabotropic
L?;%gg)rl ¢ . ° :0.. / receptor H H H
L]
Postsynaptic Membrane ‘ Gene. nJ' Couphpg
terminal potential expressiol potential

Biochemical
\ | N

Figure 2.5 The two main modalities of synaptic transmission based on the reference [I39].

changes in a neuron. The change is called graded potential, and its magnitude depends
on the strength of the stimuli. If the potential membrane charges positively, the effect
and graded potential are called depolarization and Excitatory PostSynaptic Potential
(EPSP). Alternatively, if the potential membrane charges negatively, the effect and
graded potential are called hyperpolarization and inhibitory postsynaptic potential. In
the postsynaptic area, local voltage changes regardless of the types of graded potential
combining to form an overall signal. When the potential membrane exceeds a threshold
(about —55 mV), an action potential (that is an all-or-nothing electric scheme) and a
transient depolarization of the neuron’s membrane, will occur. It makes sodium and
potassium channels open and close their channels to pass the propagated information.

In summary, each neuron has a membrane potential, and it changes its potential
by chemical and electrical factors to communicate with another neuron or inhibit the
communication. Propagated information from the first neuron is encoded in the nucleus
as an action potential, and this information is sent out from second neuron’s axon to
the third neuron through synaptic transmission. The neural network has an elastic
connection and exerts its powerful and flexible ability to control functions.
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Figure 2.6 Networks of cortical neural cell assemblies modified from the reference [40]. (A) Pyramidal
cell assembly, initiative current (primary current), and next currents (secondary currents). (B) Large
cortical pyramidal nerve cells. (C) Translucent human head.

2.1.3 Discovery of Electroencephalogram

An English physician, Richard Caton discovered EEG from the exposed brains of rab-
bits and monkeys in 1875 [I41], and a German neurologist, Hans Berger first observed
the brain electrical activity on the human scalp in 1924 [35].

Differences of electrical potentials are caused by the apical dendrites and cell body
in the pyramidal neurons (which are oriented perpendicular to the cell surface and
create electrical dipole [T42]) when synaptic transmissions of the apical dendrites are
activated by the generation of the EPSP. This difference triggers the generation of
a measurable current that flows through the volume conductor from the non-excited
membrane of the cell body and basal dendrites to the apical dendritic tree sustaining
the EPSPs (Figure ). The conservation of electric charges makes the closed current
loop with extracellular current flowing even through the most distant part of the volume
conductor (second current), but shortest route between the source and the sink firstly
makes more fast and robust current (primary current). An EEG signal comprises a
mixture of the electrical currents. A voxel (volume element of several mm?) contains on
average 5.5 million neurons, 10'° synapses, 22 km of dendrites, and 220 km of axons [I].
Electrical indices recorded by electrodes attached to the scalp reflects the summation
of excitatory or inhibitory postsynaptic potentials in the most superficial layers of the
cortex. In other words, broad regions of cortex in the order of a few square centimeters,
have to be fired synchronously to generate he observable potential for changes to be
detected at electrodes attached on the scalp [23].

EEG oscillations have been categorized into the following five different frequency
bands: (i) delta (0.5 - 4.0 Hz); (ii) theta (4.0 - 8.0 Hz); (iii) alpha (8.0 - 13.0 Hz); (iv)
beta (13.0 - 30.0 Hz); and (v) gamma (> 30.0, but typically < 100 Hz). Alpha activity
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2.1 Human Brain

observed in the posterior and occipital regions with a typical amplitude about 50.0 p©V
is well-known and most extensively studied activity [67]. The majority of people show
a complete change of brain wave pattern to the alpha rhythm when closing eyes.

2.1.4 Electroencephalographic Recording Methods

The electrical currents can be easily measured and displayed as the differential sig-
nals between the two input terminals/electrodes of the differential amplifier without any
surgical operation, defibrillator, and hazard of electric shock, although the signals have
a weak oscillating range (0.5 to 100.0 ¢V in amplitude). Properly speaking, they have
comparatively low spatial resolution and specificity to estimate sources in neuroimag-
ing because the electrical currents must pass the skull having low electroconductivity.
However, volume conductor models neglect holes in the skull, lesions, the ventricles,
and anisotropic conductivity of the skull [T43].

There are three main types of electrophysiologic recording techniques defined by
where the recording electrode is placed.

v’ Extracellular (in vitro): the electrode is placed just outside the neuron of interest,
v’ Intracellular (in vivo) : the electrode is intercalated inside the neuron of interest,
v' Patch clamp : the electrode is juxtaposed to the neuronal membrane.

These different recording types are used to investigate the electrical patterns of neurons.
The EEG measurement is classed as an extracellular recording technique.

In 1958, a Canadian psychologist Herbert Henri Jasper proposed an essential place-
ment and designations of the EEG electrodes called International 10-20 electrode sys-
tem [144]. Using the system has been recommended by International Federation in
Electroencephalography and Clinical Neurophysiology and known as the most popular
system for EEG measurements. Each of electrode dispositions has proportional dis-
tance in percent between ears and nose, thus the distance depends on the individual
(Figure E77). According to adjacent brain areas, electrode dispositions are separately
labelled: Fp (prefrontal), F (frontal), C (central), T (temporal), P (posterior), and O
(occipital). An odd suffix to each label indicates that the electrode is attached to the
left hemisphere, and vice versa. A “z” suffix to each label means the electrodes place
on the anterior-posterior axis of the head. There are several techniques for choosing
reference and ground electrode placements. In this thesis, reference and ground elec-
trodes are selected as linked-ears(mastoids) and forehead (Fpz) which are predominant
for measurement in the EEG signal processing.
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Figure 2.7 International 10-20 electrode system based on the reference [144].

2.2 Eyeball and Eyelid

2.2.1 Eyeball Structures and Functions

The eyeballs are essentially symmetrical conformations as well as the brain hemi-
spheres. In addition, they have an almost spheroidal shape to avoid their deformation
or curvature (Figure Z8 (A))O A solid fibrotic membrane named sclera which is filled
with a jelly-like substance (vitreous body), covers the eyeball. The sclera and intraoc-
ular pressure maintain eyeball shape; however, it might sometimes be asymmetrical by
alteration of vitreous/anterior chamber shape induced by visual and neural mechanisms
in ametropic eyeballs (e.g. myopia and astigmatism) [T45-147].

Looking at the eyeball from the front, white and another color (that depends on
the person) can be seen onto the eyeball. The white of the eyeball named conjunctiva
protects the eyeball and makes eyelid movement easier by generating the ophthalmic
lubricant [T48]. Nevertheless, the other color of the eye depends on the iridial pigmen-
tation [I49], every eyeball necessarily has a pupil in the center of the iris. Furthermore,
diaphanous tissue named cornea is situated on the contour of the sclera. Photic stimu-
lation via the cornea is modified by contraction of the iris and passed the optic lens to
assemble in a small concave (fovea centralis) [I50,I51]. Afterward, the information of
photic stimulation which made it of retinal photoreceptor cells will be translated into
synaptic activities (Figure EZ8 (B)) [I52,153].

Summarizing the above sentence in this clause, the eyeball has following three func-
tions: (i) image projection onto the retina; (ii) translation from photic stimulation to
synaptic activities; and (iii) communication in the brain through the optic nerves.
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Figure 2.8 (A) Sagittal section of eyeball. (B) Close-up of the retina modified from the reference [54].

2.2.2 Eyelid Structures and Functions

The following six main layers structure the eyelid: (i) skin; (ii) subcutaneous tissue;
(iii) striated muscle fibres of the orbicularis oculi; (iv) orbital septum; (v) tarsal plates;
and (vi) conjunctiva (Figure 29 (A)). The eyelid’s skin, in particular, upper eyelid’s skin
is the thinnest in the body, has sweat glands and eyelashes to intercept dust headed for
the eyeball [Th5]. The subcutaneous tissue is almost devoid of fat and cooperates with
other tissues to readily accept the accumulation of fluid and blood. The orbicularis
oculi whose detail will be described in the next section has a significant role in an
eyeblink. The orbital septum is a fibrous partition disposed along the orbital cavity.
Owing to holding the orbital fat, it acts as a barrier to prevent superficial infection
from spreading deeper to affect the orbit and brain [I56]. The tarsal plate gives the
eyelids firmness and shape. Furthermore, it contains numerous Meibomian glands that
secrete oil onto the eyelid margins and, in turn, cap the tear film [T57]. The conjunctiva
described in the previous section lines the inner aspect of the eyelids. The margin of the
eyelid and the non-keratinized epithelium of the conjunctiva represents a sandwich of
tissues. It becomes keratinized at the mucocutaneous junction of the posterior border
of the tarsus [I58].

Healthy cornea requires moisture on the anterior surface of its epithelial layer that
protects the eyeball from environmental factors. Water addition and loss of the lacrimal
duct and precorneal tear film, whose physiological level of osmolarity is approximately
310 mOsm/1 [ThY], are balanced by the homeostatic mechanism to control and maintain
the anterior surface integrity [I60]. However, the precorneal tear film would naturally
lose its moisture and be ruptured (broke-up) by air pollution if it comes into contact with
air for long hours [[61]. Such chronic alteration of the precorneal tear film may cause
eye complaints [162]. Therefore, isolating the eyeball from the air in an appropriate
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Figure 2.9 (A) Sagittal section of eyelid adapted from the reference [I58]. (B) Sagittal view of the left
orbit, and surrounding structure. (C) Anterior view of the left eye adapted from the reference [I63].

manner is needed for maintenance of a normal condition. The two eyelids protect the
precorneal tear film against potentially damaging external factors. Besides, each eyelid
has many oil glands that overlay the aqueous layer of tears on the surface of the eyeball
and lessen its evaporation. That means eyelids contribute to avoiding alteration of the
precorneal tear film by helping to spread the tear film over the surface.

2.2.3 Extraocular Muscles

When the head or object of interest moves to any position from the locked position,
eyeballs should be rotated to maintain the same image. Alternatively, eyeballs must
keep their rotation for a stationary object. Moreover, the upper eyelid has to do tonic
elevation and control its vertical position for segregation of eyeballs from the external
environment to protect them. Extraocular muscles whose maximum discharge rates are
less than 600 /s on single fiber recordings from ocular motor nerves [164] provide these
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Table 2.1 Abilities of eyeball given by extraocular muscles modified from the reference [IG4].

Ability Main function
Fixation Holds images on the fovea
Conjugation Retains the angular relationship between eyeballs
Optokinetic Stabilizes images during sustained head motions
Saccade Jumps from one eyeball position to another quickly
Smooth pursuit | Moves the eyeballs smoothly instead of in jumps
Vestibular Holds images on the retina during brief linear head motions
Vergence Changes the eyeballs in opposite directions

Table 2.2 Main functions and innervations of the seven extrapcular muscles modified from the reference
[24].

Muscle Main function Innervation
Lateral rectus Abduction Abducens nerve
Superior oblique Depression / Intorsion | Trochlear nerve
Medial rectus Adduction Oculomotor nerve
Superior rectus Elevation / Intorsion Oculomotor nerve
Inferior rectus Depression / Extorsion | Oculomotor nerve
Inferior oblique Elevation / Extorsion | Oculomotor nerve
Levator palpebrae superioris | Elevation Oculomotor nerve

abilities to the eyeball and eyelid [I66,167]. Generally, there are seven extraocular mus-
cles surrounding an eyeball: (i) superior rectus; (ii) inferior rectus; (iii) lateral rectus;
(iv) medial rectus; (v) superior oblique; (vi) inferior oblique; and (vii) levator palpebrae
superioris (Figure 29). The first six muscles and the last one control eyeball movement
and upper eyelid elevation, respectively [I6X]. Given abilities regarding eyeball and
their primary duties are tabulated in Table 2.

The extraocular muscles without levator palpebrae superioris can be divided into
three functional pairs based on the agonist-antagonist activity. Furthermore, three
cranial nerves: (i) abducens nerve; (ii) trochlear nerve; and (iii) oculomotor nerve,
innervate all extraocular muscles. The main functions and the innervations of the
seven extraocular muscles are tabulated in Table ZZ. These cranial nerves mediate the
brain stem and eye movements or eyeblinks [I63]. Thus, eye movements and eyeblinks
are controlled by extraocular muscle actions based on the ocular motor system in the
brain.
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2.2.4 Types of Eyeblink

In the first place, I have to clarify the definition of “Eyeblink”. The word “Eyeblink” is
typically used synonymously in the literatures for eyelid movement [169,170]. According
to these literatures, I use the word of “Eyeblink” with the same definition in this study.

An eyeblink comprises movement of the eyeball/eyelid including contraction of the
extraocular muscles and causes the eyeball to act like an electric dipole slightly moving
up/down and inward [[73,[74]. The upper eyelid starts to move to the lower eyelid with
a high acceleration and reaches a peak velocity of up to 280 mm /s within 70 ms [I71].
The movement is completed (zero velocity) from 100 to 150 ms; the reverse operation
is accomplished more leisurely; it lasts roughly 300 ms. Healthy persons over 60 years
of age have augmented mean lid-closing duration, diminished excitability, and longer
latency of the electrically induced blink compared with younger individuals [I72].

On the other hand, these muscular contractions can be divided into three types: (i)
voluntary (commanded); (ii) involuntary (spontaneous); and (iii) reflex (elicited) [I73].
The person initiates voluntary eyeblink in response to an external or internal command
[[74]. Involuntary eyeblink depends on the dopaminergic activity. It is spontaneously
and unconsciously caused by drying of the cornea and conjunctiva [88]. Reflex eyeblink
is also caused unconsciously but elicited by a sudden appearance of intense stimulation
as auditory, visual, electrical, and air puff [I'75]. It has been known that how to elicit
a reflex reaction is linearly or nonlinearly proportional to the intense stimuli [I76-178].
Reflex eyeblink reaction has many labels (at least 16 labels) such as “defense blinking
reflex” [I79] and “cochleopalpebral reflex” [IR0], so it is too difficult to specify a unique
set of reflex eyeblinks.

An EEG system user usually has to hold his head up for the presented stimuli accord-
ing to the instructions on the system operation. Reflex responses would be induced in
the first few times of training because the user is not used to the operation of the system.
However, after training, electrical and cutaneous stimuli expect for an air flow directed
into eye very rarely induce a reflex reaction during the system operation [I&1, [&2].
Therefore, eyeblink artifacts generated by the first two types of eyeblink (voluntary
and involuntary) must be rejected from observed EEG signals in the EEG processing
procedure, whatever stimulus might be selected.

2.2.5 Eyeblink Mechanisms

All eyeblinks show a reciprocal innervation between the Levator Palpebrae Superioris
(LPS) and the Orbicularis Oculi (OO) muscles mediated through the electrical stim-
ulation of a region made up of the periaqueductal grey matter close to the superior
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Figure 2.10 Extraocular muscles of eyeball and their relationship with CN III, IV, and VT [I&3].

colliculus and the posterior commissure [I84-186]. In addition, two smooth muscles;
typed eyeball movements controlled by Cranial Nerves (CN) III, IV, and VI normally
making its position more nasally downward accompany eyelid movements whose rota-
tion depends on the initial eyeball position [T90]. Origin and distribution of CN III, IV,
and VI, which innervate extraocular muscles, are described in Figure PZZI0. All types
of eyeblink have much in common (e.g. precise conjugated movements between both
eyes [191]). Meanwhile, each eyeblink type is distinguishably caused through different
neural pathways linking the brain and OO muscle. To open new (known) frontiers and
push back horizons of the neural pathway linking the brain and OO muscle, the corneal
eyeblink reflex neural circuit is shown in Figure 211 as an example.

In a voluntary eyeblink, voluntarily sustained closure of eyeballs is achieved either
by inhibition of the steady tonic activity of LPS without OO activation (for soft eyelid
closure) or the inhibition and sustained OO contraction (for forceful eyelid closing)
[T92,193]. The basal ganglia comprising a distributed set of the brain structures in the
telencephalon, diencephalon, and mesencephalon, plays a significant role in controlling
the coordination required during voluntary eyeblink between the phasic activation of
the OO muscle and modulation of the tonic activity of the LPS [I94, 195].

In an involuntary and reflex eyeblink, a short high-frequency burst of activity in
the OO motoneurons leads to inhibit the LPS motoneuron firing just before a blink
[T97]. Consequently, passive forces are going to release the upper eyelid to downward.
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Figure 2.11 The corneal eyeblink reflex neural circuit [I96].

When the OO muscle activity has stopped, and the LPS muscle has regained its tonic
activity, the drooped upper eyelid opens again. Involuntary eyeblink is strictly related
composed of different premotor neural structures in the brainstem [199]. Emotional or
state variables (e.g. speaking, memorizing, and reading) affect the rate of an involuntary
eyeblink [200,201]. Moreover, evidence suggests that dopamine D; [202] and Do [203]
receptor systems play a role in the control of this action. However, subtle details of the
mechanism in involuntary eyeblink are still unexplained [204].

Reflex eyeblink can be initiated by an electrical stimulation of supraorbital nerve;
an air puff, a light flash (visual stimulus), or a sound (acoustic stimulus) [205]. Their
afferent pathways are mainly trigeminal, and the premotor areas involve the pontine and
medullary tegmental levels of the brainstem [206]. It is known that the reflex reaction
consists of an early ipsilateral response (R;) and a late bilateral response (Ry) [I5].
During R; and Ry, the LPS muscle remains continuously inhibited.

2.2.6 Eyeblink Recording Methods

A potential difference across the retina, mainly derived from the pigment epithelium
leads to maintain corneo-retinal standing potential, i.e. the eyeballs are electrically
charged; positive at the cornea and negative at the retina (see Figure T2 (A)) [207-
209]. Although the potential distribution of eyeball is permanent (not fixed but has been
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Figure 2.12 (A) Sagittal section of eyeball visualized with electrical field in the tissues surrounding
the eyeball. (B) Electrode placement for EOG signal measurement.

found to vary diurnally), an electric potential field around the eyeball would be suddenly
changed when the eyeballs and/or the eyelids move. This electrical change is multiply
composed of the eyeball rotation (dipole movement) and the eyelid sliding down over the
positively charged cornea acting as a sliding electrode [66,109]. It can be easily measured
as EOG by electrodes placed on the periphery of eyeballs [72,210]. Here, the good
conductivity of the scalp leads to contaminating recorded EOG signals with potentials
generated from contraction of the extraocular muscles as well as the electrical activity
of neurons. Consequently, EOG signal has information of the eyeblink potentials that
depends not only on eyeball movements but also on eyelid sliding including contraction
of the extraocular muscles.

EOG signal measurement comprises six electrodes (Figure -T2 (B)): four measure-
ment electrodes (@) to @); one reference electrode placed on ear lobe, mastoid, or medial
frontal region ((®); and one ground electrode [211,212]. There is no fixed-rule in elec-
trode placement, but an EOG signal called Vertical EOG (VEOG) signal or Horizontal
EOG (HEOG) signal, is recorded from two surface electrodes placed at the superior and
inferior (D — @) or right and left orbital rim of the eye (3 — @) with minimal interfer-
ence and background noise [213]. In rare cases, Radial EOG (REOG) signal is recorded
from four surface electrodes surrounding both eyes (D + @ + ® + )/4) [89,214].
VEOG, HEOG, and REOG signals capture blink potentials with vertical eyeball move-
ment (e.g. Bell’s phenomenon), horizontal eyeball movements, and vertical /horizontal
eye movements.

In this thesis, I measure VEOG signals to obtain blink potentials. Moreover, reference
and ground electrodes are commonly placed on left mastoid and Fpz in EEG and VEOG
signal measurement.
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Chapter 3

REVIEW OF EXISTING SCHEMES ON
EYEBLINK ARTIFACT REMOVAL

3.1 In Multi-channel Recordings

3.1.1 Standard Assumption Concerning the Cerebral Sources

A typical approach to eyeblink artifact removal from an observed EEG signal is to
adjust the standard assumption that the observed cerebral signal x(n) is the sum of
the cerebral source (local-field) activity s(n) and the noise d(n). Neuronal cells have
only limited connections because a simple constraint on cortical signal dependence very
highly weighted toward short (< 500 pm) connections [215]. Besides, synchrony in
local-field activities should likely diffuse through a contiguous cortical area (closely-
spaced cortical electrodes), rather than jump between distant and weakly connected
cortical areas |04, 216, 217).

Therefore, an assumption that EEG signals generated from multiple cerebral sources
and non-cerebral sources (artifacts) are linear mixtures, allows the formulation of the
underlying biophysics of the generation and propagation of EEG potential [218]. The

following equation can model it:

x(n) = As(n) + d(n), (3.1)
where: x(n) = [z1(n),x2(n),...,xp(n)]T (superscript T' means the transpose of a vec-
tor or matrix) is the P observed EEG data at the n-th sampling point (1 < p < P,
1 < n < N), in which each row is an EEG channel; s(n) = [s1(n), s2(n), ..., sq(n)]”

is the @ unknown source data (1 < ¢ < @), in which each row means cerebral or
non-cerebral source; A is the P x @ full-column rank unknown mixing matrix; and
d(n) = [di(n),dz(n),...,dp(n)]" is the P additive zero-mean noise data. In real sce-
narios, there are likely to be more sources than observations (Q) > P), however, treating
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Figure 3.1 Linear mixture concept of blind EEG source separation modified from the reference [251].

the number of sources as same value of observations (¢ = P) is not normally an is-
sue because the dipole is modelling the neuronal activity of an elongated sheet of the
cortex or several synchronously active sources. Most algorithms can extract a linear
combination of sources belonging to the same subspace, blindly [@5,219]. By contrast,
all schemes have a common drawback that they can only handle overdetermined (deter-
mined) mixture because the inverse process while having no priori information on the
characteristics of the sources is evidently intractable. Thus, additional three assump-
tions are reluctantly accepted: (i) the noise is spatially uncorrelated with the observed
data (E[As(n)d(n)’] = 0, where E[-] is the expectation operator), and temporally un-
correlated (E[d(n)d(n + 7)T] = 0, where 7 is lag time and V7>0); (ii) the number of
sources is equal to or lower than the number of observation signals (P > @); and (iii)
it is stationary, that is A does not change over time [220,221].

To estimate the sources including non-cerebral activities S = [5(1),...,$(N)] from
the observed EEG data (to solve BSS problem), unsupervised learning schemes such
as PCA and ICA jointly estimate demixing matrix W (= A~!) using multi-channel
information X = [x(1),..., (V)] under the linear mixture concept.

$(n) = Wa(n). (3.2)

Each unsupervised learning scheme has an algorithm that is subject to various indices:
uncorrelatedness, independence, non-Gaussianity, instantaneous propagation, linearity,
and so on, has already been confirmed their effectiveness of eyeblink artifact removal
[222]. In Figure B, the concept accounts for demixing matrix W (= W, W) because
some algorithms first decorrelate the signals by Wi and then unmix the signals by W5.
Given a mixing matrix A is composed of the three blind cerebral sources s(n) and
provides the same number of observations x(n) in this figure.
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component space.

3.1.2 Unsupervised Learning Source Separation Schemes
Principal Component Analysis

PCA converts the observed EEG signals of possibly correlated variables into values of
linearly uncorrelated variables named Principal Components (PCs) with the first-order
and second-order statics [72,223]. This algorithm included eigenvalue decomposition
[224] to get the directions u of greater variance in the input space of the EEG data X
based on an assumption that X is jointly normally distribution, and the sources are
uncorrelated (see Figure B2). Input data X°¢ should be standardized to decorrelate
samples of the same dimension (E[z(n)z(n+7)"] = 0) and to uniform unit (V[ X,] = 1).

Standardized elements x,,,, can be described by following equation.

old _ =
Tpn = pmo_p L > (33)
where
LN

= & > o (3.4)

T
oy = N_1 > (g —z,)? (3.5)

n=1

In PCA algorithm, the first PC, which has the largest variance in standardized input

space, is a linear combination of X defined by weights u; = [uy, ..., up]’:

PC, = XTu, , (3.6)
V[PCy] = V[XTu] = ul Su,; ,
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where 3 (= X XT/(N — 1)) is covariance matrix of X. To maximize ul Xu; while
constraining w; to have unit length:

max uj Zu;

subject to wlu; =1 |

Lagrange multiplier method is introduced for solving the optimization problem [2Z5].

L(’U,l, )\1) = ’U,{Z’U,l + )\1(1 - ’U,{’U,l) s (38)
oL A
—(U1’ 1) = 22’(1,1 - 2)\111,1 =0 5 (39)
8u1
ul'Su; = Nulu, =) . (3.10)

In consequence, the covariance matrix 3 is sequentially decomposed into eigenvectors
u, and eigenvalue A\, by an assumption that the PCs are orthogonal. The eigenvectors
u, is similar to the column of the inverse demixing matrix W1

Many extended PCA algorithms (e.g. kernel PCA [48], robust PCA [226], dual
PCA [227], probabilistic PCA [228], and Gaussian process latent variable model [224])
have been proposed. As is common with all the PCA algorithms is that they consider
the potential sources of observed EEG signals (neural activities and eyeblink artifacts)
are algebraically orthogonal. These algorithms decompose the covariance matrix 3 or
Gram matrix G(= X7 X /(N—1)) to calculate eigenvalue A that is equivalent to singular
value decomposition of X or Karhunen-Loéve transform. PCA-based schemes have a
competitive advantage over the input data which contain components regarding a fixed
time course. However, they also have a weakness if the input data includes temporal
jitter [230]. The assumption is hard to be satisfied because the orientation of individual
ocular generators may even be nearly aligned with the direction of some EEG generators
[TT2,231]. Therefore, PCA-based schemes cannot completely remove eyeblink artifact,
On the other hand, PCA algorithm is often incorporated into a first decorrelation or
whitening step of some ICA algorithms which are based on higher-order statics since it
is useful to reduce computational cost [234].

Independent Component Analysis

ICA is the most famous unsupervised learning algorithm to decompose multi-channel
observed EEG signals X into independent sources S with higher-order (spacial) mo-
ments, beyond the second-order statics (e.g. power spectrum, or its time domain ana-
log, autocorrelation) used in PCA, whereas some algorithms use the statics as well as
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PCA [9,235]. Independence is a stronger assumption than decorrelation because it can
unilaterally establish the definition of decorrelation [236]. An enormous number of ICA
algorithms (e.g. adaptive mixture of ICA [237], algorithm for multiple unknown sig-
nals extraction [96], canonical decomposition of hermitian positive semi-definite arrays
based on procrustes problem [238], fastICA [239, 240], fourth-order blind identifica-
tion of underdetermined mixtures of sources [241], fourth-order only blind identifica-
tion [242], ICA using redundancies in the quadricovariance [243], (extended) Informa-
tion Maximization (InfoMax) [94,244], joint approximate diagonalization of eigenma-
trices [245,246], pearson-ICA [247], Second Order Blind Interference (SOBI) [24]], and
temporal decorrelation source separation [249]), which can be broadly separated into
two types: Higher-Order Statics (HOS) based or Second-Order Statics (SOS) based, has
been extended so far to effectively separate observed signals into sources. In the first
step of most HOS-based ICA algorithms which find a linear demixing matrix W for
the estimated sources S to be as independent as possible, the covariance matrix of the
input data is decorrelated by using PCA. They minimize the Mutual Information (MI)
by using the normalized version of the differential entropy called negentropy which is
connected to the MI, to directly measure independence of outputs. On the other hand,
SOS-based ICA algorithms make the data diagonalize their unique matrices such as
time-lagged correlation matrices.

As is common with all the ICA algorithms is that they consider artifacts as odd data
in the EEG signal and find them using statistical criteria [250]. A state-of-the-art topi-
cal review published on 2015 reported that SOBI and InfoMax are the most commonly
used algorithm for EEG signal processing; nevertheless each algorithm has an excellent
strategy [251]. The strategy of SOBI remains correlated components to isolate highly
temporally correlated sources by simultaneously diagonalizing the covariance matrices
calculated at different time lags, sometimes works particularly well in source separa-
tion because the relationships across time (relationships between component values at
different time lags) are usually not counted toward most ICA algorithms [231, 252].
Meanwhile, InfoMax algorithm can separate sources with maximum accuracy when
there is a powerful electrical artifact like eyeblink in the data [254,255]. In this thesis,
InfoMax algorithm is applied to research, so let me describe the algorithm.

The fundamental problem tackled by InfoMax ICA is how to minimize the MI of the
output vector S.

MI(8) = > H(3,) — H(3). (3.11)

Probability Density Functions (PDF) of observed signal p(x) and estimated signal p(8)
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have following relationship:

p(8)ds = p(x)de, (3.12)
dé = J(2)dz = |W|dz, (3.13)
p(8) = pla)de =p(W'8)|W|", (3.14)

where J(z) is Jacobian matrix. The estimating entropy H(S) is given by:

1) = ~ [ p(s)log p(s)is
— [0z p(W18) — log (W) p(W5) [ W ds
— — [ (o pl@) ~ log (W) pla)ia
— [ @) g pla)da + og W
— H(z) +log [W|. (3.15)

Therefore, the MI (Eq. (3.11)) can be rewritten as following:

MI(8) = Y H(3,) — H(x) — log |[W]|. (3.16)

p=1

By partially differentiating this index on parameters W, optimized solution for source

separation will be obtained.

OMI(3)  <~0H(3,) OH(x) Olog|W]|
W = W oW oW
3 ié’ S p(8) log p(3,)d3) O_E
e oW (W |
p=1
= —E[p(8)z"] - (W), (3.17)
where il (A )
. 0og p(Sp
©(5,) = ——22 3.18)
( P dsp (

As analytical computation of equation as mentioned above is difficult, this algorithm
uses a gradient update rule based on the natural gradient ==~ BMI IME) Ty [253] and learn-

ing rate n that is a positive constant:

W W +nAW, (3.19)
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AW = (E[p(8)z"]+ (WD) HWTw
= (Elp(8)8"]| + )W (3.20)

On every iteration, distribution of estimated signal ¢($,) is appropriately changed
to super-Gaussian or sub-Gaussian according to positive and negative of the fourth
cumulant ¢[3)] = E[s)] — 3]E[§§]2 for each estimated signal, that is called extended
InfoMax algorithm [254].

51 + sgn(c[8]])tanh(3;)
p(8) = — : : (3.21)
$p + sgn(c[$p])tanh(8p)

Other Component Based Schemes

There are some component based schemes other than above-mentioned blind source
separation schemes (e.g. multiple-source eye correction [I00,256], multivariate singular
spectrum analysis [99], and singular spectrum analysis [257]) for eyeblink artifact re-
moval. In this thesis, I do not, however, deal with these algorithms in detail because
an assumption of each algorithm is rarely fulfilled in the context of EEG signal and

consistency EEG signal processing is difficult in the presence of such complex signal.

3.1.3 Precautions in Using Source Separation Schemes
Component Identification after Source Separation

After source separation, the estimated sources S have to be identified as artifac-
tual or neuronal sources to reconstruct artifact-free EEG matrix X. Visual inspection
(empirical judgement) of scalp topography was most confided in the identification of
separated components [I02,174] since the distribution of eyeblink artifact on the head
is well-known (see Table I). The overused technique is still examined in an expedient
manner for accuracy checking of identification results, but the user’s workload increases.
Therefore, hard/soft threshold, probability approach, and machine learning algorithm
with features (e.g. correlation, mean power, standard deviation, maximum amplitude,
kurtosis, skewness, auto mutual information, and so on) of the prepared material (e.g.
resting state background rhythms or observed reference EOG signal) have been used
for automatically identifying the ocular artifacts in estimated sources to reduce the
workload and to get more repeatable label [232,258-264]. However, eyeblink artifacts
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Figure 3.3 Block diagram of the blind source separation scheme adapted from the reference [Z59].

are allocated to one or more estimated sources, meaning that the identification steps
are sometimes not able to accurately select the correct components. Also, the main
drawback of these algorithms is that it is restricted to having the reference EOG chan-
nels (training data) which might not be usable if one would like to process previously
obtained data.

Proposing automatic and unsupervised source identification algorithm that provides
information concerning labelling more flexibly and accurately has been still an active
research area [265-268]. Once the estimated source vectors §(n) are identified, they
advance to next step called denoising step, and then an underlying (non-artifact) EEG
matrix X would be obtained using inverse linear demixing process (see Figure B33).

Procedure for Denoising the Artifactual Components

In general, observed EOG signal is in turn contaminated by the EEG signal [90,269].
Since the bidirectional relationship, spectral distortion is unavoidable in source sepa-
ration process even if a researcher applied the ICA-based algorithm [258]. Researchers
should give careful handling of the highlighted components and tease out the arti-
facts from the data on the denoising step. Currently, Discrete Wavelet Transform
(DWT)-based denoising procedure composed of three stages, (see Figure B4) makes
spectively decomposed into wavelet coefficients until level [. Furthermore, a wavelet
coefficient which has a higher value than the threshold T" will be set to 0. In conse-
quence, artifact-free ICs &' are reconstructed from the thresholded wavelet coefficients
W'(l, k) via inverse DWT.

If all values of the wavelet coefficients at [-th level dip below the threshold on the
second step, the operator should choose an alternative approach: non-processing or
polishing. These approaches are assigned to hard and soft thresholding operators.
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They are respectively defined by:
0 (IW(l, k)| >T)
W'l k) = ’ ’ 3.22
5 { W), (WK <T) (322
and
0 (W, k)| >T)
Wik =4 ’ (3.23)

where W(l, k) and [ denote wavelet representation of p-th estimated signal §,(n) and
temporal localization at the level. Soft thresholding operator decreases signal quality
as its indefiniteness [277]; therefore, T apply a hard threshold for denoising procedure.
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3.2 In Single-channel Recordings

3.2.1 Separation Scheme Using Regression

Regression algorithm was most frequently used to remove eyeblink artifact up to the
mid 1990s. In this algorithm, an observed signal x(n) can be expressed as

x(n) = rgrc(n) + xra(n) + d(n), (3.24)

where, g (n), ra(n), and d(n) are intrinsic (unknown) EEG data, eyeblink artifact,
and noise, respectively. It is assumed that the expected value of d(n) is 0, and zga(n)
is a constant scaled value of the observed VEOG signal (xga(n) = C(axvroc(n))).

The artifact would be corrected by calculating propagation factors and subtracting
the regressed portion between one or more reference VEOG channels and observed EEG
signal [I13,019]. The rationale of the procedure is follows:

1) Separately average over observed EEG and VEOG signals of T trials to estimate
the eyeblink related variation for the EEG and VEOG-channels:

F(n) = % S (), (3.25)

2) Subtract the averages from every single trial data to obtain deviations:
Z'(n) = x(n) — x(n), (3.26)

where Z(n) is duplicated 7" x 1 matrix of the observed EEG average,

3) Calculate the propagation factor C' by linear least-square regression, whereby the
observed EEG data are considered as a dependent variable and the VEOG data
are considered as the independent variable:

X = C(Xveoa), (3.27)

where
X = [2'(1),....2'(@1),...,z'(T)]", (3.28)
z'(t)= ['(1+N(t—1)),...,2 (tN)], (3.29)

4) Correct the observed EEG data by subtracting the EOG data scaled by the prop-
agation factor C":
z(n) = x(n) — C(xyrog(n)). (3.30)
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Figure 3.5 Schematic representation of the regression procedure.

This scheme, separately calculates a scaling value for each subject, requires an ob-
served reference EOG channel and is only powerful when the operating system treats
event-related brain potentials because averaging operator emphasizes a time-locked
activity in observed signals. Although expanded algorithms of regression had been
provided [273,274], cerebral activities are usually not time-locked. Thus, important
nontime-locked components might be lost by the averaging operation. Moreover, this
scheme does not take bidirectional contamination, which refers to neuronal activities
being invaded in the observed EOG signal, into account and cancels the cerebral infor-
mation from the each observed EEG signal upon linear subtraction [214].

Despite its drawbacks described above, regression is still used as the ‘gold-standard’

scheme to which the performance of any artifact removal algorithms may be compared.
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The schematic representation of the regression procedure in the time domain is de-
scribed in Figure B3.

3.2.2 Separation Scheme Using Filtering
Band-pass or High-pass Filtering

Band-pass or high-pass filtering represents one of the classical separation attempts
to remove artifacts from an observed EEG signal. This scheme is effective when the
spectral distributions of the EEG signal and artifact do not overlap, and there are
small band artifacts like power line noise (50 or 60 Hz interference) into observed EEG
signal [275]. However, the overlapping frequency spectra between EEG and eyeblink
artifact have been reported [B9,[71], so fixed filtering is not effective for eyeblink artifact
removal as it will attenuate EEG component in theta and delta band and change both
amplitude and phase of each frequency signals if the filtering keeps doing that [276].
Some alternative algorithms such as adaptive filtering try to adapt the filter parameters
w to minimize the error between the artifact-free EEG signal &(n) and the desired
original signal x(n) to suppress the limitations of this scheme. They are sometimes
employed in the removal of eyeblink artifacts from single-channel EEG signals.

Adaptive Filtering

Adaptive filtering assumes that the intrinsic EEG signal and artifact are uncorrelated;
therefore, the artifact is considered to be an additive noise within the observed EEG
signal.

zi(n) = s¢(n) + ng,(n), (3.31)

where z;(n) is the corrupted EEG signal of ¢-th trial, ng(n) is the additive noise to
offset and is uncorrelated with intrinsic EEG signal s;(n). To achieve optimal filtering,
the filter parameters w(n) are iteratively adjusted by a feedback process designed to
make the output @(n) as close as possible to some desired response with an additive
noise interference (a reference) [271,278]. Figure BA shows the noise canceller system
using adaptive filtering. In the system, the primary input z;(n) and the reference input
Tveog, (n) are the observed EEG and VEOG signals. A reference input zvgog,(n) =
n1,(n) which is a noise correlated with ng,(n) and uncorrelated with intrinsic EEG
signal s;(n).

Least Mean Squares (LMS) or Recursive Least Squares (RLS) method [279] is usually
selected as an adaptive algorithm to minimize the error e;(n) between the response
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Figure 3.6 Noise canceller system using adaptive filtering modified from the reference [230].
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y¢(n) and the desired response. In many cases, RLS-based adaptive filtering presents a
superior performance at removing eyeblink artifacts from observed EEG signals |15,
280]. The algorithm can be implemented using the following equations:

90 = X BvmoaT R — Daveoa() (332
en) = (n) - y(n), 3.33)
y(n) = win)evsoa(n), (334
Ry — B0 geos R0 .
wn) = win—1)+gn)e), (3.36)
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where g(n) and w(n) are the gain vector and the filtering parameters. The initial value
of cross-correlation R(0) is I, where § and I are some sufficiently large positive value
and identity matrix. In this thesis, the value of ¢ is set to 10*. The updated filter
parameters w(n) lead to output artifact-free EEG signal @(n). The order of adaptive
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finite impulse response filter M and forgetting factor A have profound effect on the
filter’s performance [281]. This algorithm with M and A will be set as 1 and 0.43 to
0.995, respectively.

Consequently, adaptive filtering scheme has a potential to recover 'pure’ EEG signal
more fastly and accurately than linear regression [282]. However, these algorithms
have limited success because separation of overlapping frequency components is getting
nowhere. Furthermore, the performance depends on the choice of the reference input
which is perfectly synchronized with desired response. That means this alternative
filtering scheme needs reference input channel simultaneously during EEG recording.

3.2.3 Separation Scheme Using Multi-components

When the number of independent sources is equal to or lower than observation sig-
nals, ICA will achieve an eyeblink artifact removal with a remarkable performance.
Unfortunately, this scheme is only applicable to multi-channel signals; however, some
of the research extended the idea to single-channel signal to unmix a set of observed
signal-channel EEG signals into intrinsic sources [I16,283,284]. These schemes decom-
pose a single-channel signal into multiple components by dividing into a sequence of
blocks or different spectral modes (see Figure B72).

Single-channel Independent Component Analysis

Single-channel ICA is the oldest scheme according to the idea of multi-components in
a single-channel signal [[07]. Before applying ICA algorithm, an observed signal z(n)
is broken up into K short segments X, a sequence of contiguous blocks of length L,
which is to be treated as a set of observations x(n).

X = [z(1),...,2k),....e(K)T, (3.37)

x(k) = [2(L(k—1)+1),...,2(kL)]", (3.38)

where k is the block index. A standard ICA algorithm then performs to the matrix X
to derive the demixing matrix W.

It is worth to note that the performance of this scheme significantly depends on
heretofore described parameters. Removing interference spectrum of eyeblink artifact
by this scheme is all but impossible because this scheme assumes stationary sources
are being disjoint in the frequency domain whereas the artifact components overlap
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Figure 3.7 Concept of separation scheme using multi-components.

with EEG components largely, and EEG signal has non-periodic components [[T6].
Many schemes: Wavelet-ICA (WICA), Empirical Mode Decomposition (EMD)-ICA,
and Ensemble EMD (EEMD)-ICA, and Complete EEMD (CEEMD)-ICA have already
been reported successful in removing artifacts for solving the similar problem than this
scheme [66,275]. Therefore, I am not going to handle this scheme as a rival plan.

Wavelet Transform-Based Independent Component Analysis

In WICA algorithm, a single-channel EEG signal x(n) is transformed into components
of disjoint spectra (a matrix) instead of signal (a vector) via DWT [285, DR6.

W{(a,b) = %/x(n)@ba,b(n)dn, (3.39)

n—=ob

Yap = Y( ), (3.40)

a

where W (a,b) and 1, denote the wavelet representation of z(n) and the mother
wavelet, respectively, with a and b defining the time-scale and location.

Before applying ICA algorithm, mother wavelet and order of the wavelet transform
have to be selected. For this thesis, the mother wavelet and order of decompositions
were set to Daubechies 7 and 5, implemented using db7 in the li ftwave function of
Matlab. The decision of parameters is hard if the user does not have a priori knowledge
of the signal of interest. Each IC is respectively characterized as either neuronal or
artifactual by manually. The artifactual ICs are replaced its values with an array of

zeros and then reconstructed to wavelet components. Finally, single-channel artifact-
free signals are acquired by Inverse DWT (IDWT).
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Empirical Mode Decomposition-Based Independent Component Analysis

The EMD-based scheme is data-driven and adaptive to non-linear and non-stationary
signal decomposition, so the scheme can remove artifacts without a prior knowledge
regarding characteristics of the signal embedded in the data before EEG analysis [287,
?88]. In EMD-ICA algorithm, a single-channel EEG signal x(n) is decomposed into a
number of K Intrinsic Mode Functions (IMFs) hg(n),

z(n) =Y hi(n) +d(n) (1<k<K), (3.41)

where d(n) is a residue of the original signal and a nonzero-mean slowly varying function
with only a few or no extreme [287]. Each IMF has monocomponent of the original
signal and is estimated by an iterative process called “shifting process” in accordance
with the following steps:

1. Find the local maxima and minima in zx(n),

2. Connect all of the local maxima and minima by cubic splines to form an upper and
a lower envelope separately,

3. Calculate the mean of the two envelopes, respectively,

4. Obtain improved IMF hg(n) by subtracting the mean of the two envelopes from
the current IMF hy(n),

5. Go to step 1 until the residue is below a stopping criterion.

This process must be done under three conditions: (i) the number of extreme and the
number of zero-crossing must be equal or up to plus/minus one; (ii) zero mean; and (iii)
all the maxima and all the minima of IMF will be positive and negative everywhere. A
stopping criterion proposed in original EMD is used.

Artifactual ICs are manually characterized after applying ICA algorithm; then the
ICs have replaced its values with an array of zeros. Reconstructed IMFs are summed
simply together to obtain single-channel artifact-free signals.

However, the performance of EMD-based scheme depends on the relation between
the first derivation of envelope described by local extremum points on one side and the
multiplication of envelope by the instantaneous frequency on the other side [2X9]. A
presence of similar oscillations in different modes or a presence of disparate amplitude
oscillations in the same mode, named “mode mixing” makes the performance of artifact
rejection worse [290]. EEMD is an extended algorithm of EMD to obtain more robust
features without mode mixing [291]. The algorithm defines the “true” IMFs hy(n) as
the mean of the corresponding IMFs obtained from original EMD over an ensemble
of trials, and adds the original signal to independent, identically distributed white
Gaussian noise. Noisy components are expected to be cancelled out by properties of
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the white noise. EEMD algorithm can be described by the following steps:

1.

2.
3.

Make added noise signals z°(n) = z(n) + ew'(n), where w'(n) (i = 1,...,I) are
different realizations of white Gaussian noise calculated from finite variance to the
original signal x(n),

Decompose each z*(n) into their modes hy'(n),

Average over the ensemble to obtain a set of averaged IMFs (“true” IMFs):

F(n) = + > (), (3.42)

The noise scaling factor and the ensemble size were set as 0.2 and 500 by referring to

the reference [292]. The subsequent processing is same to EMD-ICA.

CEEMD-ICA is newest scheme in EMD-based schemes [293]. This scheme can suc-
cessfully decompose original signal into modes with less than half of the shifting iteration
that EEMD does by the following steps:

1.
2.
3.

Make signals z'(n) = z(n) + eqw'(n),
Decompose each noise added signal z?(n) into their first modes hi"(n),
Average over the ensemble to obtain first averaged IMF:

hy(n) = % Z h'(n) = hi(n), (3.43)

. Calculate the first residue:

di(n) = xz(n) — hy(n), (3.44)

. Decompose realizations d;(n) + €;Ei[w’(n)], where E.[-] indicates realizations of

white Gaussian noise calculated from finite variance to the k-th mode by EMD
until their first mode, and define the mode:

Fia(n) = % S Ealda(n) + eiBsfu' ()], (3.45)

. Calculate the k-th residue:

du(n) = w(n) — T (n), (3.46)

. Decompose realizations dy(n) + €;Ex[w’(n)] until their first mode, and define the

mode:

() = 7 37 Eildi) + eBafu' ()] (3.47)
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8. Go to step 6 until residue is below a stopping criterion.

The final residue satisfies: .
D(n) =xz(n) = > hi(n), (3.48)

where K is the total number of modes. Finally, the single-channel EEG signal is
decomposed into K modes.

K
z(n) =Y hy(n) + D(n). (3.49)
k=1
The noise scaling factor on the first mode ¢, and the ensemble size I were also set as
0.2 and 500 which are same condition of EEMD. In CEEMD), the value of noise scaling
factor since second mode depends on residue at each stage.

3.2.4 Inconsistent Relationship between Assumption in Above
Mentioned Algorithms and Real Data

The suspicion, an algorithm erroneously decomposes a single-channel signal into
multi-components in the first place is concerned about signal distortion. Avoiding ex-
cessive interference (neuronal information should be retained, and no distortion should
be caused) from an artifact removal algorithm is desirable to keep as much of the
observed signal as possible [294]. Above mentioned separation algorithms, linear re-
gression, and filtering do not explicitly solve the problem because there is no constraint
on an observed signal that has overlapped property in its component. That implies
that parameters W cannot converge to a solution for perfectly demixing the mixtures
without partially restricting the active space when single-channel signals are the tar-
get. However, it is not possible to capture the morphological properties of the brain
activities regarding amplitude and duration. Thus, a stochastic process is needed for
treating EEG data, even if some properties of the data have been already known [295].

3.2.5 Separation Scheme Using Matrix Factorization

Matrix Factorization (MF) techniques have recently attracted attention as effective
algorithms to remove artifacts from single-channel signals because they can find the la-
tent features underlying the interactions between EEG components and artifacts. Non-
negative Matrix Factorization (NMF) is one of the MF techniques as it can additively
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Figure 3.8 Observation matrix X and reconstruction matrix Y. The matrix X was approximately
factorized into three basis vectors h and three activation vectors w by NMF.

factorize non-negative matrix (e.g. power spectrum) X based on Short-Time Fourier
Transform (STFT) to two non-negative matrices, basis H and activation W' [296-29%].
The NMF has been used in many situations, for example, the automatic transcrip-
tion [299], the sound emphasis or separation [300], and the band spreading [301]. This
method also has been used for EEG feature extraction for classification [302]. An M-
dimensional non-negative data vector x,, is placed in the columns of M x N matrix X
where N is number of data vectors in the dataset. x,, is called an observation vector.
The matrix X is approximately factorized into an M x K non-negative matrix H and
a K x N non-negative matrix W where K is the number of “basis” which is optimized
for linear approximation of the observation vectors (Figure B8). It can be given by
following equation:

K
k=1

where an h; and a wy, denote an entry of H and W, respectively. In other words,
respective non-negative EEG feature vector x,, is approximated by linear combination
of the basis vector h;, weighted by the component of wy,,,. Therefore, it can be rewritten
by following equation:

X~HW. (3.51)

For finding an approximate factorization, iterative algorithms that quantify the qual-
ity of approximation will be designed. The iterative algorithms can be given by some

measures of approximations between two non-negative matrices. This measure is not
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called “distance” if it is asymmetric. Such measure is referred to as the “divergence”
[297]. There are various kinds of distance and divergence used in the NMF, for ex-
ample, the EUclidean (EU) distance, the Kullback-Leibler (KL) divergence, and the

Itakura-Saito (IS) divergence. In the case of NMF, these measures can be written as

DX, HW) =) D.(mn|lmswin), (3.52)
where D. denotes the kinds of algorithms, EU, KL, and IS divergences. In this thesis,
I select the IS divergence for the measure of an approximation since this divergence is
designed for the factorization of the power spectrum [303]. The iterative algorithm of

the IS divergence repeats the following multiplicative update rules.

1/2
2
hm,k « hm,k ( Z%:l’m,nwk/,n/ym,n ) 7 (353)
nwk,n Ymn
1/2
h 2
Wk 4 Wk ( ng}f ”;’“/ Y ) : (3.54)
m 'm.k/ Ym,n
where
Ymn = Z hm,kwk,n- (355)
k

If the basis matrix H finds the structure that is latent in the data, the dimension of
H will be smaller than the dimensions of X. Finding the structure can be said that
proper factorization is achieved. Therefore, the basis number K should be determined
less than the half of M when an NMF algorithm is used for getting the valid basis.

Damon et al. proposed an eyeblink artifact reduction method based on NMF [304].
They reported that the NMF could effectively decompose the recorded EEG signals
into the brain activity components and the artifacts. However, NMF is one of unsuper-
vised learning scheme and is based on some degree of arbitrariness while making bases.
Besides, automatic identification of bases is impossible by standard NMF algorithm.

Subsequently, an eyeblink artifact removal scheme based on supervised NMF named
2-step NMF was proposed [I17]. For supervised learning, template matrix Xga com-
prised of eyeblink artifact estimated by ICA with multi-channel signals has previously
been factorized into two nonnegative matrices Hgs and Wj. In the second step, the
matrix of the observed single-channel EEG signals X, is factorized into two nonneg-
ative matrices H,; and W5 where H,; contains Hgs and Hgge. The elements of
matrix Hga usually have no relation to the elements of matrix H,; because the initial
values are set randomly and updated by multiplicative update rules. In this algorithm,
the matrix Hgp is used as a fixed value. By contrast, activation components W are
a variable value. For this constraint, the matrix H,; can attempt to express EEG
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Figure 3.9 2-step NMF algorithm for eye-blink artifact removal using single-channel EEG signals.

components in the matrix X, using the remaining bases K’ (K’ = Ky, — K;). EEG
components are stored in the bases (Figure B9).

After these processing, power spectrum data of artifact-free EEG and estimated eye-
blink artifact are reconstructed from the following equations:

allkWan
bpc = Xr* Z Z W (3.56)
k= K1+1n 1 HaW,
allkW2kn
ba= X, *ZZ oW, (3.57)

Eq. (3.56) and inverse Fourier transform make it possible to reconstruct the artifact-free
signal with recorded signal.

3.2.6 Precautions in Using Matrix Factorization Algorithms

Regression, filtering, and separation algorithms intend to separate entire data thor-
oughly. MF algorithm can ignore time segments where an artifact is not present because
this technique is epoch-based. Supervised MF algorithm is still in its infancy, showed
the best performance in the eyeblink artifact removal schemes. However, epoch detec-
tion step that is not part of normal procedures in the eyeblink artifact removal should
be embedded in the epoch-based scheme. That leads to increasing the computational
cost inevitably. Existing some low cost (real-time) artifact detection algorithm for

NMF has an excellent performance and is a major scheme for matrix factorization

problem to find an approximate factorization of input data X. On the other hand, this
algorithm has a constraint that all elements of A and B where A € RM*K and B ¢
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Figure 3.10 Information amount of the data in each MF technique.

RE*N (K < min{ M, N}) must be no less zero. This restriction reflects some physical
quantities whose value can not be negative such as signal energy, pixel brightness,
and power spectrogram, however, the algorithm entails spectrogram for MF of the
single-channel mixture. In other words, observed signals have to be transformed to the
frequency domain for creating M frequency bins and N frames of a dataset. All goes
well if the system continues its process in the frequency domain; however, consistent
signal reconstruction from factorized matrices is hard when researchers apply NMF
(Figure BT0)0 Proposing a scheme which can extract recurrent patterns of time-series
input data in the complex spectrum domain or in the time domain is an essential issue to
reduce computational cost and provide a new means elucidating the mechanism of brain
activities. It is ongoingly essential issue to sparsely represent co-occurring components
by fewer bases because the appropriate basis number is unknown in the case of EEG
analysis. On both now and in the future, an algorithm that automatically finds optimal
basis number or avoids relying on the number while the MF techniques perform, has
been required regardless of the research field.

In the last two decades, NMF has steadily germinated and begun to improve or
extend its model because of its straightforward and robust model [B07-3T5]0 Various
NMF techniques that directly decompose input data in the complex spectrum domain
such as complex NMF [B16] as a typical example had already been proposed. Based on
the NMF algorithm, Positive Semi-Definite Tensor Factorization (PSDTF) has been de-
vised during recent years. This algorithm is a variant of tensor factorization (canonical
polyadic decomposition) using Bregman matrix divergence and factorizes autocovari-
ance matrix X € RM*M*N which is Positive Semi-Definite (PSD) matrix. PSDTF
decomposes N PSD matrices (a tensor)as a conic sums of K PSD matrices in time
domain [317]. The image of NMF and PSDTF is shown in Figure BTI. The detail of
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Figure 3.11 Datasets for employing NMF (left) and PSDTF (right) modified from the reference [318].

PSDTF will be described in Chapter 5.

Whenever you extract a signal from mixtures, an input of supervised space helps
to converge to the solution. If the supervised space is close to a true value of the
desired signal, you will obtain the signal you want from the mixtures. Let us now
turn the attention to the three eyeblink types: (i) voluntary, (ii) involuntary, and (iii)
reflex. Whereas each generation process is different, voluntary and reflex eyeblink show
a correlation of over 0.9 [T90]0 However, the most supervised (reference or template-
based) scheme considers only voluntary eyeblink as the target. On the real environment,
one dilemma by all researcher and user, when trying to remove eyeblink artifact from
the observed signal, is a lack of diffuseness for eyeblink types because what type of
eyeblink will be occurred by the user is unknown. No matter how an algorithm shows
excellent performance, it is not practicable when a priori hypothesis is wrong. I have
to say this wrong hypothesis shows existing supervised schemes are slacking off their
efforts as an eyeblink artifact removal scheme.

Meanwhile, proposed algorithms are presently evaluated using simulated data in
many cases, and therefore, the quality of the conclusions depends on the contingent
on the fidelity of the dataset that contains artifact epoch of one or two seconds. My
intuition based on my knowledge and experience appeals a suspicion that the length of
artifact is not one or two seconds but longer. Without knowledge of eyeblink artifact,
it is not possible to accurately determine the efficacy of a proposed artifact removal
scheme. Under such background, I will assess the effects of voluntary and involuntary
eyeblinks in EEG for robust template making.
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Chapter 4

ASSESSING THE EFFECTS OF
VOLUNTARY AND INVOLUNTARY
EYEBLINK IN INDEPENDENT
COMPONENTS OF
ELECTROENCEPHALOGRAM

4.1 Introduction and Objectives

A single-channel EEG device is supposed to result in better practical EEG applica-
tions in daily life. The beneficialness of eyeblink artifact removal for EEG applications
has already been described in Chapter 1. To avoid inconsistency in separating compo-
nents of a single-channel EEG signal that has overlapping frequency components, the
reference data helps experimental data to converge to the values of estimated sources in
the supervised learning schemes. However, most supervised learning schemes consider
only voluntary eyeblink. The presence of involuntary eyeblink artifacts in the target
signal leads to a distorted signal after applying the supervised scheme, because the
reference is usually based only on voluntary eyeblink data. Although several kinds of
literature have analyzed the pattern of eyeblink artifacts to develop eyeblink artifact
removal schemes for multichannel EEG signals, the effect of involuntary eyeblinks on
scalp EEG signals is still missing |04, [20-122].

In this chapter, I investigate the plausible effects of voluntary and involuntary eye-
blinks on scalp EEG signals using multi-channel ICA. Investigation of eyeblink artifacts
under voluntary and involuntary control lead to development of more robust and more
common references or training datasets based on the representative attributes for a
single-channel EEG analysis. Since recent studies have suggested wavelet-enhanced
ICA algorithm is suitable for separating EEG signals into cerebral and non-cerebral
sources [319], T employ this method.

The objective of this chapter is to characterize the effects of voluntary and involun-
tary eyeblinks on ICs contributing to EEG signals by wavelet-enhanced ICA to create
templates for eyeblink artifact removal from an observed EEG signal with a single-
electrode.
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(A) (B)

Nasion

Inion

Figure 4.1 (A) Measurement (gray circle), reference (yellow circle), and ground (green circle) positions
for EEG signals in this study. (B) A subject who equips g.tec according to placement order of (A)
additionally attached two electrodes around left eye for VEOG signal.

4.2 Materials and Methods

4.2.1 Data Recordings

In this study, EEG signals were recorded at 14 positions (Fpl, Fp2, F3, F4, T3, C3,
Cz, C4, T4, P3, Pz, P4, O1, and O2) according to the International 10-20 electrode
system [[44]. Active electrodes for EEG data were made of sintered Ag/Ag-Cl material
(g.tec Medical Engineering GmbH, Austria) and their metallic tips were attached to
the scalp. A VEOG signal was recorded from two surface Ag/Ag-Cl electrodes (Blue
Sensor P, Ambu Corp., Denmark) placed at the superior and inferior orbital rims of the
left eye (Figure B7T). Reference and ground electrodes were placed on the left mastoid
and Fpz, respectively. The EEG and EOG data were band-pass filtered from 0.5 Hz
and 60 Hz with a Butterworth filter with order seven and digitized at a sampling rate
of 256 Hz using g.USBamp. The first 5 s of recorded data is discarded. All electrodes
were pasted with an electrolyte, g. GAMMAgel, to reduce skin resistance.

Twenty subjects (14 males and 6 females, mean age: 22.75 + 1.45 years, 14 right
and 6 left eye dominants) participated in the experiments. All neuroimaging studies
and ensuring inferences aim to establish the observed effect as the typical or average
characteristics of a population. If the researcher could assemble infinite sample for the
study, the observed data would be the true distribution. However, it is unreasonable
to make researchers do the duty and there is no method for comparing the empirical
distribution function with the true distribution. In the field of neuroscience, it is consid-
ered that the actual critical number of subjects required in a conjunction analysis with
a less sensitive test, under the null hypothesis, is exceedingly small (Figure B22). The
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Figure 4.2 Plot of the critical number of subjects required in a conjunction analysis using a fixed-effect
model for a test with 5% specificity and a range of sensitivities (1.0, 0.9, 0.8, and 0.6) [320].

expected width of the 95% confident interval plays an important role in many of the
statistical indexes to show the plausible characteristics of a population [821]. Therefore,
I assembled twenty subjects for this study. No subjects had a history of sensorimotor,
ophthalmologic, or auditory abnormalities. All subjects were asked to read and sign
an informed consent approved by the Research Ethics Committee of Keio University
before participating the study. None of the subjects were permitted to wear eyeglasses

and all used canal-type earphones during the experiments.

4.2.2 Stimuli and Procedure

Each subject was seated in a dim room (mean illuminance: 188.95 + 24.50 Ix) in
front of a laptop PC. The distance between subject and display was roughly 60 cm,
and the third highest lightness-contrast was selected while displaying a cross-fixation
on the screen. During the experiments, the subject’s face was video recorded using a
tablet PC fixed to the frame of the monitor. The experimental procedure was written
in Matlab using the Psychophysics Toolbox extensions [822-324], as follows.
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Figure 4.3 (A) Diagram of a trial for a voluntary eyeblink. The 4-s epoch was used for analysis.
However, the entire period was used for calculating ICA spatial filtering. (B) Diagram of a trial for
involuntary eyeblink. The 4-s epoch, excluding the period indicated by the black star, was used for
analysis. However, the entire time period was also used for calculating ICA spatial filtering.

Exp. 1 (for voluntary eyeblink)

An audio file (Windows Background.wav, 55.0 dB), which is used as an alert sound
(a beep) in the Windows 8.1 operating system was used to obtain voluntary eyeblink
data. The task is simply to focus on a black cross-fixation in the center of the display
and to blink with both eyes within 1 s after the sound stimulus (see Figure B3 (A)).
The simple auditory stimulus was repeated for this experiment to avoid interference
with other eye-related potentials: (i) the occipital positive potential (the lambda wave)
that is an evoked potential based on the changed visual stimulus, which typically occurs
roughly 300 ms after the onset of a blink [325,826]; (ii) the cerebral potential caused
by the efference copy, which represents a process for the anticipation of the change
in the visual stimulus from the eye-movement [327]. In each of the experiments, the
subject was instructed to blink naturally, in addition to the prescribed blinks, and not
to blink stiffly or strongly, but instead, to simply react quickly. The datasets for each
subject consist of 3 sessions. Each session includes 20 trials; the next session is started
after a 60-s resting period to maintain ocular moisture. Whereas normal adults blink
every 3.0 s, a sound was presented every 5.0 or 6.0 s in a randomized order. In short,
subjects had to blink in a slightly unusual way. However, the presentation interval
was deliberately decided (as mentioned above) because I experimentally found that the
effects of eyeblink on EEG signals have continued their influence for 3.0-4.0 s.

61



4.3 Eyeblink Feature Extraction Scheme

Exp. 2 (for involuntary eyeblink)

Three sounds called “A” (440.0 Hz, 55.0 dB), “S” (554.0 Hz, 55.0 dB), and “D”
(659.0 Hz, 55.0 dB) were prepared to obtain involuntary eyeblink data. Ome of the
three sounds (in a randomized order) is presented for 1 s after 10-14 s. During the
experiments, subjects put their left fingertips (the ring finger, the middle finger, and
the index finger) on the “A”, “S” and “D” keys of the keyboard (see Figure (B)).
The subject presses the key corresponding to the associated sound after the sound
stimulus. Then, a feedback sound is presented to the subject in accordance with the
answer. After 20 trials, the rate of correct answers is shown on the display. In each of
the experiments, the subject was instructed to attempt to answer 90% of the full trials
correctly and to fix their eyes at the central black cross-fixation. There were no other
restrictions, meaning the subject could blink naturally (involuntarily). The datasets of
each subject consist of 3 sessions.

4.3 Eyeblink Feature Extraction Scheme

The InfoMax ICA algorithm [94] is employed as the signal separation scheme to
obtain ICs and relative projection strengths. Furthermore, double thresholds based on
indexes of modified Multiscale Sample Entropy (mMSE) and kurtosis are employed to
classify the ICs automatically as either neuronal or artifactual. Then, the identified
artifactual ICs are carefully purified using biorthogonal wavelets to extract eyeblink
features from the observed signals. Finally, the extracted features are used to assess
the effects of voluntary and involuntary eyeblink on ICs contributing to EEG signals.

4.3.1 ICA-based Signal Separation

The ICA algorithm already described in Chapter 3 jointly estimates the demixing
matrix W that defines the weights with which each estimated source is present in the
observed EEG data. The unknown demixing matrix W is a square P x P matrix. In
this study, the number of electrodes for EEG recording is 14; therefore, P = 14 . The
matrix gives the relative projection strengths of the respective ICs to each of the scalp
electrodes [I14]. There are several kinds of ICA algorithm for accuracy improvement
for source separation. I applied the logistic InfoMax ICA algorithm that has been
implemented using the runica function in the EEGLAB Matlab toolbox [I9] with its
default settings. This scheme separates the observed signals into the same number of
ICs (P=Q = 14).
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4.3 Eyeblink Feature Extraction Scheme

After ICA-based signal separation, each IC is suspended as an artifactual component
and identified as an artifactual or neuronal IC using concrete steps (visual inspection,
thresholding, and so on). Then, intrinsic (non-artifact) EEG signals and artifacts are

spuriously separated using the inverse ICA linear demixing process.

4.3.2 Eyeblink Artifactual Component Identification

ICA gives researchers the ability to investigate the plausible effects of eyeblink on ob-
served EEG signals based on the assumptions described in Chapter 3 and an assumption
that propagation delays through the mixing medium (i.e. brain, scalp, and body) are
negligible. Visual inspection of scalp topographies and correlation analysis of the IC
that has the highest correlation with the observed VEOG signal have been conducted
for identifying the ocular artifacts in ICs from observed EEG signals [232, P58, 265].
However, eyeblink artifacts are allocated to one or more ICs, meaning that the iden-
tification steps are sometimes not able to accurately select the correct components.
The issue has been solved by combining ICA with a wavelet transform [268]. The new
scheme automatically identifies artifactual components using double thresholds based
on the indexes of mMSE and kurtosis.
index quantifying the regularity and complexity of data. Given the p-th estimated 1C
{5,(n) : 1 < n < N} by logistic InfoMax ICA that has N, data points, the following
vector sequence is formed:

N

S = {8,(i), 8,(i + 1),..., 5, (i +m — 1)} — 3,00

(i=1,....N,—m+1), (4.1)

—_

3

5,0() :% " s+ ) (4.2)

J

Il
=)

where §,0(¢) and m are a baseline for generalization of the vector sequence and the
maximum length of epochs for matching templates, respectively. The minimum length
is set to 2 (i.e. m = 2). Despite the fact that the actual number of data points is N
(25,600 to 31,920 in the Exp.1 and 51,200 to 71,680 in the Exp.2), the first 10 s of data
(i.e. Ny =2,560) is used in this step.
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4.3 Eyeblink Feature Extraction Scheme

Then, the distance between two vectors is defined as

= d[Sr, Sy

(]

=, hax 135(1 + k) — 5,0(2) — (3,(j + h) — 5,0(5))|

<Z7j:177NS_m7 j%2)7 (43)
and the degree of similarity between vectors is defined using Eq. (4.1).

1
1+ exp[(dj} —0.5)/r]’

Dy = f(dg, ) =

o (4.4)
where 7 is the tolerance or the slope of the Sigmoid function. I set the value at 0.2 o3,
(r =0.2 x 03,). The input pattern assesses its belongingness to a given class using the
continuous boundary, instead of the Heaviside function [330]. Furthermore, functions B
and A, which are used to count m and (m + 1) template matches within the tolerance,
are defined as

Ns—m
m (. 1 N m
B(i) = N o_m_1 Z 'Dz’jv (4.5)
J=1, j#i
1 Ns—m
B = B (1 4.6
S =PI (46)
1 Ns—m
m(:\ __ m—i—l
A'r (Z)_ Ns—m—l,Z,D” ) (47)
J=1, j#i
1 Ng—m
Al = A (7). 4.
P N 2 A (43)

Finally, index of mMSE is defined by using negative natural logarithm of deviation
of B from A",

mMSE(m, r) = Nlim (In B —In AT"), (4.9)
mMSE(m,r, Ny) = — In(A"/B"). (4.10)

The index of mMSE with a 95% Confidence Interval (CI) of the mean in the Student’s
t-distribution is used for the threshold for detecting eyeblink artifactual ICs using the

following equation:
OmMSE

VN,
where mu\se, OmMsE, and ¢y, are the mean of mMSE, the standard deviation of mMSE,
and the index in the t-distribution with 13 degrees of freedom (N;y = p —1). An

Thresholdl = TMmMSE —

X t,, (4.11)
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4.3 Eyeblink Feature Extraction Scheme

artifactual IC is expected to have a value of mMSE that is less than that of a neuronal
IC.

One index of kurtosis is the fourth-order cumulant, which is used to characterize the
location and variability of data and is a measure of whether the variables are peaked
or flat relative to a Gaussian distribution.

kurtosis, = m,, — 3m>,, (4.12)

Mp, = ]E{(gp - mp1)c}7 (4'13)

where m,,, and m,, are the c-th order central moment of the variable and its mean of
the p-th IC. I calculated the kurtosis using the kurtosis function of Matlab for each
IC. Eyeblink activities can be effectively detected by combining this index with mMSE
because kurtosis is positive for peaked spasmodic activities [331]. Therefore, the index
of kurtosis with a 95% CI for the mean is used for the threshold to detect eyeblink
artifactual ICs based on the following equation:

OXurtosis
Thresholdy = Myurtosis — X tn,, 4.14
2 kurt \/Ws Nf ( )
where Mirtosis and Trurtosis are the mean and the standard deviation of kurtosis.
All of the ICs with mMSE and kurtosis values that are outside the double thresholds
are identified as eyeblink artifactual ICs.

4.3.3 Wavelet-enhanced ICA

There may be cases in which a contradiction occurs between the ICA assumption and
the neural patterns of activation because neural networks are often overlapping (not in-
dependent). ICs presenting artifactual activities obtained from the stimulus-presenting
analysis, especially in the event-related potential analysis, might have distinctive inter-
fering neuronal activities in the components. Discarding all components will lead to
losing of neuronal data in the ICA procedure. The wavelet-enhanced ICA algorithm
uses wavelet thresholding of ICs as an intermediate step. This step allows recovery of
substantial parts of the neural signal with artifacts and extraction of eyeblink artifactual
components from identified artifactual ICs, all of which is done automatically [272,319].
All identified artifactual ICs are passed to the following thresholding procedure.

1. The identified artifactual ICs s, are transformed into components of disjointed
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4.3 Eyeblink Feature Extraction Scheme

spectra (a matrix) instead of signals (vectors) via DWT.

W(a,b) = % / 5, (1) tus(n)dn, (4.15)
n—>ob

Yus = B2, (4.16)
where W (a,b) denotes the wavelet representation of §,(n) with a and b defining
the time-scale and location. Usually, the time-scale a and location b are defined
as a = 2! and b = k2! where [ and k denote the level of decompositions and
temporal localization at the level, respectively. DW'T must be applied to select the
mother wavelet and level of the decompositions. The mother wavelet and level of
decompositions were set to Daubechies-4 and five, respectively, implemented using
db4 in the li ftwave function of Matlab.

. If the wavelet coefficient W (a, b) of each level [ is lower than the wavelet threshold,
the coefficient will be set to W'(l, k) = 0. The threshold value is defined as

Threshold; = ov2InN, (4.17)

where

o median(|W(l, k)|)
B 0.6745 ’
estimates the magnitude of the neuronal wideband signal with a constant value of
0.6745, related to Gaussian noise [319], and N is the length of the data.
. Enhanced eyeblink artifactual ICs s, are reconstructed from the thresholded wavelet
coefficients W'(I, k) via inverse DWT.
. Fourteen-channel eyeblink artifacts in recorded EEG signals are reconstructed using

(4.18)

the inverse ICA linear demixing process.

4.3.4 Extracted Eyeblink Features

Figures B4 (A) and B3 (A) show an 8-s EEG signals that includes voluntary and

involuntary eyeblinks from subject data measured at 14 scalp positions. Two or three

eyeblink artifacts appear on all channels; frontal positions (e.g. Fpl, Fp2, F3, and F4)

show large eyeblink effects in the data. The ICA algorithm separated the contributions
of neuronal and artifactual components into 14 ICs [Figures B4 (B) and B3 (B)]. Each
IC was classified as either artifactual or neuronal on the basis of double thresholds and
indices of mMSE and kurtosis [Figures B4 (C) and B3 (C)] and blink-origin components
were extracted from the identified artifactual ICs via a wavelet threshold. The extracted

eyeblink features [Figures @4 (D) and B3 (D)] are used to assess the effects of voluntary
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Figure 4.4 Separation of EEG data including voluntary eyeblinks by wavelet-enhanced ICA. (A) An
8-s EEG signals. (B) ICs of the 14-channel signals. (C) Calculated kurtosis, mMSE (blue bars), and
thresholds (red dashed lines) with 95% CI for the mean for both markers in regard to 14 ICs. The first
IC was classified as an artifactual component using the markers. (D) Extracted voluntary eyeblink
features of 14-channel signals.

and involuntary eyeblink on ICs contributing to EEG signals.

4.4 Analysis of Epochs

As shown in the previous section, I obtained consecutive 14-channel eyeblink features
for 20 subjects.

Here, T also have consecutive VEOG signals. All channel features are separated
into 4-s epochs to obtain time-locked data. The scheme for separating the epoch is
determined from the VEOG signal. First, each observed EOG signal passes through a
Butterworth low-pass filter whose cutoff frequency is 8.0 Hz with order eleven, so as
to reduce the cerebral activities in the EOG signal [93,332]. Second, the first positive
peaks of blinks in the filtered EOG signal are detected using a hard threshold. The
threshold value was set to 50 ©V (common to all EOG signals). A value exceeding the
threshold is compared to the adjacent 50 sampling points (roughly + 0.20 s). In this
study, if the detected value is the highest in the range, the value is further classified
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Figure 4.5 Separation of EEG data including involuntary eyeblinks by wavelet-enhanced ICA. (A) An
8-s EEG signals. (B) ICs of the 14-channel signals. (C) Calculated kurtosis, mMSE (blue bars), and
thresholds (red dashed lines) with 95% CT for the mean for both markers for the 14 ICs. The first and
eighth ICs were classified as artifactual components based on the markers. (D) Extracted involuntary
eyeblink features of 14-channel signals.
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Figure 4.6 (A) Peak detection using a hard threshold (pink dashed line) and epoch selection by visual
inspection. Right two epochs are selected as exemplary signals that have only blinked effects in the
epochs. (B) A filtered VEOG signal (black dashed line) and extracted eyeblink features in EEG signals
(solid black lines) that first positive peaks of amplitude are aligned at time 0.25 s (64th sampling point).

as to whether it is an actual peak or not by visual inspection; then, it is identified as
the first positive peak of the blink. Third, 14-channel eyeblink features and a VEOG
signal are separated into 4-s epochs based on the point of maximum amplitude in the
EOG data. The point is located at the 64th sampling point (i.e. 0.25 s). An epoch as
defined above, is shown in Figure B8.
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4.4 Analysis of Epochs

Table 4.1 The number of epochs for voluntary and involuntary eyeblinks selected from each subject
by visual inspection for the following analysis.

Voluntary Involuntary Voluntary Involuntary Voluntary Involuntary
Sub. 01 40 22 Sub. 08 11 8 Sub. 15 35 33
Sub. 02 24 20 Sub. 09 32 15 Sub. 16 30 29
Sub. 03 35 40 Sub. 10 25 18 Sub. 17 24 15
Sub. 04 13 6 Sub. 11 13 11 Sub. 18 11 11
Sub. 05 25 18 Sub. 12 13 13 Sub. 19 18 11
Sub. 06 37 40 Sub. 13 26 23 Sub. 20 17 28
Sub. 07 17 13 Sub. 14 21 20 Total 467 394

In the Exp. 2, there is no restriction on the times and duration of blinks. Selecting
an exemplary signal that has only a blink effect in its own epoch is needed to compare
the voluntary eyeblink characteristics. It is hard to control conscious eyelid motion,
although each subject was instructed to blink only after cue presentation in the Exp.
1. Subject’s eyelids sometimes quivered convulsively during motion execution; there
were also instances in which two (or more) blinks were reflexively induced. Therefore,
the identified epochs were carefully selected as a dataset to avoid contaminating other
motions, e.g. eye movement and body motion based on video recordings and visual
inspections [see Figure B8 (A)]. The number of voluntary and involuntary eyeblink
epochs obtained from each subject and the total number of the epochs are presented in
Table E1. The amounts of data are uneven, however, the numerical range of differences
between voluntary and involuntary for each subject lies within £10, except for three
subjects (Sub. 01, Sub. 09, and Sub. 20).

The eyeblink artifacts contributing to EEG signals are characterized with their re-
spective epochs in the frequency-domain, time-frequency-domain, and time-domain. In
this study, I assessed the following three phenomena: (i) propagation effects across the
head (in a symmetrical fashion); (ii) power distributions; and (iii) overlapping dura-
tions.

In the frequency-domain analysis, Welch’s overlapped segment averaging estima-
tor [333], implemented using the pwelch function in Matlab with a Hamming window,
is performed to estimate the one-sided power spectral density. The window size, over-
lapping samples between adjoining sections, and number of Discrete Fourier Transform
(DFT) points were set to 512, 256, and 512 (frequency resolution: 0.50 Hz). The val-
ues of estimated power spectral density are averaged over the delta (0.5-4.0 Hz), theta
(4.0-8.0 Hz), alpha (8.0-13.0 Hz), and beta (13.0-30.0 Hz) bands. Moreover, the relative
power in each frequency band for 14-channel voluntary eyeblink features for 20 subjects
is separately compared with the relative power of involuntary eyeblink features.

In time-frequency-domain analysis, grand means of eyeblink features are used to
compute spectrograms, implemented using the spectrogram function in Matlab with
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Hamming window. The window size, overlapping samples, and number of DF'T points
were set at 32, 16, and 256. The log-transformed power distribution and overlapping
duration are investigated from the spectrogram.

Finally, the duration of eyeblink effect in the ICs (overlapping length of eyeblink
artifacts in EEG signal), and peak amplitude value of 14-channel eyeblink features are
separately computed to assess the effects of voluntary and involuntary eyeblinks on ICs
contributing to EEG signals in the time-domain analysis. The electrical potential caused
by eyeblink will reduce its impact on EEG signals by the reiteration of the positive-
negative inversion although the overall amount of discharge with eyeblink depends on
the subject and the manner of eyelid/eyeball movement [I09,834-336]. T experimentally
found that the effects continue their influence for 3.0-4.0 s. In other words, each electric
potential caused by an eyeblink crosses the zero points several times after passing the
first positive peak; then, the potential ceases to exist. Therefore, several zero-crossing
points and potential peaks are analyzed for the characterization of eyeblinks. The
number will be determined in the time-frequency-domain analysis.

4.5 Results and Discussion

In the Exp. 2, all but two subjects accomplished the criterion (90% of correct an-
swers). The instruction got each subject to tackle the experiments wholeheartedly;

therefore, all data were used in the analysis.

4.5.1 Frequency-domain Analysis

Figure B0 depicts the grand means of the estimated power spectral densities for
14-channel eyeblink features in EEG signals and the observed VEOG signals, used to
evaluate the differences among eyeblink features occurring under voluntary or involun-
tary control. The statistically significant results in the Student’s t-test for two blink
types are depicted together with the grand means in Figure B4 (the bolded asterisk and
N.S. indicate a significant difference and no significant difference, respectively, between
voluntary and involuntary eyeblink features in the frequency band). The significance
level was decided to be 1%; the results were computed for each frequency band and
each EEG channel.

For eyeblinks, all of the EEG channels have a power whose frequency range and
peak are less than 8.0 Hz and less than 4.0 Hz, respectively, for all eyeblink types.
The power decreased with increasing distance from the eyes, and the propagation of
activity proceeded along the anterior-posterior axis in a symmetrical fashion. These
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Figure 4.7 Grand means of estimated power spectral densities at a VEOG and 14 EEG channels eval-
uated for voluntary (solid black line) and involuntary (black dashed line) eyeblink features; significant
results at the 1% significance level are presented for the two blink types in each frequency band.

results support the existing literature: (i) the distorting effects of eyeblink artifacts
on the EEG are within the delta and theta bands [69, 70,90, 103, 337]; (ii) the electric
potentials (dipole projections) caused by eyeblinks decrease with increasing distance
between measurement points and eyes [89, 03, 838]; and (iii) the propagation effects
across the scalp present in a bilaterally symmetrical fashion [[71,339].

In the delta band, eyeblink features extracted from all channels presented significant
differences between voluntary and involuntary data. In the theta band, the eyeblink
features extracted from all channels, excluding the right anterior temporal and occipital
regions (T4, P3, Pz, P4, O1, and O2), presented significant differences. In contrast to
these bands, there was no significant difference in the alpha and beta bands in any
channels. In the real-world environment, whether an eyeblink is voluntary or involun-
tary is unknown. These results indicate that if an eyeblink artifact removal system had
been constructed from a training dataset that contained only voluntary or involuntary
eyeblink data, intrinsic EEG data might not be extricable from the observed EEG data
contaminated by eyeblink artifacts when applying the system, because there is a sig-
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Table 4.2 Averaged relative power of EEG signals measured from 14 scalp positions during voluntary
and involuntary eyeblinking across 20 subjects.

Delta (0.5-4.0 Hz) Theta (4.0-8.0 Hz) Alpha (8.0-13.0 Hz) Beta (13.0-30.0 Hz)

Voluntary  Involuntary Voluntary Involuntary Voluntary  Involuntary Voluntary  Involuntary
Fpl 0.9440.057 0.93£0.053 0.03£0.026  0.03+£0.022 0.01£0.013  0.01+£0.018 0.02£0.023  0.02+0.023
Fp2 0.9440.057 0.93£0.054 0.03£0.026  0.03+£0.022 0.01£0.013  0.01+£0.018 0.02£0.023  0.02+0.024
F3 0.944+0.057 0.93£0.053 0.03£0.026  0.03+£0.022 0.01£0.013  0.02+0.017 0.02£0.023  0.02+0.023
F4 0.9440.057 0.93£0.061 0.03£0.026  0.03+£0.023 0.01£0.014  0.02+0.024 0.02£0.023  0.02+0.028
T3 0.94£0.058 0.93+£0.066 0.03£0.026  0.03+£0.024 0.01£0.015  0.02+0.032 0.02£0.024  0.02+0.025
C3  0.944+0.061 0.93+0.067 0.03£0.032  0.03+£0.022 0.01£0.015  0.02+0.039 0.02£0.023  0.02+0.023
Cz  0.9440.058 0.92+0.073 0.03£0.026  0.03+£0.024 0.01£0.016  0.02+0.042 0.02£0.023  0.02+0.028
C4  0.9440.060 0.92+0.090 0.03£0.026  0.04+£0.026 0.01£0.020  0.02+0.055 0.02+0.024  0.02+0.034
T4 0.944+0.060 0.914+0.097 0.03£0.026  0.04+£0.032 0.01£0.019  0.02+0.047 0.02+0.024  0.03+£0.044
P3  0.94+0.062 0.924+0.101 0.03£0.028  0.03+£0.024 0.01£0.020  0.03+£0.074 0.02£0.024  0.02+0.026
Pz 0.93+0.063 0.91£0.101 0.03£0.027  0.04+£0.027 0.01£0.022  0.03+£0.079 0.02£0.025 0.02+0.032
P4 0.93£0.067 0.91+0.118 0.03£0.026  0.04+0.028 0.01£0.028  0.03+£0.083 0.02£0.025 0.03+0.037
01 0.93£0.069 0.90+0.137 0.03£0.027  0.04+£0.028 0.02£0.026  0.03%£0.092 0.02£0.027  0.03%0.046
02 0.93£0.063 0.91+£0.128 0.03£0.026  0.04+£0.032 0.01£0.020  0.03+£0.086 0.02£0.025 0.03%0.045

nificant difference between voluntary and involuntary eyeblink information in the delta
and theta bands.

Relative power in each frequency band and at each scalp position for voluntary and
involuntary eyeblink features for 20 subjects is listed in Table 2. Eyeblink features
were largely composed of frequency components in the delta band (over 0.90). In
both types, the eyeblink artifact propagated along the spherical layer of the head, from
anterior to posterior, with almost the same frequency composition. When I consider the
electrodynamic models for the ocular dipole field on the scalp in spherical coordinates,
the potentials generated by both eyes can be described as the scalar product of the
dipole moment, where the vector depends on that placement of electrodes [[/2,89,340).

According to the model, decaying power should occur for an electrode located in the
occipital region, because the dipole projection at the moment is lower than that of an
electrode placed near the eyes. However, no channel avoids the effects of eyeblink as
long as the scalp has some conductivity (zero conductivity is hard to realize), even if the
target signal derived from a source located in the occipital region. Therefore, removing
the ocular potentials from all recorded EEG channels is necessary, irrespective of the
installation site. Inter alia, research on the method of visual stimulus in the EEG
signal (such as steady-state visual evoked potential-based research) often selects only
the occipital region for EEG measurement positions [341,84%]. Prudent consideration
is needed to avoid eyeblink artifact contamination when the stimulus frequency used in
the research is low.
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4.5.2 Time-frequency-domain Analysis

Figure. B8 shows the grand means of spectrograms of the a VEOG and 14 EEG
channels to investigate the overlapping duration and frequency component of eyeblink
artifacts. Both eyeblink effects spread over all channels and exert a strong influence
on the frontal scalp positions from Fpl to F4. Although a similar trend of inversion
is apparent in both eyeblink types, the high discharged electrical quantity of voluntary
eyeblink made the eyeblink effect in EEG signals have a longer duration than that of
an involuntary eyeblink. As shown in the previous section, I could observe the effects
only in the delta and theta bands; however, in actuality, the eyeblink effect distorts the
EEG signals up to the alpha band immediately after a blink. The literature suggests
that the ocular activity might not be restricted to the lower frequency region [[71, 343];
the results of this study confirm this.

Both eyeblink effects decay rapidly after a blink and pass the zero-amplitude point.
Then, the power rises again to a maximum value. By repeating this inversion several
times, the power of the entire frequency band ceases to derive from EEG signals. For
Figure E28, two or three repetitions represented in the occipital region and other regions
represent four peaks in the spectrogram. In particular, the frontal region was polluted
for periods longer than other regions. The duration of the eyeblink effect in all channels
is from 2 to 4 s; it was proven that my intuitive assumption is, in essence, correct.
Moreover, the low-frequency power remained until the end of the effect, which means
that the power of the low-frequency band is colossal compared to the power of the
eyeblink effect as a whole (see Table E2).

In many studies proposing eyeblink artifact denoising techniques, 1-s epochs of EOG
data including the eyeblink section are mixed with recorded EEG data to create sim-
ulated datasets for performance verification [84,266], or raw EEG data, which shows
the effects of intentionally short and constant eyeblink intervals, is prepared for testing
data [261]. Preparing simulated datasets is needed for performance verification because
utilizing raw EEG data contaminated with eyeblink artifacts has the drawback that the
true EEG signal is unknown [344]. However, each eyeblink artifact maintains its effect
for 2 s in the EEG signals. Therefore, if researchers use epochs of EOG data including
the eyeblink section for making simulated datasets or raw EEG data, which shows the
effects of constant eyeblink intervals, they should use epochs of EOG data or sets with
the eyeblink intervals that are 4 s or longer (if the target position is the occipital region,
the lengths should be over 2 s). Otherwise, researchers will produce datasets that are
similar, but not realistic.
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Figure 4.8 (A) Grand means of spectrograms for VEOG and EEG channels for voluntary eyeblink

features.
features.

4.5.3 Time-domain Analysis

(B) Grand means of spectrograms for VEOG and EEG channels for involuntary eyeblink

Figure B9 shows the grand means and standard deviations of eyeblink features sepa-

rated into 8 sampling bins, the grand means of eyeblink features and markers indicating

potential peaks and zero-crossing points, plots of zero-crossing points, and a red line

indicating the first positive peak of an eyeblink feature. For visualization, I used epochs

at the Fpl electrode that is placed in the prefrontal region and is sensitive to eyeblink

effects. Voluntary eyeblinks had higher potentials and larger descriptions than invol-

untary eyeblinks [Figure B9 (A)]; therefore, the datasets of voluntary eyeblink features
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Figure 4.9 Comparison between voluntary (left column) and involuntary (right column) eyeblink fea-
tures in the time domain. Eyeblink features obtained at the Fpl position were selected for visualization
because the prefrontal area is nearest to the eyes and is most affected by eyeblink. (A) Grand means
and SDs of eyeblink features separated into 8 sampling bins. (B) Grand means of eyeblink features
and markers indicating potential peaks (pink circles) and zero-crossing points (gray x-marks). The
markers of each feature are presented in Tables B=3 and B4 to allow statistical comparison of the two
eyeblink types. (C) Plots of zero-crossing points and a red line indicating the first positive peak of an
eyeblink feature. The data is sorted based on the first zero-crossing points.

included large differences among individuals. On the other hand, the difference of zero-
crossing time between voluntary and involuntary was not significantly different [Figure
29 (B)]. However, by sorting the plots based on the first zero-crossing point, the plots
revealed an interesting eyeblink characteristic: the orchestrated crossing time is ex-
tended over a period of 500 ms after passing the third zero-amplitude point [Figure B9
()]

Because the differences in zero-crossing time could not be distinguished, the potential
peak and zero-crossing point in each channel were compared and tabulated in Tables

5
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Table 4.3 Averaged absolute value of amplitude (1V) and latency (s) of voluntary eyeblink data at
the first four potential peaks and zero-crossing points from the stimulus onset, respectively.

First Second Third Fourth

Peak (V)  Crossing (s) Peak (V)  Crossing (s) Peak (V) Crossing (s) Peak (uV) Crossing (s)
Fpl 146.45+40.2 0.33£0.021 109.344+49.6  0.7540.042 39.89+19.2  1.53+0.083 23.34+9.4  2.44+0.144
Fp2 145.894+40.0 0.33£0.021 109.11£48.7  0.7540.043 39.73+£18.6  1.53%+0.086 23.30+£9.3  2.42+0.160
F3 6194170 0.33£0.021 46.39+21.2  0.7540.043 16.97£8.4  1.53£0.087 9.954+4.2  2.4240.165
F4 61.12+£179 0.33£0.022 45.77+21.4  0.7540.043 16.72£8.6  1.52+0.090 9.86+4.4  2.4140.164
T3 29.9149.1 0.3340.021 22.61+11.9  0.7540.043 8.33£4.7 1.5240.094 4.9442.4  2.4140.161
C3  34.08+10.1  0.33£0.021 25.37+11.7  0.7540.045 9.36+4.8 1.524+0.092 5.50+2.4  2.404+0.170
Cz  32.58410.7  0.33£0.021 24.20+11.6  0.7540.043 8.92+4.9 1.5240.089 5.2842.5  2.4140.165
C4  3343+11.0 0.33£0.022 24.95+12.4  0.7540.043 9.1945.2 1.52+0.090 5.444+2.7  2.4140.169
T4  31.04£11.6  0.334+0.022 23.23+13.0  0.7540.043 8.55+£5.4  1.5240.096 5.09+2.9  2.4040.170
P3 23.02£7.7  0.33£0.021 17.0948.3  0.7540.043 6.31£3.5 1.52+0.087 - -
Pz 22.73£8.3  0.33£0.021 16.83+8.5  0.75+0.044 6.24+3.6 1.52+0.101 - -
P4 22.814£8.5  0.33+0.021 16.954+9.0  0.75+0.043 6.27+3.8 1.52+0.099 - -
01 15.11+6.6 0.33+£0.021 11.2446.7 0.75+0.043 4.19+£2.8 1.52+0.105 - -
02 14.6147.2 0.33+£0.021 10.8847.2 0.751+0.043 4.02+3.1 1.52+0.095 - -

Table 4.4 Averaged absolute value of amplitude (xV) and latency (s) of involuntary eyeblink data at

the first four potential peaks and zero-crossing points from the stimulus onset, respectively.

First Second Third Fourth

Peak (V)  Crossing (s) Peak (V) Crossing (s) Peak (¢V) Crossing (s) Peak (¢V) Crossing (s)
Fpl 109.04£30.1 0.33£0.011 77.13+£24.9  0.77£0.047 31.88+9.7  1.54+0.096 20.18+6.3  2.44+0.166
Fp2 109.04£28.4 0.33£0.011 77.35+£24.0  0.771+0.047 32.08+9.4  1.54+0.101 20.30+6.3  2.42+0.176
F3  45.69£12.1 0.33£0.011 32.48+10.8  0.77+0.047 13.47£4.3  1.55+0.099 8.58+2.9  2.4240.179
F4  4546+11.6 0.33£0.011 32.43+£10.6  0.77£0.048 13.60+4.3  1.54£0.101 8.744+3.0  2.4240.184
T3 21.3445.9 0.334£0.011 15.20£5.3  0.77£0.047 6.314+2.1 1.5440.103 4.09£1.6  2.4140.191
C3 24.854+6.8  0.33£0.011 17.67£6.0  0.77£0.047 7.37£2.5  1.54£0.100 4.79+1.9  2.4140.187
Cz 23.9846.6 0.334+0.011 17.13£5.8  0.77£0.048 7.24£2.5  1.54£0.106 4.76+2.0  2.424+0.186
C4 24.9046.7 0.33+0.011 17.86+£6.1  0.77+0.051 7.61£2.6  1.54£0.101 5.06+2.4  2.414+0.190
T4 23.5146.6 0.3340.012 16.94+£6.0  0.77£0.052 7.32£2.7  1.54£0.108 4.894+2.5  2.4140.193
P3 16.48+4.9 0.33+0.013 11.81+4.3  0.77£0.049 5.04+2.2  1.5440.106 - -
Pz 16.33£5.0 0.33+0.011 11.714+4.4  0.7740.050 5.06+2.4  1.53+0.119 - -
P4 16.69+£5.1 0.33+£0.011 12.05+4.6  0.76%0.053 5.2842.7  1.5240.129 - -
01 10.484+4.0 0.33+0.013 7.61£3.5 0.77+£0.053 3.46+2.4  1.5240.124 - -
02 10.484+4.0  0.33£0.012 7.61+3.5  0.7610.054 3.39+2.1  1.524+0.133 - -

A3 and B4. Four potential peaks and crossing points were analyzed in each channel;

however, only three peaks and points were analyzed in the occipital region, since the

effects in the regions had already ceased after passing the fourth zero-amplitude point.

All potential peaks and first and second zero-crossing points in all channels were signif-

icant at the 1% significance level when compared between voluntary and involuntary.

All peaks and points were at least 3 ¢V for both eyeblink types. Moreover, voluntary

eyeblink features had zero-crossing times rapidly, despite their high potentials.

Dry spots on the precorneal tear layer emerge 15 to 30 s after an eyeblink [87]; there-

fore, humans need a recurring cycle of eyeblinks to maintain the ocular moisture [the
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Figure 4.10 Schematic depiction of brainstem loci regarding movements of the eyelids based on data
described in the reference [I84,845-347). This figure is refereed to the reference [I93].

standard adult eyeblink rate is roughly twenty eyeblinks/min [88]]. The upper/lower
eyelid starts to move to the lower/upper eyelid with a high acceleration and reaches
a peak velocity of up to 280 mm/s within 70 ms [I71]. The eyelid movement is com-
pleted (zero velocity) from 100 to 150 ms; the reverse operation is accomplished more
leisurely; it lasts roughly 300 ms. The human eyelid closure is provoked by an electric
nerve stimulation of a region made up of the periaqueductal grey matter close to the
superior colliculus and the posterior commissure (Figure B10) [I84,193]. During each
eyeblink, the LPS muscle contracts, with a minor contribution from Miiller’s muscle
and the orbicularis oculi muscle [I87-189]. Nuclei of the posterior commissure control
the inhibitory modulation of LPS motor-neuronal activity except when the lid-eye co-
ordination disorders such as lid retraction caused by the dorsal midbrain syndrome,
parkinsonism, or progressive supranuclear palsy appear [195]. Spontaneous or induced
eyeblink causes the eyeball to act as an electric dipole, with corneal positivity and reti-
nal negativity [72], slightly moving up/down and inward regardless of whether the eyes
are natural or artificial [[73,74,09]. Using search coils, embedded in self-adhering scleral
annuli, in a magnetic field has revealed that restraining of the one eyelid in the open or
closed position dose not significantly alter the eye movements during eyeblinks [71];
thus, eye movement and eyelid movement are independent during an eyeblink. Further-
more, muscular movements persist even after removal of the eyeball [348]. Therefore,
the factors mentioned above produce electrical potentials after an eyeblink, and these
potentials are mixed with the respective potentials on the scalp in the EOG signal,
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4.6 Summary of Chapter 4

which can be observed using two electrodes placed on the superior and inferior orbital
rims of the eyes. However, a person who has a brain diseases like blepharospasm that
cause strong eyeblinking to clonic spasm to tonic spasm of the eyelids, or a blend of
all them would generate an electrical signal alien from the one generated from healthy
person [349, 350].

I described how eyelid and eyeball movements influence the electrical potential in
complex ways in preceding paragraph. The first positive potential is caused by combin-
ing up/down and inward eyeball movements (dipole rotation changing) and the sliding
In contrast to the stated blink motions, the first negative potential is caused by com-
bining the down/up and outward eyeball movements and inverse eyelid movement. The
third and fourth potential peaks (second positive and negative potentials) were caused
not only by the eyeblink potential occurring at right and left eyes respectively but also
each simultaneous potential and three-dimensional diffusion, similar to circular wave
patterns in the brain. In my opinion, the diffused potentials would pile up at a spe-
cific point within the cranium, and the magnified potential would reach each electrode.
However, it is known that EEG signals generated from mammal brains have high spa-
tiotemporal complexity and that the cortical connectivity is very highly weighted toward
short (< 500 V) connections, which means that neuronal activities spread through a
contiguous cortical region with a high attenuation penalty, based on the distance from
sources [215-217]. The ICA algorithm accomplishes source separation of EEG signals
because of these dynamics [104]. The attenuation penalty with increasing distance may
affect the genuineness of our supposition; nevertheless, the propagation path of the
EOG potential does not determine whether the EOG penalty coefficient is identical to
that of the EEG. Therefore, this is simply my opinion.

4.6 Summary of Chapter 4

In this chapter, the effect of voluntary and involuntary eyeblinks on ICs contributing
to EEG signals was characterized for creating templates of eyeblink artifact rejection
from observed EEG signals with single-channel electrode. Fourteen EEG signals and
one VEOG signal have been registered for twenty healthy subjects during two dif-
ferent experiments, which prompted subjects to blink voluntarily and involuntarily.
Wavelet-enhanced ICA with two markers (mMSE and kurtosis) was employed as a
source-separation and feature extraction scheme. The extracted eyeblink features were
separated into epochs and analyzed in the frequency, time-frequency, and time domains.

The extracted eyeblink features confirmed three characteristics reported in the litera-
ture: (i) the distorting effects of eyeblink artifacts on the EEG are within the delta and
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4.6 Summary of Chapter 4

theta bands; (ii) electric potentials (dipole projections) caused by eyeblinks decrease
with increasing distance between measurement points and eyes; and (iii) the propaga-
tion effects across the scalp present in a bilaterally symmetrical fashion. Furthermore,
additional characteristics were found: (i) eyeblink features obtained from all channels
presented significant differences between voluntary and involuntary; (ii) eyeblink effects
continue to have an influence on EEG signals for 3.0 to 4.0 s (in the occipital region,
2.0 s); and (iii) these effects cease to exist after the zero-crossing point four (in the
occipital region: two) times, for both eyeblink types.

Eyeblink artifactual contamination, which inevitably occurs with EEG applications,
should be rejected from recorded EEG signals to allow precise diagnosis and system
construction. The differences among the effects of voluntary and involuntary eyeblink in
EEG signals were shown in this study. These results and dataset are helpful for making
templates of eyeblink artifact rejection from observed EEG signals with a single-channel
electrode as prior information because the dataset is enough to trust in a distribution
of eyebkink effects on EEG signal. In Chapter 5, the eyeblink distribution will be used

as a priori information for eyeblink artifact removal from single-channel EEG signals.
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Chapter 5

AN EYEBLINK ARTIFACT REMOVAL
SCHEME FOR SINGLE-CHANNEL
ELECTROENCEPHALOGRAPHIC

SIGNALS USING PRIOR
INFORMATION OF EYEBLINK
DISTRIBUTION

5.1 Introduction and Objectives

Although a certain amount of researchers tends to select wavelet or EMD-based ICA
(my empirical knowledge) over recent periods, there is no ‘gold-standard’ scheme for
single-channel EEG device (linear regression is used for a multi-channel device because
the scheme needs reference channel). All of the existing schemes for single-channel EEG
signals without the band(high)-pass filtering have still required additional information
or technique: (i) reference channel (e.g. EOG channel); (ii) automatic component iden-
tification; and (iii) automatic epoch detection (see Chapter 3 Section 2). These draw-
backs complicate the design of EEG measurement and increase the burden of manual
operation. Also, comprehensively comparing all schemes over the same datasets had
never been achieved because the artifact removal scheme for single-channel EEG sig-
nals has been attracted attention in nearly five years and a benchmark dataset for the
development of removal schemes has not existed long enough in the field of biological
signal processing. Therefore, the efficiency depends on the original and highly confi-
dential dataset of respective literature. Such background leads to confusion or taking
researchers’ time and makes the selection of scheme difficult.

To clearly articulate the overall picture of artifact removal and overcome the draw-
backs, in this chapter, I propose a section-based eyeblink artifact removal scheme by
using supervised tensor factorization which has four beneficial properties: (i) auto-
matic epoch detection; (ii) high signal separation accuracy; (iii) automatic separated
component identification and signal reconstruction; and (iv) small number of arbitrary
parameters.

The objective of this chapter is to explain the proposed scheme, to compare its

efficiency for eyeblink artifact removal with eight schemes (linear regression, band-pass
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filtering, adaptive filtering, WICA, EMD-ICA, EEMD-ICA, CEEMD-ICA, and 2-step

NMF) with a common dataset, and to verify its efficiency for real-life data.

5.2 Materials

5.2.1 Data Recordings

The conditions of recordings are the same as Chapter 4 Section 2 Subsection 1 except
for one measurement position. In this study, I selected Fz instead of Cz. Fifteen males
and five females (mean age: 22.85 4+ 1.42 years) demonstrated the experiments. Five
persons (Sub. 03, Sub. 05, Sub. 07, Sub. 08, and Sub. 19) are the same in Chapter 4,
but this experiment was conducted on more than one-year ago. The relation between
aging and pronounced changes in the dopamine system is well known [351]. From early
to later adulthood, both D; and D, receptor densities have decreased themselves with
the rate of decline being just below 10% per decade [352,B853]. In addition, age-related
decline in the dopamine transporter which is a commonly used presynaptic marker has
been observed by postmortem studies [354,355] and the losses means that reuptake of
dopamine from the synapse to the presynaptic neuron will not be controlled little by
little [B56]. Therefore, I handled these data as completely different things. No subjects
had a history of sensorimotor, ophthalmologic, or auditory abnormality. All subjects
were asked to read and sign an informed consent approved by the Research Ethics
Committee of Keio University before participating the research. There is no restriction
on equipment for an eyeglasses including contact lenses.

5.2.2 Stimuli and Procedure

Each subject who had already equipped the EEG device on the head was asked to
seat on a chair and stay in the position for several seconds. A few seconds later, a
metronome begins to sound every 5 s. The subject blinks ten times by both eyes to
the sound of the metronome. In each of the experiment, the subject was instructed to
watch a laptop PC that display shows a cross-fixation. The datasets for each subject
consist of 1 session of 55 s (10 trials plus 5 s margin). The first 5 s of recorded data
is discarded; therefore, the length of each data is 50 s (10,240 data points). Through
the experiments, 14-channel EEG and VEOG signals of twenty subjects were observed.
The dataset has 200 eyeblinks in total. Observed signals regarding Fpl position were
extracted as a target because an electrode of this post is placed in the left prefrontal
area where is nearest to the left eye. In other words, the observed signals from Fpl
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Figure 5.1 (A) A continuous observed Fpl signal, artifact-free Fpl signal, and artifact estimated by
logistic InfoMax ICA. (B) A 4-s epoch.

position are essentially fragile to eyeblink artifacts. Moreover, the position has been
chosen as a key measurement point for single-channel EEG device [I'T8,857]; therefore,
I chose Fpl signals as a target. A continuous observed Fpl signal, artifact-free Fpl
signal, and artifact estimated by logistic InfoMax ICA with 14-channel data are shown
in Figure bl. Extracted 4-s epochs of artifact-free Fpl signals and artifacts will be
treated as correct data for comparison of eyeblink artifact removal schemes.

5.3 Positive Semi-definite Tensor Factorization

In my proposed scheme, PSDTF is employed to factorize input data X. PSDTF
decomposes N PSD matrices (tensors) as a conic sums of K PSD matrices in time
domain [317]. How to decompose elements on PSDTF is presented as follow.

Let’s suppose given a three-mode tensor X = [X;, Xy, -, Xy| € RM*M*N " where
M and N are the width of matrix and number of matrix in the dataset. Each slice
X, € RM*M ig a real symmetric PSD matrix. This algorithm approximates each PSD
matrix X, by a convex combination of PSD matrices {V;}1_, (K basis matrices).

K
def
X, ~ Y Viwp, €Y, (5.1)
k=1
where wy,, > 0 is a weight at the n-th slice. It can be rewritten as

K
XzZ%@wk Uy, (5.2)
k=1

where ® denotes the Kronecker product.
In order to find good approximate factorization (low reconstruction error), the Log-
Determinant (LD) divergence [858] which is a kind of the Bregman matrix divergence

82



5.3 Positive Semi-definite Tensor Factorization

[359] given by
Dip(X, | Y,) = —log| X, )Y, | + tr(X, Y, ') — M, (5.3)

is selected for the algorithm of PSDTF. The LD divergence is always non-negative and is
zero if and only if X,, =Y,,. This algorithm employs Multiplicative Update (MU) rules
[B12] to minimize the divergence as cost function C(X|Y) = 3, Drp(X,,|Y,) and to es-
timate unknown variables W = [wy, ..., wg| € RN and V = [Vi, ..., V] € RM*MxK,
The variables W and V' are imposed on non-negativity and positive semidefiniteness
constraint, respectively.

Minimizing the cost function C(X|Y') is not analytically tractable problem. Hence,
an auxiliary function approach [B12] in terms of Y indirectly derives the MU rules
for minimizing the cost function. The following update rule relevant to activation

coefficients wy,, monotonically decreases the total auxiliary function.

Wi.n Wik n — ) :
" " tr(Y, V4)

where the non-negativity of W is ensured because of that the number used to multiply
W, 1S non-negative.
On the other hand, an equation relevant to basis matrix V} is obtained as follows:

Vi.P, Vi = V;°4Q,.Vv;.°, (5.5)

old

where V;.°¢ indicates before updating the (current) values of V.. PSD matrices P} and

Q. are given by

N

Pk = Z wkz,nYnila (56)
n=1
N

Qk = Zwk,nYnil-XnYnil‘ (57)
n=1

An update rule with regard to V4 is derived from Eq. (5.5) under the Cholesky de-
composition Q. = L, LT where L; is a lower triangular matrix.

Vi « ViLy(L,"Vi,P,V,L,) :L," W, (5.8)

where the positive semidefiniteness of V}, is ensured because of that a real matrix A is
said to be positive semidefinite if and only if A = ZZ7 is ensured for some real matrix
Z.
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5.4 Proposed Scheme

The explain of my proposed scheme is wordiness; thus, it is summarized in Figure
652. This scheme can be separated into four sections; (i) contaminated epoch detection
and extraction, (ii) tensor calculation, (iii) tensor factorization (supervised PSDTF),
and (iv) signal reconstruction and replacement.

5.4.1 Contaminated Epoch Extraction

Before applying PSDTF, an epoch which has been contaminated by eyeblink artifact
must be detected for tensor calculation. Three step algorithm employed statistical rules
for automatic epoch detection and extraction. Firstly, Eyeblink Master Library [306]
which can detect eyeblink artifacts contaminated zone from single prefrontal channel
EEG signal with variable size moving the window and the summation of the first-order
derivatives within the sliding window, was used. The local minimum and maximum
within the range should be the same, and if a range fully included in another range,
the included range will be discarded. In this thesis, the minimum, maximum window
lengths, and predetermined threshold are set to 24 data points (about 94 ms), 56 data
points (about 220 ms), and 75 uV.

However, there is no universal threshold for all subjects because each person has
different size of eyeball and amount of exercise-induced muscular. It has been evidence
to suggest that the electrical potential has a different distribution from that due to
vertical ocular ration [334-336] and the movements of eye lid [T0Y]. Therefore, the
second positive peak caused by an eyeblink is occasionally incorrectly equated to first
positive peak of the eyeblink. Here, I focused on the speed of amplitude convergence
caused by an eyeblink. For Chapter 4, I have known a characteristic of eyeblink artifact
that the first zero-crossing point after an eyeblink is within 0.10 s (25 data points), and
the duration has been found no significant difference between voluntary and involuntary.

For this reason, peak amplitude in the zone was sifted by using a fixed threshold on
1b

the second step. I set the value of the threshold 6, that is equivalent to tan™" ., where
a and b indicate amplitude and data points, at 18.43 degree to judge whether the peak
amplitude is first positive peak caused by an eyeblink or not. If the value is highest in
the range and the angle is within 18.43 degree, the value is identified as the actual peak
amplitude (see Figure b3).

Finally, an observed signal @,y is separated into ten 4-s epochs gpocn according to

the point of peak amplitude. The point locates on 64th data point (0.25 s).
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Figure 5.2 Proposed overall eyeblink artifact removal scheme for a subject.
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Figure 5.3 (A) Detected contaminated zones. (B) Actual peak amplitudes marked with red boxes
judged by a fixed threshold in the second step of contaminated epoch extraction.

5.4.2 Tensor Calculation

The extracted epochs of one subject gpocn Will be changed to three-mode tensor:
XEpoch = [TEpoch1 TEpochl 5 - - - » TEpoch NEEpochN | € RM>MxN (5.9)

Their diagonal components are equivalent to square value of the epochs (Figure 64).
Thus, each slice Xgpoenn € R*M is an auto-covariance matrix and a real symmetric
PSD matrix. In this research, the width of matrix and number of matrix in the dataset
for one subject are 1,024 (256 Hz multiplied by 4 s) and ; therefore, M = 1,024 and
N =10.

5.4.3 Prior Information Conveying in Basis and Factorization

My goal is to factorize a given mixture PSD matrix (Xgpoen) into the sum of K source
PSD matrices and to lead EEG PSD matrices (Xggrg) from the mixture PSD matrix. If
specific bases Vj have been characterized as eyeblink artifacts, other matrices are able
to express EEG components. This idea is the same as 2-step NMF.

In processing the input data Xgpoen, 40 voluntary and involuntary eyeblink data
averaged over trials that number depends on each subject described in Chapter 4 and
19 eyeblink data averaged over 10 trials of each subject with the exception of 1 subject
described in Chapter 5, are used as a prior information in this scheme. The three-
mode tensor data which contains 59 samples had been already factorized into Vga and
Wga on the supervised PSDTF algorithm. Obtained bases Vga express voluntary and
involuntary eyeblinks. In this thesis, the number of bases Kga and iteration of MU
algorithm are set as 5 and 200, experimentally.

Generally, the default values of basis matrix and activation value (%(0) and w,(fjl)
are based on specifying prior distributions (in PSDTF algorithm, PSD matrix V}, and
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Figure 5.4 Visualization of tensor calculation from an extracted epoch.

nonnegative value wy,,, are initialized by placing Wishart and gamma priors [318]).

Vi ~ W(vo, Vo), (5.10)
Wign ~ g(a(b b0)7 (511)

where: vy and Vj are the Degree Of Freedom (DOF') and scale of matrix of the Wishart
distribution, ag and by are the shape and rate parameters of the gamma distribution.

There is the assumption that the given PSD matrix (input data) {Xgpoenn A, is
independently Wishart distributed:

K
VXEpochn‘va ~ W(Vaz‘/;ewk,n)a (512)
k=1

where v is also a DOF of the Wishart distribution. It is important to bear in mind that
E[Xgpoch n)] = Yy, and M[Xgpoch n] = v=M-1ly where M[-] is the mode operator. If the

v

DOF is overwhelmingly larger than the width (v > M), the mode operator regarding
the input data will be approximated as a reconstruction matrix (M[Xgpochn] = Y5).
Meanwhile, the DOF is smaller than the width (v < M); the input data will be rank-
deficient. Still, the distribution boils down to an exponential distribution when the
DOF and width are tantamount to 1 (v = M = 1). The log-likelihood of the input
data can be expressed as:

v—M-—1
lOg p(XEpoch n‘n) = C<V> + T log’XEpoch n’

- % log|Y,,| — g tr(Xppoch n Y, ) | (5.13)
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Figure 5.5 Observation tensor Xgpoch and reconstruction tensor Y. The tensor Xgpoch was approxi-
mately factorized into basis tensors V' and activation vectors w by supervised PSDTF.

where the first and second terms are constant; therefore, the maximization of the likeli-
hood p(Xgpoch n|Yn) = I (Xepoch n|Yn) regarding Y is equivalent to the minimize the
cost function C(X|Y) = X, Drp(X,|Y,). In brief, this technique is based on proba-
bilistic model and MU algorithm, and can be functionally extended from finite model to
nonparametric Bayesian model (I handle finite model in this thesis). The default values
are randomly generated according to Wishart or gamma distribution, and then up-
dated by the MU rules in a regular PSDTF algorithm. When an input tensor Xgpoch n
is factorized into V' and W, the elements of V' does not routinely have relation to
elements of Vga. In the supervised PSDTF processing, the elements of Vga is used
as default and fixed values that means these values split off from the MU algorithm.
For this constraint, the matrix Vggg can express only EEG components using its Kggg
PSD matrices, I assumed that (Figure BH). Alternatively, activation elements Wy
are variable value on the processing. The number of bases Kggg and iteration of MU
algorithm are set as 5 and 30 according to the reference [360].
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5.4.4 Eyeblink Artifact Removal and Signal Reconstruction

After passing through the processes, EEG signal and artifacts estimated by the pro-
posed scheme are reconstructed from the following equations:

Kga Kpa+Kgec -1
iEAn = (Z ‘/;cwk,n> ( Z ‘/;fwk,n> LEpoch n (514)
k=1 k=1
Kea+KEEG Kea+KgrG -1
iEEGn = ( Z ‘/kwk,n) ( Z ‘/;ka,n> LEpoch n - (515>
k=1

k=Kga+1

Above Eqgs. make it possible to reconstruct signals in time-domain only with observed
single-channel epochs @gpoen. The estimated artifact-free EEG signal would supplant
the observed signals based on a marker obtained by the step of epoch identification.
This section has no necessary to detect or identify factorized component because I
have already known each base has artifactual or neuronal component. That means this

section achieved automatic artifact removal and signal reconstruction.

5.5 Efficiency Metrics

To measure how much eyeblink artifact has been estimated and how much recon-
structed artifact-free EEG signal has been similar to the reference signal (estimated
by logistic InfoMax ICA), I use Signal-to-Noise Ratio (SNR) and Mean Square Error
(MSE) as following equations:

2

o4
SNR == 1010g10 —IE}?QOY EA 5 (516)
1 NPoint
MSE = e(n)?, (5.17)
NPoint 1
where
e(n) = TEEG or A (1) — TEEG or EA by 1CA(T). (5.18)

In this experiments, the number of data points Npgy is calculated by 10,240.
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5.6 Results and Discussion

5.6.1 Eyeblink Features in Bases

Basis matrices (Vi ~ Vi) factorized by my proposed scheme are shown in Figure
64 (A). First five bases (V; ~ Vj) were the results of the prior information in the
supervised PSDTF algorithm. Other five bases (Vi ~ Vi) were additional results of
my scheme.

The first five bases has high value on bottom left in all of their components. The
electrical potentials seen with eyeblink are thought to involve a mix of factors (e.g.
changes in the orientation of the corneoretinal potential difference [361], the movement
of the eyelid [109,834-836]). Therefore, the energy (waveform) is not always fixed. In
addition, the amount of electricity also depends on the strength of the levator palpebrae
superioris muscle. In other words, each electric potential of eyeblink is difference.
Nevertheless, I have already investigated the pattern of the electric potential and the
distribution in Chapter 4, components that are within 1.5 s after an eyeblink have
significant presence in the first five bases. The distorting effects of eyeblink artifact on
the EEG cease to exist after the zero-crossing point four times. If an epoch including the
effect of an eyeblink will be changed to three-more tensor based on calculation of auto-
covariance matrix, the observed EEG epoch likely to be seriously abused by electrical
potential generated from an eyeblink. The orchestrated crossing time is extended over
a period of 500 ms after passing the third zero-amplitude point (see Figure B9). These
features imply that the eyeblink artifact among subjects regardless of eyeblink type
(voluntary or involuntary) can be comprehended by initiative three zero-crossing in
potential to express eyeblink artifact in the database.

On the other hand, Kggg basis matrices in Vggg(Vs ~ Vip) indicate no distinctive
feature. The EEG signal depends on the lead fields which is a vector filed in a vol-
ume conductor; this field is the pattern of sensitivity of an EEG to sources at various
locations and orientations in the volume conductor [340]. Furthermore, the signal re-
flects the summation of excitatory or inhibitory postsynaptic potentials in the most
superficial layers of the cortex. In the other words, there is no specific waveform in
the EEG because synaptic transmissions of the apical dendrites are not activated while
the person was provided no stimulus. In this experiments, the subjects only blinked;
therefore, supervised PSDTF extracted above-mentioned features for EEG components.
The meaning of that there is no distinctive feature can replace that there is no artifact
in the data. Here, I show factorized PSD matrices with regular PSDTF which applied
its algorithm to factorize input data into ten bases, in Figure B8 (B). This figure vi-
sually revealed that regular PSDTF algorithm (simple factorization) can not extract
EEG components, but distribute eyeblink artifact to all bases. The supervised PSDTF

can extract EEG features from contaminated single-channel EEG signals because it is
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Figure 5.6 (A) Estimated artifact PSD matrices (upper row) and other PSD matrices (bottom row)
by proposed scheme. (B) Factorized PSD matrices with no constraint.

natural that EEG signal included a feature only of eyeblink artifact.

5.6.2 Quantitative Evaluation

The results of efficiency metrics in regard to artifact-free EEG signals and estimated
artifacts are shown in Figure b0 and Tables b01- b4. In the figure, nine schemes
including proposed scheme are separated into groups by four categories: (i) regres-
sion (black); (ii) filtering (blue); (iii) ICA-based (green); and (iv) section-based (red).
Red lines lying in boxes, black lines, and red crosses are median values, maximum or
minimum adjacent values, and outliner values based on the interquartile range.

Linear regression and adaptive filtering can automatically remove eyeblink artifact
with astonishing performance and high-speed processing if the parameters have already
been optimized. However, one or more reference channels that are synchronized with
the target channel must be required to make the output as close as possible to some
desired response. The limitation on the convergence factor and filter order of the
filtering method is that it cannot remove eyeblink artifacts as much as eye movement
when the reference channel has the distortion of phase [280].
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Figure 5.7 Quantitative performance evaluation of eyeblink artifact removal schemes (Linear Re-
gression (LR), Band-pass Filtering (BF), Adaptive Filtering (AF), Wavelet-ICA (WICA), EMD-ICA,
EEMD-ICA, CEEMD-ICA, 2-step NMF, and supervised PSDTF (Proposed)). (A) Estimated artifact-
free EEG signal visualized by SNR. (B) Estimated eyeblink artifact visualized by SNR. (C) Estimated
artifact-free EEG signal visualized by MSE. (D) Estimated eyeblink artifact visualized by MSE.

Table 5.1 Estimation performance of artifact-free EEG signal for nine schemes verified by SNR (dB).
The results are reported for each subject separately and averaged over 10 trials.

LR BF AF WICA EMD-ICA EEMD-ICA CEEMD-ICA 2-step NMF  Proposed
Sub. 01  7.2542.44  1.07£0.43 10.13+2.77 1.05+0.38 0.58+0.21  1.2940.30 1.1240.29 2.48+0.71  4.14+1.82
Sub. 02 15.01£0.89 0.99£0.33 16.83£2.94 -0.02+0.67 0.57+0.20  0.72+0.29 1.06+0.34 1.2940.51  5.65£0.89
Sub. 03 9.63+0.64 0.71+0.15 10.34£0.79 0.70£0.14 0.79+0.25  0.8040.22 0.75£0.15 1.67+0.38  2.264+1.49
Sub. 04 10.43+0.66 0.76+£0.12 10.39+1.52 0.77+£0.14 0.78+0.19  0.87£0.21 0.74+£0.12 2.15+0.45  3.03£1.72
Sub. 05 2.784+1.22  0.18£0.13  2.70£1.55 -0.01£0.29 0.09+0.06  0.11£0.09 0.15£0.10 0.2740.90  -0.60+1.54
Sub. 06 6.244+1.46 1.49+0.37 11.76+2.44 1.39£0.33 1.77+0.37  1.7340.38 2.09+0.42 4.654+0.83  5.67£1.97
Sub. 07 5.3242.29  0.71£0.35 10.04+1.62 0.57+0.32 0.41+0.20  0.77£0.49 0.78+0.37 1.52+0.77  3.99+£1.13
Sub. 08  6.33£1.68  2.59+0.64 18.28%+4.65 1.36+0.39 2.62+0.69  3.11£0.83 3.07£0.93 3.77+1.70  6.2842.29
Sub. 09 4.13+1.20 2.38+0.51 16.95+1.75 2.17£0.49 2.16+0.47  2.5740.56 2.41£0.52 3.134+0.66  4.23+1.12
Sub. 10 16.79+1.51 0.77£0.21 17.474+2.32 0.65+0.18 0.46+0.13  0.82+0.25 0.83£0.23 1.544+0.44  3.44+£0.83
Sub. 11 9.3941.22  1.58+0.53 8.67+£1.36 1.45+0.43 1.44+0.48  1.2240.42 1.1140.38 3.054+0.88  3.23+2.73
Sub. 12 0.444+1.00 0.57+0.13  8.99+2.31  0.40£0.47 0.65+0.22  0.8540.24 0.67£0.16 1.56+0.59  3.1440.63
Sub. 13 -2.45+3.36 -0.10+£0.07 -0.2840.13 -0.0540.09 -0.1140.13 -0.12+0.07 -0.1640.10 0.32£0.74  -0.64£0.89
Sub. 14 4.7342.05  0.29£0.17 10.77£1.84 0.28+0.27 0.35+0.24  0.21£0.13 0.33£0.19 0.96£0.62  2.0240.95
Sub. 15 6.93+0.56  1.96+0.32  6.72+£0.69 1.54£0.39 1.67+0.40  2.0840.32 2.01£0.32 2.75£0.47  2.2840.98
Sub. 16 3.1942.32  0.75+£0.17  4.74+£2.74  0.71+£0.19 1.46+0.13  2.61£0.77 2.39+0.49 1.70+0.23  2.57+£1.48
Sub. 17 5.4642.57  0.95£0.29 10.914+2.45 0.79+0.31 0.60+0.20  0.67+0.41 0.97£0.30 1.394+0.38  1.61£1.51
Sub. 18  8.4440.93 1.40+0.28 11.81£3.21 1.37£0.27 1.50+0.39  1.9840.42 2.08+0.42 3.884+0.25  5.48+1.71
Sub. 19 10.25+0.81 0.37£0.07  9.71+£1.23  0.38+0.14 0.36+0.10  0.32+0.07 0.37£0.09 1.87+0.91  5.184+0.91
Sub. 20 9.764+0.95 0.58+0.29  7.94+2.28 0.57+0.25 0.83+£0.33  1.00£0.32 0.94+0.43 2.16+0.58  3.59£1.46
All 7.00£4.70  1.00+0.76  10.24£5.12  0.804£0.66  0.954+0.77  1.18+0.95 1.194£0.92 2.10£1.32  3.33+£2.34

ICA-based schemes has about the same performance of band-pass filtering (see Figure

577). Unfortunately, the assumption of ICA-based schemes is that each component such
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Table 5.2 Estimation performance of eyeblink artifact for nine schemes verified by SNR (dB). The
results are reported for each subject separately and averaged over 10 trials.

LR BF AF WICA EMD-ICA EEMD-ICA CEEMD-ICA 2-step NMF  Proposed
Sub. 01 18.28+2.68 13.2541.24 21.15+3.37 12.45£1.39 11.60+£1.40 12.3041.46 12.1441.43 12.30£1.51  15.15£2.70
Sub. 02 28.67+1.36 14.104+0.93 30.49+£2.91 13.71+1.26 14.23+1.01 14.37+1.02 14.71£1.02 14.29£1.00 19.30%£1.43
Sub. 03 22.50+0.41 14.304+1.33 23.21£0.83 14.174+0.97 13.67+0.87 13.6940.87 13.62£0.85 13.64£0.90  15.13%£1.52
Sub. 04 23.41+0.57 14.40£1.23 23.37£1.32 14.32+0.95 13.76+0.87 13.8640.87 13.7240.85 14.34+0.91  16.00£1.93
Sub. 05 20.60+£1.46 17.164+1.90 20.52+1.76 17.52+1.42 17.924+1.59 17.954+1.60 17.98+1.61 18.17£1.55 17.22+1.90
Sub. 06 14.22+1.18 11.04%+1.75 19.74+£3.21 9.96+1.81  9.75+£1.92  9.72+1.79 10.07£1.65 10.94£1.84 13.63%£1.29
Sub. 07 18.75+£1.05 14.34+2.15 23.47+2.43 14.34£2.67 13.84+£2.70 14.2142.42 14.214+2.67 14.75+2.51  17.41£2.17
Sub. 08 13.58+0.18 10.434+2.28 25.52+4.09 9.38+1.87  9.86+2.12  10.354+2.24 10.31£2.18 12.11£2.09 13.51+2.51
Sub. 09 14.39+0.18 12.8241.68 27.21£2.05 12.69+1.46 12.424+1.53 12.83%+1.58 12.67£1.56 12.30£1.56  14.48%1.85
Sub. 10 29.25+1.57 12.91+1.71 29.93+2.75 13.254£1.68 12.91+1.67 13.284+1.73 13.28%+1.72 13.2841.75  15.88+1.49
Sub. 11 22.64+1.83 14.69+1.70 21.92+1.36 14.89+2.11 14.694+2.13 14.47+2.16 14.36+2.16 15.28+2.08 16.47£18.5
Sub. 12 12.1940.21 12.854+1.13 20.74£2.02 12.414+1.13 12.414+1.04 12.614+1.05 12.4241.03 12.96£1.07  14.89%0.74
Sub. 13 8.05+2.19 10.4742.99 10.22+3.18 10.40+3.09 10.39+3.16 10.384+3.15 10.34+3.14 10.614+3.16  9.86+2.80
Sub. 14 19.25+0.86 14.53+2.40 25.30+£2.80 14.764+2.60 14.87+£2.78 14.74+2.61 14.85+2.76 15.29+£3.00 16.54%2.08
Sub. 15 21.02+£1.11 15.974+1.07 20.81£1.21 15.96+1.19 15.7540.95 16.1741.09 16.10£1.10 16.01£1.15  16.35%1.28
Sub. 16 14.15+£1.72 13.714£1.68 15.71+£2.37 12.12+1.74 12.42+1.62 13.58+1.81 13.36+1.54 11.76+1.68  13.47+1.11
Sub. 17 17.16+0.38 12.4542.79 22.61£2.66 12.55+2.78 12.314+2.85 12.384+2.68 12.68+2.89 12.53+£2.91  13.30%£2.50
Sub. 18 12.56+0.64 6.18+£1.08 15.93£2.98 5.87£1.10 5.62+£1.08  6.09£1.10 6.20£1.17 6.22+£1.20  9.60£2.05
Sub. 19 22.80+£1.53 12.83+£2.11 22.26+2.78 13.14+£2.12 12.91+2.12 12.874+2.16 12.9242.15 13774+ 2.21  17.7442.69
Sub. 20 20.61+2.21 12.2442.76 18.79+£4.29 11.71+2.52 11.684+2.54 11.8642.57 11.7842.45 12.02£2.64 14.43+2.96
All 18.70£5.53 13.034£2.90 21.944+5.29 12.78£3.08 12.654+3.11 12.8943.05 12.89+3.04 13.13£3.04  15.01£3.04

Table 5.3 Estimation performance of artifact-free EEG signal for nine schemes verified by MSE (uV?).
The results are reported for each subject separately and averaged over 10 trials.

LR BF AF WICA EMD-ICA EEMD-ICA  CEEMD-ICA  2-step NMF Proposed
Sub. 01  13.40£11.60 46.89+9.52 7.44£7.48 47.17£9.79 57.45£11.10  44.88£10.00  46.49+10.23  34.10£7.67 24.31+£8.60
Sub. 02 1.10£0.18 27.95£6.03 0.96£1.12 35.1446.84 30.6316.00 37.73£7.59 27.5446.07 26.261+6.29 9.82+3.21

Sub. 03 12.53+£3.17 97.26£24.18 10.82+£3.65 97.31+£23.91 96.274£24.42  100.96£22.97  96.37£23.97  78.37£20.54  75.36£47.27
Sub. 04 9.31£2.53 85.43+£19.97 9.58+3.47 85.19£19.97  85.03+19.25 117.05£18.71  85.95£19.55  62.37£15.68  58.81+45.82
Sub. 05 28.16+6.18 54.27424.03 28.71+6.43 56.04+£22.09  55.15£23.55  55.35424.05  54.61+£23.79  53.73£25.20  79.02+86.43
Sub. 06  28.174£10.19  82.06+20.14 8.87£6.19 83.79£19.83  76.69£18.37  78.05%18.65 69.9448.92 39.51+9.37 35.12£23.75
Sub. 07 20.274+8.24 54.01£9.18 6.90£4.00 55.76+9.45 57.72+£9.13 55.92+9.28 53.11£9.02 45.24+10.42 25.79£6.19
Sub. 08 18.27+7.45 40.95+8.26 2.02+3.54 54.23+10.50 40.9949.37 36.63+8.29 36.72+6.76  35.884+23.69  23.63£28.90
Sub. 09 42.724+10.01  63.45+11.99 2.33£1.08 66.59£12.15  66.75£12.04  62.53£10.71  63.97£12.22  53.57£10.37  42.59+13.88
Sub. 10 0.87£0.26 34.74+9.22 0.83£0.62 35.58+8.82 37.15+9.22 47.62+9.05 34.33+9.37 29.12+£7.91 18.8645.62
Sub. 11 9.86+1.25 60.56+13.11 11.86+2.94 62.36+13.42  63.14+15.63  69.50+16.07  73.81+£17.09 43.124+9.45 47.48+27.90
Sub. 12 58.03+18.48  54.94+12.27 9.01£6.12 56.83£10.50  54.09£12.66  52.354+12.75  53.87+12.51  44.52£12.77 30.74£7.98
Sub. 13 339.80+185.14 196.76+£98.63 205.444102.65 195.50+£100.64 197.18+98.20 198.58+98.91 199.04+98.74 172.29+74.12 221.014+104.60
Sub. 20.89£7.11 67.72+47.62 5.97+4.22 67.58+47.23  67.12+47.49  79.26+49.44  66.57+46.98  59.61+44.15  42.81+26.11
Sub. 15 33.2944.09 105.79£21.89  35.014+4.86 117.15£26.44  113.98422.52 313.50430.83 134.66+£21.50 89.13£22.71  100.11+£27.46
Sub. 16  128.72+72.83 205.36£42.75  96.294+82.13  207.55444.90 173.84+32.37 268.58+39.76 157.63+36.45 164.98+35.28 141.38+61.25
Sub. 17 25.39+14.02  75.74455.65 7.40£5.38 78.134+55.83  81.48+£57.90  86.73+54.26  76.47+55.34  69.87£53.64  59.174+23.22
Sub. 18 11.56£2.02 58.70+10.85 6.39+4.22 59.09+£10.60 57.214+9.66 54.824+9.53 51.7949.88 33.01+4.95 24.45%+10.39
Sub. 19 5.64+0.71 55.62+10.74 6.79+2.92 55.61+£11.04  55.744+10.67  56.51+10.91  55.63+£10.71 39.27+6.51 18.70£5.35
Sub. 20 14.824+4.14 121.56£29.19  25.78420.01 121.48428.50  114.734+27.53 110.474+28.14 111.83£26.10  85.74£27.31 64.14£25.61
All 41.14£85.50  79.49%56.01 24.42454.58 81.91+£55.74  79.12451.87  96.35480.94  77.52+52.32  62.98+47.59  57.591+62.12

—
'S

as disjoint spectrum or mode is independent (if the two signals which have the same
frequency component were mixed, such feature identifies as same signal); therefore, I
expected ICA-based and band-pass filtering cannot completely separate intrinsic EEG
components and artifacts. As I speculated, the thorough rejection of each frequency
band would lead to collapse of artifact-free EEG signal. No matter how much the
artifact estimation has successfully been completed, artifact rejection belongs in the
preprocessing in the EEG system; therefore, it’s quite meaningless when the artifact-
free EEG signal has been distorted by artifact removal scheme.
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Table 5.4 Estimation performance of eyeblink artifact for nine schemes verified by MSE (uV?2). The
results are reported for each subject separately and averaged over 10 trials.

LR BF AF WICA EMD-ICA EEMD-ICA  CEEMD-ICA  2-step NMF Proposed
Sub. 01 13.40+11.60 36.01+8.05 7.4447.48 43.14£8.39  57.45+11.10  44.96+9.99 46.49+10.23 44.81+9.36 24.37£8.61
Sub. 02 1.10£0.18 31.72+6.63 0.96£1.12 34.62+7.07 30.6316.00 37.78£7.60 27.5446.07 30.18+5.97 9.844£3.22
Sub. 03 12.53+3.17 82.72+21.60 10.8243.65 84.63+£19.27  96.27£24.42 100.71£23.07  96.374+23.97  95.85£23.06  75.46+47.33
Sub. 04 9.31£2.53 73.21£15.49 9.58+3.47 74.52415.62  85.03£19.25 116.84+18.77 85.95+19.55  74.74+18.60  58.94446.02
Sub. 05 28.16+6.18 63.37£17.61 28.71+6.43 59.20£21.23  55.15£23.55  55.10£23.93  54.61£23.79  52.36£23.54  79.09£86.31
Sub. 06  28.174+10.19  56.83+12.39 8.87+6.19 73.09£16.58  76.69£18.37  77.95£18.67  69.94+8.92 57.87+£11.49  35.23+23.84
Sub. 07 20.27+8.24 52.09+£11.76 6.90£4.00 51.67+9.16 57.72+9.13 55.8449.27 53.114+9.02 47.22+10.27 25.824+6.18
Sub. 08 18.27£7.45 35.87£7.89 2.0243.54 45.33£8.78 40.994£9.37 36.63£8.31 36.721+6.76 24.85£7.57 23.69129.00
Sub. 09 42.72410.01 61.09+13.18 2.33£1.08 62.41£9.89  66.75+12.04  62.48+10.79  63.97£12.22  68.60+13.29  42.67+13.86
Sub. 10 0.87+0.26 37.324+9.88 0.83+0.62 34.3448.52 37.15+9.22 47.58+9.07 34.33+9.37 34.27+9.06 18.89+5.60
Sub. 11 9.86£1.25 62.20£12.09 11.8642.94 59.36£11.55  63.14£15.63  69.48+£16.08  73.81£17.09  54.96+13.26  47.58£27.96
Sub. 12 58.03+18.48  48.93+11.74 9.01£6.12 53.53+£9.16  54.09+12.66  52.26+12.75  53.87£12.51  47.93+12.77 30.75£7.97
Sub. 13 339.80+185.14 191.44493.29 205.444+102.65 195.724+96.15 197.18498.20 198.394+98.80 199.03+98.74 187.68+94.03 220.96+104.59
Sub. 14 20.89+£7.11 68.54£39.06 5.9744.22 68.36+£48.73  67.12+£47.49  79.17£49.49  66.57£46.98  62.884+47.14  42.84+£26.13
Sub. 15 33.29+4.09 109.02£29.94  35.01+4.86 108.68+24.75 113.98422.52 313.24+30.82 134.66+21.50 107.12£23.47 100.41427.54
Sub. 16 128.72+£72.83  130.654+30.86  96.29+82.13  187.70+£42.83 173.84+32.37 268.24+40.02 157.63+36.45 202.46+38.48 141.90+62.04
Sub. 17 25.394+14.02  77.68+52.54 7.4045.38 76.85+£54.51  81.48+57.90  86.58£54.17  76.47£55.34  78.31£57.49  59.29+£23.28
Sub. 18 11.5642.02 50.16+£7.75 6.39+4.22 54.13+£10.44  57.2149.66 54.794+9.55 51.79+9.88 49.86+8.41 24.46+10.38
Sub. 19 5.6440.71 56.82+11.48 6.79+£2.92 52.80+9.75 55.744+10.67  56.43+10.92  55.63+10.71 45.994+9.78 18.66+5.34
Sub. 20 14.8244.14 100.00£20.21  25.78£20.01  113.68£27.16 114.73£27.53 110.27£28.10 111.834+26.10 106.21425.74  64.18425.53
All 41.14£85.50  71.284+46.66 ~ 24.42+£54.58  76.694+52.93  79.124+51.87  96.24+80.87  77.52£52.32  73.71+£ 55.16  57.68+62.20

In 2-step NMF already optimized the numbers of bases K; = 15, K5 = 15 and used
same database of prior information, it showed relatively high performance among nine
schemes. By importing automatic epoch detection method as the proposed scheme,
development of 2-step NMF would be promised. My proposed scheme outperformed all
of existing schemes when there is only single-channel data. In both cases, the estimation
of artifact-free EEG signal and eyeblink artifact, supervised PSDTF has significantly
outperformed the accuracy of 2-step NMF (P < .001). Much less the outlier values
(stable operation) than other schemes appeared in the proposed scheme.

Unsupervised learning algorithms with multi-channel data use statistical relationships
between the signals to decompose artifacts by estimation of demixing matrix W. The
reconstructed signal would include other channel’s information. On the estimation of
artifact-free EEG signal, it was impossible to estimate the component only using the
single-channel scheme. Therefore, the two types of signals (Zgrgpg and Zgpg by 1ca) Will
not ever be the same. However, my proposed scheme could factorize single-channel
data with good approximation in the time domain (see Figure. b7). The supervised
tensor (matrix) factorization stores the blind features embedded in epochs, into some
bases and manages the activation. The extremely workable performance should come
in useful scheme for single-channel EEG signal analysis.
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5.6 Results and Discussion

Table 5.5 Processing time (s) for signal separation or all procedures.

Separation All Separation All
LR 0.008+£0.003 0.008+0.003 | EMD-ICA 4.67643.361 -
BF 0.0064+0.001  0.006+0.001 | EEMD-ICA  1342.4874908.349 -
AF 0.1164+0.004 0.116+0.004 | CEEMD-ICA  968.788+566.404 -
wICA  0.628£0.759 - 2-step NMF 6.53046.982 -
Proposed 2620.863+£64.921  2621.448+387.754

5.6.3 Computational Cost

The computational costs to complete signal separation process and all procedure are
tabulated in Table B3A. The results of all procedure regarding ICA-based schemes and
2-step NMF' are in blank because they need a manual operation. The PC environment
is follows: Windows 10 64 bit; CPU, Inter(R) Core(TM) i7-4510U CPU 2.00 GHz;
RAM, 8.00 GB.

For this results, it noticed that EEMD-ICA, CEEMD-ICA, and proposed scheme
need overwhelming cost. It cannot be avoidable because of their repetitive or complex
algorithms. EEMD-ICA generates a lot of signals by adding different realizations of
Gaussian white noise of finite variance to the original signal to perform the EMD over
an ensemble of the input data for “true” IMF components. In this thesis, the ensemble
size I = 500; therefore, this algorithm have to decompose signals 500 times. No wonder
the computational cost of EEMD-ICA has 500-fold larger than EMD-ICA. Although
CEEMD-ICA provides an improvement regarding computational cost of the sifting
iterations of the EEMD-ICA, ICA-based schemes cannot be said for sure.

Linear regression, band-pass filtering, and adaptive filtering might operate eyeblink
artifact rejection in real-time processing system. However, linear regression and adap-
tive filtering require reference channel; therefore, these schemes have no way of operation
in the real-time processing system using single-channel EEG device.

Supervised PSDTF showed excellent performance for eyeblink artifact removal. On
the other hand, it needs higher computational cost than matrix factorization because
of its complex calculation for tensor factorization. The computational cost of PSDTF
(O(KNM?)) depends on the width of matrix M than NMF (O(KNM)) 312,362 364].
Downsampling to 64 Hz makes the cost one sixty-fourth; however, real-time processing
is obviously difficult. While an fast-acting algorithm computing auto-covariance matrix
has been developed, my proposed scheme would be powerful tool for eyeblink artifact

removal in off-line processing.
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Figure 5.8 Results of average SNRs between the reference signals and estimated signals by 2-step
NMF (A) artifact-free signal. (B) estimated artifact.

5.6.4 Optimal Number of Iterations and Basis

I have already validated how many number of iterations are optimal for tensor fac-
torization in eyeblink artifact removal [B60]. The cost function C(X|Y") has been fully-
converged single the number of iterations exceeded about 20 to 30. I recommend setting
number of iterations as 30.

By contrast, the optimization of the number of basis is pretty difficult because the
facile choosing the number leads directly to lost sparsity of tensor (matrix) factoriza-
tion [B65-367]. The performance of approximation increases approximately linearly
with increasing the number of bases due to the space to express various patterns in the
input data [368,869]. In this study, I had already applied 2-step NMF before applying
proposed scheme. Usually, the optimization of arbitrary parameters in tensor factoriza-
tion will be specified by matrix factorization algorithm with brute-force search because
tensor factorization takes a lot of time [B18,370,871]. Figure b8 summarizes the results
and compares them to brute-force search with the setting the values of Kga and Kgga
as 2 to 64 and 2 to 64, respectively. For this results, I obtained experimental knowledge
that the performance of approximation algorithm depends on the factorization of prior
information. In my opinion, the continuous quality improvement process of approxima-
tion by NMF has converged if Kga exceeds 5. Therefore, I set the number of basis Kga
as 5. The points which seems to be outliers mean the local solutions of reconstructed
matrix. Multiplicative update rules are subject to the initial values and the perfor-
mance is sometimes whimsical even if they are generated from appropriate probability
distributions. Applying decomposition algorithms like PCA and singular value decom-
position that maximize informational orthogonality between bases of observed matrix
can effectively evade the initial-value problem [372,873]. It’s kind of late to bring this
up now, the rank should be set to be equal to the number of classes of the dataset
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Figure 5.9 (A) A continuous observed Fpl signal, artifact-free Fpl signals estimated by four schemes,
and artifact estimated by proposed scheme. (B) A 4-s epoch. (C) A 2-s epoch.

by clustering algorithm regardless of whether agglomerative or partitional [B74-B76].
However, my proposed scheme showed best accuracy among schemes using only single-
channel data with 10 bases; therefore this scheme has reasonable efficacy to remove
eyeblink artifact for single-channel EEG devices (see Figure 59).

As noted earlier in Chapter 5 Section 4 Subsection 3, Bayesian model handles its
infinite extension (K — o00). By the model changing, this scheme would be extended
to more high-accuracy and high-speed scheme in the future.

5.7 Summary of Chapter.5

In this chapter, a section-based eyeblink artifact removal scheme by using supervised
tensor factorization was proposed for single-channel EEG (Fpl) signal. Fourteen EEG
signals and one VEOG signal have been registered for twenty healthy subjects who blink
every 5 s according to metronomic sounds. PSDTF with supervised learning algorithm
was employed as an eyeblink artifact removal scheme using only single-channel data.
The estimated artifact-free EEG signals into real-life data are compared with eight
schemes to verify the efficiency of proposed scheme.

As a result, the highest SNR (dB) and lowest MSE (1V?) were obtained by proposed
scheme among nine schemes except for linear regression and adaptive filter which need
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5.7 Summary of Chapter.5

reference channel. Each basis could express prior information and extract EEG feature
from contaminated single-channel EEG signal. This scheme has an ability of automatic
processing; therefore, all you have to input single-channel data and the number of
bases K to obtain artifact-free EEG signal. Making a summary of my proposed scheme
above, this scheme has four beneficial properties: (i) automatic epoch detection; (ii)
high signal separation accuracy; (iii) automatic separated component identification and
signal reconstruction; and (iv) small number of arbitrary parameters (the number of
bases Kga is a sole arbitrary parameter). Therefore, a useful eyeblink artifact removal
scheme for single-channel EEG signals was proposed. Reduction of computational cost
is the main future work.

In this chapter, I described eyeblink artifact removal scheme thus far. If the research
completed proposing a scheme, it will declare that my research has been accomplished.
This kind of research will have second thoughts about new scheme and does not continue
to investigate its efficiency for real-life data obtained from the real environment. It must
be noted that artifact removal scheme is nothing more than one of the preprocessing
algorithms of EEG system. The proposed scheme will not always be effective if it does
not improve the performance of outputs. In Chapter 6, the proposed scheme will be
applied to actual single-channel EEG analysis to valid its efficiency for single-channel
EEG system, indirectly. The analytical accuracy would be compared with the efficiency
without eyeblink artifact removal scheme.
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Chapter 0

A STUDY OF PATTERN
RECOGNITION IN CHILDREN USING
SINGLE-CHANNEL
ELECTROENCEPHALOGRAM

6.1 Introduction and Objectives

EEG has been used to define neural patterns and to adjust the wide applicability to a
larger population of healthy and diseased users. Specialized EEG devices have recently
developed as for compact and portable measurement system using them in a real envi-
ronment. Owing to the development, researchers can avert behavioral constraint and
pressure overload of regular EEG measurement device from subjects. The concern over
a new target that was encountering difficulties of implementation has risen along with
such background.

Meanwhile, dual-income households who leave their children in nursery schools have
been increasing because the law related to child-rearing is nor similar to the United
Stated in Japan [377]. Such parents are not able to grasp their children’ behavior in
daily life. Therefore, many parents take thought for their children. Since quite a while

In particular, several types of research which analyze child behavior and discriminate
the child conditions using image data taken from digital cameras has been proceeded
to solve the parents’ distress in Japan. Some nursery schools currently provide the
child behavioral information taken from digital cameras in their parents. However,
it is difficult to acquire the child behavioral information from the digital devices at
anytime, anywhere. Furthermore, there is a problem of privacy since digital devices
take a movie which mirrors not related to the target (Figure B (A)). Thereby, the
parent needs another method which can take information from the specific target at
anytime, anywhere.

There are many reports in the research literature of behavioral and psychophysiologi-
cal correlates of the temperamental patterns in early childhood (before a child would be

99



6.1 Introduction and Objectives
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Figure 6.1 (A) Child behavioral information from a digital device. (B) The difficulty of gathering
children’ internal states from appearance.

mental condition is well-liked. In particular, knowledge gained through books has been
considered to be as a factor behind the development of a child’s sense of self [384,3%5].
Such factor and an aim to communicate with their children lead the parents to read
picture books to their children. For eliciting a good response in the development of
the sense and their communication, it is imperative to know what type of picture book
is liked by the children. Understanding a child liking by listening to the child talking
is difficult as an absence of vocabulary since he/she is less than six years old (Figure
B0 (B)). Recently, research of EEG signals has been revealed that frontal lobes of the
brain have relation to human emotions [886,887]. In the research, frontal EEG activity
is described as a useful measure to explain and predict state and trait.

Under such background, single-channel EEG analysis for children with specialized
EEG device has recently been attracted attention [388]. Changing the infant central
rhythm (the emergence of 3 - 5 Hz) to the classical adult alpha rhythm (the 8 - 12
Hz frequency range) is accompanied by growth [38Y]. It can be observed in a weaker
form at other locations on the scalp, although the classical adult alpha rhythm is most
pronounced at occipital and parietal positions. Therefore, a system including a database
that contains only adult data may not produce enough performance for children because
the patterns of children’ brain activities are different from adults’ one.

Usually, an EEG analysis for children has a purpose: (i) anatomical abnormality iden-
tification [890], (ii) long-term follow-up care of medicative or operative treatment [B91],
or (iii) construction of diagnosis system [892]. In other words, it is obvious that the
subject suffers from a disease, and multi-channel EEG device must be used for measure-
ments. Nevertheless, the knowledge of EEG has become popular than before through
the intermediary of TV and internet; an EEG measurement still has been had an impres-
sion of tumid from that keeps shunting healthy children away from the measurement.
Over time, EEG measurement for healthy children has waxed coming closer to reality
due to the specialized EEG devices. If there is an estimation system of multiple inter-
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nal states (e.g. emotions) with EEG through a specialized EEG device, it would be a
powerful tool for neuroscience studies, clinical applications, long-term watching system,
and education for children. Here, I focus an internal state, concentration, as the target
of this study because it is often thought of as a key factor in proceeding development
corresponding to the child and supporting ability improvement of the child smoothly
would be realized. Furthermore, the quantification is so good at using classification be-
tween stable and unstable state that the algorithm would be beneficial for unsupervised
anomaly detection in the framework of child care system.

The objective of this chapter is to classify two classes (meditation and concentration)
in children by using single-channel EEG signals and to indirectly verify the practical
efficiency of the proposed eyeblink artifact removal scheme.

6.2 Materials

6.2.1 Single-channel Electroencephalographic Recordings

Specialized EEG device would often be mistaken for a toy (see Figure [2); therefore,
there are some risk factors that breakage of the device and physical damage occurred
through the spread of the parts of the device. By considering such factors, EEG signals
were recorded using multi-channel device g.tec (Medical Engineering GmbH, Austria).
The cap gives much discomfort to the children on the EEG measurement; therefore, a
disposable electrode, Blue Sensor P (Ambu Corp., Denmark) attached to an Fpl posi-
tion according to the international 10-20 system was used for the recordings. Reference
and ground electrodes were put at A1 and Fpz, respectively. For removing some noises
such as wire movements and swallowing vibrations, Butterworth digital band-pass filters
were set as 0.5 to 60 Hz with a sampling rate of 256 Hz.

The experiments were conducted in a nursery school where I have frequented there
one or two days on every week for over three years. Hence, the experimenter fits in the
school, and every child naturally participates in the experiment. No child teases the
subject when he/she is equipping EEG device. If a child without the subject occurred a
problem such as physical altercation and hot temper, the measurement was abandoned.
After experiments, double-check safety inspections were conducted using movie and
visualized observed EEG data in off-line processing to remove bad data contaminated
a critical noise which obscures EEG components in the observed data. Consequently,
data of four male and six female (mean age: 4.18 £+ 1.17 years) has no problem with
analysis although eight male and eight female nursery school children participated the
experiments.
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Figure 6.2 (A) Trial for recording EEG in watching picture-story show. (B) Diagram of a trial for
recording EEG in watching picture-story show.

All parents of participators received informed consent with their children and per-
mitted it before their participation. Regardless of whether the parents accept the
participant or not, all children who are the classmate of the subject will be called to
join a reading picture-story show in the hope of avoiding an awkward relationship that
would be a cause of a quarrel.

6.2.2 Measurement Procedure

In this experiment, each subject was asked to sit on a mat and keep resting state or
watch a picture-story show as the condition of meditation and concentration. I have to
note that if the subject were the quite type, an experimenter would not need to take
measures, however, it’s not going to work that way. I have already known that most of
the children will get several antsy seconds after starting the experiment. Therefore, the
subject firstly sat on a mat in a room with the experimenter and a classmate and was
recorded EEG signal with eyes open for five minutes as a class of meditation. In this
measurement, the subject and the classmate were heading to the same direction and
played a competition: who keeps silent longer, you or your friend? I put a tablet PC
in the center of children and said to children, “Don’t mess with your friend and make
a fuss, if you do that, I will go back to my home without reading picture-story show,
but... there may be no need to worry because you are mature for your age.” After this
measurement, I complimented children on the serious attitude, “Good on you!”

All classmates will come in the room to watch the picture-story show. As for the
concentration in children, almost all the studies define the state of concentration as
keeping watching a target such as pop-out toy [395-897|0 In this study, I defined the
state of concentration as keeping watching picture-story show. The subject sits in the
front row and the center for the display (Figure 62 (A)). The procedure of experiments
is indicated in Figure B2 (B). In each experiment, I presented different picture-story
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Figure 6.3 (A) A continuous 120-s observed Fpl1 signal, artifact-free Fpl signal, and artifact estimated
by supervised PSDTF. (B) A 4-s epoch randomly extracted from a continuous signal.

show which takes two to five minutes, and every experiment was recorded though movie
by tablet PC. By using the movie with visual inspection, I checked whether a subject
could keep watching the picture-story show or not during the experiment.

6.3 Analytical Methods

6.3.1 EyeBlink Artifact Removal

On the pre-processing step, I used my proposed scheme described in Chapter 5 to
remove eyeblink artifact from single-channel data. The number of bases Kga, Kgra,
and iteration of MU algorithm are set as 5, 5, and 200. These parameters are the same
of the setting in Chapter 5. In addition, other parameters such as windows lengths
and predetermined threshold for contaminated epoch extraction are also the same of
the setting in Chapter 5. Figure 623 indicates a continuous 120-s observed Fpl signal,
artifact-free Fpl signal, and artifact estimated by supervised PSDTF with database
that contains 36 subjects’ data.

6.3.2 Feature Extraction

In this study, amplitude spectrum was calculated on each feature extraction method.
I selected Fourier transform, wavelet transform, and EMD as the method. Initial two-
minute-long EEG signals were extracted from obtained each data (meditation and con-
centration) because the shortest duration of a picture-story show is two minutes. In
selecting a feature for the classification of the system, the time scale and shift amount
are important factors. This study aims to construct real-time processing in the future;
therefore, eight patterns described in Table Bl were selected as the scale and amount
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Table 6.1 Window and shifting size combinations and total number of data for elastic net logistic
regression.

Pattern Window size Shifting size Overlap (s) Total number of data

1 256 256 0 2,400
2 256 128 0.5 4,820
3 256 64 0.75 9,660
4 512 512 0 1,200
5 512 384 0.5 1,620
6 512 256 1 2,420
7 512 128 1.5 4,860
8 512 64 1.75 9,740

for classification. The detail of transform conditions whose features will be used as
inputs in the elastic net logistic regression are described following sections.

Fourier Transform

Fourier transform is a most famous method to characterize a signal’s frequency con-
tent in terms of a weighted superposition of the elementary oscillatory function [395].
This method can capture effective EEG features from the original signal when the signal
has periodic features. The fast Fourier transform algorithm has become like a tradi-
tional method of the EEG signal analysis. The signal defined over a finite time interval
of a window function would be converted into a complex exponential function or a sinu-
soidal function. I performed short-time Fourier transform for 1-s epochs or 0.5-s epochs
(Hamming window, 0 to 87.5% overlap); the frequency resolution is 1 Hz or 0.5 Hz. The
Fourier spectra ranged 1 to 30 Hz were extracted and transformed to amplitude spectra.
Therefore, extracted features by Fourier transform has 30-dimensions (Patterns 1 to 3)

or 60-dimensions (Patterns 4 to 8).

Wavelet Transform

Wavelet transform is a versatile signal processing tool to find non-stationary features.
This method displays great ability to capture transient EEG features [399]. Wavelet
coefficients were obtained by lifting-based DWT [d00]. In wavelet transform processing,
mother wavelet and level of the transform have to be selected. For this study, the
function and the level were set to Daubechies-4 and five, respectively. Daubechies’
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wavelet family [A01] is designed with the maximum regularity or smoothness and has
often been selected for EEG signal analysis with experimental knowledge [59, Z07].
Thus, decomposed coefficients of wavelet transform correspond to the range of clinical
and physiological interests: (i) D3 (16-32 Hz, beta band); (ii) D4 (8-16 Hz, alpha band);
(iii) D5 (4-8 Hz, theta band); and A5 (0-4 Hz, delta band) [I5].

The four local detail and one approximation coefficients were extracted and trans-
formed into wavelet amplitude spectra. These spectra have frequency and time informa-
tion; they were further converted into five indices (mean, variance, skewness, kurtosis,
and integral values). Skewness is distribution’s deviation from a perfectly symmetrical
shape. Kurtosis is general peakedness of distribution. Therefore, all extracted features
by wavelet transform have 20-dimensions (4 coefficients x 5 indices).

Empirical Mode Decomposition

EMD is a data-driven processing tool and adaptive to nonlinear and non-stationary
signal by decomposing into some IMF's [287]. The detail has been described in Chapter
3 Section 2 Subsection 3.

The number of IMF is underspecified because each IMF has monocomponent of
the original signal, and is sequentially estimated by an iterative process named shift-
ing process. In this study, first to twelfth IMFs were extracted and transformed into
Hilbert amplitude spectra. These spectra have frequency and time information as well
as wavelet amplitude spectra; they were further transformed into the five indices. There-
fore, extracted features by EMD has 60-dimensions (12 modes x 5 indices) in common.

6.3.3 Generating Classifier of Elastic Net Logistic Regression

Logistic regression is a probabilistic generative modelling method using the logistic
sigmoid function for classification [403]. This method models the class-conditional den-
sities p(x|Cy), as well as the class priors p(Cy) assigned based on the two classes of
meditation and concentration in this study. The posterior probability for class 1 (med-
itation), pg(Ci|x), of an (M + 1)-dimensional explanatory vector @, = [1,z1,...,Zuy]
including constant term, n = 1,..., N, where N means the total number of data (see
the rightmost term in Table B), is computed through Bayes’ theorem:

pal(Cile) = ixf}fﬁ ng)m) , (6.1)
B = [507/31, T ,BM] ) (6-2)
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where 3 is the parameter vector including intercept term [, associated with the ex-
planatory vector x,. Once the parametric functional form for the class-conditional
densities has been specified, the values of the parameters is determined using maximum
binomial log-likelihood I(3) together with the prior class probabilities p(Cy).

B = argmax{1(9)}

= arggnax{z (yn,BT:cn —log(1 + exp(,BTa:n)))} , (6.3)

where y, is a binary response variable (y,, € {0,1}).

The objective of this chapter is to classify two classes. However, multi-class clas-
sification will be needed for the system in the future. Logistic regression is easy to
extend for multi-class data by using multinomial models. Furthermore, the logistic re-
gression model can be easily extended for regularized learning framework by adding a
regularization term to an error function in order to control over-fitting: there are some
objective functions for the penalized logistic regression [A04-406]. Therefore, I selected
this method for classification.

In this analysis, the model was generated together with variable selection via sparse
learning using L;-norm because I have relatively large dimension data (60-dimension
in maximum). To optimize the parameters with variable selection and group structure
preservation, I selected a sparse learning algorithm that has different constraints (L;
and Ly-norm). Concretely speaking, elastic net logistic regression was applied to input
data [407]. The parameter vector estimated by elastic net regularization Bd‘“”c has
been defined:

getastic _ argrﬁnax%zm) ~ A= a)lIBIE/2+ ollBI])) . (6.4)

where A and « are nonnegative value and scalar value from 0 to 1. The regularization
parameter A turns parameters. The weight « controls the balance of lasso (L;-norm)
and ridge (Ls-norm) optimization. The elastic net with @« = 1 — € for some small
€ > 0 performs much like the lasso, but removes any degeneracies and wild behavior by
extreme correlation [A08]. These values can be determined by using Cross Validation
(CV) or information criteria like Akaike’s information criterion. In this study, A and «
were specified by using 10-fold CV and minimizing deviance D:

2

D —
N

(B). (6.5)
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6.3.4 Performance Evaluation

To evaluate the accuracy of the elastic net logistic regression model, leave one-subject
out CV was conducted. Owing to ten subjects who participated in the experiments,
the classifier was generated ten times. Here, each model used normalized data based
on the training data. Likelihoods of test data computed from the estimated parameter
vector ,éelamc will be binarized into 0 and 1 by considering two classes of meditation
and concentration. The estimated class was compared with correct label and stored in
a two-by-two confusion matrix. To evaluate the accuracy of the classifier, sensitivity
(True Positive Rate (TPR)), specificity (True Negative Rate (TNR)), and Balanced

Error Rate (BER) are calculated from a confusion matrix.

e TP
Sensitivity (TPR) = TP+ PN (6.6)
TN
ificity (TNR) = ——— )
Specificity (TNR) TN D’ (6.7)
FP + FN
BER = + : (6.8)

The confusion matrix is managed by replacing concentration (y = 1) and meditation
(y = 0) with positive and negative. Furthermore, the area under the curve of a Receiver
Operating Characteristic (ROC) is calculated for evaluation. The ROC curve represents
a plot of the TPR against the false positive rate (= 1 — TNR) for each possible cutoff
value between 0 and 1. These indices are major for evaluation of classifier such as logistic
regression. In particular, the area under an ROC curve is an important parameter used
to quantify in a single numerical value the overall location of an ROC curve about
the predictive model [A09]. I will comprehensively assess each of extracted features for
multiple state estimation system by focusing on the area under an ROC curve.

6.4 Results
6.4.1 Difference of Classifiers Generated with Eyeblink Arti-
fact or not

The results of elastic net logistic regression models are shown in Table B22. Model
performances of each feature extraction with eight patterns were compared by using four
metrics (sensitivity, specificity, BER, and area under ROC curve), and best pattern in
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Table 6.2 Results of predictive models using elastic net logistic regression and three feature extraction
methods (Fourier Transform (FT), Wavelet Transform (WT), and Empirical Mode Decomposition
(EMD)).

Transform type Best pattern Sensitivity Specificity Balanced error rate Area under ROC curve
FT 5 0.618 £ 0.138  0.680 £+ 0.178 35.1 + 14.7 0.696 + 0.187
(6 0.591 £ 0.105  0.664 £ 0.152 372 +£11.9 0.659 £ 0.148 )
WT 7 0.922 £+ 0.086 0.946 1+ 0.145 6.6 £7.2 0.988 £ 0.019
(5 0.616 + 0.150  0.677 £ 0.173 35.3 £ 15.3 0.683 £ 0.178 )
EMD 4 0.708 £ 0.128  0.755 £+ 0.174 27.1 +£ 14.0 0.791 £ 0.150
(6 0.606 + 0.260  0.675 £+ 0.236 35.9 + 22.7 0.682 £ 0.249 )

the method was separately tabulated in the table. A pair of parentheses means the
result was obtained without eyeblink artifact removal process. Wavelet transform with
artifact removal significantly overcame the performance of wavelet transform without
artifact removal (P < .001). The model did not depend on whether artifact removal
scheme employed or not if Fourier transform or EMD was selected as feature extraction
method. All methods presented that effective time scale and shift amount vary under
the processing procedure.

6.4.2 Recognition Performance and Feature Extraction Schemes

Nevertheless, all methods do not have fixed optimal pattern of shift amount, 2-s
(512 sampling data) window size showed the best performance in common. Extracted
features by wavelet transform most committedly worked for classification (area under
ROC curve showed F(2,18) = 17.46, P < .001). The pattern 2 with wavelet transform
showed worst accuracy in the method. EMD showed good performance next to wavelet
transform, and Fourier transform showed worst performance for classification in the
elastic net logistic regression models. The pattern 3 with EMD or Fourier transform
provided worst accuracy. However, in the metric of area under ROC curve, EMD
revealed that captures features of EEG data for generating models with the highest
minimum limit of performance (0.764 4 0.147) compared with Fourier transform (0.676
+ 0.181) and wavelet transform (0.707 £ 0.180). The performance showed significant
difference in the methods using ANOVA (F'(2,18) = 4.00, P < .05).
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Figure 6.4 (A) Regression coefficients for extracted five kinds of features based on pattern 7 with su-
pervised PSDTF and wavelet transform that showed best recognition performance among rival models.
(B) Regression coefficients for extracted features based on pattern 5 with wavelet transform.

6.4.3 Parameter Comparison of Generated Classifiers

Regression coefficients for input data based on pattern 7 with supervised PSDTF
and wavelet transform are shown in Figure 64 (A). This figure shows average value
and standard deviation visualized by bars and error bars. Twenty-one bars starting at
left red bar and finishing at right purple bar have been separated into six colors: (i)
red (intercept term fy); (ii) yellow (mean value); (iii) green (variance value); (iv) cyan
(skewness value); (v) blue (kurtosis value); and (vi) purple (integral value). Moreover,
four bars in the same color mean beta, alpha, theta, and delta band oscillations from
left to right. For the figure, it is indicated that mean and integral values of wavelet
amplitude spectra regarding all frequency bands worked as good features for classifica-
tion between meditation and concentration. On comparing models with the frequency
bands, each frequency band has different effective indices for classification: (i) mean,
skewness, integral values in the beta band; (ii) mean, variance, and integral values in
the alpha band; (iii) mean and integral values in the delta band. All indices in theta
band were 0 in most every model by the shrinkage effect of elastic net regularization.

Meanwhile, regression coefficients for input data based on pattern 7 with wavelet
transform are shown in Figure 64 (B). For Figure 64 (B), interpret value and five
indices except for variance has been effected by elastic net regularization. Furthermore,
only alpha and beta band frequency values were selected as good variables for the
model. Therefore, the optimal parameters in elastic net logistic regression depend on
preprocessing procedure even if the same feature extraction method employed.
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6.5 Discussions

6.5.1 Important Features to Classify Concentration

The parameters obtained from supervised PSDTF, and wavelet transform revealed
that mean and integral values are important to classify the discrete classes of meditation
and concentration. It is easy to see that a larger parameter value means more important
variable in the model for classification. In this case, the parameters correspond to
wavelet amplitude spectra that are a nonnegative value; therefore, the negative/positive
of parameters controls the shrinkage direction for likelihood (0 or 1). The mean and
integral values of spectra in meditation had a larger value than in concentration. Also,
the state of meditation is assigned to class 1 (C;). By considering the characteristics
of spectra and Eq. (6.1), I can interpret the model outputs C; when the explanatory
variables selected by elastic net have large values and vice versa.

The indexes of variance, skewness, and kurtosis may be effective while a transient
EEG event takes a strong presence in the distribution. However, you know the stimuli
of meditation and concentration could not elicit a radical change in neuronal activities.
Therefore, these features are not effective for classification in this case. On the other
hand, the model represented a clear difference of brain activities between the meditation
and concentration by using only single-channel EEG data because it showed 0.988 area
under ROC curve on the best feature combination. Long focusing picture-story show
decreases brain activities of delta band frequency components by taking into account
the last paragraph. In other words, the brain activities may be synchronized and
generate high-frequency oscillations (for Figure 64 (A), I guess alpha band oscillation
increased) in the concentration to process much information for a short time. Here,
wavelet amplitude spectra of delta band in pattern 7 is visually compared among classes.
Figure B3 (A) visualizes an example of 2-s delta band oscillation coupling of wavelet
amplitude spectra based on pattern 7. Moreover, Figure B3 (B) shows the probability
density functions of four cases regarding mean value of delta band frequency oscillation.
On pattern 6, two classes have a similar distribution. Conversely, the mean values of
two classes have distributed apart from each other on pattern 7. The same tendency
has been observed among integral values. Thus, mean and integral values of delta
band frequency components based on pattern 7 with supervised PSDTF and wavelet
transform would work to accurately classify two classes in the EEG system whose input
data is obtained from single-channel EEG device.
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6.5.2 Important Role in Eyeblink Artifact Removal

In this chapter, I represented results of whether an eyeblink artifact removal scheme
was applied or not. The pre-processing improved the classification performance and
extricated EEG components from the observed signal that was have already obscured
by any factors such as technical noise and biological artifact. The distorting effects of
eyeblink artifacts on the EEG in the frontal are are within the delta and alpha [I71].
Furthermore, eyeblink artifact removal has to be applied all of EEG data because the
effects propagate across the scalp presenting in a bilaterally symmetrical fashion if the
subject recorded EEG with the eyes open.

The subjects kept states of meditation and concentration with eyes open. Therefore,
each class will have the same feature (eyeblink component) in the data if the artifact
was not removed. Consequently, the constructed model weighted indices of alpha and
beta band frequency that has less effect of eyeblink for classification (Figure 62 (B)).
The best accuracy in all extraction methods has low performance (under 0.70 area
under ROC curve). Plus, I cannot help being suspicious of a model which only put
alpha and beta band frequency components to good practical use for classification.
Eyeblink artifact removal is one of an essential processing of the EEG system regardless
of whether the input was obtained from a multi-channel device or single-channel device.
At the same time, my proposed scheme could show its efficiency for single-channel EEG
system, indirectly.

Incidentally, MF algorithm has recently been used as an EEG feature extraction
method for classification in many EEG analysis [AT0-414]. PSDTF has the same prop-
erty; therefore, the artifact-free signal have perhaps already been adjusted to a relatively
intelligible signal.

6.5.3 Confirmation of Mediation in Children

I should take a retrospective look at measurement procedure. Could I actually obtain
EEG signal during meditation? There is a big question as to the content of the medi-
tation in children. In this study, the subject sat on a mat with a classmate for mental
tranquility. However, keeping meditation may give children stress-intensity factors be-
cause they are three to six years old. There is a risk of misdirected effort to obtain a
class of stress named meditation.

Based on three lines of evidence, it is considered that long-term memory for extinction
depends on the medial prefrontal cortex, in particular the infralimbic subregion [ATH,
AT6]; therefore, the cortex appears to be essential for inhibition of negative responses
after extinction [421]. Medial prefrontal cortex sends robust projections to the amygdala
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Figure 6.5 (A) A two-second delta band oscillation coupling of wavelet spectrum based on pattern 7.
(B) Probability density functions of mean wavelet spectrum value.

for feedforward inhibition of the central nucleus [417], and directly projects to the
hypothalamic and brainstem targets of the central nucleus [218-420] that leads to
inhibition of emotional response independently of the amygdala [422]. The projection
makes the strength of EEG oscillations in left prefrontal area strong [423]. The same
projection occurs in the children’ brain. Therefore, frontal asymmetry difference scores
of EEG alpha power band have been employed as a physiological metric to index aspects
of positive/negative emotion [386,887] because of neuroanatomical structures. The
observed EEG signal obtained from the Fpl position where places on the left prefrontal
area should have difference scores of alpha power if the signal contains oscillations of
stress. The regression coefficients for mean, variance, and integral values of alpha band
component certainly had large value in Figure 624 (A). However, the coefficients for
mean and integral values of delta band component had more than three times as large
as the alpha band had. For this results, I concluded that I could obtain EEG signal
during meditation from children, and the model constructed using elastic net logistic
regression has been optimized by three feature extraction methods and eight patterns of
time scale and shift amount to classify meditation and concentration. Finally, multiple
state estimation model including stress should be investigated in the future research.

6.6 Summary of Chapter.6

This chapter aimed to classify two classes (meditation and concentration) in children
by using single-channel EEG signals and to indirectly verify the practical efficiency of
the proposed eyeblink artifact removal scheme. Recordings were processed to remove
eyeblink artifacts, and then extracted their periodic or non-periodic features by three
methods (Fourier transform, wavelet transform, and empirical mode decomposition).
Elastic net logistic regression constructed predictive models to classify two classes of
the optimized extracted features.
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A model showed 0.988 area under ROC curve when wavelet transform was selected
as feature extraction method. Mean and integral values of delta band frequency com-
ponents based on pattern 7 (512 and 128 sampling data (2-s and 0.5-s) for window
size and shifting size) with supervised PSDTF and wavelet transform had worked to
accurately classify two classes. The brain activities may be synchronized and generate
high-frequency oscillations (for Figure B4 (A), I guess alpha band oscillation increased)
in the concentration to process much information for a short time: therefore, long focus-
ing picture-story show decreases brain activities of delta band frequency components.
The next of this research is to construct a multiplex state estimation system. Finally,
portable applications using a specialized EEG device that include the multiplex model
and encourage children to develop the child’s sense would be implemented in the real
environments.

My proposed scheme described in Chapter 5 proved the following advantages: (i) no
need to discard contaminated data; (ii) no signal distortion after denoising; and (iii)
deliverance of low-frequency components. So far, artifact removal processing in the
system of single-channel EEG device can discard the epoch or data on trials which have
eyeblink artifacts or remove artifacts with many manual operations. Such background
was the disturbing popularization of the single-channel EEG analysis. However, single-
channel EEG device (headset) has been attracted attention: one day at a time (from
the year 2012, the keywords of “single-channel EEG” were included in about 5,000
documents, but the number of the year 2015 is about 1,500). Automatic eyeblink
artifact removal using only single-channel EEG data would be a powerful tool for easy
measurement and careful analysis.
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Chapter 7

CONCLUSIONS

7.1 Summary of This Thesis

This thesis aimed to propose an accurate removal scheme of eyeblink artifact from
single-channel EEG signals by supervised tensor factorization.

Kaleidoscopic functional states of the cerebral cortex affected by neuronal activities
(nerve firings) can be measured using an electrical non-invasive index, in the form
of an EEG signal. This modality holds over other neuroimaging techniques, are the
high temporal resolution on the order of milliseconds, the small installation space for
operating the system and its usability for signal measurement. In addition, EEG signals
have been widely used in BCI systems that provide communication channels to people
with severe motor disabilities. Over the past three decades, the spatiotemporal event-
related neural dynamics revealed from various experimentally manipulated events and
interpretation of EEG signals have been developed to integrate dynamics with practical
applications.

Technologies using EEG signals have been penetrated into public by the appearance
of specialized EEG devices. Such devices can capture oscillating neuronal discharge
with only an electrode. Although the aspect of entertainment or amusement associ-
ated with the usage of the system is emphasized, many applications based on EEG
signal processing will be beneficial of its usability and portability for signal measure-
ment. Therefore, single-channel EEG device has been attracted attention since nearly
five years because of its facility and portability for measurement in real environment
conditions.

During EEG system operation, EEG signals should be recorded with his/her eyes
open for practical use in the real world. That allows eyeblink artifact contamination
into observed EEG signals. The artifacts disguise themselves as EEG components and
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make EEG signal processing difficult in all respects because the oscillating discharge
(energy) is larger than the neuronal discharge. By the properties of eyeblink artifacts,
theoretically multivariate statistical analysis approached such as PCA and ICA, which
separate EEG signals into spatially and temporally distinguishable components, are
useful for extracting EEG components from the scalp recordings. In particular, ICA is
a powerful tool for separating the observed EEG signals into maximally independent
activity patterns derived from cerebral or non-cerebral (artifactual) sources. However,
ICA is unsuitable for analyzing EEG signals recorded by a specialized EEG device be-
cause of mismatching of its assumption in the real-world applications. Thus, proposing
a removal scheme of eyeblink artifact from single-channel EEG signals is a major chal-
lenge in EEG signal processing for the widespread use of systems as a conventional
technology.

In Chapter 4, the effect of voluntary and involuntary eyeblinks on ICs contributing
to EEG signals was characterized for creating templates of eyeblink artifact removal
from observed EEG signals with a single-channel electrode. Fourteen EEG signals
and one VEOG signal were recorded for twenty healthy subjects during two different
experiments, which prompted subjects to blink voluntarily and involuntarily. Wavelet-
enhanced ICA with two markers (mMSE and kurtosis) was employed as a source separa-
tion and feature-extraction scheme. The extracted eyeblink features were separated into
epochs and analyzed in the frequency, time-frequency, and time domain. The extracted
eyeblink features confirmed three characteristics already reported in the literature: (i)
the distorting effects of eyeblink artifacts on the EEG are within the delta and theta
bands; (ii) electric potentials (dipole projections) caused by eyeblinks decrease with
increasing distance between measurement points and eyes; (iii) the propagation effects
across the scalp present in a bilaterally symmetrical fashion. Moreover, additional three
characteristics were found: (i) eyeblink features obtained from all channels presented
significant differences between voluntary and involuntary; (ii) eyeblink effects continue
to have an influence on EEG signals for 3.0 to 4.0 s (in the occipital region, 2.0 s);
and (iii) these effects cease to exist after the zero-crossing point four (in the occipital
region: two) times, for both eyeblink types. The results which would have differences
among the effects of voluntary and involuntary eyeblink in EEG signals, are collected
in a dataset as prior information for supervised learning algorithm.

In Chapter 5, a section-based eyeblink artifact removal scheme by using supervised
tensor factorization was proposed for single-channel signals. Fourteen EEG signals
and one VEOG signal have been recorded for twenty healthy subjects who blink ev-
ery 5 s according to metronomic sounds. Automatic contaminated epoch extraction
based on simple fixed-thresholds and PSDTF with supervised learning algorithm have
worked in my scheme. The estimated artifact-free EEG signals into real-life data were
compared with eight schemes (linear regression, band (high)-pass filtering, adaptive

115



7.2 Future Works

filtering, WICA, EMD-ICA, EEMD-ICA, CEEM-ICA, and 2-step NMF) to verify the
efficiency of proposed scheme. As a result, the geometric and simple fixed-thresholds
could markedly detect epochs contaminated by eyeblink artifacts automatically, and
supervised PSDTF showed highest performance among nine schemes except for linear
regression and adaptive filter which need reference channel. Good approximation with
keeping constraint could be achieved, and each basis can express prior information and
extract EEG features from contaminated single-channel EEG signal.

In Chapter 6, single-channel EEG data obtained from ten children which contains
two classes (meditation and concentration) was classified. Recordings were processed
to remove eyeblink artifacts, and then extracted their periodic or non-periodic features
by three methods (Fourier transform, wavelet transform, and empirical mode decompo-
sition). Elastic net logistic regression constructed an predictive models to classify two
classes of the optimized extracted features. The model showed 0.988 area under ROC
curve when wavelet transform was selected as feature extraction method. Mean and
integral values of delta band frequency components based on pattern 7 (512 and 128
sampling data (2-s and 0.5-s) for window size and shifting size) with supervised PSDTF
and wavelet transform had worked to accurately classify two classes. The brain activi-
ties may be synchronized and generate high-frequency oscillations in the concentration
to process many information for a short time; therefore, long focusing picture-story
show decreases brain activities of delta band frequency components.

Last of all, I accomplished the objective of this thesis; proposing an effective removal
scheme of eyeblink artifact from single-channel EEG signals which has four properties:
(i) automatic epoch detection; (ii) high signal separation accuracy; (iii) automatic sep-
arated component identification and signal reconstruction; and (iv) small number of
arbitrary parameters. The scheme proved the following advantages: (i) no need to dis-
card contaminated data; (ii) no signal distortion after denoising; and (iii) deliverance of
low frequency components. Owing to this proposed scheme, I hope EEG systems with
a single electrode would be less cumbersome than now.

7.2 Future Works

Neuronal activity in the human brain causes local changes in the cerebral cortex. In
many cases, patterns and trends of the changes have yet to be defined today. Conse-
quently, the sampling distribution is unknown. An approach assuming a distribution
of real-life data and trying its theory is good research. However, an approach using
simulation data which is based on known observed data is not good research because I
consider the approach would be adapted to real-life data. On the other hand, artifact
removal (denoising) belongs to a pre-processing part in the signal processing module.

116



7.2 Future Works

The module is comprised of complex combinations of algorithms like recognition and
feature extraction. Therefore, it is not until the proposed pre-processing scheme can be
declared as an effective tool that all algorithms are activated in the system for real-life
data.

Newcomers who are attracted by the strengths of specialized EEG devices, seem to
make light of the artifact removal. In practice, some kinds of research output the result
of EEG signal analysis without pre-processing, and they show the features including
unique noise or artifact as if the features were only EEG components. The easy mea-
surement means the quality of the observed signal is easy to fall. EEG signal processing
without a pre-processing is out of the question. However, the rapid popularization of
the system which has no pre-processing method is a fact as well. To countervail the case,
researchers have to propose an effective and straightforward artifact removal scheme.

Conventional schemes have many manual operations or do not support specialized
EEG devices as reference channel requirement. The research field of single-channel
EEG analysis can not see the future as long as such schemes are major for artifact
removal. Under such a situation, the restriction of open-source observed biological
data makes EEG signals analysis blind and prevents development. I firstly decided to
give researchers open-source data by considering competition policy in the equal access
market of proposing artifact removal.

My proposed scheme focuses on eyeblink artifacts which have an adamant presence in
observed EEG signals or are surely in the observed EEG signals recorded when a user
wears a specialized EEG device with his/her eyes open. This study has contributed
to the practical use of specialized EEG devices. 1 guess this scheme is useful not only
for eyeblink artifacts but also for cardiac artifacts because I know both artifacts have
similar characteristics. I expect the heuristic development of more robust EEG systems
based on the representative attributes for single-channel EEG analysis and encourage
the practical use of EEG applications in daily life.

Please keep in mind to muscular artifact that will be the biggest wall standing against
single-channel EEG analysis because the artifact has a similar trend in the EEG signal.
Unsupervised learning algorithms can not separate mixture signal of EEG and EMG
components effectively. Muscular artifacts reflecting body actions are natural enemies
of EEG systems. The inevitable encounter must be solved by artifact rejection. At this
time, researchers should carefully analyze the characteristics of artifacts and integrate
them in a supervised learning algorithm. This is how I believe supervised learning
algorithms are useful in known characteristics.

Signal processing techniques are not magic. They can only have just so much limita-
tion. Until finishing the development of removing muscular artifact scheme, you can not
feel free to use EEG systems in the real environments. [ am eagerly awaiting a real-time
EEG system removing all artifacts without altering the underlying brain activity.
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