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Abstract

Electroencephalography (EEG) is used to measure electrical activity produced in
the brain through multiple electrodes placed on the scalp. EEG has clinical,
research, and brain-computer interface (BCI) device applications. EEG is
susceptible to artifacts and noise, resulting in a diminished signal to noise ratio
(SNR). A particularly challenging type of artifact is produced by muscles of the
face and scalp, called electromyographic (EMG) artifacts.

This study aimed to develop an EMG artifact removal algorithm for EEG. An
algorithm called spatially constrained, wavelet enhanced independent component
analysis (SCWEICA) was adapted to enable EMG artifact removal. It was then
improved by optimising the wavelet denoising parameters (WDPs).

The new optimised SCWEICA (O-SCWEICA) algorithm and two EMG artifact
removal algorithms were used to remove EMG artifacts from various datasets of
simulated 31-channel EMG artifact contaminated EEG (EAC-EEG). The datasets
varied in duration and artifact topographies. The performance of the three

algorithms were then compared.

O-SCWEICA was shown to be robust to changes in EMG artifact topography and
well suited for offline EMG artifact removal from longer duration EAC-EEG
recordings. On average, O-SCWEICA took 0.56s to process the longest
EAC-EEG recordings, those of 200 s, while maintaining high mutual information
(MI) of 2.40 on average across the electrodes (AV). The worst case (WC) MI was
1.76, where WC refers to the channel with the largest EMG artifact. Compared to
U-SCWEICA, O-SCWEICA was 1.14% and 12.3% more accurate in terms of AV
and WC M, respectively.
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Chapter 1 — Introduction

This chapter introduces the problem that serves as a foundation for this study.
Section 1.1 details the problem, previous solutions and hypothesises a new
solution to the problem. The structure of the dissertation is presented in Section
1.2.

1.1 Problem Outline

Electroencephalography (EEG) measures the electrical activity of the brain
through multiple electrodes placed on the scalp [1]. EEG is a non-invasive,
portable, and cost effective tool for brain research, patient monitoring, and
diagnosis of neurological disorders [2]. EEG can also be used to harness electrical
potentials from the brain for applications such as brain-computer interface (BCI)
controlled devices [2]. BCI devices, such as EEG controlled prosthetic hands, can

greatly improve the quality of life of amputees [3].

The measurements of EEG electrodes are susceptible to artifacts and noise as the
brain is not the only detectable source of electrical activity [3]. These sources of
artifacts and noise are either physiological (such as muscle interference, eye
blinks, or pulse artifacts via arteries in the brain) or non-physiological (such as
line noise, or movement of electrodes or wires) [4]. These phenomena cause a low
signal to noise ratio (SNR) in EEG recordings [3], [5]. The low SNR can cause
unintentional activity of a BCI device as artifacts can be misinterpreted as a
neurological signal [2], [6]. Furthermore, if the amplitude of the artifact is large
enough, the desired neurological signals can be further obscured within regions of
artifacts [6]-[8].

Muscle, or electromyographic (EMG), artifacts are particularly challenging to
remove as they overlap with EEG in both amplitude and frequency [1], [7], [8].
Simple signal processing methods such as linear filtering are therefore not viable
to separate the EEG signal from EMG artifacts [9]. This is further complicated as

1



EMG artifacts vary per muscle and per person [7]. EMG artifacts are different for
males and females, vary between individuals, and change according to the level
and direction of contraction of the muscle [7]. As such, no reference signal is
known a-priori [9]. Reference signals are required for common artifact removal

techniques, including regression and adaptive filtering [9].

While the EMG artifacts can be measured alongside or within the EEG recording
to obtain reference signals representing EMG artifacts, there are many muscles
that would need to be measured with electrodes. This limits the number of
electrodes that can be used for EEG recording. Furthermore, within the EMG
artifacts, EEG appears as noise [9] and as such, simple subtraction of EMG
artifacts from EEG would lead to a loss of EEG signals. Extensive research has
been conducted on the removal of EMG artifacts from EEG signals and has
shown that no single artifact removal technique can effectively suppress all EMG
artifacts [4], [7], [9]. The need for a better EMG artifact removal algorithm, that
yields an EEG signal with a higher SNR, is essential for research, clinical, and

BCI applications.

A reliable EMG artifact removal algorithm necessitates an understanding of the
underlying system that produces the signals of interest. Multichannel EEG is
considered to be a combination of signals from the brain and artifact sources, like
EMG artifacts [9]. The separation of these signals in such a system can be
modelled as a blind source separation (BSS) problem [9], [10]. BSS problems
require estimating the original sources of measured signals, with little or no
knowledge of the sources and mixing process that produced the measured data
[11]. BSS problems can be solved by several techniques such as independent
component analysis (ICA), canonical correlation analysis (CCA), and principal

component analysis (PCA) [9].

ICA has been implemented using various algorithms in several studies that

showed relatively successful removal of EMG artifacts from EEG [6], [8], [12].

Additionally, ICA yielded greater success than PCA and has been recommended

over CCA for EMG artifact removal from EEG [9]. ICA separates a combination
2



of measured signals into the underlying sources (called components) that
generated the series of measurements [13]. These components can be processed to
obtain a denoised representation of the original, measured signals [13]. In
standard ICA (STD-ICA) artifact removal, artifact components are manually

identified and zeroed before reconstruction takes place [8], [14].

STD-ICA is limited as it cannot be fully automated because it requires visual
inspection to determine artifact components [2]. There are two additional
problems with STD-ICA. Firstly, the STD-ICA implementation is
computationally complex which hinders real-time (RT) implementation [14].
Secondly, as neural signals can ‘leak into’ artifact components, they will be lost
upon removal of these components [2], [6], [8], [14]. The loss of these residual

signals leads to inaccurate EEG reconstruction [2].

These issues — long processing time and leaking of neural signals into artifact
components — were addressed by Akhtar et al. [14] with spatially constrained,
wavelet enhanced ICA (SCWEICA). In SCWEICA, the prior, known spatial
information about an artifact (such as specific EMG artifact topographies for the
given EEG electrode layout) can be used to constrain the ICA algorithm [14],
[15]. This greatly reduces processing time [14], [15]. The application of spatial
constraints to the ICA algorithm is called spatially constrained ICA (SCICA)
[14]-[16]. Wavelet denoising is then performed on the identified artifact
component/s that were produced by SCICA [8], [14]. This enables the removal of
neural signals that have leaked into the artifact component/s for accurate
reconstruction of EEG signals [8], [14].

It is hypothesised that SCWEICA is a good candidate for EMG artifact removal
based on the properties of the wavelet transform (WT) to separate signals and the
spectral properties of both EEG and EMG artifacts [7], [9], [17]. SCWEICA has
been used for successful removal of electrooculographic (EOG) artifacts, which
occur owing to eye movement and blinking [14]. The algorithm has not yet been
tested in the more challenging task of removing EMG artifacts [14]. Hence, this
study explores how accurately SCWEICA can remove EMG artifacts from EEG.
3



By optimising the wavelet denoising parameters (WDPs) in SCWEICA, the
accuracy of EMG artifact removal from EEG can be improved [18]. WDP
optimisation has not been performed in previous studies that applied wavelet
denoising to artifact components [14], [19], [20]. This study also explores how the
optimisation of WDPs will affect the accuracy of SCWEICA in the application of
EMG artifact removal.

It is hypothesised that the reduced computation time offered by SCWEICA [14]
may have potential for RT applications. This is a vital trait, as most EEG
applications and devices require EMG artifact removal in RT to provide an
immediate response. Therefore, the algorithm duration is noted to ascertain its

efficiency.

Simulations provide a convenient platform for an extensive artifact removal study,
to assess the performance and RT viability of artifact removal algorithms [9].
Additionally, simulations allow for ground truth evaluation of such algorithms as
the quality of the signal before and after artifact removal can be quantified [9].
Ground truth refers to using a known reference for accurate comparative purposes.
However, simulations are a preliminary step to determining the final outcome of
an algorithm [6], [9]. This must be done by applying it to real EEG data [6], [9].
This study employed simulated EEG data that was accurate enough to represent
EEG-like signals that have been contaminated with EMG artifacts. The EMG
artifact removal algorithm was developed and tested on this data. Testing on real

EEG data was not attempted as it was out of the scope of this study.

This study optimised the WDPs in the SCWEICA algorithm (termed
O-SCWEICA) to remove EMG artifacts from EEG and was compared to
STD-ICA and unoptimised SCWEICA (termed U-SCWEICA) in terms of

accuracy and efficiency, using simulations.



1.2 Dissertation Structure

The dissertation is structured as follows:

Chapter 2 details background information on EEG signals and EMG
artifacts.

Chapter 3 presents the literature review of ICA and SCICA, wavelet
denoising and methods for WDP optimisation, methods used in EMG
artifact removal, the modelling and simulation of EEG and EMG artifacts,
and performance measures to assess the accuracy and efficiency of artifact
removal.

Chapter 4 describes the research question (RQ), research areas (RAS),
hypotheses, and expected outcomes of this study.

Chapter 5 details the proposed methodology for the study, which includes
the generation of simulations of ‘clean” EEG and EMG artifact
contaminated EEG (EAC-EEG), the implementation of both U-SCWEICA
and O-SCWEICA for EMG artifact removal from EEG, and the testing
procedures used in the study.

Chapter 6 presents the results of tests performed in the study and discusses
them. The RQ is subsequently answered.

Chapter 7 concludes the dissertation with a summary of the work

performed, main findings, and future recommendations.



Chapter 2 — Background

This chapter outlines background information for the literature review in Chapter
3, and for the remainder of the study. Background information is provided for
EEG characteristics, modelling, and artifacts in Section 2.1, and for EMG artifacts
in EEG in Section 2.2.

2.1 Electroencephalography (EEG)

EEG is used to measure superficial voltages generated in the cortex of the brain
through electrodes placed on the scalp, often over hair [9], [21]. The voltages
measured by EEG electrodes are produced by neurons in the brain and are a sum
of the active neurons (sources), as well as other sources of voltage (artifacts) in
the head [9], [22]. The summation of voltages is superposed as a function of the
distance and orientation of sources, as well as the resistivity of tissues in the head
[22]. This can be modelled using a number of approaches which are discussed
later in this section. EEG characteristics and artifacts in EEG recordings are also

discussed.

2.1.1 EEG Characteristics

EEG can be characterised in terms of temporal, spectral, and rhythmic features, as
well as specific event related potentials (ERPs) called phasic peaks. These
characteristics are common across individuals and are used to diagnose clinical

conditions (such as epilepsy) and normal behaviour [9].

Temporal Characteristics of EEG

EEG voltages are generally in the range of 10 — 100 pVp-p [23]. In adults, typical
voltages range between 10 — 50 puVpp [23]. The frequency of these signals span

between 0 — 100 Hz, which can be subdivided into various bandwidths [9].



Bandwidths of Rhythmic EEG Activity

There are several typical bandwidths of EEG activity that have been discovered
through frequency and wavelet analysis [24]. These are delta (~ 0.5 — 4 Hz), theta
(4 — 7 Hz), alpha (8 — 13 Hz), beta (14 — 30 Hz), and gamma (30 — 100 Hz) [9].
The definition of each bandwidth range varies in literature [2], [9], [24], [25]. This
rhythmic EEG activity is often considered to be background EEG [9].

Phasic Peaks

Phasic peaks are a class of ERPs produced after an event and are typically bursts
of transient signals [24]. Phasic peaks occur as a series of positive and negative
peaks at fixed times after an event [24]. The amplitudes of these signals are small

and attenuate over time [9], [24].

According to Yeung et al. [24], it can be assumed that phasic peaks are
uncorrelated with background EEG signals. This allows for the signals to be
simulated separately and combined for analytic purposes. In turn, background
EEG is considered noise relative to phasic peaks [24]. However, this terminology
does not imply that other EEG signals are random or meaningless, but simply
refers to the uncorrelation between the two groups of signals [26]. This distinction
Is necessary to describe Yeung EEG Simulation in Section 3.5.1.

2.1.2 Fundamentals of Scalp EEG Modelling

There are several fundamental models used to approximate the generation of EEG
signals that are measured on the scalp. These include the dipole model of neuronal
populations, the forward model/problem and the spherical head shell model. Each
topic is summarised in the following subsections. For a more detailed explanation
of these topics, refer to [27], [28].

Dipole Model

Dipole models are used to represent the electrical activity of individual neurons or
groups of neurons [27], [28]. The electrical activity is modelled as a current dipole

(with an associated electric field) which can be measured at the surface of the
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head using EEG electrodes [27]. Dipoles are directional and can be modelled to
project within three dimensions at a particular location and voltage [27]. One or

more dipoles may be used in a given model [27].

Forward Model/Problem

The forward problem is phrased as follows [28]: how can an electrical field be
calculated from a known arrangement of neuronal sources? The forward model
consists of using a source of electrical activity in the head (such as dipole models)
and calculating the voltages measured at electrodes on the scalp [27]. This can be

achieved using Maxwell’s equations which are expressed in detail in [27], [28].

Spherical Head Shell Model

One of the methods to solve the forward problem is to use the spherical head shell
model [27]. This model can contain multiple layers that represent parts of the head
(such as the cerebrospinal fluid, skull and scalp) which have individual
conductivities and thicknesses [27], [28]. These layers are modelled as concentric
layers around an inner space — the brain [28]. The layers separate the dipoles in
the centre of the head, modelled as a sphere, and the electrodes on the scalp [28].
The layers attenuate the EEG signals measured on the scalp compared to those on
the surface of the brain [28].

2.1.3 Artifacts in EEG

The most common types of physiological artifacts in EEG are: EOG, EMG, and
electrocardiogram (ECG) artifacts [4], [9]. ECG artifacts are produced by
pulsations of blood vessels in the head [4], [9]. An example of EOG and EMG
artifacts in EEG is shown in Figure 2.1. EOG artifacts are seen in channels F3, Fz,
and F4, while EMG artifacts are primarily seen in channels P3 and P4 [2].
However, the EMG artifacts have affected most of the channels [2]. EOG artifacts
appear as relatively periodic, peak-like signals that can be larger than 100 pV [4].
EMG artifacts typically appear as high frequency and high amplitude signals [7].



Channels

Time (Sec)

Figure 2.1: An example of EOG and EMG artifacts in a selection of EEG channels
(adapted from [2]).

An extensive description of EEG artifacts, as well as techniques to remove them,
is provided in [2], [4], [9].

2.2 Electromyographic (EMG) Artifacts in EEG

EMG artifacts in EEG recordings are generated by muscles in proximity to the
electrodes placed on the scalp when measuring neural activity [29]. When these
muscles contract, relatively large voltages are measured, which obscures the EEG
signal measured by the EEG electrodes [7]. A comparison of the muscles of the
face and scalp, and an EEG electrode layout is presented in Figure 2.2. From
Figure 2.2, it is clear that the electrodes will detect significant muscle activity
either during muscle contraction or during muscle twitches (sporadic

contractions).



(a) (b)

Figure 2.2: Muscles of the face and scalp approximately overlaid with an EEG electrode
layout. (&) The muscles of the face and scalp with electrodes approximately overlaid as
white circles (adapted from [30]). (b) An electrode layout over a subject’s head (adapted
from [31]).

The reported properties of striated/voluntary muscle potentials measured by
superficial electrodes include the bandwidth of EMG signals, EMG amplitude
range and peak frequency of signals. The bandwidth of EMG signals range from
20 — 300 Hz, with most power in the lower end of the spectrum [7], [29]. EMG
amplitudes range from 1 — 100 puV in temporal regions of the head [7]. When
EEG signals are measured in the proximity of the temporalis and frontalis muscles
(of the scalp), different frequency ranges are observed for each muscle [29]. The
spectrum of the temporalis EMG signals show a peak in the range of 35 — 80 Hz
(and a small peak at 20 Hz), whereas the frontalis EMG spectrum ranges from
45 — 60 Hz [29]. These signals attenuate over the remainder of the head [29]. This
is particularly relevant in the removal of EMG artifacts from EEG recordings.

2.3 Chapter Summary

Background information has been provided for EEG characteristics and
modelling, and EMG artifacts. This information is required to define the methods
in this study, as well as in the literature review.
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Chapter 3 — Literature Review

Relevant literature for the dissertation is discussed in this chapter. It is structured
to initially address how the methods used in this study have been used in
literature. Thereafter, the gap in literature is identified, which is followed by
simulation techniques and performance measures to address it. The topics that are
discussed in this chapter occur as follows:

e Section 3.1 — independent component analysis (ICA), standard ICA
(STD-ICA) denoising and the application of spatial constraints to the ICA
algorithm, i.e. spatially constrained ICA (SCICA).

e Section 3.2 — wavelet denoising and the parameters associated with it (i.e.
the WDPs).

e Section 3.3 — a selection of EMG artifact removal techniques, which
make use of ICA, SCICA and wavelet denoising. The gap in literature is
identified in this section.

e Section 3.4 — WDP optimisation methods that have been applied to
temporal signals. Such methods may be used to assist in addressing the
gap in literature.

e Section 3.5 - EEG and EMG artifact simulation techniques.

e Section 3.6 — performance measures to assess the accuracy and efficiency
of EMG artifact removal.

3.1 Independent Component Analysis (ICA)

Section 3.1.1 presents an analogy known as the ‘cocktail party problem’ to
describe blind source separation (BSS) problems and how the signals in this study
represent a BSS problem. ICA is a BSS algorithm that can be used to process such
signals. An overview of the ICA algorithm is provided in Section 3.1.2. Finally,
STD-ICA denoising and SCICA are described in Sections 3.1.3 and 3.1.4,
respectively, for use in the methodology in Chapter 5.
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3.1.1 Cocktail Party Problem

During a cocktail party, many conversations occur at the same time [32]. If
multiple microphones are placed in the room, several conversations can be
recorded simultaneously [32]. With enough recorded conversations it may be
challenging to determine what individuals are saying in each recording [32].
Therefore, the problem involves separating the mixture of measurements to obtain

each individual’s speech signal [32].

The ‘cocktail party problem’ is an example where BSS can be employed [32]. By
definition, BSS problems occur when multiple sensors measure a significant
mixture of signals, generated by several sources, which need to be estimated [13].
This can be done without specific knowledge of the source signals prior to mixing
[32].

EEG recordings, comprised of multiple measurements taken from electrodes
placed on the scalp, include a mixture of neural signals and artifacts [9]. Such
artifacts include EMG and electrooculographic (EOG) signals [9]. By separating
the recordings into sources, artifacts may be processed and removed from the
recording [14]. To perform effective BSS for EEG artifact removal, ICA may be
employed [9].

3.1.2 Overview of ICA Model and Algorithm

ICA is an unsupervised, multivariate data analysis algorithm that solves BSS
problems [33]. ICA utilises statistical methods to separate independent sources
that have been collected in a multichannel fashion [13]. According to Akhtar et al.

[14], ICA separates a mixture of measurements x(t) into:

1. s(t) — the sources/components that generated the mixed signals.
2. A — the mixing matrix which mixes the components to produce the given

mixed signals.

12



In its most basic and linear form, this is modelled according to Equation 3.1 [14]:
x(t) =As(t) +v(t) (3.1)

Where M sensors yield x(t) = [x;(t), x,(t), ..., x,(t)]T measurements, which is
a linear mixture of the desired N sources s(t) = [s;(t),s(t), ..., sy (t)]” that have
been mixed according to a mixing matrix, A, of size M x N [14]. Additive noise
sources are described by v(t) = [v,(t), v,(t), ..., vy (t)]T [14]. Equation 3.1 can
be expressed in matrix form as: X = AS + V. For simplicity, the matrix

representation is used in the remainder of this section.

In this study, X refers to the EEG signals measured by electrodes [14]. An
artifact-free version of X is desired for this study. Methods to achieve this are
described in Section 3.3 and require estimation of S and A. S represents the neural
signals and artifact sources (such as EMG artifacts), called components [14]. A is
the mixing matrix that describes how the sources in S combine to form X. V is

additive noise (such as line noise) [14].

According to James and Hesse [13], to apply ICA to EEG signals, it must be

assumed that:

1. The mixing of signals is linear and instantaneous.

2. The number of sources S is less than or equal to the number of sensor
channels (electrodes).

3. The mixing matrix A is stationary — i.e. the electrodes do not move during
measurement.

4. The sources, S, are mutually independent and have non-Gaussian
distributions [33].

The general ICA algorithm will be described. This is followed by a brief

discussion of variations of the algorithm and limitations of ICA.
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General ICA Algorithm

According to Hyvarinen [33], ICA is typically divided into two stages:

1. Pre-whitening of the measured data to orthogonalise the measured signals
in X so that the signals are decorrelated, have less redundancy, and have
unit variance [34].

2. ICA estimation.

For simplicity, additive noise V — in Equation 3.1 — is assumed to be zero. The
whitening procedure maintains the ICA model (in the form of X = AS) and is

shown in Equation 3.2 [33]:

H = QX = QAS = AS (3.2)

The measured signals, X, are whitened by a linear transformation using matrix Q
to produce matrix H, an orthogonal set of signals [33]. This can be done using an

algorithm such as principal component analysis (PCA) [33].

The transformed mixing matrix, 4, is now orthogonal [33]. This is useful as the
number of parameters/elements that need to be estimated in A are reduced [33],
[34]. Assuming that A is an n x n matrix with n? elements, 4 will contain n(n —
1)/2 elements after whitening [33], [34]. Typically, numerical optimisation of
orthogonal matrices is faster and more stable than numerical optimisation of
non-orthogonal matrices [33]. 4 can now be estimated by maximising an

objective function related to the non-Gaussianity of the components [33].

The two most common optimisation approaches are maximum-likelihood
estimation and the minimisation of the mutual information (MI) between
components, which yield the same objective function [33]. Ml is discussed further
in Section 3.6.2. In short, MI measures the dependence of one signal to another,
and can therefore be used to estimate components that are as independent as
possible [33].
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The objective function, L(W), used in these algorithms is described in Equation
3.3[33]:

L(W) = Zl 1zt_ (i) (3.3)

Where:

e W is the inverse of 4 (where S = WX), with rows w’. It must be assumed
that A is invertible [34].

e (; is the logarithm of the probability density function of each component
si(t) of S and is estimated by w! h(t).

e h(t) is the whitened version of the observed points x(t).

G; is often approximated with a smoothed version of the negative absolute

function, and is shown in Equation 3.4 [33]:
G(u) = —log(cosh(w)) (3.4)

L(W) is then maximised while maintaining orthogonality between the rows of W
[33]. Once W is determined, A can be obtained by finding the inverse of W and S
can be acquired by multiplying W by the measured signals X.

L(W) can be optimised by a variety of optimisation methods [33], which

constitutes the variations of the ICA algorithm.

Variations of the ICA Algorithm

The general ICA algorithm has been adapted into various algorithms such as
FastICA, extended information maximisation (InfoMax), second order blind
identification (SOBI), and adaptive mixture of independent analysers (AMICA)
[9], [13]. The use of each algorithm depends on the given application. Hyvarinen
et al. [34] discuss such algorithms and provide justification for their selection.
FastICA is briefly described for its applicability in the methodology and for its
use in SCICA, as detailed in Section 3.1.4.
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FastiICA is an efficient, fixed-point iteration algorithm that maximises
non-Gaussianity [34]. FastiCA is more efficient than gradient based methods,
which are commonly used in optimisation [34]. FastICA convergences rapidly
and, unlike gradient based algorithms, has no learning rate and no other adjustable
parameters [34]. This means that FastICA is easy to use and reliable [34]. For a

complete description of FastICA, refer to the original study by Hyvarinen [35].

Following the application of FastICA (or another variant of the ICA algorithm) on
the mixed signals, the mixing matrix and the components are obtained. As with

any algorithm, ICA has limitations.

Limitations of ICA

According to Hyvarinen [33], ICA is limited in the following ways:

1. The signs and scaling (amplitudes) of components are not determined.
2. The ordering of components is not determined and is not necessarily
constant when ICA is applied to the same set of signals.

The first limitation is of minimal relevance as the signs and scaling of components
are accounted for by the mixing matrix. The second limitation may be relevant to
automated processing if a specific order of components is required. However, if
the components need to be manually identified (as in STD-ICA), the order of

components is irrelevant.

3.1.3 Standard ICA (STD-ICA) for Artifact Removal

STD-ICA is the typical approach for artifact removal in EEG applications [14]. In
STD-ICA, unconstrained ICA (described in the following paragraph), such as
FastICA, is applied to EEG data, X, to obtain the mixing matrix, A, and
components, S [14]. The artifact components in S are then visually identified and
zeroed [14]. Thereafter, reconstruction occurs by multiplying A and S to obtain
the cleaned EEG data [14].
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Unconstrained refers to using the general ICA algorithm which is ‘blind’ to the
properties of the measured system, as in BSS. This is contrasted to constrained
ICA where properties of the source signals are incorporated into the algorithm [9].

The constraints may be temporal or spatial [9].

STD-ICA is limited by the need for manual identification of artifact components.
STD-ICA is typically slower than approaches that can be automated and therefore
reduced computation time is required [14]. One such algorithm that achieves this
is SCICA.

3.1.4 Spatially Constrained ICA (SCICA)

SCICA is an adaptation of the ICA algorithm that utilises prior knowledge about
the spatial topography of the system [15]. According to Hesse and James [16] and
Akhtar et al. [14], SCICA has three advantages over unconstrained ICA:

1. Reliable ICA decomposition.
2. Reduced ICA computation time.
3. Known order of constrained sources which is useful for automation of the

algorithm and in turn, for automated noise removal.

SCICA occurs in two stages which are elaborated on in the below subsections.
Firstly, the first n columns of mixing matrix A (in Equation 3.1) are predefined
with the expected spatial topography of n relatively known sources [16]. These
columns (termed constrained columns) are then subject to constraints (termed
spatial constraints) throughout the iterations of the ICA algorithm [16]. Secondly,
ICA decomposition occurs in which the constrained columns undergo an adjusted
algorithm, while unconstrained columns undergo unconstrained ICA

decomposition [16].

The below sections describe: the spatial constraints that are applied to the mixing
matrix A and the determination of spatial topographies of interest; adjustments to
the FastICA algorithm for SCICA,; and the applicability of SCICA to EEG artifact

removal.
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Implementation of Spatial Constraints

To use SCICA, the assumptions of independence and non-Gaussianity in Section
3.1.2 must be relaxed for sources corresponding to constrained columns [15].
Such sources are called constrained sources [16] and are assumed to be
independent of unconstrained sources while not necessarily being mutually
independent of them [15]. The columns subject to constraints are defined in
Equation 3.5 [15]:

A=[4,A,] (3.5)

A, is the resulting constrained columns of A from the initial, predefined columns
A.. A, is the remaining unconstrained columns of A and contains initial guesses
to ensure that the columns in A are independent [15], [16]. The initial guesses for
the constrained columns, A., can be derived from a pre-determined set of sensor
projections [16]. In this study, the sensor projections correspond to the projection
of EMG artifacts across EEG electrodes. The sensor projections are referred to as

the reference or constraint topographies [16].

These topographies can be obtained using a mathematical model of the system or
by a manual selection of sources [16], [36]. Manual selection requires applying an
unconstrained BSS method (such as FastICA) to a previous set of data [16], [36].

Manual selection is the easier of the two approaches and is done by selecting the
mixing vector/s in matrix A corresponding to the component/s containing the
source/s of interest [36]. The mixing vector/s give an approximation of the spatial
distribution of the source/s [36]. To use this approach, it must be assumed that
knowledge of one or several mixing vectors is available and that the spatial, prior
knowledge about the source/s is reliable [36]. In this study, the sources of interest

are those corresponding to EMG artifacts.

Throughout SCICA iterations, A, will diverge from A, depending on the
implemented type of constraint [15]. Depending on the level of uncertainty of

accuracy of the reference/constrained topography, different applications of
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constraints can be implemented [16]. Categories include hard (high certainty), soft
(intermediate certainty), and weak (low certainty) constraints [16]. According to

Hesse and James [16], columns that are subject to:

e Hard constraints — remain fixed.
e Soft constraints — allow for small deviation around the initial guess.

e Weak constraints — are used for an initial guess, after which ICA proceeds

without constraint.

Soft constraints are generally preferred as they allow for a limited amount of
angular divergence from the reference/constraint topography [16]. This restricts
the amount of deviation allowed for the constrained columns in the mixing matrix
as the SCICA algorithm iterates [16].

Implementation of SCICA with FastiICA

SCICA can be implemented for BSS algorithms that either do or do not require
pre-whitening [16]. For example, FastiCA requires pre-whitening whereas the
original InfoMax algorithm does not [16]. As FastiCA is used in the
methodology, SCICA is described for this algorithm. The methodology for other

algorithms is described in detail by Hesse and James [16].

For statistically independent sources, the orthogonal mixing matrix, H, in
Equation 3.2 is orthonormal [16]. Orthonormality must be preserved after each
iteration of the algorithm by a method such as Gram-Schmidt orthonormalisation
[16]. In SCICA, H is represented by Equation 3.6:

H=[H,H,|=QA=Q[4,A,] (3.6)

As H is required to be orthonormal and Ac is specified, Hc will not necessarily be
orthonormal [16]. Therefore, provided that all constrained columns are subject to
the same type of constraint (hard or soft constraints), Hesse and James [16]

propose the following approach for each iteration of the FastICA algorithm:
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1. Apply FastICA to unconstrained columns H,,.

2. Set H=[H, H. and apply Gram-Schmidt orthonormalisation, which
changes H,.

3. Apply the spatial constraints to H, within the now orthonormalised space.

4. Set H=[H.H,| and apply Gram-Schmidt orthonormalisation, which

changes H,,.

The application of orthonormalisation to H and spatial constraints to H., is
sufficient to enforce changes based on the changes applied to the unconstrained

columns [16].

Application of SCICA to Artifact Removal from EEG

In EEG denoising, artifact sources are of interest and can be targeted with SCICA
for stable and efficient ICA decomposition [14], [16]. An unconstrained BSS
algorithm such as FastICA can be used to obtain the reference topographies for
artifact sources, which can then be used as initial guesses in the constrained
columns A¢ [16], [36]. Thereafter, SCICA need only be performed until the
artifact components have converged [14]. In doing so, computation time is
reduced — not all components need to be calculated in each iteration of ICA [14],

[15]. Finally, processing of the artifact components may occur.

3.1.5 Summary

ICA is an unsupervised BSS method that can be used to separate a mixture of
signals into the sources/components that generated the mixed signals and a mixing

matrix which mixes the components to produce the given mixed signals.

The ICA algorithm has been adapted into several variations including FastICA,
InfoMax, SOBI, and AMICA. These algorithms may be used to denoise a mixture
of signals by STD-ICA. In STD-ICA, artifact components are visually identified,

zeroed, and multiplied by the mixing matrix, resulting in denoised signals.

ICA can be spatially constrained by utilising the topographies of signals of

interest — such as artifacts — for reliable, stable, accurate, and efficient
20



decomposition. SCICA may be used to automate denoising algorithms and has
applications in artifact removal from EEG.

3.2 Wavelet Denoising

Wavelet denoising is a powerful, versatile technique which has been used
extensively in EEG denoising [9]. Various aspects of wavelet denoising are

discussed in this section.

Wavelet denoising makes use of the wavelet transform (WT) which models a
given, measured signal, x(t), as a sum of a desired signal, s(t), and additive
noise, v(t) [37]. The WT can be applied to continuous and discrete signals to
localise events in both time and frequency at various, pre-defined resolution levels
[9], [17]. The stationary WT (SWT) is an adaptation of the discrete WT (DWT)

that has been indicated as suitable for denoising applications [14].

The WT, DWT and SWT are described in Sections 3.2.1, 3.2.2 and 3.2.3
respectively. Finally, Section 3.2.4 discusses the wavelet denoising methodology
that has been used in literature and that was employed in this study. The

parameters that affect the success of wavelet denoising are detailed.

3.2.1 Wavelet Transform (WT)

The WT provides good time-frequency presentation and denoising capabilities
[9], [17]. The WT has been used extensively in biomedical signal analysis [9],
[17]. As most biological signals (such as EEG and EMG) are non-stationary, the
WT is preferable to the Fourier transform for multi-resolution analysis [17], [38].

The continuous WT transforms a time signal x(t) according to Equation 3.7 [17]:

X@h) = | w0 3.7)
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Figure 3.1: Examples of mother wavelets. (a) Haar (haar), (b) Daubechies order 4 (db4),
(c) Coiflet order 1 (coifl) and (d) Symlet order 9 (sym9)

Where 1, ,, is the complex conjugate of the wavelet function, ¥, ,, a is the
scaling factor, and b is the time shift factor [17]. Factors a and b are real numbers
[17]. The wavelet function (or “mother wavelet” [20]), ¥4, (t), is defined in
Equation 3.8 [17]:

Vas® == () (3.8)
Via] "\ @

When a is large, the wavelet function is stretched [17]. This is useful for the
analysis of low frequency components [17]. When a is small, the wavelet function
iIs compressed, which is useful for the analysis of high frequency components
[17]. ¥ (¢t) can be of a variety of wavelet families such as the Haar, Daubechies,

Coiflet, or Symlet wavelets [38], which are illustrated in Figure 3.1. Each wavelet
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family can further be described by the number of vanishing moments, also known
as the order of the wavelet [39]. This allows for the generation of different
wavelets within a wavelet family — based on their governing equations — to yield

such wavelets as Daubechies order 1, 2, 3, and more.

3.2.2 Discrete Wavelet Transform (DWT)

The WT can be applied to both continuous and discrete signals [17]. The DWT is
acquired by discretising time, as well as factors a and b [17]. Factors a and b are

discretised according to Equation 3.9 [19]:
a=2 , b=k2/ (3.9)

Where j is the decomposition level and k is the temporal localisation [19]. k
contributes to the extent to which the mother wavelet is shifted in time as
indicated in Equation 3.9. A discrete signal x(n) can therefore be represented as a
series of wavelet coefficients (W) for a desired signal s(n) and additive noise
v(n) in Equation 3.10 [19]:

W,(a,b) = W(a,b) + W,(a,b) (3.10)

The DWT can be modelled as a convolution between the discrete, measured
signal and two filters [20]. The filters are a low pass filter h(n) and a high pass
filter g(n) [20]. The filters allow for an efficient, recursive approach to analyse a
discrete signal, x(n), at different frequency bands [20]. Initially, the bandwidth of
these filters occurs at half the bandwidth of x(n) [38].

The output of each filter is N total wavelet coefficients, resulting in a total of 2N
samples, where N is the number of samples in x(n) [40]. Therefore, every second
sample of the filtered outputs is discarded to maintain the total number of samples
of the input signal [40]. This is called down sampling [40]. After filtering and
down sampling, the output of the low pass filter is called the approximation and
the output of the high pass filter is called the detail [38]. This is one

decomposition — the first decomposition level.
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Figure 3.2: Recursive filtering in the application of the DWT for three decomposition
levels (adapted from [41])
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Figure 3.3: Bandwidths of three decomposition levels with the DWT (adapted from [42])

The filtering process can be applied recursively to the approximation of each
decomposition level [17]. This is shown for three decomposition levels in Figure
3.2. In Figure 3.2, down sampling is represented by |2 [40]. At each
decomposition level, the bandwidth of the applied filters is reduced by half
according to Figure 3.3, where f; is the bandwidth of the input signal [40].

3.2.3 Stationary Wavelet Transform (SWT)

The DWT lacks translation-invariance [14]. This means that the coefficients of a
time-delayed signal are not correspondingly shifted [43]. Translation-invariance is
important in signal processing applications when the arrival time of a signal is
unknown [43]. The SWT is an adaptation of the DWT which achieves

translation-invariance [14], [43].

The SWT does not down sample like the DWT. Instead, it up samples the filter
coefficients [44]. This means that a zero is inserted between each element that the
filter acts on [44]. The up sampling of filter coefficients is done by a factor of

2/=1 on the j™" level of decomposition [14].
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It has been shown that wavelet denoising is improved with translation-invariance
[45] and as such, the SWT provides good denoising properties [14]. The SWT is
also well suited to detect change detection, which is useful for the analysis of
signals such as EEG and EMG [14].

3.2.4 Wavelet Denoising Methodology and Wavelet Denoising Parameters
(WDPs)

According to Uriglien and Garcia-Zapirain [9] and Akhtar et al. [14], wavelet

denoising occurs as follows:

1. Determine a threshold for a noisy signal using a threshold determination
method. The threshold should separate wavelet coefficients associated
with noise (typically lower amplitude) from those associated with the
signal (typically larger amplitude).

2. Apply the WT with a chosen mother wavelet to a certain decomposition
level. The chosen decomposition level should isolate the signal of interest
in time and frequency.

3. Threshold the detail coefficients at the determined threshold using either
hard or soft thresholding. This zeroes wavelet coefficients below the
threshold. Wavelet coefficients above the threshold are maintained at their
value with hard thresholding and are reduced with soft thresholding.

4. Reconstruct the signal with the filtered coefficients using the inverse WT.

As a result, the signal is denoised.

From the above methodology it is clear that wavelet denoising is influenced by
several parameters. These are termed WDPs. WDPs include the mother wavelet
and decomposition level, discussed previously in Sections 3.2.1 and 3.2.2
respectively. Other parameters include the threshold determination method and
thresholding type. This section focuses on the role of these parameters in the

wavelet denoising methodology.
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Mother Wavelet

For improved wavelet denoising, the mother wavelet should approximately match
the signal that needs to be denoised [18]. This is not an intuitive choice and

optimisation methods can assist with this decision, as described in Section 3.4.

Decomposition Level

As shown in Figures 3.2 and 3.3, the decomposition level describes the number of
times that filtering is performed in the DWT or SWT methodology. As such, an
appropriate decomposition level is required to localise the desired signal [14]. For
too little decomposition, the signal will be poorly localised [14]. For too much
decomposition, the signal will be spread across frequency bands, and thresholding

the detail coefficients would smear the signal in time [14].

Threshold Determination Method

A threshold should be determined such that noise and signal wavelet coefficients
can be adequately distinguished to perform wavelet denoising. There are typically
four thresholding methods that are used in wavelet denoising: Sgtwolog, Rigrsure,
Heursure, and Minimaxi [46], [47]. There is a discrepancy between Sqgtwolog in
literature and MATLAB implementation. As MATLAB was used in the
methodology, a fifth threshold determination method is defined as Global. The
literature in Section 3.3.3 uses the Global threshold determination method and

therefore, a distinction is made.

According to Valencia et al. [47], Sqgtwolog uses the universal method to

determine a threshold for a signal according to Equation 3.11:

Where th; is the threshold, w; is the mean absolute deviation (MAD) of the
signal, and N; is the length of the noisy signal [47]. MAD is an estimation of the
noise level [37], and is defined in Equation 3.12 [47]:
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_ median(|w|)

L 3.12
“j 0.6745 (3.12)

Where w is the wavelet coefficient at scale j [47]. In the MATLAB R2015b
implementation of the Sqtwolog threshold determination method, Equation 3.11
is not multiplied by w; [48]. The Global threshold determination method (using a
different MATLAB function) follows Equation 3.11. As MATLAB R2015b was
used in the study, the distinction in naming conventions is used in the remainder

of the dissertation.

The Rigrsure threshold determination method is defined in Equation 3.13 [47]:

th] = 0]'1/ Wp (3 13)

Where o; is the standard deviation of the noisy signal and wy, is the b" squared

wavelet coefficient chosen at minimal risk from the vector W = [wq, w5, ..., wy]
[46], [47]. W contains square wavelet coefficients that have been arranged in
ascending order [46], [47].

The Heursure threshold determination method is a heuristic combination of
Global and Rigrsure but is not described mathematically in the reviewed literature
[46], [47]. The combination is useful because if the signal to noise ratio (SNR) of
the signal is low then Global allows for more appropriate threshold determination
than Rigrsure [47].

The Minimaxi threshold determination method is based on the minimax principle
in statistics [46]. A fixed threshold is used for minimax performance for root
mean square error against an ideal procedure [46], [47]. This is defined in
Equation 3.14 where N is the number of samples:

th; =

{0(0.3936 +0.108291log,N) N > 32}
]

3.14
0 N <32 ( )
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Thresholding Type

Thresholding can either be hard or soft. The performance of each type depends on
the threshold determination method [47]. Hard and soft thresholding are detailed

below.

In hard thresholding, wavelet coefficients are zeroed if they are less than the given
threshold [47]. Otherwise, they are maintained at their original value according to
Equation 3.15 [47]:

Wmn) Wwn)> thj} (3.15)

0 Otherwise

foo =1

Where W(n) is the wavelet coefficient. In soft thresholding, coefficients are
reduced in magnitude if they are greater than the threshold but are zeroed

otherwise, according to Equation 3.16 [47]:

_ sgn(W(n)) X (W(n) — th~) [W(n)| = th;
f@) { 0 ' Otherwise]} (3.16)
Where sgn() is defined in Equation 3.17 [47]:
1 x>0
sgn(x) = { 0 x= 0} (3.17)
-1 x<0

3.25 Summary

Wavelet denoising is a powerful technique with many applications in EEG
denoising. The SWT has advantages over the DWT for this purpose. Wavelet
denoising is influenced by the choice of WDPs such as the mother wavelet,
decomposition level, threshold determination method, and thresholding type. The

combination of WDPs will impact the accuracy of wavelet denoising.
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3.3 Removal of EMG Artifacts from EEG

A variety of algorithms have been proposed in literature to remove EMG artifacts
from EEG. This review addresses different approaches in literature that have been

applied to remove EMG artifacts from EEG. This includes:

e Section 3.3.1 — approaches that are not specific to the BSS problem.
e Section 3.3.2 — techniques that are suited to the BSS problem.
e Section 3.3.3 — the WT in combination with ICA to solve the BSS problem

more accurately.

3.3.1 Non-BSS Based EMG Artifact Removal

Yong et al. [3] and Goncharova et al. [29] used spatial filtering (including
monopolar, bipolar, Laplacian, and common average reference montages) to
remove EMG artifacts from EEG. Both studies reported that facial EMG
contamination is significant across all EEG electrodes and that spatial filtering is
ineffective in EMG artifact removal [3], [29]. This implies that EMG artifact
removal techniques must take all EEG electrodes into account and not only those

over, or adjacent to, individual scalp or facial muscles.

Other EMG artifact removal techniques have been used such as adaptive filtering
in combination with neural networks [49], but this is rare in literature. In general,

BSS approaches are favoured as the problem itself is BSS based.

3.3.2 BSS Based EMG Artifact Removal

Techniques that can solve the BSS problem are generally favoured as a reference
EMG waveform is not available [7], [9]. Such techniques include PCA, canonical
correlation analysis (CCA), and ICA [9]. Standard PCA is inadequate for the
removal of artifacts in EEG, as it models sources as orthogonal [9]. It is more
appropriate to model sources as independent, which is done in ICA [9]. Urigien
and Garcia-Zapirain [9] reported that ICA is comparable to CCA for EMG artifact

removal, and recommended ICA over CCA for this purpose.
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Safieddine et al. [11] contrasted and compared the use of ICA, CCA, empirical
mode decomposition, and the DWT, each in isolation, to remove EMG artifacts
from EEG. Each algorithm was applied to both simulated and real 32-channel
EEG data [11]. Simulations were performed for one and two sources of EMG
artifacts with varying SNRs [11]. For very low EMG SNR (-30 dB), empirical
mode decomposition outperformed the other algorithms [11]. For higher EMG
SNRs (-25 to -5 dB), ICA and CCA performed better [11]. The DWT performed
poorly at very low EMG SNR but improved in performance at higher EMG SNRs
(approximately -20 to -15 dB) [11]. Safieddine et al. [11] reported that the
performance of ICA and CCA might be improved at very low EMG SNR by

utilising additional electrodes.

Taheri et al. [50] showed that a number of ICA methods including SOBI and
FastICA, and CCA are accurate and efficient in the removal of EMG artifacts
from EEG. Leutheuse et al. [51] showed that AMICA outperforms InfoMax in the

removal of EMG artifacts generated by head and neck movements.

As discussed, EMG artifacts can be removed from EEG with relative success by
using variations of ICA. Typically, these approaches are not used in isolation and
can be cascaded from multiple channel to single channel techniques as depicted in
Figure 3.4 [9]. Figure 3.4 illustrates a BSS algorithm applied to EEG data which
generates components. Each component is processed by a single channel based
algorithm before the reconstruction process occurs [9]. Spatially constrained,
wavelet enhanced ICA (SCWEICA) is an example of such a method and is
described in Section 3.3.3. An alternative cascade was implemented by Chen
et al. [1]. The cascade used a single channel algorithm (ensemble empirical mode
decomposition) to generate a multichannel signal which was processed by a

multichannel algorithm (CCA) [1]. Thereafter, reconstruction occurred [1], [9].
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Figure 3.4: Cascading of artifact removal techniques. Adapted from [9].

Multiple denoising techniques may be used in cascade for more accurate
denoising. Therefore, to achieve better denoising, a multichannel BSS method
may be combined with a single channel method. This combination of techniques

is more accurate than applying the methods individually.

3.3.3 Wavelet Enhanced ICA for EMG Artifact Removal

Castellanos and Makarov [19] and Akhtar et al. [14] described the use of the WT
to remove neural signals that leak into artifact components. The artifact
components are output by ICA. Neural signals may leak into artifact components
because of a limited number of electrodes [19]. The limited number of electrodes
constrains the maximum number of sources that can be approximated by ICA
[19]. This is a consequence of assuming that the number of sources is less than or

equal to the number of electrodes (see Section 3.1.2).

To address this problem, the artifact component can be modelled as the sum of a
large amplitude artifact signal and a low amplitude neural signal [19], shown
abstractly in Figure 3.5. During periods where artifacts are not generated, a neural
signal remains in the artifact components [19]. Therefore, the artifact components
cannot be set to zero (as is done in STD-ICA), because relevant EEG information
will be lost [19]. This results in less accurate denoising and therefore, the neural

signal should be retained.
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Figure 3.5: Abstracted wavelet denoising of artifact independent component. (a) Artifact
component with neural ‘noise’. (b) ‘Denoised’ artifact component. () Extracted neural

signal which appears to be ‘noise’ within the component.

Castellanos and Makarov [19] used the DWT to remove neural signals in the
artifact components to ensure that only the artifact is subtracted in EEG
reconstruction [19]. Therefore, the neural signal is preserved [19] which allows
for more accurate artifact removal. This method was called wavelet enhanced ICA
[19]. Akhtar et al. [14] stated that Castellanos and Makarov [19] were the first to

use wavelet enhanced ICA for the removal of EOG artifacts.

Another approach, similar to Castellanos and Makarov [19], used an automatic,
wavelet-enhanced ICA algorithm to remove multiple artifacts, including EMG
artifacts [20]. According to Mammone et al. [20], this artifact removal algorithm
was more successful than wavelet enhanced ICA. Mammone et al. [20] used the
Daubechies order 4 wavelet (db4) to match the spike-like nature of EEG after
assessing different orders of Daubechies wavelets. EMG artifacts were suppressed
and removed in both simulated and real settings [20]. While it was stated that the
EMG artifacts were successfully removed from EEG, the EMG artifact removal

was not quantified.
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Figure 3.6: High level SCWEICA block diagram (adapted from [14])

SCWEICA was described by Akhtar et al. [14]. It is composed of three parts as
per its name, which are described in Sections 3.1.2, 3.1.4, and 3.2:

1. Applying spatial constraints to an ICA algorithm (such as FastICA) by
using the prior, known, spatial information about the artifacts to identify
artifact components [14].

2. Wavelet denoising (using the SWT and Haar wavelet) applied to isolate
the artifact from the leaked EEG signal in artifact components (generated
by SCICA) [14].

The high level SCWEICA denoising process is depicted in a block diagram in
Figure 3.6. After wavelet denoising of artifact components, in which the artifacts
are isolated from leaked neural signals, the artifacts are spatially distributed [14].
This is done by multiplying the mixing matrix by the denoised artifact
components [14]. Finally, reconstruction occurs whereby the spatially distributed
artifacts are subtracted from filtered EEG using matrix subtraction [14].

Akhtar et al. [14] compared SCWEICA to STD-ICA and wavelet enhanced ICA.
SCWEICA achieved better EOG artifact removal than these algorithms from both
simulated and real EEG [14]. For six channels of simulated EOG artifact
contaminated EEG, SCWEICA vyielded 9.02% normalised mean squared error
(NMSE) and MI of 1.34 [14]. NMSE and MI are detailed in Section 3.6. When
utilised on real EEG data (for two subjects) SCWEICA vyielded an average
performance of: 2.16% NMSE and 1.71 Ml over 1.05 s denoising duration [14].
With improved hardware and software, the denoising duration could potentially
be improved to fall within acceptable times for real-time (RT) use.

Akhtar et al. [14] used SCWEICA to remove EOG artifacts from EEG. It is

probable that the SCWEICA algorithm can be extended to remove EMG artifacts,
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owing to the ability of the WT to denoise EMG artifacts [20]. However, from the
noted differences in EOG and EMG (as detailed in Section 2.1.3), it is likely that
the selection of WDPs should differ per artifact removal application for more

accurate results.

3.3.4 Summary

BSS methods are the most suitable to EMG artifact removal from EEG. ICA has
been shown to provide accurate EMG artifact removal and may be improved
when used in conjunction with wavelet denoising. By spatially constraining the
ICA algorithm to obtain SCWEICA, more efficient and accurate artifact removal
from EEG is possible. SCWEICA has been used for EOG artifact removal and is
hypothesised to be applicable to EMG artifact removal. However, this may

require a different selection of WDPs.

3.4 WODP Selection and Optimisation

The combination of WDPs that should be used in wavelet denoising depends on
the particular denoising application [18], [46], [47]. An objective method, such as
optimisation, can be used to determine the desirable combination of WDPs per
application. WDP optimisation has been performed for a variety of temporal
electrophysiological signals such as EEG, EMG, and electrocardiogram (ECG)
[18]. However, to the author’s knowledge, optimisation has not been performed

for the wavelet denoising of artifact components that were produced by ICA.

Section 3.4.1 discusses the justification given in previous studies for WDP
selection to denoise artifact components. Section 3.4.2 describes temporal WDP

optimisation approaches that have been performed in literature.

3.4.1 WDPs for Artifact Component Denoising

This section describes the justification WDP selection in studies that have applied
wavelet denoising to artifact components but did not report optimisation of WDPs
[14], [19], [20]. These studies are summarised below:
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e Castellanos and Makarov [19] used the Global threshold determination
method without specifying the other WDPs used in the study.

e Mammone et al. [20] used the Daubechies order 4 (db4) wavelet at the
third level of decomposition. The third decomposition level was chosen to
approximately match four bandwidths of EEG [20]. The study explored
additional, unspecified Daubechies wavelets [20]. Thresholding details
were not disclosed.

e Akhtar et al. [14] used the Haar wavelet at the fifth level of
decomposition. Thresholding was performed using the Global threshold
determination method and soft thresholding [14]. Reasons for these
choices were justified with literature and were empirical in the case of the
decomposition level. However, it is unclear if optimisation of the WDPs

occurred.

3.4.2 WDP Optimisation for Temporal Signals

WDP optimisation approaches that have been applied to temporal signals are
described in this section. These optimisation methods may be adapted for WDP
selection in wavelet denoising of EMG artifact components generated by ICA in
the SCWEICA algorithm. By optimising the WDPs in SCWEICA, the neural
‘noise’ [14] can likely be better removed from the EMG artifact component/s.
This will likely allow for more accurate EEG reconstruction and overall

denoising.

Rafiee et al. [18] suggested using the Daubechies order 44 wavelet (db44) with
the WT to process various electrophysiological signals. Such signals include EEG
over three midline sites corresponding to the visual cortex, EMG over the
forearm, and vaginal pulse amplitude [18]. The correlation coefficient was used to
judge how well mother wavelet functions matched the average investigated
signals [18]. Refer to the study for details of how the average signals were
determined. Rafiee et al. [18] investigated 324 continuous and discrete individual
mother wavelets from wavelet families at the fourth level decomposition. Wavelet

families included the discrete Haar, Daubechies, Coiflet, discrete Meyers,
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biorthogonal, and Symlet families [18]. Wavelet denoising was not performed in

this study.

Al-Qazzaz et al. [46] assessed a variety of WDPs to determine the best mother
wavelet and threshold determination method. The investigation was done using
soft thresholding at the fourth level of decomposition for EEG denoising [46]. 45
discrete mother wavelets were used, including Daubechies (dbl — db20), Symlet
(syml1 — sym20), and Coiflet (coifl — coif5) [46]. Four threshold determination
methods were investigated, including Global (in an implementation without using
a logarithmic calculation, as defined in Equation 3.11), Rigrsure, Heursure, and
Minimaxi [46]. Denoising performance was assessed with cross correlation, mean
square error, SNR, and peak SNR [46]. The results determined that Symlet order
9 (sym9) and the Rigrsure threshold determination method yielded the best

performance [46].

Valencia et al. [47] compared the wavelet denoising performance of four
threshold methods — Global, Rigrsure, Heursure, and Minimaxi — for both hard
and soft thresholding. This was done on a single EEG channel with the Haar
wavelet at decomposition levels one to ten [47]. White Gaussian noise was added
to the EEG signal before denoising [47]. Performance was measured using root
mean square error and the correlation coefficient [47]. The study found that the
fourth and fifth decomposition levels were optimal for hard and soft thresholding,
respectively [47]. Furthermore, the study found that Rigrsure was the best
threshold determination method [47].

3.43 Summary

Studies that performed wavelet denoising of artifact components selected WDPs
without reported optimisation of the WDPs. Such optimisation was performed in
studies of temporal EEG wavelet denoising and may be adapted for wavelet
denoising of EMG artifact components in SCWEICA. This will likely allow for
better isolation of the EMG artifact from leaked neural signals and, in turn, result

in improved EMG artifact removal.
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3.5 EEG and EMG Artifact Simulations

Simulation is a useful method commonly employed to evaluate the performance
of an algorithm [9], [11]. This is particularly relevant to artifact removal from real
EEG data as an artifact-free, referential EEG signal cannot be recorded [2], [9].
Therefore, simulations can be used for ground truth evaluation of an EEG
denoising algorithm [2], [9]. EEG and EMG artifact simulation methods are
described in Sections 3.5.1 and 3.5.2, respectively.

3.5.1 EEG Simulation

EEG simulation can be performed with methods of varying complexity and
quality [9]. Such methods include use of the spherical head shell model and

inferred simulations from real EEG data.

Spherical Head Shell Model

Makeig et al. [52] used a three-shell spherical head model with four dipoles and
six scalp electrodes. This approach is limited by the number of electrodes and
would need to be expanded to a greater number of electrodes that correspond to
typical brain-computer interface (BCI) based EEG analyses [22]. Typically, 32 or
64 electrodes are used in EEG [22].

A free to use EEG simulation package called BESA Simulator [53] was used by
Nolan et al. [54]. The simulation package allows for dipole sources to be added at
desired locations in the spherical head shell model with individual time-frequency
conditions [53].

A drawback of the BESA Simulator is that the number of necessary dipoles can
be in the order of hundreds, making this process time consuming and tedious.
Nolan et al. [54] used 200 dipoles in their simulations. Dipoles could be
determined by computing the inverse problem, where sources are estimated from
measured EEG [28]. However, this requires real EEG data which was out of the

scope of this study.

37



Wavelet Reconstruction

A realistic EEG simulation approach, called Wavelet Reconstruction, is possible
by using the DWT to decompose real EEG data within the typical EEG frequency
bandwidths [55]. These bandwidths are discussed in Section 2.1.1. A random
selection of the wavelet coefficients can then be used to simulate realistic EEG
data [55].

Bridwell et al. [55] used the DWT on recorded EEG data with a biorthogonal
mother wavelet (bior3.9) over five decomposition levels [55]. The decomposition
levels were then used to approximate the delta, theta, alpha, and beta EEG
bandwidths in terms of wavelet coefficients [55]. The coefficients of each
bandwidth were then distributed using a logistic distribution, which has heavier
tails than a normal distribution [55]. EEG signals were simulated by selecting
random values from each distribution, reconstructing time signals from the
coefficients, and adding the time signals together [55]. This was done in the

following methodology:

1. The EEG electrode topography was simulated by assigning locations of
the electrodes as a series of current sources and sinks [55].

2. Four pairs of electrodes were defined as sources and sinks. One electrode
in each pair outputs the time signal for each bandwidth [55].

3. The signals in the remaining electrodes were determined by spherical
interpolation using EEGLAB [55].

The MATLAB code for this algorithm is freely available. However, real EEG data
is required for Wavelet Reconstruction and each simulation is specific to the
individual whose EEG data was recorded. As the use of real EEG data was out of

the scope of this study, wavelet reconstruction was not viable.

Yeung EEG Simulation

Yeung et al. [24] simulated 31-channel EEG-like data, representative of
uncorrelated background EEG noise. The description of uncorrelated background

EEG noise is discussed with Phasic Peaks in Section 2.1.1, according to the event
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related potential (ERP) processing methodology. The simulation algorithm
requires three parameters: sampling frequency, length of the frames and number
of epochs. Therefore, prior to the discussion of the simulation method, epochs and

frames must be described.

Recorded EEG data is typically divided into a number of epochs (length of time
or samples). Epochs are commonly used for repetitive experiments so that the
repetitions can be compared to one another [24]. Frames are the number of

samples in an epoch.

Yeung et al. [24] simulated 31-channel EEG data by summing 50 sinusoids of
randomly selected frequencies and phases for each epoch. Simulation was
performed separately for each channel [24]. The frequencies of the sinusoids were
in the range of 0.1 to 125 Hz and the phases varied from 0 to 2m [24]. The
maximum amplitude of the signal, at 0.1 Hz, was set to 20 uV [24]. The
remaining amplitudes at each frequency were estimated from the spectrum of an
observed EEG [24]. Thereafter, phasic peaks were added to the random sinusoids
using a single dipole model, as per the standard EEG forward model [24]. As

random parameters are utilised, each EEG simulation will be different.

The same simulation methodology was used again by Yeung et al. in a 2007 study
[26] and other studies including, but not limited to, [1] and [14]. This method is

henceforth referred to as Yeung EEG Simulation.

Yeung EEG Simulation is a simple model used to replicate the primary features of
EEG but is not completely accurate [24]. While this approach yields an accurate
simulation of the spectral characteristics of EEG, it may not fully capture the

synchronisation across multiple channels [9].

The MATLAB code for Yeung EEG Simulation has been made freely available
for reuse. It is simple to implement and adapt to this study. Yeung EEG
Simulation does not require real EEG data, which falls within the scope of the
study. Therefore, this method is superior to Spherical Head Shell Models and

Wavelet Reconstruction despite its limitations.
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3.5.2 EMG Artifact Simulation

The simulation of EMG artifacts in EEG can be accomplished using a number of
methods. Such methods include extracting EMG artifacts from EEG recordings
[11] and bandpass filtering random noise to represent specific muscle activity [1],
[54], [56]. Both methods produce EMG artifacts that can be added to EEG
signals.

Extraction of EMG Artifacts from Real EEG

Safieddine et al. [11] examined real EEG data and extracted 50 epochs containing
EMG interference. The signals were normalised with reference to the channel
with greatest power, and added to simulated EEG signals [11]. It is unclear how
this addition was performed. However, it is likely that the addition was performed
on a channel-by-channel basis, as the extracted epochs encompass all channels in

the time period.

An alternative EMG artifact extraction approach involves instructing a person to
contract and relax muscles during an EEG recording [8]. This method simplifies
the task of searching for EMG artifacts in EEG recordings. Thereafter, the EMG

artifacts can be extracted and added to EEG signals.

The above approaches assume that EMG artifacts are absent when the subject is at
rest, and that neurological activity is constant throughout rest and during
contraction periods [8]. These two assumptions are inconsistent with the nature of
EEG and EMG artifacts [8]. Therefore, the addition of these signals is not truly
representative of EMG artifacts in EEG for the purposes of simulation.
Furthermore, these approaches require real EEG data which was out of the scope
of this study.

Bandpass Filtering Random Noise

Delorme et al. [56] modelled EMG artifacts in EEG by bandpass filtering random
noise between 20 and 60 Hz with a finite impulse response filter. The noise

characteristics were unspecified. The filtered noise was multiplied by a
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32-channel muscle map, representative of a temporalis muscle contraction [56].
Temporalis muscle contraction occurs when the jaw is clenched [29]. A muscle
map refers to the distribution of a muscle contraction across scalp electrodes —
called EMG weights — which were isolated by ICA [56]. The muscle map had
high gains at temporal electrodes and near zero gain at other electrodes [56]. This
EMG simulation method was also used by Mammone et al. [20].

The above method by Delorme et al. [56] was adapted for 134-channel EEG by
Nolan et al. [54]. According to this method, and from the simulation code
provided by Nolan et al. [54], random noise was bandpass filtered between 20 and
60 Hz using a finite impulse response filter and added to simulated EEG signals
on an epoch-by-epoch basis [54]. For each epoch there was a 35% chance that a
contraction would be simulated [54]. If a contraction occurred, the length of each
simulated EMG contraction occupied a random portion of the epoch [54]. The
start and end of the contraction within an epoch, and the amplitude factor, were
randomly chosen [54]. The amplitude factor was multiplied by the EMG weights
at each electrode [54]. The spatial distribution of the contractions was performed
by multiplying the contractions with a 134-channel scalp muscle map,
representative of right-side temporalis muscle contraction [54].

Chen et al. [1] implemented a similar method whereby random noise was filtered
between 20 and 60 Hz. However, a different spatial distribution method was used.
The amplitudes of these signals were multiplied by a 19 x 19 mixing matrix [1],
as shown in Equation 3.1. Each column of the mixing matrix contained between
five and eight non-zero entries to represent the fact that electrodes can detect
EMG signals from nearby muscles as the signals attenuate [1].

The method by Chen et al. [1] is less representative of spatially distributed EMG
artifacts than using a muscle map, as implemented by Delorme et al. [56] and
Nolan et al. [54]. Therefore, for more realistic EMG noise simulation, a muscle
map should be used similarly to Delorme et al. [56] and Nolan et al. [54].
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3.5.3 Summary

A variety of EEG and EMG simulation methods have been discussed which may
be used to simulate EMG artifact contaminated EEG (EAC-EEG). The best
combination of methods is Yeung EEG Simulation and EMG artifact simulation
with muscle maps. Both approaches do not require real EEG to generate
simulations but used real EEG to produce the algorithms. As such, these methods
approximate real EAC-EEG which will allow for assessment of SCWEICA in

EMG artifact removal.

3.6 Performance Measures

To assess the performance of an EEG artifact removal algorithm, it is necessary to
quantitatively measure its accuracy and efficiency. Accuracy measures include
NMSE, MlI, and absolute, maximum cross-correlation (AMCC). These measures
are discussed in Sections 3.6.1, 3.6.2, and 3.6.3, respectively. A commonly used
efficiency measure is duration, which is described in Section 3.6.4. Additionally,
it is useful to contrast the performance EEG artifact removal algorithms against
each other using relative difference. Relative difference is described in Section
3.6.5.

3.6.1 Normalised Mean Square Error (NMSE)

NMSE is the most prevalent verification measure for artifact removal [9]. It
measures the deviation between reference and denoised signals [9]. NMSE is
defined in Equation 3.18 [14]:

(3.18)

NMSE = E{ ?’:0[21(1') - Zz(i)]z}

T olz1 (D)2
Where z, (i) is the artifact free, reference signal, z, (i) is the cleaned signal after
artifact removal, N is the total number of samples, i is the corresponding sample
in the signals and E {-} is the mathematical expectation [14]. The lower the

NMSE, the more closely the cleaned signal represents the reference signal.
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NMSE does not fully quantify the dynamics of EEG, as it compares the deviation
of signals on a point-to-point basis [14]. Therefore, the cleaned signal must also
be quantified with M1 [14].

3.6.2 Mutual Information (MI)

MI is a measure of the mutual dependence between two random variables z; and
z, [14], [33]. Ml is defined in Equation 3.19 [14]:

MI =f_ f_ £(z1,2,)l0g (%) dz,dz, (3.19)

Where f(z,,z,) is the joint probability distribution function of z; and z,, and
f(z,) and f(z,) are the marginal probability distribution functions of z; and z,,
respectively [14]. MI is non-negative and zero if z; and z, are independent [14].
The larger the MI, the more related the two variables [14]. When applied to the
reference and cleaned EEG signals, it can be determined how closely the cleaned
signal represents the artifact-free reference signal [14].

Normalised Mutual Information (NMI)

Normalised MI (NMI) is a version of MI that ranges from 0 to 1 [57]. NMI is
calculated by dividing Equation 3.19 by the minimum entropy of the two signals,
z, and z,[57]. z; and z, are modelled as random variables [57]. When comparing

two signals, NMI may be preferable to M1 as M1 is does not have an upper limit.

3.6.3 Absolute Maximum Cross-Correlation (AMCC)

Cross-correlation measures the similarity of two time series functions of equal
lengths that have been delayed from one another by a constant delay, A [58].
Cross-correlation is defined in Equation 3.20 [58]:

s = % Tiso' (@ () — E{z ) (z;(i + 1) — E{z,}) (3.20)

ngiz)ﬂ(zl(o CE{2)? M2 — Efz,)?
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Where Ae{1—N,2—N,..,N—2,N—1}and ¢, ,, ranges from -1 to 1 [58].

AMCC is the absolute, maximum value in the cross-correlation signal.

If the AMCC is one, the signals are perfectly correlated at shift A; if the AMCC is
close to zero, there is no correlation between the signals [58]. The AMCC is
therefore the largest value determined by cross correlation and if greater than

zero, it implies that there is a possible causal relationship between z; and z, [58].

3.6.4 Computational Efficiency

As the computational complexity of a denoising algorithm is essential for its
real-time (RT) applicability, it is necessary to quantify the speed of the algorithm
[9]. The time taken for an algorithm to complete (converge) depends on the
hardware and software on which the process is run, and on the complexity of the
algorithm itself. By measuring the duration of an algorithm, the potential RT use
of the algorithm can be determined.

3.6.5 Relative Difference

To compare the performance of an artifact removal algorithm to another, it is
useful to compare each algorithm using the same measure using relative

difference. This can be done using Equation 3.21:

X —
Relative Dif ference (%) = 4

X 100 (3.21)

The interpretation of relative difference depends on the performance measure that
generated the results. A larger positive value in terms of AMCC and MI indicates
that the denoising algorithm that produced x performs better than the algorithm
that produced y. A larger, negative value in terms of NMSE and denoising
duration indicates that the denoising algorithm that produced x performs better

than the algorithm that produced y.
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3.7 Chapter Summary

EMG artifacts are challenging to remove from EEG and may hinder the
interpretation of EEG signals. The literature review shows the viability of
exploring SCWEICA for EMG artifact removal from EAC-EEG — which has not
been performed before. SCWEICA can be adapted for accurate EMG artifact
removal by optimising the WDPs. This distinguishes an optimised algorithm
(denoted O-SCWEICA) from its unoptimised equivalent (denoted U-SCWEICA).
The performance of O-SCWEICA can be quantified by using simulations for
ground truth assessment, and a variety of accuracy and efficiency performance

measures.
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Chapter 4 — Problem Specification

The research question (RQ) and research areas (RAs) for this study are presented
in Sections 4.1 and 4.2, respectively. The hypotheses for the study are outlined in

Section 4.3, and Section 4.4 describes the expected outcomes of the study.

4.1 Research Question (RQ)

This study aims to answer the following RQ: to what extent can spatially
constrained, optimised, wavelet enhanced FastiICA remove EMG artifacts from

EEG, both accurately and efficiently in time, for later real-time adaptation?

The new EMG artifact removal algorithm explored in this study, optimised
SCWEICA (O-SCWEICA), needs to be compared to existing algorithms to assess
its relative performance. The existing algorithms are previous EEG artifact
removal methods used in literature: SCWEICA and STD-ICA.

In the RQ, accuracy refers to the comparison between ground truth, clean EEG
and EEG after EMG artifact removal. The comparison can indicate how closely
artifact removal reconstructs the ground truth, clean EEG. Accuracy was
quantified in terms of AMCC, MI, and NMSE. In the RQ, efficiency pertains to
the computation time of the algorithm. The efficiency measure may indicate the
capability of O-SCWEICA to remove EMG artifacts from EEG in real-time (RT).

The four performance measures — AMCC, MI, NMSE, and denoising duration —
were used to compare O-SCWEICA to existing EEG artifact removal algorithms,
to answer the RQ. The comparison was made using relative difference to easily

understand and identify differences in performance.
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4.2 Research Areas (RAS)

To answer the RQ, three RAs were identified. The RAs are shown in Figure 4.1
and are each described in Sections 4.2.1, 4.2.2, and 4.2.3.

4.2.1 Research Areal (RA1)

RAL involves the selection of an appropriate decomposition level to ensure that
SCWEICA can remove EMG artifacts from EEG. This change to SCWEICA is
termed unoptimised SCWEICA (U-SCWEICA). From the description of
SCWEICA, Akhtar et al. [14] allowed for selection of the decomposition level to
isolate a particular artifact. The other WDPs — Haar mother wavelet, Global

threshold determination method, and soft thresholding — were fixed.

4.2.2 Research Area 2 (RA2)

RAZ2 requires the optimisation of WDPs in the SCWEICA algorithm for optimal
EMG artifact isolation in the ICA artifact component. This adaptation of the
SCWEICA algorithm is termed O-SCWEICA.

4.2.3 Research Area 3 (RA3)

RA3 comprises the performance comparison of EMG artifact removal algorithms
applied to EMG artifact contaminated EEG (EAC-EEG) simulations. The
algorithms are: O-SCWEICA, U-SCWEICA, and STD-ICA. The performance of
the EMG artifact removal algorithms are quantified in terms of accuracy and

efficiency, allowing for relative performance comparison.

——————————————————————————————————————————————————————————————————————————————————————————————

Literature o RA1 b RA2

1 ! 1

: U-SCWEICA . 0-SCWEICA

1 v 1 !

STD-ICA | scwrica i b EMG R EMG
EOG | EMG EOG Decomposition level selection | | E Optimisation of WDPs for
for EMG artifact removal i ! EMG artifact removal
1
RA3

Figure 4.1: Development of RAs
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4.3 Hypotheses

It is hypothesised that:

1. The optimisation of WDPs will allow for more accurate EMG artifact

removal from EEG when using O-SCWEICA, as compared to
U-SCWEICA and STD-ICA.
O-SCWEICA can produce more accurate EMG artifact removal
(compared to existing algorithms) when applied to relatively short
windows of sampled data. Hence, in future O-SCWEICA may be adapted
for RT EMG artifact removal.

4.4 Expected Outcomes

The expected outcomes for this research include:

1.

3.

A WDP optimisation methodology for EMG artifact removal from EEG,
with reference to the components generated by ICA. This has not been
done in literature according to the author’s knowledge.

The first application and quantification of the performance of SCWEICA
(unoptimised or optimised) for the removal of EMG artifact from EEG.

An indication of whether or not O-SCWEICA is a viable algorithm for RT

EEG artifact removal applications.
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Chapter S — Methodology

This chapter details the methodology developed to implement the research areas

(RAs) and to answer the research question (RQ). The RAs necessitate a

framework to implement and test the algorithms. Methods for the simulation of

ground truth signals are first described. Thereafter, the development of EMG

artifact removal algorithms pertaining to each RA are detailed, followed by the

experimental procedures for performance analysis. The high-level block diagram

for the methodology is presented in Figure 5.1, and is referred to extensively

throughout the chapter.
i Simulations
1
! EMG Artifact TN . .
1 < —_
| Siilation \+ EEG Simulation
[}
EAC-EEG Ground Truth
EEG
e s | R (SRR NI
! EMG Artifact
E S A Removal 3
! e el erolsins Artifact Topography
! Parameter Selection (A) Determination
i and Optimisation <
1
E Denoising
1 Algorithms L
i A 4 v A
1
] SCWEICA 4 Standar.d.ICA
5 Denoising
———— A S
Optimised SCWEICA| |Unoptimised SCWEICA Standard ICA
Denoised EEG| |Denoised EEG Denoised EEG

__________________

4

Performance Comparison

A

A\ 4

Comparison of Denoised EEG (from each algorithm) and Ground Truth EEG

Figure 5.1: High-level block diagram of the methodology used in this study
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Section 5.1 describes the simulation of ground truth EEG, EMG artifacts, and
their addition to form EMG artifact contaminated EEG (EAC-EEG). A key
component of the EMG artifact generation was mapping the electrode layouts
from 134 electrodes (as per the original EMG simulation code by Nolan et al.
[54]) to 31 electrodes (as per Yeung EEG Simulation). Mapping was based on the
shortest straight-line distance between the electrodes in each layout, and allowed
for the addition of the EEG and EMG artifact signals. Thereafter, the generation

of datasets for testing is described.

The implementation of the SCWEICA algorithm, is foundational to RA1 and
RAZ2, and is described in Section 5.2. The implementation for RA1 is described in
Section 5.3, where SCWEICA was adapted for EMG artifact removal from
EAC-EEG. This was done by selecting the appropriate decomposition level while
maintaining the other WDPs, as described by Akhtar et al. [14]. Section 5.4
details the implementation of RA2, where the WDPs in SCWEICA were
optimised for EMG artifact removal from EAC-EEG.

Section 5.5 outlines the experimental procedure, defined in RA3, to compare the
performance of O-SCWEICA against U-SCWEICA and STD-ICA. The
experimental procedure is discussed in terms of performance measures and

datasets that were employed.

5.1 Generation of Simulated Data

This section describes the “Simulations” block in Figure 5.1, which is divided into

four subsections as follows:

e Section 5.1.1 outlines the simulation of the ground truth EEG signals.

e Section 5.1.2 details the simulation of EMG artifacts and the addition of
the EMG artifacts to the EEG signals. This results in EAC-EEG, shown in
Figure 5.1.

e Section 5.1.3 presents validation of the simulations.
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e Section 5.1.4 details the generation of datasets from the simulated signals.
The datasets were used for performance assessment of the denoising

algorithms, as shown in the Performance Comparison block in Figure 5.1.

5.1.1 Ground Truth EEG Simulation

Yeung EEG Simulation [24], [26], as described in Section 3.5.1, was used in this
study to generate EEG-like signals. The MATLAB code for the simulation

algorithm was obtained from one of the authors of [24], [26].

The simulated, ‘clean’, 31-channel EEG serves as a ground truth measure for
comparisons after EMG artifact removal from EAC-EEG, as shown in Figure 5.1.
This set of signals should represent an ideal signal, after perfect filtering removed
all artifacts and noise from real EEG, for a person with no abnormalities in their
EEG signals. An example of a ‘clean’ EEG simulation is presented in Figure 5.2.

The simulation in Figure 5.2 was run for 20 seconds at a sampling frequency of
250 Hz, with 500 frames and 10 epochs, for a total 5000 samples per channel
[24], [26]. Each epoch corresponds to two seconds to ensure that EMG simulation
would be likely to occur, as discussed in Section 5.1.2, and would be

representative of sustained muscle contraction rather than muscle twitches.

The 31 channels used for the simulation are shown topographically over the head
in Figure 5.3, and are filled in grey. In Figure 5.3, “nasion” refers to an
intersection of three bones just above the bridge of the nose and “inion” refers to
the tip of the external occipital protuberance at the back of the head [59]. These
points serve as references in analysis of the skull and are used as guidelines for

electrode placement [59].
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Figure 5.3: A 64 EEG electrode layout according to the international 10-20 system, with
the 31 simulated electrodes filled in grey (adapted from [60])
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Figure 5.4: The spectra of (a) typical, observed EEG used to simulate ‘clean’ EEG signals
and (b) simulated EEG from channel FCA4.

The spectrum of a typical, observed EEG (from the MATLAB code provided by
[24], [26]) is shown in Figure 5.4a. Yeung et al. [24], [26] derived this spectrum
from empirical observations of EEG data in an EEG study of 16 subjects. EEG
simulation results in a similar spectrum to that of Figure 5.4a and is shown in

Figure 5.4b for a randomly selected channel (FC4 in this case).
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According to Yeung et al. [24], the simulation method was intended to replicate
primary, observable features of empirically acquired EEG data from their
experiments. One of the main drawbacks of this method is that the same
frequency distribution, in Figure 5.4a, was used across all electrodes and is not
electrode specific [24]. Similarly to Yeung et al. [24], this study is intended to
perform EMG artifact removal and does require a reliable and accurate EEG
simulation method to validate the artifact removal algorithm. Consequently, the

drawbacks of the method can be disregarded for the purposes of this study.

5.1.2 EMG Artifact Simulation and Their Addition to ‘Clean’ EEG

This section details the EMG artifact simulation method used in the study to
obtain EAC-EEG, indicated in Figure 5.1. EMG artifact simulation was based on
Nolan et al. [54] and Delorme et al. [56], using code provided by Nolan et al.
[54]. The simulation code was adapted for use in this study. The details of this
approach is described in Section 3.5.2.

A key part in implementing the EMG artifact simulation algorithm was mapping
the electrode layouts from a 134-electrode topography to a 31-electrode
topography. This was required as the EMG simulation code provided by Nolan et
al. [54] needed to be adapted for use in the 31-electrode layout used in EEG

simulation, shown in Figure 5.3.

This mapping enabled adaptation of the 134-channel EMG weights, provided with
the EMG simulation code, to represent 31-channel EMG weights. EMG weights
are discussed in Section 3.5.2. The EMG weights were then spatially distributed
(to represent electric field attenuation) to simulate a spatially distributed EMG
artifact from the right temporalis muscle across the 31 electrodes. Mapping the
electrode layouts and EMG weights is summarised in Figure 5.5. The EMG
weights can then be used to simulate left, right, or both temporalis muscle
contractions for the generation of unilateral or bilateral EMG artifacts. Finally, the
spatially distributed EMG artifacts were added to the ‘clean’ EEG signals,
resulting in EAC-EEG.
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Figure 5.6: Mapping of a (a) 128-electrode layout (the six additional EOG and mastoid
electrodes used in [54] are not shown) to a (b) 31-electrode layout (adapted from [61] and

[60], respectively)

Mapping of Electrode Layouts

The EMG weights provided with the EMG artifact simulation code was for 134
electrodes according to the 10-5 system [54]. This study used 31 electrodes
according to the 10-20 system, as per Yeung EEG Simulation [24]. The 10-20 and
10-5 systems are standardised methods for EEG electrode placement, which
utilise relative distances based on cranial features [62]. The 10-20 system is used
for less dense EEG layouts, such as 21 or 31 electrodes, and the 10-5 system is
used for more dense EEG layouts (typically for more than 300 electrodes) [62].
Therefore, to simulate EMG artifacts over a 31-electrode topography, the
134-electrode layout needed to be mapped to a 31-electrode layout. This is shown
in Figure 5.6. The mapping procedure is an original algorithm and was

specifically developed for this study to add EMG artifacts to EEG signals.
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The 134-electrode layout was in three dimensional Euclidean coordinates,
however, the 31-electrode layout was in polar coordinates. EEGLAB was used to
determine the appropriate XYZ coordinates for the 31-electrode layout [63]. As
per EEGLAB, each axis in the XYZ domain ranges from -1 to 1 [63]. Therefore,
the distances used in this domain were normalised — relative — distances of the
electrodes used in practise.

Relative distances are used as the sizes of peoples’ heads vary and the placement
of electrodes is based on physical features of the head, primarily the distance from
the nasion to inion [64]. The nasion and inion are illustrated in Figure 5.6b.
Electrodes are placed at 20% and 10% of the distance from the nasion to inion as
per the 10-20 system [64]. Additionally, a reference electrode is required and is
placed at the vertex of the head — typically electrode C; in the 10-20 system — for
consistency between subjects.

The electrodes of the two topographies were overlaid in the XYZ domain and the
nearest electrodes (based on shortest three-dimensional Euclidean straight-line
distance) were selected for mapping between the layouts. The error in mapping
electrodes was calculated as a percentage of the diameter of the head. As per the
EEGLAB coordinate system, the diameter of the head is 2 units. Therefore, the
error was calculated according to Equation 5.1:

distance between electrodes

E %) = 1 1
rror (%) diameter of the head x 100 G-

The calculation assumes that the electrodes are represented as points located at the
centre of mass of each electrode. Hence, the distance between electrodes is
calculated from the centre of one electrode to the centre of another. As such, the

spatial characteristics of the electrodes did not need to be considered.

Table 5.1 shows the nearest electrodes between the two electrode layouts, the
three-dimensional Euclidean straight-line between them, and the error in the
electrode mapping. This constitutes the electrode mapping table shown in Figure
5.5.
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Table 5.1: Distances and distance errors between the target electrodes in the 31-electrode

layout and the source electrodes in the 134-electrode layout

Target Electrode | Source Electrode St';;gtgtn:;;ne DIStar(]g/i )Error
FP1 C28 0.0238 1.19
FP2 C15 0.0238 1.19
AFz C20 0.0175 0.875

F7 D6 0.0896 4.48
F3 C25 0.1568 7.84
Fz c21 0.0678 3.39
F4 C12 0.1568 7.84
F8 C6 0.0896 4.48
FT7 D9 0.1194 5.97
FC3 D3 0.1387 6.94
FCz C23 0.0070 0.35
FC4 C3 0.1387 6.94
FT8 B28 0.1194 5.97
T7 D21 0.0618 3.09
C3 D18 0.0513 2.57
Cz Al 0 0
C4 B21 0.0513 2.57
T8 B24 0.0618 3.09
TP7 D26 0.0639 3.20
CP3 D28 0.1232 6.16
CPz A3 0.0339 1.70
CP4 B18 0.1232 6.16
TP8 B16 0.0639 3.20
P7 D30 0.0572 2.86
P3 A6 0.1034 5.17
Pz Ad 0.0513 2.57
P4 B3 0.1034 5.17
P8 B12 0.0572 2.86
01 Al6 0.0381 1.91
Oz A22 0.0980 4.90
02 A29 0.0381 1.91
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Table 5.1 shows that the maximum error between electrodes was 7.84% for
electrodes F3 and C25, and electrodes F4 and C12. These electrodes do not
contain large EMG weights, as shown in Figure 5.7b. Therefore, the error is
tolerable. As these EMG weights are relatively small, it is assumed that they will

not contribute greatly to the simulated EMG artifact.

The electrode mapping table in Table 5.1 allowed for mapping from the
134-electrode layout to the 31-electrode layout. In turn, this enabled the
approximation of the muscle maps from one layout to another. This was done
using the EMG weights in the provided EMG simulation code, as shown in Figure
5.5.

Determination of 31-Channel, Spatially Distributed EMG Weights

Using the electrode mapping table, the EMG weights of the 134-electrode muscle
map (Figure 5.7a) were converted to an equivalent 31-electrode muscle map
(Figure 5.7b). In Figure 5.7a, the labels between the start of each set of electrodes,
A to D, are not listed for the purposes of visibility. Each set of electrodes, A to D,
contain 32 electrodes, whereas set EXG has six electrodes — the additional EOG

and mastoid electrodes used in [54].

For example, the EMG weight for electrode FP1 in the 31-electrode layout was
set as the EMG weight for electrode C28 in the 134-electrode layout. The largest
EMG weight in Figure 5.7b is in electrode FT8 which is representative of a right
temporalis muscle contraction [65]. This corresponds with Delorme et al. [56] and

is used as validation of the mapping process.

The mapping of EMG weights from the 134-electrode layout (Figure 5.7a) to the
31-electrode layout (Figure 5.7b) may lose EMG weight information. This is
acceptable because when a sparser electrode layout is used rather than a denser
electrode layout, there will inevitably be a loss of information. As such, this is
realistic for the use of a 31-electrode layout.
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The EMG weights for the 31-electrode layout, shown in Figure 5.7b, were then
spatially distributed over the electrode layout, resulting in Figure 5.7c. The spatial
distribution follows the code provided by Nolan et al. [54] and was performed

according to Equation 5.2:

W, = |\/W| X /max(W) (5.2)

Where W is the vector of EMG weights and W; is the vector of spatially
distributed EMG weights. Spatial distribution allows for realistic EMG artifact
simulation. The spatially distributed EMG artifact can then be added to the
31-channel, ‘clean’ EEG (described in Section 5.1.1), by matrix addition to obtain
EAC-EEG.
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Figure 5.7: Mapping of EMG weights. (a) EMG weights for the 134-electrode layout.
(b) EMG weights for the 31-electrode layout. (c) Spatially distributed EMG weights for
the 31-electrode layout.
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Side-Based Muscle Contraction Simulation

The muscle map in the EMG simulation algorithm was representative of a
right-side temporalis muscle contraction [54]. The algorithm was further adapted
to allow for simulation of a left-side temporalis muscle contraction and for the
simulated contraction of both temporalis muscles. This resulted in unilateral or
bilateral EMG artifacts. The simultaneous contraction of both muscles is the most

likely combination of contractions, as the muscles act together to clench the jaw.

The primary electrodes in the 31-electrode layout affected by right-side temporalis
muscle contraction are shown in Figure 5.8a. This figure illustrates the primary
affected electrodes before spatial distribution of EMG weights. This configuration
can be projected for left-side temporalis muscle contraction or for the contraction

of both temporalis muscles, before the spatial distribution of EMG weights.

For left-side, unilateral temporalis muscle contraction, the midline EMG weights
were maintained, while the left and right sides were swapped appropriately. For a
bilateral temporalis muscle contraction, the right-side EMG weights were copied
to the left side and the midline was maintained. The primary affected electrodes
for the left-side and both sides are shown in Figures 5.8b and 5.8c, respectively.
Once the EMG weights are spatially distributed, they affect all 31 electrodes as
shown in Figure 5.7c¢ (for right-side temporalis muscle contraction).

If left-side unilateral or bilateral EMG artifacts were simulated, the EMG weights
were varied on the left side within a user-defined percentage. For example, if
a -5% variation is desired, the left-side EMG weights will be 5% smaller than the
original values. The right-side EMG weights were kept constant with the original
EMG weights.

The left-side EMG weights were varied as it is unlikely that muscles on either
side of the body will have the same contraction power; even if they vary slightly
[66]. This may occur owing to hypertrophy or atrophy of one of the temporalis
muscles [67], [68].
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Figure 5.8: Primary electrodes (filled in grey) affected by: (a) right-side temporalis
muscle contraction, (b) left-side temporalis muscle contraction and (c) both left-side and
right-side temporalis muscle contraction. Adapted from [60].

EMG Artifact Contaminated EEG (EAC-EEG) Simulation

This section describes the simulation of unilateral right-side temporalis muscle
contraction. The simulation of left-side or right-side unilateral temporalis muscle
contractions will primarily affect different electrodes, shown in Figures 5.8a and
5.8b, respectively, but are fundamentally similar. The same applies to the
simulation of bilateral temporalis muscle contraction. An example of simulated
EMG artifacts for 31 electrodes is shown in Figure 5.9. The EMG artifact was
then added to ‘clean’ EEG to form EAC-EEG, as shown in Figure 5.10.
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Figure 5.10: Simulated EAC-EEG

A comparison of the spectrum of channel FT8 — the channel with the largest EMG
artifact from right-side temporalis muscle contraction — before and after the
addition of EMG artifacts is shown in Figures 5.11a and 5.11b, respectively. The
isolated EMG artifact in channel FT8 is displayed in Figure 5.11c. There is a
distinct increase in power in the 20 to 60 Hz range from Figure 5.11a to Figure
5.11b owing to the addition of EMG artifacts.
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Figure 5.11: Comparison of the spectrum of channel FT8 (a) before and (b) after the
addition of EMG artifacts. (c) Spectrum of isolated EMG artifact in channel FT8.

5.1.3 Validation of Simulations

The simulations in this study are assumed to replicate normal EEG signals.
Normal EEG is defined as EEG in the absence of identifiable abnormalities, such
as signals that are indicative of epilepsy and other disorders [23], [69]. It is
difficult to validate the simulations quantitatively because, in the absence of
identifiable abnormalities, no feature or characteristic of EEG makes it normal
[23]. Therefore, the simulations were validated by methodologies of the studies
that introduced the simulation techniques. In this study, simulations were

generated utilising two methods:

1. EEG simulation by Yeung et al. [24], [26].
2. EMG artifact simulation by Nolan et al. [54] and Delorme et al. [56].
64



Yeung et al. [24], [26] utilised real EEG from their experiments to generate an
average EEG spectrum, which was used in the simulation methodology. The
spectrum of simulated EEG in this study is comparable to the spectrum of that by
Yeung et al. [24], [26], as shown in Figure 5.4. Deviations in the spectrum are a

result of the random nature of the simulation method, as detailed in Section 3.5.1.

Nolan et al. [54] and Delorme et al. [56] derived a temporalis muscle map for
EMG artifact simulation from real 134-channel EEG using ICA [56]. The
bandwidth of random noise used to represent a temporalis muscle contraction was
representative of the indicated muscle [56]. The muscle map was then reduced to
31 channels in this study.

The simulated EMG artifact was subsequently added to the EEG simulation, as
illustrated in Figure 5.10. Changes in the spectrum of the simulated signals were
observed as expected and are shown in Figure 5.11. Therefore, there is confidence
that simulations in this study approximate both real, ‘clean’ EEG and real
EAC-EEG.

5.1.4 Simulated Datasets to Address the RAs

To implement the RAs described in Section 4.1, simulated EAC-EEG was

required. Therefore, various datasets were simulated and divided into two groups:

1. A dataset for WDP selection for U-SCWEICA (RA1) and O-SCWEICA
(RA2).

2. Datasets for EMG artifact removal denoising performance comparison
between O-SCWEICA, U-SCWEICA, and STD-ICA (RA3). These
datasets varied in both signal duration and artifact topography to

thoroughly assess denoising performance.

The datasets consist of 20 sets of simulated data. Each set comprises a reference
signal/s and a signal/s to be cleaned. The datasets are described in Table 5.2 and

elaborated on in the subsequent sections. The number of datasets were chosen to
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show the effects of artifact removal offered by each algorithm. The datasets were
used in the experimental procedures in RA3, which is discussed in Section 5.5.

Table 5.3 shows the signals in the WDP selection dataset and datasets generated
for algorithm performance comparison. Unless otherwise specified, simulations
were performed for 20 seconds at 250 Hz with 500 frames and 10 epochs — the
required parameters in EAC-EEG simulation — for a unilateral right-side EMG

artifact with 0% left-side variation.

Table 5.2: Datasets for WDP selection and performance comparison

RA/s Involved | Dataset Category Dataset Name Number of
Datasets
RA1 and RA2 WNDP Selection WDP 1
Reference 1
Comparative MATLAB 1
Datasets Optimisation
Akhtar Comparison 1
RA3 Duration-Varying | Towards Real-Time 3
Datasets Offline 5
Artifact Left-Side 7
Topography _
Datasets Both-Sides 7

Table 5.3: Signals in the WDP dataset and datasets for performance comparison of EMG

artifact removal algorithms

Datasets

Reference Signal/s

Signal/s to be Denoised

WDP

EMG signal before
addition to ‘clean’ EEG

EMG artifact component
generated by FastICA

Performance comparison
of EMG artifact
removal algorithms

‘Clean’ EEG

EAC-EEG
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Dataset for WDP Selection

The process of obtaining each set of signals in this dataset, denoted the “WDP

Dataset”, is summarised below:

e EAC-EEG simulation.

e The spatially distributed EMG artifact (before addition to ‘clean’ EEG)
from one channel was saved. Any channel could be chosen since the signal
was normalised in the optimisation process, as discussed in Section 5.3.2.

e EAC-EEG was processed with unconstrained FastICA and the resulting
components were visually inspected. The artifact component

corresponding to the EMG artifact was identified and saved.

Datasets for EMG Artifact Removal Performance Comparison

Three datasets, denoted “Comparative Datasets”, were used to compare artifact
removal performance. The datasets are the Reference Dataset, MATLAB

Optimisation Dataset, and Akhtar Comparison Dataset.

The Reference Dataset was generated to enable performance comparison of all
other denoised datasets within the study. The EAC-EEG and corresponding

‘clean’ EEG were saved for each set of simulations.

As detailed in Section 6.3.2, MATLAB optimises functions with each repeated
iteration and, as such, testing numerous datasets concurrently causes the duration
of each iteration to decrease (on average). This leads to an inaccurate
representation of the efficiency of the algorithms in the initial versus later
denoising iterations. To illustrate this, the Reference Dataset was processed a
second time but with the optimisation option on. The new dataset was named the
MATLAB Optimisation Dataset. Testing of the MATLAB Optimisation Dataset
is the only scenario where the optimisation option was enabled. For all other tests,

where duration is vital, this option was disabled.

The Akhtar Comparison Dataset was generated to compare the results of this
study to Akhtar et al. [14]. This dataset was simulated to resemble the simulations
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used by Akhtar et al. [14]. Therefore, the sampling frequency was set to 200 Hz.
10 epochs and 400 frames were used to correspond with the sampling frequency

for 20 seconds of simulated data.

Duration-Varying Datasets for EMG Artifact Removal Performance

Comparison

The Duration-Varying Datasets were used to show the impact of varying signal
lengths on the performance of each algorithm. The Duration-Varying Datasets
were comprised of the Towards Real-Time (RT) and Offline Datasets. The
Towards RT Datasets resembled windowed EEG data that would be used in RT
denoising. The Offline Datasets resembled recorded EEG data which requires
artifact removal. Three datasets were generated for the Towards RT Datasets, and

five datasets were generated for the Offline Datasets.

The Towards RT Datasets were generated by extracting windows from the
Reference Dataset. Each of the EAC-EEG simulations from the Reference dataset
were visually inspected and EMG contractions were identified. Windows of
increasing duration were taken from the same point to encompass increasing
portions of the EMG artifact (or of samples after the EMG artifact) over all
channels. This is illustrated in Figure 5.12, for channel FT8, where the EMG
signal is largest. Following the approach in Figure 5.12, three datasets were
generated: Towards RT Dataset 1, 2, and 3. These correspond to windows of 1, 2,

and 3 seconds, respectively.

The Offline Datasets were simulated with increasing simulation durations. Five
Offline Datasets were generated for durations of 40, 80, 120, 160, and 200
seconds. The datasets were named according to the duration of the simulation;
“Offline Dataset X” is the dataset for which “X” is the duration. For example,

Offline Dataset 40 contains simulations of 40 seconds.
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Figure 5.12: An example of the windows (marked by dashed lines) used for the Towards
RT Datasets. The signal is the EAC-EEG from channel FT8, where the EMG artifact
occurred from approximately 0.4 to 2.4 s. The windowed sections across all channels in

Windows 1, 2, and 3 were included in the Towards RT Datasets 1, 2, and 3, respectively.

Artifact Topography Datasets for EMG Artifact Removal Performance

Comparison

The left-side EMG weights were adjusted in each of the Artifact Topography
Datasets, as described in Section 5.1.2 and shown in Figure 5.8. Seven datasets
were generated for bilateral temporalis muscle contractions (termed Both-Sides
Datasets) and for unilateral left-side contractions (termed Left-Side Datasets),

respectively.

The Artifact Topography Datasets were simulated with varying left-side EMG
weights of -90%, -50%, -10%, 0%, 10%, 50%, and 90%. This resulted in seven
datasets for each Artifact Topography Dataset which were named according to the
left-side EMG weight variation. For example, the Both-Sides -90% Dataset
contains simulations with left-side EMG weights set to 90% less than the original

weights.
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5.2 Implementation of SCWEICA for U-SCWEICA and
O-SCWEICA

The SCWEICA implementation to remove EMG artifacts from simulated
EAC-EEG is outlined in this section. U-SCWEICA and O-SCWEICA differ in
the selection of WDPs but are identical in all other aspects of the SCWEICA
implementation. The development of U-SCWEICA for RA1 and O-SCWEICA
for RA2 are discussed in Sections 5.3 and 5.4, respectively.

A block diagram of the SCWEICA algorithm, as implemented by Akhtar et al.
[14] and applied to EAC-EEG is shown in Figure 5.13. Figure 5.14 shows the
signals at each step of the SCWEICA algorithm. The figures that required wavelet
denoising were generated using the optimal WDPs from RAZ2 in Section 6.2.1.

Figures 5.13 and 5.14 depict the artifact removal process to obtain denoised EEG
in several key steps. The steps are summarised in Section 5.2.1. Thereafter,
Sections 5.2.2, 5.2.3 and 5.2.4 describe the implementations of SCICA, wavelet
denoising and EEG reconstruction, respectively.

Artifact Topography R
G Wavs
» (A, Determination SCICA Parameters AeleeRemIsng
" i Parameters
Known Side of (31 x 1 vector)
EMG Simulation
EMG Artifact
4 h 4 3 A 4
EMG Atifact e
- 2 X n vector Jav isi
Contaminated EEG > SCICA ( | Wavelet Denglsingiof
G Artifact Component
(31 X n matrix)
Mixing Matrix A
(31 x 2 matrix)
Spatially Distributed Isolated EMG
EMG Artifact Artifact Component
Cleaned EEG - (31 x n matrix) (2 x n vector)

(31 x n matrix)

Figure 5.13: SCWEICA block diagram (adapted from Akhtar et al. [14])
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Figure 5.14: Signals at each stage of SCWEICA algorithm. (a) EAC-EEG. (b)

Components from SCICA. Component 1 corresponds to the EMG artifact and component

2 corresponds to neural signals. (c) Wavelet denoising of component 1 and zeroing of
component 2. (d) Spatially distributed EMG artifact. (e) Denoised EEG after subtraction
of spatially distributed EMG artifact from EAC-EEG. (f) Ground truth EEG which

appears to be indistinguishable from the denoised EEG.



5.2.1 Step-by-Step Overview of the SCWEICA Algorithm

Firstly, SCICA is applied to EAC-EEG (Figure 5.14a) to obtain the relevant
artifact component corresponding to the simulated EMG artifact (Figure 5.14b).
The need for two components is detailed in Section 5.2.2. SCICA uses the
appropriate artifact topography depending on the side of the simulated EMG
artifact, as described in Section 5.2.2. The EMG artifact component in Figure
5.14b contains neural signals that have leaked into it, as discussed in Section
3.2.3.

Secondly, wavelet denoising is required to remove the leaked EEG signals from
the EMG artifact component to isolate the artifact, as described in Section 5.2.3.
Figure 5.14c illustrates the output of wavelet denoising, where the output EMG
artifact resembles the simulated EMG artifact before spatial distribution. The

neural signals in the second component are zeroed.

The choice of WDPs affects the accuracy of EMG artifact isolation in Figure
5.14c. The WDPs must be optimised for optimal isolation of the EMG artifact
from leaked neural signals in the artifact component, as detailed in Section 5.2.3.
The optimisation of WDPs distinguishes O-SCWEICA in this study from
SCWEICA, as developed by Akhtar et al. [14].

Finally, EEG reconstruction is performed to obtain cleaned EEG. This is
described in Section 5.2.4. EEG reconstruction occurs by spatially distributing the
isolated EMG artifact (Figure 5.14d) and subtracting it from EAC-EEG, using
matrix subtraction (Figure 5.14e) [14]. The denoised EEG in Figure 5.14e should
be similar to the ground truth, simulated EEG in Figure 5.14f.

5.2.2 Spatially Constrained ICA (SCICA)

SCICA was used in SCWEICA to efficiently isolate the simulated EMG artifact
using prior, known, spatial information about the artifact topography. This section
details spatially constraining the ICA algorithm, the chosen parameters for
SCICA, and how the artifact topography was determined depending on the side of

the simulated EMG artifact.
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Choice of ICA Algorithm

According to Hesse and James [16], spatial constraints can be applied to a variety
of ICA algorithms. This includes but is not limited to Infomax and FastICA.
Spatially constrained FastlICA (SCFastiCA) was chosen for this study because
spatial constraints have been successfully applied to this algorithm [15], [16].
Furthermore, FastICA is reliable, efficient and easy to use as described in Section
3.1.2. The SCFastICA algorithm was provided by Akhtar et al. [14].

While another ICA algorithm may be better suited for EMG artifact removal from
EEG, such as SOBI or AMICA [9], this was out of the scope of this study. This
possible improvement is addressed in the future recommendations in Section 7.3.

SCICA Parameters

SCICA was implemented with soft spatial constraints within an angular threshold
of 1° [15], [16]. This was done as the initial A is expected to diverge, given the
random nature of the simulations. The maximum number of iterations in
estimating a component was set to 1000 and the stopping criterion for component
estimation was set to 10® [14]. The SCFastICA algorithm was provided in an
encrypted form, owing to intellectual property constraints [70]. However, from
the description of the SCICA implementation in [14], the remainder of the
parameters that were used were the default parameters for FastiICA [71].

The SCICA algorithm, provided by Akhtar et al. [14], requires at least one
constrained component and one unconstrained component. Therefore, as one
artifact component was determined from the artifact topography in A, (description
to follow), SCICA generated two components. This implies that the mixing matrix
produced by SCICA will be 31 rows by 2 columns. As shown in Equation 3.5, the
first column is the constrained column (representative of the artifact topography)

and the second column is the unconstrained column.

As the second component was not an artifact component, it was unnecessary and
was therefore zeroed. Only the isolated EMG component was used to produce the

spatially distributed EMG artifact shown in Figure 5.14d.
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Side Based Ac Selection

As discussed in Section 5.1.2, a simulated EMG artifact can be generated for three

cases:

1. Right-side unilateral temporalis muscle contraction
2. Left-side unilateral temporalis muscle contraction
3. Both left-side and right-side (bilateral) temporalis muscle contractions

Each case of artifact generation produced a different EMG artifact topography. As
per Section 3.1.4, to obtain an artifact topography (4.) for SCICA, unconstrained
ICA must first be used. As such, the unconstrained FastICA algorithm was
applied to a random EAC-EEG simulation for each case. The resulting
components were inspected for the component that corresponded to the EMG
artifact and leaked EEG signal. The corresponding column in the A matrix was
then saved as the side-appropriate A.. For example, if the seventh component
contained the artifact, then the seventh column of the A matrix corresponded to
the artifact topography. Each A, was then used in the EMG artifact removal

process, depending on the origin of artifact in the simulations.

5.2.3 Wavelet Denoising of the EMG Artifact Component

Wavelet denoising was used to isolate the EMG artifact component from neural
signals that leaked into the component (Figure 5.14c). This section describes the
WT that was selected, and briefly discusses the different parameters that affect the

performance of wavelet denoising.

Choice of Wavelet Transform Algorithm

In this study, the stationary wavelet transform (SWT) was used for its superior
denoising properties compared to the discrete wavelet transform (DWT) [14].
Refer to Section 3.2.3 for advantages of the SWT over the DWT.
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Selection of WDPs

As detailed in Section 3.2.4 and 3.4, there are a number of parameters that may
affect the wavelet denoising process. These include the mother wavelet,
decomposition level, threshold determination method, and the thresholding type.
The selection of these parameters distinguishes U-SCWEICA from O-SCWEICA

and are elaborated on in Sections 5.3 and 5.4, respectively.

5.2.4 EEG Reconstruction

EEG reconstruction was performed by subtracting the spatially distributed EMG
artifact from EAC-EEG, as shown in Figure 5.13. EEG reconstruction entails
multiplying the mixing matrix (generated by SCICA) by the isolated EMG artifact
(after wavelet denoising), resulting in a spatially distributed EMG artifact.
Thereafter, the spatially distributed EMG artifact was subtracted (using matrix
subtraction) from EAC-EEG to produce cleaned EEG.

5.3 Implementation of RA1l — Selection of Decomposition Level
for U-SCWEICA

RAL requires that SCWEICA be adapted for EMG artifact removal, thus
producing U-SCWEICA. This was done by selecting the decomposition level that
produced the best isolation of the EMG artifact from neural noise in the artifact
component. The other WDPs were set according to Akhtar et al. [14], because the
method in [14] allowed for leeway in the selection of the decomposition level to

localise the artifact of interest. The remaining WDPs were specified as follows:

e Mother wavelet: Haar.
e Threshold determination method: Global.

e Thresholding type: soft.

To select the decomposition level, wavelet denoising was performed on the WDP
Dataset, with the above WDPs, while the decomposition level was increased from

one to ten. The accuracy of wavelet denoising was quantified in terms of average
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normalised mutual information (NMI), absolute, maximum cross-correlation
(AMCC), shift A and normalised mean square error (NMSE). The accuracy
measures are described in Section 5.3.1, and the methodology to implement RA1

is outlined in Section 5.3.2.

5.3.1 Accuracy Measures

NMI, AMCC, shift A, and NMSE were used to evaluate the accuracy of
estimation of the known, simulated, EMG artifact signal. This was compared to
the EMG artifact component after wavelet denoising. The resulting denoised

signal should be:

e High in both NMI and AMCC.
e Lowin NMSE.

e Have a shift A = 0 (such that translation invariance is ensured).

MATLAB does not provide an NMI function. As such, a reliable MATLAB
function that can calculate NMI was desired. A “free-to-use” function was written
by Dr Jason Palmer, which can also calculate mutual information (MI). The
function is available at http://sccn.ucsd.edu/~jason/minfo.m, and has been used in

peer-reviewed literature [14].

5.3.2 Methodology

For each set in the WDP Dataset, the artifact component was denoised with the
Haar wavelet, Global threshold determination method, and soft thresholding,
while the decomposition level was increased from one to ten. The denoising
performance was quantified in terms of NMI, AMCC, shift 4, and NMSE. This

process is summarised in Figure 5.15.
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Figure 5.15: Block diagram of WDP selection methodology

For consistent comparison of the denoised EMG artifact component and ground
truth simulated EMG signal, each signal was normalised with reference to its
respective absolute maximum value. Normalisation was necessary as the
amplitude of the simulated EMG signal was not necessarily comparable to that of
the denoised EMG artifact component. This is because the spatial distribution of

the EMG artifact across channels resulted in different amplitudes per channel.

The results for each measure were averaged over all 20 simulations in the dataset.
Therefore, the average denoising representation for each decomposition level was
obtained. The best performing decomposition level was then identified and

selected.

5.4 Implementation of RA2 - Optimisation of WDPs for
O-SCWEICA

As reviewed in Section 3.4.1, previous studies that applied wavelet denoising to
artifact components [14], [19], [20] did not attempt to optimise the selection of
WDPs. Generally, the choice of parameters in these studies was qualitative. As
the aim of denoising is to achieve the best possible separation of signals, optimal
WDPs are required to isolate the EMG signal in the EMG artifact component
resulting from SCICA. The optimised WDPs were used in the wavelet denoising
process in O-SCWEICA.
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The various WDPs that were optimised for O-SCWEICA are presented in Section

5.4.1, and the optimisation methodology is detailed in Section 5.4.2. The

optimisation methodology is an adaptation of that in Section 5.3.

5.4.1 Explored WDPs for Optimisation

The WDPs that were explored for optimisation include:

Various discrete mother wavelets that were tested for use with the SWT,
as summarised in Table 5.4. The selection of mother wavelets included
higher order Daubechies [18] and Symlet [46] wavelets.

Decomposition levels one to ten. By the tenth decomposition level, as per

Figure 3.3, the signal has been decomposed to the level oflf)%to 5%

Here, f,, is the sampling frequency, set to 250 Hz. This translates to 0.24 to
0.49 Hz — a vast over-estimation of the EMG artifact. In turn, the high
decomposition level will likely result in poor denoising as the EMG
artifact will be smeared in time [14]. Therefore, the optimal decomposition
level will likely be much lower than ten.

Five threshold determination methods offered by MATLAB were tested.
These are Global, Heursure, Rigrsure, Sgtwolog, and Minimaxi. The
methods are described in Section 3.2.4.

The thresholding type can be either hard or soft.

The combination of these WDPs yielded 5000 individual combinations for the

optimisation problem. The combinations were made from 50 mother wavelets, ten

decomposition levels, five threshold determination methods, and two thresholding

methods.
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Table 5.4: Selection of discrete mother wavelets offered by MATLAB, used in the

optimisation problem.

Wavelet Family Mother Wavelets

haar, db2, db3, db4, db5, db6, db7, db8, db9, db10, db11,
db12, dbl15, db20, db25, db30, db35, db40, db44, db45

Meyers dmey

biorl.1, biorl.3, biorl.5, bior2.2, bior2.4, bior2.6, bior2.8,

Biorthogonal bior3.1, bior3.3, bior3.5, bior3.7, bior3.9, bior4.4, bior5.5,

Daubechies

bior6.8
Symlet symz2, sym3, sym4, sym5, sym6, sym7, sym8, sym9, sym10
Coiflet coifl, coif2, coif3, coif4, coifb

5.4.2 WDP Optimisation Methodology

The methodology used to determine the optimal WDPs for O-SCWEICA is an
adaptation of that used in Section 5.3. In this case, all WDPs (mother wavelet,
decomposition level, threshold determination method, and threshold type) were
optimised. Additionally, to ensure translation invariance, any WDP combination
with an average shift not equal to zero was discarded.

If all three performance measures (NMI, AMCC, and NMSE) agreed on the
optimal combination of WDPs, then the combination was used in O-SCWEICA.
If the performance measures disagreed on the optimal combination of WDPs then
the SCWEICA algorithm was used to determine which combination performed
best. To determine the best WDP combination, SCWEICA was applied to the
EAC-EEG signals from the WDP Dataset using each combination of WDPs. The
performance was quantified in terms of AMCC, MI, and NMSE, as per Section
5.5.2. The combination of WDPs that produced the most accurate EMG artifact
removal was then used in O-SCWEICA.
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5.5 Implementation of RA3 - Experimental Setup for
Performance Comparison of EMG Artifact Removal

Algorithms

This section refers to the “Performance Comparison” block in Figure 5.1. The
experimental setup for the testing of O-SCWEICA compared to U-SCWEICA and
STD-ICA for EMG artifact removal from EAC-EEG is presented.

Firstly, STD-ICA is adapted for automated testing in Section 5.5.1. Thereafter, the
performance measures, in terms of accuracy and efficiency, and testing
methodology are described in Section 5.5.2. The hardware and software that was

used in the study are detailed in Section 5.5.3.

5.5.1 Adaptation of Standard ICA Denoising Algorithm for Automated

Denoising and Testing

The implementation of STD-ICA differed from literature because SCFastICA was
used as opposed to unconstrained FastiCA. SCFastiCA was run for 31
components to mimic unconstrained FastICA, ensuring that the EMG artifact
would always be in the first component, so that the denoising process could be
automated. Otherwise, visual inspection and user input would be required, which
could lead to potential human error in selecting the appropriate component.

5.5.2 Testing of EMG Artifact Removal Algorithms

This section describes Tests 1 to 7 in Table 5.5, where the EMG artifact removal
performance of O-SCWEICA is compared to U-SCWEICA and STD-ICA. The
datasets in Table 5.5 are described in Section 5.1.4. Chapter 6 presents and

discusses the results of the tests.
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Table 5.5: Summary of tests

Test L
Number Description Dataset

Referential comparison for all other tests in this

1 Reference
study

) Effect of MATLAB’s optimisation on EMG MATLAB
artifact removal for each algorithm Optimisation

3 Literature comparison to Akhtar et al. [14] Akhtar Comparison
RT EMG artifact removal viability assessment

4 Towards RT
of O-SCWEICA
Viability of O-SCWEICA for EMG artifact )

5 ] ] Offline
removal from long duration EEG recordings
Effect of amplitude-varying unilateral left-side

6 EMG artifact on the performance of Left-Side
O-SCWEICA
Effect of amplitude-varying bilateral EMG )

7 Both-Sides

artifacts on the performance of O-SCWEICA

Accuracy Measures

AMCC, MI, and NMSE were used to assess the accuracy of the three EMG

artifact removal algorithms. Each of these measures quantified the similarity of

the ‘cleaned’ EEG to the ground truth EEG. The measures were averaged across

the simulations in each dataset to assess the average performance of each

algorithm.

Better EMG artifact removal is manifested in larger Ml and AMCC (the latter
should tend to 1), and smaller NMSE (0% for the best performance). NMSE and
MI were used by Akhtar et al. [14] allowing for fair comparison between these

studies.
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AMCC, MlI, and NMSE were quantified in two ways. The first was the average
across all channels (AV), where the given measure was quantified for each
channel and then averaged. The second was the worst-case (WC) measure. The
WC was calculated for the channel with the greatest EMG weight and therefore
the largest EMG artifact amplitude. This distinction was made as the AV results
can be misleading in describing the success of overall EMG artifact removal as,
depending on the EMG simulation, many channels will have little interference.

After the denoising process, the AV results can skew the perceived performance.

If a unilateral right-side temporalis muscle contraction was simulated, the WC
channel is channel FT8. However, if a unilateral left-side temporalis muscle
contraction was simulated, the WC channel is FT7. For the simulation of bilateral
temporalis muscle contractions, both channels FT7 and FT8 were used for the WC

measure, to ensure consistent comparison.

Efficiency Measure

Efficiency of the three artifact removal algorithms was assessed based on the
duration of each algorithm. The average denoising duration was calculated per
dataset, per algorithm. The number of floating-point operations for each algorithm
should also be computed but this was out of the scope of this study. Instead, it is
presented as future work in Section 7.3.

Testing

Each of the denoising algorithms (STD-ICA, U-SCWEICA, and O-SCWEICA)
was applied to each of the datasets in the Comparative, Duration-Varying, and
Artifact Topography Datasets, detailed in Table 5.5. Each denoised simulation
within each dataset was quantified in terms of AMCC, MI, and NMSE (for both
AV and WC), and compared to the ground truth EEG. The denoising duration was
also noted. The testing process is shown in Figure 5.16. The average of each

performance measure for each algorithm in each dataset was determined.
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Figure 5.16: EMG artifact removal and performance quantification

5.5.3 Hardware and Software

The hardware used in this study was a Windows 10 laptop with an Intel Core
i5-7200U 2.5 GHz processor, 8 GB DDR4 RAM, and 1 TB hard drive. The

simulations and denoising algorithms were implemented in MATLAB R2015b.

5.6 Chapter Summary

The simulations and datasets used in the study were described. Clean, ground
truth 31-channel EEG and EMG artifacts were simulated and added to form
EAC-EEG. 26 datasets of these signals were generated. One dataset was used to
adapt the SCWEICA algorithm for EMG artifact removal. The remaining datasets
varied in simulation duration and artifact topographies which were used for
performance assessment of O-SCWEICA against U-SCWEICA and STD-ICA.

The SCWEICA algorithm implementation was outlined in terms of the various
components of the algorithm: SCICA, wavelet denoising and EEG reconstruction.
SCICA was applied to EAC-EEG to determine the EMG artifact component and
mixing matrix. Wavelet denoising was used to remove the neural signals that
leaked into the EMG artifact component. The mixing matrix was then multiplied
by the EMG artifact component to spatially distribute the artifact across the
electrodes. Thereafter, EEG reconstruction was performed by subtracting the
spatially distributed EMG artifact from EAC-EEG to obtain cleaned EEG.
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Two variants of the SCWEICA algorithm were produced: U-SCWEICA and
O-SCWEICA. The best decomposition level was selected for U-SCWEICA to
adapt the SCWEICA algorithm for EMG artifact removal. The WDPs were
optimised in O-SCWEICA to best isolate the EMG signal from the neural signals
in the EMG artifact component. This should allow for more accurate EMG artifact
removal compared to the other algorithms explored in the study.

A testing paradigm was detailed for the testing of O-SCWEICA against STD-ICA
and U-SCWEICA. The average performance of the algorithms was quantified in
terms of accuracy (AMCC, MlI, and NMSE) and efficiency (denoising duration)
when removing EMG artifacts from various EAC-EEG datasets.
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Chapter 6 — Results and Discussion

This chapter highlights the trends observed in the results, as well as noteworthy
exceptions, main observations, and comparisons to literature. This chapter is

structured to address each of the RAs, which together answer the RQ.

RAL, RA2, and RAS3 are addressed in Sections 6.1, 6.2, and 6.3, respectively. In
Section 6.1, wavelet denoising parameters (WDPs) were selected to adapt
SCWEICA for EMG artifact removal, producing U-SCWEICA. In Section 6.2,
the optimal WDPs for EMG artifact removal were chosen for SCWEICA,
resulting in O-SCWEICA. The EMG artifact removal performance of
O-SCWEICA, U-SCWEICA, and STD-ICA were compared in Section 6.3. The
RQ is answered in Section 6.4.

6.1 RAL - Decomposition Level Selection for U-SCWEICA

As detailed in Section 5.3, the best decomposition level was selected for
U-SCWEICA while all other WDPs were fixed according to Akhtar et al. [14].
The WDPs were the Haar wavelet, Global threshold determination method, and
soft thresholding [14].

Table 6.1 shows the decomposition level selection results using the pre-selected
WDPs for U-SCWEICA. The results indicate that the third decomposition level
performed best in terms of NMI, AMCC, shift A, and NMSE. The selection of the
third decomposition level was expected. The bandwidth of the simulated EMG
artifact is 20 — 60 Hz and for 250 Hz sampling frequency (from Figure 3.3), the
third decomposition level encompasses 31.3 — 62.5 Hz. Therefore, the WDPs used
in U-SCWEICA are:

e Mother wavelet: Haar.
e Decomposition level: three.
e Threshold determination method: Global.

e Thresholding type: soft.
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Table 6.1: Average NMI, AMCC, shift A, and NMSE for wavelet decomposition levels
one to ten for the combination of the Haar wavelet, Global threshold determination
method and soft thresholding

Decog’/‘;'t'on NMI AMCC Shift A NMSE (%)
1 0.275 0.557 0.20 92.9
2 0.335 0.718 0.05 49.2
3 0.359 0.835 0 313
4 0.260 0.799 0 44.8
5 0.188 0.743 0 75.8
6 0.136 0.705 0 83.1
7 0.110 0.671 0 88.6
8 0.099 0.644 0 92.4
9 0.097 0.636 0 94.0
10 0.099 0.638 0 93.0

6.2 RA2 - WDP Optimisation for O-SCWEICA

As described in Section 5.4.1, 5000 combinations of WDPs were used to denoise
each of the EMG artifact components in the WDP Dataset. Thereafter, the results
were averaged over the simulations in the dataset to determine the average
performance of each WDP combination. Combinations were discarded if the
average shift 2 was not equal to zero to ensure translation invariance. The average
results of the 20 best performing WDP combinations are shown for NMI, AMCC,
and NMSE in Tables 6.2, 6.3, and 6.4, respectively.
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Table 6.2: Best 20 WDP combinations in terms of average NMI

Mother Thres_holt_j Threshold | Decomposition
Wavelet Determination Type Level NMI
Method

sym9 Global soft 3 0.437
sym4 Global soft 2 0.432
sym5 Global soft 3 0.429
sym6 Global soft 2 0.424
sym4 Global hard 2 0.419
sym8 Global soft 2 0.416
sym6 Global hard 2 0.413
sym10 Global soft 2 0.411
sym8 Global hard 2 0.408
sym10 Global hard 2 0.404
sym9 Global hard 3 0.394
dmey Global soft 3 0.387
sym5 Global hard 3 0.384
bior6.8 Global soft 3 0.377
bior4.4 Global soft 3 0.376
coifl Global soft 3 0.365
biorl.1 Global soft 3 0.359
haar Global soft 3 0.359
biorl.3 Global soft 3 0.358
biorl.5 Global soft 3 0.357
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Table 6.3: Best 20 WDP combinations in terms of average AMCC

Mother Thres_holt_j Threshold | Decomposition
Wavelet Determination Type Level AMCC
Method
sym9 Global hard 3 0.921
sym5 Global hard 3 0.914
sym9 Global soft 3 0.896
sym9 Sqtwolog soft 3 0.893
symb5 Global soft 3 0.890
sym5 Sqtwolog soft 3 0.889
sym4 Global hard 2 0.889
bior3.9 Global soft 4 0.883
sym6 Global hard 2 0.883
bior3.7 Global soft 4 0.881
sym4 Sqtwolog soft 2 0.877
bior3.5 Global soft 4 0.877
sym8 Global hard 2 0.876
db35 Global soft 4 0.874
bior3.9 Global hard 4 0.874
db30 Global soft 4 0.874
bior3.7 Global hard 4 0.873
db40 Global soft 4 0.873
sym9 Minimaxi soft 3 0.873
db25 Global soft 4 0.873
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Table 6.4: Best 20 WDP combinations in terms of average NMSE

Threshold -
VMvz\tZFel; Determination Th_lr_(;s;eold Decolr_ne I?/ZTltlon NMSE (%)
Method

sym9 Global hard 3 15.225
sym5 Global hard 3 16.484
sym9 Global soft 3 21.322
sym5 Global soft 3 22.733
sym9 Sqtwolog soft 3 23.180
sym5 Sqtwolog soft 3 24.124
bior3.9 Global soft 4 24.147
bior3.7 Global soft 4 24.578

haar Global hard 3 25.177
biorl.1 Global hard 3 25.177
bior3.5 Global soft 4 25.199
biorl.3 Global hard 3 25.637
biorl.5 Global hard 3 25.806
bior3.3 Global soft 4 26.845
biorl.5 Global soft 3 27.724
bior2.8 Global hard 3 28.571
coifl Global hard 3 28.800
biorl.3 Global soft 3 28.868
bior2.4 Global hard 3 28.906
bior2.6 Global hard 3 29.096

89




6.2.1 Determination of Optimal WDPs for O-SCWEICA

For all performance measures in Tables 6.2, 6.3, and 6.4, the best mother wavelet
was Symlet order 9, using the Global threshold determination method at the third
decomposition level. The selection of Symlet order 9 corresponds with Al-Qazzaz
et al. [46]. The results differed in the use of the soft or hard threshold type. Hard
thresholding performed best in terms of AMCC and NMSE, while soft
thresholding performed best in terms of NMI.

To address the disagreement, the aforementioned WDPs were used in SCWEICA
to clean the corresponding EAC-EEG signals from the WDP Dataset, as detailed
in Section 5.4.2. The cleaned EEG was compared to the corresponding ‘clean’,
ground truth EEG in terms of MI, AMCC, and NMSE. The average results are
shown in Table 6.5 for the average across all channels (AV) and worst case (WC)
results — the channel with the largest EMG artifact. WC refers to channel FT8 as
the EMG contractions in the WDP Dataset were simulated for the right-side

temporalis muscle.

Table 6.5: A comparison of the average hard and soft thresholding in denoising
EAC-EEG in terms of the AV and WC MI, AMCC and NMSE

Threshold Type
Performance Hard Soft
Measures
AV wC AV wcC
Ml 2.243 1.721 2.236 1.451
AMCC 0.997 0.969 0.993 0.915
NMSE (%) 0.669 6.40 1.58 19.7
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Table 6.6: Absolute and relative difference between AV and WC results for hard and soft

thresholding with reference to hard thresholding

Performance Absolute Difference Relative Difference (%0)
Measures AV WC AV WC
Ml 0.007 0.27 0.31 15.7
AMCC 0.004 0.054 0.40 5.57
NMSE (%) -0.911 -13.3 -136 -207

Table 6.6 indicates that the absolute and relative differences (see Equation 3.21 in
Section 3.6.5) in the thresholding methods are close to negligible. However, hard
thresholding yields better AV and WC results in all metrics compared to soft
thresholding. Therefore, the optimal WDPs used in O-SCWEICA are:

e Mother wavelet: Symlet Order 9 (sym9).
e Decomposition level: three.
e Threshold determination method: Global.

Thresholding type: hard.

6.3 RAS3 - Performance Comparison of EMG Artifact Removal
Algorithms

This section compares the EMG artifact removal performance of O-SCWEICA,
U-SCWEICA, and STD-ICA. The results of the tests in Table 5.5 are presented
and discussed. All results were compared to the denoising results of the Reference

Dataset. Henceforth, these results are referred to as the Reference Results.

6.3.1 Performance Comparison Results

The denoising results in terms of AMCC, MI, NMSE, and denoising duration are
shown in Figures 6.1, 6.2, 6.3 and 6.4 respectively. Note that:
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e The Both-Sides Dataset produced results for the left WC channel (FT7)
and the right WC channel (FT8). The other datasets were characterised for
either the right or left WC channel.

e The Towards RT results (Test 4 in Table 5.5) were omitted from the
results figures. Compared to the Reference Results, the Towards RT
denoising accuracies were poor and the efficiencies were not greatly
improved.

e The MATLAB Optimisation results (Test 2 in Table 5.5) were omitted
from the accuracy results as they were identical to the Reference Results.

This is because the respective datasets were identical.

The average relative differences between O-SCWEICA and U-SCWEICA for
denoising accuracy and efficiency are shown in Tables 6.7 and 6.8, respectively.
These calculations were taken with reference to the O-SCWEICA results (see
Equation 3.21 in Section 3.6.5). STD-ICA was not compared to the other

algorithms as its performance was vastly inferior across all metrics.
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Figure 6.1: Average AMCC results for the testing of O-SCWEICA for the (a) AV and
(b) WC cases. Higher AMCC implies better denoising.
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Figure 6.2: Average Ml results for the testing of O-SCWEICA for the (a) AV and
(b) WC cases. Higher MI implies better denoising.
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Figure 6.3: Average NMSE results for the testing of O-SCWEICA for the (a) AV and
(b) WC cases. Lower NMSE implies better denoising.
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Figure 6.4: Average denoising duration results for (a) STD-ICA and (b)
U-SCWEICA and O-SCWEICA. The results are shown separately owing to the

vast differences in magnitude — they would not be adequately displayed in the

same figure.
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Table 6.7: Average relative differences in accuracy between O-SCWEICA and
U-SCWEICA. Positive AMCC and Ml results imply better O-SCWEICA accuracy.
Negative NMSE results imply better O-SCWEICA accuracy.

Relative Difference (%)
Test AMCC MI NMSE (%)

AV WC AV WC AV WC

1 0.36 4.92 0.09 8.40 -145 -216

3 0.49 6.35 1.46 17.1 -158 -222

5 0.42 5.65 1.14 12.3 -158 -226

6 0.36 5.61 -0.34 12.5 -118 -247
T;(;iht 0.36 2.63 1.89 6.84 -119 -138
7s:aeeﬁ . 2.70 i 451 i 166

Table 6.8: Average absolute and relative differences in efficiency between O-SCWEICA
and U-SCWEICA. Negative values imply better O-SCWEICA efficiency.

Test Absolute Difference in Relative Difference in Duration
Duration (s) (%)
1 0.064 15.68
2 -0.009 -16.09
3 0.068 17.24
5 0.068 13.41
6 0.071 16.83
7 0.061 14.93
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6.3.2 Performance Comparison Discussion

The denoising results discussion is divided into general trends, notable exceptions
and main observations. This is followed by comparisons to literature. Together,

the results and discussion assisted in answering the RQ in Section 6.4.

General Trends

For all results, across all performance measures, STD-ICA performed worse than
U-SCWEICA and O-SCWEICA. This corresponds with Akhtar et al. [14] where
STD-ICA performed worse than SCWEICA for EOG artifact removal. Hence, the
focus of the discussion is on differences in performance between U-SCWEICA
and O-SCWEICA.

For the majority of results, O-SCWEICA was more accurate than U-SCWEICA,
likely owing to the optimisation of WDPs. This is clearly seen in Table 6.7, with
few exceptions. U-SCWEICA performed slightly more efficiently than
O-SCWEICA, except for Test 2 in Table 5.5 where in which O-SCWEICA was
0.009 s faster This is likely owing to the fast convergence of the Haar wavelet
[14]. On average across all datasets, there was 0.06 s difference in denoising

duration between the two algorithms.

From the general trends seen in Section 6.3.1 it is clear that O-SCWEICA is
preferable to U-SCWEICA and STD-ICA for more accurate EMG artifact
removal. The small loss of efficiency by O-SCWEICA compared to U-SCWEICA

is tolerable.

Notable Exceptions

U-SCWEICA was more accurate than O-SCWEICA in two cases:

1. The Left Side AV MI results (Test 6 in Table 5.5) in Table 6.6 indicate
negligible better accuracy for U-SCWEICA compared to O-SCWEICA. It
is unclear why this discrepancy occurred.

2. U-SCWEICA performed more accurately than O-SCWEICA in denoising

the Both-Sides -90% Dataset for all the left WC performance measures. It
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is hypothesised that the low amplitude EMG artifact in this channel may
be of similar amplitude to the neural signals. Therefore, threshold
determination may not sufficiently distinguish the EMG artifact from
neural signals. Applying soft thresholding to the remaining wavelet
coefficients may lead to less subtraction of neural signals than hard
thresholding in EEG reconstruction. In turn, greater accuracy may be

possible with soft thresholding.

Main Observations

This section details the main observations from the denoising results and the
implications that they have for the use of O-SCWEICA in the removal of EMG
artifacts from EEG. The observations are described from major to minor

importance and assist in answering the RQ.
Offline Denoising Viability

Test 5 in Table 5.5 showed that O-SCWEICA is more accurate than U-SCWEICA
in EMG artifact removal from long duration EAC-EEG signals. The Offline
Dataset denoising results and Reference Results are similar for AMCC and
NSME. Except for Offline Dataset 120, all Offline Datasets performed better than

the Reference Results in terms of MI.

Compared to the Reference Results, artifact removal from the Offline Datasets
takes between 0.02 and 0.15 s longer, as expected with more samples. However,
the increase in denoising duration is small compared to the vast increase in EEG
signal duration. When the longest dataset (Offline Dataset 200) was processed
with O-SCWEICA, the average denoising duration was 0.56 s and the accuracy
was generally better than the other Offline datasets. For Offline Dataset 200, the
AV AMCC, MI, and NMSE results were 0.997, 2.40, and 0.54%, respectively.
The WC results were 0.974, 1.76, and 5.26% for AMCC, MI, and NMSE,
respectively. These results are indicative of satisfactory EMG artifact removal that

closely resembles the ‘clean’, ground truth EEG.
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The high accuracies imply that even with an increased number of samples per
channel, when using O-SCWEICA to remove EMG artifacts from EAC-EEG:

e Accuracy is maintained and potentially improved.
e Denoising duration decreases slightly but is minimal compared to the
increase in EEG recording duration.

Therefore, O-SCWEICA can be used for more accurate and efficient removal of
EMG artifacts from large EAC-EEG recordings compared to U-SCWEICA and
STD-ICA.

Adaptation to Changes in Artifact Topography

Test 6 in Table 5.5 showed that O-SCWEICA performs similarly to the Reference
Results for unilateral EMG artifacts. Therefore, whether the EMG artifact was
generated from the left-side or right-side, regardless of changes in amplitude,

there was minimal effect on the accuracy or efficiency of O-SCWEICA.

Test 7 in Table 5.5 showed generally improved accuracy and maintained
efficiency of O-SCWEICA when applied to the Both-Sides Datasets. Compared to
the WC Reference Results, all three algorithms performed better in processing the
majority of the Both-Sides Datasets. However, the AV performance was
approximately the same for each of the three algorithms compared to the
Reference Results. It is unclear why this is the case but may occur owing to the

averaging and smoothing out of notable phenomena.

There is an observable trend that for U-SCWEICA in all WC accuracy measures
but is most notable for NMSE in Figure 6.3b. For the left WC, as the variation in
left-side EMG weight increases from -90% to 90%, the accuracy of U-SCWEICA
decreases. For the right WC, as the variation in left-side EMG weight increases

from -90% to 90%, the accuracy tends to increase.

As discussed, the observed trend for the left WC may be related to the improved

performance of soft thresholding for lower amplitude EMG artifacts relative to the
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EEG signals. Therefore, as the EMG weight and EMG artifact increase in
amplitude, the artifact removal accuracy decreases. It is unclear why the observed
trend in the right WC occurs. It was expected that the right WC accuracy results
remain relatively constant because the right-side EMG weights were not varied in
the simulations for this dataset. Therefore, the results imply that for bilateral EMG
artifacts, U-SCWEICA achieves better denoising on one side of the head, but not
on the other. As U-SCWEICA is not the focus of this study, further explanations

were not pursued.

For Tests 6 and 7 in Table 5.5, O-SCWEICA was relatively stable. For the AV
accuracy results, O-SCWEICA had standard deviations of 0.0004, 0.034, and
0.089% for AMCC, MlI, and NMSE, respectively. For the WC accuracy results,
O-SCWEICA had standard deviations of 0.004, 0.076, and 0.920% for AMCC,
MI, and NMSE respectively. Additionally, from Table 6.7, O-SCWEICA
performs better on average than U-SCWEICA for all WC accuracy measures.
Therefore, O-SCWEICA is the best performing algorithm regardless of changes in

the relative EMG amplitudes of the left-side and right-side temporalis muscles.
Suitability for RT EMG Artifact Removal

Test 4 in Table 5.5 showed that O-SCWEICA is unsuitable for RT artifact
removal — the accuracies were low for all Towards RT Datasets. While all
accuracy measures improved minimally with increased window size, the results
were far worse than the Reference Results. For example, the O-SCWEICA AV
MI results for the Towards RT 1 Dataset were 46.8% worse than the Reference

Results.

The different window sizes in the Towards RT Datasets did not affect the
denoising duration. The simulations in the Reference Dataset encompassed 20 s
and were processed, on average, in 0.41s. Comparatively, a 1 s window in the

Towards RT 1 Dataset was processed, on average, in 0.39 s.

None of the Towards RT datasets allow for a good representation of expected RT

sampling and processing because all windows were 1s or greater. If a smaller
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window size is required for RT processing, it is assumed that the accuracy of
O-SCWEICA would be further reduced as less samples are available for the
algorithm. Therefore, O-SCWEICA is not viable for RT EMG artifact removal in
the methodology employed in this study.

Efficiency Improvement

Test 2 in Table 5.5 showed that the denoising duration of O-SCWEICA — when
applied to the MATLAB Optimisation Dataset — was 0.37 s shorter (on average)
than the other datasets. This is illustrated in Figure 6.4b.

The MATLARB efficiency option has a drawback: the denoising durations are not
necessarily consistent across iterations. Figure 6.5 depicts this drawback. The first
O-SCWEICA iteration takes approximately as long as the average denoising
duration for the Reference Results with the efficiency option disabled. Thereafter,

the optimisation clearly reduces the denoising duration.

The use of the efficiency option did not seem to affect the STD-ICA algorithm as
much as the SCWEICA algorithms, as seen in Figure 6.4a. On average, with the
efficiency option enabled, STD-ICA took 14.2s compared to 14.3s for the
Reference Results, with the efficiency option disabled.

For the shortest denoising durations when using O-SCWEICA in MATLAB, the
efficiency option should be enabled. However, the algorithm may need to be run

multiple times to see an improvement in efficiency.
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optimisation enabled

Comparison to Literature

Test 3 in Table 5.5 allows for comparison to literature. The Akhtar Comparison
Dataset was processed with O-SCWEICA and the results were compared to those
of Akhtar et al. [14]. Comparisons were made to the average Ml and NMSE
results in their study for both the simulations and human subjects. The comparison
between these studies (using the AV results of the Akhtar Comparison Dataset) is

shown in Table 6.9.

The improvement in accuracy is likely attributed to the optimisation of the WDPs,
as detailed in Section 6.2. The improvement in efficiency is likely owing to the
better hardware and software used in the current study, which was conducted six
years later than Akhtar et al. [14].

There are differences between these studies and as such, the comparison was not
comprehensive. Akhtar et al. [14] used six electrodes in the simulations and 19
electrodes for human subjects, while this study used 31 electrodes for simulations.
AMCC was not used by Akhtar et al. [14] and hence, could not be used for
comparison. Additionally, the implementation of SCWEICA by Akhtar et al. [14]
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aimed to remove EOG artifacts while this study aimed to remove EMG artifacts.

The differences in these types of artifacts necessitated different WDPs.

Table 6.9: Comparison between literature and the AV denoising performance of
O-SCWEICA when denoising the Akhtar Comparison Dataset

SCWEICA Implementation by Akhtar et al. [14]
i : i i O-SCWEICA
Simulations Subject 1 Subject 2
NMSE
(%) 9.02 1.72 2.71 0.73
Ml 1.34 1.77 1.66 2.22
Duration i 1.07 1.02 0.40
(s)

6.4 Answering the Research Question

The RQ in Section 4.1 is: to what extent can spatially constrained, optimised,
wavelet enhanced FastICA remove EMG artifacts from EEG, both accurately and
efficiently in time, for later real-time adaptation?

RAL1 was completed in Section 6.1. SCWEICA was adapted for EMG artifact
removal by selecting the third decomposition level, while all other WDPs were set
according to Akhtar et al. [14]. This produced U-SCWEICA.

RA2 was completed in Section 6.2. 5000 combinations of WDPs were optimised
for SCWEICA to remove EMG artifacts from EAC-EEG. The resulting, optimal
WDPs were: Symlet order 9 (sym9) mother wavelet, decomposition level three,
Global threshold determination method and hard thresholding. This resulted in
O-SCWEICA.

RA3 was completed in Section 6.3. The results indicate that for the majority of

tests, regardless of the artifact topography or duration of EEG recording,

O-SCWEICA outperforms all other EMG artifact removal algorithm in this study.

However, O-SCWEICA is unsuitable for RT EMG artifact removal in the
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methodology employed in this study. Nevertheless, O-SCWEICA is efficient in
removing EMG artifacts from large, recorded EAC-EEG datasets as the denoising
duration increases slightly for a large increase in EEG recording duration. On
average, O-SCWEICA took 0.56 s to process the dataset with the longest duration
(200 s). Furthermore, the accuracy of O-SCWEICA appears to improve with an
increased number of samples. This is likely owing to more samples being
available for the SCICA algorithm. O-SCWEICA was shown to yield better

accuracy and efficiency compared to literature.

Therefore, the RQ can be answered: O-SCWEICA is not suitable for RT EMG
artifact removal but is accurate and efficient in removing EMG artifacts from
large, recorded EAC-EEG datasets. On average, O-SCWEICA removed EMG
artifacts from 200 s EAC-EEG simulations in 0.56 s, with AV results of 2.40 Ml
and 0.54% NMSE. The performance of O-SCWEICA was largely unaffected by
changes in the EMG artifact topography. Therefore, O-SCWEICA is robust for
EMG artifact removal from EAC-EEG.

6.5 Chapter Summary

This chapter answered the RQ. O-SCWEICA — the new algorithm for the removal
of EMG artifacts from EAC-EEG - required the optimisation of the WDPs in
components generated by unconstrained FastlCA. The optimal WDPs were
Symlet order 9, at decomposition level three, using the Global threshold
determination method and hard thresholding.

O-SCWEICA, U-SCWEICA, and STD-ICA were tested in EMG artifact removal
from EAC-EEG datasets that varied in duration and artifact topographies. The
results of each denoising algorithm were compared in terms of accuracy and
efficiency. The results showed that O-SCWEICA and U-SCWEICA outperform
STD-ICA in both accuracy and efficiency. U-SCWEICA was slightly more
efficient than O-SCWEICA but the difference was minor, varying on average
between 0.071 seconds faster and 0.009s slower for the various datasets.

O-SCWEICA performed more accurately than U-SCWEICA in almost all cases
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owing to the optimisation of WDPs. Furthermore, O-SCWEICA demonstrated
more accurate and efficient artifact removal compared to Akhtar et al. [14].

The RQ was subsequently answered and all RAs were addressed. In summary,
O-SCWEICA is the best performing, robust algorithm used in this study and can
likely be used for accurate and efficient EMG artifact removal of large EAC-EEG
recordings. However, in the current methodology O-SCWEICA is unsuitable for
RT EMG artifact removal.
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Chapter 7 — Conclusion

Section 7.1 summarises the study in terms of objectives, methods and results.
Thereafter, the main findings of the study are discussed in Section 7.2. Finally,
Section 7.3 provides recommendations for future work. Terms are redefined in

this chapter for ease of reading.

7.1 Summary

This study aimed to develop an accurate and efficient electromyographic (EMG)
artifact removal algorithm for electroencephalography (EEG). Such an algorithm
IS necessary for research, clinical, and brain-computer interface (BClI)
applications, where accurate and efficient EMG artifact removal is vital. EMG
artifact removal is challenging — the EMG artifacts overlap with EEG in both

amplitude and frequency.

Various methods have been implemented to remove EMG artifacts from EEG.
The most successful approaches have combined multichannel methods, such as
independent component analysis (ICA), with single channel methods, such as
wavelet denoising. Spatially constrained, wavelet enhanced ICA (SCWEICA) was
used to remove electrooculographic (EOG) artifacts from EEG with relative

success but had not been extended to EMG artifact removal.

SCWEICA was adapted for EMG artifact removal by selecting an appropriate
decomposition level for wavelet denoising. The other wavelet denoising
parameters (WDPS) were the Haar mother wavelet, Global threshold
determination method, and soft thresholding. The altered algorithm was called
unoptimised SCWEICA (U-SCWEICA).

SCWEICA was then optimised for EMG artifact removal by optimising the
WDPs. 5000 combinations of WDPs were explored. The optimal combination of
WDPs were the Symlet order 9 mother wavelet at the third decomposition level,

with the Global threshold determination method, and hard thresholding. These
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WDPs were used with SCWEICA for EMG artifact removal and termed
optimised SCWEICA (O-SCWEICA).

Both O-SCWEICA and U-SCWEICA were compared against the standard ICA
(STD-ICA) denoising method using simulations. Simulations allow for ground
truth assessment of an algorithm’s performance. Therefore, 31-channel EMG
artifact contaminated EEG (EAC-EEG) datasets were simulated. The datasets
varied in both signal duration and artifact topography. The variations allowed for
generalised performance assessment. Performance was analysed in terms of
accuracy and efficiency. Accuracy was quantified using absolute maximum
cross-correlation (AMCC), mutual information (MI), and normalised mean square
error (NMSE). Efficiency was assessed using denoising duration — the time taken
for the algorithm to output the cleaned EEG signals. Accuracies were quantified
as an average across all electrodes (AV) and for the worst case (WC) channel —
the channel with the largest EMG artifact.

Both O-SCWEICA and U-SCWEICA were shown to be more accurate and
efficient than STD-ICA for all datasets. For the majority of results, O-SCWEICA
was more accurate than U-SCWEICA, while U-SCWEICA was more efficient
than O-SCWEICA.

The results imply that O-SCWEICA is not feasible for real-time (RT) EMG
artifact removal but is robust to changes in artifact topography. O-SCWEICA was
shown to be well suited for offline EMG artifact removal from longer duration
EAC-EEG recordings. On average, O-SCWEICA took 0.56 s to process the
longest EAC-EEG recordings, 200 s, while maintaining high Ml of 2.40 AV and
1.76 WC. Compared to U-SCWEICA, O-SCWEICA was 1.14% and 12.3% more

accurate in terms of AV and WC MI, respectively.
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7.2 Main Findings

The main findings from this study are listed below, in order of significance:

e O-SCWEICA was shown to be accurate and efficient for EMG artifact

removal from EAC-EEG, regardless of the size of the recording, or
changes in the EMG artifact topography. O-SCWEICA is therefore a

robust EMG artifact removal algorithm for EAC-EEG.

e O-SCWEICA is well suited for EMG artifact removal from large,
EAC-EEG recordings. Recorded EEG is traditionally denoised with

STD-ICA, which was shown to be far less accurate and efficient than
O-SCWEICA. The use of O-SCWEICA instead of STD-ICA in denoising
recorded EEG could increase the response rate for diagnostics of

neurological disorders.

e The optimisation of WDPs in O-SCWEICA improved the accuracy of
EMG artifact removal. The informed selection of WDPs allowed for

optimal removal of neural signals from EMG artifact components. To the

author’s knowledge, this is the first study that performed optimisation of

WDPs for independent components.

e Spatially constrained FastICA (SCFastICA) has shown to perform well

with EMG artifacts. To the author’s knowledge, this has not been tested

before. Furthermore, for the first time, SCWEICA was used to remove

EMG artifacts from EEG.

7.3 Recommendations for Future Work

There are a number of possible areas for future work. A few areas are discussed.

The optimised WDPs from this study should not necessarily be used in future

studies, purely because they were determined by an optimisation process. Rather,

future studies should use the optimisation process outlined in Section 5.4 to

determine the best combination of WDPs for that study.
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This study used simulations to represent EAC-EEG recordings. Simulations are
inherently limited by the assumptions of their models. As such, O-SCWEICA
should be tested on real EEG which likely requires an adaptation of O-SCWEICA
to remove signals such as EOG and electrocardiographic (ECG) artifacts. The
adaptation would require new calculations of the reference artifact topographies
for SCFastICA. Different optimal WDPs would probably be required for each
type of artifact. The application of different WDPs to different components may
be possible with an algorithm that can identify different artifacts. Such an

algorithm has been implemented by Mammone et al. [20].

This study used fixed reference topographies in SCFastiCA depending on the
three types of artifact topographies that were generated. Since the results for
different artifact topographies were similar, the use of fixed topographies did not
seem to affect the performance of O-SCWEICA. However, this might vary in
other artifact topographies, especially when multiple sources of artifacts are
present. Hence, different artifact topographies should be explored for EMG

artifact removal.

This study used short time, separate windows to determine if O-SCWEICA could
be used for RT artifact removal. The RT applicability of the algorithm could
potentially be improved by implementing it over multiple, overlapping windows.
RT artifact removal may be possible by increasing the sampling frequency so that
more samples are available to the SCFastICA algorithm. However, an increased
sampling frequency could be wasteful in terms of memory and might increase the
denoising duration, hindering the aim of RT denoising.

As discussed in Section 5.2.2, different ICA algorithms — such as second order
blind identification (SOBI) — may be better suited to the removal of EMG artifacts
from EEG. Future studies may apply spatial constraints to various ICA algorithms
in the O-SCWEICA methodology and contrast the impact that each ICA
algorithm has on EMG artifact removal. The efficiency of each algorithm may

affect potential RT implementation. As such, the number of floating-point
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operations for each algorithm should also be noted as an additional efficiency

measure.

ICA performance could potentially be improved at very low signal to noise ratio
(SNR) by utilising additional electrodes [11]. Therefore, the simulations could be
expanded for different and more numerous electrode layouts. The increased
number of electrodes has the potential to improve accuracy but will likely
decrease efficiency of O-SCWEICA. With larger electrode layouts of 128 or 256
electrodes, STD-ICA would probably be far less efficient compared to the results
for 31 electrodes. Therefore, O-SCWEICA should be tested when applied to
denser electrode layouts to determine if a substantial decrease in denoising

duration is possible compared to STD-ICA.
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