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Abstract

Brain computer interface (BCl) technology provides a method of communication and control
for people with severe motor disabilities. This thesis explores the appilication of Fast Fourier
transform and support vector machine (FFT-SVM) to the problem of mental task detection in
EEG-based brain computer interface (BCI) implementation.

Two sets of EEG data were gathered from 5 right handed subjects participating in 7 different
tasks in which resting with eyes open, eyes closed, and mental arithmetic are real tasks and
listening to music, left and right hand movements are imagining tasks. The first data set was
gathered using the 128 channel Geodesic Sensor Net (GSN) EEG device, the second uses
the single-channel ModularEEG device. The data was analyzed with the proposed detector,
and the feasibility of different mental tasks, channel locations, and single channel
modularEEG device for BCl implementation was investigated.

The proposed detector consists of data pre-processing, feature extraction, and classification
stages. Data was preprocessed offline with MATLAB to remove artifacts by visual inspection,
and segmented into one-second epochs. The absolute Fast Fourier transform from 8-30Hz
frequency components were found feasible to use as EEG features for mental task detection.
A linear support vector machine classifier was applied to the features for classification.

The classification results for the GSN recorded data sets shows that FFT-SVM classifier
correctly classified above 80% of data in most of the tasks, and above 90% in 2 out of 5
untrained subjects for imagined music, mental arithmetic and imagined movement fasks in at
least one channel. The (Fp1-Fp2) ModularEEG resulis were similar fo the (Fp1-Fp2) GSN
results and vyield good classification accuracy (above 80% in 3 out of 5 subjects).
ModularEEG were also rated as causing less fatigue, compared to the GSN system. This
suggests that ModularEEG is a good candidate for BCI implementation.
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Chapter1 Introduction

1.1 Background

Since the early 1940's, computers have become an increasingly useful tool to human beings.
From calculations to simulations, communication and eventually entertainment, computers
have played an important role in dally lives. Despite their seemingly infinite funclionality,
computers today require human control in order to perform the desired tasks. Over the past
years, a number of human computer interfaces have been developed, such as the keyboard,
mouse, drawing tablet, speech recognition software and tracking interfaces. Some of these
interfaces are intuitive, and some are less so. The fact that all these designs require some
form of physical input prevents their use by people with certain disabilities. For example, a
paraplegic person will not be able to use a mouse nor a keyboard.

With the proliferation of advanced technology, researchers and computer users are looking
for new ways for humans to interface with computers. In recent vears, attempts to achieve
communication based on the analysis of electrical brain signals have begun. The intention
was {o help people with severe motor disabilities to communicate by providing them with a
new supporting tool for communication and control. Advances in machine learning, signal
processing, and hardware equipment have made possible the development of brain
computer communication systems, or Brain-Computer Interfaces (BCl). A BCl is a system
that acquires and analyzes brain (neural) signals with the goal of providing a direct
communication channel between the brain and the computer, without going through the
usual pathway of peripheral nerves and muscles [1, 2].

Several technigues exist for recording brain activities, such as electroencephaiography
(EEG), functional magnetic resonance imaging (MR [3] and magnetoencephalography
(MEG) [4, 5]. Where EEG makes use of scalp, cortical or depth electrodes for recording,
fMRI measures the haemodynamic response related to neural activity in the brain with a
large circular magnet scanner, and MEG detects the faint magnetic field that emanates from
head using a magnetic detection coil bathed in liquid helium for recording. All of these
techniques have the potential to implement a BCI system. Among the current monitoring
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methods, scalp recorded EEG is an attractive choice for BCI implementation, as it is non-

invasive, low cost, and relatively simple to implement.

Human brainwave patterns vary greatly amongst people, and even for the same person at
different times. While one particular method of BCI control may work very well for some
users, it may not work at all for the others. No generic implementation of BCI has yet been
developed to suit everybody yet. In order to increase the accessibility to BCI systems, a
variety of BCI systems has been developed so that the users can choose to use the one that
enables them to achieve best controllability. Examples of existing BCI systems are the Mu-
wave cursor control system [6], Thought Translation Device (TTD) [7], Event related
synchronization/de-synchronization cursor control [8], P3 character recognition [9, 10] and
Adaptive Brain computer interface [11].

One implementation of BCI, out of the many, is the mental activity based BCI system. In this
type of BCI control, users concentrate on different mental tasks associated with different
device commands. The ideal system would perform online detection of user's spontaneous
brainwave signals and link these to respective device commands during an initial training
phase. The user would then be able to execute different commands by concentrating on the
appropriate mental tasks [1, 2].

This thesis focuses on the detection of mental activity using scalp EEG for this type of BCi
system implementation. The bulk of the work was on the exploration of various mental
activities, and possible scalp locations for brain signal acquisition and classification in BCI
system,.

1.2 Objectives

As indicated in the previous section, this thesis is involved with the classification of EEG for
detection of various mental tasks — a key step to building a direct brain computer interface
system. More specifically, the aims of this research are to:

» Explore the possible mental tasks that are detectable from scaip EEG

¢ Develop analysis methods for classifying the EEG data, using a linear Support Vector
Machine classifier.

¢ Search for the possible single-channel scalp locations for detection of mental activity
related EEG, for use in BCI systems.
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¢ Investigate the possibility of implementing a single-channel BCl system with pre-
frontal EEG, using low-resolution ModularEEG hardware [12].

1.3 Scope and limitations

This thesis is limited fo the use of scalp EEG and a linear Support Vector Machine classifier
for the detection of mental activity. The purpose of this research was to establish whether
such a method is feasible and to investigate the issues involved. All experimental datasets
were collected from right-handed male subjects by the author using the 128-channel
Geodesic Sensor Net [13] device and the ModularEEG hardware.

Comparison of the different EEG devices for BCl implementation was not done in this

research.

1.4 Plan of development

Chapter 2 begins with a brief overview of Electroencephalography (EEG) and its issues
relevant to the BCI system, and ends with a brief overview of current BCI systems. Chapter
3 introduces the components of a mental task detection system and the methods used in this
project. Chapter 4 describes the experimental approach to building a classification method
for detection of mental tasks. Chapter 5 and 6 present the results as well as the discussion
of results from the classification method. Conclusions and recommendations for future work
appear in the final chaplers.

2



Chapter 2 Electroencephalography

The aim of this chapter is to introduce the basic concept of electroencephalography and its
role in brain computer interface systems.

2.1 The electroencephalogram

The electroencephalogram (EEG) is the neurophysiologic measurement of the electrical
activity of the brain by recording from electrodes placed on to the scalp. It was first
measured by Hans Berger in 1929 [14). It is a graphical representation of the difference in
voltage between two scalp locations plotted over time [15].

EEG originates from the synaptic activity of neurons inside the cortex. The individual
neurons communicate by sending tiny electrochemical signals to one another, causing the
neurons to become polarized and depolarized. Although the resulting electric potentials of a
single neuron are far too small to be detected from the scalp, when thousands of these
neurons are acting together in a synchronous manner, it produces signals of the magnitude
of a few microvolts, which is detectable by an EEG device. Details on brain and neuron
structures can be found in Appendix C.1 and C.2.

The human head consists of conductive tissues and skull, which can be modeled as a
volume conductor. The process of current flow from the activating neurons, through the
tissues towards the recording electrodes is called the volume conduction. This process
causes distribution of potentials to spread across the scalp, and allows the EEG to be
captured. EEG is therefore a two-dimensional projection of the 3 dimensional activity inside
the brain [15]. An example of a multi-channel EEG recording is shown in figure 2.1.

Clinically, electroencephalographers correlate brain functions as well as dysfunctions and
diseases with certain patterns of EEG traces on an experimental basis. Because EEGs are
usually difficult to evaluate in their raw form, various pre-processing techniques are applied
to the EEG before evaluation. Spectral analysis is one of the most popular methods of
analyzing EEG. Due to the oscillatory characteristic of EEG, normal EEG signals usually
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appear as rhythmical signals and different rhythms usually correspond to different brain
states EEGs are commonty classified into five rhivthms aceording to their frequency range:
alpha, beta, theta, delta and gamma. Table 2.1 summarizes the properties of these EEG

rhythms, and figure 2.2 shows an example of these rhythms
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Figure 2.1: An example of a multi-channel EEG recarding  The y-axis specifies which charnel the

waveformms were recorded from. and the x-axis shows the time in seconds
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Figure 2.2: Brainwave cormponent frequencies [16|
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Table 2.1: Brainwave types with their associated mental states (summarized from [16])

[ Brainwave type | Freguency range Associated mental states
Delta 0~4 Hz deep slesn
Trneta 4~FHz drowsiness, light sleep
Alpna 2~13 Hz relaxed, calmed, alen state conssicusness
Beta 14-~-30 He aztive busy, anxious, thinking. concentrating
Gamma 40+ Hz high mental activities

2.2 EEG hardware

A typical EEG recording sysiem consists of the following components [17], shown in figure
208

i
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Figure 2.3: Diagram showing the comoonents of 2 recording system

Electrades

Permanent electrodes are usually made of silver or gold, as shown in figure 24, Thase
butten or cup shaped electrodes are applied to a clean scalp or forehead with some
conducting solution, gel or paste. The electrodes and the conducting solution serve as a
metal-electrolyte interface with the skin, where a flow of ions in the brain due to electng
current is converted into a flow of electrons in the elecirode  Typical conducting solutions
used are sodium or potassium chleride. The metal plated electredes are glued to the scalp,
and are therefore more tolerant to movements and they stay in good condition for long term
monitoring [16].
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Disposable adhesive electrecardiogram (ECGY electrodes, shown in figure 2.5, are an
alternative o the metal electrodes. The disposable electrodes are much cheaper, more
canvenient and hygienic when compared to the metal electrodes, bul suffer from lower
sensitivity and tolerance towards movements  Disposable electrodes generally last for less
than 72 hours,

Figure 2.4: permanent golt plated electrodes Figure 2.5: disposable ECG electrode

Amplifiers

EEG signals are very weak (20-100 micrevolt) and have high source impedance, therefore
differential amplifiers are used to amplify the signal into the range where they can be
digitized accurately. Differential amplifiers must have high commeon-mode rejection ratios (at
least 100dB) and high input impedance (at ieast 100Mohms), in order to minimize loading

effects and the disterticn of the signal [17].

Fillers

Low pass filkers remove BOBOHZ electrical noise caused by mains hum before recording.
When information of interest lies ak frequencies above this line noise, a noteh filter is able to
remove a narraw band around 50/80Hz. but it can result in phase distortion [17].

Coniroller

Channels of analog signals are repeatedly sampled at a fixed time interval (sampling rate)

and cohverted to the digital format with an analog-to-digital (A/D) converter. The resolution

of the system is determined by the smallest armnplitudes that can be sampled. The converter
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is interfaced with a recording unit, which functions to communicate to other devices for

display or storage of data [17].

2.3 EEG artifacts

in EEG recordings, artifacts are potential shifts that do not originate from the brain. They
can be grouped into two categories: artifacts which arise from physiological movement as
well as other electrophysiological sources inside the body; and artifacts which result from
noise and interference from outside the body. It is just as important to have knowledge
about the artifacts as it is about EEG, as artifacts may be mistakenly interpreted as EEG due

to similarity in their wave patterns.

The most commonly seen artifacts are described below [18, 18], and an example of some

contaminated EEGs are shown in figure 2.6:

Eye blink and eye movement (Electrooculogram - EQG) artifacts

The human eye can be seen as a fixed dipole with a positive pole at the cornea and negative
pole at the retina. Eye blinks or other movements produces electrical potentials around the
eyes known as electrooculogram (EOG) signals, which propagate over the scalp causing
significant artifacts in EEG recordings. EOG amplitudes are usually below 4 Hz and have
much larger amplitudes than the amplitudes of the EEG, so they usually drown the EEG
signals completely.

Muscle movement (electromyogram - EMG) artifacls

Electromyogram (EMG) signals are electrical potentials generated by skeletal muscles. The
movement of muscles also causes artifacts in the EEG, especially those close to the
recording electrodes (e.g., the frontalis, orbicularis oculi, and temporalis muscles). EMGs
have a broad frequency range of 0-500 Hz, with dominant energy being in the 20-200Hz
range. An example of the frequency spectrum of EMG is shown in figure 2.7. Movemenis
such as swallowing, tongue movements, and breathing will cause low frequency artifacts
around 1 Hz.
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Figure 2.6: Examples of (a) eye blink artifact, (b) horizontal eye movement artifact and
(c) muscle artifact in EEG (18],
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Figure 2.7: Frequency spectrum of the EMG signal detected kom the Tibialis Anerion muscle during
a constant farce isometric comfraction at 50% of voluntary maximum [20]
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. Sweating

Another source of biological artifacts is change of skin resistance due to sweating. This
causes potential drifts in the EEG, which may be misinterpreted as slow brain activity.

Elsctrical interference

External electrical signals may cause unwanted noise in EEG. The most common source of
noise is the 50/60Hz mains hum due to power distribution lines and nearby electronic
equipment.

Bad electrode contact and movement of wires

The electrodes and cohnecting wires transmit measured EEG to the EEG device. Artifacts
arise when there is a brief change of contact between the electrode and skin, or when the
connecting wires were moved and not electrically shielded.

2.4 Electrode nomenciature and montages

In the first International EEG congress in 1947, it was recognized that there should be a
standard method of placing electrodes. The study of possible electrode placement methods
was done by H.H. Jasper, who proposed the 10-20 electrode placement system [21]. The
system uses known neuro-anatomical landmarks for determining the reference points. The
electrodes are placed at 10% and 20% of a measured distance between the reference points.
Since then the 10-20 system was adopted as the standard for clinical EEG.

Later, the advancement of multi-channel EEG hardware and the advancement of
topographic methods to study spontaneous EEG necessitated the standardization of a larger
number of channels. In 1985, the 10-20 system was extended to the 10-10 (or 10%) system,
increasing the original 21 elect'rodes to 74 [22]. The 10-10 system is further extended to the
five percent electrodes system, containing up to 345 electrode locations [23]. Currently,
laboratories studying EEG use even larger numbers of electrodes: measuring EEG with 32,
64, 128 and 256 channels has become quite common [24].

Figure 2.8 illustrates the electrode nomenclature for the 10-20 system. The naming
convention of the electrode locations matched with the underlying anatomy of the brain: Fp —
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pre-frontal, F - frontal, P - périetai, T — temporal, C — centfal, and O - occipital, and ‘2
refers to electrodes placed at the midline. Additional electrodes (for higher resolution
recording) are usually placed between these electrodes, which followed the same naming

convention.

Figure 2.8: The 10-20 International system of electrode placement [25].

Each EEG channel measures the potential difference between two points on the scalp. The
arrangement of the electrodes is referred to as a montage. There are three types of
moniage:
4
e Bipolar montage z electrodes are arranged in pairs, and each channel measures the
potential difference between the pair of electrodes.

s Unipolar or referential montage — the potential differences between each electrode
and a common reference electrode are measured. The reference electrode usually
has the least relevant activity. Several different reference electrodes for uni-polar
recordings were mentioned in the literature. They are the vertex (Cz), left or right
mastoids (A1, A2), linked mastoids ((A1 + A2)/2), linked ears, ipsilateral ear, contra-
lateral ear, C7 reference and tip of nose. |

12
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e Reference free montage - the potential difference between each electrode and a
common value is measured. The common value is usually calculated from the rest of
the electrodes. Examples are common average reference, weighted average

reference and source derivation.

Bipolar montages can be derived from unipolar or reference free montages, by subtracting
one unipolar channel from the second to give the bipolar measurement of the pair of
electrodes, but not vice versa. Selection of the reference electrode in a unipolar montage is
important as EEG distortion may result if the reference electrode channel has high activity.
The reference free montage does not have the referencing problem; however, any large
amplitude artifacts may cause fluctuation in the reference value, hence causing distortion to
the EEG.

2.5 Brain computer interface technology

A brain-computer interface (BCl), sometimes called a neural interface or brain-machine
interface, is a system that acquires and analyzes brain (neural) signals with the goal of
creating a communication channel directly between the brain and the computer [1, 2]. Such

a channel has potentially a number of uses:

» To build an assistive device for communication and control for disabled people.

e To diagnose and monitor neurological disorders.

¢ To improve man-machine interaction.

~,

For many years, people have speculated that EEG or other measures of brain activity may
provide this new channel. Over the past decades, the advancement of computing
technology has enabled EEG to be analyzed in real time, and therefore enabied productive
BCl research to begin. Many of these research projects [6-9] concentrated on the
development of new communication tools for people with severe motor disabilities, so that
patients can interact with computers or other systems and hence, communicate directly with

the external world using their brain.

13
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2.5.1 Present day BCI systems

BCI research includes non-invasive approaches that use standard scalp recorded EEG as
well as invasive approaches that use cortical or depth recording [2]. This thesis will
investigate non-invasive approaches using scalp recorded EEG.

Scalp EEG based BCI systems fall into four groups, based on the EEG signal features they
use:

Visual evoked potentials

Visual evoked potentials (VEP) are EEG potentials measured at the visual cortex, which are
produced by visual stimuli. Commonly used visual stimuli are flashing lights or
checkerboards on a video screen that flicker between black on white or white on black or
other pairs of contrasting colours. EEG activity will increase in the visual cortex at the
stimulating frequency. Hence, by detecting the frequency of the VEP, the direction of the
user's eye gaze can be determined, and hence the user’s intended action (e.g. where user
desires to move a mouse cursor). VEP is an inherent response, s6 no user training is

necessary. [2]
P300 event related potentials

P300 is an event related potential in EEG, typically maximal at the parietal cortex, causing a
positive peak at around 300 ms after the stimuli [2]. It is a response modulated by auditory,
visual, somatosensory ., task relevant stimull. For a stimulus that is unexpected (i.e. a
distracter) in the context of the task, P300a is generated. The P300 is a higher cognitive
potential that is modulated by attention. An example of P300 BCI is by Farwell and Donchin
[9]. The user faces a 6 x 6 grid containing letters, numbers or commands. Each row or
column flashes in 125 ms intervals. The user makes a selection by counting the number of
times the row or columns containing the desired commands flashes. The user's P300
amplitude will be higher for the rows and columns containing the desired command.

Slow cortical potentials

Slow cortical potentials (SCP) are slow potential shifts of the EEG in the cortex, and usually
occur for 0.5-10 s. Birbaumer's team has shown that people can learn to self-regulate their
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SCPs by producing either cortical positivity or negativity according to the task requirement,
and thus control movement of an object on the computer screen [2, 7]. This type of BCI
requires user training, and biofeedback is needed to train the user.

Mu and beta rhythms

Mu and beta rhythms are 8-12, and 18-26 Hz spontaneous EEG activities that are
predominant in an awake person at the sensory motor cortex when they are not engaged in
processing sensory inputs or motor outputs. When there are movements or preparation for
movement, mu and beta rhythms decrease. Wolpaw and McFarland have shown that by
imagining left or right hand movement, users are able to produce changes in EEG activity in
the sensory motor cortex, that can be used for a 2 dimensional cursor control [6].

BCls are also grouped into dependent and independent BCl. Dependent BCI does not use
the normal output pathway of the brain to send messages, but the activity in those pathways
is needed to generate changes in the EEG which could be detected by the computer and
translated into messages {2]. VEP based BCI systems are examples of dependent BCl. On
the other hand, independent BCls do not depend on the normal pathways, nor any activity in
these pathways to send messages. They use brain activity generated by the user directly to
send messages. Mu-rhythm and SCP based BCI systems are independent BCls.

Because independent BCls do not use any of the muscular pathways to communicate, they
create a completely new channel directly between the brain and the computer, which has
much greater theoretical interest to researchers then dependent BCls. In addition, in the
case of severely paralyzed patients who may lack nearly all normal output pathways,
independent BCls would be more useful [2]. The problem with an independent BCI however,
is that it does not work for everyone. Some methods may work well for some users but not
at all for other people. This is dueto the inter-subject variabllity of EEG. 1t is therefore better
to have a variety of control methods, so that the users have options to choose, and use the
ones where they are able to achieve best controllability.

Currently there are six mental task based BC| systems developed around the world,

summarized in table 2.2. Feature extraction, classification and training are discussed in the
next chapter.
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2.5.2 Parts of a BCl system

BCl| systems, like all other communication and control systems, have an input, an output,
companents that translate input signals into output signals, and pratocols for determining the

aperation. A general BC| system consists of three modules, shown in figure 2.9.

Signal processing |
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| o Messages
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Figure 2.9; Diagrar showing modules of a BC| systern,

The zignal acquisition modyle capturas EEG fram the scalp with some EEG hardware, and
sends the digitized EEG signal to the signal-processing module.  The signal processing
moduie then fillers the EEG, removes artifacts, and c¢lassifies the EEG info device
commands, The Actuation module will receive commands and use them to control assistive

devices such 3s 3 mouse CUrsor,

2.5.3 Other factors influencing EEG activity for BCI control

Other mental states or processes that may affect one's ahilty to maintain contral of one's
EEG signal Include [1]:

«  Concenfrationfocus

¢ Frustration

«  Emgotional states (e.q depression}
+ Relaxatian

+ [atique

+ [hstractions / inferruptians

+ Motivation { desire

+ |ntentions

»  (Other thoughts
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Table 2.2: Summary of mental task based BCI systems around the world (modified from [26])

System Group Mental tasks/EEG | Electrodes Foatures, Application, Training time
trials classification number of subjects
algorithm
Mu-wave cursor Wadsworth Center, | mu and beta rhythm | sensorimotor « power in mu- and ¢ 2-D cursor control | Weeks
control [6] Albany, USA modulation cortex, C3 and G4, beta band. e 4 subjects
s linear classifier
ERS/ERD cursor University of imagine left and sensorimotor » power in alpha and | e virtual keyboard, Days
control [8] Technology Graz, right hand and foot cortex, bipolar C3- beta band, cursor movement
Austria movament C3 and C4-C4', 27 autoregressive s 4 subjects
glectrodes over coefficients
central areas e Linear discriminate
analysis, hidden
Markov models
Thought Translation | University of control of slow brain | Fz, Cz, Pz e low pass filtering ¢ on/off switch Months
Device (TTD) [7] Tubingen, Germany | potential e Thresholding + 8 subjects
Adaptive Brain European Union relax, imagination of | F3, F4, C3, Cz, C4, | « powerin 2Hz wide | « Asynchronous Days
interface [11] JRC left and right hand P3, Pz, P4 bands from 8-30Hz control of mobile
movement, cube + Meural network robot, virtual
rotation, subtraction, keyboard
word association o 15 subjects
EPFL Switzerland imagined left and Fp1, Fp2, F7, F3, » several typs of = 2D object Days
27 right finger F4,F8, T3, T4, C3, feature vectors positioning
movement, mental C4,T5, P3, P4, T6, | e online kemel based | » 6 subjects
counting, object 01,02 algorithm
rotation
Meil Squire recognition of bi-polar recordings: | e bi-scale wavelength | « switch Weeks
Foundation Canada | movement F1-FC1, Fz-FCe, analysis » 7 subjects
{28, 29] imagination against | FC2-C2 e ON@ nearest
other mental neighbour classifier

activities
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2.6 HKnown EEG characteristics for different mental tasks

EEG changes in response to different mental tasks have been widely studied in
neurascience and physiclogy. Some EEG spectral changes with respect to eves closed
condition, listening to music, mental arithmetic, and imagined movemeant are summarized

helow:
Eyes closed

In Srinivasan's experiment [30] far characterizing the spatial structure of alpha component, it
was found that alpha power was significantly high at the pasterior regwon of the brain when
eyes are closed compared o when eyes are open. See figure 210 for topograghical maps

for average alpha power of 23 adults and 20 children in Srinivasan’s experiment.

ADULTS CHILDREN

Ed
I“

Figure 2. 10: Topographic map of averaged alpha power | ,u“v'zj in eyes closed conditions [30]

Maltez et al. [31] compares the variability of power in different frequenesy bands during
resting conditions with cycles of eyes open {55) followed by eves closed {5s) repeated for
10mins, Experiment with 57 subjects has shown that, towards the end of the experiment,
there were a decrease in alpha and beta power, and an incregse in delta and theta power,
This observation suggests that EEG frequency estimates varies over time for resting

conditions.

Listening to music

The EEG responses from listening to music documented in the literature are diverse and

somebmes contradigtory.  This indicates that EEG responses to music are not easily
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predicted, and may depend on the mental state of the subject and the experimental
paradigms. Subject could have varied in gender, musical skill level, inherent hearing
characteristics, emotional state during recordings, and musical preference.

Ramos and Corsi-Cabrera [32] studied the effect of classical music, silence, and the sound
of an infant crying on the EEG spectra of 14 amateur classical musicians. The results
indicated that relative theta power increased in response to classical music (rated as a
“pleasant” stimulus by subjects), but decreased in response to the sound of an infant crying
(rated as an “unpleasant” stimulus by subjects). The study also reported that relative beta
power did not change across the three conditions.

in contrast to the findings of Ramos and Cori-Cabrera, Nakamura et al. [33] reported a
significant increase in beta power, over the posterior two third of the scalp for listening to
music versus resting conditions.

Altenmuller et al. [34] investigated the EEG changes of 16 right-handed students when the
students are listening to 4 different type of music: jazz, rock-pop, classical music and
environmental sounds. It was found that positive emotional attributions were accompanied
by an increase in left temporal activation, and negative emotional attributions by a more
bilateral pattern with preponderance of the right fronto-temporal cortex. No differences
related to the four stimulus categories could be detected. The study concluded that the EEG
response was primarily a measure of the subject’'s emotional response to the music, instead
of a measure of the cognitive awareness of the actual music. Yuan et al. [35] also
concluded that changes in the EEG power spectrum when listening to music were closely
related to emotions.

Sulimov et al. [36] compared EEG spectral changes during resting and listening to music. It
was found that there is an increased of alpha power in the parietal and occipital areas of
both hemispheres when the subjects are listening to music.

Pavlygina et al. [37] compared EEG spectral changes when the subjects are resting with
eyes open, versus listening to classical and rock music, with varying sound volume. It was
found that EEG spectral changes during listening to music are affected by the type and the
sound volume of music. When the subjects are listening to moderate classical music, the
most prominent changes were in the upper alpha (10.25-13 Hz), beta and gamma bands,
with the highest spectral changes in beta and gamma band at the temporal (T4 and T6) area.
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On the contrary, when listening to moderate and strong rock music, prominent changes are
in the theta and lower alpha (8.25-10 Hz) band, with the highest spectral changes in the beta
and gamma bands of the right temporal, central and parietal (T4, C4 and P4) areas. It was
also found that these spectral changes from listening to rock music persist for at least 5
minutes after the music as stopped.

Mental arithmetic

Alpha attenuation with mental arithmetic calculation in an eyes-closed state was reported in
the original human EEG publication by Berger [14]. Similar results have since been reported
by a number of investigators including Glass [38] and Glass and Kwiatkowski [39].

In addition to alpha attenuation (with eyes closed mental arithmetic) Glass and Kwiakowski
[39] also reported beta attenuation. It was discovered that the alpha attenuation due to the
visual stimulus from opening the eyes is much greater than the attenuation due to mental
arithmetic. Volavka et al. [40] also found beta increase in the parietal-temporal channels
during mental arithmetic while the subject's eyes were closed.

In the eyes open mental arithmetic scenario, Fernandez et al. [41] have found significant
differences in the delta and theta components in right posterior channels and in the beta
component in the frontal channels. Recently, Yamaguchi [42] also reported notable
increases in parieto-occipital beta using an eyes open paradigm.

Imagined movement

Imagined movement related EEG has been studied by many research groups. Pfurtscheller
et al, McFarland et al. and Neuper et al. [43-45] have all reported alpha and beta frequency
changes in the sensorimotor scalp areas (C3, C4) during imagined movement tasks.

Alpha and beta changes in the sensory motor cortex are referred to as the mu and beta
rhythm in the literature. A number of mu and beta rhythm based BCl’'s have been developed
over the last three decades, specifically using the imagined movement paradigm [2].

A mu rhythm based predictor, reported by Peltoranta and Pfurtscheller [46], was appliedto a

single subject, and was capable of achieving a 85%-90% discrimination accuracy between
left and right index finger movement.
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McFariand-et al. [43] reported mu and beta rhythm variation with both real and imagined
hand movement. A single representative combination of mu and beta variation in response
to imagined left and right index finger movement was illustrated by Babiloni et al. [47], this
were also able to discriminate between the two imagined movements with an accuracy
ranged between 89% and 97% using 9 electrodes, with 5 different subjects. ’
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Chapter 3 Approach to mental task detection

in this chapter, previous approaches to mental task detection using EEG for BCI
implementation are discussed. Approaches reviewed are within the framework of a
generalized mental task detection system consisling of data pre-processing, feature
extraction and classification. Emphasis was given to methods that are relevant fo the
author's approach in later chapters, which forms the signal-processing module of a mental
task based BCI system.

3.1 Components of a detection system

Most mental task detection systems can generally be divided into 3 main stages as shown in
figure 3.1. These main stages are outlined below:

¢ Data pre-processing — Conlinuous EEG dala are screened for artifacts, and
contaminated data are removed manually or automatically. High pass or low pass
filters are usually applied to raw data to remove unwanied high and low frequency
noise prior to screening of biological artifacts. The clean data is then segmented into
smaller epochs, usually by a sliding window, before further processing.

« Feature extraction — EEG data are mapped into an appropriate feature space, and
features that provide good representations for different mental tasks are selected for
classification.

» Classification — the extracted EEG fealures are classified into the different mental

tasks. Sometimes it is also useful for the classification resulis to show the degree of
confidence of the classification.
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Fociure EEG
- R EEG— chonin -—-Epochs— . gt 4 toat result

Figure 3.1: Diagram showing components of a mental task detection system

3.2 Data pre-processing methods

3.2.1 Artifact removal

Artifacts are a major challenge in classification of EEG as they cause EEG signals to distort
and may even drown the signals completely (e.g. large movements). It is therefore crucial
that they are removed before further processing. There are various methods for EEG artifact
removal, discussed below [19]:

Filtering

Low frequency artifacts such as eye blinks, eye movement, sweating, and swallowing can be
removed 10 some exient with a 4Hz low pass filter. However, these artifacts generally have
much larger amplitudes than EEG, which cause distortion o the EEG that fillers cannot
remove. Low frequency arlifacts also overlap with the delta wave, and filtering will lead fo
reducing of the delta component of EEG.

High frequency artifacts such as muscle activity can be removed to some extent with a 40Hz
low pass filter. However, muscle artifacts have a broad frequency range, with most of the
energy between 20~200 Hz (see figure 2.7), which sometimes overlap with beta waves. In
that case, filters will not be able fo remove them without removing beta components.
Because EMG power increases with muscle tension, when dominant EMG frequencies have
iow power, we could assume that the non-dominant frequency bands have so little power
that they will not distort EEG signals.

50Hz mains hum electrical noise is removed with a 50 Hz noich filter or 2 low pass filter,

since EEG signals of interest are usually below 40 Hz. Obviously, a 60Hz notch filter is used
in countries where the mains frequency is 60Hz.
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Rejection

EEG data epochs contaminated with artifacts can be manually or automatically corrected.
Manual artifact rejection requires human labor and arifact identification may be biased.
Automatic methods are much faster and more precise; however they may not be as accurate
as manual methods, and it is often difficult to set rejection rules for recognizing all different
type of artifacts. The success of artifact rejection depends on the quality of detection, and
the application for which it is used. For example, applications that involve much movement,
such as monitoring of sportspeople’'s EEGs, will cause unacceptable loss of data. In other
applications such as a brain computer interface, its use can be adequate.

Subtraction

This method is only used for removal of EOG artifacts, and is based on the assumption that
measured EEG is a linear combination of EEG and EOG. A separate channel is dedicated
to measure EOG, and original EEG is recovered by subtracting measured EOG from EEG,
using appropriate weights. The disadvantage of the method is the need for an additional
EOG channel enclosing the eye muscles, which may be uncomfortable for users, and may
adversely affect users’ mental activity performance under investigation.

ICA blind source separation

Independent component analysis (ICA) is a relatively recent method for blind source
separation.  Contaminated EEG data is separated into independent components,
components with artifacts are rejected, and the remaining components are merged again to
produce artifact free EEG. This method has been shown to perform very well in removal of
EQG artifacts, without loss of EEG data [48, 49]. However, |CA requires multi-channel EEG
recording, as it assumes that the number of EEG sources equals the number of recording
channels. In the case of a BCl system using only a few channels, ICA would not be possible.

Artificial neural networks
EEG data contaminated with different types of artifacts are pre-recorded, segmented into
short segments and used to train neural networks for recognition of these artifacts. When

EEG data are fed into the network, the trained network detects contaminated epochs that
match up with the artifact EEG, and reject the epoch automatically [50, 51].
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The success of this method depends on the quality and number of training sets for different
kind of EEG artifacts. Larger training sets usually gives better classification results.

3.2.2 Epoch extraction

Epoch extraction refers to the division of continuous signals into shorter segments of data
that are processed separately for classification. For obtaining spontaneous EEG features in
the frequency domain, such as the weightings of specific spectral bands, equal length
epochs are extracted using a sliding window. For obtaining event-related EEG features such
as voltage amplitude over the sensory motor cortex from motor imagery, EEG changes are
time locked, hence equal length epochs are extracted at a specific time prior to, at the time
of, or after the event. Epochs are then averaged to enhance signal to noise ratio before
feature extraction.

3.3 Feature extraction methods

Feature extraction is the mapping of the EEG epochs into a feature vector space that is
suitable for classification. This process is an integral part of BCI systems as it reduces the
amount of processing resources required to represent complex EEG data accurately, and
also simplifies the task of discriminating between pattern classes of the original signal.
Careful consideration has to be given to this process as selected features have significant
influence on the complexity of the clagsifier. If features contain the relevant information that
is highly representative of the different pattern classes, then classification may be a simple
task. If, however, the selected features do not capture enough information to distinguish
between the different classes, then reliable classification would be difficult to achieve.
Features that contain overlapping information may also be undesirable as additional
unnecessary information could confuse the classifier or overdetermine the problem [18].
The choice of optimal feature extraction method is dependent on the subject and the mental

activity to be detected.

The purpose of the feature extraction process in BCI systems is to extract EEG features that
(optimally) encode the user's message. Usually the extracted features are of lower
dimensionality than the original signal. A number of feature extraction procedures have
been used in mental task based BCI| systems. They include spatial filtering, voltage
amplitude measurements, Surface Laplacian (SL), and spectral analysis [2]. Some features
are in time domain, frequency domain, or both. It is important to ensure that BCI features
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are not contaminated with artifacts, as sometimes artifact signals may correlate with the
user's intent, and be incorrectly selected as signal features.

Initial selection of signal features may be based on standard guidelines from known locations
and temporal and spectral characteristics of EEG supplemented by operator inspection of
initial topographical and spectral data from each user [2]. These methods can also be
replaced by automated feature selection methods. Commonly used features for mental task

detection are described below.
Time domain features

Voltage amplitude measurements of slow cortical potentials (SCP), and event-related
potentials (ERP) are time domain features used for BCI control (e.g. the Thought Translation
Device, Tubingen, Germany) [7]. The EEG data is first filtered to obtain the frequency
components of interest in the time domain. The negative and positive potential shifts of the
extracted component are features for classifications into a binary response, e.g. yes/no,

accept/reject.
Frequency domain features

EEG signals are rhythmic in nature with characteristic spectral properties. Therefore,
spectral estimates of EEG are sometimes a better representation of EEG for classification
purposes. Speciral features of EEG can be obtained using Fast Fourier Transform (FFT)
[52], or autoregressive (AR) [53] based and wavelet [54] based spectral estimates. Both
amplitude and power estimate of frequency bands have been used for BCI control. Mu and
beta rhythms measured from the sensory motor cortex are examples of spectral features
used in mental imagery BCls 6, 55].

Other feature selection methods
EEG is also represented with autoregressive (AR) coefficients, by windowing EEG and using

an AR feature extraction method to extract AR coefficients. Studies have shown that four
coefficients are sufficient in representing several voluntarily modulated EEG signals [56].
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Scalp Surface Laplacian (SL) is an alternative way of viewing EEG. It is a measurement of
the local current density flowing through the skull into the scalp. SL-transformed data were
computed by estimating the power spectral density of windowed epochs. [47]

The common spatial patterns (CSP) method is used in multi-channel EEG feature extraction
and channel selection. The idea is to use a linear transform to project multi-channel EEG
data into a low-dimensional spatial subspace with a projection matrix.. The resulting matrix
reflects directions of the most pronounced difference in variance between the two classes of
data [571.

The distinction sensitive leaming vector quantization (DSLVQ) method is a supervised
learning algorithm for feature selection. The method uses a weighted distance function to
modify the influence of each feature according to its contribution to correctfincorrect
classification of the system. Pfurtschellers group used DSLVQ on EEG spectral
components fo select the most relevant frequency components for discrimination between
left and right motor imagery [45].

Adaptive Gaussian Representation (AGR) coefficients are also used to represent EEG
features for discrimination of mental tasks in BCI [58).

3.4 Classification methods

Once the appropriate EEG features are selected, they are presented to the classifier for
classification to discriminate between different mental tasks. Extant BCls use a variety of
classifiers that measure the membership of a feature vector with respect to each mental
activity by means of machine learning approaches. Both linear and non-linear classifiers
have been studied in the literature for this application, including Linear Discriminant Analysis
(LDA), Hidden Markov Classifier, z-scale base Discriminant Analysis (ZDA), artificial neural
networks (ANN), support vector machines (SVM), and the extreme learning machine (ELM).
Some classifiers such as SVMs are used for feature elimination as well, by discarding
features that give poor classification results [59]. See table 2.2 in chapter 2 for a summary
of the features and classifiers used in various mental task based BCI systems.

In more recent studies, the SVM have been used more commonly for mental task
classification, as SVM have been shown to outperform many classification algorithms in
many problems, including BCI [60, 61]. SVMs leamn a classification function from training

28



Chapter 7

data. and do not require pre-defined rules to function as a classifier. As a complete set of
rules for accurately discriminating EEGs from different mental tasks cannnt be easily

determined, SYM becomes an attractive method to classify EEG patterns.

iven the promising results from studies that use SV to classify EEG, it was decided that

this research should further investigate the application of SV to classify EEG.

3.4.1 Suppert Vector Machines

suppert Yector Machines {SVM} are supervised |leamning systems that uses a hypothesis
space of linear functions in a high dimensional feature space. trained with a learning
algorithm from optimization theory that implements a learning bias derived from statistical
lzarning theary [82] SWM was introduced by Vaphik [83] and co-workers. and formulates a
computationally efficient way of learning ‘gooed’ separating hyperplanes in high dimensional

feature space. by controlling the hyperplane margin measures [62],

The simplest model of VM is the maximal margin classifier  H works for data that are
linearly separable in the feature space, and forms the building block of the more complex
SWMs.  The maximal margin classifier minimizes the classification error by separating the
data with a maximal margin hyperplane The mathematical theory of the SV is described
below, following the same treatment from the SWM book by Christianuni [62] and technical
repot by Gunn [64]

The optimal separating plana

Any type of data that can be represented as a vecter in n dimensions and classified by a

hyperplane in r-1 dimensions. Consider a two-class classification problern, separating a set

of fraining vectars belonging to wo separate classes
D=Alxvikola p Boae R pe i, I (3 1)

With a hyperplang,

Fxi={w,x}{ b (3.2)
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Approach fo mental task detedtion

Where (w,h)e #” x # are the parameters that control the function and the decision rule fs

given by sgn(f{x)). and senl0}=1. See figure 3.2: the hyperplane is the solid ling, with the
positive region above and negative region below, The guantilies w and & are refarred o as

the weight vector and Bias, terms barrowead from the neural network literature [62]

Many weight vectors can represent the same hyperplane, so we can rescale the weights to
I:)I,u.-. Ah), for 2 c R'. without changing the classification decisions. |t 15 appropriate to

consider a gcanonical hyperplana, whare parametars w, & are constrained by

m_r'rril;:n-',.rl i+h b PR

1
& canonical hyperplane therefore has the distance — to its nearest data point The set of

[

vectar is optimally separated if the separating hyperplane separates it without error and with
a maximum separabion margin between the two classes of pointz, =g& figure 3.3 |f the
weight vector w realizes a functional margin of 1 on the positive point x+ and nagative point

x-, it implies that

(W.I'>+f}=+1,

(W.I_>+b=-1.

Figure 3.2: A separat ng hyperplans (w b} for a two-dimensicnal training set
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This can be rewritten as
wliwx)ralz1 i=1. (3.4)
We can then nermalize w to compute the geometnc margin » |

|<Iw, X+ b (wx b ,i;.|
¥= min ————+ min ———
S R 559
= Lf _mi_n {w,xl:}+b|+ ”T',"l}:{“lx;}h':'” O e
||w| R et Fen-l ||w|

: = b ] 2 .
Hence, the hyperplane that has the maximum margin is the one that minimize —|js|". It is
i

independent of b, because changing & will shift the plane in the direction normal {o itself.

Figure 3.3: The margln of a traning set

The hyperplane {w. b) that solves the optimization problem is

T " !
Minimize ., {w-w},

Subjectto, ¥ [fwx)=b]z1 =1 (3.6)
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Approach tec mental fask def=ction

The saddle point of the Lagrangian gives a solution to this. The optimization problem is

transformed into its comespending dual preblem. The primal Lagrangian is

L, ba}——ru w—zg[ A, %)+ 8)=1] (3.7)

=1

Where a are the Lagrange muitipliers, o« 20, Differentiating with respect to w and b gives:

&, (w, b, af] : UL e, !:r cx
T=}1=—;J-',£¥rxrzﬂ, ; ZH}: =0

This relation shows that the hypothesis can be described as a lingar combination of the
training points, re-substituting the relations obtained back to the primal gives the

corresponding dual form,

tsibac)= 3w )= Sl 8)-1
:—ZJJ £t x JLIII' meaa*’fl r} Zﬁf (3.8}

.'_.—1 1=t

Zc}:——Z}} Df{)f'.lll'f xf

=1 .l =1

with constraints,

(3.9)

Solving the equations (3.8} with constraints (3.9), determines the Lagrange multipliers, and

the optimal weight vector w = Z_v.:cx_,x_, gives the maximal margin hyperplane,
=1

The wvalue of b does not appear in the dual problem. so it is calgulated from the primal
constraints: [62]
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o __n_l_ax_b_l___1(_<.,,,_.~ _;;}J; mln},l_1(<w' x,” (3.10)

The hard classifier is then,
Fix) = sgnlfw',x}+ ) (3.11)

Altematively, a soft classifier may be better used to interpolate the margin, because it will be

able to classify testing points that are within the margin [54].

-1z -1
Flx)=hl{w x)+b) where hiz}={z:—15=<1 (3.12)
+ 1z =1

The Karush-Kuhn-Ticker [62] complementarity conditions state that the optimal solutions a,

{w b} must satisfy

a v llw ) +b]-1=0, =14 (3.13)
This implies that only points x, which satisfy
plw x b+ p]=1 (3.14)

will have non-zero Lagrange multipliers. Hence in the expression for weight vector anly
those points are involved, and they are termed support vectors (sv).  If the data are linearly
separable, the support vectors would lie on the margin and hence the number of support
vectors would be small, see figure 3. 4. Consequently, the hyperplane is determined by a
small subset of the training points, and removing other points would make no difference to
the resulting hyperplane, Therefore sv contains all the information needed for classification

and may be used to summarize large datasets,
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Approach to menfal task detection

Figure 3.4: A maximal margin hyperplans with its suppart vectors highlighted

The generalized optimal separating plane

In general, if the data are noisy. there will be no linear separation in the feature space.
There are bwo approaches to generalizing this problem: margin distribution, or use a mare
complex function to describe the degision boundary  The cheice depends on pnor

knowledge of the problem and an estimate of the noise of the data.

Figure 3.5; The slack variable for a non-linearly separable problem
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In the case of margin distibution, an  additional cost function associated with
misclassification is introduced, see figure 3.5 The margin slack variable £ is a measure of
the classification error, £ > 0. |t allow the margin constraints to be violated subject to

)

vl xirblz1-2, i=1. (3.15)

The optimal generalized hyperplane is realized by the weight vector that minimizes the

function
Py %{w. wWrCYe (3.16)

Where C iz a given value, and is determined by trial and error, The solution of the problem

is given by the saddle point of the Lagrangian

Llw,b.¢.a, f) = %{_11-‘- w03 5 = Ya (v [ vol-1+2)-Y 82, (3.17)
' =1 i1

The corresponding dual function is calculated by differentiating with respect to w. and b,

3L

= I 1 =0
5 Z J
oL _
P

!
o = 11'72(2{..1»'_,.‘:,

B = g2f=C

a3
TS

And resubsututing the relations back to the primal eguation to obtain the new dual objective
function: [62]

Liwh.ia.pgi=y a, - % Z_‘F‘_J{.a,czl,-;:x, 7y} (3.18)
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The soiution of the problem is
a :argmmiz_v,y,a,af{x, -x“}—z.ari (3.19)
e R ' P

With constraints

O0=g =C F= Qe

!
ZJ’LQ‘. =0
1-1

This sclution is the same as the maximum margin case deseribad praviousiy, except that the
bounds of the Lagrange multipiier are modified; however, the value of © has to be
determined, which reflects the amaount of noise in the data, and it is usually in the range of
0.001 -~ 10.

3.5 Training

The performances of BC| gysterns are affected by the guality of EEG signals fed into the
systemn. Thus, the guality of mental practice, degree of imagined effort, and the ability to
control thoughts may have major effects an the performance of mental task based BCI
systems. In addition to wtilizing the sigral processing methods, some researchers have
investigated the effect of subject training in BC! control.  Studies have suggested that
training may help subjecis to produce more discernible EEG patterns associated with
specific mental tasks, by practicing performing these mental tasks regularly, with
bicfeedback 15, 65] Training can be with of withaut biofeedback.  Biofesdback training
systems use visual {graphics) or audio (sound) feedback to make the trainee aware of what
brainwave patterns are present. The feedback system can be set up to reinforce or reduce a

particuiar set of brainwave patterns.
Studies have shown that subject training can improve EEG control and classification

accuracy of the EEG patterns for imagined hand movement tasks over the primary motor

cortex and frontal area [GG).
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Chapter 4 Methodology

This chapter describes the experimental setup procedures and analytical method for building

a mental task detection system,
The ohjectives of the experimant are to:

* Explore the possible mental tasks that are detectabie from scalp EEG.

+ Search for possible single channel scalp lgcations and EEG frequency bands for
detection of mental activity related EEG.

« |nvestigate whether channel |oestions and EEG frequency bands for mental task
detection are subject specific.

« |nvestigate the feasibility of building a single channel BCI system using MadularEEG

hardware.

4.1 EEG experiment setup

Two sets of EEG data were gathered from subjects participating in 7 different tasks in which
resting with eyes open, eyes closed, and mentat arithmetic are real tasks and listening to
music. left and right hand movements are imagining tasks. The first data set were gatherad
using the 128 channel Geodesic Sensor Net (GEMN) EEG device [13], and the second uses
the single-channel ModularEEG device [12]. See Appendix A and B for specification of
these devices.

The reason for having two different sets of data Is to facilitate the comparison between EEG
collected from different devices, The GEN device captures EEG data over the whole scalp,
and enables the investioation of scalp locations that are most respansive to EEG changes
between specific mental tasks. The ModularEEG device is a relatively lower cost, more
portable device as comparad to the GSM system. which makes it @ viable candidate for BCI

implementation.
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In this thesis, the alectrode locations ciose to Fpl and Fp2 ebove the eye ware compared to
determine whether single channel recording with ModularEEG is feasible for BCI

implementation, as using a single channel is an attractive elemeant for a BC| system.

4.1.1 Participants

Five right-handed subjects were recruited for the study, their mean age being 23 +~ 1 yaars.
All subjects signed consent forms, and were paid for their paricipation. The International
Federation of Clinical Neurpphysiology (IFCN) clinical EEG recording standards is a
standard that is commonly adopted in clinical EEG recording [67]. The standard requires
certain conditions to be met such as subjects medical History and time of recording.
Although it is not required for a research based EEG recording to comply with such a
standard. an attempt was made to satisfy some of the conditions in order to obtain better
guality EEG. According io the subjects’ self-report, they had normal vision and hearing. and
had no history of neurclogical disordars. Al recordings took 3lace during the daytime, within
the same season of year. The experiment has been approved by the Research Ethics
Committes; the latter of approval is in Appendix D, The subject cansent form used s in

Appendix E

4.1.2 Choice of tasks

To explore the possible mental tasks that can be detectable from scalp EEG, seven tasks

were set up for the experiment. as shown in table 4.1,

"Eyes tlosed” EEG were recorded for the purposs of validating the experiment and the
detection system, as it is well documented in the literature that eves closed EEG have the
characteristic of an increase in alpha amplitude at the occipital channels [30]. Mental
arithmetic and imagined hand movement EEG were experimented with, as they have been
shown to work well in existing BCI systems [8, 11]. To our knowledge there have been no
mental task based BC| systems using imagined music tasks, however, researchers have
shown that listening to music causes EEG changas in the various frequency bands and
channel locations [B88]. Therefore, music tasks were included in the experment to

investigate whether it is useful for BC| implementation.
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In music and hand movement tasks. both real and imagined EEG were racorded, o

eompars whether imagined tasks would give similar results to real tasks,

4.1.3 Description of tasks

All tasks weare done at rest (stationary) or clenching a soft ball, and were presented to the
subject on a computer screen, with white text on biack background. See figure 4.1 for an

example of a computer screen which the user looks at during the expariment.

For resting tasks 1 and 2, the subjects were asked to rest on a chair, relax and try to keep

their minds as blank {inactive) as possible.

Table 41; Testing activities for the experiment

Tasks Activity Im plementation Description Duration

| rest with 2yes

4 cHIEn MNona rest on a chair with eyves open & mins

rest with eyes

2 closed hMone rest on & chalr with eyes closed a3 mins

alternate bebween listening and

listen to f imagine imagined listening to relaxing music | 30 x 10

3 relaxing rmusic Watermark [£3)] in 30s intervals =5 mins

alternate between listening and

listen to / imagine | The kids aren't imagined liskening to rock music in 305 x40
4 rock music alright [70] 3{s intervals = S mins
mentally calculating successive
Successive ~ additions with the numbers
5 additions Fibonacs series presented on the screen 5 mins
| mave imagine alternate batween clenching and i _
. right hand clenching a soft imagine clenching the ball with right | t0s x 30
& mavement kall with force hand in 108 intervals = & mins
l mave f imagine alternate between clenching and : '
left hand clanching & soft imagine clenching the ball with left 108 % 30
T movement ¢ baii with farce hand in 105 intervals = 5 mins
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F-or mugic tasks 3 and 4, the recording times were divided inte 10 trials of 30 seconds each,
where the execution and imag:ned tasks altermated. The music plaved and stopped in 30-
sacond time intervals. Faor the period when the music was nat playing, the subjects were

instructed to imagine that the music was still playing, and to sing it in thei: heads,

For arthmetic tass 5. numbers appeared on the screen in § second intervals. and subjects

were instructed to perform addition on the numbers.

For hand movemeni fasks 6 and 7. the recording time was divided up infto 30 trials of 10
seconds each, where the activity aliernated between movement and imagined movemsani of
the right or left hand. A short alert sound was played in 10 second intervals to indicate a
cnanne fram “execution” to "imagine” and vice versa, Tha hand mowvement activity was to

ciench a soft ball with some force.

REesting with eyes open

Figure 4.1: Exampie of the cormputer screen which the user loo<s at during the exper men:
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Chapter 4

4.1.4 Equipments and trial procedure

Geodesic Sensor Nef recording system

EEG was recorded with the 128-channel Geodesic sensor net system {sample rate = 200Hz,
resclution = 16 bits, nominal gain = 1000). E-prime [71] was used to present the tasks to the
subject, and send event signals to Net-Station [72], which stored and recorded the captured
EEG signals. Figure 4.2 shows the GSN device, and figure 4.3 is an example of the data
aoquisition configuration. ModularEES hardware with BrainBay software [73] was used to
monitor the EMG achivitizs during the experiment, to ensure that subjects were not maving

their muscles when they were instructed to imagine the tasks,

Frior to the recording, the subjects were asked to wash their hair with shampeoo to ensute
good condudtivity during the recording process. The subjects were then fitted with the 128-
channel G3N system. Disposable adhesive electtodes were attached to the skin nearest to
the motor point of the flexor earpi ulnaris muscle on the subject’s left and right arm for EMG
mamtaring, shown in figure 4.4, See Appendix G323 for a description of the flexor carpi

ulnaris muscle, The setup of the experimental system is shown in figure 4.5

Hypertrome s
o ko
Senzar band
Bizrdle
Sensor
Array Sheling ‘Wire
Gride

Chry
Srap

Figure 4.2: The Seodesic Sensor Net JGEMN) device [13]
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Figure 4.3: Example of data acquisition configuration [13].

Figure 4. 47 EMG monitoring Using disposahle adhesive elactrodes
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The 7 testing tasks were presented o the subject in random order. Five minutes of EEG
data were recorded for each activity, with the real and imagined tasks interchanging. The
subjects were asked o pay close attention to the lesting tasks and to refrain from
unnecessary movements,  All subjects were familiarized with the trigl procedure and the
equipments before the commencement of the trial. At the end of the experiment, the
subjects were asked to rate the level of fatigue caused by each mental tazks in a 5-step

Likert scale [74]. with 1 = |least fatigue and & = mast fatigue.

ModwlarEEG recording system

In this system. single-channel EEG was recorded with ModularEEG hardware (sample rate =
246Hz, reselution = 10 bitz, gain = 840), with disposable adhesive ECG electrodes placed at
pre-frontal scalp. The dewvice was built from the ModularEEG hardware design fraom the
OpenEEG website [12], which communicates with the PC via R3232 senal port, Figure 4.8
shows the completed hardware  ErainBay [73], an open-scurce software application that
interfaces the ModularEES device to the computer, was uvsed to record the data into text

files. E-prime was used to present the activity to the subject, and to send avent signals to a
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separate channel on ModularEEG hardware, so that event signals were recorded in parallel

with EEG The setup of the exparimental system is shown in iigure 4 7.

Electrodes

Inputs

Cutput
to PG

Figure 4.6 Mod.' arEEG device wilh disposable adhesive ECG electrodes

Eend averl wia paraliel porl

Dlspesable stck an
shecirades

F prims= ki

PodularESE device
EEC
channel

EMSG Commimcabion
cliannel e v COM ped

Bru-nBay M~

Figure 4.7 Ciagram showing ModularEEG recarding system setlp

48



tesifmr A

Prior to the recording, the subject's forehead was cleaned with methanol and sand paper, to
ensure good conductivity.,  Disposable electrodes were then placed on the subject's
forehead at positions close to Fp! and Fp2 above the eye, here after referred to as Fpl-Fp2,
shown in figure 4 8. Dizposable adhesive electrodes were also placed on the flexor carpi
ulnaris muscle on the subject’'s right and left arm for EMG monitering, as in the GSN
recording (see figure 4 43 Tasks were presented in random order  Five minutes of EEG
data were recorded for each activity.  The subjects were instructed o refrain from
unnecessany movement, and to relax. All sukbjects were familiarized with the trial procedures
and equipments before commencement of the trial At the end of the experiment, the
subjects were asked to rate the level of fatigue caused by each mental tasks in a 5-step

Likert scale, with 1 = least fatigue and 5 = most fatigue.

Chpnned
Input

“a

Figure 4.8: Electroede placemeants illustrated from the perspective of the ton of the head

4.2 Data analysis

The recorded data was pre-processed to remove artifacts, and was segmented into 1-
second epochs before analysis. Each extraclted epoch was Fast Fourier Transformed into
its frequency spectrum, with a resoelution of 1Hz  Only EEG frequency bands between 4 and
40 Hz were pre-zelected due to the movement and drift related noise contamination below
4Hz. as well as mains hum noise in the 50Hz region  From the 4-40Hz band. the 8-30 Hz
frequency band was further selected using Thormnton's Separability Index [75]. which selects
the frequency bands that give best separakility results  The selected frequency bands were
then used as inputs into the SYM  The data was randomly split into 2 groups, half for
training and hatf for testing, The VM was trained to disciiminate between two mental tasks,

and output a 1" or 17 for different tasks, The classification accuracy was calculated from
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the percentage of carrect prediction on the lesting set. Figure 4.9 illusirales the analysis

procedure.

Acgunecd EEG data

|

Pre-processing
Convert 1 MATLAS farmat

‘Banz pass flaring
‘Remnoye bad channels

‘Remove anifact contaminated data

'

Feature extraction

U2 s O b |

1Denve Feguency components (Fazt
Founer Trans‘om:

'Eelarl fraquenty components {Thomisn's
Ceparabiley Bt

Claasification
"Train Suppor ector Magnine
'Test_prédit:he oower of giference
P = l -

Figure 4.9; Diagram showing the data analysis procedure

421 Pre-processing

Gecdesic Senscr Net recording data

The GSM sysiems samples EEG signals at 200 Hz  The data were then converted to raw
fgrmat using Net-Station software, and lnaded inte MATLAB. The system uses lhe vertex
{eleclrede 1249} as reference electrade, hence, each channel records the potential between
lhe recoerding electrede and the vertex. The culer ring of electrodes (see figure 4.10) were
discarded, leaving 110 channels out of 128 for the analysis  This is because the outer ring
of electrodes were not in the region of interest. and weare in contacl with face and neck

muscles which can give nae to noisy data
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Figure 4 1¢: Electrode locations for 128 channet Geedesic Sensor Met system. The outer ring of

electrodes are shown in blue; they were discarded,

The remaining channels were cleaned offline using the EEGLAB toolbox [76] in MATLAE to
remove, by visual inspection, eye blinks and muscle movement artifacts in all channels. The
EMG data was screened in parallel with the EEG data for imagined hand movement tasks.
if the EMG data indicated that there were mavements or muscle tension during the imagined
tasks, the coresponding EEG data were rejecled. This ensured that al! EEG recorded for
imagined tasks were not contaminated with movement EEG.  The cleaned data was then
segmentad ino 1-second length epochs in each channel. See Appendix G for examples of
eye hlink and muscle artifacts removed from the recorded data. Alternative techniques such
as |CA removal of ECQG artifact, or subtraction of EQG channeis from EEG, could also he

used. but were naot implemented here

ModuiarEEG recording data

EEG signals were sampled at 256 Hz. EEG voltage data was cleansd offline using the
EEGLAE toolbox in MATLAB io remove, by visual inspection, eye blinks and muscle
movement artifacts. EMG data was screened in parallel with the EEG data for imagined
hand movement tasks.  |If the EMG data indicated that there were movement or muscle

tension during the imagined lasks. the carresponding EEG data were rejected. This ensured
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tha: =il EEG recorded for imagined asks were pot contarminated with movemeanl EZG. The

cleaned dats was ther segmealed inig 1-secord length epochs

4.2.2 FastFourier Transform

..

A Fast Fourier Transform iz g eflicieal algerthm for computing the discree Fourier
transform (CFT) and its ivverse. It aoes 50 by reducing the rumber of points far computaticn
from 2X7 10 2N log, & . The FFT is performead in MATUAB, usirg the MATLAB )

[Lneliog, which is sefiied as:

=1 v, ke awvestor of numbe-ergth N The tansform X 05 given by
X(ky=> x( oy where @, =" is.an N7 o0t of unity,
=

This will ~eture the DET wvector of o, lergth & . The lrequersy bara of interest is Lhen

selected from the ORI veclar,

4.2.3 Thornton's separability index

Thorrton's (Geameiric] Separability [ndex (GS1) for a given task 7 s the fraction of data

points whose input nearest reighbour ghares the same culput class [75)

f =targel funciion

X = oloifer vt

i.ffx,-,l FA(x) 1 Tnod 2

Rl = with

£ x, = nearest neighhonr of x,

n =il manher of deane

The G531 haz a wvalue between 0~1, with 1 indicating a complete geometric separability
betwesr the two class of data pointg, and D.E for rardom disgibiution of points, The cose of
0 G5 is very rare; as i only happers wher {1e gala poins ae amanged [<e & chesspoars,

where each po/rt's neares: neighoolr belaqgs 1o its appasile class.
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The G5l was computed for each pair of data sets. for all combinations of frequency
component pairs, and results were compared. The frequency components that show higher

55 more frequently were selected as features inpuis to the SYM for classification,

4.2.4 Support Vector Machine classifier

A SV toolbox [B4] was used to classify the EES data in MATLAE. using a linear kernel and
G =01 The linear kemel was chosen due to the high dimensionality of the input feature
space: non-linear classifiers were therefore not necessary, Both broadirand (4-30Hz, 8-
d2Hz} and narmw band (4-8Hz, 9-13Hz, and 14-30Hz) were used as inputs to the classifier
and results compared. The inputs to the SYM were not normalized, as normalization did not
improve the classification results.  The SVWM toolbox was validated with arificial data,
deseribed in 4.4

4.3 DMulti-channel analysis

The analysis methad for a single channel of data was described in the above section. Fara
multi-channel analysis, single channel analysis was performed on all the channels, and
classification accuracy compared between the channels. Two types of montage were used;

average reference, and bi-polar montage.

4.3.1 Average reference montage

The GSM system uses a uni-polar reference montage with the vertex as reference. To
obtain an average reference montage, all channels were averaged to obtain the value for the
reference electrode, which was then subtracted from each of the channels. This was done
in MATLAR using the EEGLAE software.

Support Vector Machine ¢lassification result were computed for each channel as well as the
broad and narrow bands. The classification accuracy {averaged from 10 cross validations
[77]} for each channel were plotted in a head plot. The colours of the head plot indicate the
level of classification accuracy, with red showing the highest {above 80%) and green the
lowest (50%); see figure 4.11 for an example of the head plot. Head plots were plotted for
gach mental task versus the resting with eyes gpen task, as well as each real task versus
the corresponding imagined tasks for disgrimination,
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The GSHN electrode numbers corresponding to the brain regions and the terms used fo
describe these regians are shown in figure 4,12.

Figure 4.11: An example of a head plot. The colours indicate the SYM classification accuracy
between two tasks, with red the highest and green the lowes!,

pra-franzal

le*; franmo-c271'ra.. righ fronto-central

left antaro-emparal Jight antero-tempara.

= parieal right parietal

l&ft postera-temporal right pastera.tempas

k=t nce pital rgnt occiptal

Figure 4.12: A head plot showing the channels grouped inte regions corresponding to the terms used
for deseribing these brain regions,
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4.3.2 Bi-polar montage

Oul of the 110 electrodes in the GSN system. the 18 electrodes corresponding to the 10-20
electrode system coordinates were selected (see figure 4 13), and bi-polar channels were
computed from all the possible combinations of the electrodes, by subtracting the channels
from one another, resulting in 171 bi-polar channels.

Support Vector Machine classification results were computed for each bi-polar channel for
the different pair of mental tasks. Resulls were plotied in a bi-polar topographical head plot.
The colour of the line joining the electrode locations shows the classification accuracy for
that channel Red indicates a classification accuracy of above 50% and blue indicales
classification accuracy of above 80% An example of the bi-polar topographical head plot is
shown in figure 4 14.
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Figure 4.13: 10-20 systern electrode |location on the 128 channel Geodesic sensor neat
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Figure 4.14: An example of 8 bi-poar topographica’ head plot The line calour indicates the SV
classification acouracy between two tazks Red line. above 90%, blus line: E0%~20%.

4.4 5VM validation

Frior to the analysis of EEG data, the SVM toolbox was tested with arfificial data.  In
MATLAE, sine waves with varying frequencies (in the range from 10-40 Hz) and amplitudes
were generated. The sine waves were Fast Fourier Transformed into their frequency
spectra. and frequency components from 8-30 Hz were fed into the SWM classificabion
maodule for classification, to test whether SYM toolbox was able to discriminate known waves

acourately. This was used to validate the SWM toolbox, results in Appendix H
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Chapter 5 Experimental results

This chapter is divided into three sections: section 5.1 presents the results of multi-channel
EEG recordings from the Geodesic Sensor Net device, and section 5.2 presents the results
from single-channel (Fp1-Fp2) EEG recordings using the GSN and ModularEEG device.
The reason for further investigating the ModularEEG recording was to determine whether
disposable adhesive electrodes and ModularEEG hardware was suitable for brain computer
interface implementation. Section 5.3 shows the comparison between the Fp1-Fp2 channel
results from the GSN and the modularEEG device.

It was found that the EEG data recorded were very different for each subject. EEG
responses to mental tasks were very subject dependent, as there were no common patterns

found for each task. No data was combined or averaged across subjects.

5.1 Analysis results for the multi-channel GSN system

Two montages were used to represent the multi-channel GSN recordings: the average
reference montage, and the bi-polar montage.

§.1.1 Results from average reference montage

For each subject, the classification accuracy for each mental task versus the “resting with
eyes open” task were plotted on a topographical plot, with green indicating no (50%)
predictive power, and red indicating high (80% and above) predictive power. Topographical
plots were plotted for SVM classification results using alpha (8-13Hz), beta (14-30Hz) and
both alpha and beta (8-30Hz) bands, for each subject and each task, shown in figures 5.1-
5.7. Topographical plots for real tasks are shown in Appendix F. The high classification
channels for each task versus the “resting with eyes open” task are summarized in the tables
5.1-5.12.
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Owvarall, there were more differences than similanties between the resulis from different

subjects, but certain common characteristics of the results were also found.

= The alpha and beta component topographical plots appeared as a linear combination
between the alpha and beta topegraphical plot

= The topographical plots for real and imagined tasks were similar in both the regions and
predictive accuracy,

= The topographical plots for real vs. imagined tasks showed no predictive accuracy for
all channels.

+ Results from all subjects show low classification in the midline channels (Fz, Cz. Pz).

« Results from all subjects show high classification in the temparal channels.

 Central channels gave lower classification accuracy for "eyes open” vs. "eyes closed”
task.

» The alpha component was the main discriminating band for ‘ayes open” vs. "eyes
closed” in the panietal-occipital channels,.

s The bsta component was the main discriminating band for "eyes open” vs. music,

mental arithmetic, and hand movemeant tasks.

Eyes open vs, eves closed

There is generally high classification accuracy over the entire scalp except the cantral
channels (C3, C4, and Cz). The high classification accuracy in the parietal and occipital
channels is attributed to the alpha component.  Owverail, the beta component has low
clagsification accuracy. enly subject 1 and 3 showed a2 high classification.  The best
predictive channels were mainly in the femporal-occipital scalp.  Figure 5.1 shows
topographical plots of the classification accuracy for each frequency component. Table %1
summarizes the high {above BD%) classification channets, and table &2 shows the best
pradictive channels for each frequency band. The clegest 10-20 electrede locations to the

channel number arg shown 0 brackets,
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Table 5.1: List of channels having clazsification accuracy of above 50% in each frequency band for

tasks "eyes open’ vs. “eyes closed”.

|  Eyes open vs.

Eyes close Alpha heta alpha+beta
Fp1, T3, O1, 02, P3,
MNone Fpl. T3 Q1,02
sub 1 P4, Pz
sub 2 T5, TG 01, 02 none T3, T8, 01, O2
S none none TS, Pz, P4
" F3,Fz. F4,Cz, P3, P4, | = F3, Fz, F4, Gz, P3, P4,
sub 4 Fz, 01, 02, T5 T8, Pz, O1, 02, T5. T8,
few channels near T3, T3, T8, F3, P4, Pz,
P3, P4 01,02
sub & T3, T8, O1 o1, 02,

Table 5.2: List of best predictive channels in each frequency band for tasks “eyes open” vs. "eyes

closed”,
&yas open alpha beta alphatheta |

eyasv:I.oseﬂ % Channel % Channej % | Channel
sub 1 75498 63 (Fz) 8528 83 (02) 85.07 50 (T3)
sub 2 82.85 _ 70(T501) 69.67 50 (T3) 82.85 70 (T5-01)
sub 3 77.10 58 (T5) 78.39 40 (F7-T3) 80.20 68 {Pz)
sub 4 86.95 g2 (TH) B2.76 46 (T3) 8724 85 (T8-02)
sub S 85097 | 85(T%-02) B0.80 101 (T} g7 88 L B7 (O
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aipha beta alpha+heta

sub 1

sub 2

sub 3

sub 4

sub 5

Percentage (%) of
correct prediction g 10 o0 30

Figure 5.1: Topographical plots showing SVM classification accuracy for task "eyes open’ versus
“eyes closed”, for components alpha, beta, and alpha plus beta.
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Eyes ppen vs. relaxing music

For all subjects, the high classification channels were similar for both the real and imagined
listening to the relaxing music — see also figure F.1 in Appendix F. Overall, alpha
components had low classification, and beta components were the discriminating band.
Subjacts 1, 2, 3 and 4 showed similarity in having high classification at temporal channels
{T3 or T4, or both), and subject 5 at occipital channels (01, 02).  Figure 5.2 shows
izpographical plots of the classification accuracy for each frequency component. Table & 2
summarizes the high {above 80%) classification channels., and table 5.3 shows the best
predictive channels for each freguency band. The closest 10-20 electrode |ocations o the

channel number are shown in brackets

Table 5.3: List of channels having classification accuracy of above 80% in each frequency band for

tasks "eyes cpen” vs. relaxing music”.

[ eyes open
= alpha beta alpha+beta
relaxing ‘
P | real imagine real imagine real imaging
Gid TR T T CF ¢ 4 T3 T3 |
sub2 none " none T3 TS T3 T3
sub 3 nofne i none T4 | T4 T4 T4
sub 4 nane none Ta T8 | Ta. 714 T3, T4 T2, T4
sub 5 none NOonE | 01, 02 . a1, 02 CH, G2 G102

Table 5.4: List of best predictive channels in each frequency band for tasks "eyes Open” ws. “imagine

liztening to relaxing musiz”.

; —
alpha Beta alpha+beta
eyes Open vs.
relaxing music i) channel i Channel i) channel
sub 1 58.21 85 (T6-0Z) B7.86 46 (T3, | 87.07 46 (T3) |
113 |
sub 2 £8.92 (F4-C4) 85.31 40 (F7-T3} 8431 40 (F7-T3)
sub 3 58.31 119 (F4) 84.41 109 (T4) 87.37 l 108 (T4}
suh 4 84.24  73(01-02) | 9858 46 (T3} . 9805 103 (T4)
. subs 59.03 _  83(02) 9210 75{O1) 93.47 83 (02)
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alpha bata alpha+besta

sub 1

sub 2

sub 3

sub 4

sub §

Percentage () of - I

correct prediction

Figure 5.2: Topographical plots showing WM classification accuracy for tasks "eyes open’ versus

“imagined listening to relaxing music”.
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Eyes open vs. rock music

For all subjects, the high classification channels were the same for both real and imagined
listening to rock music — see also figure F.1 in Appendix F Alpha compenents have low
classification, and the beta components are the digcriminating band. {lassification results
were high at the frental and temporal channels. Figure 5.3 shows topographical plots of the
classification accuracy for sash freguency component.  Table 5.5 summarizes the high
(above B0%) classification channals and table 56 shows the best predictive channels for
gach frequency band. The clesest 10-20 electinde locations to the channel number are

shown in Brackets.

Table 5.5: List of channels having classification ascuracy of above 80% in each frequency band for
tasks "eyes open’ ve “rock music”.

TSR alpha Beta alpha+beta
vs rock |
musis real  imagine : real . imagine real imagine
T3.F3,F7, T3.F3,F7. | T3,F3,F7, | T3.F3.F7. |
sub 1 none norig
| Fp1, 76 Fpl T8 Fpi1, Té Fpl, T6
sub 2 rIore noneﬂ T _T4E “ T4, F4 T4 F4 T4, F4
sub3  none  none nche : nohe rone MNone
sub 4 none none T3. T4, Fp2 I T3, T4, Fp2 T3, T4, Fp2 T3, T4, FpZ2
sub § fote flione Fp2 Fp2 Fp2 Fp2 1

Table 5.6: List of best predictive channels In 2ach frequency band for tasks "eves cpen’ vs. “iMagine

listening to rock music”

; —— alpha beta alpha+beta
EYEE Open Vs, | T
rock music Ya channel % channel % channel
sub 1 71.85 26 {Fp1) 93.29 46 (T3) 92 .67 45 {T3)
sub 2 . fDh3s 4 (Fz-F4; 85.55 102 (T4 5368 111 {C4}
!
| sub2 . Boeo 31{C3} 73.21 40 {F7-T3) 71.88 40 {F7-T3)
sub 4 | BG83 14 {Fp2} G566 45 (T3 Ba5E | 4B{T3 |
sub & l Bi.48 26 {(Fpl} 98 34 BiFp2) | BYST 2 (Fp2)
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alpha beta alpha+hbeata

sub 1

aub 2

sub 3

sub 4

sub §

Percentage (%) of |

correctpredichion g 1@ 20 3 40 50 6 70 8¢ S0 100

Figura 5,3: Topographical plots showing SVM classification accuracy for tasks “eyes open” versus

“imagined listening to rock music™,
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Eyes open vs. mental arithmatic

Alpha bands have low classification, and beta bands have high classification. Subjects 2, 3,
and 4 had high classification at pre-frontal channels. Subjects 1, 2, 4 and & had high
classification at temporal channels. The best predictive channels were mainly in the pre-
frontal and temporal scalp. Figure 5.4 shows topographical plots of the classification
accuracy for sach frequency component. Table 57 summarizes the high (above B0%%)
classification channels, and table 5 8 shows the best predictive channels for each frequency

band. The closest 10-20 efectrade |ocations to the channe! number are shown in brackets.

Table 5.7: List of channels having classification accuracy of above BO% in each frequency band for
tasks “eyss open’ v ‘mental arithmetic’.

Eyes open vs. S O =4
mental alpha beta alpha+heta
arithmetic |
sub 1 none T8, 02 TG, 2
I sub 2 none T3,T4,T6,F4, Fp2, FB | T3 T4 T6, F4, Fp2, F8

sub 3 nane : Fpl, Fp2 Fpl Fp2

eniid ' Hone T3, T4, 75 T6, F3, F4, F7, T3, Ta. 75 T6, F3, Fa, |
F&. Fp1, Fp2, ©1, 02 F7.F8, Fpl, Fp2, &1, G2 -

sub b none TS TS i

Table 5.8: List of best predictive channels in each frequency band for tasks “eyes open’ vs. "mental

arfthmetic”.
Eyef“zﬂfanl ik alpha beta alpha+beta
| arithmetic % channel %o channsl Y channel
| subf 68.45 96 (T8) 85.61 96 (T6) 8623 g6 (TE}
sub 2 67.10 85 (T6-02Z) 93 .86 118 {F4) 94 .00 118 {(F4)
sub 3 58.63 105 {C4) 8275 14 (Fp2} B2.31 14 (Fp2)
sub 4 69.53 37 (C3) 99.81 103 {T4} 9949 103 (T4
sub 5 65.69 BiFp2) | 8049 | &7 (T3} B34 | 5105
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alpha beta alphat+bata

sub 1

sub 2

sub 3

sub 4

sub b5

Percentage () of - I 00—

correct prediction

Figure 5.4: Topographical plots showing SVM classification acouracy for tasks "eyes open” versus
"Math prohlems”
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Eyes open vs. left hand movement

Far all subjects, the high classification accuracy channels were similar for imagined and real

hand mavement tasks — see also figure F.2 in Appendix F; however, the imagined task had

slightly lower classification accuracy than the real task. Subject 1 and 5 shawed similarity in

having high classification at pre-frontal. temporal and occipital channels, and subject 2 and 3

at central channels {C3 or C4}. Subject 4 had high classification at frontal and temporal

channels, The best predictive channels were varied from subject to subject,

Figure 5.5

shows topographical plots of the classification sccuracy for each frequency component.

Table 5.9 summarizes the high (above 80%) classification channels, and table 5.10 shows

the best predictive channels for each frequency band, The closest 10-20 electrode locations

to the channel number are shown in brackets.

Table £.9: List of channals having classification ascurasy of above 80% in each frequency band for

tasks "eyes open’ vs, “left hand movement”,

_ eyes open

beta

By

alpha alpha+heta
vs, left hand
Vit real | imagine | real imagine real imagine
Fpl, Fp2, Fpd, Fpz, Fpl, Fp2, Fp1, Fp2,
sub 1 none Pone F3 F7. T3, F3.FF. T3, EauEr T G o e
Ta, ©2 TG, 2 TG, 2 TG, 02
sub 2 Fone none 3 C4 o3, C4 3 C4 T3 Ca
T3, C4, P4, €3, C4, T3, . |
sub 3 3 nane T3, P4, 02 T3. P4 02
o2 B4, o2
T8, 74, Fr, | T3, T4 F7. | T3 T4F7, | T8 T4F7,
sub 4 none M E FpZ. F4, Fg, Fp2, F4, FE, Fp2, F4, F8, Fp2. F4 F&, :
TG TG TE Ta
- Fetf, Foz, Fel, Fp2, Fpl, Fp2, Fp1, Fp2.
il B o1 o1 BT Fp 1 Fp pl. Fp p1, Fp
1,02, T8 o1, 02, T6 Q1,02 T6 o1, 02, T8
| a ik




Table 5.10: List of best predictive channels in each frequency band for tesks “eyes open’ vs, “imagineg
left hand movement’.

EY?:ﬂ“g:: d"'s' alpha beta alpha+beta
movement Y channel | S channei s channei
sub 1 70.52 26 (Fp1) o2 .54 B3 FTY 42.01 26 (Fpi}
sub 2 B4.60 | 85 ({T6-02) g2.42 36 {C3 B81.37 36 (C3)
sub 3 71.83 31 aEy 8h.42 85 (Te-02) Bg.53 BS {T6-02)
sub 4 _T0ES 14 (Fp2) 92.38 A7 (T3H 8917 47 (T3
sub 5 o B2AT 78{01 95.82 7501 59 44 75 {01}
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alpha beta alpha+bsta

sub 1

sub 2

sub 3

sub 4

sub &

Pacentage (0)of - M

correct IC}[E.'dIG{IDr'I

Figure 5.5; Topographical plots showing S ¢lassification accuracy for tasks "eyes open” versus

"imagined left hand movement’
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Eyes open vs, tight hand movement

For all subjects, the high classifical on accuracy channels were similar for imagined and real
hand movement tasks — see also figure F.2 in Appendix F; however, as for tha left hand
rmoverment lask, imagined tasks had slightly lower classificalion accuracy than the real tasks,
Subjeet 1 and 3 showed similarity in having high ¢lassification channels at T8, and subject 4
and 5 at temporal and onccipital channels  Suhject 2 was the anly one having high
classification channels at central channels (C2 and C4). The best predictive channels were
mainly n the temporal and occipital scalp. Figure ©.8 shows topographical plote of the
classification accuracy for each frequengy component. Table 311 summarnzes the high
(ahove B0%) classification channels, and table 512 shows the best prediclive channels for
each frequency band. The closest 10-20 electrode locations to the channel number are

shown in brackets.

Table 5.11: List of channels having classification accuracy of above 80% in each frequency band for

tasks “=yes open’ ve “right hand movement”.

FiLE

eyes opan
vs. Hight alpha beta alpha+beta
hand ..... P
ey real  imagine real imagine real imagine
sub 1 none none TE TG TG TG
sub 2 nome el C3 T4, T4 w3 T4, T4 a4 T4 G, 04 T4
|
i
sub 3 . C3 none TG TH C3.C4 76 TG
T3, T4. F4, |, T3 T4 F4, T3 T4, F4, T3 T4, F4,
sub 4 nCneE nGne Fa, Fpz, O1, Fg Fpz O1, F8, Fp2, O1, FB, Fp2, 01, |
)] 0z 0z 0z
- 01, 02, T3, 01, 02, T3, 01, 02, T3, 01,02 T3,
sub 5 . none fong
TG | L TG TG
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Table 5.12: List of best predictive channels in each frequency band for tasks "eyes open’ ve "imagine

right hand movemsant

Eyr?:h‘:‘:_;r:];s‘ ___ _aolpha i [ beta . alpha+beta
movement % channel % | channel % channel
sub 1 83.55 BT (G1y 8138 101 {T8) 83.33 101 (T8}
sub 2 . §7.93 B8 [Pz} g3 110 {T4) 83.57 - 110(T4)
sub 3 75.00 31 (23] 225 | &7 (TH 9125 97 (T8)
sub 4 §3.85 103 {T4] 9985 | 102{T4) | 59.85 102 (T4}
sub § _ 8040 | Fo{Gty. . 9817 83¢02) | 98F3 | 7S[Oy
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alpha beta alpha+beta

sub 1

suh 2

sub 3

sub 4

suuh 5

Percentage (%) of L
correct prediction g 10 20 30 40 50 B0 70 B0 9¢ 100

Figure 5.6: Topographical plots showing SWM classification accuracy for tasks "eyes open’ versus

"imagined right hand movernent”.
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5.1.2 Results for bi-polar montage

The bipolar channel results were plotted in bi-polar topographical plots. The colour of the
line joining the electrode locations shows the classification accuracy for that bi-polar channel.
Red indicates a classification accuracy of above 80% and blue indicates classification
accuracy of between B0~80%. Figures 57 and 58 show bi-polar topographical plots for
tasks “eyes open” versus “eyves closed’, "imaging listening to relaxing/reck music™, "mental
arithmetic™ and “imagine left/right hand movement”™. The rest of the plots for real tasks can
be found in Appendix F,

It was found that at least one of the high classification bi-polar channels had similar
electrode locations as the high classification channels in average reference montage. The

classification accuracies were alse similar for the two montages.

The bipolar channels that gave the highest classification results are shown in Tables 5.13-
217, with the 10-20 electrode locations corresponding o the channel number shown in
bracket.

Table 5.13: List of best predictive bipglar ¢hannel in alpha and bets frequency band for tasks "eyes
open’ vs. "eyes closed”.

alpha + beta
eyes open vs. eyes closed TR + channe| - channel
. sub 1 §a5.99 34 (F7) A5 [T3)
sub 2 BO.53 53 (P3} B8 {T5)
sub 3 B1.13 109 (T4} 123 (F&)
U SRREEORE AU < S W .o {2 5 46 (T3)
BUBLG: o gy, B92B | HERAOE) o 92 {TE) .

Fit



Table 5.14: List of best predictive bipoar channel in alpha and beta frequency band for tasks "eyes

open” ve, “imagine listening to relaxing music".

alpha + beta

eyes open v, relaxing G
_ mugie % A | + channel - channel
sub 1 - 92.71 [ 34 (F7] 45 (T3)
sub 2 82.92 | 23 (Fp1) 34 (F7)
sub 3 86.02 | 106 (C4) 109 (T4)
| subd4 59,32 ; 34 (F7) 46 (T3)
: sub 5 86.05 ' 77 (02) 93 (T6) :

Table 5.15: List of best predictive bipolar channel in alpha and beta frequency band for tasks "eyes

open” vg, "imagine liskening ko rock music”,

alpha * beta i FE |
2yes open vs. rock music % + channel -channel
sub 1 gr.80 34 (F7} 45 (T3
TR - 1| . 8066 23 {Fp1) 25 (F3)
sub 3 75.83 105 (C4) 109 (T4
sub 4 8878 25 (F3) 46 (T3
_ _subs 3378 8 {Fp2} 124 (F4)

Table 5.16: List of best predictive bipolar channel in alpha and beta frequency band for tasks "eyes

open" ws. ‘mental arithmatic”.

alpha + beta
eyes open vs. mantal

arithmetic % + channe| -channet
sub 1 £8.82 G2 (T&) 105 (G4}
sub2 gr.52 122 (F3} 124 (F4)
sub 3 _Bo.13 11 (Fz) 23 {Fp1) _
suls 4 99.99 108 (T4) 122 (F8) _‘
sub 5 80.05 34 (F7} 45 (T3}
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Table 5.17: List of best predictive bipelar channel in alpha and beta frequency band for tasks "eyes

open’ ws ‘imagine left hand movement’

alpha + beta
eyes open vs, left hand ST Do
movement % + channel -channel
sub 1 Ba75 82 (Pz) 129 {C2)
_sub2 | 818 | = 25(93 34 (F7) _
sub 3 8175 46 (T3 i 9278}
sub 4 a8 75 3 {F7) 45 (T3}
sulr 5 9715 F2{01) i 702}

Table 518: List of best predictive hipolar channel in alpha and beta frequency band for tasks “eyes

open” vs. "imagine right hand movement™.

alpha + beta
eyes open vs. right hand
_movement o R i + channel . =ghanpel

- sub 1 G 3 . B2 (Pz) 129 {Cz=)
- sub 2 84 40 il 34 (FN) 37 {C3
| sub3 8442 77 (02) 82 {T6)

sub 4 99 6 i 34 (F7) ' 46 {T3)

sub 5 97 86 ! 7702 892 {Teg) —

Fiti]
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eyes open vs. imagine ayBRs Open vs, imagine

eyes opan vE.eyeR ClORED oot e ataxinig music.  istening Lo rock music

sub 1

sub 2

sub 3

sub 4

sub 5

80-~-00% correct classification
above 90% correct classification

Figure 5.7: Bi-polar topographical plots showing 10-20 channels having classification accuracy of
80% and above for tasks "eves open” versus "eyes closed” and *imagine listening to
relaxingfrock music”,
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eyes open vs. mental eyes open vs. imagine lefi eyes open vs. imagine
arithmetic hand movement rigght hand movement

sub 1

sub 2

sub 3

sub 4

sub &

A0-90% correct classification
above 90% correct classification

Figure 5.8: Bi-polar tapographical plats showing 10-20 channels having classification accuracy of
BO% and abowve for lasks “eyes apen’ versus ‘mantal arthmetic” and “imagine ieft/right
harnd mowerment”
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5.2 Analysis results for the single-channet (Fp1-Fp2) GSN and ModularEEG

system

GSN system

The correct classification accuracies for Fp1-Fp2 channel for the “eyes open” task versus all

other tasks are shown in table 5.19 and plotted in figure 5.8 for the GSN system. Fram the

graph, we can see that the SWM was able to discriminate pre-frontal EEG (Fp1-Fp2)

between the “eyes apen” resting task vs. "mental anthmetic” in sulbbjects 2 and 4 with above

B2% accuracy, and "eyes open’ vs. "imagine left hand movement” in subject 4 with 90%

accuracy, and “imagine listening to rock music” in subject 1 with 81% accuracy. SVM was

unabie ta detect changes in subject 3 and 5 with above 80% classification accuracy.

Table 5.19: Percentage of comect classification for all tasks versus eyes open task for the GSEN

recording
. eyes | relax relax rock rock mental LH LH ! RH RH
GSN ' close | listen | imagine | listen , imagine | arithmetic  move | imagine | move imagine
| sub1 | 7373 | 5411 59.20 70.54 81.54 51.58 83.53 6331 58.04 6.08
sub2 | G921 | B6.00 72.08 77,00 T9.62 82 86 £1.48 5677 SE.E0 5362
subd3 | 5615 | 5453 5873 £1.38 50.36 64 38 5228 52.00 508.85 B7.83
subd | 5081 | 5115 s051 5000 | 5017 97.43 9172 | 9080 | s@se | 6892
: |
subS | 5456 | 7074 7589 | 7484 79.15 G2.949 ¥2.00 75,18 7075 | Rt
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Figure £.9: Graph showing percentage of correct classification for all tasks versus eyes open task for
the GSH recording

ModularEES system

The EWM classification results were hest using a 1 second FFT epoch size, and broadband

EEG (8-30 Hz).

In subjects 1. 2 and 4, the S¥M was able to discriminate the "imagined

hand movemant’ tasks vs “eyes open’ task with above B5% accuracy. @s well as the

“mental arithmetic” task vs. “eyes opan” task with above 83% accuracy. For subjects 3 and

5 it was unable to classify any of the imagined tasks. Table 520 ghows the classification

accuracy for the "eyes open’ task versus all other tasks for each subject, averaged owver 10

cross validations, also plotted in figure 510

Table 5.20: Percentage of correct classification for all tasks versus "eyes open’ task for the
ModularEES recording.

EYES relax relax rock rock mental LH LH RH RH
ModEEG close | listen | imagine | listen imagine | arithmetic | move | imagine | move  imagine
| Sub1 | 5323 | BAYI 75 61.57 57 16 g43.74 g3.75 Bg.93 9278 97 e
sub2 ! 55.14 | £5.84 714 7h45 8036 90.8% 522 85.77 9359 9351
sub3 55.3 51.57 50 28 60 0% ! 52,34 58.1 54,15 56.53 a7 47 BO.av
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Figure 810 Graph showing percentage of correc: classification for all tasks vorsus “eyes open’ task
for the ModularEES recording

5.3 Compariscns between medularEEG recording and GSN recording in Fp1-
Fp2 channel.

The Fp1-Fp2 channel classificaticn results were similar for ModularEEG and GSN recording.
Subject who showed low classification (2 g subject 3 and &) for ModularEEG alzo showed a
low classification for GEN, and vice versa, However, there were slight variations in the tasks
that had high classification accurzey (2, the proporion of high classification tasks remained
the same, but the high classification tasks were different). Owverall, ModularEEG recordings

gave mare high (above 80%) classification accuracy than the GSN recording.

531 Results far the subjective level of fatigue rating for GSN and ModularEEG
system

The subjective rating of the level of fatigue during each task, for both recording systems is
shown in table 513 below It was found that 3 oot of 5 subjects felt less fatigue using the
ModularEEG recording system as compare te the GSN system  One subject felt the zame

for both systems, and ong felt more fatigue with the ModularEEG system
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Chapter 5

Table 5.21: Subjective rating for the level of fatigue in different tasks, on a Likert scale, with 1 = least
fatigue, and 5 = most fatigue. GSN = Geodesic Sensor Net system; Mod = ModularEEG
recording system.

subject 1 2 3 4 5
system GSN | Mod | GSN | Mod | GSN | Mod | GSN | Mod | GSN | Mod

eye open 5 4 1 1 4 4 3 2 1 1
eye close 1 1 1 1 1 1 1 1 1 1
|iste;z:§§m 4 3 1 1 2 2 1 1 3 1
Iister:ﬁ;';gjne 4 3 1 1 2 3 1 1 5 2
arrirt‘::lt:tlic 2 2 1 1 4 3 2 3 3 2
mo!:gi?::;ine 8 2 1 1 3 5 4 2 4 1
mzezltint::;?ne 3 2 ! 1 3 | % 4 2 4 1
Combmed J 2z | am | 7 | 7 |19 | 23| 16 | 12|21 |9

5.4 Results from SYM validation

The SVM was able to classify the frequency spectrum of sine waves with varying amplitude
and frequency fed into the system. This shows the SVM classifier implementation is
sensitive to both change in amplitude and frequency. See Appendix H for results.

5.5 Summary of results

The main findings are summarized below. Some relevant implications of these findings will
be discussed in the next chapter.

¢ The alpha plus beta component topographical plots appeared as a linear combination
of the alpha and beta topographical plots.

e The topographical plots for real and imagined tasks were similar in both the regions and
predictive accuracy. »

¢ The topographical plots for real vs. imagined tasks showed no predictive accuracy for
all channels. ‘

o Results from all subjects show low classification in the midline channels (Fz, Cz, Pz).
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« Results from all subjects show high classification in the temporal channels.

¢ All subjects have at least 1 channel for each task that has classification accuracy of
80% and above, except for "imagine listening to rock music” task in subject 3.

e Central channels gave low classification accuracy for “eyes open” vs. “eyes closed”
task.

¢ The alpha component was the main discriminating band for “eyes open” vs. “eyes
closed” in the parietal-occipital channels.

o The beta component was the main discriminating band for “eyes open” vs. “imagined
listening fo relaxing/rock music”, "mental arithmetic®, and “imagined left/right hand
movement”.

» Temporal and occipital channels were the main discriminating channels for “eyes open”
vs. “imagine listening to relaxing music’.

e Temporal and frontal channels were the main discriminating channels for “eyes open”
vs. “imagine #istening to rock music”.

e Temporal and frontal channels were the main discriminating channels for “eyes open”
vs. “mental arithmetic”.

¢ Channels having high classification results were similar for both the average reference
and bi-polar montages, with bipolar results being slightly higher. ’
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Chapter 6 Discussion

This chapter documents the more detailed discussion on the topics of SYM-FFT classifier
implementation; the results found; the choice of mental task; the feasibility of single channel'
EEG for mental task based BCl implementation; and lastly, the possibility of further
improvement of classification resulfs.

6.1 Validation of the FFT-SVM classifier implementation

The FFT-SVM classification results were as expected when different frequencies of artificial
sine waves were fed into the system. This shows that the FFT-SVM was operating correctly,
and it should therefore be able to classify unknown EEG waveforms varying in spectral

components.

Much research has been done in EEG recorded with eyes closed, which documented that
alpha amplitude increases in the posterior channels when eyes are closed [30]. The
experimental result from v“eyes open” vs. “eyes closed” tasks in this research corresponds to
the literature. Classification accuracies from all subjects were above 80% in the temporal,
parietal or occipital channels for tasks “eyes open” versus “eyes closed”, with the alpha
component as the discriminating band. The agreement between the finds of this research
and the past studies further validated the merit FFT-SVM implementation.

6.2 Performance of the FFT-SVM classifler implementation

In the average reference multi-channel analysis, the results of individual channel predictors
were presented on a topographical map, and the use of mulliple channel predictors was not
investigated. The percentage of correct classification was above 80% for at least one
channel in all subjects for all tasks, except for “rock music” task in subject 3. Classification
accuracies were above 90% for “imagine left and right-hand movement” task in 3 out of 5
subjects, and for “imagine listening to relaxing/rock music” and “mental arithmetic” tasks in 2
out of 5 subjects. The highest classification results were achieved from subject 4, who has
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classification accuracy of 98.0~99.8% for imagined music, mental arithmetic and imagined

movement tasks.

in bi-polar channel analysis, the percentage of correct classification was above 80% for at
least one bi-polar channel in most of the tasks. Classification accuracies were above 80%
for “imagine listening to relaxing/rock music”, “mental arithmetic” and “imagine left and right-
hand movement® tasks in 2 out of 5 subjects. The highest classification results were
achieved from subject 4, who had classification accuracies of 98.7~99.9% for imagined

music, mental arithmetic and imagined movement tasks.

Table 6.1: Summary of various studies on classification of EEG for BCl implementation

number
of signal processing number of % correct
reference tasks subjects method electrodes | classification
distinction sensitive '
MNeuper et vector quantization
al. [78] motor imagery 14 (DSLVO) 56%
Single space )
imagine hand projection (SSP) | 9(Fz, F4,
Babiloni et | movement of left and and low resolution G3, Cz, C4,
al. 1471 right middle finger 5 SL P3, Pz, P4) 81%
adaptive gaussian
representation
(AGR), Multi-layer
perceptron (MLP)
Costa et al. imagine left or right with back
[58] hand movement 10 propagation 2{C3,C4) | 87% +/-5.0%
' 2-4 electrode
sutoregressive (AR) (out of 28
feature extraction, glectrodes
Kostov et al. voluntary EEG Adaptive logic inn 10-20 100% (after
156] ' modulation 2 network (ALN) locations) training)
common spacial
motor imagery of pattern (CSP),
Wang et al. " hand and foot Fisher discriminant 93.45% and
571 movement 2 (FD) 4 channels 91.88%
6 electrode,
3 bipolar
channels,
Pfurtscheller | imagine left or right DSLVQ, neursl (C3-C4, P3-
et al. [45] hand movement 3 network P4) 80%
imagination of left
Adaptive and right hand
brain movement, cube F3, F4, C3,
interface rotation, subtraction, 1 Gz, G4, P,
11 word association 15 Neural network Pz, P4 N/A
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Comparing the FFT-SVM classification results with other 2-choice mental task classification
systems, shown in table 6.1, it performs equally well, in some cases better, than other signal

processing implementations.

This suggests FFT-SVM implementation is a good method for BCl implementation. Results
also suggested that imagining music, mental arithmetic and movement mental tasks are
possible mental tasks for BCl implementation. However, the cross validation of the classifier
was done using random selection of 1-second segments, with each of the different tasks
having duration of at least 30s, and thus the 1-second data segments within the longer
segment cannot be considered independent. In order to estimate the prediction power of the
SVM-FFT implementation more accurately, continuous data in original time sequence would

have {o be used.

Since the classification result were based on EEG data recorded continuously for § minutes
for each task. Further experiments recording shorter trials (5-10s) of EEG with interchanging
mental tasks should be done {o investigate the minimum time required for EEG responses fo
mental tasks to be delected. The performance of a BCl system is measured by its
information transfer rate in bits/mins or commands/mins [55]. BCI systems should therefore
use mental tasks that are able to give high information transfer rate, in order to operate more

efficiently.

6.3 Discussion of multi-channel analysis results

Temporal channels gave high classification accuracy

Overall, the temporal channels show high classification accuracy. This suggests that
temporal channels were more responsive to the tasks tested, or perhaps EEG changes in
the temporal channels are picked up by the SVM classifier more easily. However, this may
also be caused by undetected artifacts contaminated EEG correlating to the task, as EEG

measured on the temporal electrodes are relatively closer to facial and neck muscles.

Eyes open vs. relaxing/rock music

The beta bands in the temporal and occipital channels were the main discriminating
channels for imagine listening to relaxing music task, and the beta band in the fronto-
temporal channels were the main discriminating channels for imagine listening to rock music
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task. Subject 5 was different to the others in having the beta band in the occipital channels
as the discriminating band for imagine listening to relaxing music.

This corresponds to previous studies which showed that, when listening to music, EEG
activations were found in the fronto-temporal channels [34], and that an increase in beta
power in the posterior scalp occurs [33]. Studies looking at effect of different types of music
also found beta and gamma band changes in the right temporal channels when listening to
classical music; and in the right temporal, central and parietal changes when listening to rock
music [37]. However, previous studies have also shown alpha and theta changes when
listening to music [35, 36], which were not found in the present results. The different findings
may be due to the different style of music used, or that the music was played at a different
volume, as found in [37], or perhaps the music induced a different emotion to the subject,
and emotion were found to have more influence to the EEG than the actual music itself.
Other possibility would be that different classifiers were used, and that alpha changes were
insufficient for the FFT-SVM to detect. The EEG response to music may also be affected by
eyes open and eyes closed state,

Topographical plots for eyes open vs. real and imagined music were very similar for both
relaxing and rock music. There are two possible causes to this phenomenon. One, that
brain behaves in a similar manner when actually listening to music and when imagined
listening to music. Two, spectral changes in EEG have persisted after the music has
stopped, as shown in [37] for rock music.

However, definite conclusion cannot be reached without further experiments. In the music
experiment presented in this thesis, the subjects were specifically instructed to imagine the
same musical composition. In the experiment by [37], subjects were not explicitly instructed
to do anything else — meaning it is possible that the subjects were in fact reciting or
remembering the music silently during this period. Therefore, it is debatable whether their
results indicate EEG persistence or an imagined music effect. An experiment that
introduces some effective distracter before subjects are instructed to imagine music may
provide a definite conclusion. This should be investigated further.

Eyes open vs. mental arithmetic

The beta components in the temporal and pre-frontalffrontal channels were the
discriminating band for “mental arithmetic” task. The temporal and frontal discrimination
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corresponds to previous studies, which documented that beta increases in the parietal-
temporal channels during mental arithmetic (with eyes closed) [40], and beta differences in
the frontal channels during mental arithmetic (with eyes open) [41]. However, previous
findings also documented alpha changes during mental arithmetic (with eyes closed) [38, 39],
which were not found in this experiment.

There are two possible explanations to the disagreement between the resuits and previous
findings. One, previous mental arithmetic tasks were done with eyes closed, whereas in this
research, mental arithmetic tasks were done with eyes open. Two, previous studies uses
simple addition, subtraction and multiplication problems, whereas in this research, Fibonacci
series were used for the experiment. The level of task difficulty may therefore be different
and affecting the EEG resuits, as shown in [79]. It is possible that a task as complex as the
Fibonacci sequence could selectively modulate beta. This should be investigated through
additional experiments as mentally computing the Fibonacci sequence may be more
complex than the relatively simple arithmetic tasks used in previously published studies.

Eyes open vs. left or right hand movement

In subjects 2 and 3, the classification accuracies were around 75 — 83% in the sensory motor
(C3 and C4) channels, for tasks ‘eyes open” versus "left hand movement”. This
corresponds to previous studies, which documented that beta changes in left and right
central (sensorimotor) channels during motor movements or motor imagery [43-45].

However, in subjects 1, 4 and 5, discriminating channels were found o be in the frontal,
temporal and occipital regions, which were not reported in previous studies.

There are two possible explanations to this difference. One, in this experiment, the subjects
were instructed to mentally clench a “soft ball” — it is possible that the mental effort invoived
in this process were stronger/weaker than the imagined tasks used in other studies, and
resulied in different EEG responses, as shown in [80].

in addition, predictive power of the mu or beta rhythm varies between subjects in other
studies. For example Pfurtscheller et al. [45] analyzed predictions between left and right
hand imagined-movement in 3 subjects. The best predictors were reporied as beta for
subject 3, mu for subject 2, and both mu and beta for subject 1. Pfurtscheller et al.’s results
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suggest that subject-specific variation could also be a reason that the FFT-SVM has better
classification results for beta than alpha for the 5 subjects tested.

No changes were detected by the FFT-SVM for real vs. imagined tasks

The topographical plots were similar for real and imagined tasks, and topographical plots for
real vs. imagined tasks showed no/low predictive accuracy for all channels. The result
suggests that the EEG responses (in frequencies and channels) to imagined and real tasks
were very similar, or perhaps the changes (such as amplitude and phase) were undetectable
with the FFT-SVM classification system,

Average reference montage and bi-polar montage yield similar classification results

The classification accuracies were similar for both the average reference and bi-polar
montage, and both montages have classification accuracy of above 80% in most of the tasks.
This suggests EEG changes due to mental tasks, with the FFT-SVM detection system is
insensitive to the recording montage used, and that one channel (two electrodes) is sufficient
to capture EEG information for detection of mental tasks — provided that the electrodes are
optimally located.

6.4 Discussion of single channel analysis

ModularEEG system is a possible candidate for BCI implementation

In the ModularEEG system, classification results from subjects 3 and 5’'s data were below
80% for all tasks. In subjects 1, 2, and 4, the SVM was able to discriminate between "eyes
open” tasks vs. “mental arithmetic”, and “imagined hand movement” tasks, with 83% and
above classification accuracy. The difference may be due to inter-subject variability of EEG,
or difference in subject’s skull thickness ~ EEG may not fully propagate to the pre-frontal
scalp in some subjects, therefore EEG changes are harder to detect. For example,
Benbadis and Rielo [81] described the effect of skull thickness abnormalities on EEG
asymmetry.

The classification results are similar for ModularEEG and Fp1-Fp2 GSN recording, however,
there were slight variations in the tasks that had high classification accuracy. This may be
due to intra subject variability in EEG, as the recordings were taken on a different day.
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Overall, ModularEEG recordings gave higher classification results than the GSN recording.
This may be due {o the fact that ModularEEG recording systems are more comfortable for
the users, and therefore users are able to relax and concentrate more on the tasks.

The overall subjective rating for the level of fatigue for the GSN and ModularEEG recording
systems shows that ModularEEG recording system causes less fatigue. This was expected,
as the preparation procedure for ModularEEG system is much simpler and shorter than the
GSN system. The GSN system requires the subjects’ hair to be washed with shampoo prior
to recording; and wetted with salt solution throughout the recording. The ModularEEG
system does not require these procedures ~ only the scalp locations where electrodes were
placed require cleaning with light sand paper and diluted methanol.

The results suggest that ModularEEG is a good candidate for BCI implementation, as it is
simple to use, causes less fatigue to the user, and yield good classification accuracy (above
80% in 3 out of 5 subjects)

6.5 Individual differences

There were more differences than similarities found in the classification results among the
subjects. This is compatible with the literature where individual differences were found. For
example in Pfurtscheller's experiment, 3 different predictors were reported for 3 subjects [45].
The number of subjects used in this experiment is also in line with typical BCl subject
numbers, see table 6.1. The large individual differences also indicate that subjects should
be individually tested and will require a customized BCI.

6.6 Widespread vs. localized EEG changes

The topographical plots of the individual channel classification results show both widespread
and localized high classification channels (widespread and localized changes in EEG), see
figure 6.1 for an example.

When implementing a BCl system, the widespread changes indicate that there is a large
choice of scalp areas for electrode placement, and hence the experimenter does not have to
be very precise with electrode placement and may use a low-resolution system for detection
of mental tasks. The localized changes imply that the experimenter either has to be very
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precise with the electtode placement in arder to capture the changes, or has o use a high-

resolution EEG syster for mental task detection.

Figure 6.1: (a) Topographical plots showing widespread changes.

{b} Topographical plots showang localized changes.

6.7 Pre-processing method

The artifact comection approach used in this project is remowval by visual inspection.
However, variable length artifacts were removed prior to segmentation of data into fixed
length time-windows for FFT-5WM classification.  This has potential for discontinuous dala
windows. The effect of discontinuity of data was not looked at, but segmenting data first and
removes comarminated windows can ensura that discontinuities of data are avoided. which

wolld be 2 mare suitabie method. Howewver, this would results in an increase in loss of data.

6.8 Possibility of further improvement

Subject training improves classificatiaon resolts

Previous studies have shown that subject training improves classification results [65, 66]
Some BC| syslems require days or weeks of training time, before the BCI system can be
optimally operated. Seetable 2 2 for examples of these BOI systems. The subjects used for
this experiment have not participated in other EEG experiments before, and no training was
done prior to the recording. Therefore. with addition of subject training prior to experiment,
the results are expected to improve.

Bath real and imagined tasks were experimentad in order to investigate whelher the system

could detect EEG changes during real tasks, and whether imagined tasks would give similar
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results. In the case (such as left and right hand movement) where real tasks gave higher
classification results than the imagined tasks, subject training may be able to help the
subject on imagining these tasks, and hence improve classification results for imagined

tasks.
Active electrodes outperform disposable adhesive electrodes for ModularEEG system

Active electrodes are electrodes with a unity gain amplifier right next to the electrode up on
the scalp, initially designed by Foltynski (see [12] for design and prototype). This greatly
improves the signal quality received by an EEG system. However, active electrodes are
heavier and required additional power lines for powering the amplifiers, which becomes
complicated when recording with large number of electrodes. With a single channel
ModularEEG system, active electrodes will be a good choice for further improvement of EEG
signal quality, therefore making mental tasks easier to discriminate.
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Chapter 7 Conclusions

Based on the findings of this research, the following conclusions are drawn:

1.

Imagined music, mental arithmetic and imagined hand movement are feasible
mental tasks for BClimplementation

The experimental results and-literature search have both found EEG changes
between the resting conditions versus imagined music, mental arithmetic and
imagined hand movement. In addition, working BCI systems using mental arithmetic
and imagined movement tasks have already been successfully implemented (e.g.
Adaptive Brain Interface, ERS/ERD cursor confrol). This indicates that with
appropriate signal processing techniques, these tasks are feasible for BCI
implementation.

Temporal channels are good predictive channels for mental task discrimination

Most of the high classification accuracies between resting with eyes open conditions
versus imagined listening to relaxing/rock music, mental arithmetic, and imagined
left/right hand movement were found in the temporal channels. This is an indication
that temporal channels are good predictive channels for a mental task based BCI
implementation.

FFT-SVM classifier is feasible for mental task based BCI implementation

The bi-polar classification results for different mental tasks using the FFT-SVM
classifier were above 80% in most of the tasks, and above 90% in 2 out of 5
untrained subjects for imagined music, metal arithmetic and imagined movement
tasks. This performance is similar to the existing classifiers (e.g. adaptive Gaussian
representation with neural networks, and common spatial pattern with Fisher
discriminant) used for mental task BCl systems. This suggests that FFT-SVM
classifier is feasible for BC! implementation.
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4. ModularEEG system is a good candidate for BCI implementation

The ModularEEG results were similar to the Fpi-Fp2 GSN results and yield good
classification accuracy (above 80% in 3 out of 5 subjects). The ModularEEG was
also rated to be less fatiguing to use when compared to the GSN system. This
suggests that ModularEEG is a good candidate for BCl implementation.
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Chapter 8 Recommendations for further research

Based on the findings and conclusions of this research, the following recommendations for

further developments are made:

1. Investigate whether EEG responses to mental tasks can be detected
spontaneously by recording shorter trials of EEG with interchanging mental
tasks.

Further experiments recording shorter trials (5-10s trials as compare to 30s to 5 mins
recording in the current experiment) of EEG with interchanging mental tasks should
be done to investigate whether EEG responses to mental tasks can be detected
more spontaneously. BCI systems should use mental tasks that are able 1o give high
information output (more commands per minute), in order to operate more efficiently.

2. Use active electrodes for ModularEEG based BCI implementations

Active electrodes should be used instead of adhesive electrodes with a ModularEEG
system, to improve signal quality for better discrimination of mental tasks.

3. Invesfigate wavelet spectral estimates-SVM classifier for menial task detection

Wavelet transforms have been shown to perform better than Fast Fourier Transforms,
and require shorter EEG epochs. A wavelet-SVM classifier may perform better than
FFT-8VM classifier,

4. Investigate task vs. task classification accuracy.

In this thesis, only the “resting with eyes open” task was compared with all other
tasks. Further work should also be done on investigating all combinations of task vs.
task classification accuracy (such as imagined rock music vs. mental arithmetic).
See figure F.3 - F.7 in Appendix F.
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5. Implement a 3-choice FFT-SVM classifier

The 2-choice FFT-SVM classifier can be developed into a 3-choice FFT-SVM
classifier. This could allow the user to perform the least uncomfortable mental task
(such as “resting with eyes open”) to denote an “Idle” state for the system, and have
the two tasks (such as mental arithmetic and imagined hand movement) as
commands.

6. Investigate the effect of training on imagined listening to music

Subject training has shown to improve classification accuracy in mental tasks such
as imagined movement. Further experiment should be done on giving subjects
regular training sessions for a period of several months on music tasks, to
investigating the effect of training on imagined listening to music tasks.

7. Investigate the use of muiti-channel EEG features as inputs to the SVM
in this thesis, only single channel EEG features was used as inputs to the SVM for

mental task detection. Multi-channel EEG features may provide better classification
resulis and should be investigated further.
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Appendices

Appendix A Geodesic Sensor Net Specifications

The following specification is an extract from the GSN technical manual [13].
Overall System Specifications

Systern 200 has been designed for use under the environmental conditions given in Table
A1,

Table A.1: GSN system 200 overall operating environment

Storage temperature 0°t047° C(32°to 116° F)
Operating temperature 10° to 35° C (50° to 95° F)
Relative humidity 5% to 85% non condensing
Maximum altitude ‘3,048 m (10,000 feet)

Dimensions, Weight

The foliowing are approximate overall dimensions for the Net Amps box:
o Height: 27.9 cm (11 inches)
o Width: 43.2 cm (17 inches)
= Depth: 48.0 cm (18.9 inches)

The approximate weight of the Net Amps box is 16.8 kg (37 Ib).

‘Dynamic Range

Maximum resolvable signal is £2.5V/1000, or £2.5 millivolts.
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Precision
Minimum resolvable signal is £2500 microvolis/t32,768, or 0.076 microvolts.
inherent Noise

Amplifiers always have a certain amount of low-level noise inherent to the circuitry. This
noise comes from a variety of sources, including thermal activity, leakagé of digital signals to
analog circuitry, and power supply noise. The Net Amps is a low-noise amplifier: Net Amps
internal noise, measured with the analog inputs grounded, is tested to be less than 1 pVv
RMS, and typically falls below 0.6 pv RMS. Amplifier inherent noise is to be distinguished
from noise that has an environmental origin.
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Appendix B ModularEEG Specifications and
Schematics

The following specification and schematics is an exiract from the ModularEEG
documentation in the OpenkEEG website [12].

B.1 ModularEEG specification

General specification

Number of channels 2 - 6 (only 2 tested)
Resolution four 10 bits, two 8 bits
input Voltage Resolution 0.5 uv

Input Voitage Full Scale +/-256 uV

Wideband noise ~ 1 uVp-p

Supply Current (5V or 9 - 12V supply) 70 mA (2 channels)

Isolation voltage (nofe 2, 3) 2500V (1 minute)

Continuous isolation voltage (note 2, 3) 1480V

Notes:

1. On the ATmega8 microcontroller, channels 5 and 6 are only 8 bit due tfo noise
problems. These channels cannot be used for EEG without increasing the EEG-
amplifier gain four fimes.

2. The DCDC converter and optocoupler are certified to withstand 3000vVrms and
2500Vrms respectively, for one minute. The guaranteed working voltage under
periods longer than one minute is 1100Vrms and 480Vrms respectively.

3. The ModularEEG is not IEC60601-1 certified. It will probably not handle lightning
strikes and other extreme electrical conditions. Use with caution.
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Supply Gurrent
Digital board 52 mA
Digifa! board + Seﬁélv cable connected 56 mA
[Total current (including 2 channel amp) |73 mA
iEstimated total for 4 channel setup 77 mA

DCIDC converter efficiency

~78% ( =>15mA, 2 ch)

EEG Amplifier specification

Gain 7812.5 (nominally) |
Offset handiing capability TBD > 200 mVdc
Low frequency CMRR TBD > 100dB
Highpass filter 2nd order, fc = 0.4Hz

Anti-aliasing filter

See filter documeht.

Exira features

250 uV(+/-10%) test signal.
DRL circuit - adds > 40dB

ICMRR at 50/60Hz.
AD-converter specification (AT9054433)
Number of channels ) 4] |
/ Resolution 10 bits

Effective number of bits (note 1, 3)

9.1 bits (< 100Hz)

Signal to Noise Ratio (nofe 1, 3)

58.7dB (max possible 60dB)

Integral Nonlinearity (note 2)

+/- 0.5 LSB (typ)

Differential Nonlinearity (noté 2)

+-0.5LSB (typ)

Offset Error. (note 2)

THLSB(typ)

Absbluie Accuracy (ADC clot:k = 200kHz)

1LSB (typ), 2 LSB max

Gain error (Voltage reference error)

1% (typ), 2.25% max
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Motes

1.

Dynamic characteristics are taken from Holcher, R et al, The Test of AD Converters
Embedded on Two Microcontrofiers, Measurement Science Bovicw (Journal of the
institute of  Measurement Science, Slovak  Academy of  Sciences,
http:fwwew. measurement, sk ik Violume 7 MNumber 1 2001
hitp Ao measuretnent sk PAPERSHolzer. pdf

INL, DML, offset error and absglute accuracy numbers are taken from the

manufacturer's data sheet. The article in note 1 spacifise a higher INL: 1 4 LSB max
{absolute value. not +- 1.4 L5B). Al values assume ADC clock <200 kHz. Yeah,
these numbers could be betfter.

The article in note 1 discusses the ATZ0S8535 microcontroller. TFhis is 2 bigger
micrecontroller in the same family as AT90354433, so chances are they have very
similar cores. The measurements were done at a higher sample rate {fs = 4800Hz)
and with Yref = 2.5 which may degrade the results slightly compared to the fs =
258Hz and Vref = 4 OV used in the ModularEEG
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B.2 Analog board schematic
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Appendix C Neuroanatomy and Muscles

C.1 The structure of the neuron

The human body contains more ihan 100 billion neurcns, and most of tem are concantrated
in the brain. Neuronhs are cells that carry information in the brain and in the central nervous
systemn, in the form of electro-chemical signals. The neurons have specialized projections
called axons and dendrites. and a cell body shown in figure C.1.

The dendrites are branched processes that exdend from the cytoptasm of the cell body
which respond to specific stimull and conduct impulses 1o the cell body The axon is a
relatively long, cylindrical process thal conducts iImpulses away fram the cell body

The gignals are carried along axons (signal transmitter) and dendrites (signal receiver) of the
neuron by changes in electrical properties ealled action potential.

Scma (cell bady)
- Nucleus

Figure C.1: The structure of a neuron [B2].
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C.2 The structure of the brain

"The cerebrum, consisting of five paired lobes within two convoluted hemispheres, is
concarmaed with higher brain function, including the perception of sensory impulzes, the
instigation of voluntary movement. the stoerage of memery, thought processes and reasoning

ability, the sarebrum is also concerned with instinctual and limhbic {emotional) functions” {83].

“The left and right hemispheres of the cersbrum are incomplately separated by a longitudinal
cerebral figsure, which is then subdivided into five lobes by deep sulon or fissuras. Four of
these |obes appear on the surface of the cerebrum and are named according to the

averlying cramial bones” [83]. See figure C.2 for a lateral and superior view of the cerebrum.

Grriral suk;u_ta

alar areas inedy s with theezatmal
o walman muscies

Hisany Aris sowaled
wih culaneaus ara oiner senses

Fracetiral gyns

~-= CErebral gy -
Caprnalilions
~CEmebral suld

Pasicetta gipus

Paﬂan_ll lotia

Genaral
ingrpralyg
£ Moior s2EECH Ares
|\Broca’s area)
Decipilal lobe

“Frontal lobhe

GO N Wil
ITages; wrEUal
recaghitian & aljeces

Lateral Lulous

H'ﬂéﬂ:!rETaLw}'a al HENsGry SRpaTENGES;
migmay o visial 2t audileny pateri

Temporal lobe

=kl
Cerplitllury Bunditesy
area Frontal lomes
EH
aritad
sl ™
—
Lot

carzhrad Regurn

Oiecipital labes

Figure C2: The cerebrurn. (a3 a lateral view and (b) a superior view [B3].
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Eye blinks can be detected by increase in activity in the occipital lobe, where visual area is
located. In the centre of the left and right hemisphere is where the auditory areas can be
found  The motor and sensery motor areas of the cerebral cortex are shown in figure C.3,

which are responsible for moter mevement and sensory stimuil,

Figure C.3: Mator and sensory areas of the cerebral cortex. Motor areas cortral skeletal muscle ard

sENSONY areas receive somatesthetic senzations [83]
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C.3 Flexor Carpi Ulnaris muscle

"The flexor carpi ulnaris muscle is positioned on the medial anterior side of the forearm.
where it assists in flexing the wrist joints and adducting the hand" [83). See figure C 4 for a
diagram showing its position on the hand

Figure C.4: Superficial muscles of "ight forearm: a postenor view [83]
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Appendix D Ethics Approval

| Signed by candidate
- .




Appendix E Subject Consent forms

An investigation of EEG changes generated with
mental tasks

{nformed consent

Engineerz frem the University of Cape Towh are developing a brain-computer interface that
may be used to assist paralyzed people. A mental task based brain-computer interface is
being investigated, thiz interface classifies the menial state of the subject, using neural
network based an the frequency spectrum of EEG. Certain frequancy components of EEG
are modulated by the various mental states, therefore EEG recordings are required.

Health voluntears are required to perform a series of experimental tasks, during which EEG
waveforms will be recorded,  Each volunteer will be paid RS0 on successful completion of
the study. Aside from the payment, this testing will have no immediate benefit to the
volurteers. However as part of a research and development process, it s envisaged that
the end result of the research would be a brain-computer device,

Testing procedure

All testing will be carried out in the EEG laboratory, at the Anatomy Building (UCT Health
Science Faculty)

The investigator will place the 128 channel Geodesic Sensor Net on the volunteers for the
recording of EEG. 8 different experimental scenarios will be evaluated for their effect on the
mental state. Each scenaric will last § minutes, Af the end of the experiment, the subjects
will be azked to rate the level of mental fatigue of each mental task on a scale of 1 {least
fatigus) -- 5 (most fatigus) Subjects are required o keep as still as possible during the 5
minutes recording sessions,

Possikle risks associated with participation

The EEG equipment is inherently safe. Tempaorary mild skin sensitivity may results from the
salt solution used with the elecirode sponge. In the unlikely case of any subject
experiencing discomfort, the subject should alert the investigator. The University of Cape
Town has a public lisbility cover should some unforeseen event occur whilst you are
participating in this study.
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EChIon oF menldl (5K relalet 2Ll |

Statement of understanding and consent

| covfirm that the exact procedure and technigques and the possible complications of the
ahove tests have been thoroughly explained to me. | am free to withdraw from the study at
ary time should ! choose to do so understand that | may ask questions at any time during
the testing proecedure. | know that the persoral infermation required by the researchers and
derived from the testing procedure will remain strictly corfidestial and will only be revealed
as a numhber n classification aralysis. | have carefuliy read thiz form and Lnderstand the
nature. purpose and procedures of this study. | agree to paricipate in this research project
condycted by the UCT Divisicn of Biomedical Engineering.

Name of volunteer / guardian {if necessary):

Signature:

Mame of Investigator:

Signature:

Date:

Research team

Fostaraduate student: Ms T.A Lin (MSc student: LET Electrical Engineering)
Lrxtsulidl @mail.uct.ac 73

SupenvisoTs: Cr. L.E Jdohr (Lecturer, UCT MROIMedizal Imag ng
LInith ljiohaEcormack uct ac.za
Frof. J.C Tapson {Professor, UCT Electrical Engineering)
tapsonidebe uct ac.za
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Appendix F Topographical plots

This section presents the topagraphical plots shawing the individual channel classification
accuracies for real tasks versus iImagined tasks. and well as all other combinations of tasks
not shown in the main text.
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Listen to relaxing music vs. imagined Listen to rock music vs. imagined
listening to relaxing music listening to rock music

sub 1

sub 2

sub 3

sub 4

sub 5

Percentage (%) of
correct prediction g 0 20 3 2o =0 €0 00 8@ 500 100

Figure F.1: Topographical plots showing SWM classification accuracy for real music tasks versus

imagined music tasks.
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Left hand movement vs_ imagined left Right hand movement vs. imagined
hand movemeant right hand movement

sub 1

sub 2

sub 3

sub 4

subs

Percentage (%) of
correctpredicion o 0 20 33 40 50 & 70 B8C 90 10D

Figure F.2: Topegraphical plets showing SVM efagsification aceuracy for real hand movermeant 1asks
versus imagined hand movemeant tasks
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Imagined listening to relaxing music Imagined left hand movement vs.
vs. imagined listening to rock music Imagined right hand mavemsnt

sub 1

sub 2

suh 2

sub 4

sub &5

Percentage (%) of

carrect prediction g 10 S 3m  an 51 &0 T8 80 80 100

Figure F.3: Topographical plots showing SWM classification accuracy for imagined relax versus
imagined rock music tasks and imagined left versus imagined right hand mowvement

tasks.
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Imagined listening to relaxing music Imagined listening to relaxing music
vs. imagined left hand movement vs. imagined right hand movement

sub 1

sub 2

sub 3

sub 4

sub 5

Percentage (%) of M
correctpredicion g 10 20 3 40 50 80 70 80 80 100

Figure F.4: Topographical plots showing SYM classification accuracy for imagined refaxing music
task versus imagined left and right hand movement tagks.
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Imagined listening to rock music vs. Imagined listening to rock music vs.
imagingd left hand moavement imagined right hand movement

sub 1

sub 2

sub 3

sub4d

sub 5

Percentage (%) of RN
o 10 20 a0 40 &0 &0 70 ao 90 100

correct prediction

Figure F.5: Topographical plots showing 5WM classification accuracy for imagined rock music task

versus imagined left and right hand movernent tasks.
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Mental arithmetic vs. imagined Mental arithmetic vs. imagined
listening to relaxing music listening to reck music

sub 1

sub 2

sub 3

sub 4

sub 5

Percentage (%) of AN
10 20 a0 40 a0 &l ¥ 80 80 100

correct prediction g

Figure F.6: Topographical plets showing SVM classification sccurasy for mental arithrmetic task
versus imagined music tasks,
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Mental arithmetic vs. imagined left Mental arithmetic vs. imagined right
hand movement hand movement

sub 1

sub 2

sub 3

sub 4

sub 5

Percentage (%) of — l __

correct prediction g

Figure F.7: Topographical plots showing SWVM classification accuracy for mental arithmetic task
versus imagined hand movement tasks.
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Appendix G Examples of artifact removed from

recorded data
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Figure G.1: Example of eye blink artifacts removed (highlight in blug) rom the mult
channel EEG data.
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Figure G.2: Example of EMG artifacts removed fhighlight in blue) from the multi-channel

EES data.
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Appendix H SVM validation results

This classification results from SYM toolbox testing are shown in table H.1 below:
The two sine waves 1o be c¢lassified are:

s1 = 2*sin{2 pi* 10"t p+k 1 *sin{2*pitk2 )+ 2*sin(2*pi*251);
82 = 2*sin{2 pi"10 ti+3*sin(2 *pt- 16 1+ 2" sin{2"pi* 2 B*);

where k1 and k2 are amplitude and frequency variables.

Table H.1: The percentage of carrect classification with varying ampiitude {kt} and
frequency {k2).

kitk2| 140 | 145 150 | 155 | 160 | 165 | 17.0 | 17.5 | 150

1.0 jon: ©  fep 100 100 100 100 100 100 100

15 100 100 100 | 100 | 100 | 100 | 100 ' 100 | 100

2.0 100 100 . 100 100 50 100 100 100 100
L 25 | MO0 i WD 1 100 (AN 50 100 100 100~ 100
3.0 100 100 100 50 50 50 100 100 | 100
3.5 100 100 | 100 100 | 50 100 100 100 & 100
4.0 100 100 100 100 50 | 100 100 100 100
A5 | 100 | 108N 100 [ 100 100 100 100 100 100
5.0 100 100 100 100 100 100~ 100 100 | 100

The resylts show that FFT-5VM is more sensitive to change in frequency than change in

amplitude.
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Appendix | MATLAB Code

This section contains the MATLAB codes used for EEG data analysis. The files -include:b

Read BrainBay archive file

EEG data preprocessing

Find frequency component of single channel data
Compute classification results for each channel
Append channel labels to results

Plot topographical plots

Test SVM toolbox
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i.1 Read BrainBay archive file (ModularEEG)

%%%%%%% read ARC %%%%%%% %
%% read data from the BrainBay archive file %%

function readARC = readARC (testnum)
testfile = [testnum ".arc’};

fid = fopen(testfile,'r);

chi_vector = [};

ch3_vector = [J;
chd_vector = [J;

[testi_header, count]=fread(fid,255,'uint8");
[test1_discard, count]=fread(fid, 7680, uint8'); %% discard first 30s

for data_size = 1:84480 % 4mins = 61440% 5mins=76800 1min = 15360 30s = 7680

for loop = 1:17
[test1_data, count]=fread(fid,1,'uint8");

if test1_data == 165
[test1_data, count]=fread(fid,1,'uint8’);
if test1_data == 90
break;
end
end
end

[test1_data, countl=fread(fid,15,'uint8");
if count < 15
break;
end
chi1_sample = test1_data(3)*256 + testi_data(4) - 512;
ch3_sample = test1_data(7)"256 + testi_data(8) - 512;
chd_sample = test1_data(8)*256 + testi_data(10) - 512;
ch1_vector = [ch1_vector; ch1_sample];
ch3_vector = {ch3_vector; ch3_sample];
chd_vector = [ch4_vector; ch4_sample];
end
fclose(fid)
eval(['save sub17_r_' testnum ".mat’]);
return;

%%%%%%%%% %% % % % % % %% %% %

.2 EEG data pre-processing (GSN - EEGLAB)
%% %%% EEG pre-process %%%%%%%%%%

clear all; close all;
eeglab;

%% t1
eegfile = 'sub17_r_t1
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eval(l'EEG = pop_importdata( "dataformat”, "matlab”, "data", "C:\Documents and
Settings\Administrator\Desktop\EEG experiment oct 2006\subject17 (aadil)V eegfile .mat", "setname”," eegfile ™,
"srate",256, "pnts",0, "xmin",0, "nbchan”,3);'});

EEG = eeg_checkset( EEG );

EEG = pop_eegfit( EEG, 1,0, [}, [0});

EEG.setname="sub17_f1";

EEG = eeg_checksel{ EEG ),

EEG = pop_eegfilt{ EEG, 0, 40, ], [0});

EEG = eeg_checksel( EEG );

%%% save set

eval(lEEGsetname = ™ eegfile '_bpf.set™]);

EEG = pop_savesel{ EEG, EEGsetname, 'C:\Documents and Settings\AdministratonDeskiop\EEG experiment
oct 2006\subject17 (aadil)V);

%% t2
eegfile = 'sub17_r_t2';

eval(EEG = pop_imporidata( "dataformat”, "matiab”, "data”, "C:\Documents and
Settings\Administrator\Desktop\EEG experiment oct 2008\subject17 (aadil)\' eegfile "mat", "setname",” eegfile ™,
"srate”, 256, "pnts”,0, "xmin",0, "nbchan”,3);'l);

EEG = eeg_checksei( EEG );

EEG = pop_eegfilt( EEG, 1, 0, ], [O});

EEG.setname="sub17_f1"

EEG = eeg_checkset{ EEG ),

EEG = pop_eegfit( EEG, 0, 40, [1, [0]);

EEG = eeg_checkset{ EEG );

%%% save set

eval(EEGsetname = " eegfile '_bpf.set™]);

EEG = pop_saveset( EEG, EEGsetname, 'C:\Documents and Settings\Administrator\Desktop\EEG experiment
oct 2006\subject17 (aadiV);

%% %% %% %% % % % % %% %% % % % % % % %%
1.3 Find frequency component of single channel EEG data

%% %% %% %% find frequency vector %%%%%%%

function freq_m = find_freq_vector(raw_vector, fft_length, slide_pt, sum_bands) %% take in raw_eeg, fft_length
and sliding window percentage in decimals (0.2 for 20%)

sample_rate = 200,

epoch_size = ffi_length*sample_rate;

index_vector = [1:epoch_size],

freq_vector = (index_vector-1)*sample_rate/epoch_size;
freq_vector = freq_vector',

matrix_ch = [};

sliding = round(slide_pt*epoch_size);
num_epoch = round(length(raw_vector)/sliding - epoch_size/sliding) -1;

for k = O:num_epoch-1
current_epoch1 = raw_vector(k*sliding+1 : k*sliding+1 + epoch_size-1);
current_epoch1 = hanning(epoch_size).*current_epoch1;
current_epoch1 = current_epoch1’;
fft_epoch = abs(ffi{current_epoch1i)*2/epoch_size);
matrix_ch = [matrix_ch; fft_epoch];

end

%% %% %% %% %o % % % % % %o %o %o Yo % % Yo % % % % % % % % % % % % % % % % % % % filter bank
freq v =],
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freq_m =[};

if sum_bands == 0 %%%%%%%%%%%%%%% %% %% %% %%%%% no summing of bands
for epoch = 1:num_epoch
for freq = 1:30

freq_v{freq) = matrix_ch(epoch freq+4);
end
freq_m = [freq_m, freq_v'};
end

sum_bands
elseif sum_bands == 1 %%%%% %% %%%%%% %% % %%%%%%%%% sum the bands
for epoch = 1:num_epoch

for freq = 4.7
theta({freq-3) = matrix_ch(epoch,freq);
end

for freq = 8:13
alpha(freq-7) = matrix_ch(epoch,freq);
end

for freq = 14:30
beta(freq-13) = matrix_ch(epoch,freq);
end
freq_v = [freq_v, mean(theta}];
freq_v = [freq_v, mean(alpha)];
freq_v = [freq_v, mean(beta)];

freq_m = [freq_m, freq_v'];

freq v =1}
end

sum_bands
elseif sum_bands == 2 %%%%%%%%%%%%% % %% % %% %% %% % %%% beta band only

for epoch = 1:num_epoch
for freq = 14:30
beta({freg-13) = mafrix_ch{epoch,freq);
end
freq_m = [freq_m, beta'];
beta = {J;
end

sum_bands
elseif sum_bands == 3 %%%%% %% %% % % % % % % % % %% %% %% %% % %% aipha band only

for epoch = 1:num_epoch

for freq = 8:13
alpha(freg-7) = matrix_ch(epoch,freq);
end
freq_m = [freq_m, alpha'];
alpha =[],
end
sum_bands
elseif sum_bands == 4 %%%%%%%% %% % % %% %% %% %% %% %% %% %% theta band only
for epoch = 1:num_epoch
for freq = 4.7
theta(freq-3) = matrix_ch(epoch,freq);
end
freq_m = [freq_m, theta'];
theta = [];
end
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sum_bands

elseif sum_bands == 5 %%%% %% % % %% % %% %% % %% %% % % % %% % %% %% % %alpha & beta
for epoch = 1:num_epoch
for freq = 8:30
a_b(freq-7) = matrix_ch{epoch,freq);
end
freq_m = [freq_m, a_b';
ab=[l
end

sum_bands

elseif sum_bands == 6 %% %% %% % %% %% % %% %% % %% %% %% %% %% %% % %% aipha & theta
for epoch = 1:num_epoch

for freq = 4:13
a_t(freg-3) = matrix_ch(epoch,freq);
end

freq_m = [freq_m, a_t';
a_t={}
end

sum_bands

elseif sum_bands == 8 %%%%%%% %% % % % %% %% %% % %% %% % %% %% % % % %betat band only

for epoch = 1:num_epoch
for freq = 1420
beta(freq-13) = matrix_ch(epoch,freq);
end
freq_m = [freq_m, beta'];
beta = [J;
end

sum_bands
elseif sum_bands == 9 %% % %% % %% %% % % % % % Yo % %% % % % % % % % % % % % % Y%beta2 band only

for epoch = 1:num_epoch
for freq = 21:30
beta(freq-20) = matrix_ch{epoch,freq);
end
freq_m = [freq_m, beta'];
beta = [J;
end

sum_bands

elseif sum_bands == 10 %% %% %% % %% %% %%%%%%%% % %% %% %% test sig gen
for epoch = 1:num_epoch

for freq = 1:30
freq_v{freq) = matrix_ch(epoch, freq);
?rgg_m = [freq_m, freq_v'};
end
sum_bands
end
return,

Yo% %% % %% %% %% % %%

133



Detection of mental task related EEG for BCT implementation

1.4 Loop through all the channels, compute classification results for each channel
%% %%% %% % loop all ch %% %% %% %%
function svm_ch = loop_all_ch(sub, t1, {2, sum_bands)

ss=1,fft=1;

eval([load sub’ num2str(sub) *_tst' num2str(t1) "mat]);
eval(['load sub' num2str(sub} '_tst num2str(t2) '.mat'});
svm_ch = [J;

Ytic

eval(['load sub’ num2str(sub) '_chanlocs’]);
for k = 1:length(this_chanlocs);

eval(['freq_m1 = find_freq_vector(tst num2str(t1) ‘(" num2str(k) ',:)* ' num2sir(fft) ’,’ num2str(ss) "'
num2str(sum_bands) ');'l};
eval(['freq_m2 = find_freq_vector(tst num2str(t2) ‘(' num2str(k) ',:}" ' num2str(fft) ' num2str(ss) ‘'
num2str(sum_bands) );']);

m1 = freq_m1";
m2 = freq_m2';

len = min{length(m1), length(m2})
random_v = randperm(ien);

mi_tm = [J;
m2_tm=1[];
mi_tst=};
m2_tst=1];

fori = 1:round(len/2) %%%% training set %%%%
datat = m1(random_v(i), :);
mi_tm = [m1i_tm; datai);

end

for i = 1:round(len/2)
datal = m2(random_v(i), :);
m2_trn = [m2_tm; datai];
end

for i = round(len/2)+1:len %%%% testing set %%%%
data1 = m1i(random_v(i), :);
mit_tst = [m1_tst; data1];

end

for i = round(len/2)+1:len
datat = m2(random_v(i), :);
m2_tst = [m2_tst; datat);
end

tp_trn = ones(round(len/2), 1);
tn_trn = -ones(round(len/2), 1),
tp_tst = ones(len-round(len/2), 1);
tn_tst = -ones(len-round(len/2), 1);

%% %% %% % % %% % %% % %% % % % %% % % % % % % % %
X_trn = [mi_trn; m2_tm];

X_tst = [m1_tst; m2_tst);

t_tm = [tp_tm;in_trn];

t_tst = [tp_tst:in_tst];

[nsv, alpha, b0] = sve(X_trn,t_trn, linear’, 0.1);
predictedY = sveoutput(X_trm,t_tm X_tst linear' alpha,bO,1);
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e = abs(predictedY - t_tst);
mce = mean(e)

t_comrect=0;
for i = 1:length(predictedY)
if predictedY(i) < 0 && t_tsi(i) == -1
t_correct =t_correct + 1;
elseif predictedY(i) > 0 && t_tst(i) ==
t_correct = {_correct + 1,
end
end

percent_correct = t_comect/length(predictedY)

ch = [sub, 11, {2, sum_bands, mce, percent_correct, kj;

svm_ch = [svm_ch; ch];

end

return;

" % %o % %% %o % %o % %o %o %o Yo % Yo %o %o % Yo % Yo

1.5 Append channel labels to results

%% %% %% add channel label %%%%% %% %% %%

%%%% %% add ch_Jabels %%%%

clear,

for sub = 16:16;
eval(['load sub’ num2str(sub) '_svm_beta_ave'l);
eval(['load sub' num2str(sub) '_labeis'));

k = length(ave_svm)/iength(ch_label);
ch_label_all = [};

forn= 1k
ch_label_all = [ch_label_all, ch_label};
end

ave_svm = [ave_svm, ch_label_all},
eval(['save sub’ num2Zstr(sub) '_svm_beta_ave_ch ave_svm']);
end .
%% %% %% %% %% %% %% % %% %
1.6 Plot topographical plots
%% %% % %% %% %% % plot topoplot %% %% % %% %% % %% %%
clear all
sub = 17,
eval(['load sub' num2str(sub) '_svm_aipha_ave']);

eval{{'load sub’ num2str(sub) '_chanlocs']);
k = length(this_chanlocs),

n=0;
fort1 = 1:1
fort2 = t1+1:11

figure; )
topoplot(ave_svm(n*k+1:n"k+k, 6), this_chanlocs, ‘'maplimits',[0,1], ‘electrodes’, 'labelpoint');
eval([title("sub' num2str(sub) "= t num2str{t1)’  num2str(t2) ™ "fontsize", 16 )']);
colorbar;

pic = ['sub’ num2str(sub) '_' num2str(t1)'_0' num2str(t2) '_alpha_ave_topo';
eval(['print(gcf, "-dpng","™ pic ")1);

close all;
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n=n+1,;
end
end

%% %% %

1.7 Test SVM toolbox

%% %% test SVM toolbox %%%
clear all;

t = 0.005:0.005:60;

% s1 = 2*8in(2*pi*10*t)+3*sin(2*pi*15*)+4*sin(2*pi*30*);
% $2 = 2*sin(2*pi*20*)+5*sin(2*pi*15*t)+1*sin(2*pi*25*1);

test_correct = [},

fork1 = 1:0.55
correct = [];
for k2 = 14.0.5:18
$1 = 2*sin(2*pi*10")+k1*sin(2*pi*k2*t)+ 2*sin(2*pi*25%1);
§2 = 2*sin(2*pi*10*t)+3*sin(2*pi*16*1)+2"sin( 2" pi*25™1);
ss=1; fit =1, sum_bands = 5;

eval(['freg_m1 = find_freq_vector_testsvm(s1, num2str(fft) ', num2str(ss) '’

num2str(sum_bands) ')l

eval([freq_m2 = ﬁnd_freq_vector_testsvm(sz,' num2str(fft) ' num2str(ss).

num2str(sum_bands) ');'I);

m1 = freq_m1’;
m2 = freg_m2";

len = min(length(m1), length(m2))
random_v = randperm{len);

mi_tm=[]
m2_tm =[]
m1_tst =[],
m2_tst =[],

for i = 1:round(ien/2) %%%% training set %%%%
datat = mi({random_v(i}, :);
mi_tm = [m1_tm; datat];

end

for i = 1:round(len/2)
datat = m2(random_v(i), :);
m2_tm = [m2_tm; datat];

end

for i = round(len/2)+1:len %%%% testing set %%%%

data1-= m1i{random_v(i}, :);
m1_tst = [m1_tst, datai];
end

for i = round(len/2)+1:len
datat = m2(random_v(i), :);
m2_tst = [m2_tst; datat);

end -

tp_trm = ones(round(len/2), 1),
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tn_tm = -ones(round(len/2), 1);
tp_tst = ones(len-round(len/2), 1);
tn_tst = -ones(len-round(len/2), 1},

% %% %% % %% %% % % % % % % % % % % % %% %h % % % %%

X_trn = [mi_trm; m2_tm};
X_tst = [m1_tst; m2_tst};
t tm = {ip_tr;tn_trn];

i tst=[tp_tstiin_tst];

%% % %% % %% % %% % % %

[nsv, alpha, b0] = sve{X_tm,t_tm, 'linear’, 0.1);
predictedY = sveoutput(X_tm,t_trm X_tst 'linear alpha,b0,1);
e = abs(predictedY - {_tst),

mce = mean{e)

t_correct = 0,
for i = 1:length({predictedY)
if predictedY (i) < 0 && {_tsi(i) == -1
t_correct = {_correct + 1;
elseif predictedY(i) > 0 && t_tst(i) ==
t_correct = t_correct + 1,
end
end

percent_correct = t_correct/length(predictedY)
%% %%
correct = [correct, percent_correct];
end
test_correct = [test_correct; correct];
end

% %% % %% % %% % % % % % % % % %
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