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Abstract

Brain-computer interface (BCI) provides a communication channel for patients with sever
neuromuscular disorders to signal their intentions directly with their brain activities, in-
stead of the normal output pathways between the brain and muscles. When a subject is
performing specific tasks, the electroencephalographic (EEG) signals induced by her/his
neuronal activities are recorded, analyzed, and translated to the corresponding commands
for computers or other devices. A BCI system can be synchronous or asynchronous de-
pending on whether the task is cue-triggered or self-paced. Asynchronous BCI systems
are more practical yet more complicated due to the requirement of continuous analysis of
ongoing EEG without any timing information about the mental status of the subject.

Toward building an asynchronous BCI system, we develop signal preprocessing and
classification techniques, including signal preprocessing, feature extraction, feature selec-
tion, and classification, that can be used to continuously discriminate between EEG record-
ings when the subject is resting or performing left-hand/right-hand imagery tasks. The
acquired EEG signals are first filtered for artifact removal. Then we use Morlet wavelet
to extract time-frequency components. During the training stage, these abundant compo-
nents are examined through t statistic and forward feature selection and the components
with large discernment capability can be determined. During the classification stage, the
EEG signals go through the same preprocessing procedure and the discriminative wavelet
components are calculated. Then, two one-class classifiers are applied to discriminate the
resting state from the left-hand motor imagery and from the right-hand motor imagery, re-
spectively. The one-class classifier focuses only on the feature distribution of one of the
motor imagery task on which the subject concentrates. In this way, we do not need to
model the widespreading distribution of the resting state, which may comprise slight but
fickle mental task.

We obtained three datasets from the website of the BCI competition III. From these
EEG recordings, three channels (C3, C4, and CZ) are employed and two most discrimi-
native wavelet components are selected by using the proposed techniques. According to
our experiments, the false negative (FN) and false positive (FP) recognition rates for both

left- and right- hand motor imagery tasks are about ~20% and ~35%, respectively. We



also applied the proposed techniques to discriminate the left-hand (right-hand) motor im-
agery class from the non-left-hand (non-right-hand) motor imagery class which comprises
of resting and right-hand (left-hand) motor imagery EEG data. In this case, the FN and
FP recognition rates are about ~30% and ~30%, respectively. These experiments clearly

demonstrate the stability and accuracy of the proposed techniques.

11
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Introduction



Introduction

1.1 Motivation

After the industry evolution, machines are invented and utilized in many fields. It seems
no doubt that the computer is the most significant machine in this century. In the recent
decades, computers become essential for human beings. Many researchers devote them-
selves to develop the best interface between human and computers to assist the manipula-
tion. We have witnessed the magical evolution of the human-computer interface designed
in touch, vision, voice, and a combination of these in the last two decades.

Today, the typical interfaces between human and computer are graphic user interface
(GUI), voice command and controller, and touch control; however, they have some limita-
tions. For the GUI and the touched-control, the user must be free of motor-disable disease.
For the voice-control, the user must have the ability to speak. Among the three interfaces,
the voice-control interface is the most attractive one to communicate with computers or
other machines, yet it still can not supplysto-Amyetrophic Lateral Sclerosis (ALS) patients.
Obviously all the above interfaces are not suitable to.the ALS. For the ALS, thoughts might
be the last one for them to communicate the world.

Over the past decades people began.interested in achieving a direct communication
between human and computers. They. wish to design’an interface to provide a new com-
munication channel for everyone even for the patients suffering from severe neuromuscular
disorders who are forced to accept a reduced quality of life dependent on other individuals.
Although many aids have been created to liberate these individuals, there still exists some
limitations for those with sever disabilities to utilize these aids. Therefore, the interface
between human and human brain are emerged. The interface is called Brain-Computer
Interface (BCI), consisting knowledge in many fields such as neuroscience, psychology,
signal processing, machine learning.

BCI was first proposed in the 1970’s by the United States Department of Defense in
order to assist pilots in their aircraft. Unfortunately the speed of computers those day was
too slow and the memory was too small to deal with the huge brain signals, so the idea was
failed. Today these advanced hardware equipment makes it possible to achieve this idea by
developing BCI systems. Such an interface was defined as ” A brain-computer interface

1s a communication system that does not depend on the brain normal output pathways of
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Brain Device
Activation D BCI D Command

Figure 1.1: BCI

peripheral nerves and muscles” in the first international meeting devoted to BCI research
held in June 1999 [43]. It takes our brain signals as its inputs, recognize what is the user’s
intention and finally output the transition command to the system to trigger the application,
such as Figure 1.1.

In short, in recent decades, BCI systems attract greater interests for the following rea-
sons. First, it is the most potential and the most attractive interface. Second, many re-
searchers are mainly fostered by the will to give the patients with different severe motor
impairments or ALS an new communication channel.

In section 1.2, we first illustrate a brief overview of human brain structures and intro-
duce the technique of monitoring brain activation, EEG. Then we describe some specific
brain patterns. In section 1.3, we give the details of the components and the categorization
of a BCI system. In the next chapter, we-will show some examples of existing BCI systems

today.

1.2 Background

1.2.1 The human brain

The human brain has four structures: cerebral cortex, cerebellum, brain stem, hy-
pothalamus and thamalus, but what we concern is the cerebral cortex which is a 2-4 mm
thick sheet of the gray tissue, to where the activation which we interest occur close. The
cerebral cortex can be divided into two hemispheres by the longitudinal fissure. Each of
the hemispheres can then be divided into four lobes called frontal, parietal, occipital and
temporal lobes by two deep grooves, Rolandic fissure and Sylvian fissure.

At the beginning of the twentieth century, the famous German neuroanatomist Ko-

rbinian Bordmann divided the cortex into different zones depending on the functions of the
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Rolandic fissure

Frontal
lobe

Sylvian
fissure i’ § Occipital
e lobe

Cerebel lum

Temporal lobe  Brain stem

Figure 1.2: Human brain seen from the left side. Some of the important structure are
indicated

zones. In general, our cortical areas fa]lﬂmto fﬁur {ﬁh:m categorles primary sensory areas,

motor areas, secondary sensory areaﬂ, ﬁnd assjn meq araas The primary sensory areas are

those that are first receive stimuli fforn the exl:,e&*hal envuipnments For example, primary

somatosensory cortex, also called SIJ Whi _
i '| ||. 1= : {

receives tactile stimuli from the skln 'Mqtor area 1&6@cerned with controlling voluntary

pbsterlor to the Rolandic fissure can

movements, by receiving signals from thalamrc' nﬁclel and senting outputs to motor control
neurons in the brain stem and spinal cord. For instance,the primary motor cortex M1 which
is anterior to the Rolandic fissure can handle the muscular activity and each part of the M1

is involved in the movement of a specific part of the body.

1.2.2 Electroencephalogrphy

There exits various non-invasive techniques to monitor the brain activity such as func-
tional Magnetic Resonance Imaging (fMRI) [14], magnetoencephalography (MEG) [12],
Positron Emission Tomography (PET), and electroencephalography (EEG) [34]. Among
these methods, MEG and EEG are suitable for BCI systems because they can give the in-
stantaneous continuous recording of brain activity. The comparisons between MEG and

EEG are illustrated in table 1.1. Because EEG is more portable, cheaper and doesn’t need
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Maotar Somatic
SEnsory

Auditory

Figure 1.3: Human brain seen from the left side. The mapped functional areas of the brain
are indicated

to be measured in a shlelded room 1r is more attractlve to be used in BCI than MEG in
spite of EEG’s low spatial resolutlon Today almost all of BCIs are EEG-based.

The spatial resolution of EEG depends—on the ‘number of electrodes, which are placed
based on the international 10- 20 system [19] ”The 10-20 system is the relationship be-
tween the location of an electrode and'the underlying area of cerebral cortex”. The 710"
and 720" means the 10% and 20% interelectrode distance. How the electrodes are placed
in 10-20systen is shown in Figure 1.4.

When recording EEG signals, we will explore a position with zero potential to be the

Table 1.1: The comparisons of MEG and EEG.

MEG EEG
measurement magnetic field | electrical potential
sensitive source orientation tangential radial
portability no yes
spatial resolution high low
volume conductor effect less more
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Figure 1.4: The 10-20 System of Electrode Placement. The ”10” and ”20” means the 10%
and 20% interelectrode distance. The "F’,’C’,’P’,’O’, T’ represent with respect to frontal,
central, parietal, occipital, temporal lobe. The odd number is placed in the left side and the
even number the right side [19]

reference. Unfortunately, on the scalp peositions, there is no electrode with zero potential.
Therefore, we usually take the right ear as the reference-known as monopolar recording.
This means that the measured EEG-signals are reference-depended. To convert reference-
depended signals to reference-free signals, ' we can apply reference-independent derivation
to the reference-dependent signals such as' Common average reference (CAR), Bipolar ref-
erence, Laplacian reference. We will give more details about the three approaches in Chap-

ter 4.

1.2.3 Brain signal

Neurons can send action potentials, postsynaptic potentials to other neurons by through
the dendrites and axons. An action potential is initiated when the voltage is larger than
the threshold about -40 mV. In fact, what EEG measures are the potentials integrating
from the thousands or billions synchronously activated neurons but not the potential of
one neuron for it is too small to be detected. The recorded EEGs include spontaneous
electrical activity of the cerebral cortex and the cortical response evoked by external or

internal events, namely event-related potential. In general, it is believed that what EEGs
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Table 1.2: Common brain rhythms in different frequency bands.

Band. | Frequency [Hz]
Delta <35
Theta 4-7.5
Alpha 8-13

Beta >13

measures is the summation of excitatory and inhibitory postsynaptic potentials of cerebral
cortex with some contribution of granular and glia cell activity [27].
There exists three typical processing techniques of the measured EEGs, which are com-

monly used in BCI systems:
e Brain rhythm
e Event-related potential (ERP)
e Event-related desynchronization(ERD) and event-related synchronization(ERS)

Brain rhythm and ERD/ERS ate based on analysis of spontaneous brain activity while ERP

on cortical responses to events.

Brain Rhythm

Human brain has various different rhythmic activities according to the different fre-
quency range. Typical rhythmic activities include delta, theta, alpha, beta and gamma
rhythms. We indicate the relationship between the rhythms and frequency ranges in ta-
ble 1.2. In Figure 1.5, an example for these brain rhythms [25] is illustrated.

In this thesis, we only concern the alpha (mu) and beta rhythms because they will react
to the imagination of hand movement which is used as the predefined mental tasks in this

work. The alpha, mu and beta rhythms are described as follows:

1. Alpha rhythm Alpha rhythm is between 8-13 Hz with amplitude mostly below 50uV

for adults. Alpha rhythm is considered as the primary rhythm of normal adult brain.
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Figure 1.5: An example of four brain rhythms [21].

It is frequently seen in occipital areas when people is awake , close their eyes and

under conditions of physical relaxation [45].

2. Mu rhythm Mu rhythm is in the‘aplha frequency band. The main difference between
mu and alpha rhythm is that the mu rhythm 1S usually blocked or attenuate with con-
tralateral movements or the thought’of-a-movement, but not react to eye open or
closing. For example, when executing a movement, the central mu rhythm is desyn-
chronized; however, the occipital alpha rhythm is synchronized. Figure 1.6 shows a
contralateral localized mu event-related desynchronization (ERD) and a occipital lo-
calized alpha rhythm event-related synchronization (ERS) in a right hand movement
task. In the next section we will give an overview of event-related desynchronization/event-

related synchronization ERD/ERS.

During a movement, the elicited contralateral mu rhythm is interpreted as an unspe-
cific presetting, priming of neurons in motor areas. Besides motor-relative tasks, the

mu rhythm can also be induced by a flicker stimulation [41], a reading task [37].

3. Beta rhythm The beta rhythm is defined as a frequency of above 14Hz and below 30Hz,
with amplitude usually being seldom larger than 30uV and irregular. Beta rhythm is
also the background feature of normal adult brain. It can be found over the frontal

and cerebral regions. The central beta rhythm can be elicited when people perform a
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Figure 1.6: The contralateral localized mu ERD and a occipital localized alpha rhythm
ERS in a right hand movement task is illustrated. The topography is at about the movement
execution moment [36].

voluntary movements.

Event-related potentials(ERPs)

Several kinds of internally or externally paced events will result in time-locked and
phase-locked brain signals. Almost all of these kinds evoked activities have a more or
less fixed time-delay to the stimulus.” These time-locked and phase-locked brain signals
are called event-related potentials (ERP) or evoked potentials (EP). ERP can be viewed as
potential changes of the neurons when our brain deal with mental tasks.

Usually the brain signals of a mental task is smaller than the ongoing brain signals, thus
concealed in the irregular and noisy ongoing brain signals. In order to extract the ERPs,
synchronous averaging are performed, implying we have to execute the same mental tasks
more than once. Due to the non-time-locked and non-phase-locked of the noise, after
applying synchronous averaging, most of the noise will be eliminated, therefore enhancing
the signal-to-noise ratio and obtaining the time-locked and phase-locked signals, ERP.

Many various ERPs have been proposed today such as slow cortical potential (SCP),
P300, visual evoked potential (VEP), and steady-state visual evoked potential (SSVEP).
The way to label ERPS is often the latency and the electrical polarity or the type of given

stimuli. An example of the former is P300, representing a positive peak with latency 300ms



10

Introduction

-Tny
’g . top
£ ~= target
S +7nV
=
=
S
@ bottom
tar get
L N | . - " i
0 05 1.0 15 20
Time(s)

Figure 1.7: An example of SCP when the user performs a task that move a cursor toward a
target at the bottom or the top [57].

posterior to the stimulus onset. For the latter, the representative ERP is visual event-related

potential(VEP), elicited by a visual stimulus. Here, the details of these four ERPs, related

to some existing BCI systems, are discussed.

e SCP:

SCPs are the slow voltage changes. of the brain cortex, with a 0.5-10.0s potential
shifts. They are settled in the frequency range below 1-2Hz. SCPs can be divided into
two types, negative and positive. Negative SCPs represent the mobilization or readi-
ness while positive SCPs represent ongoing congnitive and inhibition of neuronal
activity [18]. In 1982, Lutzenberger gave an example that the subject could solve
arithmetic problems faster after producing a negtive SCP [18]. Figure 1.7 shows an
example of the SCP when the user performs a task moving the cursor toward a target
at the bottom or the top. As we see, bottom target often induce positive SCPs while
top target negative SCPs. In this figure, we can also find that the SCP persist many

seconds.

P300:

Infrequent, particular or oddball stimuli in auditory, visual or somatosensory will

evoke the P300. P300 is a positive peak reaching the maximum of about 300ms after
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Figure 1.8: An example of P300 in a oddball visual stimuli experiment. [57]

the stimulus over the parietal Jareas. P300.is commonly utilized in a spelling BCI
system [15,35]. Because the P300'i$ a naive response to an infrequent stimuli, the

user requires no user training to-produce a P300 pattern.

e VEP:

Visual evoked potential (VEP) is induced when the user’s eyes are stimulated by
looking at a test pattern which often is a flashing pattern. To measure VEPs, the

recording electrodes are placed over the visual cortex.

e SSVEP:

The SSVEP is a brain potential changes elicited by a brief visual stimulus modulated
at a specific frequency. The SSVEP is charachterized as an increase in EEG activity

at the stimulus frequency.

Event-related desynchronization(ERD) and event-related synchronization(ERS)

Since Berger(1930), we have known some of our brain signals could block or desyn-

chronize the ongoing brain activity. Because these types of signals are time-locked but not
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phase-locked, we cannot use the simple linear method such as averaging to extract them,
but use frequency analysis.

In 1977, Pfurscheller proposed the concepts of event-related desynchronization(ERD)
and event-related synchronization(ERS). He thought these types of brain signals represent
specific changes of the ongoing brain activity and might consist, in general, of decrease
or of increase of the power in a specific frequency bands. He defined the former as ERD
and the latter as ERS. Different from the ERP, which can be thought as a series of changes
of the post-synaptic response, the ERD/ERS can be considered as the controlling of brain
oscillations.

The ERD/ERS is a percentage value to the power of a predefined interval signals, ref-
erence or baseline period. Usually the reference period is an interval before the target is
performed. The typical algorithm of calculating ERD/ERS, ERD inter-trial variance), 1s
as follows [36]:

1 Specify the frequency bands we.interest and aftésward apply bandpass filtering.
2 Calculate the mean of the filtéred data over-dll trials.

3 Subtract the mean from the filtered data'in'step1.

4 Square the amplitude samples from the preyious step over all trials.

5 Average over time samples from the step4.

6 Obtain ERD/ERS by calculating the percentage relative to the power of the reference

interval.

These steps can be found in Figure 1.9, which indicates the algorithms of calculating
ERP, ERD/ERS. In this figure, there are two approaches we need to take a notice, band-
power ERD and ERD inter-trial variance. Both are used to calculate ERD/ERS. The main
difference between ERD and ERD inter-trial variance is that the latter subtract the mean
of phase-locked signals from the original signals. The motive of performing subtraction
is 7 a phase-locked power increase due to the ERP can mask the non-phase-locked power
decrease(ERD) when the classical band-power method is used.” In Figure 2.2, we present

an example of calculating ERD/ERS.
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Figure 1.10: An example of ERD/ERS. [36]. The mental tasks is imagination of hand
movement. The onset time is at 5s. In the left side two ERDs in alpha and beta band are
illustrated. In the right side, two topographies are plotted with respect to at 5.5s and at 8.5s.

ERD/ERS can emerge when performingra movement or a thought of movements, per-
ceptual, judgement task. For example, Figure 1.11 shows-the ERD/ERS in mu bands. The
data was measured over the position C3,;Cz, C4 for performing hand motor imagery. The

contralateral ERD can be found easily:in this figure.

1.3 Brain-computer interface

As we mentioned, BCI was defined as a communication system not depending on the
brain normal output pathways of peripheral nerves and muscles in the first international
meeting in 1999. Similar to any communication system, a BCI has inputs, outputs, trans-
formation elements, and a protocol that determines its operation. A user control a devise,
such as a computer, by performing some predefined mental tasks. The association between
mental tasks and machine action is determined by the univocal identification of the system

after a series of processing.

Today, the BCI researchers design a BCI system based on two approaches, pattern

recognition approach and operant conditioning approach.
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Figure 1.11: Show the ERD/ERS in mu and beta bands for a motor imagery experiments.

The left plot and right plot are mu ERD/ERS and beta ERD/ERS respectively. Onset time
is at 3.25s. After onset, the mu and beta contralateral ERD are elicited.

Pattern recognition approach:

This kind BCI system:is based on classification with different cognitive mental tasks
which are often predefined.:Some-brain hemispheric specialization studies have been
used when choosing mental tasks, which.suggest that the left hemisphere usually in-
volves in verbal and other analytical functions and the right hemisphere in spatial and
holistic processing. Commonly used mental tasks in current BCI systems include
motor imagery, arithmetic, visual, spatial operations. In order to produce different
and discriminable EEG patterns, the mental tasks should be carefully chosen to acti-
vate different parts of the brain. For example, the imaginaiton of the left hand would
activate the right motor cortex while imaginaiton of the right hand the left motor

cortex.

After determining mental tasks, a user will perform more than once these mental
tasks to train a classifier used to recognize his wish. This classifier is built based on
the technology of pattern recognition.

Operant conditioning approach:

The principle of operant conditioning approach based BCI systems is based on self-
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regulation. In other words, we train a user to control the BCI systems by regulate his
brain signals. Today, this kind of BCI systems is designed to self-regulate the brain
rhythms or SCPs described in section 1.2.3. In order to achieve self-regulate these

specific brain patterns, there are three important issues should be concerned [27].

1 Real-time feedback of the specific EEG activity.
2 Positive reinforcement of correct behavior.

3 Individual shaping schedule in which progressively more demanding tasks are

rewarded.

It will takes a long time to train a user to achieve self-regulation, that is why the
operant conditioning approach based BCI is not the main stream today. However,
the recognition of a user’s intentions in the system is more easier than that in a
pattern-recognition BCI. Unlike the complex algorithms of training a classifier of
the pattern-recognition-based BClIs, byssearching:for some specific changes such as
amplitude, power in a narrow: frequency band, or phase, the different mental tasks

are distinguished in operant-conditioning-based systems.

The section focuses on giving an overview of:a BCI system. First we will illustrate

the BCI’s components based on pattern-recognition approach. Afterwards, we will address

the principles of categorization of BCI systems. In the next chapter some examples of the

different BCIs to date are given.

1.3.1 Components of brain-computer interface systems

As we see in Figure 1.12, a BCI consists of several processes or procedures. These

processes include six stages as follows:

e Measurement of EEG:

A typical EEG device consists of several components. These include electrode cap,
EEG amplifier, computers and screens. In additions to the electrodes on the cap, we

still need to place the electrodes around the eyes to measure EOG. In some situations,
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we may also want to measure movement artifacts by means of some EMG channels.
In preprocessing step, these additional electrodes will be used to perform artifact

removal.

When measuring the brain signals, since the skull and the scalp cause smearing of the
cortical signals, that is also called head volume conductor effect, the electrodes will
be contaminated, thus containing relevant information. In order to reduce or correct
the influence, in some BCI systems,the spatial filters as we will mention in Chapter 4
will be applied. These spatial filter can not only correct volume conductor effect but

also make signals reference-free.

Signal preprocessing:

The goal of the stage is to enhance the signal-to-noise ratio. Typical procedures in-
clude amplification, filtering, possible artifact removal. For the filtering, the bandpass
filtering is usually applied. In addition, a noteh filter is also used to suppress the 60
Hz power line interference. As for the artifact.removal, almost all BCIs rule out the

signals if the EOG or EMG is-detected to-be used or over a predefined threshold.

Feature extraction:

In this stage, certain features are extracted from the preprocessed signals. ERP,
ERD/ERS and brain rhythms are typically used features in a BCI system. Besides the
above features, various feature extraction methods have been studied to extract more
discriminative features, such as common spatial filter, continuous wavelet transform,
autoregress model(AR) or adaptive autoregress(AAR) model, power spectrum. All

the above methods can be found in BCI competition 2003 papers.

Pattern classification:

The features extracted from feature extraction are fed to train a classifier. Many
classification methods have been proposed in pattern recognition field. The classifier
in a BCI can be anything from a simple linear model to a complex nonlinear or a
machine learning models. In general, the BCI has two phases, training phase and

testing phase which can be found in Figurel.12. The training phase consists of a
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repetitive process of cue-based mental tasks to train a classifier. In the testing phase,

we use the classifier built in the training phase to recognize different mental tasks.

e Translation algorithm and device control

The goal of this step is to translate the classification output in previous step to an
operator command. The command can be, e.g.,a letter in a spelling system or a
movement of a course on the user’s screen or nothing to be performed when the
classification is “resting” or “idle”. The design of translation algorithm and device

control depends on what applications the BCI want to provide with.

e Feedback and biofeedback

A feedback which make the user more easily adaptive to the system is a very impor-
tant component for a BCI system. A feedback can indicate how well the asked mental
activity was recognized by the system, When the system gives the feedback to a user,
he will create a biofeedback which. is the process that the user receives information
about his biological state By Biofeedback,.the user can monitor his physiological
states, shape his brain electrical behavior, and voluntary modification of his EEG
response. Today, nearly all' BCI'systems provide a feedback to users. Among all

feedback interfaces the cursormoevement [13,42,56] is mostly utilized.

There is another issue we have to take a note. When we design a BCI system, we must to
decide the experiment paradigm before all the steps we mentioned above. In the thesis, we
are interested in the motor imagery experiment because the brain signals of motor related
mental tasks or real motor movement have more detectable and more discriminative brain
patterns. Besides,in the thesis, we only focus on the first five steps because these parts have

direct influence on the performance of a BCI system.

1.3.2 Categorization of brain-computer interface systems

Invasive and non-invasive systems

We have mentioned the non-invasive brain monitor techniques in section 1.2.2. The

BCI systems based on these techniques are non-invasive BCI systems and among
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these techniques, EEG is the most suitable for a BCI system. The “non-invasive”
means we don’t have to directly record the brain activity by putting the electrodes into
the brain, in which the user will be at medical risks. Therefor, the non-invasive BCI
is less debatable. One of the disadvantages of the non-invasive BCI is the influence
of the volume conductor effect, thus the quality of electrodes containing other noise
overlapping the brain activity. Another disadvantage is that the signals we measuring
in a electrode are the activity of myriads of neurons from different areas which may

not be what we interest [10].

On the contrary, for the invasive BCI systems, we have to put the electrodes into
a user’s skull to monitor the brain directly. This is the main drawback of invasive
BCI systems. The other disadvantage of the invasive ones is that the quality of the
signals decades over time. In order to correct the influence, usually new surgical
interventions and implants are required., However, the signals in a invasive BCI is
of higher signal-to-noise ratio for the signals eliminate contamination by volume
conductor effect, muscle artifact. Chaoin-and Gaal [6, 7], Kennedy’s group [39,40]
are of this type.

Due to the medical risks, present-day almost all.of the BCI systems are non-invasive.

Pattern-recognition-based or operant-conditioning-based BCI systems

We have addressed concepts of pattern recognition approach and operant condition-
ing approach in the previous section. The pattern-recognition-based BCI is based
on cognitive mental tasks while the operant-conditioning-based BCI is based on the
self-regulation of the EEG response. BCI based on ERPs beside SCP, ERD/ERS
are of the former type. Examples are Farwell and Donchin P300 based BCI, Graz
ERD/ERS based BCI. For the latter, the representative work is Wolpaw p-rhythm
BCI [42] and Birbaumer [2].

Synchronous and asynchronous systems

In a synchronous BCI, the user is notified to perform a mental activity when a specific

external cue is shown. That means this kind of system operates in a cue-paced mode



1.3 Brain-computer interface 21

and has the information about the onset of the mental activity in advance. The analy-
ses and classification of the brain signals in the system is limited to the predefined
fixed time period. Besides, the system is active only during the predefined period
as well. BCI systems based on evoked potentials and ERPs belong to this category,
such as P300 [3,11], SCP [4]. Besides EPRs, the BCI developed in Albany [55] and
Graz [17] that analyzed the spontaneous EEG are also synchronous BCls.

The BCI that a user can intend a mental activity whenever he wishes to perform
such mental activity is an asynchronous BCI. In the asynchronous BCI, the brain
signals are analyzed and classified continuously. We have to not only classify from
the redefined mental tasks but also discriminate events from noise and nonevents
such as resting or idling states. Such a BCI system is more flexible and attractive to
be utilized in practice. Besides the above advantages, it also offer a rapider response
time than synchronous ones:” However, the classification in an asynchronous BCI
system is not accurate enough-téday. Present-day this kind BCI systems include low-
frequency asynchronous switch design (LI'-ASD) [28], and Graz 2004 [51], adaptive
brain interface(ABI) [8].

Online and offline BCI systems

The ”online” means that the all processing of the BCI should be done in real-time or
at least close to it. It is imperative when training a user to adapt to the BCI system
because only in online mode, the system can provide feedbacks. The feedbacks make
it possible for a user to monitor his physiological states and correct his behavior. For
the offline BCI system, the aim is to evaluate a model to classify different mental
tasks well. When training a classifier, the cross-validation test is often performed.
Usually the model evaluated in the phase is then taken as the blueprint of the same
kind online BCL.
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1.4 Thesis scope

There are some problems making it hard to analyze EEGs. We list them as follows:
1 EEG signals are of very small amplitude and very sensitive to external noise.
2 The sample dimension of EEGs is very high.

3 User-generated artifacts may contaminate and smear the brain signals and even result

in misleading conclusions regarding the real controlling skills of a user.
e The brain pattern may seriously vary over trials.

All of them hinder the analyses and make it difficult to obtain high recognition accu-
racy in a BCI. Indeed, in a pattern-recognition based BCI, the four factors will obstruct
the extraction of discriminative features to distinguish these mental tasks. It will be more
obvious when analyzing in an asynchrénous BCIL.To overwhelm these obstruction, first
we enhance the SNR of EEGs by removing the-external-artifacts and user-generated arti-
facts. Then some techniques have to be applied to reduce the sample dimension and extract
features to distinguish these mental tasks.

In the thesis, we consider the asynchronous BCl'system with two mental tasks, imag-
ination of left and right hands movement. In other words, we will classify three classes
including two predefined active events and one for the idling state. The objective of the
work is the development of an accurate recognition in an asynchronous BCI system. We
focus our attention on how to overcome the above obstruction and how to build a better

recognition model to distinguish the three classes well.
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Survey of brain-computer interface systems

In chapter 1, we have mentioned that a BCI is a communication system which allows

the user to control a device depending on only his thought, without through brain normal

output pathway and muscles. We also have gave an overview of BCI system in section 1.3.

In this chapter, we will first describe various EEG-based BCI systems today in section 2.1.

Then we will do some comparisons between these existing BCI systems in section 2.2.

Finally, in section 2.3, we discuss the limitations of BCI systems.

2.1 Brain-computer interface systems today

Present-day BCls falls into various groups based on what kind of EEG signals they use.

As we discussed in the previous chapter, the brain signals used in BCIs can be divided into

the three classes:

e Brain rhythm:

— mu or alpha rhythms:

Mu and alpha rhythms both ane 8512 Hz spontaneous signals, but mu rhythm
is associated with motor relative activities while alpha rhythm with sleep, eye
closing and relaxing. In the othethand, mu rhythm is often emerged in the sne-
sorimotor cortex; however, alpha rhythm is appeared over the occipital cortex.
The BCI developed by Wolpaw and his colleagues training a user to control a
system by self-regulating his mu rhythm amplitude [56] is representative work
of this type BCIL.

- SCP:

SCP is the slow voltage changes of the brain cortex, having a 0.5-10.0s potential
shifts and settled below 1-2Hz. Usually negative SCPs represent the mobiliza-
tion or readiness and positive SCPs represent ongoing congnitive and neural
performance or inhibition of neuronal activity [18]. It have been shown that

individual can control the movement of a cursor on the computer screen after
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trained to regulate his SCP. BCI developed by Birbaumer [2] belongs to this
type.
— P300:

Infrequent, particular, or oddball stimuli in auditory, visual or somatosensory
will evoke the P300 over the 300ms after stimuli onset. The P300 is usually
used in a spelling BCI system [15, 35]. Because the P300 is a naive response
to a particular or oddball stimuli, the P300-based BCI requires no user initial

training.

— VEP and SSVEP : A brief or flashing visual stimuli will evoke VEPs over the
visual cortex. Sutter [48,49] uses VEPs to determine the user’s direction of
looking or grazing in a matrix of flashing stimuli on the user’s screen. The
system of Sutter classifies the brain signals when a flicking stimuli is shown to
the user. SSVEP is alseused to build a BCI system. There are two approaches
to design a SSVEP-based:BCl: One, is that the user is trained to control his
SSVEP’s amplitude. to exert operator action. The other is to provide multiple
SSVEDPs to control the BEI'system [31]. The former needs a user training but
the latter not. Sutter’s BCI system-and Middendorf SSVEP-based BCI are the

representative works based on, the two brain patterns.

e - ERD/ERS:
The typical BCI based on ERD/ERS is the Graz BCI. The system discriminates

the motor relative tasks, such as imagination of hands or feet movement, rely-
ing on ERD/ERS. When we perform motor relative tasks, the amplitude of the
contralateral ERD over the sensorimotor is stronger than taht in the ipsilateral
side. Depending on the amplitude of ERD/ERS, the system can classify the

user’s intend.

An overview of present-day BClIs can be found in Figure 2.1. The figure are organized
in seven subfigures, A~G. In this figure, ’A’ indicates the demanded equipment in a BCI
system, including user’s screen, EEG amplifier and scalp, a computer recording EEGs. In

"B’, the electrode placement are illustrated. Electrodes with color black, green, red and
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blue are associated with different BCI systems with respect to P300-based BCI "C’ and
ERD/ERS-based BCI ’D’, mu-rhythm-based BCI "E’, SCP-based BCI °F’, and SSVEP-
based BCI 'G’.

The details of these BCIs based on the above brain signals will be described in the

following sections. We will deal with the following BCI systems:

e Farwell P300-based BCI, (C) in Figure 2.1

Graz ERD/ERS-based BCI, (D) in Figure 2.1

Wolpaw p-rhythm BCI, (E) in Figure 2.1

Birbaumer SCP-based BCI, (F) in Figure 2.1

Middendorf SSVEP-based BCI, (G) in Figure 2.1

2.1.1 Farwell P300-based brain-computer interface

Farwell [15] proposed a spelling BCI system in 1988 based on P300 EEG signals. EEGs
are usually recorded over the parietal ‘areas in the system.

A user faces a screen that display 6X6 "matrix, consisting of letters, numbers or other
symbols, shch as the right top corner in Figure 2.1 (C). One raw or column chosen randomly
flashes every a predefined fixed time and each raw and column will be flashed twice in a
complete trial. The user is asked to select a symbol in advance and focus his attention on
it, simultaneously counting the numbers of times that the row or column containing the
symbol is flashed. This is a oddball paradigm which will elicit a P300 over 300ms after
stimulus onset. When the raw or column contains the selected symbol is flashed, the user
will produce a larger P300 response, compared to other raws and columns. This can be
found in Figure 2.1 (C), showing an example of these P300s induced by target and non-
target stimulus.

As we mention in the previous chapter, the P300 is a ERP, detected by averaging the
EEG signals over many trials. After applying artifact removal and filtering, averaging is

performed to each raw and column to measure the P300 amplitude. The amplitude of
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Figure 2.1: An overview of BCI today. A’ indicates the demanded equipment in a BCI
system, including user’s screen, EEG amplifier and scalp, a computer recording EEGs. In
'B’, the electrode placement are illustrated. Electrodes with color black, green, red and
blue are associated with different BCI systems with different BCI systems with respect to
P300-based BCI (C) and ERD/ERS-based BCI (D), mu-rhythm-based BCI (E), SCP-based

BCI (F), and SSVEP-based BCI (G). [27]
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the raw or column containing the desired letter is much larger than the others (see in Fig-
urefeffg:P300). The BCI then determines the user’s intend by means of the P300 amplitude.
For example, if the selected symbol is "B, "R”, ”A”, ”I”’, ”N”, then after each block the
fixated letter is added to the screen so that user is conscious of slowly spelling out the word
“BRAIN” through a succession of five blocks [46].

In Farwell [15] system, the user can communicate at a rate of 2.3 letters/min, after
training a user for a few sessions, with accuracy rate about 95%. Since 1988, the P300-
based BCI today can yield a communication rate of one word( about 5 letters) per minute.
In related work, the P300 is recorded in a virtual environment [23], suggesting that a single-
trial P300 amplitude may be used to control environment.

The drawbacks of the BCI is:

e The system is very slow because first the user must wait for visual stimuli presen-
tation. Second, we need to perform average over many trials to detect the P300

response.

e A user may be fatigued for the flashes in the'systemni.
The advantages of the BCI is:

e P300 is naive, thus requiring no initial-user traming.

e The accuracy is high.

2.1.2 Graz ERD/ERS-based brain-computer interface

In 1977, Pfurscheller proposed the concepts of event-related desynchronization(ERD)
and event-related synchronization(ERS). He addressed that the contralteral ERD at mu and
beta band is induced during a movement or imagination of a movement. He utilized this
phenomenon to develop a BCI system based on the mental tasks of imagination of a move-
ment, which usually are imagination of hand movement. The changes of mu ERD/ERS and

beta ERD/ERS in a movement related task are described as follows:

mu ERD/ERS : Pfurscheller argued that voluntary movement will elicit a circumscribed

ERD at mu band, localized over the sensorimotor areas. For example, during a hand
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movement, the contralateral mu ERD is started 2s prior to movement onset and be-
comes symmetric bilaterally immediately before the movement execution. After ex-
ecution of the movement the central region induces a localized mu ERS [36]. Fig-

ure 2.2 shows these changes in topography mapping.
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Figure 2.2: Show the changés of ERD/ERS in a right hand movement. In the left side, the
alpha(mu) and beta ERD/ERS of the task in electrode C3 is given. In the right side, the two
topographies shows the ERD/ERS changes for an interval at the movement execution(A)
and at the post-movement recovery period. We can see the localized ERD over contralateral
sensorimotor areas and a ERS in'the occipital, both at 8-12 Hz. After the movement, the
contralateral mu ERS is induced [36].

beta ERD/ERS : The beta ERS is found 1s posterior to the movement completion over
the sensorimotor areas. In a right hand movement imagery, for example, during
the movement execution, a simultaneous contralateral beta ERD and ipsilateral beta
ERS is occurring. After the termination of movement, a contralaeral beta ERS is

appearing. See these changes in Figure 2.3.

The system use these above phenomena of ERD/ERS at mu and beta band to detect the
user’s wish. The type systems present-day are based on performing different motor imagery
tasks, almost left and right hand motor imagery as the command to control a devise. The

feedback of the system often is a cursor movement controlled by the magnitude of the
ERD/ERS.
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0.5s before 3.5s after l
onset time onset time  ERS

Figure 2.3: In a right hand movement imagery experiment, during the movement execution,
a simultaneous contralateral beta ERD and ipsilateral beta ERS is occurring (left side).
After the termination of movement, a contralaeral beta ERS is appearing(right side). The
signal was measured in C3 [36].

Research up to date focus on how'to classify the different motor imagery tasks. Ap-
proaches include using other featurés, such as performing common spatial filtering(CSP),
autoregressive model(AR model), wavelet transformation; There are studies aimed at dis-
cussion of the classifier such as support vector-machine(SVM),linear discriminant analy-
sis(LDA), learning vector quantization (LVQ):

Future work in the system is to develop an asynchronous BCI system based on ERD/ERS.
In 2004 they have proposed a simulation of asynchronous BCI system [52].

The drawbacks of the BCI is:

e The system may be slow because the interval between two successive trials lasts
about some seconds for the event-related changes of brain activity need time to de-

velop and recover.

The advantages of the BCI is:

e The time of training a user to controlling the system is short.

e The recognition accuracy is high.
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2.1.3 Wolpaw and MacFraland u-rhythm-based brain-computer in-

terface

The system proposed by Wolpaw and MacFraland use the recorded brain rhythms to
control the cursor movement. This system is based on a self-regulation of the mu or beta
rhythm amplitude over sensorimotor areas. That means this is an operant conditioning
based system.

In the one-dimensional mode, targets are located in the top or bottom edge of the screen
and the user has to put the cursor to hit the targets vertically. Simultaneously the cursor
move horizontally from left to right in a predefined fixed rate. In the two-dimensional
mode, targets can appear anywhere of the screen and the user must move the cursor both
vertically and horizontally. The cursor movement is usually determined by the amplitude
of the mu or beta rhythm, or both. For example,in [29], the cursor movement is a linear
function of mu rhythm amplitude., Usually. the amplitude increase of rhythms will move
the cursor to the target at the top, whilesdecrease will cause the cursor to the target at the
bottom. Figure 2.4 shows the interface of.cursor-movement in the system. In Figure 2.4,
there are two parts, one for 1-dimensional and the-other for 2-dimensional.

Usually power spectrum 18-applied to analyze'signals. As see in Figure 2.1 E, top target
will lead to a sharp peak at mu band while the bottom to a smooth curve. By means of
this phenomenon, the system can recognize the user’s intent between top target or bottom
target.

Two important issues will influence the system performance. One of them is the targets
number while the other is the rapidity of horizontal cursor movement. A greater number of
targets and a faster movement will lead to a higher performance [29].

The users usually have to learn over a series of 40 min sessions to control the system.

The procedures of training a user to achieve self-regulation are [57]:

1. In the initial sessions, the user is asked to perform motor imagery tasks to control the

cursor movement. The imagination is done by thinking all the details of the action.

2. After step 1., the user now is required to move the cursor like they perform conven-

tional motor acts yet without any thinking about the details of the action.
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Figure 2.4: Mu rhythm based BCI developed by Wolpaw. The (A) is one-dimensional
target task and (B) is the two-dimensional target task. (1) one of the targets and the cursor
are present on the screen, (2) the cursor begins to move across the screen with its vertical
movement controlled by the user, (3) the target flashes when it is hit by the cursor, (4) the
screen is blank for a brief interval, (5) the next trial begins. [29].

The drawbacks of this system is that:

e 1. This is an operant conditioning based BCI, so it need a long time to train a user.
In addition, in several papers-examined, it appears-that not all subjects can achieve

self-regulation.
The advantages of this kind BCI is that:

e The system will have a good performance about 80-95% to control the cursor move-

ment if a user is completely trained.

2.1.4 Birbaumer SCP-based brain-computer interface

This BCl is also called thought translation device proposed at the University of Tbingen
in Germany. TTD is an another operant conditioning based BCI. The user is trained to
control the BCI system for a long time by means of self-regulating his SCP amplitude.
The SCPs can be extracted after performing filtering, artifact removals. Depending on the
amplitude of the user SCP, his intent is determined. This system has been employed to
some ALS or patients with paralysis in their home or nursing home [27]. classify the user’s

intend
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In the system, the user faces a screen and choose to move the cursor to the top or the
bottom on the screen by controlling his amplitude of SCP. The vertical movement of the
cursor is decided by the amplitude of measured SCP. An example of a interface used in
SCP-based BClI is given in the right corner of Figure 2.1 (F). In this BCI system, the user
choose to move the cursor to the top or the bottom on the screen by regulating his amplitude
of SCP. The vertical movement of the cursor is determined by the amplitude of his SCP. As
illustrated in Figure 2.1 (F), usually a positive SCP will lead the cursor to the bottom target
while a negative SCP to the top target. The cursor movement, feedback in the system, is
necessary in order to let the user be able to reinforce his SCP whenever. The final selection
made by TTD is highlighted in the top or bottom on the screen.

language support program(LSP) is a technique which can be incorporated into TTD.
By means of LSP and TTD, the users can choose a letter or word by a series of binary
choice. The performance of LSP and TTD cause a 65-90% accuracy and transfer rate 0.15-
3.0 letters/min. The future work-6f the system is to increase the performance by using the
predictive algorithm.

The drawback of TTD is-that:

e 1. This is a operant conditioning based system, so it also takes a long time to train a

user to fulfill self-regulation,
The advantages of TTD are that:

e The system will have a performance about > 75% to control the cursor movement if

a user is completely trained.

e The SCP pattern is well understood based on the neurophysiological basis and is

universally presented in cortical cells [27].

e The rule to train a user how to self-regulate SCPs have been known [33].

2.1.5 Middendorf SSVEP-based brain-computer interface

SSVEP is a response to a visual stimuli at a specific frequency. The SSVEP is charac-

terized as an increasing in EEG activity at the stimulus frequency. The EEGs are recorded
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over the visual cortex. One of the typical visual stimuli is the black and white checkboard
pattern, as plotted in right top corner of Figure 2.1 (G), which is am example of a interface
of the SSVEP-based BCI . The analyzed signals in Figure 2.1 (G) is the amplitude of the
bipolar SSVEP over Ol and O2 electrodes. As we can see in this subfigure, if the left
checkboard pattern is modulated at 20 Hz, a high peak at 20Hz will be elicited, while if
the right checkboard pattern is modulated at 17 Hz, it will lead to a high peak at 17Hz.
The system in this figure can determine the user’s wish depending on the power at the spe-
cific frequency which the stimulus are modulated at. The other commonly used stimuli is
a white fluorescent tubes that are luminance modulated at 13.25Hz and mounted behind a
translucent diffusing panel as the visual stimuli [30,44].

The feedback in the system is a horizontal light bar to present the amplitude of SSVEP.
There are two approaches to develop a SSVEP-based BCI. In one way, the user is trained to
control the amplitude of his SSVEP. In the other, multiple SSVEPs are provided to control
the system. The former is based on operant conditioning approach, while the letter is based

on pattern recognition approach respectively:

e operant conditioning approach SCP-based BCI

There are some thresholds, adjustable for-individuals, used to determine the control
command. In a binary command Systems-two thresholds are employed to decide the
command. Typically, if the VEP magnitude is above the upper threshold in a specific
time, then one control is generated while if below the lower threshold, the other
control is generated. When this system is combined with a simple flight simulator.
For example, when the user’s SSVEP is over the upper threshold, which is 75% of the
samples, in a one-half second interval, the simulator will roll to right in one degree.
On the contrary, when the user’s SSVEP is below the lower threshold, the simulator

will roll to left in one degree.

In the combined system, it needs about 30-min user training to achieve some level of
control. For a trained operator, there are 80-95% accuracy to roll the simulator to the
correct direction. The SSVEP-based BCI in flight simulator is shown in Figure 2.5
[5].

The drawbacks of this kind BCI is that:



2.1 Brain-computer interface systems today 35

Device
Control
Algorithm

Lock-In
Amplifier

A

High Gain
Amplifier

A J

Evoking
Stimulus

13.25 Hz

SSVER Feedback
and Roll Commands

Figure 2.5: A SSVEP-based BCI and the flight simulator [5] are shown.

— 1.How to train a user to.accomplish the self-regulating has no clear and definite

principles.

— 2.The system assumes the user is always looking at the screen. But in fact the

flashing visual stimuli will easily fatigue the user.
The advantages of this kind BCI is that:

— The recognition rate is better than the current systems and may be used by a

user with sufficient eye control.

e pattern recognition approach SCP-based BCI This kind of BCI is much like the Sut-
ter VEP-based BCI [49]. In the system, the task is to select various virtual buttons on
the screen. The user choose the desired button by looking at it. There are two stimu-
lus differentiating at the frequencies to generating two different SSVEPs. When the
user gaze at the virtual button, the SSVEP is increasing at the button’s modulation

frequency. That is the SSVEPs is characterized by an amplitude increase at the stim-
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uli’s frequency. The system is also using the amplitude of the different SSVEPs to

determine what button the user is looking.

The drawbacks of this kind BCI is that:

— 1.The system assumes the user is always looking at the screen. But in fact the

flashing visual stimuli will fatigue the user easily.
The advantages of this kind BCI is that:

— The recognition rate is better than the current systems and may be used by a

user with sufficient eye control.

— The user training is shorter.

2.2 Comparisons of brain-computer interface systems

Several features of existing BCL.Systems are compared in Table 2.1

2.3 Limitations of brain-computer interface systems
Here, we discuss some possible limitations in a BCI system [27]. These include:
e Habituation

Interference and distraction

Impaired visual system

Instability of EEG signals

Variability of a specific brain pattern
e Relation of users and brain patterns

Not all above limitations are present in all BCI systems.
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Table 2.1: The comparisons of BCls.

System. Farwell Graz Wolpaw Birbaumer | Sutter Middendorf
Training Time Minutes 2-2.5 15-20 ses- | Months 10-60 min. | 6 hours
hours sions
Transition Rate 2-3 let- | ? 20-25 ? 10-12 ?
ters/min. bit/min words/min.
Accuracy 95% 90% 80% > 75% 95% 80%
Interface 6X6 sym- | cursor cursor cursor 8X8 sym- | flight sim-
bols movement | movement | movement | bols ulator
Control signals P300 mu  and | murhythm | SCP VEP SSVEP
beta
ERD/ERS
Electrodes PZ C3,C4 C3,C4 Cz 01, 02 01, 02
Operant or pattern- | N N Y Y N Y/N
recog.
Feedback Y Y Y Y Y Y

2.3.1 Habituation

Researches about the relation of habitation and P300 have been proposed [9, 24, 38,
47]. These studies argue that the P300 event-related potential is well-known to habituate
after a large number of repeated presentation of oddball paradigm trial blocks because the
updating of the stimulus environment neural model becomes automated. The habituation
will lead to a declined amplitude of P300, with no changes in the latency, for both auditory
and visual, olfactory oddball stimuli. Therefore, for the P300-based BCI system, it have
the possibility to crash the system when the habituatiob results in such a seriously declined
P300 that the system can not recognize P300 signals. The habituation may be happened
even for other EEG response elicited by external stimuli, such as VEP and SSVEP.

However, for the self-regulation based BCI systems, the long training period is well-

known. It reveals that for this kinds of BCI system, the habituation will not influence the
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corresponding brain responses. The EEG responses remain the same for weeks, months or

years.

2.3.2 Interference and distraction

When the user have to communicate with the world by the system for a long time,
interference and distraction may be the potential problems. For example, in the P300-based
spelling system, if the user wishes to spell some sentences, he has to concentrate not only
on the raw or column containing the target symbol and simultaneously count the number
of the occurrence of such raw and column but also on the characters, words, sentences to
be communicated. On the other hand, in ERD/ERS-based BCI or SCP-based BCI, the user
has to perform the different mental tasks as well as to pay attention to the movement of the
cursor or on the feedback. In all the above BCI systems, interference and distraction may

have the possibility to lead to a low performanceisystem or even a failed system.

2.3.3 Impaired visual system

This problem is occurred when the. BCI'Systém’is based on visual event-related poten-
tials. There are two issues leading to the problem. For one thing, as we have mentioned in
section 2.1.5, the user have to fixate the visual stimulus, which is usually a flashing pattern
or flicking pattern, for a long time. Often the users are easily fatigued by such kinds of
stimulus. For another, this kind of BCI assumes the user always have to gaze at the tar-
get symbol during a trial. It implies whenever the user move his eyes or close his eyes, a

communication error occurs.

2.3.4 Instability of EEG signals

Instability of EEG signals is a general problem for all BCI systems. When measuring
EEGs, we have to inject conductive jelly into the electrodes, serving as media to ensure
lowering of contact impedance at electrode-skin interface. Usually the conductive jelly will
be dried after two or three hours, resulting in a noisy signals. This restricts the flexibility

of EEG-based system because it can not be used continuously for a long time. On the other
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hand, the amplitude of measured EEGs is so small such that it easily smeared, contaminated

or hidden by other artifacts.

2.3.5 Variability of a specific brain pattern

It is well-known that a BCI system is a user-specific system. For different users, the BCI
system has to be developed associated to its user. However, in addition to the problem of
user-specific property, BCI systems still encounter the problem that even for the same user,
his specific brain patterns, for example the P300s for the same stimuli, is neither always the
same. When this used EEG pattern varies too much over trails , the performance of the BCI
may be low and communication errors happen. For example, in the ERD/ERS-based BCI,
we find that the possibility of that the mu-ERD of a user may occur at 8-10 Hz yesterday
while at 10-12 Hz today is not low. The solution may be that update the BCI system every
time when the user want to use it, yetsitsis.very consuming and meaningless. It is still not

clear how to solve the problem‘today.
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3.1 Experiment paradigm

In the thesis, the dataset we analyzed is experimented as the paradigm showing in Fig-
ure 3.1. A fixation cross is shown on the screen up to 2s and the following is a warning
tone lasting from 2s to 3s. Afterwards, a visual cue, an arrow, is given from 3.00s to 4.25s
to indicate left or right corresponding to a left- or right-hand movement imagination. From

4.25s to 8s, the user has to perform the imagination of hand movement [51].

Task

Beep %

Fixation |Cue

0 1 2 3 4 5 6 7 8 9

> : perform right hand movement imagery
<1 : perform lefttiand movemént.imagery

Figure3:1:

3.2 Datasets

First we concern the datasets DO1 ~ D07 which were made by ourselves following the
above paradigm and a 32 Ag/Cl electrode cap from neuronscan. 32 channels were placed
at the position of international 10/20-system. Signals are digitized at 1000Hz with 32 bit
accuracy. These datasets will be analyzed in Chapter 4. Every dataset of DO1 ~ D07
contains at least 200 trials EEGs. Each trial last 8s.

Besides the signals we made, we also analyze some dataset from BCI competition2003

and 2005 which list as follows.

1. GO1

The 2003 BCI competition dataset of hand imagery from Graz group. There are
140 trails of left and right tasks (total 280). The signals were measured by bipolar
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montage and digitized at 128Hz. In this dataset, only the three channels,C3 ,Cz , C4,

are available. Each trial last 9s.

2. G02~G04

The 2003 BCI competition dataset of IIla. Each dataset contains 4-class EEG data
including motor imagery of left hand, right hand, foot and tongue. We use only the
first two class in the work. The recording were measured with a 64-channel EEG
amplifier from Neuroscan, using the left mastoid for reference, and is digitized at
250Hz. The signals were filtered between 1 and 5S0Hz. For G02, there are 45 trails
of left and right tasks (total 90). For GO3 and GO04, there are 30 trails of left and right
tasks (total 60).

We will use these competition datasets to assess our methods when analyzing an asynchro-

nous BCI system.
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Chapter 4

Single-trial EEG classification
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In section 1.4, we have mentioned that there are four types of obstruction we have to

overcome when we discriminate the user’s intention, including:

1 The amplitude of EEG signals are small and very sensitive to external noise.
2 The dimension of EEG sample space is very high.

3 User-generated artifacts may contaminate and smear the brain signals and even result

in misleading conclusions regarding the real controlling skills of a user.

4 The brain pattern may seriously vary over trials.

In this chapter, we present some methods to settle the above problems when analyzing a
synchronous BCI system. We first discuss signal preprocessing including artifact removal,
bandpass filtering, and some reference-independent filters in section 4.1. In section 4.2,
several important approaches of features extraction covering ERD/ERS, common spatial
filter(CSP), Haar wavelet, Morlet wavelet are considered. These four approaches aim to
extract adequate features to characterize EEGs for different mental tasks, which simultane-
ously reducing the dimension of original sample-space. However, the four analysis taking
oscillation power change, spatial relationy, time and frequency information into account re-
spectively often result in a large number of features and thus a still high dimension data
vector.

Therefore, in section 4.3, two methods of feature selection, t-statistic and forward fea-
ture selection, are used to further refine these features delivered by the feature extraction.
Then we give an overview of support vector classifier (SVC) in section 4.4. Finally, in
section 4.5, some experiments and analyses were done to discuss the influence of these
approaches.

In Figure 4.1, we show a plot to indicate what we will discuss and present in this chapter

and the processing order.

4.1 Signal preprocessing

First, typical types of artifact removal and bandpass filtering are applied to enhance

SNR of EEGs. Afterwards, we present the principles of some spatial filters leading to the
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Synchronous BCI analysis

EEGs of imagination
of hand movement
. Signal
Recognition preprocessing

Support Artifact
vector removal
machine
(SVM) Bandpass
filter
Sectio 4.4 L Section 4.1 Spatial
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(FFS) spatial wavelet wavelet
filter
(CsP)

Figure 4.1: Flowchart. Indicate the processing order and what we will discuss and present
in this chapter. After acquisition of EEGs for different mental tasks, we first apply signal
preprocessing to enhance SNR, discussed in section 4.1. Then four methods of feature
extraction are illustrated in section 4.2 and two methods of feature selection are given in
section 4.3. In section 4.4, The classifier SVC is illustrated to recognize EEGs. Finally
output the classification result, left or right in our case.
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reference-free signals.

4.1.1 Artifact removal

When measuring EEGs, there exists many artifacts generated from the external or in-
ternal environment. The typical artifact of the former is the 60 Hz (or 50 Hz) powerline.
For the latter, the representative artifacts are eye blinking, eye movement, body movement
or muscle artifact and heartbeat. All the four artifacts are unavoidable when EEGs are
recorded.

In this thesis, we deal with the artifacts: eye blinking or eye movement, which is mea-
sured by EOG channels, and body movement or muscle artifact, which is recorded by EMG
channels. For the EOG artifact removal, usually a threshold is given to detect eye blink-
ing and movement. For the movement artifact, a bipolar EMG is analyzed to detect body
movement. When a trial signal is detected. to be with using EOG or EMG, this trial will
be ruled out. The heartbeat can be measured by reserving one channel for ECG. The ECG
artifacts can be suppressed by applying a highpass filter which will be described in the next
section.

The influence of eye blinking, eyje moyement;-heartbeat are shown in Figure 4.2, Fig-
ure 4.3, Figure 4.4 respectively. These figures reflect that higher spikes will be elicited

when these artifacts appear, leading to mistaken EEGs.

4.1.2 Bandpass filter

General processing of this step will include two steps:

e Because the heartbeat is at low frequency, we will apply a highpass filter to eliminate

the influence of heartbeat.

e A notch filter is applied to suppress the powerline artifacts.

Both above steps can be achieved by applying a bandpass filter. Besides these process-
ing, bandpass filter at different frequency band may be applied in different BCIs. In the
work, we will applied a bandpass filter at cutoff 8 and 30 where the motor related mu and
beta ERD/ERS are located.
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Figure 4.2: Eye blinking artifact. This is an example of demonstrating eye-opening (green
triangle) followed by a series of eye-blinking (blue triangle). The EOG in the last two chan-
nel measures these changes of+eye blinking and eye opening. As the figure demonstrates,
multiple channels, especially-the frontal-electrodes, are contaminated by eye opening and
eye blinking. These artifact-usually can bé detected by given a threshold and signals over
the threshold will be excluded [1].

4.1.3 Reference-free spatial filter

As We mentioned in Chapter 1, the EEG measurements are reference-dependent while
we usually prefer reference-independent signals. We will give a brief description about

three commonly used reference-free spatial filters.

1 Common average reference (CAR)

CAR is computed according to

Vearmp =Vi—= Y.V, “4.1)

where NV is the number of scalp electrodes, V; represent the potential of electrode
1. Eq. 4.2 means that the average of all scalp electrodes are subtracted from all

electrodes.



50 Single-trial EEG classification

—
[
I"ecé{y‘ R S P e PP

A ¥

B Vs & S Y et

i/
rr_ah I e W I O, ,-\W,f%-—_%f_ P
Fp2-Ep/ ~ s / 5 P e AT
e m;»f’“"‘"M". /- \ o~ A
P i . VoL
2 R T e et / A
Fe-J4 . = W U ALr Py
B Fad
;'I?:W‘L-.,,,.w’-...nm_, A g AP A o g AP A ras i A V' g T e
T i T R R E e
N
;‘F‘l\ . PR Y [WE LR Sy
P S W o s R,
Epj-E3- gl [P I PR Y [ e e I e
. \/ -
14 v 4
race ~— 4l e A e e r-y_\:pﬁ.‘w_*i(.;ﬂ_ﬁ»,».-—_-\,m-\,. ~
~. (W3
L e e e e L PP RO GRS I SRSV ]
J \ -’
pw,r-l\-\m‘__-.,_,_,w R e P R A N A
Lol " " P
Epz-Fa . e e “\rf".‘ i
o Y /
P B R e PP PR S JF‘PM'M"A-‘H‘-\ ~
I“ '3

[ e e e, § MIBESRNOEEL e S

Figure 4.3: Eye movement artifact. This example demonstrates a series of eye movement
(blue triangle). As the figure presents, many eye movement artifact are elicited in multiple
channels, especially the frontal electrodes, :Fhese artifact usually can be detected by given
a threshold and signals over the threshold will be ruled.out [1].

2 Bipolar reference

Bipolar reference is calculated by 'subtracting the secondary electrode V;, from the

active electrode 1.

3 Laplacian reference

Laplacian reference is calculated as
Vearm =Vi— Y. Va 4.2)
nes(q)
where S(7) is the neighbors of electrode i. If S(i) is nearest-neighbor, then this a
small Laplacian reference. If S(i) is nest-nearest-neighbor, then this a large Lapla-

cian reference.

An illustration of electrode locations with respect to the three spatial filters and ear ref-
erence is shown in Figure 4.5 [20]. Although we provide the three methods to enhance
signals, we only discuss the inference of Laplacian filter and bipolar reference in sec-
tion 4.5 because when analyzing the brain signals of motor related tasks, the two methods

have better performance than others.
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Figure 4.4: Electrocardiogram (EKG) artifact. This figure illustrates the EKG artifacts,
mistaken for intermittent sharp spikés of EKG, in multiple channels, coincident with the
EKG channel in the last channel. The EKG artifacts are indicated by cyan triangles [1].

4.2 Feature extraction

Because the signals of performing the predefined mental task are usually smaller than
the onging EEGs, the signals we interested are concealed in the irregular ongoing signals
and noise. To overcome the problem, we will perform some approaches of feature extrac-
tion to extract the signals we interested. Feature extraction is an important issue in a BCI
system because it has a direct influence on the accuracy of the system. It is also a technique
of decreasing the sample dimension by applying some transformations to each trial data.
How to design the transformation and simultaneously retain the most discriminate features

in a BCI system is a field, attracting many researchers’ interest. Several approaches have

been proposed, such as:

e ERD/ERS
e Common spatial filter

e wavelet transform : Haar
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Right ear reference (monopolar) CAR

Bipolar

Figure 4.5: Electrodes placement of montages: right ear, common average reference(CAR),
small Laplacian filter, large Laplacian filter and bipolar are shown [20].
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e Time-frequency analysis : Morlet

e Power spectrum

In the section, we will focus on all but power spectrum because the power spectrum con-
tains only the information on frequency domain, while the time-frequency analysis can
contain both information on time and frequency domain.

When implementing the analysis of EEGs by means of the four approaches in this chap-
ter, EEGs in the nine electrodes indicated in Figure 4.6, FC3,FCZ,FC4,C3,CZ,C4,CP3,CPZ
and CP4, are used. The nine channels cover the sensorimotor and motor cortex activated

during imagination of movement.

FP1 FP2)

)|®
)|®
)|®

©

1) |Fca Fez) Fea | €T
)| €@
@ Cp3) Cp2) (Cra) | (Fre)
)

® @) (
® @) (
® @) (

@ (

Figure 4.6: EEGs in the nine electrodes indicated in, FC3,FCZ,FC4,C3,CZ,C4,CP3,CPZ
and CP4, will be analyzed by the approaches presented in this chapter.

4.2.1 Event-related desynchronization and Event-related synchroniza-
tion
The concepts and algorithms of ERD/ERS have been illustrated in Chapter 1. For GO1

dataset, the ERD/ERS of two mental tasks, left hand and right hand motor imagery, is
plotted in Figure 4.7
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Figure 4.7: ERD/ERS of imagination of hand movement. The example demonstrates the
ERD/ERS of imagination of left hand and right hand movement. The x-axis and y-axis rep-
resent "time(1/128ms)’ and the ’ERD/ERS value’. The 8-13 Hz bandpass filter is applied to
extract the information of mu band. As we can see, the mu-ERD is contralaterally located
over 3s 4s. In other words, when perform imagination of left hand movement, the mu-ERD
is elicited over position C4 while imagination of right hand movement over position C3.

4.2.2 Common spatial filter

CSP is also called common spatial subspace decomposition(CSSD). The principle of
CSP is to simultaneously diagonalize the two covariance matrices associated with two
classes [16]. Thus the limitation of “CSP is that the most discriminative spatial filter is
possible only to classify two classes. Approaches'of multiclass extension of CSP by means
of pairwise classification and vote are addressed in [26]. In the synchronous BCI , we clas-
sify only the left and right hand motor imagery, two classes, therefore without any problems
of using CSP. However, when in asynchronous BCI, we encounter three-class problem and
have to extent CSP to multiclass.

The algorithm of CSP [32] is as following:

1 Calculate the two covariance matrices, >; and X5, of the two classes.

Sil= 4.3
! trace(V'V*?) *3)
where V' is the raw data of trial i. The size of Viis N x T, presented as N number

of channels and 7" samples in time. The ¢ means transpose.
ViviT

=11 4.4
! zi:trace(V’VZT) 9
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2 Calsulate scatter matrix
g =231+ 3 4.5)
, which can be diagonalize as
35 = BsABg' (4.6)
Here Bg is an NV x NN matrix of normalized eigenvectors, satisfying
BsBs' = Inxw 4.7
A is the diagonal matrix of eigenvalues.
3 Perform the whitening transformation.
D, = WX, W' (4.8)
D; £ WX,W' 4.9)
with
W = \GU2B! (4.10)

D, and D5 have the property of D; +D3 = Iy« n and of sharing the same eigen-

vectors.

4 Diagonalize D, and D».

D, = UV, U
D, = U¥,U’
, with the property ¥, + Uy =1
5 Calculate the projection matrix P
P' = U'W

Apply the projection matrix P! to each V'’ and then get projected data Z' as

Zi — Ptvz

4.11)

(4.12)

(4.13)

(4.14)
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After performing the CSP, we get the projection matrix P*. Select the two most discrim-
inative filter vectors and project them to each trial. This ensures the projected data having
the property that the variance of the projected data contain the most relevant information
for recognizing the two classes [32]. In fact, it makes the projected data of one class hav-
ing the maximal variance while the projected data of the other class having the minimal
variance.

Next projecting is that calculate the log-transformed normalized variance f° pi of the each

projected trial i.

. Z,
[, = 7;}%( )y (4.15)
> var(Z;),
p=1

We will take f, as the features.

4.2.3 Haar wavelet transformation

Wavelet transform is a time-scale analysis and-has thezability to perform local analysis,
implying that analyze a localized area of a large signal. The property is shown in Figure 4.8.
Many wavelet transformations have been proposed such.as Haar, Daubechies, Morlet, Mex-
ican Hat. Here we choose Haar wavelet transformation to process the brain signals because
it is simple and easy to implement; the complexity is lower than other wavelets.

Assume the signals is f{x), then the Haar wavelet coefficient of f{x) at time ¢ and scale s
is
T —1

Wit = [or@e) 4.16)

S

, where () is the length of signal and ¥ () is the basis of Haar wavelet:

1, for0§x<%
U(z)=q -1, for<z<l1

0, otherwise

In Figure 4.9, we show the averaging result of Haar wavelet transformation over all

trials of the data GO1 with 8 scale levels.
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Scale

Frequency

[
Ll

Time

Figure 4.8: The relationship of time and scale resolution in Haar wavelet. Scaling a wavelet
simply means stretching or compresing. Usually there is a correpondence between wavelet
scales and frequency as:

1. Low scale = Compressed wavelet = High frequency

2. High scale = Stretched wavelet:=/Low frequency

4.2.4 Morlet wavelet transformation

Morlet wavelet is also a wavelet transformation but unlike Haar wavelet, it is a time-

frequency analysis. The basis of Morlet wavelet is

_42 )
WF(f,t) = Ae'2?) il 4.17)

The Morlet wavelt has more precise information of signals, but the complexity is a lot

higher than Haar wavelet.

In Figure 4.10, we illustrate the averaging Morlet wavelet coefficients of dataset GO1.
We can also find the contralateral desynchronization at mu band about 3.75s 4.25s such as
Figure 4.7. In effect, these are features that we want to extract in this step because it has

the possibility to discriminate the tasks well.
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Figure 4.9: Haar wavelet

4.3 Feature selection

In some cases, the dimension of feature'space maybe too large to analyze it because the
computational complexity is too high. In other cases, we have the probability to encounter
the small sample size problem when the dimension of signal is far greater than the the
small number of available training samples. In both cases, we must reduce the dimension
of feature space. In this thesis, we apply feature extraction and feature selection to reduce
the dimension of feature components after performing feature extraction.

Unlike feature extraction, feature selection is to discard some elements of a sample
vector or a feature vector. It is to retrieve a subset from the measurement vector such
that this subset is the most suitable for discrimination. How many features are left has no
clear indices, yet it is a tradeoff. When the number is large, the complexity is high. On
the contrary, when the number is small, we may lost information of the samples. We will
find a reasonable subset at the training phase and meanwhile determine the number of left

features.

We will introduce two approaches, t-statistic and feature forward selection(FFS) in the
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Figure 4.10: The averaging Morlet wavelet.coefficients of dataset GO1. The x-axis and
y-axis represents respectively ‘time’ and ‘frequency’. The color represent the coefficient
values. We analyze the data from 4s-to 8s and the frequency range is between 8 30 Hz.
The three rows represent wavelet coefficients over C3, Cz and C4 positions and the left and
right column represent the left-hand imagery task and the right hand imagery task. As we
can see in the figure, after performing Morlét wavelet transformation, we can easily find
the contralateral desynchronization at mu band at about 3.75s4.25s.

following. In this work, we first perform t-statistic to robustly extracted features and then
apply FFS to the outputs of t-statistic to refine the feature subset.

When applying feature selection, we have to define a criterion to measure the discrim-
inability of each features. The criterion associated with the two approaches is different and

will be indicated in each respective section.

4.3.1 t statistic

The t-statistic assesses whether the means of two groups are statistically different from
each other. In Figure 4.11 and Figure 4.12, we show an example of the discriminability

between two groups. As Figure 4.12 displays, the mean and variance determine the dis-
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criminability of the two groups. When the distance of the two means is large and the two

variance are small, it has possibility to discriminate the two group very well.

E R

M ean of M ean of
Groupl Group2

Figure 4.11: An example of 2 groups’ distribution. [22]

Medium discriminability

I I
| |

L ) |
% J1} High discriminability
B X

Figure 4.12: Show the relationship between discriminability, mean, and variance of two
groups. [22]. As we can see, when the distance of the two means is large and the the
distance of the two variance is small, it may be possible to discriminate the two group very
well.

The formula of t-statistic is as follows :

myf — mof

t(Group,”, Group,’) = T (4.18)
(S12”)
where ) )
M2 110 No® + Nooy 41
) = (G + ) N TN, 2 4.19)
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The S152 is the pooled variance between two groups in feature f, m_lf and m_zf , N7 and
N, represent the associated means and sample numbers of two groups in feature f. The
criterion of estimating the discriminability in t-statistic is the value of

[t(Group,”, Group,”)||.

The higher the ||t(Group,’, Group,’)|| is, the more discriminative the feature f is. We
will leave the first m% of the feature and discard the others. The m is determined by the
programmers.

Figure 4.13 shows the t-statistic of Morlet wavelet coefficients of data GO1. We reserve
the first 0.1% (alpha = 0.001) discriminative features, which is the non-zeros value in the
three maps, and discard the others, set to zeros. The higher the absolute value of the t-

statistic is, the more discriminative the feature is.

g Lostatistic _c3 ‘
201 b
10¢ | | 1 1 ]
3 4 5 6 7 8
30F T T Cz T T
201 1
10p 1 1 1 1 ]
3 4 5 6 7 8
30F T T CA' T
5
20+ ' 1 0
-5
10 L ! ! h F ! ]
3 4 5 6 7 8

Figure 4.13: Show the t-statistic of Morlet wavelet coefficients of data GO1. The Morlet
wavelet coefficients have been illustrated in Figure 4.10. We reserve the first 0.1% (alpha
=0.001) discriminative features, which is the non-zeros value in the three maps, and discard
the others, set to zeros. Total 926 numbers of features are left and discard 78562 features.
The higher the absolute value of the t-statistic is, the more discriminative the feature is.
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4.3.2 Forward feature selection

The principle of feature forward selection, also called sequential forward selection, is
very simple. It is a greedy algorithm. At any iteration, feature forward selection always
selects the feature such that when it emerges the selected feature subset in the previous
iteration, the new feature subset can be with the highest discriminability than any other
feature to be emerged into the subset. The algorithm is illustrated as follows:

Assume the feature set is
F= { Jis fas s fa }

1 Using classification technique C and leave-one-out to estimate the recognition error.
Here we use k-nearest neighbor classifier with £ = 1 to determine the classification

accuracy.

2 The first feature s; we select must be the one with the highest recognition accuracy.

That is if the f; is the candidate with the highesttecognition accuracy, we set s; = f;

s {4 )

and

in the first iteration.

3 We emerge picked feature f; with the feature subset

S{ 81,82y 45 Si—1 }

in the previous iteration. Then we get the new feature set
S { 51,825 .4y 55 }

4 Repeat the step3 until we have picked up all features.

Although feature forward selection guarantees that in every iteration, the new selected
feature is the best candidate to emerge the former feature subset such that the error can
be lower than any other one to be emerged into the former feature subset, it cannot ensure
the feature subset we selected is the best features to discriminate these groups. It may be

happened that the combination of the worst discriminative features, yet, is the best features
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to discriminate these groups. However, if we want to find out the best features, we have
to try all the combinations of all feature components. This is very time-consuming and
impractical when the number of feature components is far great. Therefore, in spite of
the possibility of selecting the secondary most discriminative feature subset, the feature

forward selection is still a reliable approach to select features.
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Figure 4.14: After applying Morlet: wavelet transformation and t-statistic, we use forward
feature selection to select two features, f; and f5. This figure shows the distribution of the
dataset GO1 in feature f; and f5. As we can see in the figure, the feature points of the two
groups are discrinimative.

4.4 Classification

What would you do if you were given some data of two groups and asked to classify
them? In fact, this is a problem of pattern recognition. In a classification problem, we often
use the collection of available data to train a specific classifier to recognize them. That is if

we have dataset '

X" ={(xi,y)i=1,...,N} (4.20)
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where x; represent the object ¢ and y; represent the label of x;. Then for the classifica-
tion, a function f(x) has to be inferred from the training data. The function of f(x) in a
two-class classification problem should be constructed to given an estimate label y = f(z)

when given a testing object x.

f:RY— {-1,1} (4.21)

where {-1,1} represents the labels of the two classes.

Table 4.1: The four situations of classifying an object in two-class classification.

Object from target class | Object from outlier class

Assign class target to a object true positive (TP) false positive(FP)

Assign class outlier to a object false negitive(FN) true negitive(TN)

In Table 4.1, we disceibe the foursituations-of'classifying an object in two-class clas-
sification. Usually, the classifier have .to maximize true positive rate and simultaneously
minimize the false positive rate. Today, there-has existed various classification techniques.
In the following we will describe the support vector classifier (SVC) applied to classify

these mental tasks in this work.

4.4.1 Support vector classifier

SVC is a popular classifier. The basis principle of SVC is to find two decision hy-
perplanes such that the margin is largest. The margin is defined as the width of the largest
’tube”, which contains no samples as Figure 4.15. This figure shows an example of a linear
support vector classifier for two classes. The two decision hyperplanes are w2, + b = 1
and w’ z, + b = —1. The linear classifier w” z, + b = 0 is sought such that for all n the

following is satisfied

whz, +b>1if C,=1 (4.22)

wlz, +b< —1if C,=—1 (4.23)
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Figure 4.15: A linear support vector classifier for two classes. The support vector classifier
find two decision hyperplan such that the margin is largest to classify the groups.

We can rewrite the two constrains.Eq."4.22; Eq. 4.23 into:
Crulw’ 235 br> 1 (4.24)

In order to maximize the margin-f{w{}>-should be minimized. Introducing Lagrange

multipiers, «,,, we can obtain the solution of Eq: 4.24 by minimizing L:

1 Ns
L=3lwll,+ > n(Cn(Whzy +b) — 1) an >0 (4.25)
n=1

Set the partial derivates of L to O gives the constraints Eq. 4.26 and Eq. 4.27:

Ns
w = Z O, Crm (4.26)
n=1
Ns
Z apc, =0 4.27)
n=1
Substitute Eq. 4.26 and Eq. 4.27 into Eq. 4.24, we then can obtain the the so-called dual
form :
Ns 1 Ns
L= Z oy, — 3 Z CrnCm OO (2, - 2y, @ty > 0 (4.28)

n=1 n,m=1
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if we apply a transformation ® to all samples, mapping the original data space to a
new feature space which improving the discrinimatity before seeking the linear classifier

w’ 2, + b = 0. This can be represented as:

X' = B(x) (4.29)

Substitute Eq. 4.29 into Eq. 4.28, now we obtain:

Ns 1 Ns
L= Z an =5 Z CnCim O (D(2,) - P(Z,)), v, >0 (4.30)
n=1 n,m=1

We define a new function with two inputs called kernel function:
K(z,,2y,) = ©(z,) - ®(z,) (4.31)

Resubstituting Eq.4.31 into Eq. 4.30 obtain:

Ns N
1
L= E an =5 E CnCon @1 O B (23, 2,7,), vy > 0 (4.32)
n=1 mym=1

Eq. 4.32 seems to replace innet produet-by a more general kernel function, leading
to kernel-based SVM. Various kernel.functions have been expended to the classification
problem. Typical functions are polynomial kernels and Gaussian kernel. The Gaussian
kernel with o] as weighting function, also called redial basis function kernel (Rbf) is

frequently used:
|20 — 20 ’>

K(zp, 2m) = exp(— =

(4.33)

When ¢ is small, the boundary of the classifier is very detailed. On the contrary, when o
is large, the boundary of the classifier is very smooth. Such kernel support vector classifier
is often a non-linear classifier.

The advantages of SVC are :
e The performance is very competitive.
e It’s parameters have a unique global optimum solution.

e When performing a nonlinear classifier, the extra computation is not too much.
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The drawbacks are

e The complexity is depending on the number of samples, not on the dimension of

sample space. When the number of samples is large, it may be not practical.

e SVM is a two-class classifier. When applying to more than two classes, we often use

pairwise methods to handle multi-class classification problem.

4.5 Experiment results

In the section, the approaches introduced in the previous sections were applied to seven
datasets. Here we shows the experiment results of using different reference-free spatial
filters and feature extraction approaches. we will compare the performance of using dif-
ferent combination of reference, spatial filter, and feature extraction approaches. Except
reference spatial filter and feature extraction approaches, all the other processing of the
seven datasets, including artifact removal‘and bandpass filter for signal preprocessing, t-
statistic for feature selection’and finally SVM for:classification, are the same. The results
are illustrated in four tables, Table 4.2, Table 4.3;, Table 4.4 and Table 4.5. We find that the
recognition accuracy of different combination is:

(small Laplacian, Haar) > (smallLaplacian, Morlet) >
(small Laplacian, CSP) > (smallLaplacian, ERD/ERS).

In these four tables, it reveals that ERD/ERS gives the worst accuracy; yet ERD/ERS
should be the very good features for the two mental tasks. In effect, before doing these
experiment analysis, we expected the accuracy of ERD/ERS should be satisfied, at least
not so bad as the analysis result. We tried to look for the reasons and find out that this
may be caused by the bad EEG raw datas. We find that the original raw data vary very
seriously, which may result from the bad acquisition or the bad performance of mental
tasks. Therefore, we can not get good performance if the ERD/ERS pattern of every trial is
so different.

For time-scale and time-frequency analysis, the accuracy is better than ERD/ERS and

CSP. This may be due to that the extracted features has more information than ERD/ERS
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and CSP or that the two analysis approaches can extract better features to distinguish the

two tasks.

Table 4.2: The accuracy of synchronouse BCI classification by suing ERD/ERS.

Subject. | (A1 + A2)/2 | Laplacian | Bipolar
D1 56.43 65.38 51.92
D2 48.00 60.36 51.43
D3 55.00 56.00 51.50
D4 48.89 52.14 55.00
D5 48.00 51.67 49.44
D6 60.56 61.36 55.56
D7 56.67 49.17 56.67

Mean 53.36 56.58 53.07

Table 4.3: The accuracy of synchronouse BCI classification by suing CSP.

Subject. | (A1 + A2)/2 | Laplacian.| Bipolar
D1 67.14 64.29 51.07
D2 51.54 51.54 46.92
D3 55.50 55.00 51.50
D4 48.57 47.86 50.00
D5 71.11 79.44 45.56
D6 46.67 56.82 50.56
D7 67.08 80.83 54.58

Mean 58.23 62.25 50.03

4.5.1 Summary

In this chapter, we present several approaches to analyze EEGs in a synchronous BCI.
In section 4.5, some experiment are done to compare these approaches. Among the various

combination of reference spatial filter and feature extraction methods, the Laplacian filter
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Table 4.4: The accuracy of synchronouse BCI classification by suing Haar wavelet

transformation.

Subject. | (Al + A2)/2 | Laplacian | Bipolar
D1 77.50 85.36 81.79
D2 78.33 88.33 83.33
D3 75.00 90.83 77.92
D4 81.87 94.37 83.13
D5 75.56 84.44 76.11
D6 82.73 88.64 85.00
D7 78.33 87.50 82.08

Mean 78.47 88.49 81.33

and Haar wavelet will give the best recognition accuracy. This is practical when real time

analyzing EEGs for the implementation of Haar wavelet is easy and computation complex-

ity is low.

The contribution of this Chapter is to build a processing module of analyzing EEGs for

the predefined mental tasks, left and right’hand motor imagery. The processing module will

be delivered to the procedures of'analyzing-asynchronous BCI. In next chapter, we give the

details about how to analyzing EEGs in an asynchronous BCI system based on the results

of this chapter.
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Table 4.5: The accuracy of synchronouse BCI classification by suing Morlet.

Subject. | (A1 + A2)/2 | Laplacian | Bipolar
D1 78.93 85.36 82.86
D2 67.31 T1:15 73.08
D3 75.00 72.00, 79.00
D4 62.14 69.29 66.43
D5 77.22 45.00 80.56
D6 67.22 17473 77.78
D7 78.75 82.08 78.75

Mean 72.37 76.09 76.92




Chapter 5

Continuous EEG classification
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In the previous chapter, we have illustrated the approaches of analyzing synchronous
BCI systems and given several experiments to discuss and compare them. In this chapter,
we will take the method with the best performance in the the previous chapter to analyze
the asynchronous BCI classification.

We have already mentioned the obstruction of analyzing EEGs in a synchronous BCI
system. All these hindrance should be overcome in an asynchronous BCI system, also. In
addition to these mentioned problems, there are other difficulties encountered in an asyn-

chronous BCI system. We list them as follows.

I We has no information about when the tasks are performed, thus the analysis should
be continuously performed to detect the onset time of a task. This is very different
from that in a synchronous BCI system, where we only have to analyze the signals

during a predefined period.

2 Unlike the analysis in a synchroneus BCI, we have to not only recognize these pre-
defined mental tasks, but also distinguish event states from nonevent states( /resting/
idle states). That means we have to deal with three classes, two active tasks and one

for nonevents.

3 The high variance of resting states makes-it hard to recognize between active and
resting states because we can not obtain a clear rule to characterize the EEGs of

resting states.

How to settle the three above problems is the aim of this chapter. In this chapter we will
present our classification approaches for an asynchronous BCI system, which is the kernel
of the thesis. This chapter is organized in five sections. First, one-class classification
method is described in section 5.1, which is a technique of data description. We only
illustrate a brief overview of this technique and if necessary, see the all details in [50].
Besides these illustration, the discussion of why we use one-class classification to handle
our problem is given in section 5.1.1. Then, section 5.2 describe the perspectives of the
three one-class classifier used in our work. In section 5.3, we propose a method based on
one-class classifier to recognize the three classes, left, right and resting states. After these

descriptions, we will discuss some important considerations when recognizing EEGs in an
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Figure 5.1: Flowchart of analyzing asynchronous BCI. We have two inputs, the raw EEG
data and the processing module with best accuracy in the previous chapter. Because we
have to continuously process signals, the method of sliding window is imported. These
processed data( /feature vector) will be delivered to a classifier based on technique of one-
class classification to recognize EEGs between these three mental tasks, left/ right hand
motor imagery and resting states.
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asynchronous BCI system in section 5.4. Finally, the experiments of the asynchronous
BCI classification are given in section 5.5. In Figure 5.1, we give a flowchart to illustrate

an overview of this chapter.

5.1 Omne-class classification

The literature has a lot of different terms to be used. The term of one-class classification
is proposed by Moya ( Moya et al.,1993), while the outlier detection ( Ritter and Gallegos,
1997), novelty detection ( Bishop, 1994b) are also used. These different terms originate
from different applications but the kernel of all are one-class classification. In this section
we just give the brief principles of one-class classification while the details can be found
in [50].

In a one-class classification problem,!there ate.two classes, target class and outlier
class. Our task is to give a model to describe the target class and detect which object
belongs to the target class. We first give an example to show the usefulness of one-class

classification and then go about deseribing some perspectives.

We first give an example in the following to give some ideas about two-class and one-
class classification. Given a collection of apples, pears, we are asked to detect apples from
the pears. In this case, the typical solution is to build a classifier based on the conventional
two-class problem to recognize the two types of fruits. This is not a complicated problem.
However, if we are asked to distinguish apples from all the other types of fruits, such as
bananas, plums, guavas ...etc., using a typical classifier to settle the problem seems not
practical. In a conventional solution of the problem, we may built a model for every other
fruits expects apples or build a model to characterize all the other fruits. The former seems
consuming and meaningless. As for the latter, because the properties between all the other
fruits besides apples is so different that we have high probability to obtain a bad model. In
such condition, using the technique of one-class classification to settle the problem seems

very attractive.

We proceed to deal with how the one-class classifier detect a target from the outliers.

In a one-class classification problem, a new object is accepted only when the distance of
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Figure 5.2: Threshold of one-class classification. If the boundary is ’Boundary 1°, then z;
will be detected as an outlier, which is a FN. However, if the boundary is *Boundary 2’,
then many outliers will be detected as a target, which is a FP. Therefore, different thresholds
will result in diferent FN and FP.

the object to the target clasg is smaller'than a threshold 6. The distance function differs
with respect to different one-class classification methods. Much effort has been expended
to develop methods to solve.the -one-class-classification problem. There are three main

approaches: the density estimation; the boundary methods and the reconstruction methods.

As for the threshold, it is the tradeoff between the fraction of the target class that is
accepted, TP, and the fraction of the outlier that is rejected, FN, seeing Figure 5.2. The
threshold 6 is determined by a given fraction f7p of the target class [50], as Eq. 5.1. Using
Eq. 5.1 we can compute a threshold ,.,, on the training set for different f;p, and measure
the frp on a set of example outliers, thus obtaining a Receiver-Operating Characteristic

curve(Metz, 1978).

1
efTP : Nzl(p(xl> > efTP) = fTP (5.1)

where z; € chil"™n9 v/,
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one-class boundary

Target @
Outlier g v o

>

if @ isthe active task, ex. L task; m v o aretheresting states
then, in this case we will tend to build a one-classifier C_L to
detect L task.

Figure 5.3: An example of one-class.

5.1.1 Why one-class classification

There are two main reasons we prefer one-class classifier. The first is that the wide-
spreading distribution of the resting-state due to.the composition of many slight and fickle
ongoing EEGs such as thinking, idling, and fixation. In the situation, it is hard to build a
conventional model to detect resting states well. Second; resting states between training and
testing phases are significantly different. This'is because during testing phase, the user have
to pay strong attention on the feedback and therefore the user is at rather active state despite
of having no actual control intention. In this situation, we think that modeling a classifier to
include resting data may have not much help to solve the continuous classification problem.

Based on the two reasons, we think that if we can build a classifier to positively recog-
nize the two active tasks, implying that the classifier will return zero for nonactive ststes and
one for active states, we have more possibility to deal with the problem well than the con-
ventional methods. Therefore, using one-class classification to handle this problem seems
attractive because the one-class classification always focuses on how to obtain a closed
boundary around only one class (the target class or the active class), seeing Figure 5.3.
This differs from the conventional two-class classification because for the latter, the con-
straint is to minimize the probability of classification error depending on the distribution of

all classes.
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Originally, the one-class classification is used to solve the classification problem when
one class is severely undersampled or even completely absent. The main difference be-
tween one-class and two class is that the former assume only the target class is available.
In the thesis, we expend the one-class classification to settle the recognition of our prob-
lem, although the outliers are available. We viewed the active tasks as target objects while
resting states as outliers. In the section 5.3, we propose one classification methods based
on one-class classifier to distinguish the three classes, left, right and resting states.

In the next section, we describe three one-class classifier, SVM_dd, kNN _dd and SOM_dd
which fall into boundary-based, boundary-based and reconstruction-based method. The
’dd’ here represent ’data description’. We don’t use any density-based methods in this the-
sis because in such methods, it needs a large number of samples; however, the number of

EEQG trials for all mental tasks is relative small.

5.2 Classifier

To estimate a complete density function. of target set needs a numerous samples; how-
ever, sometimes, it can not be.achieved. Tn Such situations, we turn to estimate a boundary
around the target set. The boundary.can be optimized by means of several methods associ-
ated with different boundary-based one-class classification, such as SVM_dd and kNN _dd.

Besides seek a boundary to describe the target set, we can also build a model to fit the
data. This can be achieved by reconstruction methods, such as SOM _dd.

In the following, we will illustrate two boundary methods, SVM_dd and kNN _dd, and
one reconstrucation method, SOM_dd used in this work to discriminate these mental tasks

and resting states.

5.2.1 Support vector classifier data description

Here we use a hypersphere as the boundary around the target set, shown in Figure 5.4,
to illustrate the concepts of SVM _dd. This hypersphere is centered at a with radius k. We

wish the hypersphere can include all target objects. Assume target object is enumerated by
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Figure 5.4: A hypersphere around the target data. This hypershpere is characterized by a
and R, where a is the center and R is the radius. The solid circle represents the target object
and one object x; is outside the boundary.

indices <. Then for a target object x;, this constraint can be written as:
Ix; — al| < R* Vi (5.2)

After introducing Lagrange multipliers and a series of evaluations, seeing details in [50],

we can obtain the final decision rule-thatia new object.z 1s accepted when:

lz—al| < RP=((z-2z)—2>) ez - x;) +Y a(x; - x;)) < R? (5.3)
i ij

where «;, a; is Lagrange multipliers.

As in section 4.4.1, we also introduce the general kernel function and then obtain some
kernel-based SVM_dd classifiers, such as Gausiaan-kernel-based and polynomial-kernel-
based. Using these kernel function can often improve the fit of the data and obtain more
robust boundary. In the following analysis, we will use Gausiaan kernel SVM_dd to recog-
nize mental tasks. The Gaussian kernel has been described in Eq. 4.33. In Eq. 4.33, the
parameter o will influence the fit of the dataset. Given a specific target acceptance fraction

frp, an optimal o can be determined.

5.2.2 k-nearest neighbor data description

This section is organized in two parts, conventional kNN and the kNN _dd based on one-

class classification. We will first introduce the conventional kNN classification technique
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Figure 5.5: One example of kNN with k = 5. In the figure, the five nearest neighbors consist
of two of classl(diamond) and three of class2(circle). Therefore, we assign class2 to the
testing data.

to afterwards bring out the perspectives of kKNN_dd.

k-nearest neighbor

The conventional kNN is of most practical interest because it doesn’t need to estimate
the probability. The principle of kNN is-very simple. We sketch the algorithm of kNN as
follows [53]:

Assume the training data set is Dy,.q;, and use the Euclidean distance to calculate the

distance between two samples. We want to classify a sample y.

1 Find the k-nearest neighbors of y. That means finding the k sample points with the

first k shortest distance to y in Dy;.qp-

2 Let N; is the number of samples found with class C;. Then the class C; will be
assigned to y if V; is greater than other N; where ¢ = 1...K, and K is the number of

these groups.

Figure 5.5 shows an example of kNN with k = 5.
How to choose the value of k is an important factor in a classification system. When k&
is large or the dimension of sample space is great, calculate the distance between samples

is much expensive cost. Besides &, the computation complexity is also depending on the
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Figure 5.6: Three examples of lattice grids: (a)sheet grid (b) hexagonal grid (c) rectangular
grid. For the (b) and (c), the innermost polygon represents the 0-neighborhood, the second
represents the 1-neighborhood and the outmost is the 2-neighborhood [54].

number of samples and on the dimension of sample space. When the number of samples

or the dimension of sample space is large, KNN may be not practical.

k-nearest neighbor data description

Almost all the properties of kNN .dd is the same with the kNN besides the following
two properties.

1. A threshold € is given.

2. In this type classifier, a testing object, z is accepted only when the distance from z

to its first nearest neighbor, N N'r(2), is smaller than the distance from its nearest

neighbor N N'r(z) to its nearest neighbor. That is z belongs to target class if

|z — NN'r(2)|| < (0 x ||[NN'r(z) — NN'r(NN'r(2))||) (5.4)

Beside using the distance ||z — N N'r(z)||, the mean of distances to the k nearest
neighbors or the distance to the mean of distances to the k£ nearest neighbors can be

considered as well. These latter two approaches lead to a more robust classifier.

5.2.3 Self-organizing map data description

As section 5.2.2, we first present the perspectives of conventional SOM and then intro-

duce the principles of SOM_dd. In effect, the main difference between the two methods is



5.2 Classifier 81

Figure 5.7: Update the weight vector and topological neighbors of the BMU such that the
BMU and its topological neighbors move closer to x. The solid and dashed line represent
the situation before and after updating, respectively [54].

the concept of the given threshold in SOM _dd:

Self-organizing map

SOM is an unsupervised neuralsnetwork method. It consists of neurons represented by
a d-dimensional weight vector where d-is the dimension of sample vectors. These neurons
are organized on a regular-dimensional grid. Examples of the grid can be sheet, rectangular
and hexagonal lattice structures as shows in Figure 5.6. In the following, we will give a
iterative algorithm of training SOMs to show how the SOMs organize themselves to cluster

data on the map.

Sequential training algorithm This is an iterative algorithm. First, an object, X, is chosen
from the input data. We select the neuron, ¢, with the shortest distance from x to it.
We call ¢ the Best-Matching Unit (BMU) [54]. After finding the BMU, we update
the weight vector and topological neighbors of the BMU such that the BMU and its
topological neighbors move closer to x. This can see in Figure 5.7. The weight vector

can be updated by:

W, D = Wt a(i)h(t)[x(t) — Wi(t)] (5.5)
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The x(t) is the input data, (i) the learning rate and h(t) the neighborhood kernel
around the BMU c at time .

The neighborhood kernel h(t) weights how much a particular neuron in the grid is
moved toward x. Usually h(t) is a non-increasing function of time and of the distance of

neuron ¢ from the BMU c. An example of h(t) is Gaussian function.

Self-organizing map data description

In SOM_dd, the target objects are represented by the nearest neuron (or protoptye).
Most often the distance is measured by the Euclidean distance. A object will be assigned

target if the distance from it to the target neuron is smaller than the threshold.

5.3 Classifier design

After deciding using one-class classificationitossettle.the problem in this work, we pro-
ceed to consider how to design the-classifier based on one-class classification. There are

two methods to settle the recognition of the three classes,left, right and resting states.

A. At training phase, we first train a one-class classifier to distinguish between all active
tasks and resting states. Then we follow to train a two-class classifier to discriminate
left and right tasks. At testing phase, we first classify the testing data to be active or
resting state. If active, we go on to discriminate the testing data to left or right motor

imagery. See Figure 5.8.

B. At training phase, we train two one-class classifiers. One is to classify between
{left(target), rightandrestingstates(outlier)}. The other is to classify between
{right(target),le ftandrestingstates(outlier)}. At testing phase, we feed the test-
ing data to the two one-classifiers to get ResultA and ResultB. See Figure 5.9. The
testing data will be assigned class ResultC' depending on Table 5.1, named as Cri-

terionl.

We finally choose Method B to analyze EEGs because in Method. A, the performance

of the one-class classifier between resting and active states may be bad. The reason is that
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Table 5.1: The relationship of the(ResultA, ResultB) and final assignment ResultC' in
Method B when classifying an asynchronous BCI.

Left | Resting

Right | Resting | Right

Resting Left | Resting

the target class (the active state) here consists of two types of data , left and right hand
motor imagery. This may lead to a high possibility of a poor fit, arising from the uncluster

of original samples. Thus, we prefer to using B than A to handle our problem.

5.4 Implementation issues

Some considerations have tobe concerned when implementing the analysis of discrim-
ination between the three classes/ Inithis.section;'we will take the following six issues into

account:
1. Simulation (using cue-based signals‘to simulate asynchronous BCI analysis)
2. Sliding window
3. Unbalance features
4. Constraints
5. Three analysis:

6. Using Morlet wavelet

5.4.1 Simulation

We first consider how to get the groundtruth of when the user perform a imagination
task. It seems that today, we still has no idea about how to determine the onset time of this

problem. Thus, almost all the present asynchronous BCI systems use cue-based continuous
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Figure 5.8: This is a method of classifying asynchronous BCI mental tasks in the work.
At training phase, we first train a one-class classifier to classify between all active tasks
including left and right motor imagery, and resting states. Then we also train a two-calss
classifier to discriminate left and right motor imagery. At testing phase, we first classify
the testing data to active or resting state. If active, we go on to discriminate the testing data

to left or right motor imagery.
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Figure 5.9: At training phase, we train two one-class classifiers. One is to classify be-
tween left(target) and, right and resting states(outlier). The other is to classify between
right(target) and, left and resting states(outlier). At testing phase, we feed the testing data
to the two one-classifiers to get Result 4 and Resultp. The output Results is determined

as Table 5.1.
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Figure 5.10: A signal consists of 34 sliding windows with sliding window size 0.5s and
overlapping 50%. The active state is about at the 16th sliding window (green). However,
because the onset of the active task may not be the same over all the trials, for example,
a subject may perform a imagery task during 16th sliding window while perform another
imagery task during 17th sliding window. Therefore, we think the 15th, 17th may be the
secondary candidates periods of performing active tasks.

signals to simulate the asynchronous BCI analysis. This is unavoidable because we have to
contain the information about the period during performing the active tasks when we assess
the accuracy of the classifier. The experiment paradigm is as mentioned in Chapter 3. The
cue-based continuous signals consist of two active states, left and right hand motor imagery,

and the resting state. Every trial of the datais of 8s or 9s:

5.4.2 Sliding window

In an aynchronous BCI analysis, the goal 1s to determine what state of every time point
is. However, if what to be analyzed is only the data of only one time point, then how to
determine the state of every time point? In effect, this is impossible today because the
information is far little. The intuitive approach to achieve the goal is to apply a sliding
window at every time point and analyzing the signals in the period. However, this will
cause the computation complexity too high. We then consider that when someone perform
any mental tasks, his brain need a period of time to activate the corresponding cortex. Thus
we think it reasonable to apply a sliding window with overlapping m% to recognize its
state. The parameter m and the size of the sliding window, L, are important factors of the
analysis. Indeed, in the following all the intermediate results and classification accuracy
are based on the sliding window approach. In Figure 5.10, we show one case of sliding
window in the work with L = 0.5s, m = 50%. The highlight represent the possible period

of performing a imagination mental task.
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In Figure 5.10, we view the 15th, 17th as the secondary candidate periods of performing
active tasks. How did we select the range of this period with the probability of performing
an active task? Indeed, we have performed an experiment to verify the inter-trial variation
of cue-onset latency time. We finally obtained the result that the inter-trial variation of

cue-onset latency time was about £360ms. The experiment we performed is as follows:

Experiment The paradigm is the same as that in Chapter 3 expect that after the user per-
form the imagination task, we asked him to perform a real movement of finger lifting
to record this time. After performing about 200 trials, we calculated the variance of

the recorded time to be the inter-trial variation of cue-onset latency time.

Although the estimated inter-trial variation of cue-onset latency time is not very precise,
it is still a acceptable rule. Despite of the £360ms inter-trial variation, in our work, we used

only +250ms as shown in Figure S:lil tosassess the accuracy performance.

5.4.3 Unbalance features

In this section, what we want to illustrateis that when analyzing in asynchronous mode,
the data number of resting states is-usually farlarger than the data number of active states.
Using all resting-state data to select features or to train a classifier will lead to an unbal-
anced feature set. The other disadvantage is that the computation complexity will be too
high. Therefore, we replace using all resting-state data by randomly selecting N data of
resting states to train the classifier. The /V is usually about the same with the number of

active states.

5.4.4 Constraints

As mentioned in section 5.4.2, we view the 15th, 17th as the secondary candidate pe-
riods of performing active tasks. Therefore, we consider it reasonable if there exists one
classification assigned to the active states during a predefined period such as the 15th 17th
sliding windows (see Figure 5.10), then we decide that in this situation, a hif is given. That

i1s: Assume we assign "1’ to the target class and 0’ to outlier class.
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Figure 5.11: The inter-trial variation of cue-onset latency time. Part(A) is a ERD/ERS
plot of performing hand motor imagery. We select the maximal ERD as the onset time of
an active task. Part(B) illustrates the perspective of the inter-trial variation of cue-onset
latency time. Finally, part(C) shows the corresponding sliding windows of the period of
performing the task.
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If (C15]C6|Ci7T)==1, then thisis a hit. (5.6)

We name this Criterion2.

5.4.5 Five kinds of classification

In our work, three analyses are performed to analyze asynchronous BCI signals. Two
of them are the same as those in [52]. First, the left and right motor imagery is tested
separately (analysis 1). Then the left motor imagery(target) is compared with right motor
imagery and resting periods(outlier) (analysis 2,) and the right motor imagery(target) is
compared with left motor imagery and resting periods(outlier) (analysis 2;). The final
analysis is that the classification between three classes, left and right motor imagery and
resting states by using method B in section 5.3 (analysis 3). To sum up, in the work, we

will analyze the followings:

1. Analysisl.
(a)Discuss the influenee of feature numbers: when recognize the left motor imagery
and resting states. We will perform the analysis of different feature number from 2
to 7.

2. Analysis2.
(a) Left motor imagery and resting states. (b) Right motor imagery and resting
states.

3. Analysis3.

(a) Left motor imagery(target) is compared with the composition of right motor im-
agery and resting periods(outlier). (b) Right motor imagery(target) is compared with

the composition of left motor imagery and resting periods(outlier).

4. Analysis4.

Classify between three classes: left,right motor imagery and resting states based on

classification method B.
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When performing analysis 4, assume we adopt all the above considerations; how to de-
termine a hit should be concerned. The classificaiton output belongs to the subset{r, L, R}
where 1, L, R stand for resting states, left and right hand motor imagery task respectively.
We define C; the classification output at ith sliding window; there are 3% combinations
outputs during the 15th 17th sliding windows. For what kinds of combinations will we
assign this period to r, L or R? In the following, we give a simple and intuitive approaches

to decide the final output of this period. We name this approach Criterian3.
1. If C; € {R,r} fori=15,16,17, then the assignment is 'R’
2. IfC; € {L,r} fori=15,16,17, then the assignment is 'L’

3. Otherwise, the assignment is 7’

5.4.6 Summary

To sum up, section 5.4 propose=three criteria when-we analyzing asynchronous BCI

systems.

Description 1. Table 5.1
Description 2. Eq. 5.6

Description 3. The itemize in the end of section 5.4.5.

5.5 Experiment results

We have mentioned that the aim of synchronous BCI analysis is to build a process order
to the analysis of asynchronous BCI system. After Chapter 4 and this chapter, we summary
the processes of the analysis by the flowchart, Figure 5.12. Before we go on the experiment
analysis, there is an important point we first have to show clearly. In this figure, there are
two difference from the Chapter 4 and Chapter 5. The one is that we do not apply Laplacian
filter in signal preprocessing step. The other is that the classifier is different depend on what

kind of analysis.
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Figure 5.12: Experiment flowchart.
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Laplacian filter has the functionality to enhance SNR and to make data reference-free.
The reason we don’t apply it is that we recognize the mental tasks using only the signals of

the three electrodes C3,Cz and C4, implying the number of channels is too small.

In this Chapter, three datasets, GO2~ GO04, are analyzed in these analyses, Analysis
1~4, mentioned in section 5.4.5. In every aspect, for example analysis 1, the analysis for
the three datasets is the same. We use the ROC curve to illustrate the performances of
different classifiers with different parameters. Besides, in each ROC plot, we also indicate

the classifier with the best classification accuracy.

Before we go about these analysis, we first demonstrate the mean-time-frequency map
of every dataset in Figure 5.13, Figure 5.14 and Figure 5.15 to present the property of
every dataset. After these time-frequency maps, the results of analysis 1 ~ 4 are shown in
Figure 5.16,5.17, 5.18,5.19, 5.21,5.21,5.22,5.23, 5.24 and Table 5.2.

- Right handC3
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Figure 5.13: Time-frequency map of G02.
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Figure 5.14: Time-frequency map of GO3.

5.5.1 Summary
Results of Analysis1

In Figure 5.16, Figure 5.17 and-Figure 5.18, we show the analysis results of using dif-
ferent number of features to analyze Analysisl. We discuss the number of features from 2
to 7. As these figures show, in some cases, using more features will give a higher recog-
nition accuracy while in other case, only using 2 features can give the better accuracy than
others of using 3~7 features. But in all these analyses, we can find that using two fea-
tures to recognize Analysisl can give an acceptable accuracy. Therefore, in the following

analysis2 ~ analysis4 we will use only two features to perform the recognition.

Results of Analysis2

We then concern the three figures, Figure 5.19, Figure 5.20 and Figure 5.21 which illus-
trate the ROC curve of the analyses in Analysis2: ( Le ft motor imagery, resting states )
and ( Right motor imagery, resting states ) for the three datasets. In the three figures,

we can find that not only the different thresholds but also the type of the classifier, 4NN _dd,
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Figure 5.15: Time-frequency map of G04.

SOM_dd, SVC_dd, will influence the classification: accuracy. The best classifier is indi-
cated by a arrow with some commeéntaries including which type of classifier the value of
threshold, and FN and FP.

Table 5.3 shows the analysis resultsof ours. and Graz’s [51] to give a comparison. For
the analysis, we use only the EEGs of three channels, C3, CZ, C4, while Graz use 27
channles. In this table, it reveals that the three analysis results of ours have less variability
than those of Graz’s, implying that our method has a more stable performance. As for the
classification results, the mean of the accuracy of ours and Graz is near the same, implying
that despite of using few data information to train the classifier, our method still has a
reasonable performance. This is very practice to a online BCI because the computation

time is low due to the smaller processed data.

Results of Analysis3

As for Analysis3: ( Left, Right and Resting) and ( Right, Left and Resting ), the
three ROC curves, Figure 5.22, 5.23, 5.24, are displayed. Like the ROC curves in Analysis

1, we also indicate the best classifier in these figures, We finally summary the three figures
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Figure 5.16: The ROC curves of using different numbers of feature of Analysisl for GO2.
The left and right represent using the different classifers, 4NN and SOM.

in Table 5.4. In the table, the Fijz represents the error of assigning a R-task data to L-task
class using the trained L-classifier; as regards, the F'z;, the error of assigning a L-task
data to R-task class using the trained R-classifier, where the L-classifier and R-classifier
are trained by the one-class ¢lassification-technique with treating the L-task and R-task as
target data respectively. Figure.5.25 shows the perspective of F7r and Frr. The mean of

the classification error is lower than 30%.

Results of Analysis4

Finally, we concern the Analysis4: classification between the three classes based on
classification method B. The analysis results are shown in Table 5.2. In Table 5.5, we show
the mean of these results, where we can find that the accuracy of classifying three class,
L, R and resting, is poor. The most issue we have to point out is that almost all the error
arises from assigning the active tasks to resting states. This is caused by our consideration
of Criterion] in section 5.3 and Criterian3 in section 5.4.5. We think that it may improve
the accuracy by applying a two-class classifier to handle the situation when the output is
(1,1) in Criterionl. Therefore, we finally perform another analysis, Analysis5, to discuss

this idea.



96 Continuous EEG classification

[

/M¢ o0 ogno 1 : —
ﬁ: 0.9} :

o o
© ©
T T
~onswn
NEY NN

°
3
T
i
°
3
T

o
o
T
i
o
o
T

o
IS
T
i

targets accepted (TP)
&

targets accepted (TP)
=} o
> »

o o
N w
G
L
o o
N w
2

o
=
T
i
=}
=
T

0.8 1

o

o

o

0.2 0.4 .6 . 0.2 0.4 .6
outliers accepted (FP) outliers accepted (FP)

o
e}
i
o

(@1 (b) 2

Figure 5.17: The ROC curves of using different numbers of feature of Analysisl for GO3.
The left and right represent using the different classifers, 4NN and SOM.

The analysis results of AnalysisS can'be seen i Table /reftb:TbAnaly5. However, this
table illustrates the improvement is just a little, implying adding a two-class LR-classifier
can not settle the above problem well. 'We think there are two reasons.

First, we can use only the information.of 0.5s-sliding-window to train the LR-classifier.
Second, the 0.5s information may notreally contains the active information in this period.
The two problems we encounter in Analysis5 lead to a bad performance classification be-
tween left and right; thus it still can not settle the problem in Analysis4. If we can determine
the real onset time of the active task to extract the real active information to train the clas-
sifier, we will have more possibility to obtain a good LR-classifier to handle the problem

here. This may be the future work for the thesis.
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Figure 5.18: The ROC curves of using different numbers of feature of Analysisl for GO4.
The left and right represent using the'different classifers, 4NN and SOM.
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Figure 5.19: The ROC curves of the three classfiers when analyzing G02-L and G02-R of

analysis 2.
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Figure 5.21: The ROC curves of the three classfiers when analyzing G04-L and G04-R of
analysis 2.
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Figure 5.23: The ROC curves of the three classfiers when analyzing G03-L and G03-R of

Analysis3.
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Figure 5.24: The ROC curves of the three,classfiers when analyzing G04-L and G04-R of

Analysis3.

Table 5.2: Analysis4. In this figure, LN}, represents number of results assigned to L, Ny
the number of results assigned to R, LN, the number of results assigned to resting

Dataset | Classifier LorR | FN FP LN, | LNy, | LNg
G02 | L:4NN,thre=0.12; L 48.89 | 28.12 | 13 23 9
R:SOM, thre=0.12; R 60.00 | 33.59 | 13 14 18
GO03 L:SOM, thre=0.35; L 70.00 | 36.28 | 11 9 10
R:4NN,thre=0.35; R 46.67 | 35.00 9 5 16
G04 | L:SOM,thre=0.30; L 70.37 | 36.18 | 12 8 7
R:SOM, thre=0.20; R 70.37 | 35.19 | 12 7 8
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Table 5.3: Results of Analysis2. The upper is the results of our method and the bottom the

method proposed by Graz group in 2004.

Dataset | Classifier FN(%) | FP(%)
G02 | L:SOM,thre=0.04; | L || 24.44 | 27.52
R:SOM,thre=0.16; | R || 28.89 | 22.65
Our data GO03 L:SOM,thre=0.35; | L 23.33 28.85
R:SOM,thre=0.16; | R || 13.33 | 29.87
G04 | L:SOM,thre=0.30; | L || 33.33 | 31.34
R:SOM,thre=0.20; | R || 23.33 | 35.64
Mean L || 27.03 | 29.24
R || 21.85 | 29.39
g3 RP=non ; L || 24.00 | 16.00
R || 19.00 | 10.00
RP=1.00; L%y 14.00 | 16.00
R [[1714.00 | 11.00
RP=E25; L | 14.00 | 15.00
R 9.00 16.00
RP=1.35; L[+"11.00 | 28.00
R || 20.00 | 14.00
Graz 2004 g7 RP=non ; L || 21.00 | 37.00
R || 42.00 | 16.00
RP=1.00; L || 16.00 | 19.00
R || 42.00 | 14.00
RP=1.25; L || 14.00 | 24.00
R || 35.00 | 27.00
RP=1.35; L || 25.00 | 21.00
R || 55.00 | 11.00
i2 RP=non ; L 6.00 75.00
R 7.00 77.00
RP=1.00; L 9.00 59.00
R || 13.00 | 59.00
RP=1.25; L || 12.00 | 59.00
R || 19.00 | 52.00
RP=1.35; L || 23.00 | 49.00
R || 27.00 | 50.00
Mean L 0 0
R 0 0




102 Continuous EEG classification

Table 5.4: Analy3 Result

FN% | FP% | Frr % | Frr %
L | 27.65 | 27.12 | 31.81
R | 24.81 | 31.04 35.31

@ Left < Right v Resting

L -classifiehy, ~WEET

D RafESsifier

Figure 5.25: A plot of illustrating F; iz and Fy.

Table 5.5: Mean of Analysis4. In this table, LN}, represents number of results assigned to
L, Ny the number of results assigned to R, LN, the number of results assigned to resting

Mean | LorR | FN FP LN, | LNy, | LNg
L 59.26 | 38.48 | 12.3 14 7
R 63.21 | 36.12 | 15 6 12
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Table 5.6: Analysis5. In this figure, LN}, represents number of results assigned to L, Ny
the number of results assigned to R, LN, the number of results assigned to resting

Dataset | Classifier L'orR | FN FP LN, | LNy, | LNg
GO02 | L:4NN,thre=0.12; L 44.44. ) 46.27 | 14 25 6
R:SOM, thre=0.12; 80.00 | 5175 | 16 20 9
GO03 | L:SOM,thre=0.35; 56.67 | 5643 | 12 13 5
R:4NN, thre=0.35; 50.00.4'54.76 8 7 15
G04 | L:SOM,thre=0.30; 66.67 | 48.15 | 11 9 7
R:SOM, thre=0.20; 70.37 | 46.03 | 14 5 8

2ol M et B R B onlll -
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In this chapter, we review the most important issues when analyzing EEGs in an asyn-
chronous BCI system and then illustrate the contribution and advantages of our method.

The analysis of EEGs in an asynchronous BCI system in this thesis were:

Signal preprocessing

The aim of this step is to enhance the SNR of the EEGs. We applied artifact removal
and bandpass filter to achieve the aim. When the number of the channels is large,
some spatial filter may be applied to make EEGs reference-free. In our work, when
analyzing asynchronous BCI, we do not apply spatial filter because we only use

EEGs of three channels,C3,Cz,C4 to detect the user’s intention.

Feature extraction

Because the signals of performing the predefined mental task are usually smaller than
the onging EEGs, the signals wesinterested are concealed in the irregular ongoing
signals and noise. To overconie the problem, we will perform some approaches to
extract the signals we interested. In this work, we compare four feature extraction
approaches including ERD/ERS, CSP. Haar wavelet and Morlet wavelet. We finally
decide to use Morlet wavelt to analyze the EEGS in an asynchronous BCI system due

to the analysis result in Chapter 4.

e Feature selection

Due to the dimension of features is usually high, we perform t-statistic and FFS to
select more discriminative features to represent the original data. The two approaches
has a satisfied and efficient results in the analysis of our work. We finally use only 2
features to present a data and have a reasonable classification accuracy in the analysis
of Chapter 5. The property of few features will have a significant influence when

analyzing a online BCI because the computation time is decreased a lot.

e Classification

We involve the technique of one-class classification to settle the problem of recog-

nize between the active mental tasks and resting states. Because the resting state



Conclusions 107

is composed of a lot of different ongoing states, thus is a wide-spreading distribu-
tion. Besides, the resting states of training phase and testing phase is very different
because the user having to pay attention to the feedback is very active at the test-
ing phase. We think that if we can develop a good model of active states and output
O(zero) when the testing data is of resting states, then the problem in an asynchronous
BCI may be solved as well. Thus, using the technique of one-class classification to
handle the problem becomes very attractive for it can avoid to include a resting class
and only focus on how to fit the data of active states. We also have discussed the two
approaches of using two one-class classifiers and of using two one-class classifiers

and a two-class classifier to recognize the left, right and resting states in Chapter 5.

In this thesis, the achievements can be summarized as follows.

1. We use few number of channels,3, to achieve the near same or better accuracy than
Graz,2004 [51] of using 27 channels.

2. We develop a efficient feature selection process to select significatly discriminative
features. For example; in our work, when amalyzing EEGs of an asynchronous BClI,
we use only 2 features‘to present the ' EEGs and delivered only the 2 information to

the classifier yet still obtain a reasonable accuracy.

3. According to our experiments using 2005 BCI competition III datasets, the proposed
methods can achieve higher stability and accuracy than Graz’s method [51] proposed

in 2004.
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