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Tiivistelméateksti:

Tehokas koehenkildiden oppiminen palautteen avulla dee&ir aivokayttoliittyma tutki-
muksessa. Suurimmassa osassa aiemmista tutkimuksistarkolét ovat saaneet palaut-
teen visuaalisena; toiset palautemodaliteetit voisieaemmin palvella potilaita, joilla on
nakdvammoja ja kayttajid, jotka tarvitsevat nakokykya mdlau Aiemmissa tutkimuksissa
auditiivinen palaute oli merkittavasti huonompi koehédikien opetuksessa kuin visuaa-
linen palaute. Haptinen (tunto) palaute voisi sopia pareamaivokayttoliittymille.

Kuusi liikuntakykyista, ensikertalaista koehenkildavsahaptista tai visuaalista palautetta
tai molempia erillisissa sessioissa opetellessaan kadibisen aivokayttoliittyman hal-
lintaa vasemman ja oikean k&den kuvittelulla. Kokeitaemtoteutettu TKK BCIl kompo-
nentteineen kykenee reaaliaikaiseen signaalin mittaukssgnaalien kasittelyyn, palaut-
teen antamiseen ja sovellusten ohjaamiseen. Palautetédtiankerran sekunnissa joko
naytolla tai haptisilla elementeilld, jotka kiinnitettikoehenkilon kaulan alaosaan.

Koehenkilot saavuttivat keskimaarin 67 % luokittelutid@zkhaptisella palautteella ja 68 %
visuaalisella palautteella. Yksi koehenkild saavuttig@8.8 % luokittelutuloksen yhdessa
sessiossa. Piirrevalinnalla |0ydetyt vakaat sensorinsgbrytmit taajuuksien 8-12 Hz ja
18-26 Hz valissa tuottivat parhaimmat tulokset. Haptingmdaatio aiheutti vain vahan
nakyvaa hairiéta taajuusalueella 8-30 Hz.

Tulokset tasta tutkimuksessa nayttavat, ettei haptisersimalisen palautteen valilla ole
selkeda eroa koehenkildiden oppimisessa. Suurin osa kkihistd kokivat haptisen pa-

lautteen luonnolliseksi ja miellyttavaksi. Haptinen pa&avoi naista seikoista johtuen kor-
vata visuaalisen palautteen ja vapauttaa nakokyvyn mtehiéviin. Tulosten vahvistami-

seksi on tarpeellista tehda jatkotutkimuksia liikuntayggmilla oikeissa kotiymparistois-

sa.

Avainsanat: elektroenkefalogra a, aivokayttoliittyma, visuaalinen palaute, haptinen
palaute, jatkuva kuvittelu, sensorimotoriset rytmit, taitojen oppiminen
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Abstract:

Ef cient training of subjects with feedback is essentiabt@in-computer interface (BCI)
research. In most previous studies, subjects have mosthvierl visual feedback; other
feedback modalities could, however, better serve patiefits visual impairment and in

tasks, which allocate visual attention. In previous steidiaditory feedback was signi -

cantly worse than visual feedback during subject trainiHgyptic feedback (vibrotactile

stimulation) could be better suited for brain-computer awmication than auditory feed-
back.

Six able-bodied subjects without previous BCI experierezeived haptic or visual feed-
back or both in separate sessions while learning to contiwbaclass BCI using imagery
of left and right hand movements. A BCI system was designeliraplemented for the
experiments. The TKK BCI consists of components capableaftime signal acquisi-
tion, signal processing, feedback, and control of appboat The feedback was presented
once every second either on a screen or with haptic eleméatshad to the base of the
subject's neck.

The subjects achieved average classi cation accuraciég%fwith haptic and 68% visual
feedback. One subject achieved as high as 88.8% accuracgingle session. Stable
features selected from sensorimotor rhythms within th 8% and 18-26 Hz frequency
bands provided the highest accuracies. Only minor interfeg using haptic stimulation
was observed within the 8-30 Hz frequency band.

The results indicate no clear differences between learwitiy haptic or visual feedback.
Most subjects felt haptic feedback natural and comfortablaptic feedback could thus
substitute for visual feedback, and render vision avadldbi other concurrent tasks. Fur-
ther studies especially with motor-disabled patients & feome environments will be
necessary to con rm the results.

Keywords: electroencephalography, brain-computer inteface, visual feedback, hap-
tic feedback, continuous imagery, sensorimotor rhythms, lgll learning
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Chapter 1

Introduction

Patients in paralyzed and locked-in states, usually caogsgdinal cord injuries and seri-
ous nervous system deceases, have only limited or no coneation capabilities. These
patients require novel means of communication and intenador everyday situations;
brain-computer interface research attempts to create eelanblogy to improve the life
of the patients (Wolpaw et al., 2002). The potential usemtetpon which would bene t
from brain-computer interface technology has been estith&d be nearly 100 million
people (Vaughan, 2006). To reach the people's homes, vadging interdisciplinary re-
search is required to address both psychological and teghespects. The needs and the

preferences of the patients are the key criteria guidingebearch (Vaughan, 2006).

Initial research in brain-computer interfaces in 1973 wastéd by real-time processing
capacity of the contemporary computers; the research iretlés no longer constrained
by computing power (Vidal, 1973, 1977). Current brain-carnap interface systems are
based on both detection of attended external stimulus afidhdeced modulation of
brain activity; the selection of approach depends on eadividual user (Wolpaw et al.,
2002; Kubler et al., 2001). Electroencephalography (EEEGhé primary tool for mea-
suring brain activity because it is relatively inexpensisgeeasy and fast to set up, and
creates no risk for the user. EEG will likely remain popularfuture brain-computer in-
terface research. Recent advance in equipment and methed$®rought the technology

to the point where the systems can be made convenient antdesmalgh for home use.



Attention is shifting to user experience and user prefezsr{aughan, 2006).

Variety, stability, and robustness of available of braowputer interfaces, however, need
to be increased to reach a commercial level of operation.h Systems should be ac-
ceptable to the users, easy to use, and fast to set up; theggueed during the training
of the user and in calibrating the system should also be madhart as possible. The
brain-computer interface system should provide the samexaanication capabilities to
individuals with varying conditions such as blindness,fdess, and sensing de cits, and
differences in injury location and disease progressioedback forms an essential com-
munication channel for brain-computer interfaces. To ouowledge, haptic feedback
(vibrotactile stimulation) has received minimal attentia the context of brain-computer
interfaces; haptic feedback would offer an additional camication channel for those

who are unable to see or hear, or have lost movement capatfiliheir extremities.

This thesis attempts to evaluate whether the ef ciency giticfeedback differs from vi-
sual feedback during brain-computer interface trainimgvieled that haptic feedback and
visual feedback are equivalent during user training, leefpgdback would then extend the
user population to individuals with blindness; it wouldafsee up visual modality for use
in other tasks and help users with dif cult visual tasks reipg high precision. The ex-
periments were done with the TKK BCI system that has beenamehted as a part of

this thesis.

Chapter 1 presents a general introduction to brain-compntierfaces, the brain, and the
principles of learning. Chapter 2 gives a detailed desionipof the methods used in the
experiment. Chapter 3 shows the results of the experimdrapter 4 discusses the results

in the context of previous literature.



1.1 Brain-computerinterface systems controlled with bran

activity

A brain-computer interface (BCI) is de ned as follows: "A B& a communication sys-
tem in which messages or commands that an individual sentigetexternal world do
not pass through the brain's normal output pathways of perigl nerves and muscles"
(Wolpaw et al., 2002). A brain-computer interface systemgFe 1.1) consists of brain
signal acquisition by several methods, signal processynigéture extraction and trans-
lation of patterns into device commands and feedback (Birzx, 2006; Wolpaw et al.,
2002; Vidal, 1973). BCI researchers have to take into accalmat processes generate
the observed brain signals, how to measure them and howrahem into something

meaningful.

BCI SYSTEM

SIGNAL PROCESSING

SIGNAL DIGITIZED F . Translati DEVICE
_> feature |- » | Translation| | _DEYICE
ACQUISITION | SIGNAL Extraction Algorithm | | COMMANDS

S

Figure 1.1: Schematic overview of a BCI system: the brainaig are digitized and fur-
ther processed by feature extraction and translation égos. These algorithms produce
commands that can control applications. Adapted from Welpgal. (2002).



1.1.1 Brain structure, activity, and plasticity

The cerebral cortex of the human brain is divided into foutgaccording to their rough
physical and functional properties: occipital lobe, temgbtobe, parietal lobe, and frontal
lobe (Figure 1.2). The occipital lobe processes visual imjpuiginating from the lateral
geniculate nucleus of the thalamus, which receives dirgaitifrom the retina. The tem-
poral lobe has been associated with auditory and categooepsing. The parietal lobe
processes somatosensory stimuli such as touch and painfrdrtial lobe is associated
with motor planning and execution, and is also related to orgnpersonality and other
high level functions (Gazzaniga et al., 2002). For BCI redaars, the interest in different
areas lies in the type of processing they perform. Differgstial responses and motor
planning activations can be detected on the respective arehcan serve as the basis for
discriminating different brain states for brain-computemmunication. The applicability
of different brain states depends on the users ability tdrobthese different activations

at will (Wolpaw et al., 2002).

Signals from the visual regions in the occipital and paliktaes, and the motor cortex in
the frontal lobe near the central sulcus are most commordyg & BCls; external stimu-
lus, and real and imaged movements have been reported vatadtiese areas with great
reliability (Wolpaw et al., 2002). The motor cortex (specally the primary motor cor-
tex) is further divided into several regions according gfitnctional organization (Figure
1.3); this representation of the human body on the motoegastcalled the human motor
homunculus (Gazzaniga et al., 2002). The use of these mqetons for hands, feet,
and mouth regions, among other body parts, are suitablerfon Istate discrimination
(Wolpaw et al., 2002; Kubler et al., 2001).

The information processing of the cortex itself depends o liological units called
neurons, schematically presented in Figure 1.4, which gonelectric signals, called ac-
tion potentials, across the neuron structures and ovether steurons through synapses.
Several different types of neurons exist but they share rgéipeoperties and structure:
the dendrites, the cell body, the axon and the axon termifidle axon terminals form

synaptic connections, usually with chemical transmiiteyghe dendrites of other neu-



Figure 1.2: The structure of the brain with four lobes: frantarietal, temporal, and
occipital lobe. The motor cortex, which is important to ngdéanning and execution, is
located anterior to the central sulcus. The occipital lolw/ides the signals for visual
perception based BCls. Adapted from Gazzaniga et al. (2002)

rons; the dendrites relay the signals to the cell body. Aroagbotential is generated at
axon hillock whenever the potential level in the cell bodgexds a ring threshold. A
refractory period of 1 msin ring limits the amount of actiguotentials, which propagate
through the axon to the synapses; the myelin sheath in@e¢hseropagation speed of
the signal signi cantly (Gazzaniga et al., 2002). Brainidty measurements are based
on the events that happen in these neurons, in the tissue indinity of the neuron, and
in the other biological material and cells close to the nayropulation (Gazzaniga et al.,
2002; Niedermeyer and Lopes da Silva, 1999).

Plasticity, the ability of the tissue, the cells, the nes,cand the neuron patterns to adapt
to changes, constantly changes the underlying structuteaffacts the stability of the
measurements; learning, psychological conditions, iegrand progressive diseases all
contribute to short and long term dynamics in the brain. hewy, the adaptation of neu-
ron populations (by for instance hebbian adaptation imgfites of the synapse) to input

data in context of previously learned patterns, can havie Slobrt and long term effects;



Figure 1.3: The organization of the motor cortex accordmguman extremities is called
the human motor homunculus. A large portion of the surfadhe@tortex is dedicated to
face and hands. Adapted from Gazzaniga et al. (2002).

self-regulation of ones brain activity can be achieved kjyibut because of habituation,
the skill might require continuously decreasing amount@&inons; the activation detec-
tion by computer might become impossible. Injuries, lesj@nd neuron deterioration in
the brain and the spinal cord may lead to loss of functiopalitd mobility; nevertheless
the brain can bypass damaged regions to some extent in {saéh lesion, and retain
the representations of affected extremities in patients paraplegia and tetraplegia; the
representation regions might merge to other regions dumdctivity related to the lost
functionality. These considerations are particularly artpnt because the BCls are the
most needed by patients with severe injuries and conditsunsh as amyotrophic lateral

sclerosis (Gazzaniga et al., 2002; Sanes and Donoghue, 2@i2aw et al., 2002).



Figure 1.4: The structure of a neuron: Dendrites branch tewireas and receive signals
across synapses. The signals travel to the cell body anthcendlong the axon if the
potential is high enough at the axon hillock to release am@agiotential. The myelin
sheath increases the speed of the signals. Adapted froma@igazet al. (2002).

1.1.2 Measuring brain activity with EEG

Brain activity is the joint activity of single neurons andunen groups acting at different
times (asynchronously) or in synchrony; each neuron in lantgenerates changes in
electric and magnetic elds, which can be measured. Thetrdeelds are measured
as potential differences (voltages) with electroencegdralphy (EEG), electrocorticog-
raphy (ECoG), and intracortical grids of electrodes, whactvide local eld potentials
(LFPs). The magnetic elds are measured with magnetoeradeghraphy (MEG). Each
active neuron also requires increased amount of oxygeripttad concentration of oxy-
genated hemoglobin in the blood can also be measured. Tigesan hemodynamic
response is measured with functional magnetic resonaragiimg (fMRI), positron emis-
sion tomography (PET), and near-infrared spectroscopr@I(Wolpaw et al., 2006;
Niedermeyer and Lopes da Silva, 1999; Villringer et al.,3;9%abeza and Nyberg, 2000;

Hamalainen et al., 1993)



The placement of the electrodes is illustrated in Figurddr.Blectric eld measurements:
the EEG electrodes are located on the top of the scalp, EGesBedles are placed under
the dura (a thin membrane under the skull and over the coreaxg the intracortical
electrodes are implanted within the cortex. EEG suffersnfreduced spatial resolution
because of the intervening tissue and the skull; this proldeavoided in both ECoG and
intracortical electrode measurements, but with cost asixe placement of the electrodes
involving risks and unknown long term stability. No eleateoplacement is required for
fMRI, PET, and MEG. MEG measures the magnetic elds createdduronal currents
with superconducting quantum interference devices (S@Y(Bamalainen et al., 1993).
PET measures blood ow by recording the radioactive tracgedted into the vascular
system of a subject. fMRI measures the concentration of dygenated hemoglobin
with static and dynamic magnetic elds (Cabeza and Nybed®®. NIRS uses the low-
absorption property of near infrared light within the spant from 800 nm to 2500 nm
(Villringer et al., 1993). Good spatial resolution of fMARET, and NIRS is counteracted
by poor temporal resolution (Cabeza and Nyberg, 2000); uhteh, MEG and fMRI
require a superconductor which makes them bulky and expensor these reasons only
the methods measuring electric elds will have signi camaptical value in applications.

(Wolpaw et al., 2006). Only EEG is covered in greater detathie subsequent text.

The standard locations on the scalp for 75 EEG electrodestanen in Figure 1.6; EEG

electrodes with unique names are usually placed accorditigetinternational 10-20 or

10-10 systems. The location of each electrode differs fiugratjacent electrodes by 10%
or 20% of the anion-inion distance (ACNS, 2006). The elatg#sare usually attached
to a cap and thus if the cap is of the correct size, the eleetrage always in the correct
position relative to each other. The correct positioninghef cap requires the measure-
ment of the distance between the back of the head (inion)fengddint between the eyes
(anion), and the measurement of anion-Cz distance; ther ldittance should be as close
to half of the former distance, for instance 20 and 40 cm. Thetwdes are connected
to the scalp with a high-conductivity gel after removing tbp layer of the dead skin by

scratching it softly.

The EEG signals can be derived either monopolarly with atebdes referenced to



Figure 1.5: lllustration of the layers from cortex to scalpEG is measured on top of
the scalp and intervening soft tissue and skull alters tgpads. ECoG and local eld
potentials (with potentially better signal quality) are asared under the dura or within
the cortex with surgically implanted electrodes. Adaptedf Wolpaw et al. (2006).

same location (for instance to ears, to nose, to the locétween Fz and Cz, or to 12),
or bipolarly with electrode pairs (Figure 1.7). The deriva&gnals can be further Itered
spatially with common average reference lIter (CAR), smiadiplacian Iter, or large

Laplacian lIter to improve signal quality (Wolpaw et al., @).

After the recording and Itering, the signals are availatiée printed on paper, to be dis-
played on a monitor, to control a BCI application or deviagtpdoe saved on mass storage
media. Since the rst EEG measurements in 1929, severaachenstic waveforms have
been identi ed from individuals in different conditionsifftire 1.8); in excited, wake state
the EEG signal shows high-frequency activity without clsegnchronization. In relaxed,
wake state the EEG shows clear synchronization at a spe@@uency; this synchro-
nization is thought to originate from an idling neural citooscillating at a characteristic
frequency. In sleep states, the EEG signals change conypleseillations at higher fre-
guencies (spindling) are still observed occasionally.dma the EEG uctuates as if no
activity was present (Gazzaniga et al., 2002). For BCI ne$edhe waveforms present in

human beings with normal alertness level (awake) are of m¢estest. In the following



Figure 1.6: The standard electrode locations of the intevnal 10-10 system. The dis-
tances between electrodes are 10% of the anion-inion distar@asured along the scalp
(from the back of the head to the point between the eyes). teddpom ACNS (2006).

section various characteristic waveforms are coveredesuithem can be self-controlled

and -induced.

1.1.3 EEG features and feature selection

A feature is a mathematical transformation describing aasttaristic phenomenon or
waveform in a set of signals (Bishop, 1995). Figure 1.9 ihates 4 different characteris-
tics that can be found in EEG and cortical measurementsrdift levels in slow cortical
potentials corresponding to expectation (A), evoked pitdaénin response to a stimulus
and selective attention (B), sensorimotor rhythms for mptanning and execution (C),
and spiking activity in cortical neurons (D). With appragie lIters the relative strength

of the phenomena can be calculated in real-time (Wolpaw. €2@02).

10



Figure 1.7: (A) A monopolar reference can be either a sinteteode placed on the tip
of the nose, on either or both of the mastoids, or some ottemtrelde location; other
referencing techniques include common average referdDA®) over all channels, or
small or large Laplacian average reference of the nearlbstreldes. (B) The selected
referencing technique in uences the amplitude spectrurthefEEG and can be useful.
(C) The correlation of rhythmic activity with electrode ktoons on the scalp is more
clearly visible with CAR and large Laplacian than with an ezference. Adapted from
Wolpaw et al. (2002).

Slow cortical potentials (SCP) appear as slow potentidtshing duration (several sec-
onds), including the readiness potential (RP), which igfaistpotential before the move-

ment onset. Evoked potentials (including visual-, motaugditory-, and tactile-evoked

11



Figure 1.8: The human EEG exhibits high frequency activiithwmo dominating fre-
guency in excited state. Relaxed state can be seen as ddmiplaa band activity (10-12
Hz) at occipital lobe electrodes. Sleep states and coma showperiodical or no fast
rhythmic activity. Adapted from Gazzaniga et al. (2002).

potentials) are the native brain response to an extermalgis; the frequently stimulus;
the frequently used response is the positive peak in paidetiel at 300 ms after an infre-
guent stimulus (the P300 response). Sensorimotor rhytBM&(), mu-rhythm at 8-12 Hz
and beta-rhythm at 18-26 Hz, are associated with motor pignand execution; before
the execution of a hand movement, the hand area of the cataral hemisphere to the
movement exhibits event related desynchronization (ERMR),decrease of band power
in the mu- or beta- rhythm or both compared to baseline powéur{scheller, 1992;
Pfurtscheller et al., 2003). A rebound follows the ERD, éxtimig event-related synchro-
nization (ERS) with strong presence of mu- or beta- rhythnbath. Cortical neuronal

activity from single cells is seen as spiking in the recordgghal (Wolpaw et al., 2002).
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Figure 1.9: Commonly used features of the EEG signals: (&)sthw cortical potentials,
such as readiness potentials, (B) averaged P300 potenti@sponse to visual stimulus
and attention, (C) sensorimotor rhythms related to motanping and execution, (D)
spiking of invasively recorded LFPs. Adapted from Wolpavale{2002).

The general idea of features is to separate as well as peshifdrent brain states from
each other. The feature selection process aims to discaedra features, which would
best discriminate a number of brain states with a classidapending on the selected

classi er, however, the results may differ greatly (McFkartl et al., 2006; Bishop, 1995).

1.1.4 Feature classi cation

The discrimination of brain states is challenging becathsenteasured signals are often
noisy; a statistical classi er with a noise model is reqdird he purpose of the classi er
is to divide the input feature space into regions, classeggi(€ 1.10), which correspond
to each different task the subject was asked to perform. Withknowledge, the classi-

er calculates the probability of all the classes for signat a time point; the classi er
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selects the class with highest probability with associatudence limits. However, a
classi er needs to be initialized and trained with suf cteamount of signal data before it
can accomplish the classi cation task with high accura@isiiop, 1995; Wolpaw et al.,
2002).

Figure 1.10: An example of a feature space with two classeshd example, red dots
indicate samples of Class 1 and blue dots samples of Claskeblack line represents
the decision border of the two classes for a linear classi er

The classi er can be for instance a linear model, a non-linesural network such as
multi-layer perceptron (MLP) network, or a radial basisdtion (RBF) network (Bishop,
1995). A common approach is to build a static classi er witethrods such as common
spatial patterns (CSP) (Muller-Gerking et al., 1999; Toantset al., 2006) and common
spatio-spectral patterns (CSSP) (Lemm et al., 2005). Gidazhanges in recording envi-
ronment (outside interference), in the signals (changespedances), and in the brain
(learning) may reduce the effectiveness of the classi #iese changes require adaptive
versions of the classi ers, which can improve accuraciesa@ compared to the static
counterparts (Sykacek et al., 2004). Bayesian approacbezbée to cope with the men-
tioned non-stationarities, and also with uncertaintiesignal, and classi cation results
(Sykacek et al., 2004; Roberts and Penny, 2000). Improveerclassi cation results
are expected when the dynamics of the EEG signals over timéa#ten into account.
Hidden Markov models (HMM) treat the signals as statistpralcess and thus incorpo-

rate the time information of the data; HMMs are currently thest used approach in
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voice recognition (Obermaier et al., 2001; Penny and Reb&f99). Causal relations in
neural systems, the Granger causality and dynamic caus#ling, could also serve in
classi cation of brain states for online (real-time) BChe complexity of the methods,
however, might not meet the real-time processing requirgasmgKaminski et al., 2001,
David et al., 2006). The previously mentioned classi ers ba extended to handle more

classes than two.

Each classi er is able to produce information (selectioasyarying rates. The infor-
mation transfer rate (ITR) describes a theoretical meastuicemmunication capacity of
an information channel, measured in bits per trial or min\telpaw et al., 2002). An
ef cient classi er with a high information transfer rate tperforms classi ers with low
ITR. The ITR of a classi er depends on the number of classesirflstates), the classi -
cation accuracy, and the classi cation interval; the ITRaaflassi er with two classes at
100% discrimination accuracy is equivalent to a classi éthwour classes at 80% accu-
racy. More details on the measurement of information tmnsén be found in Schreiber
(2000).

1.1.5 Application and device control with BCI

BCI training experiments typically include initial adapta of a classi er, user training
with the classi er, and testing the achieved control. mliadaptation of the classi er usu-
ally occurs after several cued (supervised) recording@esspossibly without feedback
(Wolpaw et al., 2002). Immediate feedback on performangarésided to the user in
the subsequent cued (supervised) training sessions;abbdek can be either discrete or
continuous and presented in visual, auditory, or tactitenfol he classi er can be trained
real-time (online) with or without cues; this adaptatiorcantinuous adjustment of the
classi er both to spontaneous changes in signal featurds@the user's adaptation to
the BCI system. This level of adaptation is uncommon to ecurBCls (Wolpaw et al.,
2002). In the uncued (unsupervised) testing sessions #reenaluates the usefulness
of the BCI; with suf cient control the user can continue toeuthe BCI in the desired

environment. Periodically cued (supervised) retrainihghe classi er, however, might
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be required (Wolpaw et al., 2002). Fully adaptive BCls wordduire no or very little

training after initial calibration.

Applications and devices require inputs in various formee @rogram requires binary
yes and no commands, and another device requires joysdtekdntrol in several dimen-
sions. The required inputs are generated from the outpieofliassi er; a classi er with
a higher information transfer rate provides faster and nextensive control of the in-
puts (McFarland et al., 2006). The operation mode of the Bl lme either synchronous
(system-paced) or asynchronous (self-paced): in syncu®omode the BCI is available
periodically, and in asynchronous mode the BCI is availablginuously. With an asyn-
chronous BCI the user can issue commands at will; this beh&viclose to the natural
way of controlling devices and applications. An asynchum@&CI is, however, dif -
cult to implement reliably; most of the present BCls ard stihchronous (Mason et al.,
2006).

Standard interfaces should be used to ensure the compgtdsithe BCI with other ap-
plications, and bene t from interchangeability of the gaftnodules) of the BCI. These
interfaces would enable quick access to modules contaifuingtionality required to
use different source signals, features extraction algorst, classi ers, and applications
(Cincotti et al., 2006). An attempt to create such a BCI systethe BCI12000 software

framework, currently freely available to research groupsh@alk et al., 2004).

1.2 Previous BCI system implementations

The following section reviews an interesting set of onlin€IBystems. Most of the
reviewed systems are controlled with EEG. This focus wascsetl because building an
EEG-based BClI is relatively inexpensive; EEG also offeghhtemporal resolution and

mobile measurement devices in contrast to other methods.

16



1.2.1 The rst BCI, with visual evoked potentials

The term brain-computer interface was rst coined in 1973ha early work of Jacques
Vidal (Vidal, 1973), who built the rst EEG BCI system prederg immediate feedback
to the subjects. Faster equipment helped to renew the systé®i77 (Vidal, 1977) to
use visual evoked potentials (VEP). The locations of theteddes were on the occipital
lobe, at O1, 02, Pz and Iz, and referenced to Oz; the Oz |lotatas measured against
an ear reference. The frontal lobe electrode Fz was recdatextular artifact detection.
The bandwidth of the recording was 1-70 Hz. The duration chedata epoch was 400
ms starting 50 ms before stimulus onset. The stimulus tavgsta red, diamond shaped
checkerboard which ashed for 3® in either left, right, up, or down side of the central

xation point (Figure 1.11).

Figure 1.11: (a) The checkerboard stimulus and the fouriotapoints, and (b) the cor-
responding selection directions. Adapted from Vidal (1977

The stimuli activated different locations of the occipikalbe depending on direction of
the movement selected by the subject. The subject's taskavascape from a maze.
The rate of correct single epoch detection was over 90% oragee for evoked potential
systems this was considered to be the lower limit, not theeupmit. Unfortunately no
information transfer rates were calculated and providedéroriginal treatment; however,
because of the single epoch classi cation, the subjectccodke 2.5 choices per second.
In this paper the available computer power was considersdftoe for future approaches

requiring high complexity calculations.
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1.2.2 P300 response for BCI spelling

This BCI spelling program (Farwell and Donchin, 1988) was tist system to utilize the
P300. The stimulus was presented visually as symbols in agrixigFigure 1.12); every
row and column ashed for 100 ms once in every trial, totalit®) ashes with varying
inter-stimulus-interval (1SI) of 500 ms and 125 ms. The sgb§ task was to attend to a
symbol and count the ashes; the attended symbol therefasbed twice, creating a rare

and task-relevant, the "oddball", response.

Figure 1.12: The 6 x 6 grid of stimulus with ashing rows andwons of numbers and
letters. Adapted from Farwell and Donchin (1988).

The responses were measured at Pz, referenced to linkedteatipls; the used band-
width was 0.02-35 Hz and the sampling rate was 50 Hz. Fouestgparticipated in two
sessions, the rst of which was a familiarization sessiohe Bubjects were asked to type
the word 'BRAIN' into a spelling program and press the ‘taliutton to synthesize the
word through speakers. All four subjects were able to salentect letters and activate
the synthesizer. Different criteria were compared for Isestject performance; with the
best criteria (stepwise linear discrimination analysid peak selection), the required re-
sponse averaging time for reaching 80% and 95% accuraciesameaverage 20.9 s and

26.0 s, respectively. The corresponding information ti@ngate at 95% accuracy was
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12.0 bits/min.

1.2.3 Thought translation device with slow cortical potentals

The thought translation device (Birbaumer et al., 20003 s$&w cortical potentials (SCP)
in a language support program to select symbols, picturddedters. The slow cortical
potential re ects the excitation level of the brain netwsrkhe subjects can learn to con-
trol the SCP with well-known learning rules. The SCP was messwith an 8-channel
EEG device with long time constant (3-16 s) and samplingoé®56 Hz; the EEG was
recorded at electrode locations C3, C4, Pz, Fz, and Cz. DBuha training phase the
subject received visual feedback by a ball-like light mgwip and down according to the
SCP level; a happy face was presented to the subject for ssfadg achieving desired
potential changes. After reaching a stable accuracy of H&stibjects began practicing
with the language support program. In the language suppagtam the subject indicated
a selection by generating a SCP shift; the group of letters wplit in half until only one
letter remained and was selected; the next selection ppdo#lewed. An erase func-
tion was provided when the subject rejected two subsequenipg. In the study, three
patients with varying injuries and loss of movement capid were able to achieve re-
liable control; accuracies ranging from 80 to 95% were pgassienabling free spelling
for the patients (Figure 1.13). Two of the patients contthteeuse the system after the

experiment and have been able to maintain their level in gveskill.

1.2.4 Hand orthosis controlled by a tetraplegic

The goal of the project, based on the Graz BCI developed irUthigersity of Graz in
Austria, was to build an electronic hand orthosis (Figutetlto aid the grasping of the
left hand of a tetraplegic patient, and to give feedback efdbntrolled EEG mu and beta
oscillations (Pfurtscheller et al., 2000). The bipolarcélede pairs were placed 2.5cm
anterior and 2.5cm posterior to C3, C4, and Cz; the signate vezorded with bandwidth

of 0.5-30 Hz at a sampling rate of 128 Hz. Each session, a&in60min, was divided
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Figure 1.13: The accuracies for patient 003 in sessionsoaf slave training, and copy
spelling programs | and Il. Adapted from Birbaumer et al.q@p

into 8 s trials with 2 s of baseline in the beginning of a triélfter the baseline period
there was a warning stimulus, and after 1 s a visual cue, awarointing to left or right,

lasting for 1.25 s. The task was to imagine left vs. right hamayements and right hand
vs. both feet movement during the remaining 4 s period. Tlepte autoregressive
model parameters (AAR) of the EEG signals were used as tlerésa the features were
classi ed using linear discriminant analysis (LDA). Theassi cation performance was
65% on average during the rst 28 sessions with left vs. riggmid imagination; during the
sessions 29-53 the accuracy improved to 75% by trying vaiimagination strategies. In
the following sessions the strategy was changed to imagimith feet vs. right hand, and
as the result the accuracy improved to about 95%; the infoom#éransfer rate, however,
remained low because of a long trial length of 8 s. The tedg@iplpatient was effectively
controlling the 15-18 Hz oscillations (Figure 1.14); witbnse remaining movement in

left biceps the patient was able to eat his rst apple withhieé of the hand orthosis.
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Figure 1.14: Left: the hand orthosis in the patients leftchdRight: the 16-17 Hz activity
of the subjects EEG during feet imagery and right hand imaigeiwo sessions. Adapted
from Pfurtscheller et al. (2000).

1.2.5 Video game control with asynchronous BCI

The low frequency asynchronous switch design (Mason e2@04) was an effort on a
self-paced BCI, attempting to move towards more naturalcgesontrol. The subjects'
rst task was to practice the control of the BCI and the sectas#t was to test the achieved
control by playing a video game designed for the BCI. The aigmere recorded from
six bipolar electrode pairs on the scalp: F1-FC1, Fz-FCz-€2, FC1-C1, FCz-Cz, and
FC2-C2, with bandwidth of 0.1-30 Hz at sampling rate of 128 Mo additional elec-
trodes measured the electrooculographic activity nearigiint eye. A custom feature ex-
traction algorithm was used for the bipolar EEG data to e@eatustom, six-dimensional
feature set. Once the features satis ed an activationraite the switch was turned on
with value 1; otherwise the value was 0. The practice sessi@ne conducted in a super-
vised, synchronized environment; the warning stimulus prasented for 1 s after which
the task stimulus was presented for 0.5 s. The feedback wes 8is after the task stimu-
lus and was presented for 1 s. The asynchronous switch wigatadtby imagined index
nger exion; the subject could report false activationsrihg a 4-second report period
with a pneumatic sip and puff switch. In the test sessionsthects controlled an avatar

in a video game by turning it left with the BCI; the avatar wibblbunce off the walls and
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the obstacles in the environment (Figure 1.15).

Figure 1.15: The Avatar moving in the environment, bounaifghe walls and the ob-
stacles. Adapted from Mason et al. (2004).

The experiment consisted of six 1-hour sessions, of whiehrdt was a customization
session, the two following were practice sessions and tlasteones were test sessions.
The subjects, four able bodies, and four patients with héylet spinal cord injuries and
no motor function in their hands, were able to achieve oVefassi cation rates greater

than 94%, with false positives less than 4%.

1.2.6 Noninvasive two-dimensional cursor control

Multidimensional BCI control had been thought to be attalaanly with invasive strate-

gies; two-dimensional control in previous EEG-based BCis weak. The Wadsworth
BCI (Wolpaw and McFarland, 2004), built on top of the BCI2@t#mework (Schalk et al.,
2004), was designed to achieve reliable 2D control with EEle& subjects were trained
to control two different frequency bands in two separatasi@ the brain; subjects con-
trolled the mu and beta bands in the sensorimotor areas tezdragles C3 and C4 with

various motor imagery strategies. The EEG was recorded stizdlard locations with an
ear reference; the bandwidth of the recordings was 0.1-6@rdizthe sampling rate was

160 Hz. The coef cients for a linear translation algorithnere optimized with the least
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mean squares (LMS) algorithm. A target was presented it é@ghtions on the borders
of the screen, with two target locations on each border (€idul6). In this standard
center-out experiment, the subject attempted to move thsguappearing at the center
of the screen, to the target within 10 s; the target asheahttcate reward for successful

control.

Figure 1.16: The standard center-out task where the cursatdsappear in the center of
the screen. The time to reach one of the eight targets for obea is displayed in the
corresponding target box. Adapted from Wolpaw and McFar@004).

During the experiment the control was horizontal, vertisatombined 2D control, de-
pending on the subject's progress. The subjects parteipatdaily sessions of a total of
eight 3-min runs, with 1-min breaks; the number of sessi@rged from 22 to 68 for the
four subjects. The subjects reached 89%, 70%, 78%, and 924feates of acquiring tar-
gets with the cursor within the time limit. The two seriousljured subjects achieved the
highest accuracies; one paraplegic patient could indephydcontrol the 12 Hz activity
at C4 and 24 Hz activity at C3 (Figure 1.17). Vertical and hontal control was highly
correlated with corresponding target direction; the datiren with the opposite direction

was minimal, indicating that the directions of 2D controlreéndependent.

1.2.7 A BCI based on steady-state visual evoked potentials

A BCI (Wang et al., 2006) was based on the steady-state \@soékd potentials (SSVEP),
which are generated in response to visual stimuli ashinditi¢rent frequencies and are

detectable in the visual cortex. The subject was instruttedtend to the selected stim-
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Figure 1.17: The correlation values and spectral compodeests for the paraplegic pa-
tient for vertical and horizontal control. Adapted from Waiv and McFarland (2004).

ulus; the response was then detected as the highest peak Bt amplitude spectrum
at the stimulus frequency of the attended target in the cefthe visual eld. The EEG
was measured in 13 locations between Pz and Oz (using eaeneéy; bandwidth was
4-35 Hz and the sampling rate was 256 Hz. The different stimeite presented with in-
teger frequencies between 9-17 Hz; speci ¢ frequenciegéoh subject were selected to
avoid confusion with dominant rhythms like mu at 8-12 Hz. Toatrolled keyboard had
13 buttons; because of the stimulus frequency intervals2§ Blz and lowest frequency
of 13 Hz, none of the used frequencies resided in the mu bamelrdsponses to the stim-
uli were calculated with a 1024-point fast fourier transfio(FFT) of the EEG (Figure
1.18). The 16 subjects in the laboratory and the 10 subje@sehabilitation center with
various motion disabilities were able to achieve averaf@rination transfer rates of 43
bits/min and 21 bits/min, respectively. The results inthdathe BCI would be applicable
to over 90% of the people, and with high ITR. It should be ndked the usable stimulus
frequency range is different for each subject and the rasg®i necessarily continuous
(Figure 1.18).
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Figure 1.18: Left: Fast Fourier Transform (FFT) of the EEGantthe subject was attend-
ing a 17 Hz stimulus; the corresponding peak is clearly \eséimd over a threshold value.
Right: Signal-to-noise ratio (SNR) of the stimulus in rarmfé to 45 Hz; it has peaks at
15, 32, and 42 Hz, and minimum values at 5, 30, and 37 Hz. Addpten Wang et al.
(2006).

1.2.8 Invasive BCI control by a tetraplegic

In this rare occasion of invasive human brain-computerriate experiments, a 10 x
10 electrode grid of the size of 4 x 4 mm (Figure 1.19) was imf@d into the primary
motor cortex (M1) hand area called the 'knob' in the left heptiere of the patient's
brain (Hochberg et al., 2006); the patient's complete pégia, caused by spinal cord
injury (SCI) to C4 (ASIA A), prevented movement below the kethe recordings were
gathered in 57 consecutive sessions during 9 months. Thengph the MI area was

found to be still present three years after SCI.

The patient's task was to imagine series of movements; tkergbd patterns were sim-
ilar to patterns seen in monkeys. A linear Iter algorithmtlvimanually placed time-
amplitude windows was used during a technician-guidedacdadlowing task; because
of the linear Iter, however, the xation of the cursor to angjle location was dif cult. The

subject acquired 73-95% of the targets in the center ouf teish mean time of 2.51 s per
target; as a comparison, able-bodied performed the sarkesasy a computer mouse in
a mean time of 1.06 s per target. The patient also practicegpecate other devices: an
e-mail program, a paint program, a hardware control intexfr volume control etc., a
video game 'Neural Pong', and two robotic devices (a prastheand for object grasping,

and a multi-jointed robotic limb for object transportatjoiihe learning of these tasks was
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Figure 1.19: (a) The implanted electrode array placed orofapcoin. (b) The 10 x 10
array of microelectrodes. (c) The implantation area in kefinisphere. (d) The patient
participating in the experiment. Adapted from Hochberglet2006).

fast and they were performed while the patient was talking.

1.2.9 Readiness potential and mu-rhythm event related deeghro-

nization

The Berlin BCI (Blankertz et al., 2006) requires minimal gdb training, relying on ma-
chine learning technigues; both the readiness potentiakiisas the event related desyn-
chronization in the 7-14 Hz band serve as the control feat(ffeggure 1.20). The rapid
control of the readiness potential and the event relategiadsonization was achieved in

initial sessions by imagining left hand, right hand and feevements without feedback
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for several sessions. A binary classi er was trained oneediscrimination accuracy of
two of the imagery types reached 75-95%. EEG was measurédld@ electrodes along
with electro-oculography (EOG) and electromyography (EMGhe subjects learned to
use three different feedback applications: a horizontedana rate controlled horizontal
cursor, and a baskets game with a horizontally controllegpping ball. The subjects
achieved average accuracies of 80-95% and average infomta&nsfer rates of 7-25

bits/min, depending on the feedback application.

Figure 1.20: The mu-rhythm event related desynchronindiilecreased band power) in
the hemisphere contralateral to the side of real nger tagpthe tapping intervals are 2
s (left) and 1 s (right). Adapted from Blankertz et al. (2006)

1.3 Learningto use a BCI

The subsequent section reviews the principles of humanilggand instruction, learning
BCI with feedback, imagery techniques for brain activitydntation, and considerations
of parallel machine and human learning. These topics ctreentiman behavioral aspects

of BCI operation and are important for all BCI research.
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1.3.1 Principles of human learning and instruction

No general view or uni ed theory of learning processes orridtiuctional methods ex-
ists; the views, theories, and studies in the eld are baged wariety of non-pervasive
assumptions. The studies are affected by numerous apeticatds with their own ap-

proaches and interpretations (Glaser and Bassok, 1989).

The study of instruction concentrates mainly on three aateg: competence (knowl-
edge and skill) of the students, initial competence andtglof the students, and learning
process to acquire desired competence. The study of congeet@cluding memory and
language, has received most attention; the least studeadigshuman learning, which is
most related to BCI research. New skills acquired duringlélaening process have been
suggested to develop from a propositional approximatiave!l-tuned functional struc-
ture; according to the knowledge compilation theory ACE #tquired skills and knowl-
edge gradually become chunked (compiled and optimized)pnstiously performed,
and automatically applied. Skill acquisition occurs dgrproblem solving; the problem
should be presented in ideal problem-solving structureiggiin the right direction; im-
mediate error correction, and the model provided by an éxgesure maximal correct
performance. For ef ciency, the memory workload causedh®yeénvironment should be
minimal during skill acquisition. Self-regulation (moaitng) of skills, frequently used
by experts in different elds and professions, enhancektiwviedge of the applicability
of the skills; skill monitoring strategies include quesiilng, clarifying, summarizing, and
predicting; at nal stage the student may be able to sekatithe learning process. The
learning process can also be supported by cooperative &rddtive learning with other

students and the expert. (Glaser and Bassok, 1989).

Learning to self-regulate imagined motor movements is armomcontrol strategy for
BCls; thus motor skill learning is important. Recent in@ean the number of studies in
motor skill learning processes has prompted some confusigarding the participating
neural structures and mechanisms; there exists a needrfiplete theories supported by
experimental data. A recent motor skill learning theorygmees that motor control pro-

cesses are the basis of skill learning. The control-bassatytconsists of 3 principles: the

28



neural separability principle (anatomically distinct {safior separate motor components),
the disparate representation principle (cognitive congods have differing representa-
tions), and the dual mode principle (conscious or autonatecution). These princi-
ples form a parallel network architecture with two mecharsof skill learning: learning
through individual process tuning and learning throughstinategic process. The individ-
ual process tuning may alter perceptual-motor integragegquencing, and other dynamic
processes; only when movement is executed out of awarendg$sedback on movement
accuracy is available, the learning may occur in small ckang@he strategic process may

select high-level goals, such as goal for movement, whihscimus. (Willingham, 1998).

In spite of recent increasing efforts, the integrative medémotor skill learning have just
begun to emerge, combining the neural mechanisms with quely presented learning
theories (Hikosaka et al., 2002).

1.3.2 Learning with feedback

Feedback provides instant or delayed information on theess of solving a problem
or carrying out a task; in BCI context, feedback on brainvégtassists in learning self-
regulation. Self-regulation of a displayed EEG signal deatis the focus of the tradi-
tional biofeedback approaches; biofeedback traininggmals on frequency bands 12-15
Hz and 15-18 Hz led to signi cant control over the correspiogdrhythms compared to
a non-trained control group (Egner and Gruzelier, 2004k 3lmort term role of feedback
was assessed by removing the feedback from random triatsés@eriment where a cur-
sor was controlled with mu-rhythm activity (8-12 Hz); thentwl ability was retained
without the feedback and thus unaffected by the feedbaclkévland et al., 1998). With
continuously presented visual feedback, in course of ségesssions, subjects achieved
average accuracies of 95%; instantaneous feedback caerthasce classi cation accu-
racy (McFarland et al., 1998).

The two main strategies during subject training and legymiith feedback are operant

conditioning and prede ned imagery instructions. Imagstsategy focuses on instruct-
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ing the subjects to imagine speci ¢ motor movements or nanentasks, such as object
rotation, for which the responses detectable and well-kmolihe focus of operant con-
ditioning strategy is in achieving the control regardle$she actual source of control;
the actual mental tasks performed by the subjects, howeasr,greatly. The voluntary
control with both strategies in the optimal case shoulden#eless, become unconscious

and fully automatic. (Curran and Stokes, 2003).

Feedback is mostly presented to the user through the visodality (Wolpaw et al.,
2002). The other possibilities include auditory and hafitictile) feedback. Haptic feed-
back discrimination ability was evaluated in a study présgractile icons with varying
rhythm and roughness to the subjects; subjects achievedlbrerognition rate of 71%,
and a rate of 93% for rhythm discrimination (Brown et al., 800The learning speeds
with auditory and visual feedback modalities for BCI werengared in two multimodal
feedback studies: the results with auditory feedback wignei santly worse than with
visual feedback (Hinterberger et al., 2004; Pham et al.5208 preliminary study com-
paring visual and haptic feedback for BCI concluded thahwibth modalities the learn-
ing speed was equal; both haptic and visual feedback coufdté equally used in giving
feedback (Kauhanen et al., 2006).

Motivation affects the effectiveness of learning; intdiynanotivated (self-motivated) in-
dividuals learn faster and have greater possibility to @ahicontrol than individual re-
quiring external motivation such as rewards. In the thedryoous of control of re-
inforcement (LOC), individuals with internal LOC evaludtee feedback through their
performance or personality, and individuals with extedn@IC consider the feedback as
good or bad luck, or destiny, independent of the individuaWn performance. Seventeen
novice subjects without previous BCI experience partit@dan a experiment; those with
strong internal LOC could perform better with the BCI thaongk with ordinary LOC.
(Burde and Blankertz, 2006).
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1.3.3 Imagery

Imagery strategies are a common way to induce control oves dimmain activity; the
well-studied motor imagery, for instance, produces atitwes over the motor cortex
(Pfurtscheller and Neuper, 2001; Neuper et al., 2005; LatmkHalsband, 2006; Curran and Stokes,
2003; Jeannerod and Frak, 1999). Imagery is consideredagsnty of brain areas in-

volved in particular tasks; the resulting action is preeehat some cortico-spinal level
(Pfurtscheller and Neuper, 2001). In addition to motor ierggother mental tasks have

also been used in BCI control; the Cooper-Shepard mentioottask in particular has

been, however, related to motor processes (Wexler et &8)19

Motor imagery can be described as conscious processingw#ment intention; the brain
areas for execution and planning are highly overlappingl, @actions of autonomous
systems are similar to execution of real motor movements$z¢ and Halsband, 2006).
Signi cant improvements can be achieved by training atdetnd musicians with motor
imagery; professionals often use more imagery than amatédotor imagery can also
be de ned as the simulation process of an action within tterb(Decety, 1996). Even
increases in muscle force are possible with mental traimind imagery, without any
muscle activations. On the other hand, brain-damagedniatare unable to imagine
actions requiring the damaged parts of the brain; patieriis Rarkinson disease and
brain lesions exhibit de cits in both real and imagined mments in the affected regions
(Decety, 1996).

The imagined movements can be experienced in rst persohial person perspective;
rst person perspective corresponds to kinesthetic imaged the third person perspec-
tive to visual imagery (Decety, 1996). Kinesthetic motoagery induced brain activity
has been shown to be more distinguishable from backgrouaid lctivity than visual
imagery (Neuper et al., 2005), and kinesthetic imagery lentshown to better mod-
ulate corticomotor excitability than visual imagery (Star et al., 2006). Thus imagery

strategies should focus on kinesthetic experience of miotagery.
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1.3.4 Machine vs. human learning

Two rough categories of BCI systems exist; the BCls in the aategory rely mainly
on machine learning, neglecting the human counterpart (\VA3PO0); and the BCls in
the second category depend mostly on the learning abilihuaians to control and self-
regulate signal features (SCP, SMR, RP). Both of these appes suf ce for BCI use;
the inability of one independent system to adapt to anotiwevever, may create an upper
limit on the combined performance of the systems; theseesystre also susceptible to
non-stationarities in either of the systems. Similar latiins can result from different
learning speeds and learning cycles of two adaptive syst@masbiased estimates caused
by recursive feedback loops. An assumption of continuoaesmse in performance dur-
ing training with feedback does no longer hold; upper peniance limit of 80% is some-
times reached after several sessions of training (Pfuetkrtand Neuper, 2001). Mutual
learning of the two systems, human and machine, is theresential for successful BCI

operation (Wolpaw et al., 2002; Millan Jdel and Mourino, 2R0

1.4 BCI applications

The purpose of brain-computer interfaces is to create a aamgation channel to an

application, which would help the user to accomplish taskbaut a caregiver. These
applications are speci c to different user groups and thell®f assistance is also very
different. This section reviews the current direction ie teld on these issues and sum-

marizes current trends in application research and deveop.

1.4.1 User groups and their needs

Discussions held at the Third International BCl meeting ibaky, NY, June, 2006,
concluded that potential BCI users would be patients withese progressive or non-

progressive disabilities: those suffering from diseasgsties, or functional impairments,
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or being completely locked in (Kibler et al., 2006). An img@amt group without any
residual communication capabilities are the individualhwotal motor paralysis, caused
most frequently by the late stages of amyotrophic laterldresis (ALS) (Kubler et al.,
2006). The primary goal of the BCI system is to provide paieneans to express their
needs to their caregivers and improve the quality of thesngday life. The ultimate goal
of the research is to relieve the patients of constant neéelpfand to provide indepen-

dent control of their own environment (Wolpaw et al., 2002i#er et al., 2006).

Other groups bene ting from BCls are those needing anotberraunication channel in
addition to available ones which might be blocked for sonepuse; it has applications
in military, transportation, space navigation etc. Theeegiainment sector, including gam-
ing, video and music industries, could also bene t from hraomputer interfaces. For
all user groups, inexpensive, reliable, and ef cient BQis meeded; EEG-based BCls are
currently closest to meeting the requirements and in aatdtiave the ability to work in

most environments (Wolpaw et al., 2002).

1.4.2 BClIl as a part of assistive systems

Typical BCI applications provide basic communication dafiges: a 'yes-no' answer-

ing program, spelling programs, and a text writing prograf.BCl system can also
restore a patient's mobility and movement of the extremitieand grasping is realized
with a prosthetic device or with functional electrical stitation. (Pfurtscheller et al.,
2000, 2005), and transportation is made possible with atliggnt wheelchair or a robot
(Millan Jdel et al., 2004). Various applications, like rdiccarms and spelling programs,
can be connected to a BCI with stable and universal contgrats (Hochberg et al.,

2006). A real-time computer game was also integrated witich(Blason et al., 2004).

Although high accuracies over 90% can be reached with taescBCls based on self-
regulated brain activity, the control of the applicatioas ®de inherently dif cult because
of errors and low information transfer rates; increasing tltumber of classes increases

the information transfer rate but requires ef cient classs to reach equivalent informa-
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tion transfer rates in two-class classi ers. To allevidie problem the assistive systems
have be designed to minimize the needed information tranafe, and to maximize the
adaptation of the application to the user's behavioralggatt. One way of ITR minimiza-
tion is to reduce the amount of required choices by nite estatitomaton of high level
commands (Millan Jdel et al., 2004); A mobile robot execwi®®oth turns, and enters
rooms, according to the current command, until the next alestate changes the com-
mand. Maximum adaptation is sought in the writing progradSBIER, where selectable
groups of letters can be optimized according to the usendagg and the list of mostly
used words (Wills and MacKay, 2006). In shared autonomy thartze between human
and machine control is adaptively altered according to #pabilities (ITR) and alertness
of the user; the wheelchair can be in complete control of g or a selected level of
assistance could be given, including obstacle avoidandeaatonomous navigation to a
designated goal (Nuttin et al., 2001).

1.4.3 Current trends in research and applications

The focus is moving into developing brain-computer integfalevices, which could be
used and maintained in home environment with relative egseon-expert caregivers
(Klbler et al., 2006). To verify the applicability and uskeiess of the BCIs to patients,
larger patient populations should be used in experimemsducted in home or hospital
environments. To speed up BCI system development in lafoeat a general purpose
BCI software, BCI2000, was developed (Schalk et al., 20043pite of growing interest

in invasive studies, most BCls in future will still be basenl the scalp-recorded EEG
(Birbaumer, 2006). The motivation and the psychologicaldition of the patient greatly

in uence the performance and usefulness of the BCI operagpgdication: identifying po-

tential users requires screening procedures (Kubler,e2@0D6). A recent study surveyed
the ability of 99 healthy, novice volunteers to control a B@la short 20-30-minute,

2-session experiment; 93% of the volunteers achieved ac@as above 60%, indicating
wide-ranging BCI operating capability in general popwat{Guger et al., 2003). The
overall goal of the research is the improvement of the BCtihhaire and software systems,

improving the bit rates of the BClIs to enable the control af@asingly complex devices,
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and the improvement of the patients' quality of life (Cintcet al., 2006; Sykacek et al.,
2004).
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Chapter 2

Methods

The experiment was designed to enable comparison of hapligiaual feedback during
BCI training. The subsequent section describes the expetahsetup, the classi cation

methods, and the TKK BCI system, which was used in the exgerisn

2.1 Experimental setup

Six right-handed 22- to 26-year-old able-bodied subjeate (female) with no previous

experience of BCls participated in the experiment.

EEG was recorded at 13 locations over the sensorimotor)c¢Rigure 2.1) with the
BrainProducts 32 channel active electrodes system comhiite BrainProducts BrainAmp
ampli er (http://www.brainproducts.com). The electraden the cap comprised built-in
ampli ers, impedance level indicators, and active electagnetic shielding. The sam-
pling frequency was 500 Hz, and the reference electrode inaead between Fz and Cz.

The signals were lItered in the ampli er with a band-passettbetween 0.1 and 250 Hz.

Subjects were seated comfortably in an acoustically aradredelly shielded room, facing
a monitor that displayed a simulated wheelchair from ab&igure 2.2). The wheelchair

was autonomously controlled in a maze by a computer whilesthgects controlled the
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Figure 2.1: The positions of the 13 EEG electrodes over moaoiex. Reference was
situated between Cz and Fz and ground in front of Fz. Therelges locations on the cap
were in accordance to the international 10-20 system. Astbfpom ACNS (2006).

BCI; the purpose of the maze was to distract the subject awdtalmake the current task
predictable (Figure 2.3). A red task indicator was situaejdcent to the wheelchair. The
maze, where the wheelchair navigated, was an in nite cacgbrridor with obstacles

requiring left and right turns.

The red task indicator was displayed in left, right, or upsvposition (Figure 2.4): in left
and right positions, the subject's task was to imagine cwoatiis, kinesthetic movements
of the respective hand. They were allowed to relax, move,diné eyes in the upward
position, and prepare for the following movement. The taskse predictably changed
online by the experimenter from left task to right task, gpirough upward task, and in
reverse order. Each left and right task lasted 5 to 10 s and @jaward task lasted 1 to
2 s. The left and right tasks were alternated by experimdatapproximately match the

path taken in the environment by the wheelchair.
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Figure 2.2: Subject sitting comfortably in front of the semedisplaying the wheelchair

simulator. The subject receives visual feedback throughstiteen and haptic feedback
with the vibrotactile elements placed on both sides of treelud the neck. The subject is
wearing the BrainProducts ActiCap with the 13 electrodésched to the cap.

Figure 2.3: Top view of the wheelchair simulator program.eThd task indicator and
the green visual feedback are displayed below the blueredlmbot. The wheelchair

navigates in an in nite corridor with obstacles.
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Figure 2.4: The red visual targets to the left, up, and riglgplayed adjacent to the
wheelchair in the simulator program window. The experineetitad the possibility to
change the direction of this indicator at will using the kegix.

The experiment consisted of nine 4.5-minute sessions (€&igwb). The rst session in-
cluded no feedback. Both feedback modalities, haptic aswkj were presented simulta-
neously in sessions 2 and 3 to familiarize the subjects Wit Subjects S1-S3 received
haptic feedback in sessions 4 to 6 and visual feedback inogssg to 9. For subjects
S4-S6 the order of the feedback modalities was reversedt Bleaks were kept between

sessions.

Figure 2.5: The experiment session structure. The expatimensisted of nine 4.5-

min sessions. The rst feature selection was based on thesession, in which the

subject received no feedback. The second feature selestignbased on the data of
second session and the nal feature selection on the dataaningl and third sessions;
the subject received both feedback modalities in thosemessThe order of haptic and
visual feedback modalities was chosen for sessions 4 to & &mé before the start of the
experiment.

In sessions 2-9, the subject was given visual or haptic f@edbr both once every second;
the class probabilities of the newest features determimeditection of the feedback. The
visual feedback was displayed with a rose, a circle dividaiizZontally and vertically into

four equal sectors, in the middle of the simulator screeh &igreen segment in each of
the four directions. The left and the right segments appkfare200 ms depending on the

output of the classi er (Figure 2.6). The haptic feedbaclofstactile stimulation) was
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given for 200 ms at 200 Hz with the EAI C2 device (www.eaiicfum) with detachable
vibrating elements attached with tape to the left and rigihe ®f subject's neck, above

the neck-shoulder junction (Figures 2.2, 2.7).

Figure 2.6: The green visual feedback displayed adjaceahetaheelchair in the simula-
tor program window. The green sector was visible in one dioedor 200 ms once every
second during visual feedback sessions.

Figure 2.7: The detachable haptic (vibrotactile) feedbaleiknent, which was attached
with tape to the left and right sides of the base of the sukjeetk. The elements generate
vibration by electromagnetically moving a block inside giement.

2.2 Classi cation

Motor planning, execution, and self-regulation of imagimaotor movement typically
display rhythmic behavior in the mu- (8-12 Hz), beta- (1828, and intervening bands.
The rhythmic activity resulting from motor imagery was as®d to be contained within
the 8-30 Hz range. One instantaneous spectral power valseused as a feature for
each EEG channel. The rhythms vary between subjects andasigamedictive frequency
bands are not known prior to the experiment. We used a featlextion algorithm to

nd optimal features for each subject.

The features were calculated once every second by congpthi EEG signals in each

channel with Gabor lIters. The de nition of the Gabor Itesi
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2
w.t; fo/ D Aexp.z—tzl exp.j2 fctl; (2.1)
t

wheret is the time position within the lter,f. the center frequency of the IterA the

amplitude normalization coef cient, and is the scale of the Iter in time domain.

The scale of the Iter in frequency domain is given by

1
f D Z—t; (2.2)

characterizing the tradeoff between time and frequenayluésn. The time scale of all
lters was set tols D 0:3183 and the lengths of the Iters were limited to 2s.
We used a linear model as a classi er with a logistic outpuattion (Bishop, 1995), given

by

1 .
1Cexp yn'’

wherep t D 1jy-" is the model of the probability for clas<D 1 given feature vector
x-" and parametens. t-" indicates class membership and can have integer values [0 1]

andy" is the corresponding latent variable related to sampley " is given by

y.n/ D WTX.I’]/; (24)

wherew is a vector of model parameters, weights arfl is the sample vectan/.

The classi er parameters were updated online once evemyrebwith the iterative least
squares algorithm (McCullagh and Nelder, 1989). A preditif the current class was
made once every second for the newest sample before regahihe model; a maximum

of 300 most recent samples$ min of data) with correct class labels was used as training
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data for each class.

In feature selection, subject-specic center frequencigsas well as the in uence of
each channel on classi cation result, were determinedguBiayesian inference. Markov
Chain Monte Carlo (MCMC) methods were used to draw samptes the joint posterior
distribution of the model weights and input featurex:™ (Jylanki et al., 2006). Instead
of sampling the parameters of the linear model directly, agS&n process prior was con-
structed for the outputs of the linear model, i.e., the lataniablesy:™” (Rasmussen and Williams,
2006). MCMC sampling was done by repeating three steps. itiylonte Carlo (re-
vised in Neal, 1996) was used to sample the latent varialives gnput features. Given
the latent variables, the centre frequencfesvere sampled with Slice sampling (Neal,
2003). Reversible Jump Markov Chain Monte Carlo (RIMCMC3} waed to jump be-
tween models with different input feature combinationsg@&r, 1995). The linear model
was treated as a Gaussian process, i.e. the parameterdiattiremodel were integrated
out, to facilitate the sampling of Gabor frequencies anduh®s between different input
con gurations. As a criterion for selecting features, wgueed a given channel and the
corresponding center frequendyto be included in the model with suf ciently high pos-
terior probability; we chose six or more of the most probdbkgures for which the joint

probability exceeded 0.25.

The feature selection was done during the breaks aftersesito 3 (Figure 2.5). After
sessions 1 and 2, the best center frequefadpr each channel was determined based on
the data from the previous session. In sessions 2 to 3, thectdpeci ¢ center frequency
fc from each of the 13 channels was included in the model and taehwas trained
with data from the previous session. After session 3, usatg tom sessions 2 to 3, the
sampling of input channels was combined with the samplinthefcenter frequencies,
fc, to determine the nal features. With the nal features wétialized a model, which
then was used in sessions 4 and 7. The model was trained amlsessions 2-5 and
7-8 (Figure 2.5). The model was tested, without any additidraining, in sessions 6
and 9. The classi cation results were saved in a confusiotrimgsee example in Table
2.1), which describes the amount of correctly and incolyedassi ed single trials of the

individual tasks.
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Table 2.1:An example of a confusion matrix. Single trial results folaak are added to
corresponding elements of the matrix. The elements in thieixrdiagonal indicate the
number of single trials that the subject was able performembly. Overall performance
(accuracy) can be calculated by dividing the sum of the diagelements with sum of all
elements. In the example the overall accuracy is 88.9%.

Classi cation
Result
Left Right
Left | 101 20
Right| 7 116

Task

2.3 TKK BCI system

The BCI system (Figure 2.8) comprises the ActiCap BrainBetgl 32 channel active
electrode System, the robot simulator program, the hapidcd, Matlalr for signal
processing and the graphical user interface, and the ma&+-£tontrol program for

integration and experimenter control. The BCI system runa ®C with Windows XP.

The Vision Recorder software (Figure 2.9) receives amplisggnals from the EEG mea-
surement device; various settings including Itering seds and recorded channels can
be changed within the Vision Recorder program. BrainPréglpovides a TCP/IP server
for the Vision Recorder, which enables data transfer to rgpinegrams; in this case the
main control program connects to the TCP/IP server and coatisly retrieves the data
from the Vision Recorder server. The Vision Recorder andaigcquisition needs to be

started before the main control program.

The robot simulator displays a wheelchair navigating inmwated environment, cues
(tasks indicators), and visual feedback to the subjectufiei@®.10); the simulator and a
TCP/IP command interface were designed and created by tharideent of Mechanical

Engineering, KU Leuven, Belgium. The simulator accepteratg and goal commands
through TCP/IP from the main control program. The simulatigo needs to be started
before the main control program. The main control prograso alontrols the haptic

device. The haptic device (EAI C2 -device with 8 vibrotaz#lements) is connected to

the PC with a USB cable and is operated through a virtual comcations port with a
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Figure 2.8: A schematic overview of functional relation aygkration of the TKK BCI.
The parts of the program are the main control program, theingerface, the simulator,
the haptic device, The MathWorks Matlah and the Vision Recorder. There is either
one-directional or bi-directional data ow between thetgys parts. The functions listed
for each of the parts are only for illustration of the funciadity.

Figure 2.9: The visualization window for EEG data in the ¥isRecorder software. Each
channel is presented on separate rows with the name anddledahat channel; the
scale of the channels and the set of channels can be changext@suitable if required.

Triggers from other programs through an interface on tha datuisition card appear on
the bottom of the EEG screen as tick marks with a letter andhaben
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custom driver (COM -port). Parallel port communication Iscaavailable for sending

additional triggers to, for instance, PresentatkdiiNeurobehavioral Systems).

Figure 2.10: A top view of the simulator program window; trembined task indicator
(red) and visual feedback (green) element is located beh@wtheelchair (blue) in the
window. The window opens to full screen in the monitors lechin the measurement
room and the EEG control room.

Matlabr (The MathWorks) handles both the signal processing cafiabiand the graphi-
cal user interface (GUI) of the BCI system through a Matdingine -connection. Matlab offers
exibility in the implementation of the signal processintgarithms; the exibility allows
preprocessing of the signals with combinations of variaugt@m algorithms, and classi-
cation with a set of linear and non-linear classi cationgalrithms. The graphical user
interface (Figure 2.11) is based on Matkafsuide framework with built-in windowing
and event handling environment; the subject informatiomagament and experiment
control systems were implemented with necessary funditgn@he most important set-
tings affecting the experiment can be changed through thiiabla GUI, including the
type, the duration, and the frequency of the feedback. Th#adlda GUI initializes a
model structure, which consists of the parameters of thestkxr and all experiment pa-

rameters including the subject information. The model igedaafter each session with
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the EEG data in Matlab format and can be reused and trained further in later session

Figure 2.11: The graphical user interfaces (GUIs) for scthjganagement and experiment
control. The subject management window (left) allow fonittpng the name, the age, the
gender, the handedness, and the anion-inion distance bfsedgect to be stored along
with other experiment information. The experiment contnohdow (right) allow the
changing of the type and the length of the feedback, and ttimge of the classi er
model, such as adaptation settings and the base model. arharsdl stop buttons control
the start and end of a session in the experiment.

The main control program is implemented with C/C++ prograngrlanguage and its
functionality is customized for BCI purposes. The prograravirles a multi-threaded
environment for simultaneous, asynchronous communicatith the other parts of the
systems. The keyboard of the PC is directly connected to #ie oontrol program, for
instance for giving new instruction or goals to the subjdtte remaining settings can be
changed within the user interface of the program before dted an experiment; several
infrequently changing hardware related settings and @mgdogic can be modi ed in the

program source code.

The main control program consists of three threads (Figu8g @ne main thread for pro-
gram execution and peripheral device control (simulatdrfzaptic device), one thread for
data acquisition from Vision Recorder through TCP/IP, and thread for signal process-
ing and classi cation in Matlal® through Matlalr Engine connection. The rst thread,
the main thread, initializes all device connections andother threads, starts the graphi-

cal user interface, and then waits for further commands aesbages from other threads.
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The main thread sends commands to the simulator based @djgerlassi cation results
from the classi cation thread; the same commands can alsebgeto the haptic device.
The selections of feedback modalities by experimenter @otimer settings are read from
the GUI into the main control program in the beginning of gveession. These settings
are available for customizing session settings in the C/Cade without requiring the

recompilation of the source code.

The second thread, the data acquisition thread, contiyoesieves new signal data
from TCP/IP server of the Vision Recorder software; new dataavailable every 10 or
20 ms, depending on con guration of the Vision Recorder. EBREG-channel in Vision
Recorder is stored in two matrices, which hold the unuseentedata and a previous his-
tory of data from a xed time period; these buffers are storeilatlabr workspace and
passed as parameters of the classi cation function. Theiceatare persistent and the
contents of them can be changed during the classi cationtfan call. The thread is also
able to read and store markers (triggers) from Vision Reegrehabling external trigger-
ing and time-locking. All EEG data (including the markeisjing information and task
labels) is also saved to les in local hard drive in MatiRland Vision Analyzer formats

for later of ine analyzing (in addition to saving the data meally in Vision Recorder).

The third thread, the classi cation thread, connects tolda with Matlabr Engine and
periodically transfers buffered EEG signal data to MattabMatlabr executes an user-
de ned online_classi cation_adapt() function with the BEsignal from all channels and
other classi cation related parameters, such as curresit; thhe signal data comprises
all the channels selected in the workspace of the Vision Riecgrogram. The function
returns the classi cation result and the certainty of theute The rst thread reads those
classi cation results and sends the corresponding stgenu acceleration commands to

the wheelchair simulator, and the feedback commands toaptddevice.
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Chapter 3

Results

The following section describes the classi cation resaltsl selected features for all sub-
jects, and time-frequency representations and evenerefattentials of the responses to

haptic stimulation for one subject.

3.1 Classi cation

The classi cation accuracies for left and right motor imagare shown in Figure 3.1 for
the six subjects during the training with haptic and visealdback; on average there were
206 classi cations during each individual session. Therall@ccuracy for left and right
hand imagery discrimination of each individual session ealsulated using the correctly
and the incorrectly classi ed trials in the confusion matr$1 obtained the best accuracy
of 88.8% in session 7 with visual feedback; the average acywf all subjects in sessions
4 to 9 was 68%. S1-S3 received haptic feedback in session6 drid visual feedback in
sessions 7 to 9; for S4-S6 the order was reversed. S6 did needxhe accuracy of 60%

during the experiment.

The average accuracies of each subject with haptic andlVesdback are presented sep-

arately in Table [2]. The average accuracies for both feekllmaodalities are close to
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Figure 3.1: Individual subject performance (accuracy)imyisessions 2 to 9, in which
they received feedback. Sessions with haptic feedbackndreated with blue lines and
sessions with visual feedback with red lines; familiai@atsessions, 2 and 3, are indi-
cated with thick dashed black lines. The thin black dasheekliconnect the sessions of
the individual subjects.

equal. S1 achieved the best average accuracies, 79% fohaptic and visual feedback.
S4 was the second best, achieving 79% with visual feedbatl6@¥o with haptic feed-

back. Sessions 6 and 9 were reserved for testing the clasabéels with both feedback
modalities without training them during the session. TéB]shows these results for each
subject with both feedback modalities. The average testteegcross subjects with haptic
and visual feedback are also nearly equal, 66% for hapticcafd for visual feedback.

S1 achieved the best accuracy, 79%, with haptic feedbaclSdrntle second best, 78%,

with visual feedback.

The average accuracies for S1-S3 and S4-S6 during the loaipigual feedback sessions
are displayed in groups in Figure 3.2. The results for hagtit visual feedback are sim-
ilar for S1-S3 (72.9% and 69.8%, respectively); the redolthiaptic and visual feedback
are also similar for S4-S6 (60.1% and 65.3%, respectivelyle counterbalanced train-

ing, starting with either haptic or visual feedback, showsadvantage for training with
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Table 3.1:Average performance for S1-S6 with haptic (HF) and visud)(¥éedback in
sessions 4-6 and 7-9; S1-S3 received haptic feedback a®b Sibual feedback in ses-
sions 4-6, with the feedback modalities changed for sessleh The average accuracies
for haptic and visual feedback across all subjects areyegral, close to 68%.

‘ S1 S2 S3 S4 S5 S6 MeanSD
HF| 79 70 70 68 59 54 67 9
VF|79 65 65 79 64 53 68 10

Table 3.2: Test session (sessions 6 or 9) performance f@6S@#4th haptic (HF) and
visual (VF) feedback. The average accuracies for haptidifaek and visual feedback
over all subjects are close to 67% and again nearly equal.

‘ S1 S2 S3 S4 S5 S6 MeanSD
HF |79 77 74 53 59 56 66 11
VF |71 67 68 78 62 56 67 8

either of the feedback modalities. There was high withibjsct and between-subject

variability in the individual sessions.

Figure 3.2: The accuracies for S1-S3 and S4-S6 in individaasions when the subjects
were receiving either haptic or visual feedback. Accumdreindividual sessions are
presented in gray and average performances in yellow color.
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3.2 Features

The selection of the nal features (Table 3.3) with the Markohain Monte Carlo fea-
ture selection algorithm occurred after session 3 for eadlest based on the data from
sessions 2 and 3; the selected features were then used ionse$4o 9. The algorithm
selected linearly the most separable features over theek3retle locations (channels)
over sensorimotor cortex. Central electrodes over left aglt hemispheres (channels
C3 and C4) were selected for all subjects; otherwise thetezleslectrodes depended on
the subject. The signi cance of the central electrodes Fz@nwas low for most of the
subjects. The most commonly selected frequencies sitwathoh frequency bands 9-12
Hz and 19-24 Hz.

Table 3.3: The features selected after session 3 for eagectubA maximum of one
frequency was selected for each of the 13 channels. Theréeatlection resulted in
selection of channels C3 and C4 for all subjects; the fregiesron those channels were
also mostly in mu -rhythm band (8-12 Hz).

Fz FC5 FC1 FC2 FC6 C3 Cz C4 CP5 CP1 CP2 CP6 Pz
S1 12 9 24 12 24 23 12
S2| 9 9 9 12 10 10 12 12
S3 9 17 12 12 11 16
S4 11 9 11 9 10 10 10 13 10 10
S5 29 9 9 22 19 14 21 12 20
S6 9 8 9 12 10 22 9 12

The average posterior probabilities of the electrode loaatfor each subject in sessions
4 to 9 are shown in Figure 3.3; the posterior probabilitiesemealculated for the best
Gabor lter in each electrode location with the Markov Chéionte Carlo feature selec-
tion algorithm. For half of the subjects (S1-S3) the mostantgnt electrode locations
(channels) for classi cation in sessions 4 to 9 were C3 andn@ high probabilities
(85-97%). For S4 the most important channels were C3 and d®P6probabilities 85
and 100%. The location and the distribution of the relevéatteode locations show vari-
ability for S5 and S6. Subjects with consistent electrodations and features achieved
better results compared to subjects with no consisteng¢ipetiof activations; S1-S4 with

clear patterns achieved higher results than S5-S6. Thecbkastr frequency for S1-S3
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was 11.5 Hz for channels C3 and C4; for S4 the best centerdrexyuvas 10 Hz for both
C3 and CP6. The best center frequency varied greatly for 8 sérbetween 8 and 14 Hz;
no best frequency can be identi ed. The center frequenchefitest Gabor lIter varied
within 1 Hz even for the best channel for the best S1; for otluject the variability was

greater.

Figure 3.3: The average posterior probabilities of elatgrtocation and one gabor |-
ter during the 6 training sessions. Red and yellow colorscatd electrodes with high
relevancy, and blue colors indicate electrodes with lowvahcy.

The average time-frequency representations (TFR) of thaméls with highest posterior
probability in the feature selection algorithm are presdnih Figures 3.4-3.9; one channel
was selected in both hemispheres for each subject durin@dgfrow) and right (bottom
row) hand imagery. The TFRs were calculated with the sameoG#br parameters as
in the experiment. The Iters were 2 s long and the centerdeeties were placed 0.5
Hz apart from each other in the frequency band of 5 to 25 Hz. tlibewindows were
taken from the change of task to 8 s after the change from ezsgian. We averaged

26-38 time-frequency representations for each subjdutein haptic or visual feedback
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sessions; no trials were rejected prior to averaging. Theeg for S1 (Figure 3.4) and
S3 (Figure 3.6) were averaged using data from the threedfgadback sessions; visual
feedback sessions were used for average TFRs for subjedBig@e 3.5), and S4-S6
(Figure 3.7-3.9). Haptic or visual feedback sessions whosen based on the clearness

of the resulting gures; the other gures not shown here shemilar patterns.

The relative contribution of frequency components to tigmal are shown in Figures 3.4-
3.9; the red colors indicate higher contribution and thesldalors lower contribution of a
frequency. Note different scales for the band powers foheabject. S1-S3 show desy-
chronization of the 11.5 Hz activity in the hemisphere calatieral to the imagined hand;
during left hand imagery the band power decreases in the (@gintralateral) hemisphere
and correspondingly the band power decreases in the lsftgipral) hemisphere during
right hand imagery. S4 shows similar desynchronizatiohé&ftequency band near 10 Hz
and weaker desynchronization near 20 Hz during hand imagéey 10 Hz, 11.5 Hz, and
20 Hz activity mostly remains in synchronized state in thenisphere during ipsilateral
hand imagery; the band power near the mentioned frequereniesins high. During the
rst two seconds after the task change for S1-S4 the activat ipsilateral hemisphere
slowly returns to synchronized state. We could not see amgistent patterns of acti-
vations for S5 and only weak patterns for S6. The consistentlye activation patterns
directly correlates with the classi cation results; S1-8ave clearly visible patterns and

higher classi cation results than S5 and S6.

The non-averaged TFR of the activity in channel C3 and C4 foai® presented in Fig-
ure 3.10. During the period of 90 seconds the subject imagefehand movements (red
lines at the bottom of the pictures), right hand movemeritse(bnes), or did no speci c
task (black lines). During the left hand imagery the acyivit the right hemisphere is
desynchronized and the EEG band power near 11.5 Hz decydehselsand power re-
turns to average during imagined right hand movements. ddri®sponds to the average

activity seen in Figure 3.4. Similar activations can be sedhe other subjects.
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Subject: S1 -- Channel: C3 Subject: S1 -- Channel: C4
Left Hand Imagery Left Hand Imagery
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Figure 3.4: Average TFRs for S1 at channels C3 and C4, ses4iérwith HF.

Subject: S2 -- Channel: C3 Subject: S2 -- Channel: C4
Left Hand Imagery Left Hand Imagery

30
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Time (s) Time (s)

Figure 3.5: Average TFRs for S2 at channels C3 and C4, sesgidnwith VF.

3.3 Interference from haptic stimulation

We next wanted to see whether haptic feedback affects lraponses within the used fre-
guency band. The average time-frequency presentatiomyuréB.11 shows the response
to the haptic stimulation at the both sides of the neck, nregsior S1 at electrodes C3
and C4. The gures were averaged over sessions 4 to 6, wheuthject received haptic
feedback on the left side (N=309) and on the right side (NF30f% TFRs were calcu-
lated time-locked to haptic stimulation (0 ms) and averagfést baseline correction with

data from -300 to 0 ms relative to haptic stimulus onset. Adoese to the haptic stimu-
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Figure 3.6: Average TFRs for S3 at channels C3 and C4, ses4iérwith HF.

Subject: S4 -- Channel: C3  Subject: S4 -- Channel: CP6
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Figure 3.7: Average TFRs for S4 at channels C3 and CP6, s&ss4i6 with VF.

lation appears in 0-8 Hz and 30-40 Hz bands in synchrony wighoinset and end of the
haptic stimulation. Similar activation can be seen in alijeats. This response is outside

the used frequency band 8-30 Hz.

Figure 3.12 displays the event related potentials (ERP)afit stimulation to the left
(blue) and right (red) side for S1 at electrode locations 68 @4, low-pass ltered be-
low 10 Hz. The gures were averaged over sessions 4 to 6, wiereubject received
haptic feedback (N=309). A N200 peak can be seen in both Ipdries during left and

right side vibrotactile stimulation. These peaks seen ifPERave no role in real-time
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Subject: S5 -- Channel: CP5  Subject: S5 -- Channel: C4
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Figure 3.8: Average TFRs for S5 at channels CP5 and C4, s&ss4i6 with VF.

Subject: S6 -- Channel: CP1  Subject: S6 -- Channel: CP2
Left Hand Imagery Left Hand Imagery

Figure 3.9: Average TFRs for S6 at channels CP1 and CP2psss4i6 with VF.

classi cation using time-frequency transformations ie 830 Hz frequency range.
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Figure 3.10: TFRs of S1 brain oscillations in 10 to 12 Hz bandZand C4. Bottom line
of the pictures: the red lines indicate left hand imagerg,litue lines indicate right hand
imagery, and the black line indicates no speci c task. Dasesl (desynchronized) band
power is visible during left hand imagery (red lines) near ftrequency of 11.5 Hz at C3
and at C4 during right hand imagery.
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Figure 3.11: The average (N=309) TFR of the response to 200mgshaptic stimulation
at 200 Hz on both sides of the neck for S1, measured at C3 and @&&ponse related to
the haptic stimulation can be seen in 30-40 Hz range in eaxthrpi

Figure 3.12: ERPs to haptic stimulation for S1 at C3 and Cd;pass lItered below

8 Hz; the stimulation onset is at 0 ms and continues for 200 nZ9)@ Hz. The blue

line corresponds to stimulation at the left side of the nec#t eed line corresponds to
stimulation at the right side of the neck.
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Chapter 4

Discussion

These results show that subject learning with haptic feekllsaequivalent to visual feed-
back for brain-computer interfaces. On average the acmgagere 67-68% for both
haptic and visual feedback. The subjects also reportechtifatic feedback was natural
and more comfortable than visual feedback. In the short #lexperiment with 9 ses-
sions the subjects achieved high accuracies up to 88.8%tlatBCI. These accuracies
are in accordance with the respective posterior probasliof the features produced by
the Markov Chain Monte Carlo feature selection algorithmtloe data with continuous
kinesthetic imagery of the hand movements; each subjetthtmdhfeatures with stable
center frequency and electrode locations achieved avereggracies above 70%. The
selected strategy enabled the improvement of selectedrésatiuring the rst few ses-
sions while the subject was learning; however, the featsedscted for S1-S4 after the
session 3 remained close to the best features calculatedsiessions 4 to 9, indicating a
high ef ciency of the feature selection strategy. The stdddeatures were stable and can
be seen by eye in both the averaged and non-averaged TFRS5Rmd S6 the features
were unstable over the sessions and do not show in the TFRgicHeedback with vi-
brotactile stimulation elements shows only minor intezfere in the used frequency band
8-30 Hz; the associated event related potentials, althexging, have no effect on the
classi cation of frequency band features. The distraceweironment displayed on the

monitor during the feedback did not seem to prevent featelecton and high level of
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control for S1-S4; S5 and S6 might have been affected by steadiions.

The counterbalance of visual and haptic feedback allowassessment of the ef ciency
during training, without biasing the results to either oé ttreedback modalities. The
small number of subjects, however, renders the reliabdftyhese results questionable;
the within-subject accuracies in individual sessions bezanportant. To avoid tiring the
subjects, we designed the experiment to be as short as [m$sigpite of this, some of the
subjects reported tiring and loss of concentration tow#rdsend of the experiment. The
results also depended on the individual subject alertnagsetivation over the sessions.
The motivation was affected by frustration, which was a ¢gpiresponse to negative
feedback; the subjects felt contradictory feedback to budding. The subjects received
feedback only once every second based on the linear modelassthe classi er. The
linear model has limited pattern recognition capacity andstwould potentially provide
non-optimal performance. Regarding the detection of bawdep shifts, the linear model
might provide more stable output. In turn, subjects cousdrieo control the BCI more
easily than using the output of more complex classi ers. Bimine trained classi er
provided up-to-date feedback for the subjects, but theafdkiasing the model towards
one of the classes increased considerably, especially sdigact demonstrated unstable
features. Feedback received once every second might pydaetbo seldom to properly
facilitate learning; the learning is affected by the reawttimes of the classi er, which
are at best 1 s with Iter lengths of 2 s. The discrete feedhamelsented for 200 ms with
both haptic and visual modalities makes them comparableieder, possible advantages

of continuous feedback should be investigated further.

The effectiveness of haptic feedback has mostly been iigatstl previously in other
elds than brain-computer interfaces. A study on tactileric(tacton) discrimination
showed that vibrotactile stimulation can successfully oamicate information by vary-
ing roughness and rhythm of the stimulation (Brown et alQ®0 These tactile icons
would increase the information content of the feedback wdygplied to brain-computer
interfaces. Investigations of haptic feedback in conjuamcivith visual and auditory feed-
back in a collaborative environment showed signi cant imygments in actual task per-

formance of the subjects and performance perceived by thjess (Sallnés et al., 2000).
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Recent ndings indicate that for both experienced and imeigmced subjects receiving
multimodal feedback the performance in a drag-and-drok Wess improved; inexperi-
enced subjects, however, performed poorly when haptic @whifeedback modalities
were combined (Jacko et al., 2004). These two studies wawdgtty indicate perfor-

mance improvements when learning brain-computer intertese with multimodal feed-
back. This is in contrast to multimodal experiments withiteomputer interfaces.
In these studies, the subjects used self-regulated sloticalopotentials to control the
brain-computer interface with visual, auditory, and condal feedback; the results in
both of these studies indicate impaired learning in the daptbcondition. The results
further show a signi cant advantage to visual feedback carag to auditory feedback
(Hinterberger et al., 2004; Pham et al., 2005). In the presteialy as well as in our previ-
ous study (Kauhanen et al., 2006), we found no clear advantagither haptic or visual

feedback. The combined condition was not considered.

The classi cation accuracies achieved in our experimenevéd -68interaction and com-
munication; accuracies 65-90processing ([7] Kubler:@dking:2001). Typical brain-
computer interfaces have information transfer rates b@swits/min ([5] Wolpaw:2002).
In this study, however, the determination of the informaticansfer rate is dif cult be-
cause of continuous imagery without single trials, long saded task lengths, and the
feedback, which was given once every second. The purpodeegbresent study was
essentially to compare training of subjects with haptic arstlal feedback, with nal
feature selection following three short sessions. Theufeagelection algorithm analyzed
data where subject were instructed to imagine the moveniéeit and right hand, which
is the most common strategy to date in two class brain-coenpuierface; more ef cient
imagery choices, such as navigation and auditory imagenjdde used to enhance clas-
si cation accuracies if required ([99] Curran:ImageryCpanison:2003). In the present
study the classi er, a linear model, was updated onlinebéng up-to-date feedback dur-
ing the sessions, which is uncommon in the literature. A ivaiiate linear model with
online feature selection by regression and weighting wasersaccessful than a static
classi er with initialized weights ([98] McFarland:Reggion:2005). Online update was
similarly used in a brain-computer interface with a contingly adaptive classi er based

on quadratic discriminant analysis, which required cu#8](Vidaurre:Adaptation:2006).
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There are only a few classi ers for brain-computer integacwhich capable of online
adaptation without cues such as extended Kalman Iteringaafssian kernels with par-
tial labeling of samples ([27] Lowne:Adaptive:2006) andiatonal Bayesian Kalman
Itering of a radial basis function network ([92] sykacek@4). Adaptation of the clas-
si ers is essential and bene cial for the brain-computeteirfiaces in both accuracy and
long term stability. Some questions, such as how to combiieestrengths of different
approaches and how to adapt throughout continuous uderestiin open ([116] Mil-

lan:Adaptation:2007).

Our results suggest that haptic feedback could complenteaviem substitute visual feed-
back during brain-computer interface training and useviBtes studies found improved
performance in high accuracy tasks; those tasks includeathiieol of robotic wheelchairs,
arti cial arms, and complex assistive devices. Haptic fesmrk would also make vision
free for other observation tasks. Individuals with blinds@vould gain a substituting in-
formation channel, and would be able to communicate andrebsaore freely. With
multiple vibrotactile elements and a variety of tactilensathe accuracy and informa-
tion content of the channel would increase greatly. Thisetigument is essential for
tetraplegic and ALS patients who potentially have resicseaising capabilities at the
base of their neck; the neck area would provide a minimal§gulbing way to convey
the additional information from the applications to theigat. Further studies are re-
quired to con rm the usefulness of haptic feedback for feliggic patients. The current
technology with EEG, given enough training, has been shovretadequate to everyday
interaction for the patients; invasive alternatives eatdd in monkeys (Santhanam et al.,
2006) and human patients (Hochberg et al., 2006) might eediptprove to be more ac-
curate and ef cient, although currently most tetraplegicl LS patients refuse surgical
operations. The brain-computer interface systems haveetméde more reliable, ro-
bust, cost-effective, and easy to use for non-expert cagegin home environments. To
achieve those goals, the systems need to be made fully eelaptihout requiring constant
calibration and intervention. Haptic feedback should rehieve these goals in future

brain-computer interfaces.
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