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A METHOD AND SYSTEM FOR CLASSI FYI NG BRAIN SIGNALS I N A
BCl FIELD OF | NVENTI ON The present invention rel ates
wonromiky260 a nmet hod and system for cl assifyi ngCcosarons/000192
signals in a BCl system and to a data storage nmedi um

havi ng stored thereon conputer code neans for
instructing a conputer sysfemto execute a method for
classifying brain signals in a BCl. BACKGROUND Brain
conmputer interface (BCl) [J. R Wl paw, N. Birbauner,

McFar |l an Pf Ve
A BETHOE AN SV s Fen LR Bl i BRMN Gl s
control, dini cal Neuropﬂygbql ogy, vol. 113, pp.
767-791, 2002.; E. A Curran and M J. Strokes,
Learning to control brain activity: A review of the

production and control of EEG conponents for driving
brai n-conmputer interface (BCl) systens, Brain and

FIEL@??-‘IN\/EN TR - 5 1, pp. 326-336, 2003.] functions as
a rect conmuni catl on pat hway between a human brain

and an external device. As it directly uses the

el ¢a& Hr&Rint ﬁl‘VGﬁ‘@dJlre%‘ie@Brdaﬂﬁl foraetisochand Wsttsfmffﬁf classifying
resp ond| ng_to external sti

|
braim sisnals Iﬂ@\rB‘ébW&lt%}E eﬂ“%%ﬁ@t%ﬂBra@ﬁfmﬁ?'Bﬁ%ﬁlﬁ(':'gge?a/tgF%d thereon

compPaiér QBHE GHéAs fr Heetidieling ancbrptensysiemupaiteeuteoa method for

communi cat e throug& t he normal neuronuscul ar pat hway.
classifang:brait $igeale Ehh 5 dgram (EEG is one of the widely

used techni ques out of many existing brain signal
I techni ques due to its advantages such as its
BA&%&E%i ve nature and its | ow cost. Farwell and
Donchin [L. A Farwell and E. -Donchin, Talking off the
t oBraifh cyoputehinsatace BEN ¢ R. VEoipaw, T]shrBiEhaﬂm P.utMrFarlang, G.
rel 0 Eahmaﬁa&mh d
Pfu Ecgér @f“’k&@é&ﬁ@ FBFE{“ E@rjnputgll ﬁ)@é}'faQQQCf&p i an

'S0
contta,seurjucaﬂ iNesitopigsigiogyt, vak éa&tme 7§§e798f 2@@50& Br Cw@rs anghM. J.

Stroﬂesc' ?_egmlrl%g cgﬁiﬁjcﬁ %lrelm BéhAdi 4 F@v%e%mhé Brol ctRINRRIIORHS!, of EEG

conponent
CO""@OMS fo&ldavne@j br@ﬁr@qmnmé@r interipge @Csystems; Rraimand,Pagnitiqn, vol.
51, EES@%"@% 5604, r’ftuﬁ&ﬁH? 213 é%ﬂ@?@édmrﬁ@rﬁéé’u@h Yathwiag batweh a human

mat osensory stimuli. In the o I ?radﬂtﬂ th b
bran@@ﬁrglﬁnegxtqnglpjedyg As Mnch;[y y$ese [a| ec} g% ggg paﬁgo e brain's
ac:tl\ﬂiyff‘:)fre r&pbh&@hd & SxterRd sfihals hﬁ% ;ﬁﬁﬁdhldr@m&fuﬂ feoparaigzed people

'terpately 1n a rand om of % % ows
who suffer from severe neuromuscular disorders an ence’ una e to communicate
through the normal neuromuscular pathway. The electroencephalogram (EEG) is one of
the widely used techniques out of many existing brain signal measuring techniques due

to its advantages such as its non-invasive nature and its low cost.

Farwell and Donchin [L. A. Farwell and E. Donchin, Talking off the top of your
head: toward- a mental prosthesis utilizing eventrelated brain potential,
Electroencephalography and Clinical Neurophysiology, vol. 70, pp. 510-523, 1988.] first
demonstrated the use of P300 for BCls in a so-called oddball paradigm. P300 is an
endogenous, positive polarity component of the evoke-related-potential (ERP) elicited in
the brain in response to infrequent/oddball auditory, visual or somatosensory stimuli. In
the oddball paradigm, the computer displays a matrix of cells representing different
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an exanple of the matrix of cells 100 di splayed by a
conputer in the oddball paradigm A user trying to
wonpsti4s725etter is required to pay attenti on t®Ccrise2008/000192
target letter for a short while. In this process, when

the row or columm containing the intended letter
flashes, a P300 will be elpcited in the subject's EEG
which is then identified by using signal processing

and machi ne | earnin | gorj.th .One
cteraoAnsteTes PaBy PTBLaUT aleraRel I daail el fiddde 1 shows
an e%a?ﬁﬁlé‘bf ﬂh@&n@mk @ggare;mtlw c{?éidl)@edfoych édraputertin shfbp@tuaﬂ paigdigm.
exa 1 a c
A ussRe B gt alReers oo Bopl e SoE R e iAok REBNG o chor
whild &Y thidpbeds, nhed thé rdw bncolumol gahtaitingf tee dniendediletter flashes, a

co e. C hergf r r i
paof 3D B SEIH 1 Al e LB o g ed ' ing signa
procédsirisdridi madhireneamitgl algdoittirng. f or one subj ect does not

accurately apply to another subject. To solve this

probl em nost P300-based BCls usual I% first performa
s pOaé girollemi witmysisg $ke £308 in PE is tha @Egee@{ergsggeptf\fa@atlons

exist %rﬁgﬁdoﬁﬁﬁ@'iﬁ S@ef&%hge@g ﬁ(?}?%(g%:‘ﬂgél Fgev@:aﬁ"g{“?ﬂ% tand latency
Vawmnbdmtsn@rmaéap@phm@a!|PaPU|%’féan Quchygriptonsthaye fegi ipked with

mdn@%‘é dm&én%eg”lﬁ Rgnhiee cggﬁ)llit? bl%réi@rd eff:‘dhﬁ dl@é‘ pattern recognition

viewpaipt, méalobglc %Eéb@a Idg?ﬁcstoflﬁétl%ll Eﬁa?lg atﬁgl% Q; g"eaﬁHbJFBt does not

accdrﬁt@fyna;?pnﬁ Yo a%the? Pé%ﬁjef:! Croc h@ﬁé ltms qmbbl@ﬁ mode P3b@:beskdoBCls
e recorde

usuglly firsfi pﬁgfog@s%pgﬁplqjéw# E%FSE?BO@ ele:ilrg g ﬁtﬁé’cﬁtsp?élﬁc classification
moddQ ARt speaiEPiraifint &dseion 4 edbjectds revpired do flsw instructions and

fooLs GRR n?%?@ﬁ@rmh?ﬂﬁ gttt i s D BEIREG s helfa recorded.

Subk eﬂﬂy’alcéérfam compuismeaipatthros avé iPREMdnéactedd Berform the signal
n

ana&gg @n$ gq egrr}.@fﬁ%ﬁct}ﬁsglgce XY?QJIF %{(}rﬁ" @Pgé@? &6t ﬁ"lgerébo?&éd BEG.

y| ng orain

, Onéspl@bhhs with the %bcmhtralhlngmssxpo dederited sahgie |ie dhgt ihisengymally

con‘g ??é%‘%j (? te?c{ﬁB Dk ﬁ%@%\éobrbaéé& Eb‘?&aﬂé@-u\%rkhd@ ﬁurfh%?more

e prese rnvention there is provi ded ,
the r@mhememdpr memctaytraglrms&isﬁog @\ﬁmssthprpr%chg@l |mp{eH@ntatlon of

: ng the step of building a
u ajgg(?:i?-&?y@g%@%dent nodel u5| ng | abell ed brain signals
froma pool of

Hence, in view of the above, there exists a need for a method and system for
classifying brain signals in a BCI which seek to address at least one of the above
problems

SUMMARY

in accordance with a first aspect of the present invention there is provided a
method for classifying brain signals in a BCI, the method comprising the step of
building a subject-independent model using labelled brain signals from a pool of
subjects.
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subj ects. The nmethod may further conprise the step of

building an initial subjectspecific nodel based on a
weebovafis2eat ure vectors extracted from unl abel Ped/Soe@si000192

signals froma new subject, applying both the

subj ect -i ndependent nodel and the initia

subj ect-specific nodel forzclassifying the unlabelled

brain signals. The nmethod may further conprise the

f ad h I .
STy et Mo st oM EonEPSd' RGN SnLial shpiect

‘ speom%gmaaélswgedum abedtl sxdrebiture vesiogs akisadted rfranh elrﬂamlled brain

subj ect, the ub ect - i nd t-al
siongf giogt . b ep et ropeind SRS myp/ERg FlaePBthdinod drd e
initial8iidjéctishecific hjoelet fos plaessifyiirg tlnadmllab@ﬁﬁd braiy signalsnsi st ent
congldence score and subsequently the adapted subject
specific nodel is used to give the classification of
th'Ehé)rrmthoSnm}afLEtheﬂ'mmep the sten Pfisdgpiing the initial ‘Subject-

| |
speq;n‘u c I!]ﬁeéél Lbsggge 8?@ E‘f é%ngS r%’Héé BSnsl,léEP\% 6%;;???&;%@@%@; of
unlabéllabmam siggals Heom &hﬁahﬁﬂoﬁqﬂ% nth§| %@%‘WB%W% ARt and

the ,ﬂt,aﬁétﬁgég&ggec, gﬁgagpes& ng the acquired | abelled brain

ructlng a set of feature vectors with
thel r correspondl ng | abels fromthe preprocessed brain

Si ggéla%la g' 2y B bSGorkiey M@Jtmhubjédwﬁenhommhlebgs a

t vector for l,i ne tion.
con@at@ht saidanes Sese SR SHORRBHEANL Y ‘h%%%@? P 352858 model is
use@'&?&i@@‘tﬂé disdiftation oP®Rbraim stried or not evoked given

feature vector. The step of building the initial
subJ ect-specific nodel may conprise the steps of
ac el &8g éﬁBunlﬂﬂg’llﬂﬁé |se8jdet-midepsidgmal reode ousingdalprdiad brain

ik » SR B oy R UL L e b o

labdiled hadiA sigheld fagrhithg paolsm‘tsubfectse@mnfecas@mgdhg Feauined labelled

oradfy GO S BB OF PP ael et rBR ol ABEAdiMY Mébels
frontuﬂ*lenmeblwesm ierain- signAlgeanddruildinadbe sp@e@t:,l,npgpgrpp@nt model by

fi ndir}%let | %%ét%gtforsé) ﬁl‘féécr' ébn{mlsﬁion &t'é:‘acﬁtfsﬁ’tuﬁg v@é’t@ﬂtd mﬁﬂlmlze

rain gnal romthe of g
the payteﬁqrr priobability mmt.aslgsqq]@ @p@%owot@vgwqjgwﬁn g fe ture vector

pre-defined set of stinmuli in rows and col ums;
repeatedly activating the stinuli_in rounds vvh
i n Eecstep of hdildirgthe iRigal g}bject-specific mode may comprlse the steps

of acquiring the unlabelled brain signals from the new subject; segmenting the
acquired unlabelled brain signals; preprocessing the acquired unlabelled brain
signals; extracting a set of feature vectors from the preprocessed unlabelled brain
signals; and classifying the first segment of the unlabelled brain signals using the
subject-independént model to build the initial subject-specific model.

The step of acquiring the labelled brain signals from the pool of subjects may
further comprise the steps of providing a pre-defined set of stimuli in rows and
columns; repeatedly activating the stimuli in rounds, wherein in each round, each row or
column of stimuli is activated once; acquiring brain sighals from the pool of subjects with
each subject focused on a known stimulus; and labelling the acquired brain signals from n
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colum of stimuli is activated once; acquiring brain
signals fromthe pool of subjects wth each subject

woacwssiesi2zen a known stimulus; and | abel i ng t heCT/SG2008/000192
acquired brain signals fromhe pool of subjects using
the |abel of the known stinulus to give the |abelled
brain signals. The step ofgacquiring the unlabelled
brain signals fromthe new subject may further

conprise the steps of providing a.pre-defi .
the pol RLEFLISSIE Loe tamdakeb s Ko SRR 5 S O tey B huei
signaid.i nuli in rounds, wherein in each round, each row or

colum of stimuli is activated once; and acquiring the

unl abel l ed brain signals fromthe new subject with the
sum@%pf@mqemﬂgnhannmbum\brm ignelgsTonTie sew pubject may

preprocessing the acgui I i i I
furt B BT gy Pt ( HePEVRRD 8BS sfl D SUAPP T 1GRY and
colufhé; trepdatepiphctivhtingtheustimelti i eoupds, adieriaineash gerids ae iy or

an I mal ¢ i 5 ' ihej
colufif B |5 Aifetel ship HERG e SAER D el Signals from the
new Gobjsetaithithe seieg fasised om 28 LAKIAWNSEMRWUS: and r enovi ng
ocular artifacts fromthe downsanpl ed brain signals.
The step of segmenting the acquired un| abel]ed brai n
si ghalstepnaly praprecessingotisr palireAdabeliss Brein signglsi gy rurther

il Bh iR fehesy olowiBass filkarmgoor et heglined labelied
Corﬁ?hgé??%ggb%egfneﬁﬁélgand Iiq%cl uoﬁ _brlai ngsi Pal mm. ; ee.
braig sfignsda egingoan GREMSL PHtﬂﬁufge‘ﬂH‘?rg&c F|°‘8'P‘S?H\% '%%E'%%&U%rﬁ{j brain
sign?%g}?zgé\%g%%igfﬁféﬁew ffgfel agtasicLih@ tshmplesi td @ single sample; and

] - cl fic nodel, usin or nore of
remewRg PsYIRREIEACtS BT a &R %@R@eﬁf‘?' ' abel Iaegrgrgi n

Si gnlal S grohm t he new subj ect, the subject-independent
model and the initial_ subject- i fi . '
f urhRetteR Afpisementind tgiaeaﬁjgug?d isuﬁgaﬁaeillégé)@ﬁ%gr{mmay further
confrigs 3hé Hiepdotihaudiagtonsia sigeiocalectadrfos porelthag ene stireulus in
ubsequent segnent of . I
the Ji6F FEEtPRE A TE Ao e e By SBHRTor 3 R AR ach of the
subbdgueheasgmenteect ors correspondi ng to the subsequent
segnent of the unlabelled brain signals using the
initial subject-specific nodel; c) evaluating a
corfitiedere of sdaptingf the initiel sbisictEpPeditiBRERlSY PR MOEp of a

gro§% %BHﬁ%ﬁr@go@s@%@Engrﬁ%@nﬁ\% 8f iRBbéIke ﬁrﬁintéi?hals from the new
Subj ect-specitic nodel ;™ e) classifying the feature

cublazt e SBIaSsIERENg BogHleaS B leh CUBEGHRE G el may
furtHQr] a&%drﬁg bri _Qteps of iteratively a) classifying the feature vectors
corresponding to the subsequent segment of the unlabelled brain signals using the
subject-independent model; b) classifying the feature vectors corresponding to the
subsequent segment of the unlabelled brain signals using the initial subject-specific
model; ¢) evaluating a confidence score for the subject-independent model; d)
evaluating a confidence score for the initial subject-specific model; e) classifying the
feature vector corresponding to the subsequent segment of the unlabelled brain
signals using the model with a higher confidence score; f) determining if the initial
subject-specific model has achieved a consistent confidence score; g) adapting the
initial subject-specific model using classification results from the model with a higher
confidence score if the subject;speciﬁc model has not achieved a consistent
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signal s using the nodel with a higher confidence
score; f) determning if the initial subject-specific
wouawli4sras achi eved a consistent confidence sceCcesGg)os/o00192
adapting the initial subject-specific nodel using
classification results fromthe nodel with a higher
confidence score if the supject-specific nodel has not
achi eved a consistentconfidence score; and repeating

steps a) with the ad edlnt
confemze sk 2t eheethd SBeR APkeH Mk Y goapted intial putject
spediRdBbdel 28 ehsinkial bej@atalpealflcngaobhe conf i dence score for

t he subj ect-i ndependent nodel nay further conprise the

steps of evaluating a posterior probability that a
PSﬁlﬁ)e lssepewoleadlugtmgmhe hoenfigeragr scarecioprthe giubjaséindepgndent

modglg #“H%%?( sléa{hl n%ﬁés ?)e%'ilgfu'aﬁﬁg R poabidr probabifly that a

|ven ature vector for each
P300 db wsvoked giveriiie feateteevestar ey eaeh dpwi ef sliBElpHeYFRiNg 2

postgp?rnqrpggbﬁﬁtg tﬁ’%‘;é Iﬁﬁ(’))((‘tf’ rshé\fo‘ilgég'l\}égtst{ﬁg ?fﬁg?& \Fé&,g)rff@id\éa@f column
of stimoifig deteeminings ths ogﬁferﬁm:ep he@N%Qﬂ/é =Y ig%p%) > a?«%ﬁort [ﬁrgbablhty
amolplglqﬁg ?&Nsoélfséﬂ?ﬁdh n&ﬂ%@ ki Il'nbhé!st%:l&ﬂtefﬂ'w btdbbbih@gamamgithe rows

i enc ference; determ
of stinif &y e @ SEENELAT heehighes optSHiE Péquﬁagﬁ‘typ?'&% ARyige said
sahé”f@w sélhedn@éﬂeh’é@%lefgmﬁilh@tﬂé diffeénta detvesen ’dﬂegirg#ﬁst posterior

terior pro bilit
PVO@W'@' am@ag.tl@% @glulmnlst %es@qm |h%|§c[1 gé)el? Sr}esg Pg% I'Otbgblllty
am%ﬁtlglg‘rﬁotndnmsbeIn&ﬂﬂ @ givé G@ﬁhyn@pofsmed’ughésfc @pem:lel; probablhty

duct of
andgmRBhiTes 62K PLaeY r Gusaigh ACeRAGTT SR, 5 Ripduct 9f the
sah%‘idy%c{ tﬁédﬁféﬂiné:@tﬁr dhe oolvs d:érmlmwmcbtﬁeocoluh@s of stlmull to
ubj ec ende de | uat
evaligt  GercBncR sraray e rablest tBepo R PineBeE 311G 11
m)del may further conprise the steps of evaluating a

erior rob ty t 23
P, 50 A g e S g b B
modgis Shay Ifuu’rhep rcobrecise ithy sterst oheyoafingsa egpgtgél@r @p’ %W} that a
P3 Oﬁgst (%\r/ é[v% {gxgrfegﬁﬁ'@ \ﬁé?:ltd%”ﬁroéacﬁt Fowldf; stiﬂﬁlheféVamaﬂgg a
nce between t hest posterio

posmermo@muabuw abadPa0Res exsalkechgivep fiIFAtUR Y eFRE faraeh column
of Q‘{rﬂ S&et@n‘?ﬁﬂﬂﬁng He Bff@@hﬂe' bbdveaADMS hlyheétO\pﬁs’@ﬁor probablhty
e a saliency of the highest ste
amen® thebiowistof sﬁmgll and (thepp?ftr%glgegp Boggru% I:Flgy g}o&mg "the rows
of %ﬂnﬁn{]le&)eg’?\‘réea SRS BMhe thgH&%t gbétéﬁ@mbalbimy\wﬂrmuhplymg said
est” posterior probabi I non e col.u £

salisnpyist saidAferaen X BTG dgfgeg?fé% B 8?86%%“?“? f posterior
probability among the columns of stimuli and the next highest posterior probabmty
among the columns of stimuli to give a saliency of the highest posterior probability
and multiplying said saliency to said difference; combining the product of the
saliency and the difference for the rows of stimuli and the columns of stimuli to
evaluate a confidence score for the initial subject-specific model.

The step of de?cermining if the initial subject-specific model has achieved a
consistent confidence score may further comprise the steps of determining if the
confidence score of the initial subject-specific model for a current segment of brain
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anong the columms of stimuli to give a saliency of the

hi ghest posterior probability and nultiplying said
weoeabivansRst o said di fference; conbining the preadusG2ai/000192

the saliency and the difference for the rows of

stinmuli and the columms of stimuli to evaluate a

confidence score for the igitial subject-specific

nodel . The step of deternining if the initia

ect

siongb Tdhis Bebc Yoty TRRERATIE S (rop e, Befhining i the
stan@i@tiedeviation @fitfie cmﬁotemnéuad:emseofsﬂaerleltl@lf Stthh%Ct-lSﬁﬁ@lf @model for

the l%ggk%ggafe C!:if lbrga nlﬂ%%gnl f195matg%uﬁé\l?réhbﬁ%9f§5fétss Qﬁan a second

new I reater

thresfhoncstanmdeehninmg ttatethmnwnalgsmtﬂe@wee igaede] '%Pév?‘%ﬁ"?‘tﬁﬁ‘ a

consi%%ﬁthgen?ggﬂééjgg&% ﬁgﬂ% %nﬁ&eﬁd&escﬁd}ét d)faihe initial SubjeCt-SpeCIfIC

specific no | ast gméq q
modlerﬁm’la @lr@nasegmemmfth@n@w%ﬁ @'@iatqrghqrb <l iﬁ%ﬁhrgshold an

the &Sﬁ@é}g dE8h QJf %e é@ﬁ* RALE Bbdis i thé ﬁﬁltlél@bje@t-ﬁpédlflc model
t-speci f has achi eved a consj st
for okt Kier@oais e Bram SRS GoIsem (AT 14 ST pTRa.

initial subject-specific nodel for a current segnent

of brain signals_ is greater than f|r Lhresh

andhe haethogh maydf Lkﬂ"é\??a‘iq”b‘ﬁ'SSf 015?1'c '8%'?1%"%c§§e®l% wn
stimbfi@ dyidbh mglthda 6w eﬁrﬁiemefdoﬂunm(ﬂehvhiabr thehekhawh siimulus lies

segnent's

I
s Fands S AR U 1R Syerone

posiefBpicbybilg thétePaﬂmMQ@wnkai diven adediyre dtari fyi ng t he
row and the colum in which the unknown stimulus lies
wherein the stinmulus in said row and said colum .
f eSM bésortiamae \m&xa'a sucoralastegeof the pressind nvpnisseibers is provided

grgr gﬁr?%s %‘?S‘% &gx%g i é%lu?ﬁe \ég%ﬁ{ conhPrising a model

secC aspect resen
bundlng emu fon buhdang a sutpe@vnmnde@wpéﬂh w%ng dabelied tyRip gignals

brain in a BCl1l the system conprising a nodel
fron?)alq08| ng uﬂé f’s for building a subject-independent nodel
using labelled brain signals froma pool of subjects.

TheTI?%%%@t BhTRY% fflh‘r’iﬂé?'%onﬁﬂﬁ‘@rd §@cdhd5rﬂ6@él(bmlﬂmg| unit for bu1|d|ng
bui | uni t ¥ d

ui | di ng an I ni 1
an ijibisubiasbapesHicamentl BASTELRR i 0\ U BBIES IR BRI
unlégdHueQ iR %{azdcgo@n eg gag%dbfgﬁw @wwmabgmt ?etsub@pbinsiewdent
' n e
moselact 158 pRAP PEOIRGRIPCRGr MERG AT Ve ton | haBpeg orain
agﬁ’aﬂé' n signals.

The system may further comprise a model adapting unit for adapting the
initial subject-specific model using one or more of a group consisting of subsequent
segments of unlabelled brain signals from the new subject, the subject-independent
model and the initial subject-specific model.

The adapting may be performed until the subject-specific model achieves a
consistent confidence score and subsequently the adapted subject specific model is

used to give the classification of the brain signals.
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The system may further conprise a nodel adapting unit
for adapting the initial subject-specific nodel using

wonesausmer e of a group consi sting of subsequeRCT/SG2008/000192
segnents of unlabelled brain signals fromthe new

subj ect, the subject-independent nodel and the initial
subj ect-specific nodel. The adapting nmay be perforned
until the subject-specific nodel achieves a consistent
confi dence scor nd subseque el cget £
spBs FYEeR Y F“g%ﬁgéﬁn}p 'Sgl venst[b%J 0 a@g? gtnlélo get o
stimdihm hﬂ/@ and iconalrs; Wrnereryﬁmslstlmmgatlf)umnﬁgpp@@tﬁgm %@vates the

Stlmlihlal rgup | og u\[}h?irl ﬂoﬁh@geﬁcqs\%@v O cotrh ek stirh@li fsWBivated

he stinmulation unit repeatedly
oncecdrl Hedtﬁﬁtldimentttfmmaﬂqumng beaim gignalsiy @Rdtah RfSATeCesstng unit for

prepBQF(’eg,smgﬁl%Qct{}Rl%d%alﬁ%L#mé of stimuli is activated

acqui sition for acquiring brain-signals;
and a preprocessing unit for preprocessing the

acﬂ'nuéc%c%g?é}[c%'vﬂtrﬁé S SspebNofAfie PrELEAE Mvehidh metehlsrm‘owded a

aspec resent | nventl on there

datedstbeagetroedige hﬁemwww&kﬂihﬁ@e%% SR cadsomeREs, t"é?tr”"t'“g a
comgeﬁiﬁ s{}%ﬂ% td ;é&eéd'iétd Hf’eltthdbgfc? @mhgrbrsmsslgnale dn a BCI, the
e a nethod far assi n ain_ si n
metig) somREST A1 HeRRAMIYNE PRSI PERIg TSl g shotapetied
bra.ﬁfglgnggtﬁdrnq%@ng@m geeglel using labelled brain signals
froma pool of subjects. The nmethod may further

conprise the step of building an initial
SubihackeRRRel fag firHel comprse dne steebof diuilfioatan dnitial subject-

speégg\,t ngr 7 Z)@lsrg par ed y 51 é)?k%%]ch?e[bﬁéétgg g[t@%cﬂaos ggﬁah@afbél%@ rain

€ Subjec
SIgd'QlBjﬁbmaél d1etnh§ubjértt1 applyiag U?oéllt tthes ge@eﬂrlcdqeml@lpn’f godel and the

lnltlﬁlﬁ}l%SI Fg &ﬁ%rgﬁgéﬂgrag?% k{ﬁé‘hplaﬁélﬁﬁa&ém sidyeaigret hod

ep of adapting the initial
subjectspe0|f|c nodel u5|ng one or nore of a group

s| ; i St eﬂ% Fnt ﬁ%ﬁﬁ&“ &@Fﬁ&g'ﬂ?@gﬁepo@f Hadpwag | the dniiaiebibject-

e new subj ect he subj ect-l nde%e]nde nt ¢
spenifidehodeh disingeoniendrt hatte @fid PEUP- Gqststing of siRgaueRi,gegments o

unuaaodegeﬁ's?g e FBET fHe B suBjetd, thdeuBjebl-ieépaiident friodel and
es a consi stent confi dence score and
theww@qu@ﬁt-‘ﬁgﬁqfﬁé“%pt ed subject specific nmodel is

used to give the classification of the brain signals.
The adapting may be performed until the subject-specific model achieves a
consistent confidence score and subsequently the adapted subject specific modej is
used to give the classification of the brain signals.

BRIEF DESCRIPTION OF THE DRAWINGS

Embodiments of the invention will be better understood and readily apparent
to one of ordinary skill in the art from the following written description, by way of
example only, and in conjunction with the drawings, in which:
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BRI EF DESCRI PTI ON OF THE DRAW NGS Enbodi nents of the
invention will be better understood and readily

wapparigstst o one of ordinary skill in the art PCOISGRINS/000192

following witten description, by way of exanple only,
and in conjunction wth the draw ngs, in which:Figure
1 shows an exanple of a negrix of cells displayed by a
conmputer in an oddball paradigm 'Figure 2 shows a

flowchart illustrating_a zero-trajined P :

| Bk DS CXATHIP A TRER ARl DO Bl e b BAORBNET 7 o
oddbbMBarBligeENt i nvention. Figure 3 shows a flowchart '

illustrating an unsupervi sed nodel i ng and

classification technique according to an enbodi nent of

t hEgiee 2e8how$ e rfidwahartFillgsirating 8 hzate-traingdoP300 identification

illustrati t he perfo i ent P300
techqlg}éenqqcp%gy[r}?@ﬁ %@%W%@@ & |%S%E'telg{l R%F‘ J show graphs

illustrating the accuracy of different P300

i dentificat.l eghni | GhsupdrvisBeWiiddaiiys and

L ?S‘ri?a‘?" & TBALAE i e'l\?‘?'léq Fan Mnsuperved 0a > an

classifibetion feclrrgueaccarding ey epbosliprt of ke dressRkinyRicAdapt ed
SSMs according to an enbodi nent of the present

invention. Figure 7 shows a plot illustratin he .. .
c| Biguief4 shawsenplatBugtiating e Rerfpraancss oé@ﬁ@rent IQS(EO {Gentification

L ification techniques. Figure 8 illustrates a
tecr@@ﬁ%ﬁati c bl ock diagramof a system for classifying

brain signals in a BCl according to an enbodi ment of

t heigRFeRS AL —i OV ERéW Ogtapts Gisatthd ltheistccadaep @f different P300
~schématic bl ock diagram of a conputer system on which
identifirationbieRBRid4ifd syst em of the exanpl e enbodi ments can

be i npl emrent ed. DETAI LED DESCRI PTI ON Sone portions of
t he description which fall ar, L Ci
| mplaEs P pricSatt ate it ain e, SEBaf bRl of the P30
idenfific2Gbh otalraey o shydriiced §8Ms eamdatdapied 03SMMpencepidiigs to an
on. da ithin a copputer menory. These al gorithmc
emb&ﬂwﬁ gftt}l‘\%ﬁ'?sgﬂﬁn\(%r{g jonal or synbolic
representations are the neans used by those skilled in
the. dat aprocessing ; i 0 HE&-I &k &St bv@trarehthe300
su ég(ué%?eShé)f&'% t%éllﬂg '@nr@str[rét"%dgth%t éésrps‘g'cs Il Iaed ?érgl,
identification techniques.

Figure 8 illustrates a schematic block diagram of a system for classifying brain

signals in a BCI according to an embodiment of the present invention.

Figure 9 illustrates a schematic block diagram of a computer system on which
the rﬁethod and system of the example embodiments can be implemented.

DETAILED DESCRIPTION

Some portions of the description which follows are explicitly or implicitly
presented in terms of algorithms and functional or symbolic representations of
operations on data within a computer memory. These algorithmic descriptions and
functional or symbolic representations are the means used by those skilled in the data
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the art. An algorithmis here, and generally,
conceived to be a self-consistent sequence of steps
woeemigr2s0 a desired result. The steps are t hee®/SG2008/000192
requiring physical manipulations of physica
quantities, such as electrical, magnetic or optica
signal s capabl e of being sgored, transferred,
conbi ned, conpared, and ot herw se nmani pul ated. Unl ess
speC|f|caII st at ed_ot herw se,

procasiaaresk o GPRIEY et Ve e EneR B ek de RS G aKed i

the aﬁsthﬁn @i@?l%ﬁ llsSHiLT?él afnng”ﬁnemny, cbnseivedsiodresa aelf- bmrrslsh@ttseqmm‘lce
uch cal cu

of ste@dgiﬁmqqf@- a desggg uc?s[uﬂn'ame sqggs? %r%ﬁ%&% Srgqunnki% ;Lh%l@gl manipulations

of phy@@ﬁﬁ&lﬁdﬁﬁﬁé&@uch a8 egpvirital, mgggnetic bagghlday slggals capable of being

storedp{q%\% . ﬂabln(e:gl &8afgépegn%nd Jﬁtggﬁhéé rﬂgnleul%tgql
pred| cti ng , "eval uat| ng", "det er mi ni ng" ,

@H@lﬁsn %{% fBFI ) 5k iofng #’\Dige ahd atsrégplallelﬁ?frorh %@follé\ﬁné hﬁ‘wnl be

cesses (0] system or simlar
apprebleled ttieatitierodghiut the présent mﬁflsat% disclrione HiepRS Stch as

£ ept a £t
ot SPREEE, AL RN, e e
“conafsugiing’si c'abgroenting.t i ‘slaseiving’n tRiRVidBgpuUL %?tlvé{jg}e qa?e ling”,

‘ lmp%%%lng”nf"%\méérﬁﬂ ingt, O’F&ﬁ@vmd' r %iédﬂbtﬁfgl’ Urévélltlatmgs pldatermining’,

resent speciflcation di sc

conmpm”atlggntﬁmg”@rthg like, nr@fqrﬁg t%@pt}ﬁnl Pé?Pe?Sﬁa o? a computer

syst?ﬂét Bpﬂznl?rgé'lgﬁcgﬂpéé\ﬁﬁéé gdﬂ%‘adq&llﬁwémditrbrysfmatm odpeesented
e

a5 ppisipR BTV e GTRIET cueleoct 0o 19y BEY Fdresprec

as Physicef Qﬂfah&iérsednthm theCeBpler gysiegr am sther édoinmtiochestorage,

mputer. The al.gorithns and di splays presented herein
tran%lf‘@'ﬁﬂtorﬁﬁﬂléygﬁ‘('gﬁf related to any particul ar conputer

or T‘hbh‘:%se@gﬂ@éotﬁtﬁuﬁon alsg dsdeswe&ltus’p{@r pedemingcihe pesrations
ed wi
o ot bR CSEAERSE A i pyocse
or nayf Gorﬁ@@téleaﬂgel@dl Swpeseat%mput@t @rewhﬁrr devigeesslecgvely éetlvated or
t
eI, B PP SRR LEEopgncr e s and

f
dispidys plesemtdcpherein dseinotinhergnitiate®e, artww@gggmputer or other

app%n%gl.% “\/Qﬁédsogﬁﬁ%rﬁp duﬁsbch*takb{mgé SRhP SRS L%e@ Omwt@rbgrams in

be apparent to

acceikiahteitth thetthachings herrin. Al’ﬁ'énq’“ﬁ‘?h’ vhey E%ﬂStrgPté’ﬁsOfgfor‘f‘ ﬁgecuallzed

I
S o et e
conlsentionai deseral BUTRRS FRIRRLTRNARDRRE PR G B%"dﬂpfé

In addition, the present specification also implicitly discloses a computer
program, in that it would be apparent to the person skilled in the art that the individual
steps of the method described herein may be put into effect by computer code. The
computer program is not intended to be limited to any particular programming language
and implementation thereof. It will be appreciated that a variety of programming
Ianguages and coding thereof may be used to implement the teachings of the disclosure

contained herein. Moreover, the computer program is not intended to be limited to any
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and i nplementation thereof. It will be appreciated
that a variety of programm ng | anguages and codi ng
wohemaaf72emy be used to i nplenment the teachi ngBCORGRINS/000192
di scl osure cont ai ned herein. Moreover, the conputer
programis not intended to be limted to anyparticul ar
control flow There are mygy other variants of the
conmput er program which can use different control

flows w thout departin om t he, spi
partadfE SPRRTIORo NERUREHER TGP ESr WS, ook sofpulf BRErdh, which
can RE diffefertt eomEd BowPnilgsu ahepadindriorp dref enirteod s¢aped g lnéepntlon
rather than sequentially. Such a conputer program nmay

be stored on any conputer readable nedium The
c OFmthteﬁﬁoré eadabbre noeeli afintheresteps of doke COMPUIR; ePT@EAM daay be

o R TR0 B R AL RS B o

interfacing wth
on @@nwrmutqwurqadablecmﬁplutrerTheT h@m?}@iﬁ'bu‘?ﬂa blee Hipdime M3 |"154Hde

i3 | 4ud | fHBAEHCEN ther st
storage q%/fceg Sy gﬁ ad ﬁ‘ﬁ@“?&[ grr ﬁ%t{c%g dfsér{?ég rrrrlgﬂgr% {lgfeosrso [Tgr s c:{rrege
dew&ascsimltable mwn@faqmgewth ﬁgemﬁalm%tspmeuieél SEiFeRPYte ¥ readable
med%h%g] algd! %cﬁﬂ@p#tr%‘?d—mrgﬁ nAdBivdh &ch @ad@émﬂbcexem tndernet

systém, amitspsssrmedimtshaD B HPBRBIRISN iR OSVE bl teeghtRe sistem.
The QBEF&EF ﬁ‘ég:’éﬁ{ WA 10586® dhdrexdcateafontsieh proesent-punpesscoroputer

d bj
o Gh S e A A ABSErBR d .

above- nenti oned probl errB The inventors have

recogni zed t hat des the .exis
i mEé?%Ogmﬂ“&:lo i:: 1 s'm\ﬁr{t'ﬂpn r%;ﬁg%s%%ro- ngPjgﬁtt EEG
modiR 86d Slaséifiettion rt@rmiliiqmectomddresshhe abowmsmqmdepbiems The

|nvefg£]9%§r§g\9eg ﬁe%;gg‘llgfé ?I%% c%espg biye Cgﬁstergtél ofePé?éQjLn?er%fub%HFUar%tlons

€ posli ve pea
with th@r Pﬁﬁﬂomﬁérenhsnﬂnects | mer%wrr@m eemapn sharagiaistigsswithin the

P30§Fpg glfél'e@t gclﬁ%n?cg% ne ne\'\@%@atge gﬁ%ﬁp?&arnﬁéergéﬁa'ﬂ@aeﬁsﬁl@@ PBositive

froma pool of
peak mbj:hedft:momnar B0 s feoru dpealine an exterA BIMHYS iSRPAIB pared

|
WIti‘b%EF&S: %%gélgéééﬁé‘d frﬁ%cé?ﬁgspgggﬁg%ewg%?d n@gﬂilﬂﬁ%’arﬁéd)ﬁbm a poo
of subfeets eah be meret hapablfhijie CEPHIRE: Hieh AT fa %\Sk')ﬁs Such a

sub e%? %%SI fetarrleﬁ MH%Pﬁssﬁeat sdbfec@iﬂ B asXafriple Smbpdintentencan be
omon eristiLcs

il o ‘heubIery N RETHIDDTOR O P S lpdeHattent of any

spe%ﬁgcéuﬁ cff 5r"?d Eéﬁ‘%a?ﬂ&ﬂe RRNE&mMas FB0bi dhbektepistiasntSuah a 8IM can
assi % peopl e ene

idegjfie dhea P300 & | Rgw sabies Hclu.[{ egpm?lﬂmghaé\dgh%ﬁcg has a hlgher
potSRRPH dHRByInd BECAR %Eb@em‘ gdn@en without trge SpRoRal Mmlag

Although the SIM in the example embodiments is capable of identifying P300 of a
new subject without special training, the identification accuracy may be lower than that of
a supervised subject specific model (SSM) learned from a subject's labelled EEG. This
can be attributed to the fact that the SIM captures the common P300 characteristics
instead of the subject-specific P300 characteristics.
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new subj ect wi thout special training, the

identification accuracy nay be |ower than that of a
woeupwrvsRred subject specific nodel (SSM | ear nedTRGRINSA00192

subject's |abelled EEG This can be attributed to the

fact that the SIMcaptures the comon P300

characteristics instead of tihe subject-specific P300

characteristics. The exanpl e enbodi nents can

addiitd @ahbi %BgdlMél‘?tﬁoéant |tﬁ>ﬁ§l|§3lnaﬁerlfslé’ gf“tglbe@lgGacﬂ’da new

accordingly capture t

e Su - ecCl
subjgrh randt RGCPEtiNGlYs cepirsubie erbmﬁemfp P3@ chargetaristigs through an
undUpORRR - leBHtY PFrGERS. es@&b%ibﬁi%lét %nlbeslrlé@le tchRY B30 P3oo

m)delln and_1dentification techniq hat adapts a
modglipo 8”% ' f'PﬁtlQS‘uﬁel?hﬁﬁuﬁnti.‘abéld@P@ea ﬁ%rtﬁl AgSpModegugh an

un@p&%eﬁ&@hnh@%@%& Wivéh BBSlledHEG UPA %Gblsoféﬂﬁiects and unlabelled

nl abel | e w subj ect,
EEl i A0t Subich The BER AT Bl S8 biiSet i ndeiripsaris by UARGEIM. A
sswsustﬂhenbmlbbtecbals&@ miﬁauweassmeﬁl EEG geghantsdf ftthe2 BedrElbject and

R T TR S

ne\ﬂy Muitin8SMharendapllgyed uo IctasSi§Mher ensdirp| supjedt EEGC ITas ldsyification

oo A B8 R EEpd 1 O M it Sl pgore
In ﬂmSgWey, tber§SM eno desitayaiively upctdtﬂds by\mpprrioh@lnssm cawlybaassified
suB&%c?rl?é dé’lg %Jﬁg&%ﬂi{lg%oh n(ﬁgré?'lg[llﬁ 'E@Gt ﬁubject and the

assu epen e on t
Cor@wgmdl@g Gl foradiciech dw eltll@r etbe S‘elMdOlt the &SM edgpendingien their

claeél‘l#b% %’bﬁﬁide%: dcBe. el*l‘lié"% aBtQﬁonShMcgés E%rg b@SMrmmated in such

elr assi |cat|o confidence score

emb?ﬁil@ea@a&e@tth@ﬁdint@ftﬁwl hegrrchievedearisistaned i n such
enbodi nents when the adapted SSM has achi eved
conS|stency In the exanpl e enbodi nents, collection of

t helnHRe 9%PBIRIa ﬁ@b%me@lﬁ sollagting ok thedgipGriese theysbiects using a
P30@BhE&d wokb§sdller Sydierhfi® ban@lme'au FLAiedr ddelis bt the PBOb-BEsed word

P300- based word spe]ler__s m can be fo
SpelUﬁhcﬁySte@ capahe f Q‘HHJ WAL ﬁﬂ?ﬁhg& &%‘Usta”g @ésl'?flk@a@. Gpbust
clasdifidatién sf BEG sifidl fh rhin- dbﬁmntél“aﬁteﬁéﬂeellim &rans&ttlons on Neural
Sy @?%21 I%?%Sa%il@%lo_’r\lle#rig?neeﬁxs,tl\%p Rghab%d%ga 208é1 ], details of
whidb aed insorpbraidd ledteiahg crassaefpoanaé ed her ei n by
cross-reference. During the collection of the EEGin

t he exanpl e enbodi nents, subjects are equi pped wth an
el ePuring thap colleatiorh ab thé4 EECe it thedexsanmibel endcdinEmés, Ebbjects are

eq&&ede\{?ﬁlﬁgn fehgﬁ‘b thS tl'?‘atﬂ Wa? %ﬁselécfl’ro&é{ ﬁ%gﬁtggl -,t—d'rpgge k@élléc?ed from

ur osc ifrer
the subjects is first amplified by for example, a Neuroscan ampllfler called SynAmps2

and then piped to a server by for example, the Neuroscan software. The SynAmpls2 has
64 mono-polar channels through which the measured EEG is transmitted. In one
example, 24 out of the 64 channels are automatically selected and the EEG sampling
rate is set at 250 Hz.

Furthermore, during the EEG collection stage in the example embodiments,
subjects sit in front of a 6x6 matrix of cells with each cell displaying a character as
shown in Figure 1 and the six rows and columns flash successively and randomly.
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and then piped to a server by for exanple, the

Neur oscan software. The SynAnpl s2 has 64 nono- pol ar
woheonasRst hr ough which the neasured EEG i s PCT/SG2008/000192

transmtted. In one exanple, 24 out of the 64 channels

are automatically selected and the EEG sanpling rate

is set at 250 Hz. Furtherntme, during the EEG

coI | ection st age in the exanpl e enbodi nents, subjects

' X6 f ,
subigits g o fieuf oBi0e RO el ot pabhid iRBE ey oach
round I|§(déﬂrnﬁ\a8 btk ahirnef ddchsbw s ccobtmﬂ weyV\&\ﬁd a particular row or
colugderios 2R ST R SR R QerkPAHe 1 (piPiockd fastion

eac
and ﬁnoudesithescod@ﬁemEEGbytotdmciﬂS ofsHI0rgs sertiag diont tbwtme thelstimylus

appegalg?C She YRGReA cglﬁg;&rrrélﬁﬁloﬁ&m gty"of?é réPhissAadd é\%ﬁé‘(ﬁumﬁ flash within

respondrng St gener at ed
cactt iomed barohedetbshédinrouah the idesEsH OR300 adthiothe ERpGhed
EEGgpochs of 500 ns starting fromthe tine the stinulus
appears. The focused cell corresponding to one row
flash and one colum flash within each round can be

de?ﬁfu f%%h&hg o4 GbvidHart d@@iraﬁng:@t zeno-tedi nédhE’SBBQGentlflcatlon
I'n the epoched EEG Fi

technicle S0P 2eFeENG 19 NoTPedmE 35306 Frerei ety GhE eut fo the
techhfaab ) H?F@Qt% AREEEH dTJabiclled EESTEO dolleeted fafm aifpeol of subjects

esent invent nput t tec
and brigheled 25, B, s Tomba e poBiet! Tt SR Pofo fk heen
desét®rRl aBbvesubj ect s and unl abel l ed EEG E , collected
froma new subject. The collection process has been
descri bed above. In step 202, the | abelled EEG from a

pooh step 262the tibslledEEEGSropn eppolcnfssladcts | i® heepeocangside In one
pr e " oc
exa@ﬁ’%mﬁﬁ?sésé js ;?r? %%8%9 fﬁéf é@éﬁ‘{?gﬂl g gogwggéts:?ﬁgrmg of thcfa fEEG

cuto
uswfgraeqmmmaym[tﬂf fr@;wampyic Gan, XSZhRh dtangengtha, 1. Thulasidas, and
. L Int.
3 PRSPt LA icce

CortfnAdv. Gtesical Aitnal w&@n Regicessingn P PAt-826.[209¢ds Shefiterpg. EEG is
ther?ggwﬁggn I%@%‘} elamé 1Benyf é\;etré‘jl@e@%ﬁn&éc&ﬁ@&h@@%@s’ﬂm&@to a

raging ever Eaconsecutl

B e S0 S o C L EECe e
spetéﬁéejb'ﬁﬁ% eﬁ@uﬁn% BES rbesmgGightfichmty. sane tine speeds up

ensui ng EEG processing significantly. Ccular
artifacts are then renoved by treating the sanpled EEG
Y( et akithdtS @R then removed by treating the sampled EEG y(n) as a linear

superposition of the measured EOG u(n) and the real EEG w(n) according to Equation
(1). In Equation (1), N is the number of sites at which the EOG measurement is done. In
one example, N is equal to two.

p(m) =S by )+, () )
i=1

In one example, the EOG is removed by using a difference model which removes
the inter-sample correlations of the required EEG w(n) as shown in Equation (2). in
Equation (2), n'=n-1. Since the dynamic range of w is small in comparison to u, the
propagation constants b; can be computed through the least square minimization.
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superposition of the nmeasured EOCG u(n) and the real
EEG w(n) according to Equation (1). In Equation (1), N
woO0mhesnanber of sites at which the EOG neasupPemscons®00192
done. In one exanple, Nis equal to two. N y(n) =S lul
(n) +M>, (n) (1) ;=1 In one exanple, the EOGis renoved
by using a difference node{3 which renoves the
dinter-sanple correl ations of the required EEG w(n) as

Furthfahge%gifnlf:l% aﬁﬁbe@céfr%%ell gag afo'uﬁﬁ it 2T) ’Meﬂ\ Jsrb'lGuﬁi R W.
Jlankbh@ RfoboagalbssbﬁbaﬂmmsifaEE§ signalc fan b@lrtmvmm@'dlrﬁeﬂfagggﬂﬁEE

Tranﬁc?' ions easbga%gggﬁ %n ng@%hﬁ%ﬂg Eh&iﬁéerﬂ?gt %I' 84, Q*fo t1h§p 24-

20 2006, Mtaill afimihiaigare Reoporated b@@lnfl?Ycﬁé%Sorﬁf%‘FnCEEG Si gnal
for brain-cornputer interface, |EEE Transacti ons on
Neur al Syst errs anpl Rehabi | itati on Engi neering,- vol.
14, no. ydy) b2, (HRORGK")) e+ 8 (@) which are (2)
i ncor por ate her tn by cross-reference. y(n) y )+f hi
ui(n)-u I(n")) wi(n)-wi(n (2) /=i In step 204,
feature extraction is perforned such that the
Pr IBpstas 264, ddatEECe Eactomiscpariimes suchathgbihegireprasgsypd EEC is
convgﬁg%or 3 éts%g %gfl%][ur&“v%&ortsqs éthéro\ﬁnﬂ?ﬁféﬁ%’rrﬁgpdnafh?' I§bels! ﬂln step

ase on he set .o
206,\ee8ivbisshuilbioasiedean i sat efifeatrrec\sckass fngrthen yith Hisy| Cé’”eSPO“d'“g

labe R alimkedn st Pr&br dEalid bedtesteioal dridl 20B =8¢ epolidlst and
%3% are as 1’052It0g In the exaﬁzle enbodi nent, a total
of 12 fI ashes | ntenS| fy in a random order W|th| n each

roH.pgl] b %n{b%aﬂ%ntti‘&)téﬂ &fstd ngshesd u&epaiﬂytm cutaadomowder
withreagh PR \eAeE TN i STROR & RSP Lo RECYI W"ﬁ which

the f&f:uéé?decéil?@'réﬁuﬂg if 9¥300 Iévﬁkﬁdum shdnfesct wcherelaemﬂ ijashlmg of the

remqa:gmg rpwg;rﬂkr) ?qlolrl%}j{[ﬁvgq?eg@hngéu Peaé‘sj bel f e%k%!aem thd'€ubject.
Thefdidt8 Sihki E300i i@éntiitstltinesan Beotréated lastaalwe cﬂasé gemgification problem.

ntif
To e ecaE Reat Bu0t THE BAERRSEEEEBCYS. ol tin cac
trualY@ﬁ%Péon@éﬁé&ﬁWa Fhtlre Waktopas §gwn ihrEdugtiat {3prin (E@)Jathn((a) x(i)
refers to 5 fr mth ﬁl' L
refetsienie FEGhEp IR Saraierd) Sepd Eparigl frid theFErRRAELL refers to
the number of channels selected. In one example, the EEG collected from the i-th
selected channel is composed of s EEG signals sampled between 150 ms and 500 -ms
after each flash and the number of channels selected is 24.

% =[2(D)7 sty X yoees %) T (3)

In the example embodiment, it can be assumed that the EEG feature vector X
(either with or without P300) has a multivariate Gaussian distribution with mean y; and
covariance 5; according to Equation (4). In Equation (4), x refers to the feature vector
converted from E,xs and p=c Xs is equal to the dimension of the feature vector x. The
parameter 9, represents the hypothesis that the EEG contains P300 when i = 1 and
represents the hypothesis that the EEG does not contain P300 when i=2. p(x|g) refers to
the probability that the feature vector x is obtained given the hypothesis §. In addition,
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the nunber of channels selected. In one exanple, the

EEG col l ected fromthe i-th sel ected channel is
woanpasedsof s EEG signal s sanpl ed bet ween 150Pas/San@hs/000192

500 nms after each flash and the nunber of channels

selected is 24. In the exanple enbodinent, it can be

assuned that the EEG featurg vector x (either with or

wi t hout P300) has a nultivariate Gaussian distribution

s DG BRSSP T Pt

withcmdweithbetdhé pesertcets P300, respaétivelg. equal to the

di mensi on of the feature vector x . The paraneter gh -
represents t he hypot hesi s that the EEG contains P300

when / repr sen1§zf”ﬁ’é E‘nﬁﬂcf‘dt 53 s that the EEGy
does not %8 t &i 230 ithen \ - 2. p(xl\Q refers to the e
probability that the feature vector x is obtained

0 e G BRI ES e e  RY AFRE hrn
The‘ raamérrsarnmcd@rnnxnamumcrmén Wiet et oftri_serpwerewrmtmhal cost and
T R ERTL T T ——
rep@rt‘éﬂnd I[IIrehKrusiarerrFEsWe Beliers, i &abesthingr 8 nBayandh,i JcMoEarand,

0 ver :

BaNE b rErhdlc EQTRBh o bR Sibn BiiaphSs for the P30
Spellelreht/mfmaiaifrneuraf engrmewesvds 3r ep o4 e 2BO+A0S, 3006.]. However,
o’rh%r e@oﬁ{r‘%@hc@ﬁn ggchﬁh%f é@gué:%tggﬁegﬁba"s 'E%tﬁalgtror?’mé%dg Nstepwise
Imeeowhpermnle@rh andlysis, @8d iSuppert Ve@iOlt Meﬂﬁneq(ﬁéé\/l)f@ﬂ Asedensed.

efﬂeeﬁrsr}edéqgggrahri%r%uﬂfﬁ{r iAlthé %Qérﬂﬁl@rénﬁ'&)drrﬁéﬂt attdmpfOto find a

However, ot her
hneerjéram inptioat W dhet tPeRere quugh- glMS@ga&fﬁétUF%érfﬁ%ﬁ Qne-dimensional

feat;liﬁl?legjl )aafcb&arng% heflatie! M Bqlidtidaas), i Shbi W R#dHto the weight
ySi's

port Vector Nachine
Ve%@e%ﬂd hif quréh%rweclaﬁ%éare dhe dine W%ﬁﬁ“'i’%t%& &S@é‘ﬁ‘ﬁ'?@“es a
bouRdBEOduIRBE, WHidHe P4 hiypérplah® tvhdse iofieAtaticrd Bbdei@tring hntde w in
prohzé‘)ts a hi gh-di nensi onal feature x into a
Eagiel &)nensi onal feature g(x) according to Equation
(5). In Equation (5), wand W refer to the weight
vector and bias. Fop(hhe,tywoycl ass case, the linear (5
d| scrim nant defi nes a boundary surface, which is a

Eq ujglee? II:| ?rg) ng%?:g(s)ocrn'm V&aﬁw?{p\l\ﬁg eﬁsmag te%ﬁo%rﬂ%ﬂt ?é'ekg 'fbedé‘ft'erjnﬁne a
linear combination of the feature vector x that maximizes the ratio of its between-classes
variance to its within-classes variance according to Equation (6). In Equation (6), S, and
Sy correspond to the between-classes scatter matrix and within-classes scatter matrix,
respecti\rely whereas J(w) is the generalized Rayleight quotient. For the two-class case,
the two scatter matrices in Equation (6) can be estimated from the training EEG
according to Equation (7). In Equation (7), ps and p refer to the mean of the EEG
feature vectors with and without P300, respectively.

T
argmaxJ(w) = wT Syw
w o w SwW

(6)
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The Fisher's linear discrimnant in the exanple

enbodi nent seeks to determine a |linear conbination of
woOheosiiesiesir e vector x that naxim zes the rati opOf/SGR®S8/000192

bet ween-cl asses variance to its w thin-classes

vari ance according to Equation (6). In Equation (6),

S, and Sw correspond to thelsbet ween-cl asses scatter

matri x and within-classes scatter matri x, respectively

whereas J(w) js the generalized Rayleight quotient.

For the tyo= x L Wa(gca phfiieag in (7

Equati on (%)gggggbe egtlégfég fﬁ%ﬁw%ﬁgﬁtrapnlng EEG "

according to Equation (7). In Equation (7), mlL and nQ

refer to the ft EE eat ure vectors with
wi tTHERrieptEgen éQ%EE‘ﬂ”‘{;’@r §U'%9-e W%We'qﬁ‘kxedﬂﬁs)?at ragim I‘FES the

quaﬁtﬁ} (I(W-)-can‘ﬁbé de!eﬂhm%d (@érording t¥ Hyuafibre (8)r Ae I‘nhéiféatlrﬁe Wéctor X is

st fed, GRS HeIOPE et e Eab ol S Smigy genved by the
dlscﬁﬁnhfﬁ'llt lfmclﬁcﬂ?] maMaklhhﬁZeéeﬂé posteric? prairabiityl gs(x)jagiordnﬁg,ltoelihuatlon
{ L t
0. BPERRLHHy01 8 TS 5 Sl e O POt iaihes o
the featingi veeforthés platained i wherglyo Baleptasents ghé »tlypeibesis diatghe &EG
confSRARNE) B LR, by b etk
Psone:mmr:e=z/é@smrt )P(@,Sb()dbtﬂ‘aﬂ H%QD Mrbﬂewneﬁ’%ormpte@lgenmobablllty of
the t@bgur%y\%%{cl?%csfé ,t_hqt%rhhg %SI el hgjtuﬁ?ﬁrﬁ‘;}bgg éﬁgf '?ef(ars‘to]a priori

represents the

probahilitwand ip0e expewle PE) is eqpad ot/ ang 66 fPS(')—1|a§‘dt2|'féSﬂE§D‘(?ly In
addﬁ.eﬁ ,s(te@) nom f%ﬂs\mpemﬁvaﬂgte@ag@ahIdﬁsrtrxbu%n E%rélﬁgafo%cﬁlatlon

respectively. Furthernore,

(4) a'odqtfye %ar@ef@r% ¢ %ndp¥ i t‘an. bep(?%lﬁ@éﬁq frery tfgﬁqfq:atqﬁe ¥@gtor x converted

fronS#RRlifng BEGL) is equal to 1/6 and 5/6 for i=1 and 2

respectively.  I'n addition, p(x\qgi), i=1, 2 follows a
mul tivari ate Gaussi an di stribution according to
Equation (4) amd=Shéupakameters, mand S, can be 8

estimated fromthe feature vector x converted fromthe
training EEG w=S \ nil- n2) (8) gi (x) Inp( qgi \Xx)

\np(x \ qi )gttnEh pld,) x) = Eﬂp(%mZ)nnT@(@ | =612 he SIM (9)

model , the pool ed I'abel | ed subj ect G is converted

t f : ]

1y 8 S KEGLD bl EEE 50N
of fewprea\mttdrs and tr@f r_eqnetspondm lebele @reording toFaediendi@)eth Equation
(10§, XOEhFEGPdr tb A% teatlle S8QbES VR 8 EEG of the i-th subject and its

corresponding labeling, respectively.

X= xgi’lsl]""[xszi ]’ [ sn’ sn]} (10)

With the pooled EEG X in Equation (10), the Gaussian distribution p(x]6) (u; and
covariance X)) in Equation (9) can be estimated and a SIM can then be built based on

Fisher's linear discriminant.
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correspondi ng | abeling, respectively. Wth the pool ed

EEG X in Equation (10), the Gaussian distribution
woenlogu3726 m - and covariance i) in Equation (9pCTan2®8/000192

estimated and a SI M can then be built based on

Fisher's linear discrimnant.Unl abelled subject EEG

E', froma new subject is dil§ided into a nunber of

roughly equal segnments i.e. segnented and is

pr ephReefieslididbt HRP éo%n'l q ﬂé’\}\ﬁsﬁlg@&pisedlwﬁg@ mto a number of
pr epr ocessi n%Q| n. step 208 me as ep

roughly equyal seep tfo'ef%%ambﬁ-néeobﬁﬂﬁaémrewors%ssgérmostﬁ@dzos In one

exiMSIE SRy pidpEocRegREMBsh 208s BHERINRC £SHatinERp 3.
converted i'nto a set of feature vectors. I'n one

exanpl e, the set of feature vectors can be expressed
i n trhetdpopno, Xfe%ltdréséxtractlom& pekfon&ﬁbo} WM&%@ thd %e@r‘ﬁ@wted and

tor correspon
PregTOLe STt 3 BTORed TP 8 SEl ot 3tureokditip Sre SXAPG the set o
fedbute VbctbRSRH berxbResdEin i Brid eX@{th X9 CO% r}eapg@d* r?Q’thtecfea‘cure
the first segnent of the EEG of he flew *subj ect
vegtoscorespasingrid theg-th &S sdgnenéofetby neWwesubject. es pond| ng
| abel is predicted by classifying the feature vector
xS using the SIMbuilt in step 206. Therefore, the
EEGIrdte 2 ansinitipleSSM ¢salbuilb bagidasstht ifeduranacloh e, i ddirebdnding
SSM can be built using the SIMw t hout speci al
to theafirst sggment ftthp EHE, of tthe upes sulged amaditd cogesponding label L
classification is perforrred to output an adapted SSM
Whal’e@yttlme gorvaspohding label isqiredigted by atassifyingthel festurd vectdrer, using

n&ée enbodi ments, except for the first EEG seg ment’
theo$"\4 It inesiprs 29 dberafpiastae EAGeric aeve sukjeeopn @eg&ﬁs&m’e@and the

initky %Bl\)ﬁcaﬁ'ﬂ@ Hulilt @indHE IS witheutipktidithghiqg. the initial

, the ensuing EEG segnments of the new subject are
aII classified by both the SIMand the SSMin step

214In §Bp 26X, ajﬁéhﬁeroﬁeéﬁh%ﬂeﬁ@aﬁcﬁclééénfiééﬁc{irﬁfs%rﬂoﬂné:d BUuput an
rating an

h
acgiied SO, Fudts” S e e SRRt restila: Puhe SsaRRiecrebosiuents
exaapt for d‘lerfgst;EE@Be@ﬁémf fbf ﬂ‘ememﬁﬁublehﬁumﬁsétbéls laféV@JIHIy @r@dlcted by
e feature vec he ens
tne NP 1P ol sk SabiRg e 1L 8502 tpe 4Reing B scornes e the
ne@lshbjeticere alh CIIaBSIﬂﬂdSlpy Emkt thet $I& éresbtha ISSIW acdtep 204, Qriesexample of

Ste?{k;gg{]i??%%@ﬁﬁgﬁ%%ogsﬁﬂhe new subject, xS, is

Figure 3 shows a flowchart illustrating an unsupervised modeling énd
classification technique 300 according to an embodiment of the present invention. In

step 302, the feature vector of the ensuing EEG segment of the new subject, x, is

classified using the SIM whereas in step 304, the feature vector of the ensuing EEG

segment of the new subject, X is classified using the SSM.

In step 306, SIM confidence evaluation is performed whereas in step 308 SSM
confidence evaluation is performed. Further details of steps 306 and 308 are as follows.
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In step 306, SIMconfidence evaluation is perforned
whereas in step 308 SSM confi dence evaluation is
woeofanuses. Further details of steps 306 and 388TAGR008H00192
follows. To facilitate the ensuing SSM adaptation, the
P300 and non- P300 posterior probabilities of the
feature vector x in Equatitn (9) i.e. g and gz
respectively, are transformed according to Equation

e L h .
)l SOHS Pt g o 0505568 B ort ot st
probéb’ﬂﬁi@sacs theeféatateededhgr EdneEquatior( 99). i.efh@isanthe: respectively, are
f
transb)(rgsg@lg{.? %‘ Egﬂrf\tr g@ ! neé&atrl;)n (MRP&=Id1ey %eéﬂré’é'pbﬁdis to the

posterior pro
postetiot Iprcﬂaabditylxd ttu@evb@m @ P3A@ and norP3P0egsse\zhiptethey Eeeatlon (9).

Thusstﬁg crr%ﬁsf%%rg%rgﬁ Eﬁ Eﬁﬁ%’rfoﬂ A NGhGH e bBﬁeﬁ&qﬁb&blliﬁpﬁfd SRt med

Icati‘on.” I n one exanpl e,
posterizd prababiliyrvithdevalee kebweers08né 1def i ned based on the

transfornmed P300 posterior probability (as eval uated

i n Equation (11)) accordl n(g to Equation (12). In
Equation (12), @axeén Fi ,onmac are the maxi mum (11)
P300 posterior pro abighi § .68, anDng the flashing rows
and colums respectiv § whereas F rmax and F' i, rmac
are the second maxi nufii P300 posterior probabili t| es

epe1 %% %gﬁ %‘éﬁa@%r i Wﬁrcét‘éstﬂg CidauR! M%nfréénce in

, confi dence score Is
the Naeun |dd‘ﬂﬁf|d%ﬂm r‘rlmmh'!%@@arpplst e odgls obritidpiaey seaies @fee defined

basida gﬁ rgn%fﬂﬁ&gi P?ffdr %%ﬂealp %O oBroiﬁt r(é@%vﬂﬁé%@@kﬂ# |E‘q¥,|¥tron (11))

ween maxi num P30
accqpding ¢ Equationdib2ib i Equatian §12ePomnek ﬁmﬁmma@@@ aximum P300

postercfg'rt gob%rhtfersogﬁr)ghé té%( )fla%‘ﬁrﬁ? br%'\}vg ﬂ&@olu%@freséédtlwﬁ whereas

i, rmx gihfelr Paeat pigchecseserst @qxgn%H’é@P eQ?SEe(SIOE P@E@P'}%FSX%‘PO"Q the

flasl‘fn‘r’é b€ aha té&lu%%”ﬁa@ eéiiﬂglhft he dmat@tlin quuétrdan (12, tHe bcﬁslfrd)snce
predicted by either_t

SIM t
scoratie TG THIET he nax TG FA00C BB REREeDIR €1 P Bl SF the

maxit@ambR0 pbiterlcrIfbisabity Kdr@rﬁ B Uha glffEEiﬁcs ergatmdnsthef maXimum
new subj ect are deferm

f
P300 cRyeiediob prabABIS) AL ABNTEREITor 1) POl AT GG e both

high.n Equation (13), confsiM and confssM refer to the
confi dence scores of the SIMand the SSM (as eval uat ed
by Equation (13)), respectlvely and and refer to the

| abel s Qrogjdr_%led b% r)er@l M a@ld SSM respecizyel y. |
| 1 TImax rm Ccmax CMax

In step 310, the model with the higher confidence score is selected to classify

x, for the i-th segment and the label of x, i.e. ( I,)1s predicted by either the SIM or the

SSM depending on which model has a higher confidence score. In one example, the
labels of the ensuing EEG segments of the new subject are determined based on the
confidence scores of the SIM and SSM according to Equation (13). In Equation (13),
confsy and confssy refer to the confidence scores of the SIM and the SSM (as evaluated

by Equation (13)), respectively and [/, and 1 refer to the labels predicted by the SIM

sim S

and SSM respectively.
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n, onf- SM confSSM' L otherwise In step 312, it is
determined if the SSM has achi eved a consi stent
woanmpiidense score. |If so, the final classificaPCo18G2008/000192
results are the classification results obtained in
step 310. If it is determined in step 312 that the SSM
has not achi eved a consi stgnt confi dence score, SSM
adaptation is perforned in step 314. In step 314, the
SSMis updated to give an adapted SSM using all the
EEG segnenltls, xif confs,, Xcalfgssi fi ed so far and { ?I r
corres farr iing L @bslise determned in'step 3 10. 1n"one
_exanpl e, é?’ adaptation of the SSMin the exanple
enbodi msnt is term nated vvhen t he SSM has achi eved a

?%H?sltgr{ % 2{ H’élgn %ﬁnf%] gggﬁ}g?osr Qérﬂi(l/fgoa Mérﬂrbonﬁdence
scord aft $c5 f’cheﬁﬁhal ictaskificatien eesmlm edle trreaculassif@a’@weﬁalss eleiRingd éystep
310. Clgnmsissé ?cje]anrérE g?u %Ll% rlh&tlﬂ‘% ggﬂnf’lgs %Ma%ﬂ@ved a conSIstent

e Co ence scores of the
confdémsscbreecssm chdtaptetioraist paforingd &1 sl BIBED §t@grﬁéﬂt éheb$3M is

e B SR P Ko TORRLY, 8 gz
and %ﬁvgﬁré?sl%n&ﬁé Iaﬂalsgﬂe‘té}mﬁr@d%n exgmRhe i npl enention.

parameters T1 and T2 refer to
predeterm ned threshol ds for the confidence score,

oﬁe %%%%?Bd éﬁg' %dﬁﬁt@fldﬁj SN aR G@\% ||ﬁ5 D %Xarﬁbl[eC@rﬁBQJdlmBnt is

respectivel lﬁfunc 10 ¢
termmtﬂduwh@s thenSSM hasl @P’H‘e\'ﬁ% aaqqna'ﬁtea? cp @el’?ﬁ)ﬁ?‘”@eac“%ﬁdmg °

Equitointi4)y. I e Mondntlo&ouﬂf Equ%ﬁoﬂ\ (yesre bamgﬁbd sn isn@atérmdmrt it the
rep resents the confidence SCcar

SSM bﬁ% @@mg\(qgiec%@t%é mPnEQuation &f @s QO@GQM taBd 3¢fo LSS refer to the

conffo%ﬁa?@&%ﬂeéi B1t inle jlst dl&sﬁi@ﬁ %rnm th@dast R caase;ﬁea EEG hagmerig of the
SSM has achi eve

new GbIPFa AR Vele BB o7 PRGNS 3o E4s hEd HindBiuogn 3

and %SM@ﬁ\mk&res &dt ot bas thid gxangalesﬁ@lernermhe Megu@‘pemrar@ﬁt@rs T
ficati

an b 0 eSS BB OB b opabte s Sy B e

coni’idénité1 ecmewmoe eStfvodf.qsemt. ,,Ccmﬂlsml)pl respastively Tfhef |TeR%PRg SO
eva gﬁtgs ttl{?st@g%%é ggwfa thtﬁ ?'ﬁm oré[?org,ﬂ B l,J.} Qi‘rbgcv &P%ﬁ R&EBY this

input RettorTeprebentsthi mﬁdematscerég of meipie ﬁom&uwg@@ rﬂegme“ts
aver aged P300 posterior probability over

confisau >Th - A : (14)
N ([confi—k,SSM 3++sCON scpt ] <I, )

Steps 302 to 314 are repeated until it is determined in step 312 that the SSM has
achieved a certain level of consistency and confidence. The output of Figure 3 is hence
an adapted SSM capable of classifying EEG of the new subject and the final
classification results of the subject EEG given by this adapted SSM during the model
adaptation.

In the example embodiment, multiple rounds of flashing are implemented for the
subject to input one character and the focused cell is identified by the row flash and the
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mul ti ple rounds of flashing (i.e. ra P300 and co p30Q
respectively) according to Equation (15). In Equation
WO2809/1457251 rOW I and F1 icol j are respectivel pCrise2008/000192
posterior probabilities that P300 is evoked during the
irowth and the icol-th flash within the j-th round of
flashing. Ris the nunber ¢ rounds inplenented and is

equal to 10 in one exanple. 6 Rp 300 = argmax fu ww
irowirow= M6 R col Pm =ar

. ] max F.J e L=l

coun =g a4 AT Do TR RS G TR e over

bRl baMad g faEhfgt @ehalvduaninedile Rxpeqiivelyeadwtimety Equation -
mumg%apt_s a SIM tg (g SSI\/TCLf)On ngn ({Jﬁgupe?%?lseé)enanneiﬁgaandqi S
(15).90 EQUatinn (1 8), S8, S0P Er\ost: tespedively thesrastariguprobpllities that

i, H Li..C. -Chi E_ad i

Paod vy ST AR e doyfech i mb 8| RURFof fashing. R
is thd narnberoas mgurde implamented @ad is &rE! torf0dh ARS PXeRIS:

Conf erence on Acoustics, Speech and Signal Pro., pp.

385-388, 2007.], which arg used when only a snall

amount  of Iab@,l;)mg&aﬂ@maxqzezc'}ﬁgjwl.abl e. In contrast to

the sem -supervi sed’ lrear Wﬂg}lt’ecl!mi ques, the techni

in the exanpl e embodi menfss zr equi res no EEG | abel s o?ﬂﬁ

the new subj eo]gusootagm@fdzg%u&ﬁs the SIMas a seed

nmodel to make an ini ¥ al~Habel prediction.

Furt hernore, the exanpl e enbodi nent includes a new

P300 nodeling and identification technique that adapts

t h@he abiyartagesef éisemaenie Pabpinersincude g1 falaying.o a ssm

i n an unsupervi sed manner. To further illustrate the

ad\fﬂg.tt@gﬁrﬁcgfg iE RO Al ARAE SerfbodifentPs®peta B adta @EM in an

experi nment results fromthe inplementation of th .
SRR SACMERIRS AR SUBTIOL K SHTESBRTV SR BRI Pg e Pigues V. Li, H.
Li, t@agﬁ%@t &Ad B.?.'d@Wln, ¥y §ehfkrnb rdefBBlipervideel tsesguni geetor rand its

scCri [
applications in brainecorﬁélﬁgtp Jn’?erf%ce,ol I':JEEmterrllas’(iotnaelségr%erence on Acoustics,

Speech and Signal Pro., pp. 385-388, 2007.], which are used when only a small amount

of labelled data are available. In contrast to the semi-supervised leaming techniques, the
technique in. the example embodiments requires no EEG labels of the new subject.
Instead, it uses the SIM as a seed model to make an initial label prediction. Furthermore,
the example embodiment includes a new P300 modeling and identification technique
that adapts the subject-independent P300 model (i.e. SIM) to a SSM in an unsupervised

manner.

To further illustrate the advantages of embodiments of the present invention,
experimental results from the implementation of the example embodiment of the present

invention are presented below.

In the experiment, the technique in the described example embodiment is tested
over a P300-based word speller. Further details of the P300-based word speller cén be
found in [T. Manoj, C. Guan, and W. Jiankang. Robust classification of EEG signal for
brain-computer interface, IEEE Transactions on Neural Systems and Rehabilitation
Engineering, vol. 14, no. 1, pp. 24-29, 2006.], the contents of which are incorporated
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over a P300-based word speller. Further details of the

P300- based word speller can be found in [T. Manoj, C.
waueny/14sm8 W Ji ankang. Robust cl assificati on s€TRE®08/000192

signal for brain-conputer interface, |EEE Transactions

on Neural Systens and Rehabilitation Engi neering, vol.

14, no. 1, pp. 24-29, 2006.20, the contents of which

are incorporat edherei n by cross-reference. In this

L t t
vl Bl U BB Sl LB EhBRE o =
equipped sithjae clediB@apshéti hast 64adp¢trddeadT rtg/smqq@ EEGsisdinst amplified

oy EESh RANRE PIRCSAARCA S 150 RREftd g Beer by o
Neumcbman@b@mﬁe 24qeu18yfrthﬁﬁézchaneels of het B ARRG2 tahe selpcted and the

EE(%ggﬂ?lg'llLb?ra{éﬁfsese't %}é?a& Cz&ah?([ﬁ'nu @%ngé(nat@qm Fhulasidas,

andol. élg@,. Rabyat ¢lassifisatien ehevenkrelated ppigntia| fordiraingiomputer interface,
Int. @6@!‘ ﬁd\‘?WSlg‘nQFIﬁfJ PrdResdifg, SQEC@PI‘C-BZGAQUM Jvedi cal
Signal Info. Processing, pp. 1-326, 2004.]. In the
experiment, during the EEG coll ection a 2
- SuBp &aa Sxpstient, e eck G cOiRFRREDR. BF SLiles N o front of 2
6><66(ﬂ§thx 6{3%4"5 qjith RIzab icBl d@préyiag ACdharackss a8 RAYIN irﬂFlEﬂr@Uf Whére the
ere SiX_r

ash_successi ve
Six Fa T SRSt SRR MEBLATY BaOPHYT SbEcE are e 1 foous
on smegpédﬁ@ déﬂh/isuull)ﬁdadlﬁlg/a dlu?hm@ ﬁwnﬂl Wileh rgpardeunat. rowhencaumn
ular row or._col u ashes cor.r espgndi . .

ey, 12, Feletpotng Shmbfis: Sheds RRN e s SEERRSHA L Arign. which
divitds the cbllgttde EBGinte celpbehﬁ efd5G{€EGS| starting froochtheoim& @ite simulus

st ar the t res., -
prin IhGPers. ik st &8 cfipSion a3 RERGR fsh and gng, golumn
flash Ivdibim el raume aznlbeniveritifiad khrosighhthe ideatificatiou nithe £300 avithin the

[ ied through the identification of the P300
epocgﬁléﬁét he epoched EEG Furthernore, in the

experinment, the EEG of ten healthy subjects is

col Fusthemaepre Fin theeexterimen}. dha EEG\h tereizaliby sikieats igrasllected. For

eacﬁoédbﬁe%f %o%%&én@hi %re Mleﬁfédcﬁqﬁgﬁw %ﬁl% tcBﬁ'eég?oﬁHtto the

e sane set 1 characters

inpukokAhs saErset pi M%ﬂ"élé@%@b’mf ﬁR EPP?\LH'\&F’n% OVER LAZY
pog' Q@G@S ?W"aﬂdhﬁd Qﬁﬁerérﬂnorﬂ@l;éndﬁ lditibh aféheﬁohl.ﬂﬂg of flashes are
i mpl enent ed each aract er ch round
impismesniRe {0 8Ach SBIRERCARNd WW%WW ﬁée EEG, befueen Hioé"
500@%@@1&9 bheh ﬁé’*‘déhoaredseﬂ tdrl tﬁ@PﬁO@ Jdeﬁhﬁtﬁgoﬁ wtmfesemo edssions of
re se to uat.e P300 i tification
L R R T T
P300 variability is studied. Tough P300 is commonly
In one experiment, the P300 variability is studied. Tough P300 is commonly
defined by a positive peak after 300 ms of elicited stimuli whereas the real P300 usually
varies greatly from subject to subject in terms of its peak amplitude and its peak latency.
Consequently, a P300 model learned from one subject usually cannot apply well to
another subject.

In the experiment, the P300 variability is studied through the examination of the
cross-subject EEG classification. First, ten subject models are built by learning from the
first session of EEG (or the second session depending on the two-fold cross validation)
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In addition, Figure 4 shows a plot 400 illustrating the performances of different
P300 identification techniques. In Figure 4, the graph 402 labelled by circles shows the
accuracy of the subject-specific P300 models corresponding to the diagonal items in
Table 1 and the graph 406 labelled by diamonds shows the cross-subject accuracy that

is derived by averaging the non-diagonal items in Table | in each column.

From Table 1 and Figure 4, it can be seen that the cross-subject accuracy as
shown by graph 406 (non-diagonal items in Table 1) is significantly lower than the
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exanpl e enbodi nent is also tested. For each of the ten
heal thy subjects, a SIMis built by learning fromthe
waB®alisthe ot her nine subjects according to EgQasiGoens/ 000192
(16). In Equation (16), TR} refers to the first
session of EEG (or the second session of EEG depending
on two-fold.cross-validatign) of the j-th subject and
P,- refers to the EEG of the other nine subjects used

to train a SIMof a subje
sublec sRechcPRBHEDRER G PLuEPh 07 Thadieb s L Fathé ¥ Refbaping
the E(E@JvdrﬂasnnfylmgmemrsurzéctEEG dependi ng on two-fold -
cross validation) of the i-th subject. Pl= TR x ]=X

ywer g Sth'g%%\%}seesg .H'gé‘pegm'dghkf Badb 1péﬂﬁlc&gf\pcg?kﬂ%e i@bsh @flan

curacy
exanﬁjVéJ bmbbdlméﬁt is latnortestad. gramach oﬂthetth@ healthyrsaibigcist a 1S|IM is built

o vl LR PPt O 4ol B .
Equatlsns(ﬂG)I ITR; cafiens totthe firgiaaeseipn 1o EESS(, the r?@C?f@%6$%55°“ of EEG
depegxal&g o%tt\?/o %18[:?9%? %aﬁéﬁph)r@tthé)ﬁh%ﬁbjgé@n@fﬂ ffe b thefEEG of the

nbodi nent adg\g%aqeoua(ﬁ\w th
othelanmgeeubjects heeqof@rtfam ﬁﬁﬂMé’f éfSUPJﬁét \ndey i Filede IS then
useo?troe?#s}f% r%%&&éﬁ& dedSort BEEEEqoPthedirsiSsessiol jof EEGiEpehding on

xperinment, to renpve the possible effects of
tWO-iOIvbcrEﬁB/aildﬁﬂO@tPf@ﬁ'@T%@Je"M 1 characters in one

session are randomy sorted and subsequently divided
into 40 segnents including 2 characters in the first

segnent and 1 g nigach,of 1L.heo emst |;n? 39 segnents. K16)
addition, to éjét {mirergorrpreheny vdg classification

| d h
;ﬁﬁw“eéér@éﬁn”eré;%ﬁ@ﬁ% PeleiEinh SRR HORE A Ao 380 bl 8 siM for
eacl?&@d]e&fAé SRwnia grgsisicanthe aanaratihef tge Spvisisgeoerally much higher
than—ﬁﬁ%} %fftB? grrogﬁghﬁg%to : ?%gf{@leztﬁé %Ec&r?@ éf%ﬁé gﬁ\/l E%Fﬂ jower than

j ect
that\dﬂ ﬂfﬁ@l\/le,atﬂe resudltsi nsduwawmel@e ofmbigetics e EEEDcpf a pool of subjects

in trgss g{nlg oﬁng it hﬁt c%‘géﬂ{argg&%gld( lag&Férﬁé $h&hedbfinY: 2ethe EEG

or each subj ect based
ciassificttoa gié)atlg,ettomnafed taribie i ofsaspsserbigstMedRjfrent ed EEG as

descri bed above. In particular, the i-th supervised

SSMin each set is built bylearnlngf he

S egmee Sxpefimphe taER]ase PRSIy B3 OHNE BEb ilecton order, 41
chafad rrgérgsitqo&%' Eé‘ss‘icﬁ’?‘p%haS randoRdy apted aial\/Eubs@qtlé‘rﬁlyedﬁﬁd@j énto 40

ments and the supervised SSMs LisSQn ake
sequicots lngkding 3 CHPEEStTY it DEIER SSBTSTGHY ' gE iJ}ﬁ IgMpining 39

segﬂ:eﬁ’ts In addition, to get more comprehensive classification results, ten rounds of
the random character sorting and segmenting described above are |mplemented for
each of the two sessions, and the graphs shown in Figure 4 relate to results after the
tenths round. Therefore, 20 sets of SSMs are built for each subject whereby each set is
composed of 40 SSMs.

For comparison in the experiment, 20 sets of supervised SSMs (40 in each set)
are built for each subject based on the 20 sets of randomly sorted and segmented EEG
as described above. In particular, the i-th supervised SSM in each set is built by learning
from the first i segments of the subject EEG togethér with the corresponding labels. The
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It should be noted that the use of 3 characters in the
first segnent as descri bed above is preferable as it
woamvimpnseve the robustness of the techni que i RCTI862008/000192
exanpl e enbodi nents greatly. This is because if only a
single character is included in the first segnent and
nost of. the EEG used to i2put that single character

is incidentally msclassified by the SIM the

i,ni Likad | dapt ; 0 :
adrget o B B St o one] e RpErvisRy e o cbhiaricon
are thekapsaat to classifyotnertsessignd ¢f thansubjepd BEGSSM event ual | y.

Fi gures 5A - 5J show graphs illustrating the P300

identification accuracy of supervised SSMs, the SIM

ac ttshaild dpetroteshthekthapise ob Aisbaragtert in tha drst sedmaaiAsipscribed

aboéﬁgﬁor o %Téj%%ﬂ'ﬁfagd?@gvgiﬁe FOHRHNE® o tHé{ tebhfiqid RS@Btexample

I'nvention. Fi \ J, the results for the ten _
embhdigientsygreaty dbissis hpepusgdli ol & sipgia ohgrasisr ds HF'UQSE j"'ég'le first
segiiBieh Riddt DAONE- EEQ RRET ioC iHpat thalt Néndie| dndragferpigSincidentally

02A, 502B, 502C, 502D, 502E, F, ,
I OO

subj\é&%r'g@é!ﬁc Pheo drdrbedrigicaRha 1) 4duptatdfBnap AdiGeslOhz good SSM
504E, 504F, 504G 504H, 5041 and 504J show t he
evenfgdly acy of the adapted SSMs in the exanpl e

enbodi ment. As can be see fromFigure 5 while the

f d ' h i
S BR1 S Bieafe TaPals e S R aggRaaly of
supér?ifse%rml\/ls)ftgé IstMs Lkdlnjcmrdm ,totdreexanaple apybadinentagb the adapted
eadl | . . Y :
s, 201 Bl SRR P8 Brsin B REE 35hr 5A0, e
restiltsdfor ther tah debalttiynsalijetits mueraged everftbe 20heets iof skbiseibedals are
sho@ﬁoﬁqeye%g&fl%r? Efé;gé@l gﬂgEﬂf%Bé‘A, beindoBe, Bobe! S0SS 502F, 502G,

bl c he accuracy of the adapted SSM
502Hn 50 eaneix307d| shownthe cicawaey ehifeasupeivissaeFje whereagdhe dotted

gragsaU4A0 YoRb 5due HHRB! BhAE t50aFM5046 S5G4HE UB0AE Yind BOK) GHEW the
i's evaluated when ten rounds of test EEG data are _

accurgeyiof the adarind SFhfsibites exaniple smbggiatent l'?&fthnﬂ?? SH5deam Figure
5, \Afhgé? Wea%dé]yfa%y o ONREAEEMETRN tBe REMPRIBIdRh&t RYinfiallyalower

I'S use or " supervi sed SSMs d d, SSMs. F h
tharsi O (THe SHERRRE P S T TBPStcH R S BEERde® FRETeph fopases
steaffd_ny aAd Gicky E@d/ebgésgb l@hdoml lhl%lgy Eﬁﬁb-s@m}sad ﬁSWWWﬁaround 25
igures | n Fi r elled " t .
charasfess &4 wC?rﬁe%g%Fﬁdwd%FOfb SYPR if?f;‘“%%%h FupEeluidee 5RG ip quite
diffdredt frinf eheodthéri exsSdapiad in iguaa GEathepdoedraBBbE thevdtizpted SSM in

each
the examplg %%rbggi%%%t can also converge to the accuracy of the supervised SSM.

The accuracy in Figure 5 is evaluated when ten rounds of test EEG data are used for
each character. It is noted that the model accuracy is improved when more and more
training data is used for supervised SSMs or adapted SSMs. For the SIMs, the accuracy
does not change because the SIM is fixed (trained by the pooled EEG). The axis of the
figures in Figure 5 labelled “Number of characters” refers to the amount of training EEG
data used for the training of the supervised and adapted SSMs, where each character
corresponds fo ten rounds of EEG that are used to spell the character. As described
above for the test data, the training EEG data is likewise divided into 40 segments
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corresponds to ten rounds of EEG that are used to
spell the character. As described above for the test
wdav@/14she training EEG data is |ikew se divi dedTisoct@s/000192
40 segnentsincluding 2 characters corresponding to
2*10 rounds of EEGin the first and 1 character in
each thereafter in the exaapl e enbodi nent. Figures 6A
- J show graphs illustrating the standard devi ati on of

t he P300|dent|f|ct|on ur h
g Sharmee T ol v HugSY o rECU A8 PR EEF S
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SSML«”AE's@\HGvﬁ iR E'F)gure.é\tes e seREdt d!erBtloh vé tieee acouaagy &fdhﬁ adepted

SSM;5||$ gwt%ag%a{gtetﬁ%tso g/lg%§@pte%é§toﬁ8$_ﬁa f?r é"@%%?f?{e t%l‘? Eui%]gﬁs (except
for tﬁeﬂﬁthsé@féc{ hd Nep?étedj IheFig@re i) (Atdhe aam@tlmedhampq:tgacy vanance of

nbodi nent

the <sBpics: SONS inguseriRb e f e 00 iled Secii kM g 5E)
mdnc%%b%ﬂ*ﬁénétblﬁhty i irrenmchdnqme of thtshexaotpteeemhpdimest e difta subject's

the su n isPA0 tuBEARFAIP From that
much,l@p%ragqu@cyﬁgwﬁ gyg %? %mst (r%al ni ngaf:fﬁrgr acters gt grﬁ? °
of theiisdr @fnel subjebiss conpari son. Particularly, the 4 1

training characters are divided into 40 segrrents (2
characters in the first segnent and 1 in eac £ th
Boti mmsupengséSQambgd@nW@ﬁSM’ﬁdaftertﬁ‘??q R Inssadsingr P rlb' A of the

tramg% ﬁéé’rjta&%gs Bﬂ aLed) tHist BorhpiRisbR.ai Phrfigulaigrtaet€r training

creased from1l

chai@sis aneeimmni@s%swﬂsa@s‘ihﬁgﬂq‘ﬂ%mt‘8@1“’38 5?%“?’5@%% i each
of tlJr:eE@rgsn‘é? %%@ s%gm%ﬁﬁs?@n@ftraﬂw &e@@mﬂ%eb&h mewisledsmd adeplted)

can,be se |gures 5 and
withghe tra@mssnbﬁ@?@teuﬁa@vefctéx'?slr‘aéiicé%?58§gff’ ﬁ Pest dat a)

| ncreases st eadi | y when nore EEG (fromthe training
fheEtEréal)necl:l SSSul\%g darcfa o’crhert1 huesegD %elclasm Ienl%st data (another EEG session
composed of 41 characters) as illustrated in Figures 5 and 6. As can be seen from
Figures 5 and 6, the SSM accuracy (evaluated over the test data) increases steadily

when more EEG (from the training EEG) is used for the model training.

Figure 7 shows a plot 700 illustrating the classification accuracy of supervised
SSMs, adapted SSMs according to an example embodiment, and SIMs according to
another embodiment of the present invention over different rounds of intensification. In
Figure 7, graph 702 shows the classification accuracy of the supervised SSMs over
different rounds of intensification, graphs 704 and 706 respectively show the
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Figure 7 shows a plot 700 illustrating the

classification accuracy of supervised SSMs, adapted
waSMy/1agsr ding to an exanpl e enbodi ment, and BCEISG2008/000192

according to another enbodinent of the present

i nvention over different rounds of intensi fication. In

Figure 7, graph 702 shows 25he cl assification accuracy

of the supervised SSMs over different rounds of
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averbE%ﬁ@tHélEEIBQSIﬁéctdden ruitipe refifidsct  t hr ough aver agi ng the
G collected in multiple rounds. Fromthe
experinmental results it can be seen that the SIMin an
eX &rgph ehe rdsxpdﬁrmaﬂal mstite itf cambet $renciha dhes SHylelst apsyample
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usefReRdIRR8hd YokdBadH ngﬁ'ﬁpléﬂentEdrt hernore, the techniques
In the exanple e diments are not limted to

Furthermore, the techniques in the example embodiments are not limited to
identifying P300 using a P300-based word speller. The technique of learning a SIM from
a pool of subjects and the adaptation of a SIM.to a SSM in example embodiments can
also be applied to other EEG-based BCls such as those using motor imagery.

Hence, in one example embodiment, an adaptive EEG classification technique
has been developed. In this technique in the example embodiment, a SIM is first built,
which itself, as an embodiment of the invention, augments the classification of EEG of a
new subject by learning from a pool of existing subjects. Next, the SIM is adapted to a
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i dentifying P300 using a P300-based word speller. The
technique of learning a SIMfroma pool of subjects
wanatingr2adapt ati on of a SIMto a SSM i n exanpPeT/SG2008/000192

enbodi nents can al so be applied to other EEG based
BCl s such as those using notor inmagery. Hence, in one
exanpl e enbodi nent, an adap6i ve EEG cl assification
technique has been devel oped. In this technique in the
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supervi sed SSM trained by |abelled subject EEG Hence,

the use of the adapted S n, this e [ s
c amiguEsd lustigies g ﬁghere%ttc 0%8'39'@81 Bﬁg r%@etg{nng@) %r rHaalggn‘ymg
bralﬁréig?r%%slnwh’ehml aé@jﬂiﬁih@ﬁbsamgmbommem pietl’feopneaerrtenventlon The

systg%éj@fpgla@eslr %}S fn%ﬁ lili ?%S ﬁé ﬂcsgqn%\sa&{c?%%érbundmg

unite8Ddolbuigirigoa eubjeuﬂandepm'rmbnbmotlhleuqn’@@bﬂlted brairaignsats from a

I'lrﬁ SRY}? em 800 includes an input unit 802 for
POC B brain signals and a nodel building unit 804
for bU|Id|ng a subj ect-i ndependent nobdel using

| | i
blﬁﬁ d%gthgﬁgygt%'s%ﬂ?lnf féé%{@% ngltnde%ﬁgﬁrt? B%Zrﬂp@ﬁ%nted on
a compiitensysterd SR, schepmaisaly shayet Biogs 9. JtHEwREiwaleMented as
soft?hfé?%}”%dcﬂ 45l JUb Pgter Fg:‘roé@bh B&nd @Re&ﬁ@@\/\ﬁlﬂlrﬁﬁne%ﬁw&eyﬁem

as a conp rogram bel ng execut ed Wltg
90G; eng msérrucmtlemogrwterasv@tqrﬂgps? {R EPReticE Hie resthp ckine Sample
emﬁ%ﬂﬁ%ﬁigoo to conduct the nethod of the exanple
e I ment. The conputer system 900 conprises a
comput er nodul e 902, input nodul es such as a keyboard
904y I@Qorﬁ&k’téles VEM DD coniriseslal dommiteranbgule 992yinpetsmodules

sucfi Boyens S0¢ GHAIBEiaF 100 B4 Brrpiiely oheriig: ROUR §icg = =
dls@aﬁgogaérldeprtrft@f@ml ver device 914, to enable access to
e.g. the Internet or other

The computer module 902 is connected to a computer network 912 via a
suitable transceiver device 914, to enable access to e.g. the Internet or other
network systems such as Local Area Network (LAN) or Wide Area Network (WAN).

The computer module 902 in the example includes a processor 918, a
Random Access Merhory (RAM) 920 and a Read Only Memory (ROM) 922. The
computer module 902 also includes a number of Input/Output (I/O) interfaces, for
example I/0 interface 924 to the display 908, and I/O interface 926 to the keyboard
904.
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network systens such as Local Area Network (LAN) or

Wde Area Network (WAN). The conputer nodule 902 in
woheosesarpl e i ncl udes a processor 918, a RandoRCASGe®s/000192
- Menory (RAM. 920 and a Read Only Menory (ROM) 922. The

conput er nodul e 902 al so i ncludes a nunber of

I nput/Qutput (1/0O interfagés, for exanple I/0

interface 924 to the display 908, and I/ O interface

9 22{5 %g %ﬁg he @ﬁ? cglgéu{gr] tnddiP 908 'Hp%é?ﬁ/ doem GBRENRE an

ical cate via an interconnected
mterbume@:ml awajsaz&]aad frad meannien bmwn & theepgyaen sillackin the geleyant

a the relevant art. The application programis typically
"supplied to the user of the computer sgstem 9 ;
endbe exppiieationdarograse de dypicatiydpURRied A HE UseES! RER grPUter

systbin®860 8¥d GRY & Sétaaélgrafg%a%édﬁtmh iticAgasi a CD-ROM or flash
correspondi ng data storage i.um

MEreeRy roRFEe! A r@édggtbsmm?ecférﬁﬁnoeﬂ%‘ﬂ&%%%E’é?%meg‘%%“’e of a
datA BRraRNHEGLS &0l nThbSa@ﬁe@ﬁﬁn pfbghamtlberepd crelssantrdidd. in its

I nternedi at e stora data ma
exe@&@@nby |t§?lepd°‘if§?ﬂ@ 5%”9%‘3 E{F% %r898f CProgrSa}n? ycl'art1a maybe
acchhplishediugigl RAMDH20. BCI according to an enbodi nent of
the present invention conprises building a
subj ect -i ndependent nodel u3|ng | abel | ed brain signals
fr Wmnathpo of cladsifginbjbeain signalt ik BC! becosding tecaraerslodipent of the

pre%qglpg?ntm &P?‘P'&%S%&ﬁ@ﬁ% B&a@?ﬁw&@b‘%ﬁd : E?oglr@g%ﬁ 2B&lled brain

sigrial/srhizopochef siljests.i n the speci fic enbodi nents w t hout
departing fromthe spirit or scope of the invention as
broadly described. The present enbodi ments are,
t hdt efllobe appr@CiaEdcb&n@l prspertl skilechin theeaihdratnumsreys variations

and{c{nl HSdifi C%EI{?N%E%V dé &S gﬁé %Féséﬁt inf&HtioR e EHokn ihthé &pecific

een escrib in the exa
emmmmtmmgutodenan@epfr@@eﬁhﬁ SR YooRe BriRE D {5% agbroadly

des?&%dn Tgé %@eﬁt SHedHiRENtYEfe, Sh&aRhs t6bedonsidérad én aﬁ rdspbtts to

nals can also b
be WeAFTROYE i TEE: TG SBREPR: WU P st Ff S BEPS EpRpdoscribed
in the ERARLIS @MPLHiRIeNE dfhiRe §fe%§ntdﬁveriﬁum | elhergyrges of brain signals such

R
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2. The nmethod as clained in claim1, further
conprising the step of building an initia
weuaas72speci fi ¢ nodel based on a set of feat BC®5G2008/000192
vectors extracted fromunl abelled brain signals froma
new subj ect, applying both the subject-independent
nodel and the initial subjzst-specific nodel for
claﬁsgfyinglthe unl abel l ed brain signals. 3. The
nmethod as clainmed in claim2, further conprising the
CLAWIRp of adapting the initial subject- spenglc ngdel
usi ng one or nnre of a group consisting of subsequent

s _of bel | ed
1. A g@gnqg{}pr cl?ﬁ% aﬁarga selgrﬁ%gé E{e% I gcﬂ@ nﬁetfn.r) d%?ﬁsé ﬁ?’(ﬁe step of:
Suﬂmulelotg spdédtiicdepmmdent m;adélhslnnaltah@tﬁdd@ aip) signateifrom a pool
@I a| m 3, wherein the adapting is perfornmed until the

et - speci fic nodel achi eves a consi stent
confldence score and subsequently the adapted subject

2. Tﬁ%%%bﬁ&dcasnagﬁ‘eo‘ in dégﬁd&tfﬁilﬁr\é%nﬁﬁgmﬁltﬁé §‘tefp' SFull@iAg ah lnltlal

rain si he nethod as clained in an
subjettespecific e besad @8, 2 ahfpiieatura vesiosy syfagies Fravhé“?h%'ed
bralr? g@hﬁ@frdn‘? ?W Q&B}Ectﬁag #/lnﬁsdd’t‘lﬁl theabjd QdndupRinBest rgo@d! ind

ect urt her t he steps
the ipitial %l&ﬁﬂ'ﬁﬁp?@f@ ﬁ@djﬁbfsépllaé%ifymga‘ihﬁ L@P%?L{?ngfﬁ%ﬁﬁg{‘ g pool
of subj ects; preprocessing the acquired |abelled: brain
gnal s; constructlng a_set of feature tglectors Wi

3. THRANSthed BBt 1RO FIEh 2 SRS FOrTRIS(IBaE ik 25 opptipg, e
initis 'sﬁdﬁhﬁspe%ﬂi@ rheddldisig érﬁEEOtSmbreéct a grulppemdating wb debsegyent

seowatl UHREIed B S g G i BP RPisEE T Pieindpendent

mod¥l aha@Bid ihitixll SubRct-apBAA@micsleevoked or not evoked given
a feature vector. 6. The nethod as clained in claim 2,
wherein the step of building the initial

4. 'I?dehjnethbd pectlifinvedridelaing Gyprhesein thér@depiénss isgperformed until the

e e e ik

bral n
adaptegimaibject spasificovedsiin gsech@ gmmer%ssmamapi thg brpigsignals.
signals; extracting a set of feature vectors fromthe

preprocessed unl abel | ed brain signals; and
5. The method as claimed in any of the preceding claims, wherein the step of

building the subject-independent model using labelled brain signals from a pool of
subjects further comprises the steps of:

acquiring the labelled brain signals from the pool of subjects;

preprocessing the acquired labelled brain signals;

constructing a set of feature vectors with their corresponding labels from the
preprocessed brain signals; and

building the subject-independent model by finding a weight vector for a linear
combination of each feature vector to maximize the posterior probability that a P300
is evoked or not evoked given a feature vector.

6. The method as claimed in claim 2, wherein the step of building the initial subject-
specific model comprises the steps of:

acquiring the unlabelled brain signals from the new subject;
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classifying the first segnent of the unlabelled brain
signal s using the subjectindependent nodel to build
woheodimstsal subj ect-specific nodel. 7. The nmerbosGa®s/000192
claimed in claim5, wherein the step of acquiring the
| abel l ed brain signals fromthe pool of subjects
further conprises the stepsgof: providing a
pre-defined set of stinmuli in rows and col ums;. ’
repeat ed| ctivati stinuli in rounds, wher ei n
i nS%%fEﬁmi”{ﬂlﬁﬁ ac@%\'& g@ﬁ?%ledc%?'ﬂrﬁpﬂ Sistimuli is
a?bké@b@ésﬁi@&ﬁe aa@LQthrum@)émlealbmamls@malss fromthe pool
su

st ﬁﬁg?{}g\g S ot bR iSRG \éeq{;] %%&ﬁgsgggfbgﬁ&egn@ﬂﬁ?ened brain
SignérsOﬁhdhe pool of subj ects using the |abel of the known

s fhedirdfeddMent3P8le GlaBoRbrih gt uéngogﬁéesub,ect.

ind@eqdemh maode! he buif mserhltl@@ume@t-ﬁp@lmpdelf ro m t h e new
subj ect further conprises the steps of: providing a
pre-defined set of stinmuli in rows and col um

7. Thepesthed by cleimed i dlai Bhehereiniipistemohasgniiag tbm Iabgllgd brain
sngr{a'ﬂs F%Qhé BHa b sﬁ&%@tsrfﬁ’r‘fﬁ&rco?rﬁirfé@@ e st8pd BUI | 1S

I vated once; and acquiring the unl abelled brain
si gmw@ng 2 ora-defined eof of sBEE in TV ANY AYUBIBj ect f ocused

ON (ghHEU Q¥HVafihd TRl éi‘rﬁ“iullQn rdliRiswhbemh iSeaeh abuirkyl each row or
claimb5, wherein the step of preprocessing the

coluganefi Siewli 1sasEVated OBFai n si gnal s further conprises the

st eRguihg blfd'ﬂ)h?ﬁﬁ@'frbﬁﬂhé poeMesfabectsiwithesdchgubject foeused on a
acqui red ed brain signals using an optimal
knowp SFRIUSy @¥liency; down-sanpling the filtered brain -

Si ga@éuﬁngbme @mqma@i Irginesignays fromethe poslecfdubjeetssesing s lake! of

the?ﬂ%wﬂg“ﬁ@‘z%ﬁp%\bé tB %ﬁ |%$§\émnsggr?%m Thea:r:eit ngt 2Sf rom

claimed in claim®6, wherein the st ep of preprocessing
8. é{}ﬁg%ﬁﬁoﬁfé{%g%%@%ﬁ&gw @Weﬁe@ [ éﬂéz\%&ﬁfng the unlabelled |
brafni digmals frgmathe nbw Szubeact]ftsﬂ'@nabl@m%& eétﬁP@pﬁfl mal cut of f
providing a pre-defined set of stimuli in rows and columns;
repeatedly activating the stimuli in rounds, wherein in each round, each row or
column of stimuli is activated once; and
acquiring the unlabelled brain signals from the new subject with the subject

focused on an unknown stimulus.

9. The method as claimed in claim 5, wherein the step of preprocessing the acquired
labelled brain signals further comprises the steps of:

implementing a low-pass filtering of the acquired labelled brain signals using
an optimal cutoff frequency;

down-sampling the filtered brain signals by averaging every five consecutjve
samples to a single sample; and

removing ocular artifacts from the downsampled brain signals.
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frequency; down-sanpling the filtered brain signals by

averagi ng every five consecutive sanples to a single
weanplies72and renovi ng ocul ar artifacts from t heCT/SG2008/000192

downsanpl ed brain signals. 11. The nethod as cl ai ned

in claim6 wherein the step of segnenting the acquired

unl abel I ed brain signals fu®her conprises the step of

including brain signals collected for nore than one

10. %E'Pﬂ%’t .e'lq?lélgfég F:%‘m BEARER BB @téprﬁldﬂgérege@oﬁ@ﬂle acquired

ohe stinmulus in each
Unl@%@d@[@ﬁﬁ'%é@ﬁﬁ'ﬁ'ﬁ%’ copprisen dhaglepP®a’ as cl ai med in

cl giiMetne g Llol-Ha ﬁifeﬁﬁg & tdBRin BignhBausiny &t dbtimal cutoff

subj ect-specific nodel using one or nore of a group
ﬁe%&ﬁ§¥st|ng of subsequent segnents of unlabelled brain

si %Wrﬁsérﬁ@lmgt fhe fiterdSbiresignals vy svehighe everddpendasscutive
initial subject-specific nodel further

nodel t he
?a"ﬂl%'ﬁ%?q %é@gﬁ%n&%@ f iteratively: a) classifying the

f eaferovingestulir Srifacts @opothei degvrisamplesl Israinssignadat

segnent of the unl abelled brain signals using the

subj ect -i ndependent nodel ; b) classifying the feature
11.VE& methodars dsipmdinrgdaimos tiherain lirsestep rtf segyenting tife &id.mlired

3G, AT A Soua08 014 Bang, b s
collectedefof more thansrs) sivtulis hreqberfm@raegmteand énclusiing br@m pignals
col%c%%q’grl glfé’]gtﬁgé egéN tul?g?eat b'u@l]ﬂ sRiped - specific

re ve tor corr espondi ng
to the subsequent segnent of the unlabelled brain

123'1'98%& §1 29 e d R &aiM h\nﬂemngrt‘ﬁé SEoF dRBEENg the initial
R 13

term ning e initial subject-specific
sumeapennﬁg raedsl eyaing @r@oﬁs mr@n@f ecgfpuaé?%@lsge@r@ sypsequent

segf &Rt QnFaBQIIéd%FairﬁélgﬁéIQJfr%ﬁ{ theRRsw §uk§je&0ﬂfél sdbﬁédf-%dependent
aSSI i cation resul fromthe nodel

mode TR a8l oPIschFPaalic BRI e GOTPr e ModrPe dgavel:
ac héﬁMQQs@w@%é'féét@% vé@tﬁfsl Esrponding @ tikn duibsEeriehi Sggment

of @ij”t?@ﬁ %‘LE@% ?'Snﬁlﬁd@\ng& ﬁ%‘e? pgg:pﬁn%gubmgg?l specific
m)daj claSsifyHaetheefbhiaee gsctotsataresbpbnding 4o I’tmé.gubsdweai segment
of {he unTc’atbeﬁedo Lra?ry glgHatslug%gttng initial subject-specific model;

c) evaluating a confidence score for the subject-independent model;

d) evaluating a confidence score for the initial subject-specific model;

e) classifying the feature vector corresponding to the subsequent segment of
the unlabelled brain signals using the model with a higher confidence score;

f) determining if the initial subject-specific model has achieved a consistent
confidence score;

g) adapting the initial subject-specific model using classification results from
the model with a higher confidence score if the subject-specific model has not
achieved a consistent confidence score; and

repeating steps a) to g) with the adapted initial subject-specific model as the
initial subject-specific model.
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confi dence score for the subject-independent nodel

further conprises the steps of: evaluating a posterior
wonoebabsi2sty that a P300 is evoked given the fears:es000192

vector for each row of stinuli; evaluating a posterior

probability that a P300 is evoked given the feature

vector for each colum of stinuli; determning the

di fference between the highest posterior probability

13. 3‘2% g}ttigtfd ;ﬁoﬁ\g%lgg'p?c? tlQm(é aﬁ? \&H%gg\ﬁ)ﬂg h:.J’c&yeo"?tevalua’cmg the

confilenee aceia fbethte;eub]‘ect-hmiehem mqﬂ@t&@hebcorpprdﬁﬁﬁm EWS of:
\ ;
TR, oS A 0l g e e

vectpofreacbhrowobstithilli ty anong the col ums of stinuli ‘and

t h%vglﬁéfi ogpiagpgs?éri&oﬁ’b%bl% ReLBaB30A § e@&@aggi/@ﬁ the feature

to give a saliency of the highest
Vecipoﬁtr@lapblcoblﬂ'u‘b@ﬂﬁtlmbﬂ'y and nultiplying said saliency to

gté#h’lflrflﬁé %anﬁe%ﬂ&@ BeREeh ige hfg‘h@tﬂc poﬂérldrhﬁoﬁaﬁlh@ rEhyong

ference for the rows

the gowsnA SITTUIGEIAAG NEY WORRY AASTeros ApPaNK a Rgt B s of

stirfull o SyiBé @CEaIRABP VP dRA highRee bostéfior phubabitityhand asultiplying said
claimed in claims 12 or 13, wherein the step of
saligRey| ta SR e ®BCRonf i dence score for the initial

 subjeestinising @hd differ@ttel bétwetheahe bighest pestetidreprebelity gfmong

e GUEIE R G B0 by b e coums

of sﬁh'iulmb Igivees &laLileY(dyrcg‘ the hirgtest posteforglyabaliiity yandimaultiplying said
00 is ked given the feature vector for each
Sa"%'?)"?yut&*? bcfg'g?reﬁﬁ i ; determning the difference between

t he;omtgnnagtthpqmmuatmf fheosmlienty taydaivendjffereace dos thef rows of
s’u # acn,&uﬁl?lgoc?es)ﬁbd}' ﬁghg\ﬁatlueﬁ@%t %Hfi@iép@é plaiel 1’0? Eﬁé subject-

e r OWs to give a saliency of
mddzpegidestmpdsit erior probability and nultiplying sa| d
saliency to said difference; determ ning the

di fference between the hi ghest post er.i or probabi ll a¥
14. dfgnigiethod as claimed in claims 12 or 13, wherein the step of evaluating the

confidence score for the initial subject-specific model further comprises the steps of:

evaluating a posterior probability that a P300 is evoked given the feature
vector for each row of stimuli;

evaluating a posterior probability that a P300 is evoked given the feature
vector for each column of stimuli;

determining the difference between the highest posterior probability among
the rows of stimuli and the next highest posterior probability among the rows of
stimuli to give a saliency of the highest posterior probability and multiplying said
saliency to said difference;

determining the difference between the highest posterior probability among
the columns of stimuli and the next highest posterior probability among the columns
of stimuli to give a saliency of the highest posterior probability and multiplying said
saliency to said difference;
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the colums of stimuli and the next highest posterior
probability among the colums of stinuli to give a

weabivaagpsof the highest posterior probabilityPamsG2008/000192
mul ti plying said saliency to said difference; conbining
the product of the saliency and the difference for the
rows of stinmuli and the cogumms of stinuli to evaluate
a confidence score for the initial subject-specific

nmodel .. 15. Th th  ai - i ;
SR ey eBE A HE PRI ] e Rt oPRE Sl o
stimGi Rinecthesstamhsé of natidelli tvasvalustices expnfidenses earenfor the initial

confi dence ore further conprises the steps of:
SuUbJRErSREHNSM e|?'f the confidence score of the initial

subj elct -Jspecific nodel for a current segnent of brain .
15. Fh o o B B B e B A o
subjebiespEsifici deort bawr echiefed e Fonsistent SBjidRices Faeser j further
con{ﬁﬁggéthfecgte shgﬁlta_st Ik segmﬁnts of brain signals from

new s ect is less than a second threshol.d; d

detdetammmlmggllftth@ponmnpﬁiswﬁ oigths; itiel. %’%’&&%ﬁ’%‘&&ﬂgﬁge‘ for a
currBAS sBGREAY &f aifi 08 ofim coR! hewnsbjestonegicktdrhan a first

confidence score of the initial subject-specific nodel
threpaelda current segnent of brain signals is greater than

igi’?%t%’}erﬂrgﬁg 'ifﬁh@sshéﬂdfiar;dlhﬁﬁviah;en ff ahel aodfidieve atcooes of thehieitial
e scor Subi - ifi
et el PEBe e LB o B B RPAESRET 4 By syt
is léseaﬁvarsa'sfscfﬁctamhbmas@ol Iol 16. The nethod as cl ai ned

In any of. the prec L TB.: i si

i e A B b QRIS hbgten
conffiéléidd §36re gf ﬂwlbecdnﬁvlema:isd:dre af dhe rimitialrsuligatBpegiic model for a

unknown sti.nul.us.lies ' . Sk i i i :
o AT S WL Pah 5 ol prenbd st
devimtioheofithe cpniideaie [scorestdfabe PlH subjestenesificgnoddl far the last k
segir?eg-hsu {)Fbrgﬁ\cél&gﬁ L lesd e ShfdcBhd irésiidid.yi ng brain

fgnars™n a , ?%e system conpri sing: a nodel
buil ding unit for building a subject-independent nodel

16. Y8 FhelrtRehd ediiRiMai) 8nBleplccating dramk, Ritherkbeptising the
step of identifying the unknown stimulus by identifying the row and the column in
which the unknown stimulus lies whérein the stimulus in said row and said column
results in a maximum averaged posterior probability that P300 is evoked given a

feature vector.

17. A system for classifying brain signals in a BCl, the system comprising:
a model building unit for building a subject-independent model using labelled

brain signals from a pool of subjects.

18. The system as claimed in claim 17, further comprising a second mode! building
unit for building an initial subject-specific model based on a set of feature vectors
extracted from unlabelled brain signals from a new subject, applying both the
subject-independent model and the initial subject-specific model for classifying the

unlabelled brain signals.
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18. The systemas clainmed in claim17, further

conprising a second nodel building unit for building
wanonusizal subj ect - speci fic nodel based on a Ber/SGR008/000192

feature vectors extracted fromunl abel | ed brain

signals froma new subject, applying both the

subj ect - i ndependent nodel add the initia

subj ect-specific nodel for classifying the unl abelled

brain signals.19. The systemas clained in claiml18,

further conprising a nodel adapting unit for adapting

19¢ Hee systam & daimieddp cayachiss ft&*h%@empugma@ 'aﬁéelcﬁdaﬁﬁm@umt for

ad&ting t8& Wlihl SOBsEEddficHhodd RERGURIRL or§REMEES Sy Blip consisting of
unl abel | ed brain sngé}al s fromthe_ new subjec

t he
gsl?g}lgl&tte,qg gevplabelies) brgwcplgq?és frayy thgn subject, the subject-
ind&'dbnhc%hit niderand theThitial subitt-sgbefisietiem as cl ai med in
claim19, wherein the adapting is perforned until the
subj ect-specific nodel achieves a consi stent

20C0imd is%émeassﬂamdamblaubwqmwéinythé Iwaaﬁimg)tse}ﬁarﬁmhje&mhtll the
Cl assl|

used

sufRE gk PR apDeVe™s ool fee iy RAG SiiRRgRonty the
adapted slibjettapesifit Mddel BOyseduo iverthe classifisatitg: ofdhe brain signals.

stimulation unit conprising a set of stimuli in rows

and columms; wherein the stinulation unit repeatedly
21 athd systars asickiped uany one pbelaidts, 1561020, further campeiging:

r oqutlmE%‘t“iBn uﬂWthtngﬁgllnH%e?fof StrhfMin! rolve a@‘&tc'om iRd

e; an acquisit acquiring brain signals;
whgrﬂ;n gqngstgpulg@@g ghit geppatedly @ptl‘fﬁt@?ﬁhﬁ;@t@‘g@lhg‘l foads, such that in
eammahaeé*aéw@g/br%owmh ®f stitruli lé\a@ﬁ&a%e&bﬁéége medi um
havi ng’ stored thereon conputer code neans for

i ns@n a@wlﬁgoraueléfqmcew@gﬁ@ﬁﬁma@xé@@te a nmethod for

cl agprdproeshsoAlt BF Efé%lr&elsgmé R hequife@ UFEh RRfhals.

conprising the step of: building a subject-independent

nodel using | abelled brain signals froma pool of

2zswbjdat:at %tora%e rﬁégﬁﬁgmfamtggstam mmwﬁn@?snmjt@i BBk irﬂeans for
e ne 0 ur er
insfPirR 4 GomR Ut YA (o AeSHE 2 Bt B Aseh i beh Shnas in 2

BCBetheofetlﬁc&attchmanmgtlwaeﬁmf ract ed from unl abel | ed brain

Subp g & ARBRGBHESHREF ienBP 0 e R fraln Sanais fom 2 poo

of sullgpadet - speci fic nodel for classifying the unl abell ed

brai n signal s.

23. The data storage medium as claimed in claim 22, the method further comprising
the step of building an initial subject-specific model based on a set of feature vectors
extracted from unlabelled brain signals from a new subject, applying both the
subject-independent model and the initial subject-specific model for classifying the
unlabelled brain signals.

24. The data storage medium as claimed in claim 23, the method further comprising
the step of adapting the initial subject-specific model using one or more of a group
consisting of subsequent segments of unlabelled braih signals from the new subject,
the subject-independent model and the initial subject-specific model.



24. The data storage nediumas clainmed in claim 23,

the nmethod further conprising the step of adapting the
woniwiias72subj ect - speci fi ¢ nodel using one or nMBCE/SGR008/000192

group consi sting of subsequent segnents of unl abell ed

brain signals fromthe new subject, the

subj ect -i ndependent nodel afll the initia

subj ect-specific nodel.25. The data storage medi-.um as

ZSCWtaélr‘m}iaiSﬂorQ%airﬁ?cﬁém wﬂﬁmdghfclémﬁm, Rghdr&inP@kf Qc{iéﬁ%ﬁg is
nt i ubj ect - spegi fic achi eves .a consj sten
pelffnsc i 478 B e niarlciey o6 o PR T Dpaes score
and peubskquentlydéhe | sdapted] dubjegitvepddiie chedsli fd aeklotb Aive the
clatsgiﬁcaﬁiroﬁ'o? the! &Qi‘?\l s‘cfgnals. '



