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A METHOD AND SYSTEM FOR CONCENTRATI ON DETECTI ON FI ELD

OF I NVENTI ON The present invention relates broadly to
wa@20mtibos and system for concentration detect i BOT/SG2008/000141

BACKGROUND Concentrati on detection nethods can be used

in various applications such as in the diagnosis of

neur o-cogni tive conditions, 1f or exanple, the Attention

Deficit or Hyperactivity Disorder (ADHD). In addition,

they can be used for performance nonitoring and

A METEGDIAND SYSTEM FORNGONCENTRATIONDETECTION
-.assessing work related stress. Concentration detection

nmet hods can al so be used to nonitor the effectiveness

of medi cation such as in clinical drug trials or the

effectiveness of therapy and rehabilitation such as
FIBLD QFcdENTIOMN general, it is preferable that a

concentration detection nethod allows a continuous

detecti on and nmeasurenment of the concentration or

at t énei ereseat dnyentionr trélatasorbepadly cloneemethbdoand system  for
cor‘?@én%‘éhbr?ﬂe{é?ﬁ&}pd needs to be accurate and robust. It

is also preferable for the concentrati on detection

nmet hod to be easily used and to be of a | ow cost.
BAGK@RbUNBNd Lubar [ Monastra and Lubar, 2000 -

US06097980 - Quantitative el ectroencephal ograph”

(QEEG process and apparatus for assessing attention

def C@héerhbé‘ﬁ@h @%Eédf bh Yhéihédl:f é’@f be Nscc;ard]m gyﬁgf’sséﬁpﬂlgat%ns such as
uzel |

in {%\/ﬂa%os' of ¢ ewm&&ﬁegwﬁaqoaswaaﬁ. for exaymeled BecAttentionreeficit or
Hyﬂféﬁaﬁmnbls&de‘kt {ADHDRNIN Babitieh! MdyPeamWd Visdd for performance

B ghe o B RS ERR. Y5 FhSD S o peeening work

reIatedMn@sSoCoad:@ﬂfaﬂbe detectiohemtthods icadexsd ®e used to monitor the
tectj attentiaq
eﬁ&q % %ﬁgn aﬁyé:ﬁaﬁse 'rbTCF'?' ngttﬂglﬁ t?‘ﬁe?%cﬁ‘é‘%@ss of
ther%nM @dr@hablatahoofsucﬂnesbmféenhang tasks to be perforned
by the subject. In these tasks, the subject has to

keeglahi s or her eyes open with a fixed gaze (used as
t helhagengrak)it isr ereferablestheh aotorgentratioihdeteatiarumatticainalifws a

con?tfsi‘@?ﬁée td;egl%tdgeﬂ s SedsBiretHONof theF BN atidrtor YRHESY levels.
Furthermore, a concentration detection method needs to be accurate and robust. It
is also preferable for the concentration detection method to be easily used and to be
of a low cost.

Monastra and Lubar [Monastra and Lubar, 2000 - US06097980 - Quantitative
electroencephalographic (QEEG) process and apparatus for assessing attention deficit
hyperactivity disorder; V. J. Monastra, S. Lynn, M. Linden, J. F. Lubar, J. Gruzelier, and
T. J. LaVaque, “Electroencephalographic Biofeedback in the Treatment of Attention-
Deficit/Hyperactivity Disorder,” Applied Psychophysiology and Biofeedback, vol. 30, no.
2, pp. 95-114, June 2005.] described a method to calculate an attention index for
concentration detection. This attention index is calculated as the average of the theta
over beta power ratio for each of the following tasks to be performed by the subject. In
these tasks, the subject has to keep his or her eyes open with a fixed gaze (used as the



10

15

20

25

30

power and N is the total nunber of tasks perforned.

The theta band is defined as 4 - 8 Hz whereas the beta
wohand/18eoslef i ned as 13 - 2 1 Hz. AAt,t, ention PATISGAENS/000141

=- P Oyi>er he - N>task , ,i EEGower ~ - (1) Figure

1 shows graphs illustrating the basis for devel opnent

of another prior art Cox et al [Cox et al, 2004 -

US20040152995A1 - Met hod, 2Apparatus, and conputer
pesearedrb R O (o0 AL GHAE b BE AR Heex fe shown in

Equétﬁ)ﬁlg?r Phefbk t}éoﬁl‘%@@w&ﬁgj‘ EEGhd tieay R, dEmehsiver]s’ is the beta

EEG power spectrum for two cognitive
powéragHesN ieothe gotalansni=tr ef taskE@eoranedi Theothetpakandda defiipd as 4 — 8

|ncon n respecti vel I n each
Hz wipreaan f’%ﬁﬁ”é GE%S} ?ﬁgéﬁéswc&ﬁ{% 102A and 1028 |
represent the power spectrum of a subject performng a
task and curves 104A and é248 reprpesent. rishe power
spectrum of the.saMemgah: EE ﬁ%@@eﬁ%@ﬁnl ng an (1)
adj acent task. In Figure I zgﬁ}EEGﬂ@WQQms above curve
104A at | ower frequencies and nostly bel ow curve 104A

at higher frequencies (above 16Hz). This shows that a
sh 'Ff)guré ﬂ %ﬁb\ﬁ@ grapas kiuspatmythéd eesié foraievelopmentl@Znother prior art

Corgptalgrateh bt e spIEETERGeRY VAEY, EREIHREC RS caffuier

prodra@Usredudd fom@ssssanerﬁtl of atteatigel ||mpa|hieerﬂ$]e£ﬂmlfﬁ§]1A and 1B are

orailad P B b ikt habEnd i g 8 S5 pover
spedﬁml foprtwot cagnit@ex tasks afor anaonsistent BRS| Eansiion g@sea|and an
mcoglﬁlts%ﬂ F%ﬁ {awgltlgﬁ assd leeégéc%ﬁlg hlﬁ e%%ﬁ eefHEEbures 1A and 1B, curves

I mpal rnent neasure 1 s
1028cmsli 192B megyresanti éhe Ay spedtean aft%éu%ct pREOTRRY @Eﬂ%@"d curves

104%@'{31%4%' r@h@jglﬂ the Ea)Eleli §p%€§bﬁ1'd?'ﬂ1é Eéifé Qlﬁl&}eétaﬂﬂetp@rformmg an

her shown | uati on . atl on
adjacept taslorin fnm 10oeive AQ3D & afeﬁvet %%1 atéﬁ?w?(e{S‘?Jé‘?BﬂF»% and
mo%@eéeﬂ% gﬁrb@ 1058 a\t%g{?ﬁ?‘ft@qﬁe‘ﬁb@sk}abo@t@ﬂzﬁ Thi6 shew@)thamra shift

a cutoff val

frong ope|t toh@q’gllﬂrdfrpn\,g{% 149 ?% 184'&)6%58@ enmt én lJrlj,|c‘5easse rﬁf%gher

frequencies and a decrease of lower frequencies. In contrast, in Figure 1B, no specific

change in the frequency distribution over the two tasks is observed.

The EEG consistency shown in Figure 1 is used as a basis for development of
Cox ef al. With this basis, Cox et al described two measures for the assessment of
attentional impairments. The first measure is the Consistency index (Cl) calculated as
the EEG power change distance (PCD) transition from one task to another as shown in

Equation (2). In Equation (2), N represents the total number of tasks and &, represents
whether the PCD is above (&,= 1), equal to (J,= 0) or below (8,= -1) a cutoff value.

3" 5, represents the sum of &, below the cutoff value and > 8, represents the sum

beloweutoff abovecutoff

of &, above the cutoff value.
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bel owcut gf f aboveciitqgf of S1 above the cutoff

val ue. The second neasure in Cox et al is the Al pha
w®k@ekates | ndex (ABi) which is based on the spPCI/8Gt008/000141

anal ysis, particularly of the alpha activity in the

brain. The cal cul ation of the ABlI is given in Equation

(3). In Equation 3, ctj represents the al pha power in

the subject's brain during fhe r task or the ith

resting period and k repregents the total nunber of
tasks and resting gge’lodsl_ n-a 5P el l [Covvan anqz)
o d.£Tk.s et er m ni ng an

Prell, 1999 - US05983129N

individual's intensity of focused attention and

i ntegrating sanme into conputer progran] proposed to

use THEGscE h’]@ﬁélﬁé n‘ﬁ mm dtb# |§ E@A@ha'ﬂ&ﬁ(a@é IARR (ABI) which is
b Gﬁg tbs br ai ns %ﬁ Attentlon I.ndj cat or
3397a" |‘°|‘R?8'ir§'e?")'fa ﬁ‘sorﬂﬂﬂiqu 'é{IOtB‘eaalﬁB‘i‘ IRt Bathe brain. The
calblﬁlaﬂ’tﬁ'f off tmiatABlﬂs Qfvedtiin Embilddl meaéwnsn & of RprédeARt @Rk alpha

g Qe rontal |obg E é%}thlnthefre quency

P°‘B%{n'a‘f ¢ Sppiects-prajp du r 1% AfcBe i hEesHRg PRRasRNCDK rqPrasents
theEbi@l alrabEyes taake bnd td3endpstiodar i es significantly across

di fferent subjects, the method in Cowan and Prell is

unable to provide a quantifi abl e level of attention.

Q her prior arts for inpjementjng,congentration
%#

detecti on net hods aBé Q—o%——El— lteni, A M (3)

Bi anchi, M Butti, G i2 (a%feecd)| " Anal ysis of the
dynam cal behavi our of the EEG rhythns during a test

of sustained attention"” Proceeding of the 29th Annual

| nt €pwan fochBrell(Safvan end Brellf 1999 UHERSEHZ{ ndethbd épridetermining

an I\{ﬁgl @hé\% 08{?&11 ﬁ%oofo%gg%g ?&Mt@n‘zg\gz Ngtgg%ﬁﬂgo%mq_ nﬁggcomputer
prOAranwlzprzmﬁ@értﬁaﬁe REGsacollettetdrom dedfreutaldobevothetseibject’s brains
and @éﬁﬁ’éd taﬁt A&niigRahyisker Hat Eg%b&sagyﬁo%rﬁzg]aﬁ% ?Ha matical

deficit-h %/ peractivity disorder
traqsfarIagan of spAmBiLdR Measureekinatiiantal lberEREG e firotal loge EEG is

Withlg -thd fre@,pen&yobé’r@ of @y M‘lf%\k@fey A ¥Pthe aﬁnphlude of the EEG
Hauf | er Spal di n L. Santa Maria B. D.

ChaTaes (gt Tiengie Sot SN CaGT0s, GGt fsgbisds. the meihod in

Cowanh BndPesiids MhabloBRRbIIGd a hasitifiaBlensal etdtéatideEG profil es
i n mar ksmen and novi ce shooters,"” Biol ogical

Psychol ogy, vol. 53, no. 2-3, pp. 131-160, July 2000.
T. - Bthed prigy, arlS. foMalptEngentivy cSicengation deisktibn mbthods are as follows

=. TR, RBAIRL 88 2L AN SE 180 USRS BPYEY oynamical
betawipiun et thenlgEGwbythmé4during .a test phsudbdindiPattek@iOm”. Proceeding of the
29th Annual International Conference of the IEEE Engineering in Medicine and Biology
Society, 2007. EMBS 2007), August 22-26, 2007, pp. 1298-1301; C. A. Mann, J. F.
Lubar, A. W. Zimmerman, C. A. Miller, and R. A. Muenchen, “Quantitative analysis of

EEG in boys with attention deficit-hyperactivity disorder: Controlled study with clinical
implications,” Pediatric Neurology, vol. 8, no. 1, pp. 30-36, January-February 1992.: A.
J. Haufler, T. W. Spalding, D. L. Santa Maria, and B. D. Hatfield, “Neuro-cognitive
activity during a self-paced visuospatial task: comparative EEG profiles in marksmen
and novice shooters,” Biological Psychology, vol. 53, no. 2-3, pp. 131-160, July 2000.;
T.-P. Jung, 8. Makeig, M. Stensmo, and T. J. Sejnowski, “Estimating alertness from the
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None of the prior art methods can provide quantifiable

nmeasures, for exanple 1 - 100 marks, for the level of
wa@taensdi2eh detected. In addition, the prior arPCHeGHO8I800141

wer e based on spectral analysis and are hence

i nherently sensitive to all kinds of variations, for

exanpl e, variations due to artefacts, noises,

neasur enent devi ces, etc. Phe prior art methods are

| so unabl e t ide .a consiste acro
e Gppier e ik Senereing 05 PRI, ERFRiR el 1985 no- 1.
60-69,|1e97r ati ng t he general process of concentration
detection nethods in the prior arts based on spectral
analysis. As shown in Figure 2, in the prior arts, a
f r eNprernf $heapriat gig instisadspean Provide qeniifiblesieasiires, éor example 1-—
100%3#{5ng tl%agv?lh&)%ﬁenﬁ&l g&g@t’éd' f SRABhakRALGd S BRt1eE4 were
ention indicator for concentration
base@toe @peciral arRlyeie ant @re heRgedhharprtlygepsive thall kindspisyasiagions,
%gat%‘g)lé %rlé’tv\/ﬁ?HEQ@o Bk &% SioRdBsf ﬁéa&@é}ﬁéﬂtde@fcbé’ rétc The prior art

t'i on seek to address at |east ane of
methpds re@seninahig. to BIVIdER/CORsISERINEMEgS WS a8 ops Flifierent ﬁ&%ct%f

the present invention, there is provided a nmethod for
concentration detectlon ﬁhe met hod conpri Sin

st dpeure2 shews & fowrhartesdidiusirating,ihg gsaere BEﬂCB?%?ft concentration
detédtn@ﬁ Méhoo%hﬂﬂ% {)dﬁr@tstﬂégecﬁétﬁ éﬁédtl@dar’g(ai\jl TR0 AR shbeatin Figare 2, in
usi n assifier, to e extracti
the PReicd Q{Tsaﬁ?gﬁaﬁr\%anﬁwa'ﬁ&%@ﬁﬂ%ﬂ?fgwﬁﬂ oftn 3raulred BEG. Next, an
Ind&eis @ehéragdspeep nal 16 piat aalAtbetidnUndisatordiot @dneenigation detection.
di scrimnative infornmati on between concentrati on and

non-concentration states fromthe set of extracted
speidénical insyiaw iofilthd ehdus; dere ekiatssa ﬁgédw@rtdwmeﬂwlde&ndewstem for

spect.r al [ a
conggrgt aélo&ﬁletsegta \iﬁllﬁllclﬁl g@%lﬂg%gg%gée gﬂgﬁst %h%%f&(e a%E)vé erog|eYr%
single score and determning if the subject |s in a
tration state based on the single score. The
Susﬁ@)g%ﬁgf extracting tenporal features frombrain
signals may further conprise the steps of conputing
st af\¢earding tofa dirsli AspREl A ohRsPiEReaMeRion Hele i Pf%)ﬂded a

meﬂfodeﬂo?%Bﬁ(%?ﬁraﬁsﬁ%?ééloﬁnﬁ’ue%@%ﬂ%ﬂr@&gt e §té|§‘s§ bSbkt@éctmg
I nto olnt feature vector. The statistics. of

te”tﬂ%@'nf oF fiors bRl Hienals: aﬂﬁ%ﬁ*@f‘r@ev‘iea?ﬂfﬁ%edrﬁ%mg?@b fegtures
usﬁé“ar él&éshﬂ& 16 R & BcofPRY lerlradtipat @b@cﬁra]l%paﬁlil Featubdsoifgth Srain

further co rlset e ste extra
sgp@lgp@@{qc%g agﬂﬁlgr f@%}”{%ngﬂ?glqll}g (ﬂc g:&n'gp%tlve information
betWe%ﬁU@é]{b)én%ﬁm\wlduﬁbrﬁl@oMérﬁ@ﬂo@wﬂ&Sstf@ombtl@ Bet of extracted
speéJ tra spa |aI ffeea LtJrl<'=I,=rseSc’:le%fsn‘yblrrlgﬁrjl Itl’lm’]e %IeI%c%d specg'al-spatlal features using a
classifier to give a score x,; combining the scores x; and x; to give a single score

and determining if the subject is in a concentration state based on the single score.
The step of exiracting temporal features from brain signals may further
comprise the steps of computing statistics of brain waveforms in each of a plurality

of electrode channels and concatenating the statistics into a joint feature vector.

The statistics of the brain waveforms may be standard deviations.
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applying a CSP algorithmto each of the spectral
features using a CSP array to obtain the

W@ p@otsehs spati al features of brain signals. TPET/SGLI&N00141
banks may conprise | ow order bandpass Chebyshev Type
Il filters wth a pass-band width of 4Hz. The step of
sel ecting spectral -spatial features containing
di scrim native infornmati on5bet ween concentrati on and
non-concentration states fromthe set of extracted
spectral -spatial features may further conprise the
st $Re Glers 6F etradtigssrreiraladpatiphfdatires edtnaie sigrade thaynfurther

th tual d f the feat i £t
compiige dimciris 81 SaNoaNg (RSReeR s Bl Sfhal chihoeRERSTh diorete
freqedrely wihdewslisingrittet hentscorabéaix sperital faturesgifinsain signals and

i ngl ore furt he ' f
opp5na S AT Bl b R RerdRL bt e CsP aray to
obtahgthetspectrakspatipl Eatubeeiirginmionaiel Sx are the mean and

standard deviation of outputs fromthe classifiers
using training sanples to give Xln and X2n i
r eFpedilter banks meyiagnipnge l@y-griss bandeass Qpekyshev Type Il filters

With}gé’%glglﬁggr%dw@g%p&l%ln and X2n respectively; and

Ing t scores Xln and X2n according to an
equation x1n *wl+x2n *wW2 to give a single score. The

wehght S AnshiVBingR¥pdsraf-8patl ateatlres casrmhinggt distheinative
~_equation W=(yi)p Where is the classifi thn i ¢ of
inforaaliana by twaencPeRaNIRlon, AN Nk ERngenRiaTL SRl Tom the st o

extrbORHUESSctidl-spatial lfcafifled &) Jarhéry icomptise et sipt ofl selecting
spectral -spati a

! | featur if j =2 an ( .
speglAPaSl R pavkased: ot Thivel sepfidirTis G s features with
resSedR el BreSsRbentraittn aidapredordeneativmitagsi f t he subj ect

is in a concentration state based on the single score

may further conprise determning that the subject is

i N TheCstep entombininy thieateresix ind X itm give assibgle scoreningi éyrther

t han t hr eshol ] t ubj ect i j i .
contisg dfe FIFEGH T nBlEng PR el B SR adchrilR 1 Bnauation («
My, iheestiyoing 2t e, cira diss fiean amdystaadad idsuiagiae of cutpsiseirem the

ar oup. St i W€ AN S CFdsPBivaly: ARGl Sweight

cla LS HBnG a0 s, Bl LR g B s Ol RSN eiahts
w; B oy t moenalines SipsesXy aNdees FREPEAUVEN; S ¢Epkining, jos goores
%1, SRR, 2 RBRIFPLENPBG YR &, 8 +x20* W, to give a single score.

The weights w, and w, may be calculated according to the equation w=(y;)?
where y; is the classification accuracy in classifying the extracted temporal features if
i = 1 and in classifying the extracted spectral-spatial features if i = 2 and p (p>0)
controls the power of w; in the calculation of the single score.

The step of determining if the subject is in a concentration state based on the
single score may further comprise determining that the subject is in a concentration
state if the single score is higher than a threshold and that the subject is not in a

concentration state if the single score is lower than a threshold.
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Machi ne. The nethod may further conprise the step of
using training data to generate paraneters for

w@b@sasf29i ng the extracted tenporal features UBCTIEG2008/000141
classifier, for extracting spectral -spatial features
frombrain signals, for selecting spectral -spati al
features containing discrimnative informtion between
t he concentration and noncdhcentration states fromthe

o1 L8 PSR sorEhreane Raryh oAt SpRitlpeck  Linear
Dis¢riphingnttAndlpsis icfaseifier, lerplanslam@rk-sr Suppyrt Meaviori Mecmm druzzy

r r I SLdF f t f
o8 Spp FHRLASES SAln el RS P o S Kl vector
Magheet ral - spatial features based on nmutual information

and a nodel for the classifiers. The step of using
training data to generate paraneters nay further
confgte methodemay éﬁg’%ﬁomrlﬁ%&ﬁ $tgP Of BiRY ﬁr@!ra%a gatertggenerate

paréMQiC?‘?gtfér eeEEiRimg Mok %xﬁﬁ&te@fteﬁﬁél‘a? fé‘é'c@ré@h@’h@" é“dlbﬁssmer for

sal araneters via machi ne | earni ng net hods.

eXtr@P’ﬂ'1!91§R§th?ér§l°%'féﬁ’rﬂ?$%'@so§ﬁ%md?ra\’?o?'%n%? fgr §eisapng LPStizf spatia

fealuREs béﬁtbmmgoausmambﬂ@e %fbr@ﬁ‘élﬁhq?émmﬂ{e cPREdr@ratibM@nd non-
mental arithnmetic with closed relaxtggfa{j ;

concgpikating afedRmdCoMile st 9 g tR EP%‘%‘?&SB? ealures and for

clad¥iging dhd Belbbted specRaIGpaspgesiuads Ushey peiassifier. i nventi on,
there is provided a systemfor concentration

detection, the systemconprising a tenporal feature
eXtTIﬁ:tﬁaﬂ@fnéﬂ@'ré rhay c&mﬁwriset ong oremuoe adbf faegraupescofisisting of

ool RS i SRR, B (S AR St

specirabspdtiabfeatuneg basechors nmttml Xiformmtiop @0t rainodgldor fdmb classnflers
feature extracting unit for extracting spectral spati al
features frombrain signals; a spectral-spati al
f eathe etepedfelemrtgalmng tdatapto weé@tﬁmger@@écs may fdigharicgmprise

the{ ﬁ@f}é‘ 'of %oﬁé’cﬁfh?l fﬁélﬂﬂ ascﬁ Mt dFh RbjebR hEFRHTRY 208etbsH 48R and

& ¢OnCcent T ati on and non- concentrat on states from
detetmainingtsaist parRineiess otp @ﬁélalt"? fgargipamediodseat ures; a
spectral -spatial feature classifying unit for
classifying the selected spectral -spatial features
usi hge &9 caTdashs may CPBRGST ONG 5 B8 %o HALP £OpFiIBings < rrgding

a tBBhrhéélUBé;%# berfemhiflg t RERRIN Arittfresticuiveh Cliess Byées)Oraidiing and
and sai d spectral - Eqatl al feature classifying unit for

loob'aﬁﬁr?H"H’gaf’ﬂée§@6r"\é' ‘WSR2 to give a single score

and for

According to a second aspect of the present invention, there is provided a
system for concentration detection, the system comprising a temporal feature
extracting unit for extracting temporal features from brain signals; a temporal feature
classifying unit for classifying the extracted temporal featureé using a classifier to
give a score Xy, a spectral-spatial feature extracting unit for exiracting spectral-
spatial features from brain signals; a spectral-spatial feature selecting unit for
selecting spectral-spatial features containing discriminative information between the
concentration and non-concentration states from the set of extracted spectral-spatial
features; a spectral-spatial feature classifying unit for classifying the selected

spectral-spatial features using a classifier to give a score x, and a processing unit
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determining if the subject is in a concentration state

based on the single score. The system may further
wa@eompnseesfilter banks to extract respective bPEI/8G2008/000141

si gnal components in discrete frequency w ndows to

obtain spectral features of brain signals and a CSP

array to apply a CSP algorithmto each of the spectral

features to obtain the spe@ral -spatial features of

2 AP AT e s
claseifgid ueft F8HzomAREEY ehengedres X, tanidrg sgiesta sihglehscore and for

det resirﬁgﬁfﬁl&e,e%égtﬁ% %Q{%c%nh'gﬂgrbg%ed?e%e% gﬂatég s?‘rfﬁq?e Q(?oq‘e

instructl ng a conputer systemto execute a nmet hod for

St d gnt r %rlgf?r]qggf{uﬁﬁg} 88m8h£§e fﬂglt ?ggké: E‘p%s&%@twe brain

I'ng te ures
sigreal gorapsnerds as@uscwm@equwcemm@w@a qb@amepafptrerl deatuiesof brain

sl 4k 8 C%ﬁﬁﬁé}é}t@ %%;g? S%Q’Fg F% ﬁ'@’ri f &ch @Pﬂi% 3pbt features to

spectral res aln signals
Obtamltim:!épevyaémlal fgatypaof biairf eigealfes cont ai ni ng

discrimnative infornmati on between the concentrati on

and non-concentration states fromthe set of extra

spdderfiler Spaks B12Yf URIISEIOW OB HAFPAY Phébgsaeg&yga iPfiters

W,trﬁgsggg_%ﬁ)@,;dtﬁbfﬁﬂgtures using a classifier to give a
score X2; conbining the scores X1 and X2 to give a

single score and determning if the subject is in a

C O RBidirRf 1008 tﬁ?ditagpébﬁ%ﬂh&fireébﬂ lﬁVéithﬁ By B prowded a data
According to a pect of

S re |
storgge med|ug| Re ﬁtgﬁed;thﬁrgpﬂ Bgmp%ter ‘&%ﬁd@% flgﬁtrué{mg a con1puter
systat @CéXe@@te d hetindd hﬁd:oﬁoe’mratlsn rdgtédnen Stlhepﬁembd comprising the

ext eat ur in_sian
stepsg] t{ej{f I%Q) ﬁ%a Ir%sC Ir?rpn raip s Fhfﬁ’lgrsg tr? n t@eg £ extracted
tempordl daatuads aenngnzd claesifierotocging raascare >sit axtw:tmgonpecbtal-spatnal

feaﬁléedst tﬁerg?r%é %%%i ee"fgc% S gé%%%i-g\%étfaég t h@aﬁﬁ%\i ct e&mtalnlng

aSSI i er cor e,
diserintipative nh&pmauantbettwaeemthegccomeatria@omsw noo- c@@nemtaat@n states

frorﬁeﬂrlé?‘g?tt&r %’trfa% cF %d?r% éﬁ%lai Fé%tljr@@t &iéﬁfyﬁgocﬂetsié%cﬁidaéﬁectral-

tures containin
SPaﬁabfeatham asinge@ clﬁsesjﬁérfdpugm P SEQESTH:; @mblatﬁ\gdéﬁtsﬁaﬁsdﬁ and x;

gfm.da Qﬁ’lg angg ?ﬁ& %‘eté?ﬁlrﬁﬁgaff f% sfdkﬁ’éﬁt'ishlﬁ SE3nRhtr8¥dH ftetcShsed

at ur or classiftying thé sel ected features
on theisirgle sedrassi fi er; and

According to a fourth aspect of the present invention, there is provided a
method for concentration detection, the method comprising the steps of extracting
features from brain signals; selecting features containing discriminative information
between concentration and non-concentration states from the set of extracted
features; classifying the selected features using a classifier to give a score; wherein
subject dependant training data is used to generate parameters for extracting the
features from the brain signals, for selecting the features containing discriminative
information between the concentration and non-concentration states from the set of
extracted features and for classifying the selected features using a classifier; and

determining if the subject is in a concentration state based on the score.
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determining if the subject is in a concentration state

based on the score. According to a fifth aspect of the
w@e@oant203 nventi on, there is provided a syst enP€DBG2008/000141

concentration detection, the system conprising a

feature extracting unit for extracting features from

brain signals; a feature selecting unit for selecting

features containing discrindnative informtion between

concentration and nonconcentration states fromthe set

of extracted features; a feature classifying unit for

cl a@csdofrcyih@qd@&ifmebmoecbffteat preesntuinvantics, chaesisf pevided a

srsliyIor EraRfele qeREIgl I SPeE] H PRI A B o
for fesdtrtaatires féatorest frembbaim s&grgifﬁal z fegitore selesting ng"tthe selecting
feahigst, uéo%?anﬁ’ ﬁg @E&’urﬂ%ag\/é%#o%aﬁéd el SE P TITRESAPtRRT W6 hon-

non-concentration states rom
cortcbetraimm sntbteeﬁtofadln@ deff efzxirestedafggiuresy adiealise clasaifyinchunit for

claéﬁﬂyﬁwﬁg fd ngét?:téé;{fm?e%tﬁ{ééqg ing é’b@a%%if’ £ & giveROs@rer RRERH Sbject

or he subject Ts in a
denﬁmgehtra!atngcﬁlatgtlauge%é%éan@fﬁtet Héf%?%?fé forngx¥irrciing ghe feafures

froml Hhd E?ﬂg‘:% st h6r péé@cﬁiﬂg ity efbirss échﬂélﬁlnbs dlscrlmlnatlve

row ta storae e |umhaV|ng st ored ere
'anfGWBQ'ﬁ é’ﬁtvtﬁﬁﬂ‘ethﬁ@é’ﬁ§e'ﬁ"5?r‘t'oﬁr%ﬂdr RRA-FongeRtraif iRiss %#&ﬁet of

extFé?;t&:?(Fe%'tUr@s %nH@éthQSJIﬁ}fngCtﬁéc‘s%lHdéﬂ fe@fbr@@h@lﬁgla%laséiﬁw and a
net hod nprisin ps of extracti

PropSRINGHER FPFQPE?F g@ng Eé'i*%é&'k?lﬁ@t i3 iyt Gpent %H?%?‘ﬁf%@ased on the
scdtescrim native information between concentration and
non-concentration states fromthe set of extracted
features; classifying the selected features using a
cl aAsd:cfr'dmg tb@ gkmas@es’c@“rtee présmme iinvestidyj, dodrede peovithedt a data

PSR IR INER e e
systarh éo bkemyitd Aendtbad doresoncentratian defectione thamwﬁtqd\@mpr ising the
steRQf of n&‘ra?ﬁhﬁ%é{’{ﬁ e agape twn%ﬂs' %l?&ﬂg features containing

onconcen ion states from tracted
distermtraties infordhaftion hetaee tynasyiratien sed ser-sanseniatipe states from

%étn& AtSbRSSkhirs: |f9|§ Elﬁ@]s'éléaﬁéd' fealuhss %é‘lﬁgleééélaéﬁier to -

concentration 'state on the score
QIV@ESCRPWI (W@QD‘—IHTHEbEF%A\FH]GBd@FbHGI%td@%f'St wged to generate

pallarrWé?Qrts' it e‘MtHctnF?& tﬁétﬁﬁfuré!{‘@%ttﬁ@d)réﬁﬂdsn{;@éﬂg| ot selecting the
apparent to one of ordinary skill in e art fro

featiyep SANkRINInG ,o@qqgmna@y@rlpMmaﬂon WW\W&V e concentrat{gntgnd non-

concentration states from the set of extracted features and for classifying the
selected features using a classifier; and determining if the subject is in a

concentration state based on the score.

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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exanple only, and in conjunction with the drawings, in

whi ch: Figures la and b show graphs illustrating the
whawb4a3f20F5 devel opnent of a prior art. Figure PCHRO2®S/000141

flowhart illustrating the general process of

concentration detection nmethods in the prior arts.

Figure 3 shows a flowchart illustrating a nethod for

concentration detection accdrding to an enbodi ment of

cor TR Shons BERRkioPbes Tl hfodhg baptSll B RTorEba priorar

trai ni ng approach according to an errbodl ment of the

pr q§1§ s i%}‘g\ﬂ% 'ao'ﬂowa‘\ ﬂlﬁstﬁatﬁgotWé FensfdBddss & %Eentratlon

di agram | ratin econn ction between a nethod
detegiion eratlasistin teisier @ ect| on and -a subj ect - dependent

trai ni ng approach accordi ng to an enbodi nent of the

present invention. Figures 6a and b |I%Oustrate

r estioure 3 ghows i dewcheriMesiraiinga Redads f&BH%%HW'aP idgfection
acdHRdifg td ANeABBQHEMar ire Masaithndnadnt of the present

invention and a prior art nmethod are used. Figures 7a

and b illustrate the results for subject 2 when a

et ligdref Hlillue@aeent tatd eiliediRirepiotawnl fF cosubjag-depeadent model
enbodi nrent of the reseng i.nve

tral RO RO Spee M AT SEbedimERRotRE pfikerfinfehdtin, 2!

results for subj ect 3 when a et hod for concentration

et EBbIO TRE0ES" Bl BERRCHEP ludfhpB! B3 doppecton
betauzen ba irhéthsd rfat eohtentratisn | desedtion a;mcbjaeswbjactmnndent training
apé}e%ggg,%?@ng?&gﬁw L RLh AP LRSS0t AR RREhNg to an

resent 1 nvention and a prior art
nmet hod are used. Fl gures 10a and b illustrate the
resg P[%sf 84 a?Mb EfibistratdRE %sm:?[ tf‘&dsuﬁ}éctc@n\ﬁﬁéﬁ ReBbd for
det Gt on AcCOr to an enb nment of present
conagisationsistestien é\cqoi’un%1 iBg taan em’é@mmentaﬂféh%réaefﬁu"’gfﬁﬂw andya prior
art Jdlusirate the average results for subjects 1 -
en a nethod for concentration detection according
to an enbodi rent of the present invention and a prior

art Figeiddoda ARl WS MMistrate the results for subject 2 when a method for

'concentration detection according to an embodiment of the present invention and a prior

art method are used.

Figures 8a and b illustrate the results for subject 3 when a method for
concentration detection according to an embodiment of the present invention and a prior

art method are used.

Figures 9a and b illustrate the results for subject 4 when a method for
concentration detection according to an embodiment of the present invention and a prior

art method are used.

Figures 10a and b illustrate the results for subject 5 when a method for
concentration detection according to an embodiment of the present invention and a prior
art method are used.
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Figure 12 illustrates a schematic bl ock diagram of a
system for concentration detection according to an

wendods4rent of the present invention. Figure 1BCT/SG2008/000141
illustrates a schematic bl ock diagram of a conputer
system on which the nmethod and system of the exanple
enbodi nents can be inplenented. Figure 14 shows a

flowchart illustrating a nethhod for concentration
detection according to an enbodi nent of the present
invention. Figure 15 illustrates a schematic bl ock

di digues tfa andsly Bitisiraté the averageresulisiforsubliscisct + Bivhen a method
t
for %)%ézgrﬁtgé@g o;eﬁegg\gn g%@% \A@E&atra? %hbtoaﬁé?ﬁ e préél—:\ﬁ? %bﬁ%fbn and a

l'ustrating a nmethod for

priot am owthadzare osediet ecti on accordi ng to an enbodi ment of

the present invention. DETAILED DESCRI PTI ON Some

portions of the description which folloms ar

exgligwet 13 ilggiratesp |Séh@m§t'¢pP'@§'é Atagerm 1of ?eﬁyﬁi?”bfor concentration
det@étﬁ)ﬂrdckemgﬂ'&darf b dinRat otthe YL inbehtfdd esent at i ons

of operations on data within a conputer nenory. These

al gorithm c descriptions and functional or synbolic

[ ﬁﬁ"r%&?ﬁfﬁﬁlb@tf&te@é %chér?ati‘?lﬁﬁék dlagremof ai&wr&i?.ltérl@ylsﬂelmcbn which
e da rocessjng arts st._ effective
e RO AHeR e B P siRof SRR Do dp Byt he

art. An algorithmis here and generally, conceived to

be self-consistent s ce of '

dediodf 1450 Sieopg JURIEE R BRAPE s B e G stgoton
accomiNgu laatdnteslinednt phipeiptedentipeeritioni es, such as

el ectrical, magnetic or optical signals capabl e of

bei ng stored transferred, conbined, conpared, and

ot hieéigwiesth ﬂiustrqiads atsebematlebbCls pi@gramaﬁlal %ysﬁnmf@ Poncentration

r ng, it wll

ot B o P B BB by L g 2 RpUcH

specification, discussions utilizing terns such as

" cofigilald Qhows a%v@d’h%ﬁll%atm ] %eﬁ‘l%’(h%ﬂ'f&g concentration detection

"outputting extracti ng” C assrfyr ng"
accowget@tan@ﬂbodwemf }lﬂer@eseni E‘Mﬂ'ﬁlﬂ‘r ng"
"concatenating”, "applying”, "normali Zi ng",

"assigning" or the like, refer to the action and
processes of a conputer system or simlar electronic

DEYAYLE® DESCRIPTRONPUl at es and transforns data
represented as physical quantities within the conputer

Ao B S heh o R IR Sy, o oy
presédted inntepmendi cigsitionagmd turatiomdl sei eymbolic 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
processing arts to convey most effectively the substance of their work to others skilled in
the art. An algorithm is here, and generally, conceived to be a self-consistent sequence
of steps leading to a desired result. The steps are those requiring physical manipulations
of physical quantities, such as electrical, magnetic or optical signals capable of being

stored, transferred, combined, compared, and otherwise manipulated.
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di spl ay devices. The present specification also

di scl oses an apparatus for perform ng the operations
wotoovha2pet hods. Such apparatus nmay be speci al PET/SG2008/000141

constructed for the required purposes, or nmay conprise

a general purpose conputer or other device selectively

activated or reconfigured by a conputer program stored

Ln the conputer. The aIgorVUhnB and di spl ays presented

er n are i nhe £ reI rt

s g e e tags End af Fotedont B vaRL i wn be

apprmmeemmat tegugheutuse presentisppeiicptiansdlisqussicnutdl amg eerWStsmh as

t e ] [ n t t h i}
ol SRt C Sendab 2 i, R ChiaSihing
“selmeiinighd “somplsmg’ay “bempivg 6 pr cmC@ten%ﬂm st rapelyings oﬂorawahzmg ,
“asHINSYr ke 2R5%6 He a‘UﬂBlﬁ’Qﬁ@pt‘b‘égﬁéE%? %hbut@PQ}%@ém fdr Qilar
& t he

escriptlon bel ow. ddi tion, present
clecipaisi tevee.i that an@r@pulatsﬁu @m thpngfoges d%’é% ram@@ﬂﬁ%@ g3 physical

qua%ﬁ&r@ in ke éJh%utértsy%\’H ﬂtd’@th@?@&é%lléﬂ? réﬂ%sél?é& a8 physical

kKilled in the art that the individual ste
quaﬁﬁwowﬂ@@staﬁuq@aww%r%'ﬁmﬁy e JCTTHID BPrAget trls}sm'SS'On or
disgl@f Mk, code. The conputer programis not intended to
be limted to any particul ar progranm ng | anguage and
i npl ementation thereof. It will be appreciated that a
VarTIfét )prégenprsfpgélﬁéﬁifbﬂgalls@nﬂm andapp@chtu@ fbhqa"ea‘mfmmg the

opiRicer olu6. EBOE nSH R APRP U BRYUBPoL A GO for the
reqplfétg Ip&moSés n&rt mapt congeidet deactal rput;mdetcmmmyer or other device
sel%? "?IH %gtév%ﬁeéﬁ%gééo%!ﬂgtaﬁgg}/ a Vﬁgﬁ{&%teq @ﬂ%’é"%#} th¥ ?Eheﬁgﬁ The
algarithines cindf displsyswpiehenied depsir e gof rnbanenﬂue r@p’qemtp any particular
corﬁ;ﬁu?gr ?I’ogthgp%pé%éﬁgg\/gﬁ ust'éplﬁé(?)glr n{) ﬁxgghlgéesr ?ﬁ%:yebé’hsed with
propizans Ineacqoadamee wmnatheswgmms prejn. Psi@matlaelmothﬁu@'?éns’frucﬂon of

mo%] RPN pd2Patas g{)ﬁg‘f&ﬁh tﬁQYec‘flﬁr@B%@cﬁod ?@Wna%/ B ghiSriate.

corrputer read e nedi um may i ncl udestorage
Thejeiiiuetere Siich apsventignelt penssal aatnog%ucomwr@ WH'eﬁBFPESPr from the
deeRbith beiw. Ot her storage devices suitable for
Interfacing with a general purpose conputer. The
conputer readable nmediumnmay al so include a hard-w red

MedinUByEHER B PieeRl isbbastation t &ico ||ﬁipﬁ(f|ﬂ13€td|@yﬁta§ﬁa wmputer
SRR N R LT AR MG R R TR R v
stepX @f tHeLhetMdd Sdesbrieddgereinahay bepns énto affect 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
languages 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
particular control flow. There are many other variants of the computer program, which

can use different control flows without departing from the spirit or scope of the invention.

Furthermore, one or more of the steps of the computer program may be
performed in parallel rather than sequentially. Such a computer program may be stored

on any computer readable medium. The computer readable medium may include
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effectively results in an apparatus that inplenents

the steps of the preferred nethod. Enbodi nents of the
w@e@9ant2035 nventi on seek to overcone the |im taPCDRE2008/000141

the prior arts by using a nore advanced approach naned

"Hybrid EEG Model". Figure 3 shows a flowchart

illustrating a nethod 300 for concentration detection

accordi ng to an enbodi ment ‘tﬂ‘ the present invention.

| nnel q s
storgle Rsvigs i) A e EAE STy Beadiandly (i g piver storage
deviges semle”fgr ppteafating mithlagemes! expops eompuier. The gomputer readable

me 8 urlng ||S%nl é\[]éie%{ﬂ S\ﬁkéa@ bkt Q5dR LEIRhENBRM lBhlﬁe Internet
e B A i, e o NeC B

evi ce scan,
sysiem forr Msneleas mdtuun ﬁefzhs@ﬁ exetrm!lf ied i e kﬁ%M rﬁn@?llgﬁﬁﬁehowwstem

Theb{o%éf‘ &)gcgbﬁérﬁ wHeh IB&%@I efn%c@é &4 b QUEHAQ gé\géﬁhl-purposedcomputer

aced on the surface of the user's h
effeptivelyiegilisiin @n agegiatis th@iﬁmplﬁ@eﬂféém sfergyoighe prrferdngthod.
signals works at a sanpling rate of 250Hz. The
recorded brain signals are then filtered via tergio)ons of the

fi IEBppdigients ofdhe Peeseng invepia RaRkyiC RYPLeEeng |

prict 2Pty byrals ﬁ‘ﬁ%él foRd aliPdnce¥aippldachaahidit elyBad EHG Moak!".
Butt erwo filter with a passband of [0.5Hz 40Hz].

The filtered brain signals are next downsanpled by a
f actiglire0B éhdws & dRvchart rigaitesing he meﬂhibdt aod adoalconcentration

oGRS e 1 2Bl R pent LR BRSO RER ot
chdnpbk IBEG ampduﬁt%ltpr?rtoheed g.mmg reg relattame t datanadouisition and
prog?is‘éngaﬂﬁﬁlgﬁﬁflp %neesx%r%gled % Xl\étggacgﬁgﬂ%ﬂ' rg;glgs%é‘g%‘f\form

erm ned USsi ng
impderhants $he foll3@ihgasteps. /e Mokaps deviseframdNewreosshadne. is first used to

megg.[rg lf@%‘ s{:éllatb%ln nald! e%aﬁoggrééé§ PO dn Fe%@f‘déﬁefrom Ag-AgCl

orrre conput es statistic
elestmdesa@actddeosttbﬂd%mcaeﬁﬁl thei léﬂff-‘r ‘afhaade Tiendigiieer devce for the

rechdﬁltgpéfotﬁgﬁﬁrq I‘:%'I:'lh GQWRYRE Qf %dn‘bhﬁé‘?ﬁe%%@ﬁ% TH Recorded brain

stics are en concatenated into a 0|nt feature
signale et themfikered yiafempgeat fikring do renaevs fi'i%t‘feﬂ'é)e@v &pisgpgnd very

sIO\lvriNaVeg Rising@Sor éxé?nﬁlésé 5 QrderdiGital BEttdrABrth ifMEawith a passband of
crimnant Analysis (LDA), 1s i Ierre ed_t

10,5 eAbi2b. ThegHtered A8 SIS A e S ALY DYt fAokRs 4 4 o der to

redubetha)RRIpIREbSal \WB@bRRYy.t he hypothesis is that the
subject is in a state of concentration i.e. with

focused attention. Oher classifiers that can be used
i ncinugtep 'Seur @lnduaingdaks ptdbessiupprr peritmrotenr Sidye B eslects

elegtrodl\g thannels of interest and segments the incoming data stream into chunks
usmg a running windowing mechanism. The window size and shift step are
determined using ftraining data. Step 304 also removes noise and artefacts through

filtering.

In step 306, temporal feature extraction is performed. Step 306 computes
statistics such as the standard deviation of the windowed and pre-processed EEG
waveforms in each channel. The statistics are then concatenated into a joint feature
vector. The feature vector is then input to step 308. In step 308, a classifier, such as
the Linear Discriminant Analysis (LDA), is implemented to produce a score, for
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Fuzzy I nference System (FIS), Tree-based classifiers
etc., and their variants such as the Fuzzy Type 2 and

wo b@oRei2evance Vector Machine (RVM. Steps 306PErEGB08000141
formthe tenporal feature extraction nodule in the
met hod 300. In step 310, an array of band pass filters
i.e. filter banks is inplenmented on the wi ndowed and
pre-processed EEG Each filt3er bank is centred at a

rtlculrfrqu d at a fi t d
e ditbains fothed BRe Hnibrdn etk HyBleaRls that
the fsUB]?Ul_EIB?N avﬂtﬂtéafl .cohcentetianpeewith Ifﬁ@:dsed @ttentidre IQthér cagsifiers
or .t he, fr.equ 47t
thatigan, b8 1S4 e e T ek D). shipoltSeddities' @,
FuZzy Inference tdysten (msmeree -baged dass&iﬁmaretcpmtheswehams such as

thefli't{ %zr'l'ygg% aﬁ{i‘%l me?e\}:alngé VRl éc,sh(?n gﬁpé)sg F' r?d 308

npul'se Respons
forra thpe ehwaradeatuboditrantion madelef inlthe maizek30% a I oW or der
bandpass Chebyshev Type Il filter with a pass-band
wi dth of 4Hz. MATLAB (MathWirks Inc.) tools can be
usdd step 8#8i an agAY df gnd pess fitters ifg. fiter banisiis imptenanéed on
thquhﬂb\ke&’ Hrﬁefﬂrbée‘érsegm Eaéh By SQ’&W%”(%’Htrédsat a particular

|ned each filter bank with each conpane

frequenencsamsnd af Aifbrgd s@g@@b@@ EotRsserdrast hmERR WOESPO“e“f in
eadhBs Gl REEneY WA R & of RRAMBIES the fixedt iffenAl Znayebs ARRTESr the

reSBFY Eandene! GSTERPAITT Chid GOLlRCHT RReCuRRn i fter bank is a
dlg@i]tf?tbﬂlﬁﬁig@{ow @ﬂite?badtanpmtaﬁmsé estdteadiitef asiican ibs a Finite

atial distr ns o n t

S epois (EHICBRYrof po G ThRe RESRDsh AR e 1 2
pre@ér%ﬁ@xﬁbﬁ@lh’(w pivedilieg baok ihe lbwairdersbaridpese Ghebgshvavi Type |1
flltqtrg\gtﬁn%?% ectlt)?)qu wfg@r?%%—l %K]IQI Q/gorf@ %ce%o%tdéﬂ%e used to
deéﬁgwahd omp{eh)uervmibeeﬁﬂ;erfhanm hﬁt fheholE@ ob thxofilkert barksCap EEG
corpﬁ Zﬁl’cJ fﬁ gét(alirieﬁi) for %?Eﬁ %ﬁéretgar?(c\ﬁ% dipg c[)&pgﬂé'ﬁtﬁjﬂﬁer( &rtaining

conpri sing of
sefaratetcolpoardtstftam keash of therselastast eivgtradesshappelsl and |2
are nornalized for data processing efficiency and the.

ratio between |1 and 12 is kept constant. Furtherrmre
Ej lnsstep Al @ cammomenatinkpasters KeSP) ATRES iawiRsaeriag. Step 312

ap;‘M%grf?@/ c8p %Ié&ﬁhrﬂufg’%cﬁ’fEE@ eshpanalieshmPda mharpebso to

nmber nples . in the EEG conponent L
emh@s:e%ahmalﬁerw@e r'rusa@t'%r@wlbuwwwaﬁ@yt een the two

claSELA kh BEScdmblibs @hdQhe non-concentration classes corresponding to the
brain states during which the subject is concentrating and not concentrating
respectively. The CSP algorithm is detailed in Equation (4) whereby for the ™ EEG
component, a CSP feature cf(j) is extracted according to Equation (4). In Equation
(4), W, is a matrix comprising of the first |; and the last I, rows of W, whereby |, and |, are
normalized for data processing efficiency and the ratio between 1, and I, is kept constant.
Furthermoré, E; is a m x n data matrix of the j® EEG component whereby m is the
number of selected electrode channels and n is the number of samples in the EEG
component in one channel. The relationship between W and the covariance matrices of

the EEG components is given by Equation (5) in which = and =® are the covariance
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t he EEG conponents is given by Equation (5) in which

(1) and S(2) are the covariancematrices of the EEG
w@oimposeni s corresponding to two different cl aBEGESGZNS/000141

brain signals (i.e. different brain states), | is the

identity matrix and Dis a diagonal matrix. W6 W =D,

W5{2)WI' =I-D (5) The spatial filtering paraneters i.e.

spatial patterns such as tHd matrix Ware learnt from

t he a s of the two class Vi a,.
et L PO F P rap g e o fer B ERg gLorein signals
(i.e. elifftbant atahtstaasl is thi &by naatragndip écudiegormhmatixay of
spectral -spatial features, each representing the
energy of the EEG conponent projected onto a

particul-ar spatial pattern. SuchEan array of features
is usually overre&ﬁﬁﬂ&rﬁlagﬁ%gﬂei@é?—ev‘@r} (4)
spectral -spatial feature is §60 Vat%d w th the
concentration or t rakd state in the brai

c saﬂI (WaZL i;Wr e )

Preferably, the u edundant) feature
are renoved. In step 314, a nutual information feature

selection is inplenmented to repove the unnece ry
f e&h?r%p@t'a@e'@ﬂns PRrYBPIEE] & a3p§g0' R?Ftefrgaﬁ‘{fﬁeass ‘?‘ trix W are
Iear‘h@ﬂbﬁhl the éxbﬁlpfbss@ff theitwatdiasees Nifack amjectmetpehmaannbdim training
con tio oncent i on_ stat
apREeAEh, WhigB Pl T PRI oo CoPLATad s RsiRes dl Bray of
spe\ttrall ?aﬁabjféatmredeeegldla@bremdMQ tiheaiemiergy af)nm@)diEGMmponent
WO e orate
profegleel i a4 Srobp s A S 1 RREES Batbustiy over
redlind=a1t e gind4 6 nofy e‘l/eI$S|steelraI$|petrala§eath® _LE)Aassomated with the
cong%ﬁtraetn%né 90n-&$ﬁé%%trgngn s’laa% Eﬁ e’ B cfr’efé‘?é’t%l}/lf {h%gﬂuﬂe%@ssary

"'e" X 'S produced
(i.ecledgndldnitefeaturés sresr@mcyedndl cates the |ikelihood of the
hypot hesi s whereby the hypothesis is that the subject
is in a state of concentration i.e. with focused
at tlorstedl4, st wptias idormadipg fealura $alectiopds innrRlpmeptad tgremove

thef éé&@sa?iitféﬁ&l@éé”}sﬁﬁdﬂﬁ sBfectshg dEetdiodaitPss tlﬁte@orﬁéﬁs the

i mpl enmrent fusi on of the resultsfromthete

disgrivainative infemzationoReMeen Eheaﬁanqe}ﬁ‘érag%@t“ﬂat es ARic] Ce“’ffa“O“
stafc@atHILs&X ! @t irRiRedAURht & raddeditiiring iphedeRiual vl . subject

In step 318, .the continuous, out assifjers
denqmd?ﬂfempe?ﬂpta'@ngfww WEn kb hE ﬁ%’&sr%e%ﬁ%f hdé th&'sRd of
stef B84 4 AlatwRaktRl i Gsthined aentis mpui iatd stoplahe.

arenormal i zed. I n one exanple, if an output is the

score x , the nornmalized output xp will be (x-nx)/sx

whelhedigp 316 aadSxifier sucleapem LD iy imblemesded. diging the feature
vec%or mp&'trf:rior% e'ep? t3' ana score, for example X,, is produced by the classifier.
This score indicates the likelihood of the hypothesis whereby the hypothesis is that
the subject is in a state of concentration i.e. with focused attention. Steps 310 — 316

form the spectral-spatial feature extraction module of the method 300.

Step 318 implements the fusion of the results from the temporal feature
extraction module and the spectral-spatial feature extraction module to obtain a
single output. In step 318, the continuous outputs of the classifiers in the temporal
feature extraction module and the spectral-spatial feature extraction module are
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the out puts obtained using the training sanples Two
normal i zed outputs Xln and X2n fromthe tenporal

wo e@vasL05rodul e and the spectral -spatial nodul BCT/SG2008/000141
respectively are hence obtained. In one exanple, these
two normalized outputs Xln and X2n are conbi ned
according to Equation (6) using weights W and W2
wher eby wei ghts WL and W2 c‘tﬁrespond to Xln and X2n

nor@gﬁ%eﬁﬁn ¥ﬁ|€éﬁ%§%’ gga{é@\gé@g tht—“‘T %‘:0\4% %lrjﬁ)gl r?o“?r %ﬂ%?g&ﬁupxn will
be @omn()mg deéidébycmg aatl £ aberespatiivelydthe snean amnh sianderalrdewatlon of

o A BB PR PR T o r

froth dhemirapdmei: fe(aupr)epmﬂeleearyh the sspefisaleinatial mogulei reapectively are

henfc‘écbgtg‘ﬁgdoﬁn %’8 ﬂ{ Hor‘rﬁal? a(ﬂﬂﬁ&sv*m and X, are
raining sa ontro ower of

commeca@gmrdmg t@ ﬁm@mw h Uﬁlﬁ'é w%tsrvat piogh WzIVMh%”ﬁby weights wy
ancf%aepr]ré‘spoglg s} x§ ehnd %Hres@&ﬁéﬁ/ an&'r@ﬂect he m%i&'blua%en(f@r)‘nance

£ ecl st on on whet her the su jeCt IS 1N a
of eacht of tbe ra@%ld@ﬁt Hawever, the AemaliBsd UiRYET Xng@th¥en can also be

corflﬂfjgdé E%%C?o%bﬁuhegptlﬁét%&% isOct$ tRP a3ASh-AgsHNGbigAted regressnon

t he combi ned out i.s | er t
Weightswh@nd, w4 grej @ieHiated agceiind R%htée &arm@%?vn i S(y‘g@ W'aere yi is the
cla§§n@aﬂoﬁ%e@@%§%frtﬂb! ABdul&dieis\aae is Iobtanﬁecdeel tleidinghedmples,
t he subj ect not state of coqﬂgntrat on

i
and RrleSHlobantioss they SRS SPGB S RIS 15 4t PaSoipaldy n one
exdholé heisdes itd ed trade of f between the fal se positive
rate and the true positive rate, both of which are
i mportant indicators of the performance of a

concentration det ecuian=ngt-had-xBeaguse of the @y ge
Cross-subject variances in EEG patterns, a
subj ect dependent nodel training approach is used in

t he 610 Qéﬂeé‘géc@@ td?\evfylﬁ’étﬁéecﬂé sLlBj\é@ﬂE'WQ s&aﬂe%‘%@hd’énﬁrﬁﬁon is

paraneters an

magig thy eompgsipe it FOMRiNGE| OUERU ,oﬁ’wfgeddp Fﬁt%})a%hS ﬁaalﬂﬂ@ threshold. If

theSenithé&y STPAHISTBRYe? thar Rk hraghélat u@us%éddéf‘otmaﬂth%eswe@n& ina
are 1 nplenmented to collect a s EEGs, d

St DA e S, BTV IS HE L 8PS ot 1 a sate of
con%é'nkrﬁﬁéﬁ OThd hireeRaIl |§Q§étér@d" né&@sﬁ\gbﬂraﬁhgdﬂmﬂégmsed on the

nodel trajning appro ac
desired trade-off betvgeeAo B’n %?se poscl;tR/re ra’céJ ang the true positive rate, both of
which are important indicators of the performance of a concentration detection
method.

Because of the large cross-subject variances in EEG patterns, a subject-
dependent model training approach is used in the embodiments of the present

invention to obtain the parameters and models for the method 300.

in the subjeét—dependent model training approach in the example
embodiments, training data collection sessions are implemented to collect a
subject's EEGs during navigated sessions. Figure 4 illustrates a data collection
protocol 400 for the subject-dependent model training approach according to an
embodiment of the present invention. The protocol consists of 4 different tasks to be
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enbodi nent of the present invention. The protoco

consists of 4 different tasks to beperforned by the
waaipas20s I n task 402, a subject is required tRPCT/RGZNOS000141

techni cal paper hence, in this task, the subject is in

a state of concentration with his or her eyes opened.

In task 404, the subject is required to perform nental

arithrreti c for exarrpl e, takithg 400 minus 7 repeat edly,
hence, in this ta

r5hE e b 105 UM b AP P v
henéQGm thietasubirecsubject rie fiar stdtet of eaicaxtratioh Wb khigiooned eyes

K
opeBathe Thitrok (0 A SpEhris PR Bopdfml e ifiniio for
exaﬁﬁﬁe télhag g00jneintis 7 sepe=tiedly cuerce, indhie thsks theg stkiectieitya state
of cgpsgrg]&a%om%@ahlg %?th;«qep gy%é @{g@e%f“hm]tég S108! tH%eéub‘]?é/cﬁ% requnred to

TNt j ect I's not
relaxt aheé lobk canooecht hartceorinwihish tasks e Rebieely iss nef d@ea State of

con];glg?tr%xt%% n I‘?é’s%s Qf nat %e%%tép?%'ﬁeﬁ O 188€ 0D thd Q@ﬁ@ctt@%‘(%lred to

otte ure I ne 410 V\,hereb the id
ha\dee‘velor ber bodyeand mmd i argringtrésie i sy é’@f eyas closed, hence

in tl\[‘nﬂﬁcﬂgél{ b Q&B@& id Rot@nst &b &f coresmritiohalitnoms @ﬂ ﬁef éyéspdlbsed

t he ect 1s required to be not in a Tl
The isleeklevelafial ntlcpqusre@c@@émsg tagifeis Rlpfascn F'%urﬁéqa% gy 410

whérbl WL iR levbNofattéMioRas ﬁlg}ﬂﬁlhe@@@s@kﬁéﬁl i9 meqmml i B in a
an array of alternate task her nor.

statey @] C@@pe@@j@ﬁﬁWs ﬂqvé“meﬁgth%EHPJSQE'ﬁ r?w'&eﬁetog&‘a ip a state of
con%@’ﬁ@é‘tr dﬁ?m 8ne gké]‘blﬁlé ﬂ*ﬁe s{lﬁ:ﬁe’vﬁﬁ reheired ® tdied partimadew isassions,
machi ne r.nin | e of a machine

eaqhe?ﬁsﬁioﬁdn '%ag agraqug @%{Pﬁ%‘?a‘& par anet er

optim zation which is an iterative approach. Further

details of the chi ne n d i.ve
bel lg hqnﬁ'loE)c-?1 e'neg’% tgecttnﬁ peeg g'rgto %@%@r %B%ro%clg it {I]1e e>éample
emgemmemw @,rouﬁosrsft ﬁgramptemg @ce deternivedi \c@mawlreslegrnﬂrw methods

An te%(hxgwg 18 0 %gﬁ%%’ q% % e%ﬂots %ERH bn p%?grﬁ’étgr optlmlzatlon

gur e ar e t ai'ned
whicle ds rminniterativet dppseadr Epébeﬂ @ﬁaliﬁapfr ’Fh@e@a%{ﬁ@ L@fﬁlﬂ%@"@mds are

givey b6 ! MSrEx amﬂl@ ke %@ﬁuésobwdré(mgﬂe?&%aééné%&e&l he two

covari ance na rrceés o | asses i.e.
concentration class and the non-concentrati on cl ass.

In Pﬁ’&lyeﬁﬂg‘@&tﬁm ﬁ“llﬁﬁlc@Pofr@Squ’o# el gdpsalybethhPid e Bﬁbctral—
e normalized spati al %varlan

ste
spajiel ?Q?@'@@Etrﬁﬁ%um@%‘ﬁt@eﬁf @Bt oBERsEaT A IgBNInG of these
profétidh i RAtricdd ard Barfdad &t QRirg/the ESP SméRodXatTBinkly Xliagonalizes

the two covariance matrices of the two classes i.e. the concentration class and the

non-concentration class.
In one example, the CSP method includes the following steps.

In step 1, the normalized spatial covariance % of the EEG measurements is
computed according to Equation (7). in Equation (7), E is an NxT matrix
representing the raw EEG measurement data of a single trial, N is the number of

channels, T is the number of measurement samples per channel, ' denotes the
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representing the raw EEG neasurenent data of a single

trial, Nis the nunber of channels, T is the nunber of
wore@sasenent sanpl es per channel, ' denotes  PCT/SG2008/000141

t hetranspose operator and trace(-) denotes the

operation that suns the diagonal elenents. S - E (7)

trace(EK) . In step 2, the conposite spati al

covariance o is conputed acldording to Equation (8). In

Equation (8), the spatial covariance of one .
trangpese ioﬁﬁfﬁ(t%rn agdi ga?éﬁe‘?\erlo&esoéh? r?@eé%lé’lnaﬂl?t ovHEps (e diagonal

elethémtdl s of each class and cfe{l1 , 2} is the class

index. ¢ =! + 2 (8) In stegp 3, the whitening
transformati on matri XZE_LEEE_anut ed according to @)
Equation (9). In Equati arece@E')/ is the identity
matrix. PSCP' =1 . (9) In step 4, the whitened spati al
COVRIdt@51Ce Ak &difipdie §H=ABE @Bvaranee MUisedorap@et hdegrdity to
Equation (10). In Equation (10), 1 and S2 share conmon
Equaitige i) dn Giasatorads)s Henepatial eepasianes of eng digidrusion ¥ sis taken
the identity matrix and | is the di aggpal trix,of
to hej the Averiegeven the tpalsf egpfycigss énfi's%?%w S?Td?g%is%n%%'
and S2 = B(l - X)F (1 1) In step 5, the CSP projection
matrix Wis conputed accordi p§ to Equation (12). In (g)
Equation (12), the rows ‘of Wafe the stationary

spatial fjlters, and the 1/

pati Gre ey WaTENne RSO ATO R B A et A, SEEBG o
Equatigned). h Buatios i(®)g! is the idantitE@air®. i s gi ven according to

Equation (13). Z =WE (13) The spatial filtered signal Z

given in Equation (13) nmaximnm zes the difference in the

variance of the two cl aBEg@=df EEG neasurenents. In (9)

general, the variances of only a small nunber m of the

spatial filtered signals are used as features for

cl apsétbp cAtthe@nwhitened spatial covariance of the two classes is computed

according to Equation (10). In Equation (10), Z; and X, share common eigenvectors B as
shown in Equation (11) where / is the identity matrix and A is the diagonal matrix of

eigenvalues.

¥, =PZP and X, =PL,P' (10)
%, =BAB' and X, =B(I~A)B' (11)
In step 5, the CSP projection matrix W is computed according to Equation

(12). In Equation (12), the rows of W are the stationary spatial filters and the
columns of W' are the common spatial patterns.

W=DBP (12)

The spatial filtered signal Z of a single trial EEG E is given according to
Equation (13).

VA

!

WE (13)
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The signals Zp, pe{l ..2n} that maxim ze the
difference in the variance of the two classes of EEG
wae@®9aseoeti ated with the | argest ei genval ues | P@n8G2008/000141
(I-1) . I'n one exanple, these signals are used to form
the feature vector Xp given in Equation (14) whereby
feature vectors Xp are inputs to the classifier.
Secondly, a set of paranetggs for nutual information
feature selection in_the spectral - ‘P tial, fea#ur : .
s e Tbetspaiiel g gl daNarnietiaton 4l hnadmizen o AlferesRe i
the T/é?r%hls‘é ﬁit‘ i%%'t\% EIa@ébsfH? @E@nieés?ﬁﬁledts?m denktshlthe variances of only
I nformation I cates e nutu e n
a smRbnwBBerma 0 SFeeL et Scatire® Ll es SRR TRE flainoation
The%rélsl , PE{1t D@y thdt Mékmiliéftﬁé Afifeapie frethib waramel o td too classes
rocess are as follows. Taki nglul nt o conz}ger at i

of BB 615 papiPiaB eI AToSt SRSTUAER oDl 45 088 SXAmBle, these

sngn%Et é}’erlfs@d ith oG f@étu(elééct@wdp divén ROEGRRIPRTtH)Nghertinsfeature
Y, the nutual .information between the two random
Vecﬁﬁ’ésr)i(/a%?é@ouﬁtﬁr‘ilﬁﬁq}%%fe@l ven by Equation (15). In .

Equation (15), H(X) denotes the entropy of the feature
variable X and H(Y)X) represents the conditional
entropy of class |abel variafle Y given feature

variable X. Theye ongl| ti onal entropy (14
are given respecti veI% arﬁZ‘ gtllgn"%]I 6) and Equati on( )

(17). 1(X. Y) =H(X) -H(Y [X) (15) HWX) = J p(x)
P(y\ c)log2p(y\ c)c (17) xeXy r In one exanple, the
”UtSléHonbll?f argsRbf parahradrefer setuet iriformaticodfestsire selegiitesin the

spefcgalt—ﬁna@g?w%aqgrﬁs %glgﬁlolpg H%éiglpq: 1] c@ ae}crﬂﬁﬂéood gflﬁee ﬁﬁtlttl Qlf m‘#orma’non
feafie@isaketioremetitod isibabad breutas! iafanmitiors vhidhdpdicates themutual
deqe@ﬁgaﬁ Qget%rF ég'%c?egfvg g{: § {._tlﬁo ltﬁ]si:&ggsé\safgbﬁ@rt detai ﬁ(:strc?}‘ége mutual

infdxeetion FataedetduioMNaioseBagessasiellPye.zen W ndow are used

to predict the class |abel Yk. The nutual inforrrati on

of the predicted class |abel and the true | abel i

| ( Ykaking inte cohsidersitanpatastor | varigblepX For @h@npléaﬁﬁl”efqe&ures as
obt%é@h‘n Eﬁﬁ%tmnzﬁﬁ) 5&3( Iﬁs c&reép%nﬁﬁ@%lé&' 186d16d. thé fﬁnlﬁﬁémnférmatlon

betwhem the fwoggadom varlables X and Yrrlléltglljvaeln t;ynEq%raggrt\ |(1%51 lnSEqueﬁs ion (15),
H(X) denotes the entropy of the feature variable X and H(Y|X) represents the conditional
entropy of class label variable Y given feature variable X. The entropy and the
conditional entropy are given respectively in Equation (16) and Equation (17).

I(X:;Y)=HX)-H¥ | X) (15)

H(X)=— [xp(x)log, p(x)dx (16)

xeX

HE|X)=- [ p®)Y, P(|n)log, ply|x)dx  (17)

xeX yel

In one example, the mutual information feature selection process includes the

following steps.
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threshold d i.e. I(Yk;Y)~ lo< d, the process is
termnated. Gtherwise, in step 5 10 = 1(YkK;Y). In

W@ L@p/164203 he candi date set is updated by F(r) FR§T/KE2008/000141
whereas the select feature set is updated by Fopt (r)
Fopt u S{fk} . In step 7, if the candidate set is
enpty, the process is termnated. Ot herw se, the
process is repeated fromsti® 2. In the exanple
enbodi nents, a feature refers to a CSP feature from a
filter bank and can take on different val ues at
di fifi etepnt, o cEmidRiatesst of kifeatutasas initidivedras FoHf:f Rat.ur,.dq} and a

t t nbodi t
selE eI 8 SRR S8 0B T he {1 aining set wi th
| abel  ed sanples. After the feature sel ection process
S B g £ el B bt L .-

Fopt: hﬁ{f@Ck%hﬁéd q\lémrchamcmtmaw (Bayebﬁreeerzen Winsed e used to

hei r nutual i nongst t bel Thi,s

preqift ing AP debs! Yoo Bl iSSiRoR Shih OB efea e Sodi Sh the
true&iest €6 S (Y eNis Bisrceshsputg. unl abel | ed data for

concentration detection. Thirdly, nodels for the

classifiers in the nethod 300 are obtained by the

t r ddistep@) &e featsihet; whicheaaxindizes Y mYh ®rithemsglénted. usi ng

| abel l ed training data sanples. In one exanple, the

| abel l ed training data sanpl es have positive labels if

t hely stape4 ei€ 61l edarid thm gdireincibe geuttialdofoonatioask sessrtdan a preset

negative |l abels if they are.recor fromthe YY)
threROA G R he Tt o 8 BIa0eSY 1 T ASEE A B Bi5Rcdes 107

the set of paraneters obtained fromthe subject

dependent training approach can_be used to recreate

o dBstepdi, the %%et@]umt@cw BrFYal w@erea%faﬁﬁakeeﬁvfeawre set
,Suggg{g{]gg]:mhp L8 € a setup/configuration file is
rea er eby

thi f|Ie i ncl udes the projection
vector and the blas of the classifiers, projection

T L o, A A R A e v

processiis repegtetiiomostepdt s from t he tenporal feature
extraction nodul e and the spectral -spati al feature
extraction nodul e. ure 5 shows a schenatic bl oc

di algrtmrexameSterT&lOﬁW He feainrreerefeirew HEeBRdeaturs fras ﬂ@tﬂer bank
andC OLn EREGRNifdbhOvhIG SChilRBniaRstaRcesUPhE flut it REOHRABN feature

tralning
selection process in the example embodiments as described above is applied to the

training set with labelled samples. After the feature selection process is completed, the
select set of features includes the CSP features determined as "important” or
characteristic for concentration detection based on their mutuality amongst the labeled
samples. This set of features is used during the feature selection process when
processing unlabelled data for concentration detection.

Thirdly, models for the classifiers in the method 300 are obtained by the
traditional Fisher linear discriminant method, using labelled training data samples. In
one example, the labelled training data samples have positive labels if they are
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approach according to an enbodi nent of the present

invention. In one exanple, units 502, 504 and 506
w@oerwaspehd to the subj ect-dependent traini ng BEPEGHOBN00141

units 508, 510 and 512 correspond to the

spectral -spatial feature extraction nodule in the

met hod 300 in Figure 3 and units 514 and 516

correspond to the tenporal Z®ature extraction nodul e

i n thod 300 in Figure 3. 1I.n
recpiel Kapt e o Bl e Ehad Dpabedalile B b iedoRdbd from
themhfdbhﬁémgatbhﬂaﬁleqw red tasks during the training data
col l ection sessions inplenented in the
subj ect - dependent training approach in the exanple
enbladihee examplshetmbodimends, ntheg sete of riatarestess ebitdiped from the

sudg&{f %ﬁe | o%ﬂ tpaurl\}iﬁgggeﬁ#a? fgo%nnftﬁg EEF1d Nellbid 821 HbEel for

ral ni ture selection
conceniratiany detectic0Ausingl BhecarerRisel | PIGItANL BOEONS Frauple, a

set?p/cgrﬁl,?% %al i e RPLBLRY MR LS AL |rmo%§%§f 0] @&%n"@a@?&r and

ture extraction unit 508, eature sel ecti on
theuips ob il elagsifiers, eraieationi malricesn ofigrels GHP fifel tha apds to be

selbdi8d 98H thB&ilRF Bﬁﬁl%s'd'r‘ua AL Weaghts ttd B8 J=eEstor meEirﬁWj thedoutputs

In one exanple, the feature extraction unit
fromnifee Aemparad tfleptire 1exteaction 1mofwe Fapd - e3 Sﬂﬁ%tfaé éQaP?lefea"Ufe
exttRabN AR raction unit 514 inplenents the step 306.
In addition, the feature selection unit 510 inplenents
the step 314. Furthernore, the classification units,

S516rigne @%howgpb esEH¥matice pRocRO8iagran illGstratingg thee cdnnection

betlfN%%FeCt I V’cgoétfgr gggge_spérta ?]lapc\?é%:tlgrﬂoc cé%lrg e&#@gengent training
ap@dy&nba@@amgomf an regrtbdajmériteofetive qutesenttisvartionhén pnesam@imple,
unitsgﬁﬁg %Q{;ﬁngn&gégdggrgg %,: E}o %I'Ley sy )Jgg‘t cﬁ%elﬁggntf ?rgmlr}g3 approach,
unipsr 508, dd8 aanl ST coragspondm tha spaoiral- SM@Ufeatwfe exraction module
in tchlébllngfﬁ"ogssbo%t %eﬁbh%nii %d%ﬂﬁ@eﬂi Qrtidl % lc,%YlpelsR&ﬂ?:i% 'tl"tfeh%liporal

he "prior art
fea&xawtrect@mb'o@lduiem@emetbg@ﬁ@@ﬂn E@éfﬁ 8ic and uses
opti m zed paraneters. On the other hand, the prior art
nmet hods are based on spectral features aI one,

t helnr Figurp @t trejying HEGS BEs agddred fiemather sigdeds vaﬂ"%#gey are

ped&inify hesYblGreNdasks Mgl RS REMINY MRfa WeblRicloR sessions
narrow range to detect concentratjon. For exanple

t he
'mwlafﬁ'@@teéaﬁ“béh%xﬁléWGFtr@epfen”Sﬁﬁ“t HERIiRg n approach  in the example

embodiments. Machine learning techniques are then implemented in using the
training EEGs in the feature exiraction training unit 502, feature selection training
unit 504 and the modelling unit 506 in Figure 5. This would obtain the required
parameters and model for the feature extraction unit 508, feature selection unit 510
and the classification units 512 and 516 for the online processing of real-time EEGs.

In Figure 5, in one example, the feature extraction unit 508 implements steps
310 and 312 in Figure 3 whereas the feature extraction unit 514 implements the step
306. In addition, the feature selection unit 510 implements the step 314.
Furthermore, the classification units, 516 and 512, implement steps 308 and 316 in
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m nus the standard deviation to the nean plus the
standard deviation of the results. Hence, the nethod
w0 poovhas2exanpl e enbodi nents is nore accurate. PCT/SG2008/000141
Furthernore, in the exanple enbodi nents of the present
I nvention, an accurate score can be obtai ned
continuously and this is inportant in (near) real-tine
situations V\,hen a fast and Zccurate score is
necessary. t he bri d .nodel
FiouTay BRERERE HOPIRESaRE TSP ST aet S0 MHR e Sisfe 318
andi 3208RFidute Bakes aI | dinmensions of the EEGinto
consi deration. Specifically, these dinensions are the
tenporal, spatial and spectral information f the EEG
whithl @dvantages coniehicdany the ghbediments gl tbe rpssagnt invention can
I% ot her hand, prior arts only concentrate on the
nclygeactral information of the EEG and hence provi de a
| ess detailed picture of the subject's EEG
Ch%r%ﬁ# e%ésrhé 8d Ef‘ér ?&{8%21 C{Sﬁoﬂ eetteeﬁoneﬁblﬂ@' é?@mp'?e ehbbBfnents
presen |nven tion, Int exanp
proddendi maciraie quvmtlwtwa maryrapiihe supieal @f@@ﬂpn @r RERGRHEation
levé?fthg @%‘8{ p@&dl&’iﬂagagt 84y IR "thE CprRft A THee ndetti®Rl in the example

YESOUIOH the tine segnentati on win

emsdiraents i ik sRecicrNghHSSs SBIMIFR BIAMEISTS Qi ﬁ““ﬁéﬁﬂéﬁﬁﬂ“and the

prioMaAMh&lsZ&E HaBedBn %Bé’cﬁl%ﬂfééﬂﬂ& aldhd, fvﬁihecﬁélr output typlcally based
ci rcunst ances. For exanple, when a | ong R

on fesaviegage 9 '%%Sﬁfe%foﬁea'tuﬁga@fjegsc%‘ﬁa”%onp? ‘il""a npd%aarrow

ranéj@&f &'i?ct'c@né’erﬁl%ﬂbn thﬂ%xﬁhbl?ai_]rﬂﬁoﬁragletm E&tél&ﬁmj florn g‘ne mean

ment is prefer shor ir th

mings A BB RO G0 g TrRa e it YendAl RIS e fhe' Pt

Heﬁdéetlﬁfrﬁéﬂwb@m e éxbmphe%bdiﬂmhehtsﬁ@moema@usaiéu ructherrfdre, in the
met hod n al.so

exaélmi? e W?ntﬁ ﬁ)&' tﬂ?% Bgesepﬁengé{ltf%%t 'L%QSJa% Q@o?g %}alﬂ Lbeaobtamed

group- spec
coritiagowesly faot mieaimlnqooraangmmupem ré@kﬂmea@;t@atloﬁarwm aofagt and
[ base, the nethod can al so be usef ul

l.a
ac‘i@*?%&%@t'?&%?ﬁg generalization issues for exanple

popul ati on based nedi cal studies. Fourthly, in the

exﬁ%@éoﬁ ije’f n@ybtrél AYEATS ggﬁoa%ﬁl ‘?’rﬁblbﬁ’f&n%&d in the example
condi nha atures 1s leved as the paraneters

emau@lmeotmm ther prasentraovritionr kasit Jmalimengions ohttpnERC into
corfsfo@gé S r??%t:’ﬂ?&’lﬁp ifdse MRABLIONS Gre THY &nfdtall Qﬂ%t@i’ and RBectral

he concentration detection meth % n
qurm@tl@& afffleE EaEYgushaia then combined to give a single result. On the other

hand, prior arts only concentrate on the spectral information of the EEG and hence
provide a less detailed picture of the subject’s EEG characteristics as compared to
the embodiments of the present invention. In addition, in the example embodiments,
the windowing approach allows the method of concentration detection to adjust the
time resolution by changing the time segmentation window size to the best window
size. This allows different window sizes to be chosen under different circumstances.
For example, when a long term score is desired, the EEG recording session is
preferably long whereas in a real-time situation, the EEG recording segment is

preferably short.
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The mutual information feature selection in the

exanpl e enbodi nents provides a novel way to create
waaiwasespeci fic nodel ling for exanple, for PCT/SG2008/000141

i ndi vi dual i zed heal thcare, gam ng, sport, etc.

Furthernore, the use of the subject-specific nodel in

t he exanpl e enbodi nents achi eves a hi gher accuracy and

t he machi ne | earning nethod22 used to create the

SUEk S SRE Sk TREL %3 sHRBTFAE ey e et

allotnhs&h@kéwa&]ﬂbﬁ ofthedsksteide] for leechsubject. Iﬂb@matmnd tm'l also be used

L
for eaxanplee aergbmlqh nséﬂ[ﬁ-leimyfsorﬁWeeanar \we@gpa dardendatehase, the

me&%I 15 EaP 44 Iy URQ‘FLI? FFP%?@%%&& #Eﬁlzg%rf’ %%‘%a%r;’ Example

are use 5-ana S metric
poptiaties habp@medmalyttldi@ true perfornmance of the nethod
in the exanple enbodi nents using a sinple curve. It
wll also allow one to determ ne the best nodel to be
us elcourthly, dathe sxaneletenabriinpsls. aelopiaie selestinp@er qordination

of ‘f%eltbreg' Is ta@ﬁle\?'@(ﬁ‘séé et Mar%%tér@eﬁhéfl ' ﬁlb&é{lsr %Utﬁeeﬁﬁé”th& are
ROC curve, while taking note of

autpmtj@allaf Pb’@é’te«ﬂeéwm h@%@#ﬁ%?'@?tvogﬂﬂn% pgl?isf |°é‘f‘t {mprpye the

per?&ﬁiahb@%ﬂf 1 lcbKSarftitivn dtrﬂéstthéthb@qMﬂﬁe axempie embodiments.
- US05983129 - Met ho det er m ni

Th Aty dUIRSeTh (AR SRR ISE PR e tpnts provides a

novelt Ry abi &@a{‘ea@lbjd&t—gpmuﬂ@dellmgomraﬁi(ambbe for individualized
ent inve nt i on

f
neiepiee BECUBr SPPBr St | SLBIGET ANt HPE Qb e Bt P g oce! i
the@tdmsle chitsodiaéhisdadhievdsea digheplaecenabp dindethesmatiioe learning

me%@q%iislgg tté) ﬁr%% der gn%c g&ﬁcc Fnroalals aﬁg\ﬁlttﬁé?‘t'n A airr]’n t{'xﬁ gxample

Rence or e accur a
emhseuihmmwmt@)mreﬁmcblé’r ell. Furthernore, the nethod

i nthe exanpl e enbodi nents is automatic unlike Cowan

and Prell which requires manual adjustnent of the

par Biftblyerip fher elahfle eembedipjesis, stherumetrier Hegd, int e overall

H@ﬂnﬁ%@e' é\/él@%oﬁx?és"gc#a%e@”BHdPé@%ﬁ c?p?é?ath% 'cﬁﬁlaﬂc‘i@rréfnséi (ROC)

tware tool for exanple, as add-ons
analgsiSED 4 texamnte SBbedimenise tRasisBaNGR ISUEESy Ploding e False

Pogﬁ\f/éﬂ R‘Atecgfpvlis)' ah%nm tedTPeddagkdante Ratd B uéé@&o@fﬁlﬁ@l the ROC.

ThioMeGHT el Shave SHRANESNS T PEEaRISops Ton o in the
exdrfpeeasbdirhBits ik e sipleheurex anwliiealesransl Bpetts determine the
best model to be used for each subject and also to choose a model that will fit the
sensitivity and specificity requirements along the ROC curve, while taking note of

the trade-off between the sensitivity and specificity.

In addition, unlike Cowan and Prell [Cowan and Prell, 1999 - US05983129 -
Method for determining an individual's intensity of focused attention and integrating
same into computer program], the embodiments of the present invention can provide a
unified score for all subjects through a data-driven method. The method in the example
embodiments also takes into consideration spectral, spatial and temporal changes and is
hence more accurate than the method in Cowan and Prell. Furthermore, the method in
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is still able to provide robust attention or
concentration detection and scoring. Thus, the nethod

wo poovhas2exanpl e enbodi ments can be i npl enent edPCTSG2008/000141
sinpl e and handy systemw th only forehead sensors.
Hence, the exanpl e enbodi nents of the present
i nvention can provide a continuous, quantitative,
accurate and robust scoring3amechani smfor subject

attention or concentration | evel si ncePtlre exampl.e
the extue REWOIMENE cRMBis Uk GoWEN GREAEH BEICH faires manual

adesﬁ‘n‘iénlﬂgf tpé%h?é?ﬁéigrsqﬁ digerant®ubjettsdonai n (spati al ,
pectral and tenporal) analysis of the EEG and

C|aSSIerd usi ng machine learning. In addition, the
exFRhemesra0 mémﬁlffodofq thBexpmpieambbdivents cam pe avpegented

in i X PrSORaETS 108 Ro AR 4 2O B ap ol Sl g or as

inteFR}-BaseD Wy S5roRest Tiad nosthod icad aiste bbambqyueanenoea $DA-like
Furt

e A, SRRy S T Py Al

frors alfewrEE G aknsosravine fomheed thaceetbod in hel Qxaxmi%@@bodlments

is 5@5% é%é?}-é %ro#%}s?%{:te Jidnugftéoﬂkgntrrﬁﬁ)n%\f@&kﬁ%ﬁ &Erlﬁ@erhus

the present 1 nventi on,
the mepmd imethé aarsipledgm meemwnsoqomnl@rﬁerﬁatﬂ ihg Swﬂ? apg dandy

sysfeﬁlé!/vntﬁr%h@ fg%q‘egg@ehggr)s was carried out. The EEGs from

are recorded froma standard 10/ 20 EEG
system (NeuroScan NuAnps) with 15 channels and from

frqnd.al ‘Elh@%&ﬁh@ %%ﬁ%oﬁﬁ}?énts khe ﬂe%?ﬁ%vérﬁ@nrmubﬁomde a

achieved by a concentration
confipuaiisdi apntitative. erasiERtreARd ofoPHRk Sﬁ?@%rﬁ"e%%\?éﬁ’ﬂ i g, subject
attHRen 0or  EOGcIMraBbn ablel Bh&Othd Téx&(ﬁfﬁa@teﬁ&)o@nﬁiedwtme based on
nastra and.Lubar, 2000, - US06097 g - % ﬁ | éc\{r%l and
feabires exiERgied FRd TG PapselesietEen? SUUEEoRRl GRRLT At
tend alﬁéﬁaﬂﬁé Bfthel EEGtdnartiabeffiediusingymeactiod Iearm[yg In addition, the
exq_rmsjglrembydl@rﬁi &f "E{% pregﬁn?ﬁmvea'ntllaﬁ Mvd%él aLs&/Qt%ﬁ{‘ro c%ptd: re subject-
sp eoFlceEEC@eéWe&Q&tah@@fsamhtbcchompewhanal impdehearTy @t makamated
of Atten n- Deficit v,
parpgx%q{oﬁﬁ{&;g O%ryc%?%d té?'_{ygg 31 ’fh'éy bPétS ggpa?ﬁetersA%H' gibdel.
Fur%?er&lbﬁe thenexa2Q@ls . e}mtbmdumabﬂseoﬂthet hr@sezm/vnwntmspr@rvm@ post-
t.o t al be
pro(s:sfsgnq,l 3 o&scﬁﬂ%ren(eﬁ@%ﬁ@rwe W%ahé@b T8 {ILSEME ?}éroach

according to t e prior
row corresponding to "Waveform only" shows the mean

accyg afﬁMhé)P 1%5{?5% fr{ Bhvantages of the example embodiments of the

present invention, an experimental study involving 5 participating subjects (all male
and healthy) was carried out. The EEGs from these subjects are recorded from a
standard 10/20 EEG system (NeuroScan NuAmps) with 15 channels and from
frontal channels (Fp1/Fp2).

Table 1 shows the results achieved by a method for concentration detection
according to an embodiment of the present invention and by the prior art method in
Monastra and Lubar [Monastra and Lubar, 2000 - US06097980 - Quantitative
electroencephalographic (QEEG) process and apparatus for assessing attention deficit
hyperactivity disorder; V. J. Monastra, S. Lynn, M. Linden, J. F. Lubar, J. Gruzelier, and
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the tenporal feature extraction nodul e alone the row
correspondi ng to "Spectrum only" shows the nean
waewunaeys obt ai ned fromthe spectral -spatial fREI/E6H08/000141
extraction nodul e al one and the row corresponding to
"Hybrid techni que" shows the nean accuracy obtai ned
fromthe nethod in the exanpl e enbodi nents.
Furthernore, the results imgTable 1 are in percent age,
expressed in the form"nean + standard devi ati on"

T. JaleVetueai‘Bledirasnsephatographi¢ dicfeerback 4 itheat TR AR plo gﬁgnﬁm-

Def? EH{JBJ%E\/@, 6150!’(% C@\Egﬁ%ﬁl gﬁgﬁ%ﬁrg%lob Gl EAToRdk ARy 30‘ no.

2, phe@G-dii41 vmm 20884 B Takle 1pF'?%F°"‘éP?”?ﬁ9%ﬁgg‘gstR/bﬁlb i (ior-

art)”sm {reAhbin aEBLﬂ’a@y%‘b@élﬂwed)B{l frios PRt amurdmgrterthe prior art,
(absol ute val ue) of”the th the exa
the Eavp e RIANGINGVEr WEYETGHM 7Y oM Gt SR, obfpingd from

the tté]ﬁé&raf il SexBabmsts Ho@iu% bl@ae abe Irbw ycooesporeding td 6Bpéairum

on|3tg @g Pg’)é t% ng lﬁé@ﬁg%gg #ﬁﬁrrg Q%)fc'atl % Psg?t% tsta%ﬁaﬁ ?gatu re extractlon
mod(®é Rshe Aadltiee ]:OW &i&irn@sﬁoﬁdﬁng\ﬂo f“ Hiy bitia teahadinwiet §hawa| ﬂae erdean

s LBy SRS B BB v, e

resliifs @ Table Medr80E perchbhiagst eapraesled_mbarne fomm Tml@lae P standard

f h
B e

canfiye s&¢n that thetmaac acdinagy b thehmethoddn the example graediments is
. Corr S 0

oSBT Ui Rt EDYELO4 BB st By, e overa

per&irmaace t ingorovemerdr (alogudurtei Ngluleb ofSgbe t mathash| ip” tlgq]o%gample

emég(qe tl‘nggﬁ %\ﬁbetr %gﬂoI b rﬂwétl%d 3@92@ Rl TRRAR kealkd B@monstrate

one he row correspondl ng

the" blyhilylg of thec methpseIn sth@v@(agnféggxthM@WfédtOf i @@ optlmxzed
e 8LRXAR SriGrROALRBE 8t midiSodEER i the rate
SUbn%e Wﬁ C'F@F{?g ftg Bosmlve Ete and the fal se
negatlve rate are equal Furthernore, the results in

Fabte—2ar Sgbgar HNHREE.| Subess Jedubjectt hsubetim " Aeaage
+ st andard devqatl pn*” g_g%d are3%btai neg vig a5%x2 fold °

THe'té??écéVd" 754 FEENGE3 5h @6, 7240/ [B60CH | 51.582.Dest 59.2

(p &{,rgrrmnce y each of the nethods is tabplated in

WhGEFoR Snly W‘%dﬂ% V&.626 BQT 69, 8Tt || 7B6H#50 £72.8:6.2 | 71.6

Séé%'trhl'ﬁ_,dﬁ'l B0 1571096 BOURE Ba3)2 ({T8).3:0l0 | s@16:d1e |Seqn.2

RydidTEcHAGE PoZ 814 | BS.8@Y 8N a76.081.0 076 3u1ey [ Brlees.60n 74.0

InifrovembhcT CELT31g tTatag hie |metggd in 19.4 13.8 14.8
Table 1

T

Table 2 shows further .results achieved by a method for concentration
detection according to an embodiment of the present invention and by the prior art
method in Monastra and Lubar. In Table 2, for each subject, the row corresponding
to “Theta/beta (prior-art)” shows the equal error rate (EER) obtained by the method
according to the prior art, the row corresponding to “Waveform only” shows the EER
obtained from the temporal feature extraction module alone, the row corresponding
to “Spectrum only” shows the EER obtained from the spectral-spatial feature

extraction module alone and the row corresponding to “Hybrid technique” shows the
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t he exanpl e enbodi ments perforns significantly better
than the prior art nmethod. Furthernore, Table 2 also
W@ bawasfbat even the performance of the tenporBCT/SG2008/000141
feature extraction nodul e al one ("Waveformonly") or
the spectral -spatial feature extraction nodul e al one
("Spectral only") in the exanple enbodinents is better
than the prior art nethod. gbhis illustrates that the
subj ect dependent training approach can sj n|f cant |
EER wpbmml froma threrreshaskindie sxample raratinent STEE ER s he fate at
Fals@ Rlthve rgm the TRRE NG etiEerA¢ lab%ﬁe@leiFurthermore the
e uctlo Rate = (18) EER prior art Flé(]l+
resilts| s TRBIS2taTe iNcBENCESERy eXRspERg ¢ fhe oMy egﬁ@&* \?e?'iﬁard

dev‘mﬁﬂ” ﬁ\d@kwalhea VPR 0N IRk I8 vERIRioh infth 8¢ (T diably stJIQect

enbodi nent of the resent inye
the hest PRTTETANEA EVLPREN PRNgEEAER IS ?&’8&%‘@&1 T?‘ﬂ & QJ hPdglative
errdt redl}&ront e ACeHicaried AcddRdingnb Fpiationl€18)v & carube seen from

th d
Tatin2 03 ecvroal PECh B oMol e A26y L RibEge3 heghetod in
the@%mp?&%nmdmi&% degofas aignifidaatiabettemthanolieaprive dartvtethod.

ot S o A5 S8 S ol B

extiadtié fogloizoalone r(tWavéfomin enpi)emehe ispectralispatial feature extraction

mogﬁrﬁffgq?d ngﬁaeﬂﬁaﬂ n’@’e | gt:i'q\gge?(% éjé?nﬁﬁdfﬁ"_ént?% el eé than the prior

art 8Beth8B. ainit lDBtnatesp dudti thel gubibelr dbge deaigog ameach can
&gg@eéd]tlﬁgrgpl%n? ﬂ% %grfgﬁgér?c%edﬁhé E@H‘Rﬁ%f or mance curves

e prior art net and curves 608,
708, 808, 908 and 1008 represent t he performance

ettrves—obtaj - th '[Q Tt 5
t he present |Srd}{/bdn‘\ett| Sdg gt pe?%gér"tmin%lgi%}?v;%d?ﬁi Alerage

ThitbBEEeS & [ 1Oz e potafiey UshBg 1 Nesgndpw 3§ Zes ago.{
(prﬁ)pg&l fied bel ow For subj edqts 1 and 3, the|w ndow |size

Srofm SRIGOTAS A8 5 tTE D7l [arp7BET 1001280 f Sspends 27.3

Spg.,éfl’up’ Sy et 007 § e g%a Feoggbodi TeF1§S. [ FOgp.§Ub) ecly.7

Im ATt PSeonds g the Bpiyod T g7 phe| exagpl € 42.5
(R& ents| For supject 4,) the wi mdow size is 4

Redf&2H ‘ﬁ%t orjthe pripr art nmethod and 8 secopnds for| the

Hyﬁﬁ%%ﬁﬁué{ e"‘“"" 34 65 [S_.35e]ongs of O THgspr [ 07y T 22.5

ret-hod ||| the—exanpie embodi 5. For subject 5, the
wi ndow size is 8 seconds for the prior art

prior art

EER

prior art

Relative Error Reduction Rate = (18)

Figures 6 — 10 illustrate the results for subjects 1 -5 respectively when a method
for concentration detection according to an embodiment of the present invention and the
prior art method in Monastra and Lubar are used. In Figures 6 — 10, the accuracy in
percentage under various window-length conditions is shown in Figures BA, 7A, 8A, %A
and 10A respectively whereby curves 602, 702, 802, 902 and 1002 represent the
accuracy obtained with the prior art method and curves 604, 704, 804, 904 and 1004
represent the accuracy obtained with the method in the embodiments of the present
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met hod and 8 seconds for the nethod in the exanple

enbodi nents. Figure 11 illustrates the average results
w@eeeassuibj ects 1 - 5 when a nethod for concePCT/a6G2008/000141

detection according to an enbodi ment of the present

invention and the prior art nethod in Mnastra and

Lubar are used. In Figure 11, Figure 11A illustrates
t he average accuracy acrosda he 5 subjects whereas
Figure 11B illustrates the avera er f. ormapce, cur

inveatern S rheENee sifij ReEPENANCA GRSV 1tk YAGR4E ongsonditon are
sho%rﬁﬁrg?%gﬁss?% thiﬁs ?@@B%daml‘le%gictﬂbwalwmaébvam\t‘éstm 7086, 806,
(0] a rve I t
000 100R B s oS e G P S s A ARG anc
cunfs dobeigl% ®98,1908i amdeinns @éhpreésmt #edietfommance rtuRieg wbinkt Byith the
urve repr nts the f .
meigg i (e emhofrientzee i Bresetienfoll TR ety &S piiyEs I Figures
6 — Nepfeoitained ukiag meemag@:v pizes as spaviied balowe Fobsubjectsd! and B, the

win (PW&%?TI% seﬁ?%{%"f% %ﬁr 2‘& gﬁ%e}li&:]‘ aﬁ&% asg&gﬁﬁ%r the method in the
exatripte arbbdichents. Foe sebjbd R, rtha tvdndsiv size @Be@ﬁ@nnds fWém ipger art

metégrlj ]aﬁg ?a VEnds 3t HCheRAGE W AR, @%lf&nb%@ﬂ@d%r subj ec’fj 4, the

nce curve as conp are rror art net
windiowg size i4 2 secondst foathesprigr §dﬁ@¢th@d andaB@éRormSafgrr mrogthed in the

exaﬁﬁ)?é %@gé& f orFfoF %H@S&té ahb ndlRt S8L1I9R ScoRadl Hﬁghé Prior art

present invention, The system
methpd@ni Bteqersls ferrthe methodiniie exE0ls FRbGABENtSi ng br ai n
signals, a tenporal feature extracting unit 1204 for
extractingte or al featuresfrombr i gpal s,
Biscisct 28

t enfpevrgl 11 ilustraies the asRgS FeRptS RARrPSSEH |"‘5”§§.afr§7Ffﬁad for
co&?@t&&?ﬁéﬁ%ﬁg& "f@éﬁ?@i"r@'to Iaﬂaifrﬁb&ﬁr{léﬁﬂ digh@pleasai nvertiohaand the
ral - spati t
o e ST T SRR I P Y b R
thefdvlefﬁgtar@bﬂkaﬁy Eﬂcﬂ?‘a§the€6 §Lﬂ:¢éﬂt§ Wher&paFlgake 1 Hatllusteates the average
el ecting uni or, .S& t
perfor ﬂ?eeQ Srﬂc&?%ztﬁa JHF%%'? f{p@rgs c oc:uﬁ}a I?ﬁ;d;]‘i B%{esents the
avérii?gé am@iyt skthihed withdtha qumioc ca:rtcmaihpatand reustent € fepoeaents the
he t of e r ac I
avegig%tarcgtrlragyb & aénecﬁ S\gtpﬁﬁlgc eglléosos ttﬁ@ elﬁ]k?o?j n%[{?% c%fathe present
inventmasirf gdditprt, fre Fioeredi Iédcmdﬂ & repsmthaﬂhefae/atagee@rformance
curVéS‘ | L{bgﬂ%[& RSt h%egrr c%rt St Fhtfiod 2HEO lﬁ¥3<21 188 q'eﬁreeéﬁ’cE QRS MV@rage

cou o the tenporal teature classif
perfmmancl@ QmBineen dbitah@dswél@tth%tl meipad iig| the e%mmc&memtas%fu g‘s@. Rggsent
mvé'rptlo'i‘u. 1212 for conbining the scores X1 and X2

From Figures 6 — 11, it can be seen that the method in the embodiments of the
present invention can achieve a higher accuracy and an improved performance curve as

compared to the prior art method.

Figure 12 illustrates a schematic block diagram of a system 1200 for
concentration detection according to an embodiment of the present invention. The
system 1200 includes an input unit 1202 for receiving brain signals, a temporal feature
extracting unit 1204 for extracting temporal features from brain signals, a temporal
feature classifying unit 1206 for classifying the extracted temporal features using a
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to give a single score and for determning if the

subject is in a concentration state based on the
wareghsstore. The nethod and system of the exe@pb€2008/000141

enbodi ments can be inplenmented on a conputer system

1300, schematically shown in Figure 13. It may be

i npl emented as software, such as a conputer program

bei ng executed within the @gnputer system 1300, and

clashiBohdH Yo thecaRary @ BIEGH SHERE! TAldCCBRER WbigRp for
extr&&ﬁ@ §9§63I‘dl-§§%tlaﬂ f?atlug%a @ﬂonﬂ&fﬂéﬁhes@éﬁélg,é ai spedirarepatiat sfeature
oa n
selegHiig i 2 BT SElecuie Haarar ARt ey s o ety binbtve
infodadifdn Ddtwesn huteicambdtidre ad® d2niconcantration esthies fram the set of
comut er, net 312 I j .
ox SRR e, U Be R G BRI e 2 o
classifying thetslocted Spstiealsspatial Ifea’tslresousarhg Arcizssiier i glve (s gedre Xz
ondh LB 7 152 b o BPREErBAh0man
the Apected-shitial fgat( Mw}as&@m lamtﬂ al Zq@m(g:omﬂlryng/@m)ss}orgwnd Xa
I I
o 4 T8 SOy T R e s
basedtoerth@wgtemreo the display 1308, and I/ O interface

1326 to the keyboard 1304. The conponents of the

uter nodule 1302 t ﬁlcally communi cat e vi
| nt dechatneg ﬁl%ema%‘é a@aammeaewﬁﬁwmenﬁlem%@dmﬁénemed

on RECERPURF! &)<kl ﬁ‘3(§d‘eséI@n%t%Eﬁy ahbwhhm ﬂi’gllrécﬁl’sl Oft may be
rogramlstyp|call plied totheuer of

t
T IEA 25 SPEIBHe SHSH BBt T RO Peng S RSV the
conflidy Sfstén AROBOMhArindthasing MRE@binpGRT Isyetenari@00 éadonduct the

utili orr onding data storage nediumdrive of
methiog of g’es%iﬂ“ﬁ’gee H&?BE’% "330. The application programis

read and controlled inits executlon by the processor

1318. Inter e s e ogr 4|

accolplCPEREFT ﬁ%%jnRi%?q%f gerEE; g%u?e Wﬁ%,ﬁ rﬁ‘c?&ﬁlé’elsoz input
moéilileswsbetr &s & Ikleynsdsa'rdt1|3ﬁg aad me¢used! mmmdmplumjmgmutawh dsyyices
such as a display 1308, and printer 1310.

The computer module 1302 is connected to a computer network 1312 via a
suitable transceiver device 1314, 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 1302 in the example includes a processor 1318, a
Random Access Memory (RAM) 1320 and a Read Only Memory (ROM) 1322. The
computer module 1302 also includes a number of Input/Output (I/O) interfaces, for
example /O interface 1324 to the display 1308, and /O interface 1326 to the
keyboard 1304.

The components of the computer module 1302 typically communicate via an
interconnected bus 1328 and in a manner known to the person skilled in the relevant
art.
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detection according to an enbodi nent of the present
invention. At step 1402, tenporal features frombrain

WG k@nabeoare extracted. At step 1404, the extrBCI/8G2008/000141
tenporal features are classified using a classifier to
give a score X1. At step 1406, spectral spati al
features frombrain signals are extracted and at step
1408, spectral -spatial featagres contai ni ng
di scrimnative informati on between the concentration
and nonconcentration states are selected fromthe set

?L ot léﬁﬂl%ﬁgorﬁ @%g%réﬁﬂ rsSQQ{ch%{ sﬁﬁﬂ{e@f s theAlsart epthédddmputer

e selected spectr ati a atures, are

sysleg] 1508 10969 (16 Fe2chOeR HETLE xooh A5 8GR NS tash

merhb@ @eﬁ’ﬂéreénd(iea’:tﬂdtll?éﬂ'\gaa eoresimity datagitvrega rsedighedrive of a
re and

dat%ﬁ. rage dfaglc?n 3{;‘3 i’ﬁ%f’ﬁplpg%a}tfgﬁ éj?é't%wﬁ gga anél tr&%ntrolled in its
exesutityl By sie®peocdssgun 8185 Inteiroadiatet sera@es@ﬂwlematam datzoolay be

di agr.am of_a 1500 for concentration detection
accg'@@g Qﬁdnlbs Q%RWi?bBOdi ment of the present invention.

The system 1500 includes an input unit 1502 for
gﬁéqﬂa ngy hiaha § ' hﬁr't IﬁUJtI%?TtIé”’éP n?éiﬁ&?qt4bﬁgfol"rHoBcentratlon

or ex ract eatures rom brain Sl gna
detefosam aceording txan ngwbgdumenwcbe Ptﬁsegfémé%'l’ﬂpﬁg‘\tfsé@? Gﬁ%% temporal

feafuPly bR Behi 's?%ﬁéégne{ﬂé‘téx‘(rgcﬂeﬁf Al "R GIQOQettrY@%Qtracted temporal

concentrati on non-concentrati on states fromth
feateas afe dresifind paing catlapaifer tg gienaRcerTkad¥ision Ag0% rapectral-

spa%?pf%af&és GoAs By 'sl&atsh@resé%trﬁéie%daﬁoﬁai Heps1408i @gecﬂral-spatlal

assiflrer to IVG scaore and a process

feajugps G%"t"féWﬁgnP"ﬁ@“mf“ait'Y\% inferppation hegwean dhe Gﬂg%ﬁwfﬁé?“ 8H8 non-

conﬁéﬁﬁ@ud&’ﬁsﬁ@%s%e%@%e@éépﬁ'&n tlhél séthef esgrate sb’é@@al spabialefedtures.
endant trainin

{
Atste 1830 e ﬁ?'ﬁ@tqdr%epéﬁlrwﬁé'ﬁ?t&mﬁ) HE drarirost 2ok Gasiifer to
givé ar scard QQtAtngeb het1be slals@ses antad X, rpge dombired toagivera single

s 0B 454158 oo RRER T LB A ppnpgion st

basedainthe sirghelséare. cl assifying the selected features
using a classifier.Figure 16 shows a flowchart
illustrating a nmethod 1600 for concentration detection
ac cRigahend5t lusiretesrb dichrematio fbladke diggeasenef angesienod 500 for

coﬁcéhtrgi]%oerpdéggg? fagq%rgﬁlﬁst?aé'n cBBbdiRhE Of tHPPrREA! Avention. The

eat ur es contalnlng
sysmrsc*rmﬂ ingludes anfnawtaumbﬁ5@%tf@ééﬁcwn9é@fﬁmaﬁlgaﬁISaﬁdfeature

extlreé)‘%p gg{ﬁgg@d@gﬁda%kg%&%ge%aﬂr@s s otaH sflgir{%{ﬁ tah%ta?@{e stlecting
unig riS08| gg'ssqalp@mpgjg‘eﬁgr% %or?tgmmg dlsc?”l(renlr?a(\:tlve mfoer?nal’élgﬁsbetween
concentration and non-concentration states from the set of extracted features, a
feature classifying unit 1508 for classifying the selected features using a classifier to
give a score and a processing unit 1510 for determining if the subject is in a
concentration state based on the score. In the system 1500, subject dependant
training data is used to generate parameters for extracting the features from the
brain signals, for selecting the features containing discriminative information
between the concentration and non-concentration states from the set of extracted

features and for classifying the selected features using a classifier.
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classifier to give a score. In step 1608, it is

determned if the subject is in a concentration state
whawed3anst he score. I n nethod 1600, subject JREERGZN08/000141

training data is used to generate paraneters for
~extracting the features fromthe brain signals, for

sel ecting the features containing discrimnative

i nformati on between the conpgentrati on and

non-concentration states fromthe set of extracted

f ediigwresiastiosdra diowshart yiustatinge as g1eiiiade d6PQ fpy cegcentration

detééﬁbﬁ] ? %r&h@tﬁﬁ L 'eﬁ’(boddﬂen‘!"hL iheDfesdmP irfehidre tht Qiépaﬂ @BY SeHfures

hat numer ous .vari ati ons,

are RXTREIEE Htane rﬁalnaiignf@ mdatepol¢He prtues n?oﬂt?f{?@ﬁt ?'88”@5‘3“"9
mfo?rﬁé’l%ht !rb]é‘twteﬁﬁ c%?@éhtfdh@n%ﬂépﬁd)rﬁemﬁen%f ?\O gtatstepay i;eIEQJ:ed from
from e Spiri or Ssco nti on as Y
the ggt et ?g@g:tedTﬁgtLﬁg% g%rﬁtg% rjrgé%’l ﬁ?ﬁt aéureF I é:F ed usmg a
claddflicf B SHidErLEchbie. h|ste®stBOS! St 10 dbternnLriedstfrth SLEbjaﬂlds in a
not restrictive. exa
congBr Rt EiEEeh o SEa N el b Sy SG g Wining
datPri€ et iongemﬁratm pa@infeterst ;qmwtmbtlmg dihe featgresl Fogudhe brain

;

sioiie o eSeabfedbalr il idog chmFn between the
concenitativhr aid non-dehestiiaton states fretrhthe %Qirﬁfr&xifﬁﬁtydt features and
for g‘tﬁgﬁﬁrf@ the, §SS| L0 eurg?rq lclefs@ﬁ"i%f“” es frombrain

yIng racte tenporal features
using a classifier to g| ve a score Xl1; extracting
Spel?WllfaBe gPéc tecf Bg fnf] R iRt §H95H§ll fumerous variations
selecti ng features containjng

ancrswpdifiéaians Wi b BiedaP Ghe (REASRBE IVERIRicat PBRWILIN Hegspecic

emwmgﬁgc\ﬁ%ﬁ?tjéﬁéhﬁg} abRs tHe" St Hesspe 6ff théXT\Vélrﬁbﬁdas broadly

spectral -spatial features; cl qr%osﬁ ing the sel.ec

desspeed. The p§<pﬁﬁlt ambedigentsee, ey |heseqneidered: ig f@%"e&"s to

be MGSRFRiveénd ﬁ@t‘?@étﬂbtﬂ/g F&%X&ﬁ@[&&/hﬂ@ﬂ@l’l@e)& EEG igisvgeed described
single score; and ermn ect.ds.in

i 160 RERTEP SETSHIETER & DaCERSOh YL TG e R0l Stpfls sucn

as MEQghaASord RixiRe of IBotA ME®aind BEGEgreediangls Isd used.
wherein the step of
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extracting tenporal features frombrain signals
further conprises the steps of: conputing statistics

wo@btomnadizns wavef orns in each of a plurality of PCESGLOS@00141

channel s; and concatenating the statistics into a

joint feature vector. 3. The nethod as clained in
claim2, wherein the statistics of the brain waveforns
are standard devi ations. 4.30The nethod as clainmed in

any of the preceding clains, wherein the step of
extHa#dMSng spectral -spatial features of brain signals
further conprises the steps of: extracting respective

br i i rﬁéﬁ%é'fo%mgﬂﬁéﬁo‘h deledlioh CihetrRethb€ Queayinyitdstess of:
using filter banks to _obtain spectral features of

brain sieyiacing gmPos 3R TOMRBINFIGEFFt hm t o each of
the spegidsayih§ MdleRFadisd RinporélSBatireaYsing sotitssifier tihigive a
spectral -spatial features of brain signals.5. The
met$¥8® %s clainmed in claim4, wherein said filter

banks coyRatER) spreFdlepats fepiaes fichebssihsigndigpe | |
filters wth a pass-band w,dt f 4Hz. T ook
as cl ai FEEFRI an)?pS?trqe}ﬁga?ﬁjecg%a&Hrgeécl aﬁ°ﬁ%?'“'a§efgfsﬁﬁ'ﬁ?§t“’e
st apfofrhatic Iestivierg copeerttratibn sipdtrioalcaneantation states dioni theg set
di s¢rim native .inforpati et ween concentrati on and
norP-qf@éﬁ%‘[e}ﬁi’PB?%ﬂ' g?:“i?efé&ﬁe%mthe set of extracted
spect r alclasifying| thé emlastess speatrahepatizd igatures susing astiagsifier to
of sel ing, spectral -spatial features based on the
rrut%\éﬁg%é%re%(dmce of the features with respect to the
concent reaniming e acores snatshirtadivena singlesscores angthe

net hod LR i ielf it e ' CsdidBased on the
wher ei nacfer%%n@@'gg '(f)ftﬂ%%n Jiegtlf ﬁgmtﬁgoggg‘?ﬂéﬁ%)?l and X2 to

gi veinglestoigl e score further conprises the steps of:
normal i zing the scores X1 and X2 according to an
equation (x-nx)/sx whereby nx and Sx are the nean and
standard devi ation of outputs fromthe classifiers

usi NOrHd AbiHolthsSQEIeRBIntRy @f W2 prededing ciiins, wherein the step of

respect ; o .
gxtracltir\wlge I’cé/rhporal features from brain signals further comprises the steps

of:

computing statistics of brain waveforms in each of a plurality of
electrode channels; and

concatenating the statistics into a joint feature vector.

3. The method as claimed in claim 2, wherein the statistics of the brain

waveforms are standard deviations.

4. The method as claimed in any of the preceding claims, wherein the step of
extracting spectral-spatial features of brain signals further comprises the
steps of:
extracting respective brain signal components in discrete frequency
windows using filter banks to obtain spectral features of brain signals; and
applying a CSP algorithm to each of the spectral features using a CSP

array to obtain the spectral-spatial features of brain signals.
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assigning weights WL and W2 to normalized scores Xln
and X2n respectively; and conbining the scores Xln and

wOX2w9as82205 di ng to an equation x1p *W +c2n*w2 tRCORGE08/000141

single score. 8. The nethod as clainmed in claim?7
wherein said weights WL and W2 are cal cul at ed
according to the equation W=(yi)p where y is the

cl assification accuracy inzdlassifying the extracted
tenporal features if i =1 and in classifying the
extracted spectral -spatial features if i =2 and p

(PZO)The QREthed %stcthfﬁné@\iﬁlea% 4VWh€réim§alaﬁiltéHbémR§J¢banrise low-
the single score. WE‘ nﬁﬂ ﬁ'}c al I m.cﬁ]iqﬁ f
{ hergardtsdnat ChamREewARPE T toma T & past oaed Wi b1 e
if the subject is in a concentration st ate based on
t n- S08)TRsnSq 85 Siarted Bhemh o B il o, ViRt s tep o
SC Gefectifg hspdrral-spatial afdatures hcbotasing tdhacnminetuwbméxrmatlon
. A trat {nal .

o EREh n T SETE Bo ih Gk Bshats® BB floR 0 e 86t of
anyem‘bctekiesnmfoaebsbaigl datires, futher @pmpsaes_d tihe sten fof eelecting
L| é’&? re§3§%?$|m%n aﬂ?& %ﬁg%d %ngﬁ%uﬂuu ?Eh&‘&'\é%f ofithe features

cl assi
Ne twith tespeSup o ¢on¢eotrairon\md1m¢re§0nqemr§§ton ﬁtfaEqSenc e
System Tree-based classifiers, Fuzzy Type 2 and
Rel evance Vector Machi ne. 11. The nmet hod, as clainmed in
any7.dhetethod @setiimgd én anyref thersesrdingelaing. (ngrein the step of

Co%ﬁﬁﬁﬁgttn@ sé&r%@ Qfantst,ne di gL\Véila@n{&e dedrad fuRh&eoghgises the

paranmeters for classifying the extracted tenporal
f eatt@lP®ef using a classifier, for extracting

s plect ral nsrRliziag tilﬁée %bwegsqu s estardny goadis eqligtion (x-m,)/s,
sel ecting spectral -spatia t.ur cont

di s‘&'F?"ﬁPﬁ&‘MW ?xrﬁrﬁlﬂﬁ%l ﬁa H% @3 éﬁ%ﬂ"}ﬂlﬁt Sifom the
an dclaﬁ'\ﬁl &9 ngmgttrlraaf mg)élarﬁbla*s &S gfveozm eir’lméxﬁ edésp@f:tl\taly r act ed
spectral -spatial f ur es [ c [

sel ect ecd® g e &Y%@?%é%? %\%ﬁﬁé% C 5esSS|  §nd e
12. rebpectivelynand as clainmed in claim1l, wherein sai d

par amet eéosm&r‘?nnBr “RE scores X1 and Xs, according to an equation

X1n¥W1+Xon*W, 0 give a single score.

8. The method as claimed in claim 7 wherein said weights w, and w, are
calculated according to the equation w=(y;)° where y; is the classification
accuracy in classifying the extracted temporal features if i = 1 and in
classifying the extracted spectral-spatial features if i = 2 and p (p>0) controls

the power of w; in the calculation of the single score.

9. The method as claimed in any of the preceding claims wherein the step of
determining if the subject is in a concentration state based on the single
score further comprises determining that the subject is in a concentration
state if the single score is higher than a threshold and that the subject is not

in a concentration state if the single score is lower than a threshold.
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one or nore of a group consisting of projection
matrices of CSPs for the CSP algorithm paraneters for

w@eieasd2nyy spectral -spatial features based on Pa/8G2008/000141

i nformati on and a nodel for the classifiers. 13. The
nmethod as clained in clains 11 or 12, wherein said
step of using training data to generate paraneters
further conprises the stepsof: collecting training
data from subj ects perforn1ngpgtset of tasks;

det'® Mfihsi Mgthosi as aiaedtiBranw %Efﬁcﬁ@'nge‘é{?'ﬁ?%d" erein said

metdadfier %mﬂ—rl'b%sﬁ%tn@o@r amofd adfmad gtdupClodhsitidy of a Linear
wherein said set of ta r‘ﬁe% ri ses on

o GUETEORESAT Ao 4= NP Bl NS R Sa BRpR ieetd! Mébhines,
perfipag ﬂﬂer@ﬂﬁéasyéi@ﬁ hmesd-baséd holadstfives] ¢yesy Type 2 and

el A;i q\g around, and resting with cl osed
eye@?1 %‘Ce ?r‘fr]'g'?ﬁ concentration detection, the
system conprl SI ng a tenpor al feat ure extracting unit

{ oot fiditich GRTPRIRY F 3Y| &Pl BBl Tiahi 3he méthod

TR i b
extfuabéreobmmqassrthé steraofivgisg trainig da’@l tamrwer@te ga@arggt@és for

for % ‘ﬁ’y 'th& e%c?r%‘c‘&{eraa{eln%?él' 1%5 ufr hé‘iﬁ ae{:‘f‘agéﬁéll 8- ttdcting

|ngsectra -S atla rom brain
si gepmctal- a)aé.lpbcfeatare%pfram éﬂralﬂe%lgﬂﬁ'% &) slerting sppetralgpatial

sel fgg{u'ré@c ve Igaélscc‘rﬂﬁihéﬁ\}e hRANAES bEAAI the %9ncentrat|on and

di sCrim na ormatl on between the concentratjo
ancharoeensentratinn atatem rerathessetr @) n@ﬁ'ﬁétege%lo@ﬁraéﬁl?ﬁ“@é tf%’é]”res

S p egld B cRRak thfeeééliébrt&ﬁspéttr%tp%étfaﬁfeaﬁ@éé ugihg faeddsifer.
classifying unit for classifying the selected

spectral -spatial features using a classifier to give a

SCO{£ Pfs mifbPaP cRHASS Mg 11, WHepdie Galdpaintbters comprise
tenporal feature classifyi [

,| ng. unit .and said
speetq 8l Mepef PO AATR EEEF%%H"% MEieS(Qf CSPs for the CSP
co n&?ﬁhtﬁﬂ'l ohprsserLhr ¥dleatity Haedial-ghatial featurag bessd on enutual
and etermnin e su?hect isin a

con'@gwﬂa ik Bﬂdﬁﬁ?‘ge'tg%{stbacﬁs © single score. 16. The

systemas clained in claim15, wherein the system
f ur!i:?.efhe method as claimed in claims 11 or 12, wherein said step of using
training data to generate parameters further comprises the steps of:
cbllecting training data from subjects performing a set of tasks; and

determining said parameters via machine learning methods.

14. The method as claimed in claim 13, wherein said set of tasks comprises
one or more of a group consisting of reading a technical paper, performing
mental arithmetic with closed eyes, relaxing and looking around, and resting

with closed eyes.

15. A system for concentration detection, the system comprising:
a temporal feature extracting unit for extracting temporal features from

brain signals;
a temporal feature classifying unit for classifying the extracted

temporal features using a classifier to give a score Xy,
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conprises: filter banks to extract respective brain
signal conponents in discrete frequency w ndows to

wobdoaiisu2spectral features of brain signals; anPCHSGHBES/000141

array to apply a CSP algorithmto each of the spectral
features to obtain the spectral -spatial features of

brain signals; 17. The systemas clained in claiml16,
wherein said filter banks cggwprise | ow order bandpass
Chebyshev Type Il filters with a pass-band w dth of

AHz. 18.a gpefiehspatial a@urwramlmvnlh@rwﬁﬁ@wq FEpeitRt-spatial

COITEH{U?éS ﬁ:&’q%r%%r%ﬁaf i nstructi ng a conputer syst em
to execute a net concentration detection,

met hod cﬁ)ﬁB?ﬁ?’féa'ﬁ@at'ﬁefe@%§8@Pt‘“%k'f’ftaf€f |Sﬁ5°¥"é91ﬁ8?%1r§-spaﬁa'
I :an%g{;ugiés %dérgfmaﬁ{e@dj@crﬁhlﬁaﬁveﬁpfoﬁeﬂna?@ﬁ byiwgntthe centdraetion and
s usin i fier iV

X1; NxEPnEENiraton siatas 3}5‘1&%@ exigagt %‘5 %%g?’“rag SPgiL [ptures;
Si 9?6“ Sja %Bé@lféllébﬁtlélpltéétu?@|cfat$§m,tuh@|unftefat alagsifying the selected
cont ai ni natjve t th
con%‘?ﬁfr?[;\g‘?a&'ﬁ %ﬁﬂ"rﬁ%Hs'Egﬁc‘:@ﬁs ‘5?? oﬂ'vé]taaﬁgg\é\éegﬁvgﬂglte he
set of f &&(bfcﬂﬁﬁﬁdg Smﬁcc:buglbd $pasidaémpest featere classifying unit and
cl assi t he.sel ecte tral.: ial .
s T SPERSRePR Ao G pRC e Grt P e sEes x and
scoxedo XJivanal sidgleo sgoreeand sﬁongcﬂeﬁesnio'mg ifatfe subject is in a
g:gg@@gﬁ{r?ﬁo& fiafd as%ldkane[ﬁé slfglé dfeCOncentration state

single sc net hod for
concentration detectlon the met hod conprising the

steps qhe ggét%l%‘:tdsn%lafnﬁ@é %eélagfo%br\nﬁie'ﬁelﬁ' fHals§stem further

sel ecti ng ures contal ning scrimnative
i nf oemprisesh bet ween concentrati on and

ngt Concﬁ@rrb%'i‘nkg Mo ShkAh&Tlg RV Beais RigrRf cembbA&tEGh discrete
frequency windows to obtain spectral features of brain signals; and
a CSP array to apply a CSP algorithm to each of the spectral features

to obtain the spectral-spatial features of brain signals;

17. The system as claimed in claim 16, wherein said filter banks comprise
low-order bandpass Chebyshev Type i filters with a pass-band width of 4Hz.

18. A data storage medium having stored thereon computer code means for
instructing a computer system to execute a method for concentration detection,
the method comprising the steps of: |

extracting temporal features from brain signals;

classifying the extracted temporal features using a classifier to give a
score Xq;

extracting spectral-spatial features from brain signals;

selecting  spectral-spatial features  containing  discriminative
information between the concentration and non-concentration states from the
set of extracted spectral-spatial features;

classifying the selected spectral-spatial features using a classn" ier to

give a score Xy,
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classifying the selected features using a classifier
to give a score; wherein subject dependant training

waolaia/130tised to generate paraneters for extrarCT/RG2008@00141

features fromthe brain signals, for selecting the
features containing discrimnative information between
the concentration and non-concentration states from

the set of extracted featurgs and for classifying the
sel ected features using a classifier; and determnining

i f the sebjoidng the soeres waTEkhite ivechsiagigiseorRaged on

the Scoro%terg‘ﬂ'lin¢ By 8L isCiANg RBhESHHH=Aidn ARARCHASHY, on the

the systemconprising: a feature extracting unit for
extsin@e Fejef eat ures frombrain signals; a feature

sel ecting unit for selecting features containing

di scrimnative informatjon, between concentration and

oL dh e for SRNGTATO  d3Ri e Mo EgToML G PR e steps
featsures; a feature classifying unit for classifying

t he sel ected featuyres _usi .a classifier to give a
score; HERELHNE zﬁf@@tﬂoﬂ%ggﬁ%gﬁpg{?r aining data is used

t 0 genersdigxtingr ferires s chotairdng r dis¢crimigativee ihématies between
fromthe brain signals, far I ' e, fe r
con‘[’%cﬁmﬁ%‘oﬂ'i & %oﬂﬁopg%'%faﬁ%gr (rgm%t%%gfr%et \t/\H/L;_eeﬁstet%I h(gfs extracted
confeafurésat i on and non-concentration states fromthe

set of extracte f Ly . }
Sel eot et sy nidad SaLHERTeaIfts (inda BRSLIY BN Escore,
uni t f orwhiselr rdubjecl fépersant ubpisivg idata nisg used to generate

co nﬁ%“e?ér% Qd} e%{t@l:ﬁn ﬁ%efgat%ﬂasi ﬁg'n Wbt dign&ls 0Bk 8electing the

st orage medi um having st or e reon conputer code
neafesilres conteiningedisergninatvnipinreatian bebyrandhe cepgeniraiion and
et H&‘.fj-céﬁgenfr%ﬁ‘&r?&rafé%tﬁ'&ﬂ et &drieRitactb SodtBleB @fhd for classifying

conprising the steps of: extracting features from
br athe Sﬁ'@?ﬁﬂ featuses being dFlassiienr®Y cont ai ni ng
di scri m gabinfiRingnif Qﬁ@wub}é?t Reiveesorkeneaivn atatobasedl on the

non-concentration states fromthe set of extracted
sScore.

20. A system for concentration detection, the system comprising:

a feature extracting unit for extracting features from brain signals;

a feature selecting unit for selecting features containing discriminative
information between concentration and non-concentration states from the set
of extracted features;

a feature classifying unit for classifying the selected features using a
classifier to give a score;

wherein subject dependant training data is used to generate
parameters for extracting the features from the brain signals, for selecting the
features containing discriminative information between the concentration and
non-concentration states from the set of extracted features and for classifying
the selected features using a classifier; and

a processing unit for determining if the subject is in a concentration

state based on the score.
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features; classifying the selected features using a
classifier to give a score; wherein subject dependant

WO e@9ns42gs data i s used to generate parameters POF/SG2008/000141
extracting the features fromthe brain signals, for
sel ecting the features containing discrimnative
i nformati on between the concentration and
non-concentration states frgsmthe set of extracted
features and for classifying the selected features
usi Aty A deteastorageemedignghandnd sieredl Higrean eBpulenh peds means for

N RAFRHRE I CORHURR sfdtéh 8o BRSREL #dthsY #f @bRcentration detection,
the method comprising the steps of:
| extracting features from brain signals;
selecting features containing discriminative information between
concentration and non-concentration states from the set of extracted
features; '
classifying the selected features using a classifier o give a score;
wherein subject dependant training data is used to generate
parameters for extracting the features from the brain signals, for selecting the
features containing discriminative information between the concentration and
non-concentration states from the set of extracted features and for classifying
the selected features using a classifier; and
determining if the subject is in a concentration state based on the

score.



