WO 2009/134205PCT/SG2008/000141 1 A METHOD AND SYSTEM FOR CONCENTRATION
DETECTION FIELD OF INVENTION 5 The present invention relates broadly to a method and
system for concentration detection. BACKGROUND 10 Concentration detection methods can be
used in variot® api3fiéAttins such as in the diagnosis of neuro-cognitive c8RARBHYS O ample, the
Attention Deficit or Hyperactivity Disorder (ADHD). In addition, they can be used for performance
monitoring and enhancement in sports, gaming, driving etc. or for assessing work 15 related stress.
Concentration detection methods can also be used to monitor the effectiveness of medication such as
in clinical drug trials or the effectiveness of therapy and rehabilitation such as biofeedback. In general,

it is preferable thIE THHOBNDSESTEM FORCENDENIRATON S Teterlionand
measurement of the concentration or attention 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. 25Monastra and Lubar [Monastra and Lubar, 2000 - US06097980

- Quantitativey@lestigenegplgiegyarhic (QEEG) process and apparatus for assessing attention deficit
hyperactivity disorder; V. J. Monastra, S. Lynn, M. Linden, J. F. Luber, J. Gruzelier, and T. J. LaVague,
"Electroéncephalographic Biofeedback in the Treatment of AttentionDeficit/Hyperactivity Disorder,"
Applied PsychophyBielogsesent Biofeeiitiacisaisk 30raadly3002 appn@betil dantine/2845 . fistescribed a
method to calssiaigrasbatientianindex 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
WO 2009/1RAE6KERDEND008/000141 2 baseline), read, listen or draw. The calculation of the
attentioi®index is shown in

Concentration detection methods can be used in various applications such as
in the diagnosis of neuro-cognitive conditions, for example, the Attention Deficit or
Hyperactivity Disorder (ADHD). In addition, they can be used for performance
monitoring and enhancement in sports, gaming, driving efc. or for assessing work

15 related stress. Concentration detection methods can also be used {o monitor the
- effectiveness of medication such as in clinical drug trials or the effectiveness of
therapy and rehabititation such as biofeedback.

in general, it is preferable that a concentration detection method allows a
20  continuous detection and measurement of the concentration or attention levels.
Furthermore, a concentration detection method needs to be accurate and robust. I
is also preferable for the concentration detection method to be easily used and to be
of a low cost,

25 Monastra and Lubar [Monastra and Lubar, 2000 - US0B087980 - 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 Aftention-
Deficit/Hyperactivity Disorder,” Applied Psychophysiclogy and Biofeedback, vol. 30, no.

30 2, pp. 85-114, 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



Equation (1) whereby EEGpowerthtsak is the theta power, EEGpowerbtsk is the beta power and N is
the total number of tasks performed. The theta band is defined as 4 - 8 Hz whereas the beta band is
defined as 13 - 21 Hz. Figure 1 shows graphs illustrating the basis for development of another prior
art Cox at a/fOMU1df28004 - US20040152995A1 - Method, apparatus, &hd’eBHfiteH4D program
. product for assessment of attentional impairments]. Figures 1A and 1B are graphical representations
of the EEG frequency dimension, illustrating the EEG power spectrum for two cognitive tasks for a
consistent EEG transition case and an inconsistent EEG transition case respectively. In each of the

Figures 1A and 1B, curves 102A and 102B represent the% p%W%Etht?ctrljln eg(f a sst,ru]%'k%t iRerforming a
task and claaelinel Teadh Asiam 64 BRI AR BEe Pispdtt ject while

Aim of the Same su
performingmapagiagentiaskpin Fiuspewbhl-tuyenkORatis aivore ERUpG4A, atdolivertfesruencies and

mostly below curve 104A at higher frequencies (ahove z),. This shqws that a shift from one task to
another (froRnenAR 08 AhtotalBl i ReUREH<S P &eséfﬁ% asqang e40aka a0l

)faﬁter requencies and a decrease of
lower frequeapeiesebs tentkshancRdetngBandBpadifie-20change 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 at al. With this basis, Cox at al described two measures for thg,assessment of attentions'
impairments. The first measur%&%,pqgg@gtenh@dgﬁﬁ%yﬂed as 25 the BEG power change
distance (PCD) transition from one task to anothéfas s fEquation (2). In Equation (2), N

represents the total number of tasks and 5 represents whether the PCD is above (5= 1), equal to (Si=

s belowcLtofaBOVEE BRSNS G 3 oo ccpnert of snoli PSR IEpresernts e

Cox ef al [Cox et al, 2004 - US20040152985A1 - Method, apparatus,‘ and computer
10  program product for assessment of attentional impairments]. Figures 1A and 1B are
graphical representations of the EEG frequency dimension, ilustrating the EEG power
spectrum for two cognitive tasks for a consistent EEG transition case and an
inconsistent EEG transition case respectively. In each of the Figures 1A and 1B, curves
102A and 1028 represent the power spectrum of a subject performing a task and curves
15 104A and 104B represent the power spectrum of the same subject while performing an
adjacent task. In Figure 1A, curve 102Ais above curve 104A at lower frequencies and
mosily below curve 104A at higher frequencies (above 16Hz). This shows that a shift
from one task fo another (from curve 102A to 104A) results in an increase of higher
frequencies and a decrease of lower frequencies. In contrast, in Figure 1B, no specific
20  change in the frequency distribution over the fwo 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 af described two measures for the assessment of
attentional impairments. The first measure is the Consistency index (Cl) calculated as

25  the EEG power change distance (PCD} transifion 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 (§,= 0) or below (§;=-1) 2 cutoff value.

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

beloweutaff abovecsite]
of &, above the cutoff value.

30



The second measure in Cox et al is the Alpha Blockade Index (ABI) which is based on the spectral
analysis, particularly of the alpha activity in the brain. The 5 calculation of the ABI is given in Equation
(3). In Equation 3, cc i represents the alpha power in the subject's brain during the P task or the P
resting periotf @Rt 1¥pfésents the total number of tasks and resting periBHE>fGHRBYL k -1 10
Cowan and Pre(* [Cowan and Prell, 1999 - US05983129 - Method for determining an individual's
intensity of focused attention and integrating same into computer program] proposed to use EEGs
collected from the frontal lobe of the subject's braids and defined an Attention Indicator that is inversely
proportional to a mathematical 15 transformation-of an amplitude measure of the frontal lobe EEG.
The frontal lobe EEG is within the frqugaqy;%é%j oF0s-11 %owever since the Qmplltude of the
EEG changes over time and varies significang/ @I‘c@@@ﬁ’dlfzf@f@mt ubjects, the method in Cowan and
Prell is unable to provide a quantifiable level of attention. 200ther prior arts for implementing
concentration detection methods are as follows: E. Molteni, A. M. Bianchi, M. Butt', G. Rani, C. Zucca,

"Analysis of the dyﬁgﬁ?gﬁPB%Wﬁﬁﬁdﬁtﬁ@@@’rf@fﬂ%@iaﬁl%’%}{?@ﬁ BFexJeRNYiRReftion"
Proceeding béshd 28tHhanmeatrbitenadisisn giCionferignce thé thaphz Eetiigime éringriainMgdicine and

Biology Socigh RAGH-FHBH00 T AHGHELZE0 DU BaldOB 0L ColMADBh 25 Lubar

A. W. Zimmerman, C. A. Miller, an ueq;; Q\mantytatlve analysis of EEG in'boys with
attention deﬁ?&‘f’?&ﬁeﬁcﬁ%ﬁ%%@ﬂap@ﬁﬂ ?Iédtéﬁfr B clirrtay |ﬂ?ﬂﬁ€aﬂ|?5jn§ re@'@ﬁ‘ﬁi‘fﬁc Neurology,

vol. 8, no. 1 tpptesd-Bentenitasksebriuasintageiods, J. Haufier, 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 30and novice shooters," Blologlcal Psychology, vol. 53, no. 2-3, pp. 131-160, July 2000.;
T.-P. Jung, S. Makeig, M. Stensmo, agﬂ;f&.ﬁ%gﬂwﬁgr 'Bistimating alertness fronthe 4 EEG power
spectrum," IEEE Transactions on Biomedicat Eh Vo144, no. 1, pp. 60-69,1997. None of
the prigy.art methods can provide quantifiable measures, for example 1 - 100 marks, for the level of
attention detected. In addition, the prior art methods were based on spectral analysis and are hence

inherently sensitive"fyVah RIKUr ot Kesvaionns FoplbX&THhid [MPREAS dMethotieefiatsningiges,
measuremeehdievimaiicintdiaifyriof docnzethederstienatsn uneletadreyitde atcobsistark measure

across differgy Em%osed Flae 2houing landinth 208 HuSBL e ARpsral puaess of

concentration detection methods in the prior arts based on spectral anal ysis. As shown in Flgure 2,in

the prior art$ D@?}C@Faﬁg‘ﬂ/‘g%’s BYES DR ifoliEEIh WBPQE&W?E&DEE@EW@W%'M%X is
generaféd irrsnsirooating givan amplitedeinndadie afdhédrantal delrrriaion T doit lobe Hidhize, in view of

the above, thegnerisisaynansy B4R rpethodiandsysismvisr spreenlalinnidrtecligRawieh seek to
address at '%ﬁ%ﬁé’&e 8)‘&“%?@%\4% Wac}%lg @Shigéémw'bé@gss different subjects, the method in

Cowan and Prell is unable to provide a quantifiabie level of attention.

20 Other prior arts for implementing concentration detection methods are as follows:
E. Moiteni, A. M. Bianchi, M. Butti, G. Reni, C. Zucca, “Analysis of the dynamical
behaviour of the EEG rhythms during a test of sustained attention” Proceeding of the
28th Annual International Conference of the IEEE Engineering in Medicine and Biology
Society, 2007, EMBS 2007), August 22-26, 2007, pp. 1288—1301; C. A. Mann, J. F.

25  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 1682.; 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

30  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



According to a first aspect of the present invention, there is provided 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 x1; extracting
spectral-spatigbfeEturasdkom brain signals; selecting spectral-spatial featB¥es catt&itiit discriminative
information between concentration and non-concentration states from the set of extracted
spectral-spatial features; classifying the selected spectral-spatial features using a classifier to give a
score x2; combining the scores x1 and x2 to give a single score and determining if the subjectis in a
concentration state based on the single score; wherein the step of extracting spectral-spatial features
of brain sigrifSfurtirersperhpriseE Bic Tsaspsaitrexraeiams fissheptinesiag G4l Bdnpdhents in
discrete frec&g_@g?/q\g@adows using filter banks to obtain spectral features of brain signals; and applying
a common spatial pattern algorithm to each of the spectral features using a CSP array to obtain the
spectral-spatial features of brain signals. The step of extracting temporal featur%s ;rom brain
signals may furtheNeormiisertite 2tepstbpeo AP RIME SIHIRHEEB RSP WESISE TR 8ach of a plurality
of electrode hankels andieoneatasfasingdbe statistidsmtalditomtifeatuire eectorTie westistics of the

brain waveforms,may be 19 deViAtioNg nBe inhdrBRy{IQhBRRk SR FREBrisgikavnerder
bandpass C o %jsﬂﬁe%p'ﬁgéﬁﬁ [ egrigi \%v}i{th a pa%g-%,gnd wid?h o? 4Hz.. . The %teﬁ]of sele%ting

spectral-spalfaFrepie Y FEHENR fidp dRBRRAEi V8 ShfoMYAH01T D8 g%ﬁcgghgentrﬁigrr‘lcgﬁ _
non-concentrationistatesiframetietsarofiexgaonsisisperrarypanbie AirsehialieGither comprise the
step of selecting spectral-spatial features based on the mutual dependence of the features with

respect to the concentration and ngn-concentration states. Th of corphining.the scores X,
and x2 to give a sififid S coreMag ﬁf’r‘?ﬁ 7 %o%%}?gghﬁaﬁg t%asgg %&%’I’EL%%NQ ie scores x, and x2

according todmtesipratiethgserin)iex pisesybapeRAn SReaFE tRRAa ST N4 A4 R Gidlion of outputs
from the C|a§§gi§;ﬁ§rl§@§%mHU§}g;§@ﬁw}§% ta=givess pathxsdresprectivelyredSSighiNgiveights w, and

w2 to normalized scores xin and x2,iespegivelyiand fOmPIoiRGPessrarRsdnaRttaRmaccording to an
equation x1w 2252t give a S|Rgzle score. The weights w, and w2 may be calculated according

to the equation wi=(yi)" where y, is the classification accuracy in classifying the extracted temporal
features if i = 1 andHanclassifingathtexdsacte thspeetists spatial feataresiivd: amsEbE0) controls the

power of w, ig the caleulafion of t0e:SINGleSEosarass ABStepobaaeaRIning dbiiassubject 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
concentratio®Bfdié4ARhe single score is lower than a threshold. 6 The classifier may comprise one
or more of a group consisting of a Linear Discriminant Analysis classifier, Neural Networks, Support
Vector Machines, Fazzyrdhierenee fByistespefiret-asecteksifiersiiFuz #jeTy g pravdeRefevance

vector Maching, 3, f@%@?zﬁ&% ey Sphencamanse hmstemef Hsinetaiping tamnto generate
n

parameters for classi the extracted temporal features using a.classifier, f agl]
spectral-spatiame@ir ?H‘S?ﬁ SEI E@Hbl%‘?%’})%e?g% i ]%%e%cﬁa?gﬁ%%% fg%qqtﬁ%rsg?é%nta%%ng

discriminativesirgrancitissifoe twairetacscorrcntiaiieniand srasirebeaiab Fpinss EReE#Bm the set of
extracted spegialisPatinldipaiusssanliprsiasailyinestheseieried Spectnisspatialitemtiies using a

classifier. The parameters may comprise one re.of 8 GrouP £ansisting of prejestion
matrices of CEPSR} tﬁ%nf?élgag%%n H%,n§gr§%gf§rfégﬁselectin? 155pe,ctra|-5ﬁatial features based on

mutual infornsaecheastaiizhirmsifer ineeriigche selodRd SRESTRTORIRT SFANTEAEMS Generate

parameters masduhes gampriseibegtepmpintglléetisgdrainingthta ogisubjeo@desseming a set of
tasks and det%(ﬁn é@!&%ﬁﬁﬁ% %%rglﬂ;ﬁ@ %'%@%89&@%#&%{‘ Hﬂzgcr‘%§§gpg§-the single score; wherein the

step of extracting spectral-spatial features of brain signals farther comprises the steps of:
extracting tespective brain signal components in discrete frequency windows using filter banks to
obtain spectral features of brain signals; and applying & common spatial pattern algorithm to each

of the spectral features using a CSP array to obtain the spectral-spatial features of brain signals.

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.



20 The set of tasks may comprise one or more of a group consisting of reading a technical paper,
performing mental arithmetic with closed eyes, rglaxing and looking around, and resting with closed
eyes. 25According 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 featured " SHEHRARKSI GREY SRR T FELRN RPERRESR netvher Lie&sihyifig the extracted
temporal feiftiuresasstran e wlassiieitn give a score xl; a spectral-spatial feature extracting unit for
extracting spectral- 30 spatial features from brain signals; a spectral-spatial feature selecting unit for
selecting spectr(a;l,l-spatial features c_ontainﬁi.n% iscrimilngtive injormagon bet\éueen the concentration and
non-concentration States S Hecaas of BT Ac e e ?raatffg%:étfécfrf AR s SEPRERA B patial feature
classifyindniminédieoldssifpay trnseigetisd Shecnanspatkafeatiorestatiaghavidssitrat tofgive a score x2
and a proggssigiuRib£repupladkiosaidde mpgrahfeatireclassdyingdinisandsaissipagtral-spatial

feature classiying WV oL SMBINIY 1he.SColeS Xk A0IG 5 Qe single scarean for determining
the SUbjeC ISIN a concentration state based on the single score; wherein the spectra -spatlal feature

extracting BFREEbIN HrR 63N R BIMA O ORIRCREETEIAVERREN signal components in discrete

frequency windows to obtain spectral features of brain signals; and a common spatial pattern array to

apply a CSP alsgrilan.iosachohihs speipldsalurasdaobianlin saccial sRaliaiegiures of brain
signals. The filter banks may comprise low-order bapbgpass Chg%ﬁ\q/shev %/éje Il filters with a

pass-band WA HEAHTEPS ALCOMANG S I BESE Rt & Brale inAnfioHaRE s provided a
data storage/metdienshavingsicredrthtrensaoaplirirodad wrdatio ofrettpdgrtomdbmputer system
to execute:ganpthoddpicenaenristinndeteetianx tharmethedprmpasinadhgriignspiextracting
temporal featres, from brain signals; clagsifying,the. extragteg fampargl feafrge usipa g classifier
give a scoré &1 eﬁracﬂng spec re%ﬁspatldl‘ eaturds fr mcbra_lr‘wl’&gna S; °
selectingshe &P ¥spafedeita et AHIRIAD HisWiminalfediRfSPRIIOHDEMEen the concentration and
non-concentration states from the set of extracted spectral-spatial features; classifying the selected

spectral-spatial il MAINg, ,6lRgeiiel 10 A EROILKZ,CHMINRG Wi SegiasHlgnd X2 Lo give a

if
single score and determining it the SUEb]ECt IS.in a concentrati ate based on the single score;
wherein tH&h&f&y df Qﬁra‘éﬁ’ﬁ@%&T%@Fﬁﬁ?f@ﬁﬁﬁ@gr@ftﬁ%ﬁ%ﬁfjﬂﬁmﬁl &tpREds the steps of:
extracting irespective briais §yinakico et siedistretetiat (rmnssViindoWsuding $iér banks to
obtain spegirakfeaturssypliiain signalsiansianaiing areauynga signal spatial pattern algorithm to
each of the spectral features using a CSP array to obtain the spectral-spatial features of brain signals.
According to a fourth aspect of the present invention, there is provided a method for concentration
detection, the méttatepeipfziinesiths srlirrHetinG feenoras #itsm BrisrPeRATHIs ¥8lecting features
containingsfigerkpirative rietrativnbeiweer eontenttalionantbrencaneairationsiaies from the set
of extracted feapiigeplanslug the spiscisthiaaiies U2 plasaileLi ol g.a,3eqre; whereln
subject dependant?raln ata us used to generate parameters for a con{mon spatial pattern
algorithm Wéi%%%??%ﬁgéﬁ?@@ﬂ%ﬁ?%‘%}%%i & YyPeRMLting 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. 8 According to a fifth aspect of the present
invention, there is provided 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 a common
spatial pattern algorithm 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. According to a
sixth aspect of the present invention, there is provided 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 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 a common spatial pattern algorithm
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. 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: 9 Figures
la and b shoW s 4Rtistrating the basis for development of a prior art. FCT/Rif&/ ¥ Urbdws a
flowchart illustrating the general process of concentration detection methods in the prior arts. 5
Figure 3 shows a flowchart illustrating a method for concentration detection according to an
embodiment of the present invention. Figare 4 illustrates a data collection protocol for a
subject-dependent model 10 training approach according f an embodimﬁeﬁt of the present invention.

t
Figure 5 shows a 5RR&HASHE| SR FRGIRIRSIRE Q6 My YR E ShARURD A DENEEh TnfisE for
concentratibisdétention amaty sis ulissicte pendaint etuipity SupredcemtebMityiteat e/Bodiment of the

present iNvepEiRkcdSsystdiguiesOamang bidbemsate Hesestiislor suajeréibuahen gasrihod for
concentrati c(:1%';](?:3ction according to an embodiment of the present invention and a prior art method

are used. 20FIgurés 7a and b illustrate the results for subject 2 when a method for concentration
detectién according to an embodiment of the present invention and a prior art method are used.
Figures 8a and b ifibstraienthieneg isHer subjece3IversapcoimetingdrioniBs cate dmgaticigetection

according tg an embadiment ofine PiRsenkiauRRliR LA RARIES (Relgod aEaussed for Figures
9a and b illustrate the results for subject 4 WFFen method for gonce]ntratlon de%eqtlon qcordlng to an
ﬁa % S, O S& rai-S %

embodimerfPEHRS RRESRARRARCAAESE ST5P S5UR FUIRSH SF e gEsqd PRigireS i and b
illustrate théerdstdts fontginjectBamiminptviménfrstridpedritwaeatibn ceteetbAtiascendingto an
embodimentpitherpissenikiaventon adapderaxtaetheparealispdial features and for

classifying the selected spectral-spatial features using a classifier.

The parameters may comprise one or more of a group consisting of
projection matrices of CSPs for the CSP algorithm, parameters for selecting
15  speciral-spatial features based on mutual information and a model for the classifiers.

The step of using training data to generate parameters may further comprise
the steps of collecting training data from subjects performing a set of tasks and
determining said parameters via machine -Eeaming methods.

20

The set of tasks may comprise one or more of a group consisting of reading
a technical paper, performing mental arithmetic with closed eyes, relaxing and
locking around, and resting with closed eyes.

25 According to a second aspect of the present invention, there is provided a
-, system for concentration detection, the system comprising a temporal feature
exiracting unit for exiracting temporal features from brain signals; a temporal feature
classifying unit for classifying the exiracted temporal fea‘_tureé'uéing a classifier to

give a score xq; a spectral-spatial feature exiracting unit for extracting spectrai-

30  spatial features from brain signals; a spectral-spatial feature selecting unit  for
selecting spectral-spatial feaiures containing discriminative information between the
concentration and non-conceniration 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 & score X, and a processing unit



WO 2009/134205PCT/SG2008/000141 10 Figures lla and b illustrate the average results for
subjects 1 - 5 when a method for concentration detection according to an embodiment of the present
invention and a prior art method are used. 5  -Figure 12 illustrates a schematic block diagram of a
system for concentration detection according to an embodiment of the present invention.

Figure 1FMuRBAIER 5ai¢Hampi@bieaiv@idifesiviia esinputk sk Srrivnatal Gedietethod and
system otthssigxampleicimbeshmeinis can baimplenented. to ghigureihdishowsaafiawehart illustrating

a method gtgr?ﬁg%%nltﬂﬁg% %eﬁt(%cnoﬁ %cgé)rctjclﬁgdtt%gg e[%nlggdlmentl f the %r%ggrré'g n gr%tll}o&elSngre

. C sed on the §i
15 illustrates a schema \]IOJC dLlsagram Oor a system 1or concentration 3& ection‘accor Ing to an

embodiméprcaitispapipé seatirinveiiting unit Figuresase Showrnakadnerareti rasteating taanettsod for
concenvaig URRTIEnARI N AN ARINI TNk e S ROMEIUOR O BETARED
ome portions of the description which follows are explicitly or implicitly 25 presente
i terms GPIGSATRA AR TNEEERA BPSy bl KSBTEBRATORS 6 DRISTArS O Sata Within &
computertheepzomy-fhesbfagorithiheidesorptions 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 JéuBiRie0 eI rERpRIBRTN]IY-g'desiFa vesah. Gimbyebsy dipthbséaequiring physical
manipulafifns ekpbyisiealwbanstigeszsuch as electrical, magnetic or optical signals capable of being
stored, transferred, combined, compared, and otherwise manipulated. 11 Unless specifically
stated otherwise, and as apparent from the following, it will be apg?rgciated that throughout the present

specification, diSCHSEIBRsRIFNG @RS RidRnsrasath RRGIoNd e rminimgeVidsenedatag”,

"outputtirgt;dextraeiing hadlas sitympthdselectimgli¢comizmmghs"tormptiing’y "coneatesating”,

"applyin%yéﬁmq@g&gﬁ'{e a method for conceniration detection, the method comprising the
sieps of exdracting temporal fea’tureslfrom brain signalg; ciassifying the extracied
temporal features using a ciassifier {o give a score xy, extracting speciral-spatial
features from brain signals; selscting spectral-spatial features containing
discriminative information between the concenfration and non-concentration states
from the set of exiracted spectral-spatial features,; classifying the selected speciral-
spatial features using a classifier to give a score Xp; combining the scores x; and x.
o give a single scora and de’cezfmining if the subject is in a conceniration state basad
on the single score; wherein the step of extracting spectrai-spatial features of brain signals further
comprises the steps oft extracting respective brain signal components in discrete frequency
windows using filter banks to obtain spectral features of brain signals; and applying a common
signal spatial pattermn algorithm to each of the spectral features using a CSP array to obtain the

spectral-spatial features of brain signals.

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-conceniration states from the set of extracted
features; classifving the selected features using a classifier 10 give a scorg; wherein
subject dependant training data us used to generate parameters for a comumon spatial pattern
algorithm for extracting the features from the brain signals, for selecting the features containing
discriminative information between the conceniration 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.



5 "assigning" or the like, refer to the action and processes of a computer system, or similar electronic
device, that manipulates and transforms data regresented as physical quantities within the computer
system into other data similarly represented as physical quantities within the computer system or other
information storage, transmission or display devices. 10 The present specification also discloses
an apparatus for pestorinindette titerations of thee npetsent. iSushiappiratesmpipidaspacially
constructed fr the required RUROSER QLA ACOBRIBE SHYsNRig PrsBOsE eompuier @iother device

selectively activated or reconfigured by a computer program stored in the ¢ uter. The 15 algorithms
and displaj®¥ préSantad HRaks rg%t}%’ﬁ%@ré’ } R/afse’la%e %ugﬁysgaer%{(’:rfﬁaru Bgr?%?utsgr{eoc;g%?her apparatus.
Various gefsetatgsurposeininaciiisesmiagibe dsbaiatioproghartdir-raceshdaties Wit theMteachings
herein. Alteativehyitheseenstrugtion ofanere.spetialized appasatm e pestotiyintbeneduired method
steps may he appropriate. The structure o) lanal general piuipose computerwill appear from
the 20desc(%%%ﬁ) ‘B Igﬁ Se*ecﬁ%gaﬁé’t%%s,ﬁsgr];%ré{]s\%%géspeciﬁcg]ﬂon also implicitly discI(J)_ses a computer
program, inithertdtwoeiigalap fraresit 1 SRS TBEBEABKATE Ao A PRI THRE IR DA AL 8P Ef the

method deggribed hereinmay he.Puk intacliestibyrsompuies apdesilhe 2heompuisipiogtam is not
intended to be limited to any particularFro rammin Iangua e and it@spﬁmeﬁltatgeotnogne{g%eg will be

appreciatedPARREARERSP pPSoFRARTHIFY IArG B AR S5aIRY thereot may be used to implement
the teachingstefthendisel o coptainedideréifaMorcoies, thdasoffsputer progeegsrireristiénded to
be limited a0, RAIGIAr, oD low. HES.ALE MAN.Qlhe: vy apte of the computer program, which
30can use different (g.ontrof Idws 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 sSesRiACOBMHET RERBEAR; aHhesstRradenaNRampUiesiaadable:medium. The
computer readable medium may include 12 st ice Ic.or optical disks,
memory chEt T e re B puter, The
computer SEEBIEO PRFImeNRSRIS I GaDeea AN IR EFIRB R REER A SERaANIF&EIN the Internet
system, orsireless mearhuing ehiassexémpliftediin tiena@SMeaatile telephone systennd The
computer REOGHAMR WIEHRAASHLANLAYESvteh oM s4Eb-A-0RNRIAlRHERARE £RNRUIRr ffpctively results
in an apparatus that implements the Stg%}% the preferred r%ethod. Embodiments of the present

invention sE&KH NV &PEGREIHET IR the BHPRIREEY (RARGSS HORE Zu03RLE dBproach named
"Hybrid EEgGvMotlestors; Migeners shibjestadinenhant ilfianatngaiandheg800dopemigintration
detection ageording to,an emhedinient.of tae-RressntRvRRtiaR-Laslen3R2u R ItichanreERG
acquisition'is performed using a real-time data acquisition and processi latform. In one example,
the data act@aifior AndHoEEssify JrfBRh T8I mERTETHE o g“gf‘élﬁg (PRI P device
from Neurasgepsttteisfistuseddemensutethésnalp braif signalsd Themaindsignebssienthen
recorded from Ag:AgGI electiodes, iaced on ihe:SHIRRR.0% 6 usefeainead, The digitizardevice for
the recording SFtfie brain S|gnaPsgworﬁs at a sampling rate of 250Hz. The recorded brain signals are
then filteredasix tantiisoresifiltering to remove high frequency noises and very 20 slow waves using for
example, a 5th-order digital Butterworth filter with a passband of [0.5Hz 40Hz]. The filtered brain
signals are next downsampled by a factor of 4 in order to reduce the computational complexity. In step
304, windoRRIGRARE PERITOCMN SATY EHE FErHYdSStep 304 selects

Embodimants of the invention will be bettar undersiood and readily apparent
to one of ordinary skill in the art from the foliowing written description, by way of

example only, and in conjunciion with the drawings, in which:



25 electrode channels of interest and segments the incoming data stream into chunks using a running
‘windowing mechanism. The window size and shift step are determined using training data. Step 304
also removes noise and artefacts through filtering. 30In step 306, temporal feature extraction is
performed. EF%BB¥Mputes statistics such as the standard deviation SIHERMEEWEH 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 peoduce a score, for 13 example x1, indicating the
likelihood of the hypothesis whereby the h IS ject 1s t centration i.e.
with focused atte t%ﬂeﬁjﬁearnglaéssﬁ Fér%r?ﬁgggl&%?%gn%é%ﬁ%ggfg %%’%Egﬁrﬁl%r?v%%kgr% %%;1 Support
Vector Machines (SVM), Fuzzy Inference System (RS), Tree-based classifiers etc., and their variants
such as 5 the Fuzeyldrgpe 2hand theiRelesantesivacipriddaghinees| Rividg s SefpsoBo8HALEPB08 form the
temporal fe J i y method 300.  In step 310, an array of band pass filters i.e.
filter banks ?sg%n&f) éﬁ]%ﬁ’tg Eﬁ}gﬁeﬁ\;vﬁ?lé%%\}ed and pre-processed EEG. Each filter bank is centred at a
particulér 10 frequency, sampled at a fixed interval and is used to extract the EEG component in each
discrete frequencyFigimddis ersexdioysthatdifixsetitgcrvapiiey 06 apresstraiotEgiweHes range of the
EEG from 45z 1a:36HZ 2005 81aERP s tHaepfiiasbankeisigndigital filter with a low order and a linear
phase. Such a filter bank can be a Finite Impulse Response (FIR) filter or an Infinite Impulse
Response (lIR) filter. In a 15 preferred embodiment, the filter bank is a low-order bandpass Chebyshev
Type Il filter with afisss-BahEiEERR %)FWFFZ91‘2”?\‘#'8)3@FWWB&§W@)’W8@E‘%%@W§3 to design
and imemesairing filiebeanksctithe toutperdidtiendheoiihaksssenEBREGUdMpPonent is obtained for
each filter bank with each component further containing separate components from each of the
selected electrode channels. 20 In step 312, a cqmmon spatjal pattern (CSP) array |

implemented. Step $1%2appR8S4fe %@ﬁ@gﬁﬁmﬁ‘%&e &?QE'II:PG E!(%sﬁ%[%%rﬁ%n’{hgb%%ﬂg%%oﬁtep 310 to
emphasize thenifierenceinospitiateisehimation dftasianansy iR trrendrelaisiiNthe
concentratiog,gnd the ARRdsR eeaiTatipp giassesfeny papendingtdithe 25 brain states during which the
subject |s concentrating and not concentrating respectively. The CSP algorithm is detailed in Equation
4) whéiby for the jth EEG component, a CSP feature cf(j) is extracted according to Equation (4). In
Equation (4), W isF&Hiesritecambrisiflysiaite firstRsaiis B R&ets bwdsh W%@P yh and 12 are
normalized fesrdateprncessigrefiiciading anditkebatimbetwidba dresentineidikepedsriant. 30
Furthermore, E.71 is.a X Rdata matrix of the jth 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 whicBof1) and E@paes tfe cuvhiariestaio ey impetbiest 2008 @ aeirthdtices of the
EEG compogpghis-cafissiasslipg dedwardife eendralasnesrobbtizirpsigasi meatidiffertatidain states), | is
the identity rgrattrix nd D is aGQiagonaI matrix. 5

metnod are use
Figures 8a and b illustrate the results for subject 3 when a method for
2%  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

30  art method are used.

Figures 10a and b illusirate the results for subject 5§ when 2 method for
concentration detection according to an embodiment of the present invention and a prior

art method are used.



E Er cf (j)= diag(W2, WIT)(4) trace(E j) prizor =D, WE(2)FITT | - D(5) The spatial filtering
parameters i.e. spatial patterns such as the matrix W are learnt from the examples of the two classes
via a subject dependent model training approach which would be elaborated, later. The CSP array
produces an%&ftaydf¥3%pectral-spatial features, each representing the HetGFHHEELG component
projected onto a particular spatial pattern. Such an array of features is usually over-redundant since
not every spectral-spatial feature is associated with the concentration or non-concentration state in the
brain. Preferably, the unnecessary (i.e. redundangjdeatures are removed. 15 In step 314, a mutual
information feature selection is implemented to remove the unnecessary features. Step 314 selects a
set of features that contains the discriminative information between the concentration and the
non-concentrationFigates 1 Thmdét issteter thinadkthes ugtiisrieo deblgeining prawsdumeifieda subject 20
dependent ppgghdEainingnannseRshavbicny ey drbensiabiataietrpierésdherardiohsiop 314, a feature
vector is obtajnedrtan%gs#n ut igtdp step 316. In step 316, a classifier such as the LDA is
impIemente}gf.“{ﬂg‘lntEln Bt ector input from step 314, a score, for example x2, is produced by the
classifi@. 25 This score indicates the likelihood of the hypothesis whereby the hypothesis is that the
subject is in a stateigheotEanEnsies besontiticudeck aimmtonoSeyst8itiecr3tBidenimativa
spectral-spafial faafure Gxiraction madueipiie FRLISE0PRLRRGHS implements the fusion of the
results from the temporal feature 30 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 Figereld aiildshetepecirhbrsditdidchdiraraxti@iormpygury e Jy@hich
2009/134205R GhiRE 2008/08R14 Ik BRanmalizatbdmene exapniapiimanauput is the score x, the
normalized output x will be (x-m")/sx whereby mx and sx are respectively the mean and standard
deviation of the outputs obtained using the training samples Two normalized outputs X," and x2n from
the temporal featufégripddicsheiptiieliopsnag wirling sutetied Jec foBRpPRiras ™ ERES GBtained. i one
example, theseridifgnosmakaestiendpuisixg maskxPihesstioombined according to Equation (6) using
weights w, and w2 whereby weights w, and w2 correspond to x1 and x2n respectively and reflect the
individual performance of each of the modules, How v‘ﬁ,r the ncirmali%ed utputs x," a,tnd x2" can also

be comlBined using 1RSI AHHEIRD SSIRA L ,98% eS8l GhrdaTray rs%?&ﬁ%(ﬁtra on

detection according to an embodiment of the present invention.

Figure 16 shows a flowchari ilustrating a method for concentration detection
according fo an embodiment of the present invention,
20

DETAILED DESCRIPTION

Some portions of the description which follows are explicitly or implicitly

25 presented In terms of a!gori%hrris and functional or symbolic representations of

operations on data within a computer memory. These algorithmic descriptions and

functional or symbolic representations are the means used by those skilled in the data

processing arts to convey most effectively the substance of their work to others skiiled in

the art. An algorithm is here, and generally, conceived to be a seli-consistent sequence

30 of steps leading o 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.



10 Weights w, and w2 are calculated according to the formula w, = (y1)1' where vy, is the classification
accuracy of the module alone and is obtained via training samples, and p (p>0) controls the power of
the accuracy's weight in the combination. In one example, p is set to 1. 150uzput =w +x 12,, (6) In
step 320, a (&Ri&8H18#Whether the subject is in a state of concentration fEHaaE HYPebHparing the
combined output obtained in step 318 against a threshold. If the combined output is larger than the
threshold, it is decided that the subject is in a 20 state of concentration. Otherwise, it is decided that
the subject is not in a state of concentration. The fhreshold is determined using training samples based
on the desired trade-off between the false positive raate and the Er#e nP%S|¥\/i? &ate, i}g%tg tc})@f which are
important indicato PP pelraIMSARS SHEUOH N i BRI MDA G 28 " WBeCause of the
large cross-aubiEtited et desuoheg chpatesans saasiiisiiand disevriansHBEEIAEIMB§UWPADach is used in
the embodimepis-ahthe PrRESAtIRYENtYRieraiigin thapatmmesters:andimpdelsitesithiagnethod 300.
30In the subject-dependent. model traini pro ' mp Ahpdiments. irajning data
collection se%%%ocﬁg re iﬁwomglrrﬁ%%ted % (,Fo%'@% asu jg%:’{gs?%t%@’s dl%eﬁﬁg}r%g\’/i ated gie%ﬁé_%ns. Figure 4
illustrat8s a'@atEBCetithe Proterel BObFA-HRR A RIERRSFR RHR AP THIYE| ’?P’é%ﬁmgoéﬁmﬂ)%{ch according
to an embodisvtohiof Hwipsedest imwaiptitztes kaprotsiiroonsists cérreliffidmshtamsiystctle performed
by the subjegt.\R{aslidiang SiRiRELS/SIHREb teiFRdAterhniapDaBeEfENES, dRyHNsItask, the

subject is in a state of concentration with his or her eyes gpened. In task 4 % the subrl'ect IS required to
perform meftaSPRANMERE 1 RARMIET (B4 400 FiRud S HEn e i i task, the subject
is in a 5 stawisplayaiesimegation with his or her eyes closed, in task 404, the subject is required to relax
and logk around hence, in this task, the subject is not in a state of concentration and has his or her

eyes opened. n tagk 408, he sybieet s eayieclio hate s L SERRIYANALAURA R aesting state

4 . e { h .
with his or her eyes celogeg,eﬂen e Inthis task, the subject is not in a state of concentration with his or

10 her eyesBESaNTIRE BEaMeberss SHEMRAPIGFIHAHDT BfoSEa [°pRINEETh BigHIR 4 as line 410
whereby theridaieddepetnbaticatiomis togipuseea tensuhjeotisseqoireitt (e ipthestaesics

Conce””a“%l@@&éﬁ{'_Qéﬁ‘n}’é({éa‘arbFW&cﬁH@E%&%ﬁ%ﬂ&Bﬁﬂ;&@r%@%@:@@iﬁ pEcoRRAaTAE. In one

example, the subject is required to take part in a few sessions, each session involving an array of
alternat@ taﬁig‘?r#{?mﬁ&'f‘ﬂo §P‘ﬁyﬁ18r§fﬁ5]ge§tﬁa%rﬁgh8{aenp f?tafw?r?aeg%p%%aac%gigotﬁgyeggﬁ%li%rembodiments,
groups of paempeteroaresestepntrabidsyidairich BROfEAINRIHG s MRBEYNEh BRa P lEssHaifachine
learning metggtisnthe asdeimpien RarametendMiaRtimizatonwhishysyamitecatisteuatiprosich. Further
details of the machine learning methods are given helaw Ip aneexample. three grouns of parameters
are generatqugrﬁi?gﬁ?,a}{%rgﬁg?: oarganégt%g:%s of CSPs fgr the CSP al oér%gh,m i% theggg egﬁl-

The struciure of a conventional general purpose computer will appear from the

20  description below,

in addition, the present specification also implicitly discloses a computer

program, in that it would be apbarent to the person skilled in the art that the individual

steps of the method described herein may be put into effect by computer code. The

25  computer program is not intended to be limited to any particular programming language
and implementation thereof. It will be appreciated that a varety 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 fimited to any
particutar conirol flow. There are many other variants of the computer program, which

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

Furthermore, one or more of the sieps of the compufer 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



25 spatial feature_ extraction module (See Figure 3) are obtained. The learning of these projection
matrices are carried out, using the CSP method that jointly diagonalizes the two covariance matrices
of the two classes i.e. the concentration class and the non-concentration class. 30in one example, the

CSP method¥RAGHYES4HE following steps. in step 1, the normalized spatidiCovarEfEE Y bf 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 35 channels, T is the number of
measurement samples per channel, ' denotes the;2AVO 2009/134205PCT/SG2008/000141 17

transpose operator and trace%denotes the o er%%gpé t sums the %ﬁgon?l %angg ;E -

trace(EE’) 5il"e88h CURES M St T8PATHS 8o RHEACE £ it computed according o Eduation (8). In

Equation (8)etiespuitiiiebvdniarees wite st AARPR RIREHH HBRREMREFAGERRE the trials of
each class apaige{ ka} ifsthenelass inden-idd. radR(8) 4@ inestep@ntiited/itdhéingrearesformation

matrix P is gomputed aecording ip, Fayaian L IpRGHAAR @i b dsaivmalierRE cP' = 1(9)
5  The computer program when loaded and executed on such a general-purpose computer
effectively results in an apparatus that implements the steps of the preferred method.

Embodiments of the present invention seek to overcome the limitations of the
prior arts by using a more advanced approach named "Hybrid EEG Model”.
10
Figure 3 shows a flowchart illustrating a method 300 for concentration
detection according to an embodiment of the present invention. In step 302, multi-
channel EEG acquisition is performed using a realtime data acquisition and
processing platform. In one example, the data acquisition and processing platform
15  implements the following steps. A NuAmps device from Neuroscan, Ine. is first used to
measure the scélp brain signals. The brain signals are then recorded from Ag-AgCl
electrodes placed on the surface of the users head. The digitizer device for the
recording of the brain signals works at a sampling rate of 250Hz. The recorded brain
signals are then filtered via temporal filtering to remove high frequency noises and very
20 slow waves using for example, a 5%-order digital Butterworth filter with a passband of
10.5Hz 40Hz). The filtered brain signals are next downsampled by a factor of 4 in order to
reduce the computational complexity. “

in step 304, windowing and pre-processing are performed. Step 304 selects

25  electrode channels of interest and segments the incoming data stream into chunks

using' a running windowing mechanism. The window size and shift step are

determined using training data. Step 304 also removes noise and artefacts through
filtering.

30 in step 308, temporal feature exiraction is performed. Step 306 compuies
statistics such as the siandard 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



15 In step 4, the whitened spatial covariance of the two classes is computed according to
Equation (10). In Equation (10), El and E2 share common eigenvectors B as shown in Equation (11)
where | is the identity matrix and A is the diagonal matrix of eigenvalues. 20= PtIP' and E 2 = P2:2P1(1
El = BAB' anfi £2002/B{p152)B'(11) In step 5, the CSP projection nf&tfi% 49 & L6 Huted
according to Equation 25(12). In Equation (12), the rows of W are the stationary spatial filters and the
columns of W1 are the common spatial patterns. W=HP(12) 30The spatial filtered signal Z of a single
trial EEG E is given according to Equation (13). 245WE(13) WO 2009/134205PCT/SG2008/000141

18 The spatial filtered signal Z given in Equation (13) maximizes the difference |n e variance of
the two cIas@@é‘"tE’l‘EEEGrﬁ’fé%gé” H%H‘@”Pﬁcﬁ'éﬁé]?ﬁl My UERIsKRIRRHHIG Byé’ﬁéﬁsh%ﬁ 'm of the
spatial filtereitk siginjats are ussdtasfeaturestfricolassifithtfonuthd sipndrnzis{dassiietiat maximize

the differengguin UPHiAHAN AL IR SRRSO RONFES Q[@MWM%H&% (@ams! eigenvalues

A and (I-A). In one exam ese ar sed to farm th Equation
(14) where tTﬂ? r\?@ﬁ% %§ § E‘gn% €% egc aiassssl#grrsfnc %/g}(ggﬁ/%%(%r \é rggﬁ i
Second$y, atb@t%ﬁﬁhféyﬁ@térgWér%ﬁ@?ﬁﬂ?ﬁ%\éﬁéﬁﬁ’ﬁé‘é@&%@e@&@h PERS §B§&F§Ip Patial feature
selection meshileHs geiponinediFbemuttahimniokatiohdeatthredeition method is based on mutual

information which indicates the mutual
In step 310, an array of band pass filters i.e. filter banks is impiemented on
the windowed and pre-processed EEG. Each filter bank is cenired at a particular
10 frequency, sampled at a fixed interval and is used to extract the EEG componennt in
each discrets frequency window. For example, the fixed interval may be 4Hz for the
frequency range of the EEG from 4Hz to 36Hz. In one example, the filter bank is a
digital filter with a low order and a linear phase. Such a filter bank can be a Finite
Impulse Response (FIR} filter or an Infinite Impulse Response (IIR) filter. In a
15 preferred embodiment, the filier bank is a low-order bandpass Chebyshev Type 1l
filter with a pass-band width of 4Hz. MATLAB (MathWorks Inc.) tools can be used to
design and implement the filter banks. At the output of the filier banks, an EEG
component is obtained for each filter bank with each component further containing
separa‘té components from each of the selecied electrode channels.
20
In step 312, a common spatial pattern (CSP) array is implemented. Step 312
applies the CSP algorithm to each EEG component abtained in step 310 to
emphasize the difference in spatial distributions of the energy between the two
classes, the concentration and the non-concentration classes corresponding fo the
25 prain states during which the subject is concenirating 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 I and |, are
normalized for data processing efficiency and the ratio between |; and I, is kept constant.
30 Furthermoré, E; is a m x n data matrix of the ' EEG component wherehy 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 =V and 2% are the covariance



15dependence of the features with respect to the classes. Further details of the mutual information
feature selection process are as follows. Taking into consideration a vector variable X for example,
CSP features as obtained in Equation (14) and its corresponding class label Y, the mutual information
20 between e #¥8/34780m variables X and Y is given by Equation (15). I+ EQGARSAYEY, H(X)
denotes the entropy of the feature variable X and H(YIX) 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). /¢X;Y)= H(X)- H(Y IX) H(X)= - xp(x) log2 p(x)dx xeX
H(Y 1 X). - p(x) | P(y 2}; 2 p(y I x)dx xeXyer WO _2009/1342?%5PCUSGZOO /000141 19 In step 1,
a candidate 88tGE Pt L%Eé)igomﬁfﬁ]?zrgﬁ courpspoRdipg 10 iR dHRENE SfBReTR SITE R V98 A Ritialized as a
null set Fopi.e. Blifesteibiyifataesh fedhe aldkity thetbanuidaie s diagoiehtedii. feature vector FR = Fopt
u {fk} is formed. Next, Fk and the Naive Bayesian Parzen Window are used to predict the class label
Yk. The mutual information of the predicted class label and the true label i.e. 1(Yk; Y) is then
computed. 10In step 3, the feature fkgy@' Qm@g{miz&sﬁ&kﬂbﬁs then selected. (4)Instep 4,ifF=0

!

and the gain in the mutual information'is less than Jaﬂm@é@;lf@ﬁ{beshold 5i.e. 1(Yk;Y)- la< 8, the process
is terminated. Otherwise, in step 5, lo = I@(k;Y). 15In S&Wﬁ’ the Ban‘dida’te setis u(gdated by F-.F{fk}
whereas the select feature set is updﬂgfd B@ ﬁo‘Bt FB”&E S{f’R}I._ )

The spatial filtering parameters i.e. spatial patterns such as the matrix W are
learnt from the examples of the two classes via a subject dependent model training
approach which would be elaborated later. The GSP array produces an array of

10  spectral-spafial features, each representing the energy of the EEG compenent
projected onto a particular spatial pattern. Such an array of features is usually over-
redundant since not every spectral-spatial feature is associated with the
concentration or non-concantration state in the brain. Preferably, the unnecessary
(i.e. redundant) features are removed.

15

in step 314, a mutual information feature selection is implemented to remove
the unnecessary features. Step 314 selects a set of features that contains the
discriminative information between the concentration and the non-concentration
states. This set is determined through a model training procedure via a subject

20 dependent model training approach which-would be elaborated later. At the end of
step 314, a feature vector is obtained and is input into step 316.

In step 316, a classifier such as the LDA is implemented. Using the feature
vector input from step 314, a score, for example x,, is produced by the classifier.
25 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 - 318
form the spectral-spatial feature extraction module of the method 300.

Step 318 implements the fusion of the results from the temporal feature

30 exiraction 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 speciral-spatial feature extraction module are



In step 7, if the candidate set is empty, the process is terminated. Otherwise, the process is repeated
from step 2. 20 In the example embodiments, a feature refers to a CSP feature from a filter bank
and can take on different values at different instances. The mutual information feature selection
process in tHERXEMBIEEmbodiments as described above is applied to theFAIFIEEEEE 1k labelled
samples. After the feature selection process is completed, the 25 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 @features is used during the feature selection
process when processing unlabelled data for concentration detection.g%?_ '%r(gll , mﬁdels for the
classifiers iMeRaH7HdA 200 BraOMRIREN By AR R505F R hEr TRI BREE RN %/’t fiéthod, using
labelled traibing-dajssatmtes: in ane exampisspiivebdihsonrsniagcsendar sledaiatepositive labels

if they are 20.rseardeddronLihesanecniralion askpiaad nesriivalnbelsitibeyaranesgrded from the
non-concengration tasks. In the example embodiments, the set of.par. t I omthe 5
subject depgﬂ@e'rgtetﬁm?r?éaégﬁ SUE hni%%nu S iSedTo Tag r%%tsé?g%{ §§ 8?‘@% f%%%%%{]ﬁ%]ﬁ c%n[féd etection
using a%orpies phigra. In one example, 488tuprEoRRGRIREH RIERYErSatP N Ferdl§ this file
includes thespraiamiipacreriniarOrhedias o theejassifiets wirajettonwheteice sveiubéeckv CSP filter, the

bands to be %%I%? ed for tgigdfi%e%e(%r;lllélsngqgs%%wg BisitRRe R iR VFAmP RS- ghestputs 10 from
the temporaff1 ule and the s 8?’56%?'#5 atial feature extraction moglgg. Figure

t
eatlire exiraction mo
5 shows a sehefaRf BreRoR RS MYENSMg g3t e A mhEtied for concentration

detection anshalsubje ctilgpenddinetmimiatydd spmivash aceotdingpio WREHHsosgIeRtiBR the present
inventiog. INQOEHAXANRIR WDiSP0A-HRkaNt IS P esRORMIOINR, suljgTivHeRendetidraining

approach, units 508 ,%10 and 512 corespo ciéo he spectral- 1al,f . ' odule in the
method 300‘:iﬁﬁ§f5?ﬁ 3 FhaiRTs g(%lﬁ‘-%nrgqﬁf C%Pr%esp%ﬁﬁdﬁo??ﬁé%_ %e%%&%ﬁ%ﬁ%%%ﬁ@%ﬁon module in
the method 809 ir(FigLreErals the Hewsigafds, ArsHRRY B gD 406 FPEPReRPthi ects when
they are perfosming, the qudrad tasks during the training data collection sessions implemented in the
subject-dependent training approach in the example embodiments. Machine learning techniques are
then implemented in using the 25 training EEGs in the feature extraction training unit 502, feature
selectidA training unit 504 and the mod&iiRig it 506 T Fi§ifke 5. This would8btain the required
parameters and model for the feature extraction unit 508, feature selection unit 510 and the
classification units 512 and 516 for the onIinef'é ocet:l_?singoof ealihtime EO : %%Iarg‘ Fé%ﬁrrﬁss’ in one
example, the featufe5RracHoR ARHHEE TS D RINSA G Mha SEFiR R S whereas the
feature extravtida nicbitiimg ke enrstined myout obtained in step 318 against a threshold. If

the combined oufput is larger than the threshold, it is decided that the subject is in a

20 state of concentration. Otherwise, it is decided that the subject is not in a state of
concentration. The threshold is determined using training samples based on the
desired trade-off between the false positive rate and the true positive rate, both of
which are important indicators of the performance of a concentration detection

method.
25
Because of the large cross-subject variances in EEG patterns, a subject-
dependent model training approach is used in the embodiments of the pressnt
invention fo obtain the parameters and models for the method 300.
30 In the subjeét—-dependent model fraining approach in the example

embodiments, training data collection sessions are implemented to collect a
subject’s EEGs during navigated sessions. Figure 4 illustraies a data collection
orotocol 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



306. In addition; the feature selection unit 510 implements the step 314. Furthemoge;thesatagsification
units, 516 and 512, implement steps 308 and 316 in WO 2009/134205Rechi$£32008600d41 X Figure
3 respectively whereas the post-processing unit 520 implements steps 318 and 320 in Figure 3.

The advantages conferred by the embodiments of the present invention can 5include: ~ Firstly, the
method for concentration detection in the exafgple embodiments provides an accurate quantitative

e CRP T RaSshion o cancanl aondaue 1AL BoLR RIS B AR Of e prior ar.
e

The method i thE ex bodiments'is subject- sFem Ic and_uses optimized parameters. On

the other hﬁ%ﬁfth@‘ﬁﬁdﬁ gi"tsrf‘%t‘hdﬁl% RS SnPERFATEAUBERSHE WRFTHENr output typically
based on thesaveragel of akirgoG et obregitdsand wrednopesisom peefdeimditHin flarnarrow range to

detect CO”%%QFH%I&O%;F@ examples thedanasgambaexiendinghonrbhedrpeaniminus the standard
deviatipn to the e mean pl H[ratlh)e stquard g%V'F‘Eﬁ%%&%cﬁeswt%s%54'd$”thee gte,t]h&etfgod in the example

embo ments IS more accurate. urt ermore e example embodiments o resent invention, an

accurate sé@ﬁe”E?&n‘“béeﬁﬁt%rﬁéa%?f%ﬂ&ﬁ?c&nﬁ‘tﬁ7§ |?%5B?t§h?jﬁtcih%86“ ted ?ﬁ"ﬂe situations when a
fast and acouratescorics astdssahys 20 Seccdly, ehensgbritl irwdéP8ppreatkbipgplemented in the
example embogainentsof the raseabiventientakes aldimensionstofiBeERSE épte consideration.

Speciicalt, fie3e ApENFRASAE B semporal.spatiaband spertalinfarmatian,fhe EEG which are

then combified 16 give a single result. On the other hand, GFI’IO %rts onI?/ concentrate on the spectral

inform&tionsf (HEERS AN ﬁjt’?@légvﬁr[oﬁlﬁgemggsfﬁre?ﬁ [t B e SSUBEt S'EEG
characteristigsiaséceniparéthtotheseniha dier s fehatisrisant Myenor fheagidiirs, in the example
embodiments dh@raingovéng apeesachradowsrheimetbod of concentration slefection to adjust the time

resolution by ShAngipG NG e SeameRtlipRIpday Size i thehask MAd Qucalze TS allows

different wmd W sizes to be chosen under different cir umstances 0] For exam le, When a long term
score is deSHRUthd EBEE rBRErdIng R SRSRISBrefErSbIy Torng WhE 2489 IP%nSE situation, the
EEG récorditigrsaigriaeint.is preferably short. 22 Thirdly, the method in the example embodiments
of the present invention allows the creation of the best model for each subject. The method can also

be used to create)qdels hasedap a spall cohod-and-Hisy IBYSRligateoiURssRgqHic issues for
example, a group_of ADHD boys. Furthermerl% using.a l; large (%atﬁga%%&he 5 ethod can also be
useful in |h\%§ﬁ§%ﬂﬁ§zﬁeﬁé‘?5haﬁ O ISSUEs Tor exampeie population base Mhedieal Sq[udles
: methods. An example of a machine iearing method is the automation parameter
.20 optimizafion which is an iterative approach. Further details of the machine iearning
methods are given below. In one exampie, three groups of paramesiers are

generated.

. F"trst projec’aon matrices of CSPS for the csp algorithm in the spectra

- 26  spatial feature extraction moduie {See Figure 3} are obfained. The ieammg of :
| these projection malrices are carried out. using the CSP method that ;omtty
diagonalizes the two covariance ma‘friees, of the two classes L= the

conceniration class and the non-concentrafion class,
- 30 ‘ in one exampie, the CSP method mciudes the foliowing steps.

in step 1, the nor‘maitzed spatial covariance T ef the =06 measuremems_
is computed _aecording to Equation (7). in Equalion (7}, £ is an NxT matrix
representing the raw EEG measurement data of 2 single trial, N is the number of

35 ghannels, Tis the number of measurement samples per channel, ' denotes the .
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Fourthly, in the example embodiments, automatic selection and combination of features is achieved as
the parameters and models for the method are 10 automatically obtained from subject-specific
modelling. This can improve the performance of the concentration detection method in the example
embodiment¥ O PRI information feature selection in the example erfibdiniaHta%idvides a novel
way to create subject-specific modelling for example, for individualized healthcare, gaming, sport, etc.
Furthermore, the use of the subject-specific model in 15 the example embodiments achieves a higher
accuracy and the machine learning methods used,fo create the subject-specific models allow the
method in the example embodiments to be more flexible. Fifthly, in the example embodiments, the
metric usedtiangroerePpiiraPpatoriase «rRNoEFoi R BRSEHIN fiabisemepElatiigaNatacteristics
(ROC) analygigdrrdhe example .embodiments, performance curves plotting the False Positive Rate
(FPR) against the False Negative Rate are used tg,analyze the ROC. This metric (ROC) shows
objectively the true performance of the métfmd—#%e—rexample embodiments using({@ simple curve. It
will also allow one to determine the 25 best nfé%&{6Be used for each subject and also to choose a
model that will fit the sensjtivity and ség)ecificité/ %e uirements a?ng thoe Ragdcgé\ée@{,h” taking note of
the trad®-off betwerP IR el iR ke SpSRA G “ T Add oA URIKE Cowan and rgllﬁDCowan and
Prell, 1999 £4$060831.20 Bf.Mie () fen«epetiminingdeneofidual Sishibutity 8, fectaked attention and
integrating same into computer prograar% the emﬁodiment l{tgﬁ esent invention can provide a
unified scortfB? HIPSHSEER PO Hyh R SRRk "ﬁseﬁ%io‘?@? g gﬂS&Qﬁﬁﬁ% &ample embodiments
also takes into consideration spectral, spatial and temporal changes and is hence more accurate than
the method in Cowan and Prell. Furthermore; teXme#hod in WO 2009/134205PCT#5G 2008/000141
23 thetaxample embodiments is automatic unlike Cowan and Prell which requires manual adjustment
of the parameters forsiffeferthe ujatsRing Liremsfenoasi oth @ 8idth 5disn ¢pERLEH BRESHIb@ments can be
implemente@ﬁ_,gggn@g\prmE}{L@tagft{gﬂrﬂstmg fgsrexampie, as add-ons to EEG systems or as
internet-based web services. The method can also be embedded into a PDA-like medical device. Even
with only a low-cost EEG acquired at a low sampling rate and from a few EEG sensors on the
forehead, the method in the example embodifefts is still able to provide robust atté#ition or
concentation detection and scoring. Thus, 10 the method in the example embodiments can be
implemented in a %Im le a%d élench/gsxgt m with onl forehez?dﬂ%e%ors Hence th§ %xample

. spagal covarian [+] 0 Classes 15 compuie
embodiments of th€ pr&te f Gan Browde a continuous, quantl%a%ve, Sccurate and robust

scoring mechrnosingféy Satéicn {Bohtte Faation ddhcEntrdisnsediel SIRvecthelgsraRTHE EndBodiments are
based on fegtiygs R xtracieshandh iuwibel selesiedisnindiatiulindomeimisarigahneatialsand temporal)

analysis of the EEG and classified using machine learning. In addition, the example embodiments of
the present ﬁi%’?]“[?&f?frrovide a system to capture subject-specific EEG characteristics into a
computational model and an automatze- 2T Parach&ter 8&lghition process that can fifitbihe best
parameters and model. Furthermore, the example embodiments of the present invention provide a
post-processing fusion scheme that ifypr@/es aetf@rmalde-Ay2 multi-scale approatti) To further
illustrate the advantages of the example embodiments of the

In step 5, the CSP projection matrix W is computed according to Equation
25  (12). In Eguation (12), the rows of W are the stationary spatial filters and the
' coiumns of W' are the common spatial patterns.

W =B'P (12)

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

Z =WE (13)



25 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 (Fpl/Fp2). 30Table 1 shows the
results achiey&Hy/A3#atthod for concentration detection according to anféhs&aiFelEbtithe present
invention and by the prior art method in Monastra and Lubar [Monastra and Luber, 2000 -
US06097980 - Quantitative electroencephalographic (QEEG) process and apparatus for assessing
attention deficit hyperactivity disorder; V. J. Monggtra, S. Lynn, M. Linden, J. F. Lubar, J. Gruzelier,
and WO 2009/134205PCT/SG2008/000141 24 T. J. LaVaque, "Electroencephalographic Biofeedback
in the Treatment GMtwauairf[ﬁefMﬁHypra@Wﬂy‘D%%ﬁ@ﬂ"%@dﬁ@d‘@@éﬁﬁﬁtﬂ@%ﬁ&? nd

Biofeedbac4Rliahd 1-tRe Rib S8sdddoitne ARB5d¢Mmdiablanlgdherabiheoarespondingito "Theta/beta
(pior-ar Shows e een ae Ao e e metadescordnglad editeatab (e row

correspond?n@n’f Wg\‘/eefrorm on owst € mean accuracy obtained from the tecrilr oraI feature

extraction mibelglenalede mé%%mb&%%’%ﬁﬂﬁdﬁ% dEEERGRIR BEYAENSR S HE MEAPE R racy obtained
from thg spgctabspatialdeaiue meractinrssodigenaione amh&@ﬂ)v«rcmeeepmnumgtneswybnd
technique” shous Ihe ean-Acel e/ eRIANGEILeS BRdRSed i the pimRIs g mbadig ents.

Furthermor&4tie 0%eSt s N Fable 1 are in percenfage, expressed in the form "mean standard
deviation" mfa@m@m@ﬁ)ﬁ’?)@?%ﬂ?&ross validation method. From Table 1, it can be seen that
the mean accuracy of the method in the example embodiments is significantly better than that of the
prior art method. More specifically, the overall performance improvement (absolute value) of the
method in the example 15 embodiments oxer the art me hod is 14.8%. Thus, these results
demonstrate the ability of the methbd ﬁict%@i(g Yf%gd ents to create an op{ﬂr‘ﬁlzed
subjec%bspecific model that outperforms the prior rt’fhethod. “Subject 1 Subject 2 Subject 3 Subject

Secondly, a set of parameters for mutual information feature selection in the
spectral-spatial feature selection module is determined. The mutual information
feature selection method is based on mutual information which indicates the mutual

15  dependence of the features with respect to the classes. Further details of the mutual

information feature selection process are as follows.

Taking into consideration a vector variable X for example, CSP features as

obtained in Equation (14) and its corresponding class label Y, the mutual information

20  between the two random variables X and Y Is given by Equation (15). In Equation (15),

H(X) denotes the entropy of the feature variable X and H(Y [X) represents the conditionat

entropy of class label variable Y given feafure variable X. The entropy and the
conditional entropy are given respectively in Equation (16) and Equation (17).

25 I(X:Y) = H(X)- H(Y| X) (15)

H(X)=~ [ap(s)log, p(x)dx (16)

xeX

HE|X)=- | p<x>2P<ylx>1og2p(ymdx (17)

xed

30
in one example, the mutual information feature selection process includes the

following steps.



4 Subject 5 Average Theta/beta (prior-art) 57.52.7 57.53.5 66.710.9 56.99.7 57.52.2 59.2 Waveform
only 60.23.8 78.85 3 69.84.7 76.35.3 72.86.2 71.6 Spectrum only

WO 2009/134205 PCT/SG2008/000141
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in step 1, a candidate set of d features is initialized as F ={f;, fz, . . ., fg} and a

select feature set is initialized as a null set Fopt =2 .

5 In step 2, for each feature f; in the candidate set, a tentative feature vector Fy =
Fopt w {ik} is formed. Next, F and the Naive Bayesian Parzen Window are used fo
predict the class label Yy. The mutual information of the predicied class label and the
true label Le. I(Yy; Y) is then computed,

10 In step 3, the feature f, which maximizes I(Y\; Y) is then selected.

In step 4, if F = 2 and the gain in the mutual information is less than a preset

threshold & i.e. YY)~ l.< §, the process is terminated. Otherwisg, in step 5, I = I{(YgY).

15 in step 8, the candidate set is updated by F—F\{f;} whereas the select feature set
is updated by Fopt — Fopt U S{fi}.

Instep 7, f the candidate set is empty, the process is terminated. Otherwise, the
process is repeated from step 2.
20
In the example embodiments, a feature refers to a CSP feature from a filter bank
and can take on different values at different instances. The mutual information feature
selection process in the example embodiments as described above is applied to the
training set with labelled samples. After the feafure selection process is completed, the
25 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 uniabelled data for conceniration detection.

30
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



64.44.0 87.96.2 72.83.2 76.30.0 59.68.9 72.2 Hybrid technique 62.84.4 83.83.5 76.01.0 76.31.7
71.35.3 74.0 Improvement 5.3 26.3 9.3 ... 194
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recorded from the concentration tasks and negative labels if they are recorded from
the non-concentration tasks.

In the example embodiments, the set of parameters obtained from the

5 subject dependent training approach can be used to recreate a model for

concentration defection using a computer program. In one example, a

setupfconfiguration file is created whersby this file includes the projection vector and

the bias of the classifiars, projection matrices of each CSP filter, the bands to be

selected for the filter banks, and the weights to be used for combining the outputs

10  from the temporal feature extraction module and the spectral-spatial feaiure
extraction moduie.

Figure 5 shows a schematic block diagram iliusirating the connection
between a method for concentration detection and a subject-dependent training
15  approach according to an embodiment of the present invention. In one example,
units 502, 504 and 506 correspond to the subjebt—dependent training approach,
units 508, 510 and 512 correspond 1o the spectral-spatial feature exiraction moduie
in the method 300 in Figure 3 and units 514 and 516 correspond o the temporal
feature extraction module in the method 300 in Figure 3.
20 "

In Figure 5, training EEGs are acquired from the subjects when they are
performing the required tasks during the training data collection sessions
implemented in the subject-dependent training approach in the example
embodiments. Machine learning techniques are then implemented in uéing the

25  training EEGs in the feature extraction fraining unit 502, feature selection training
' unit 504 and the modelling unit 506 in Figure 5. This would obtain the required
parameters and modei for the feature exiraction unit 508, feature selection unit 510
and the classification units 512 and 516 for the online processing of real-time EEGs.

30 in Figure 5, in one example, the feature extraction unit 508 implements steps
310 and 312 in Figure 3 whereés the feature extraction unit 514 implements the siep
308. In addition, the feature selection unit 510 implemenis the siep 314,
Furthermore, the classification units, 516 and 512, implement steps 308 and 316 in



13.8 14.8 aflie 20 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 (E@ﬁf%‘l?(é?ﬁ%‘ﬁ by the method 25 according to the prior art, thefftolt*E3féd8bHding 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 "Hybsigl technique" shows the WO
2009/134205PCT/SG2008/000141 25 EER obtained from the met od in the ex X bodiments.
The EER isoEPaferERATAPIh O RAGES HRRiPeSRECERRP IR Yoi5e % %@?&ﬂg gf%& a%n Furthermore,
the results imd ahlei2 Bigpira percentage, expressed in the form "mean standard deV|at|on" and are
obtained via a 2x2 fold cross-validation method. For each subject, 5 the best performance by each of

the methods is tab ate g%‘%%%%?ﬁ %P g%[e atl eerr r&eﬁ qﬁgogfrﬁtg eg@l,ﬁum&%gﬁ%rrgmg to

Equation (18). It CHIPD the overall error rate eductlon is 42.5% Indicating that
the methodingluge: example embodiments performs significantly better than the prior art method.
Furthermore, Table 2 also shows that even the performance of the temporal feature 10 extraction

module atone CWagior ot as 3P é&%%ﬁ%@té%ﬁ%%%@%@?ﬁb@%%&!ﬁ&%"spetha'

only") in the example ents is better than th r|or d ThIS |Ilustrattes that the subject

dependent %Wﬁ‘?@éﬁ[ﬁ%&’ﬁ%ﬁ%ﬁﬁ?ﬁﬂggﬁ?@?ﬁ?ﬁﬁ fﬁ% eer? ﬁ%éo hERERS

level that is not provided by any of the prior arts. The method in the exampie
10  embodiments is subject-specific and uses optimized parameters. On the other hand, the
prior art methods are based on spectral features alone, with their output typically based
on the average of a large set of resulis and a cdmparisor{ performed within a narrow
range to detect concentration. For exampie, the range can be extending from the mean
minus the standard deviation to the mean plus the standard deviation of the resuits.
15 Hence, the method in the example embodiments is more accurate. Furthermore, in the
example embodiments of the present invention, an accurate score can be obtained
continuously and this is important in (near) real-time situations when a fast and

accurate score Is necessary.

20 Secondly, the hybrid model approach implemented in the example
embodiments of the present invention takes all dimensions of the EEG into
consideration. Specifically, these dimensions are the temperal, spatial and-spectral
information of the EEG which are then combined to give a single result. On the other
hand, prior arts only concentrate on the speciral information of the EEG and hence

25 provide a less detalled 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 conceniration detection 1o 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.

30 For example, when a long term score is desired, the EEG recording session is
preferably long whereas in a real-ime situation, the EEG recording segment is
preferably short.



Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 Average Theta/beta (prior-art) 42.7 44.1 30.6 39.3
38.7 39.1 Waveform only

WO 2009/134205 PCT/SG2008/0060141

22

Thirdly, the method in the exampie embodimenis of the present invention
aliows the creation of the best model for each subject, The method can also be used
to create modeis based on a small cohort and thus, invesiigate group-specific issues
for example, a group of ADHD boys. Furthermore, using a large database, the

5 method can also be useful in investigating generalization issues for example

population based medical studies.

Fourthly, in the example embodiments, automatic selection and combination

of features is achieved as the parameters and models for the method are

10  automatically obfained from subject-specific modelling. This can improve the
performance of the concentration detection method in the example embodiments.

The mutual information feaiure selection in the example embodiments provides a
novel way fo create subject-specific modelling for example, for individuaiized
healthcare, gaming, sport, etc. Furthermore, the use of the subject-specific model in

15  the example embodiments achieves a higher accuracy and the machine learning
methods used to create the subject-specific models allow the method in the example

emboditments io be more flexible.

Fifihly, in the example embodiments, the metric used in the overall
20 performance evaluation is based on receiver operating characteristics (ROC)
analysis. In the example smbodiments, performance curves pllotting fhe False
Positive Rate (FPR) against the False Negative Rate are used to analyze the ROC.
This metric (ROC) shows objeciively the true performance of the method in the
example embodimenis using a simple curve, It will also allow one to determine the
25  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 noie of

the trade-off between the sensitivity and specificity.

In addition, unlike Cowan and Prell [Cowan and Prell, 1999 - US05983129 -

30 Methed for determining an individual's intensity of focused aitention 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



39.217.927.517.8 33.9 27.3 Spectrum only 37.9 8.2 21.9 25.1 30.6 24.7 Hybri i
21.920.8 27.7 . .7 Hybrid technique 35.0 7.3
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the example embodiments is automatic unlike Cowan and Preil which requires manual

adjustment of the parameters for different subjects.

Furthermore, the method in the example embodiments can be implemented

5 in the form of a software tool for example, as add-ons to EEG sysiems or as

internet-based web services. The method can also be embedded into a PDA-like

medical device. Even with only a low-cost EEG acquired at a low sampling rate and

from a few EEG sensors on the forehead, the method in the example embodiments

is still able to provide robust attention or concentration detection and scoring. Thus,

10  the method in the example embodiments can be implemented in a simple and handy
system with only forehead sensors.

Hence, the example embodiments of the present invention can provide a

continuous, quantitative, accurate and robust scoring mechanism for subject

15  attention or concentration level since the example embodiments are based on

features extracted and further selected using a multi-domain (spatial, spectral and

temporal) analysis of the EEG and classified using machine learning. in addition, the

example embodiments of the present invention provide a system to capture subject-

specific EEG characteristics into a computational mode!l and an automated

20 parameter selection process that can find the best parameters and model

Eurthermore, the example embodimenis of the present invention provide a post-
processing fusion scheme that improves performance by a multi-scale approach.

To further illustrate the advantages of the examplé embodiments of the

25 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).

30 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 - UsS06097980 - Quantitative
electroencephalographic (QEEG) process and apparatus for assessing aftention deficit
hyperactivity disorder; V. J. Monastra, S. Lynn, M. Linden, J. F. Lubar, J. Gruzefier, and



22.5_Improvement (Relative Error Reduction Rate) 18 83.4 28.4 _ .._ 47.0 29.7 42.5 15a0ie ERRERR
hybrid pnor Relative Error Reduction Rate =art Figures 6-10 illustrate the results for subjects 1 -5
respegtlvely when a method 20 for concentration detection according to an embodiment of the present
invention an¥ th¥¥iG#4f method in Monastra and Lubar are used. In FidérES @286 accuracy in
percentage under various window-length conditions is shown in Figures 6A, 7A, 8A éA and 10A
respectively whereby curves 602, 702, 802, 902 and 1002 represent the accuracy dbtained with the

prior art .method and curves 604, 704, 804, 904 a%péd 1004 25 represent the accuracy obtained with the
method in the embodiments of the present WO 2009/134205PCT/SG 2008/000141 26
T. J. LaVaque, “Electroencephalographic Biofeedback in the Treatment of Attention-

DeficivHyperactivity Disorder,” Applied Psychophysiology and Biofeadback, vol. 30, no.
2, pp. 85-114, June 2005.] In Table 1, the row corresponding to “Theta/beta (prior-
art)” shows the mean accuracy obtained by the method according to the prior art,

5  the row corresponding to "Waveform only” shows the mean accuracy obtained from
the temporal feature extraction module alone the row corrasponding to “Spectrum
only” shows the mean accuracy obtained from the spectral-spatial feature extraction
module alone and the row corresponding to “Hybrid technique” shows the mean
accuracy obtained from the method in the axample embodiments. Furthermore, the

10  results in Table 1 are in percentage, expressed in the form “mean t standard
deviation” and are obtained via a 2x2 foid cross-validation method. From Tabie 1, it
can be seen that the mean accuracy of the method in the example embodiments is
significantly better than that of the prior art method. More specifically, the overall
performance improvement (absciute value) of the method in the example

15  embodiments over the prior art method is 14.8%. Thus, these results demonstrale
the ability of the method in the exampie embodiments to create an optimized
subject-specific model that outperforms the prior art method.

Subject | Subject | Subject Subject | Subject | Average

1 2 3 4 5
Theta/beta 57.540.7 | 57.5+3.5 | 668.7£10.9 | 56.919.7 | 57.522.2 59.2
(prior-art)
Waveform only | 60.2£3.8 | 78.8456.3 | 60.8+4.7 76.345.3 | 72.846.2 71.8
Spectrum only 644440 | 87.0+6.2 | 72.843.2 | 76.3x0.0 | 59.6+8.9 72.2
Hybrid technique | 62.8%4.4 | 83,823.5 | 76.0+1.0 76.3:1.7 1 71.325.3 74.0
Improvement 5.3 26.3 9.3 19.4 13.8 14.8

Table 1 ‘

20
Table 2 shows further ‘resuﬁs achieved by a method for concentration
detection according to an embediment of the present invention and by the prior art
method in Monastra and Lubar. In Table 2, for sach subject, the row corresponding
to "Theta/beta (prior-art)” shows the equal error raie (EER) obtained by the method
25  according to the prior art, the row corresponding fo “Waveform only” shows the EER
obtainad from the temporal feature extraction module aione, the row corresponding
to “Spectrum only” shows the EER obtained from the spectral-spatial feature
extraction module alone and the row corresponding fo “Hybrid fechnique” shows the



invention. Furthermore, the performance curves with base window-length condition are shown in
Figures 65, 75, 83, 93 and 103 respectively whereby curves 606, 706, 806, 906 and 1006 represent
the performance curves obtained with the prior art method and curves 608, 708, 808, 908 and 1008
represent th¥ Befftid4iice curves obtained with the 5 method in the emb%%?ﬁ?gﬁf'gsgpmgpresent
invention. The performance curves in Figures 6 - 10 are obtained using the window sizes as specified
below. For subjects 1 and 3, the window size is 2 seconds for the prior art method and 4 seconds for
the method in the example embodiments. For subject 2, the window size is 8 seconds for the prior art
method and 2 seconds for the method in the example embodiments, For s %j,e 4, the 10 window size
is 4 secondERBr abiipadirars MetisdheddBiaR ESANY R PIROFIERINE: |Fﬁ‘ﬁg%1 fpfe BiRiSdiments. For
subject 5, thgwindevesizeisihecessds donthripriorgrtivetistean ¢Bise fomtieioptaetiitethod in the

example embodiments. Figyre 11.illustrates the avsrage fesiligAeass-sieiacES dariaviien a method
for 15 concé‘?‘ﬁ% ion éia%%ti%nag%c’gr inlég to a%éémb%diment of the prﬁcs)$nfginvenﬂon angltthe prior art
Strat

method in Meviates and 2akitained ¥Ee FEGI P ES FRIIR LA R

85 e aver\ggé accuracy
across the Freubiectsihaisasfgurachld thastretesdthis veurjechiarftriifed tard@Hoss the 5

subjects. In Figure 114, curve 1102 Jopesepts (AR VS 1ge:a6aUPR)Y Rizinee wdth thenprior art
method ande curve 1104 represents the 2

p average acc Y, Obtal j in the
em bodimen@%f’tﬂélﬁte@@n?‘fﬁ@hﬁgﬁ ' fﬁggcf&ﬁ%n‘,cfﬁ !EiH%é/ii%%%ﬁ%wf%%h%ew}%ggﬁt?the average
performancénelavamitagretoditenie padeait HeHbda W@étﬁﬁénﬁﬁ?@%ﬁg%%rage
performance, giveRhianadarithitae reib ashiretes enalecionertsefdhibgteseworahieiton. 25 From
Figureg 6 - 12 Lgah bessenihal i etind dyhe srRodisanisgbine senLitvenden can
achievea hf@ SFaiiracy and an | roved performance curyve a combp%reqhto tt%e prior art method.
30Figure 12nGslFafiang é{mﬁ%l@ﬁ&ékrﬂfﬁﬁrﬁ’?ﬁrﬂ?ﬁ ?}'@%8%@ B forconcentration detection
according taanesthetlimest of dies@esbat itheritiecr hésppsdant 1 TB0TKEIRIBEAFNI AT unit 1202 for
receiving brajp signals A tamparal eatmRxY BEtRgEickR04 for extracting temporal features from
brain signals, a temporal feature classifying unit 1206 for classifying the extracted temporal features
using a WO 2009/134205PCT/S02008/000141 27 classifier 1o give a scare x1, a spectral-spatial
feature extfacting unit 1208 fpr SxkredtingSiesra)-spetietticatreietom %‘l‘%ﬁ°§ig KR8 pectral-spatial
feature selécting unit 1210 for seldctin ep%éaal_g igl-fe 'fef‘g@nt' ini“g gis\, trmigagive-information
between the!E6iEFiEration and fZconceritfation states fram the set pf b extracte spectral-spatial
features, a %@gﬁé %%"*iall fetutgsclassifyimggmit 12372 for claspifging thesselecied spactral-spatial
features u e ARy oRlE T [0 YIvesi GTOTE X&and a precessing wait 1214 aoupled to 24 temporal
feature classiARgERIRiEGE0 andd6@ Spectralsspatial fecdure claxbBying ulit-121p fot%bmbining the
scores x1 dnNghyrbiermem a single $sore landsof deter@fining if thHe ubject #9iA a conteftration state 10
based on thersagle Score. The method and system of the example embodirments can be
implementadiadugtionfipi@ler system 1300,-schem ticafly-shews-in-Figure-13—t-may be-implemented
as software, such as a computer program being exZ%uFev%Jwithin the 15 computer system 1300, and
instructing the computer system 1300 to conduct the method of the example embodiment. The
computer system 1300 comprises a computer module g@gz_zrigpujggkmﬂ ;

Relative Error Reduction Rate =—=F ;’E R (18)

prior art

CX

Figures 6 — 10 illustrate the results for subjects 1 - 5 respectively when a method

20 for conceniration 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 8A, 7A, BA, 9A

and 10A respectively whereby curves 602, 702, 802, 902 and 1002 represent the
accuracy chtained with the prior art method and curves 604, 704, 804, 904 and 1004

25  represent the accuragy obtained with the method in the embodiments of the present



modules such as a keyboard 1304 and mouse 1306 and a plurality of output devices 20such 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 Loc¥ AP ERrk (LAN) or Wide Area Network (WAN). 25  ThEReHF@ fhodule 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 1/O interface 1324 to the di'gplay 1308, and I/O interface 1326 to the 30
keyboard 1304. The components of the computer module 1302 typically communicate via an
interconnedteeiios. B3Ithameia, s aeTeTIaNeH ALY IR e RaSE nRYilPEE RABYERR &€ WO
2009/134205B 6T (SEi30R3/e8014,1628 oB ahhie Gpiicssitingly ogranbisdypisalfesiopliédap the user of

the computep eysteni300,en50ed 004 fata staipge smediaeihenmCRrRANopAash memory
carrier and read utilising a corre%&onﬁllqﬁqdata storaggs%medlum drive of a 5 Qata to_ggga%dewce 1330.

The applica8¥pefaridsTehd BBt AT HR RO T IS L8RP 18 Mitermediate

storagesof pretjiadrirdika smaydirecatsontipt shesg nidivgAMThS 26! TRitanse aUstss FANGRFchart

illustrating gsmefad 56%@r&9§?@@%@&é§%miﬁﬁ@e@ﬁm F@r@&@éatsouam};eambthhe present ;

invention. At step 1402, temporal features from brain signals,ar 404, the extracte
5 902 Jemporel eelues Tom Pralh Sale e sraciet A S 0K

temporal fe$0FEY HECR&sTfE classifier 10 give a score X step 1406, spectral-spatial
features fromxamaie syhaineaistrictebisnd athaapPHanssiep it FaPgpads) R afF i tbAthining
discriminatiesinéer mationsiess: e srueeniiatiersrmblosmisiroatsnfatiamistatedtimae selected

from the set of extracted spectial:spatial Al AlvieRrkAd QeliRasleciad serskiakapatial features

are classified’ using a classifier to give a score x2. At ste\ﬁ 1412, the scor sgd d x2 arertcombined to
give a sing|&XEEoRie SRPRFEER: /1Y, SHRISGE fer A SR S&RLR & TS TR T e S BNt State based on

the single semsthod@nd 8 seconds for the method in the example embodiments.

Figure 11 illustrates the average results across subjects 1 -5 when a method for

15  concentration detection according to an embodiment of the present invention and the
prior art method in Monastra and Lubar are used. In Figure 11, Figure 11A illustrates

the average accuracy across the 5 subjects whereas Figure 11B llustrates the average
performance curve across the 5 subjects. In Figure 11A, curve 1102 repraesents the
average accuracy obtained with the prior art method and curve 1104 represents the

20 average accuracy obtained with the method in the embodiments of the present
invention. In addition, in Figure 11B, curve 1106 represents the average performance
curve obtained with the prior art method and curve 1108 represents the average
performance curve obtained with the method in the embodiments of the present

invention.
25
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.
30 Figure 12 illustraies 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 1208 for classifying the extracted temporal features using a



Figure 15 illustrates a schematic block diagram of a system 1500 for concentration detection according
to an embodiment of the present invention. The system 1500 includes an input unit 1502 for receiving
brain signals, a feature extracting unit 1504 for extraating features from brain signals, a feature
selecting 25WRiE808487 selecting features containing discriminative infoffatio Hdtiésh
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 30 training data is used to generate parameters for extracting the features from the

brain signafiadeiieekcteetife $eatards rieRsiy-artidnirahve iRMYRRiRBHBE AL fRe
concentratiggagghgos-eenarEsEatioTaiates ffam theasetsifreis;actapéetrkmminid fatwlassifying the

selected fealies SIpt 3 S135Hl QU200 HARECTLRA2O0BNI 4L Aimrisiare 16 Shows a

flowchart illustrating a method 1600 for concentratjon detectiorg ccor ingst an %rgb%pgpent of the
present invaTRIHAIRD HepVeBH I FArE L I B AR R ORI YigHalS: ﬁ? Nep 1804, features

containing eistaieit atiectiafspaididadionseaspetictmpatioreatura seuiduntatiod '4dEs are selected
- from 5 the setabpryasteskieailepaptaiepatiaDRsalesiadigaturastie BagisdiadusiayA classifier to

give a score. In step 16Q8, it i mined if.th lect | i an daas&s on the score.
In method 03 E[%j%% ]%Bgﬁggﬁiﬁgﬁﬁ% a&a%%g%@;%%ﬁ%%gt%%%@ﬁr%g@g?or extracting the

features frofetpastehssiinl Eabre lasaiig g @M datedorRaIhiRG U RAfTEEVs #idrAation between
the 10 concenjratiansantknadeonce Mratienratates ffdhe thebftt of dxtmastodeiizativasstatd for

classifying @aesgglgﬂgg émrggoyéing a classifier. It will be appreciated by a person skilled in the
art that numerous variations and/or modifications may be made to the present invention as shown in

the specific 15 embodiments without departing from the spirit or scope of the invention as broadly
described. The pr@sentetinbd dimlesitstare ofttbreformpteheTdaibiormtd dA e dHPEETeEe illustrative

and not resgjctiye. g5 s¥arspienvhitotessrerphicaly hamhaem dergribedsin thie exaniple
embodiments of the present ipvention, qther t éﬂg Insigna a8, MEG, sigRals.or a mixture
of both MEéngiecﬁ“EE%de s?gsn%?gvé%%e’afsué?qﬁ)g Sué%%?% t é?i § metﬁ%ﬁé’%ﬁor concentration detection, the
metho@&onsgrsIHg e sams 3P0 aractis HERBINS RAIRHIE RYF IRl Wy i RONd4Ss g the
extracted temgneal deaisesngiagmblassiéier to give a score Xxi; extracting spectral-spatial features
from brain signals; ' |
The computer system 1300 comprises a computer module 1302, input
moduies such as a keyboard 1304 and mouse 1306 and a plurality of output devices

20 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).

25

The computer module 1302 in the example inciudes a processor 1318, a
Random Access Memory (RAM) 1320 and a Read Only Memory (ROM) 1322, The
computer module 1302 aiso inciudes a number of Input/Output (/O) interfaces, for
example VO interface 1324 to the display 1308, and /O interface 1326 o the

30  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.



selecting spectral-spatial features containing discriminative information between concentration and
non-concentration states from the set of extracted spectral-spatial features; classifying the
selected spectral-spatial features using a classifier to give a score x2; combining the sbores x| and
x2 to give a Q&Y EEH¥Sand determining if the subject is in a concentratfSnf ¥at8Ba4¥d’on the single
score; 15wherein, the step of extracting spe.ctral-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 signalspyand , 20applying a common spatial pattern algorithm
to each of the spect al features using a CSP array to obtain the spectral-spatial features of brain
signals. 2. The method as claimed in any of the preceding claims, wherein The 25step of
extracting temporahteaprsfremditatasignalitaihenpotizisesiheisteps die comgarigputing statistics

of brain waggé%(m% gggag%g&ggpwag%&ge_g@&gda_gm%egﬁng_scgn@@g(@gng{th@ﬁ{aﬁstics into’ a
joint feature vector. 30 3. The method as claimed in claim 2, wheyein the st tlstlgs of tpe brain
waveforms BRSO RRSFE dRNSh IR VB S ACRIGTHRY lg%ﬁﬂ%e%{?ﬁag%i%eﬁguw erein said filter banks
compri§e |ovaterderizmdpaics GREDyshbe Tpplcatiofilteieaisth & pagdishaawitiedriabts. 31

executfion by the processor 1318. Intermediate storage of program data may be
accomplished using RAM 1320.

Figure 14 shows a flowchart illustraiing a method 1400 for concentration
10 dstection according to an embodiment of the present invention. At step 1402, temporal
' features from brain signals are extracted. At step 1404, the exiracied iemporal
features are classified using a classifier to give a score x;. At step 1406, spectral-
spatial features from brain signals are extracted and at step 1408, speciral-spatial
features containing discriminative information between the concentration and non-
15 concentration states are selected from the set of extracted spectral-spatial features.
At step 1410, the selected speciral-spatial feafures are classified using a classifier o
give a score .. At step 1412, the scores x; and X, are combined o give a single
score and at step 1414, it is determined if the subject is in a concentration state
based on the single score.
20
Figure 15 illustrates a schematic block diagram of a system 1500 for
concentration detection according to an embodiment of the present invention. The
system 1500 includes an input unit 1502 for receiving brain signals, a feature
extracting unit 1504 for extracting features from brain signals, a feature selecting
25 unit 1506 for selecting features containing discriminative information between
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
30 training data is used to generate parameters for exiracting the features from the
brain signals, for selecting the features containing discriminative information
between the concentration and non-concentiration states from the set of extracted
features and for classifying the selected features using a classifier.



5. The method as claimed in any of the preceding claims, wherein the step of selecting spectral-spatial
features containing discriminative information between concentration and non-concentration states
from the set of extracted spectral-spatial features further comprises the step of selecting
spectral-spati} Fagi#é%based on the mutual dependence of the feature Wi FE¥BELEYY the
concentration and non-concentration states. 6. The method as claimed in any of the preceding claims,
wherein the 10step of combining the scores xi and x2 to give a single score further comprises the
steps of: normalizing the scores xi and x2 ac%)rding to an equation (x-m)Ysx whereby mx and sx
are the mean and standard deviation of outputs from the classifiers using training samples to give xin
and x2n respectivelyyrd 586 sining weightbanl dneraipdohonefarded&Ebies MBI Tespectively;

and  cogahining R SEREER h e@bchitenfsrgidingdenamestitationidyite@n fatuegive a single

score. 207. The method as claimed jn claim 6, whergin sai ' ; d lated
accurding @%é"%ﬁﬁhﬁ‘iﬂﬁ?ﬁ!: b néal% %fisg%ﬁ% iﬁa@éif%%%%%%%%%@ |8n %@g{g@gﬁje extracted

temporal felfarsiiorbetyranrensssaieRet reacurepeaicl-SRinaI3E "nd p (p>0)
controlg theypowear Hairinthricaicriatiansoéphessm glelstercfc28ude T hre mietisdigdieitnged in any of

the preceding, ¢ ﬁ?é?ité!"‘&cﬁfeeig the. sten-otdetermyning it taeisHhinsh isina canpantiation state based on
urther

I
. S5 & . N . . .
the single score er comprises determining that the s IS in.a concentrati te if the single
score is higﬁ@?%ﬁ%?@%ﬁo@ﬁ%h%ﬁ@%ﬁb}@& ?g'fgr?]og(?n’as %%ﬁ%?e# a%?gr% i?ﬁ[%ﬁﬁie single score

is lower thadzaattseshedd i gEheratethothme iersinfrdarrasings the pratdamdreniiie Wikttein said
classifier compsesINRREMRG RO arRYRSMRRIFIN G Rliagve Disorninanbénalysitelassifier,

Neural Networks, Support Vector 35 Machines,,F, f : Assifiers, Fuzzy
Type2'8nd RIS %@dpvea&%PM‘é%ﬁ?r%f‘ Y%OToétﬁﬁéﬁoﬁh%ﬁg gi&c%%?ﬁ%%ﬁfr%%ﬁ%%%eedmg

claims, the fethessifvinbdrespiasind EaluretdFBoR T EMing data to generate parameters for
classifying the extracted temporal features using a classifier, for extracting spectral-spatial features

from brain Signals!tf%{ﬁ%!ee%&j)'agaciated by a person skilled in the art that numerous variations
and/or modifications may be made o the present invention as shown in the specific
15  embodiments without departing from the spirit or scope of the invention as broadly
described. The present embodiments are, therefore, to be considered in all respects to
be illustrative and not restrictive. For example, while the use of EEG has been described
in the example embodiments of the present invention, other types of brain signals such

as MEG signals or a mixture of both MEG and EEG signals can also be used.

20



S spectral-spatial features containing discriminative information between the egriggniratiemarid 1
non-concentration states from the set of extracted spectral-spatial featupgssawidt foy Klassiiyisg tive
selected spectral-spatial features using a classifier. 1011. The method as claimed in claim 10, wherein
said parameters comprise one or more of a group consisting of projection matrices of CSPs for the
OSP algorithm, parameters for selecting spec%;\l-spatial features based on mutual information and a
model for the classifiers. 1512. The method as Claimed in claims 10 or 11, wherein said step of using
training data to generamshearimeress TR FSRTHIRSe S B SRPE BFEBRBEHG §5RTing data from

subjects performig a set of tasks; and determining said parameters via machine learning methods.
2013. The method as c%%gni@ t&{%m&%g«h@g@}@,,ﬁa&%ﬁ@ﬁé@s‘ks comprises one'or more of a-group
consisting of reading a technical a&g}rgrgggg%n?ir%% mﬁ@&% %@tpg}‘ ig %@gﬁ@s_[g%lgges, relaxing and

looking around, and res‘iiﬁ@SWf closed eyes. system for concentration detection, the systern
comprising:-. a tswigoral feature extracting unit for extracting temporal features from brain signals; a
temporal feature classifyingdiinit fopataskifyatg thaiextraicted btempigra!features using a classifier to
give a score xl; 30a spegtralss| atigb&%u&%ract@mm&&t fotrsdrastngspeekiakispatial features from

brain signals; a spectral:spatil feature seleciing unil 19k sSlRELGL SRR ialsRalal fgatures containing

discriminative infGHRAHON DEfWeen the concentration . and non-concentration states from the
set of extracted spEfSREPAEE SERERITEEELGIE  al-spatial feature classifying unit for classifying

the selected spectral-spatisdifgatuties sritpd ehessifibrretigivisaiwesresion arfdpssifier .
' to give a score Xg; o : ‘
combining the s‘c‘iores’ 21 and Xz to give & singié score,; and

- detenmining if the subject is ina co_ricents;ation -sfate based on the
sihg'!e sc:bre;‘ ‘ ‘

15 wherein. the step of extracting spactrab-spatial features of brain
sfgnals turther comprises the steps of: o '

‘ extracﬁng respective braih. signal componants in discrete.

frequency windows using filter banks fo obtain spectral features of brain

signals; and ,
20 . -applying a common spatial pattern algorithm to each of the spectral
| feétures using a CSP array to obtain the spef;’tfaskspa’zial featurss of bréin

signals.

2. The meﬁ}cd as claimed in any of the -;preceding ctaims, wherein the
25 step of exiracting temporai features from brain signals further comprises
the steps of | '
- cémpuiing statistics of brain waveforms in each of a plurality of
electrode channeis; and. ‘
, concatenating the statistics 1nio a joint feature vector.
30

3 The method as ciaimed in claim 2, wherein the staiistics of the brain
waveforms are standard deviations.
35 4. The method as claimed in claim 1, wherein said filler banks comprise

jow-arder bandpass Chebyshev Type |l filters with a pass-band width of
4Hz. ' : '

Ameﬁded Sheet
IPEASAY



33 a processing unit coupled to said temporal feature classifying unit and said Bpgvtapispatod feature
classifying unit for combining the scores . x1 and x2 to give a single scqreanekfor Hetereibing ifthe
subject is'in a concentration state based on the single score; Swherein the spectral-spatial feature
extracting unit comprises:. - filter banks to extract respective brain signal Components.in discrete
frequency windows to obtain spectral features,@f brain signals; and a common spatial pattern array to
apply a CSP algorithm to each 100f the spectral features to obtain the spectral-spatial features of brain
signals. 1515. The system as claimed in claim 14, wherein said filter banks comprise low-order
bancipass Chebyshene TygoE| taiainas H‘Msctfaﬁﬁ WIGRFHPAgiims, wheres 1 qata storage
medium having &I@@d&h@@@ﬁ[ﬁ@nﬁ@i&&tfaﬁ@detraieaﬁ%ﬁw&o:rwmmm@g disoinpragrsystem to execute
a method for congenyafigndaiection. fhe aliied samarisinghedsiepssloensacting temporal features.

from brain S|gnals classi the extr cted tempo I fea;u [es ugl A %gsaléeétg giye a score Xi;
25extr5olct|ng speéﬁfaf:‘éﬁ’ iriaro“?ﬁ tir"’iarlﬁ%ll nals; selec nla spectral- gpatlal features

containing discrirateive ﬂwﬁﬂ’fméﬁ@ﬁ @iéﬁ@é‘gﬁstﬁé%%ﬁiﬁéﬁﬂ%ﬂﬁﬁ”&hﬁeﬁ%d@éﬁ%éﬁﬁ%lon states from

features with respect to the concentration and non-concentration states.

6. The method as claimed in any of the preceding claims, wherein the
10 step of corhbinin‘g the scores ¥y and x; to give a single score further
comprises the steps of:

normaiiznng the scores X, and > according fo.an equation (emyy/s;

whereby my and sy are the mean and standard deviation of outputs from
the classifiers using trammg sampies fo give Xin and Xgn respeciively, .
15 assigning wesgh*s W and wo 10 normalszed SCOres Xy, and x;r
respechvely, and
c.ombmmg the svoras xm and Xpn accarding to an eguation

X Wit¥an W5 t0 give a single score.

20 " 7. The mathed as claimed in claim 8 wherein said weights wy and w, are
| calculated acgording fo the equation w={y;)" where y, is {he classification

: aocurécy fn clagsifying the axtré::ted tempora! features if 1 = 1 and in

| classifying the enrécted_ spectral-spatial features if = 2 and p (p>0)

controls the powér of w; in the calculation of't'na single score.

l8. The method as ciéimed in any of the precedirzg claims wherein the step
of determining if the sﬁbject is in a concentration state based on the single
score furthsr compriseé detenmining that the subject is in 'a concentrafion
staté’if the single score is higher than a ‘t_hreshotd and that the subject is

C mot in a concentration state if the single score is lower than a threshoid.

S The method as claimed in any of the precedihg claims, wherein said

classifier comprises one or more of a group consisting of a Linear

- Discriminant Analysis classifier, Neural Nefworks, Support Vector

35 Machinlés, Fuzzy inference System, Tree-based classifiers, Fuzzy Type 2
and Relevance Vector Machine.
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the set of extracted spectral-spatial features; classifying the selected spectral-ggatialdeatsesqising a
classifier 30to give a score x2; combining the scores x1 and x2 to give &ksiesSconsanddetsrpuining
if the subject is in a concentration state based on the single score; wherein the step of extracting
spectral-spatial features of brain 35signals further comprises the steps.of: 34 extracting

respective brain signal components in discrete,frequency windows using filter banks o obtain spéctral
features of brain signals; and

applying a common spatial pattern algorit o each of .thér
spectral 5featureécljs-fﬁ@ etkgd ﬁﬁﬂﬁgﬁtgi%ﬁ%f&g&%ﬁgﬁ%ﬂgl (ﬁeaé%sr’e%s!%fr%%%gsignals. 17. A
meth6d for concenttisiorrtietestoist st methel e SRMPHINERAAd S BPEHTE DRRMRERg features from
brain signals;  sselestinehiealy eskaabiainiaghpiserintiaative informatianabstweetvconcentration and

non-concentration states from, the set ot extracied featres; classifying theselagigr;features using a
g

classifier to give a'score; 15 wherein sLibﬁ:CI de?;c))gndant tr ining, rg;atggnu e:ei:c\i,u ég {E%nerate parameters
for a Common SpP&RASFBaRaH [EXPFaIGEHINT FoF ' & brain signals, for

C lgﬂirrg&fngeiﬁecfea ures from .
selecting the featuvecgnecwtitaingng diserierlivaii@inforAvErBN IEWEEN 1k TofEEREEton and
non-concentrationsiatasdranithe.sabefextractechfatfine standertlassifyingl20tiie! selected features

using .a ClaSSIflerée%ﬂges using a ciassifier.

10 11. The mathod "as claimed in claim 10, wherein said parameters
comprise one or more of a group 'consis‘ting of projection matrices of
C3Ps for the CSP algorithm, parameters for selecting spe:tral—spétiai

faatures based on mutual information and a mode! for the classifiers.

15 " {2. The method as claimed in claims 10 or 11, wherein said step of using.
| " training data to generate parameters further comprises the steps of:
coﬂe.cithg fraining data from subjects performing_ a set of tasks; and

determining said parameters via machine isarning methods.

o0 13, The ’method as- claimed %n,‘claim 12, whersin said set of iasks
c:c:vmpriéses one’or rﬁore of ag'roup consisting of reading & technical paper,
performing‘ rﬁéhtal arithmetic with  closed eyés', relaxing and %ock\ing.
around, and resting with closed eyes. '

25 14, A system fér concentraiion detecﬁon,’ the system c_omprising:‘ '
-& temporal feature e'xtracﬁng- unit for extracting iemporal features
from brain signals; '
g terripcra'[ feature classifying unit for ciéssiﬁri_ng the extracied
temporal features using a classifier to give a score Xq;
30 a spectral-spatial feature exiracting unil foﬁ extracting  spectral-
spatial features from brain signais] |
a spectréi—sbaﬁa! feature selecting unit for se‘iec’cing speciral-spatial
features cbntaining discriminative information batwsaen the concentration
and 'non—c;onc:entration states from the set of extracted §pectra£-spatial
35 . features; _ _ 3
a spectral-spaiial feature classifying unit for classifying the selected

spectral-spatial features using a classifiar to give a score Xp; and
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determining if tHe 'subject is in a concentration state based' on the score 18. AsySRHLIOE/000141
concentration detection, the system comprising: 25a feature extracting Rei:foeexiraciingnteatoes from
brain signale: a feature selecting unit for selecting features containing discriminative information
between concentration and non-concentration states'from the set of extracted features; -

feature classifying unit for classifying the selegied features using 30a classifier to give a score;

wherein subject dependant training data is used to erate parameter, LSQRmon spatial pattern
algorithm for extract'ingatﬁg"f‘éﬁ?ﬂ}%é’%?ﬁ"f%% tr%iﬁasgfg?lea SD,‘O%{? 56 [(eugﬁnﬁat %%{f%’gtures containing

discriminative inforineiosiatresnatin et RRsRi BRGNS/ S5E5IRERtERCTYEes from the set of
extracted featurgs and forsl@ssityingdbesatectet] featistesnising ib bl ssifiert &nah 85 a processing unit
for determining igg@gg%ﬁgﬁgg SR 3 cenceniiation siatehased on the score.  19. A data storage

medium having store reon computer code means for 5in§truct-in% a_computer system to execute a
. ; = .exirag { s .
methaod for concentran&’f?%f@’t%@f%ﬁ??ﬁ%%sgﬁgé%g?ﬁjﬁ?lglngatﬁggs¥8bs o :%e;?tractlng features from brain

signals; selecting féteuresréentairiiggiscRRmEIFe RfSTSHHTH HerBENEEhdBntration and

non-concentratiofstalesiisanaibe setoehextsache Gleatre & ailassifyingahesisiested features using a
classifier to give g geore; , : ‘ '

a cormman spatial patiern array to apply a CSP algorithm fo each

10 of the speciral features to obtain the spactral-spatial faatures of brain
signals.
15 15. The system as claimed in claim 14, wherein said filter banks comprise

low-order bandpass Chebyshev Type U fiifers with a paes—band width of
Az, T ' : ‘

18, A data s‘zoragé medium having stored thereon computer code means for
20 instructing & computer sysfcerﬁ to exécute a mathod for cmjcelntrai;ilon
détecﬁon, the mathed comprising the s‘{epé of:
extracting temporal features from brain signals;
ciaﬁsifyiné the extracted temporal features using a classifier o give
a score X;: . |
25 ' ~ extracting spactral-spatial features from bréjn'signais‘;
selecting spectral—épéﬁal features containing  discriminative
information Detween e concentration and nen-concentration states from.
the sat of exiracted spec’tra!—spatiai features; '

classifying the selected spectral-spatial features using a classifier

30 td give a scare Xa;
- combirﬁng the scares X, and X to give 2 single score; and N
determining if the shb}ec‘c i5 in a conceniration state based on the
single scorz; :
wherein the step of extracting spectral-spatial features of brain

35 signals further comprises the steps.ob.
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wherein subject dependant ;training data is used to generate parameters for aOmBIErosRALAL pattern
algorithm for extracting the features from the brain signals, for selectinggbe-features;costaiping 15
discriminative information between the concentration and nenconcentration 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 thgscore. 20
‘ extracting respecfive  brain sfgnél componants  in discréte
frequency windows using filter banks 1o obtain spectral features of brain
signais; and
applying a common spatial pattern aigorithm to each of the spectral
5 features using a CsP array to obtain the spectral-spatial features of brain

signals.

17 A methdd for concentration detection, the method comprising the
steps of:
10 ‘ extracting features from brain signais;
sslecting features containing’ digcriminative information betwesn
concentration and non-concentration states from the set of exiracted
faatures; |
_classifying the salacied features using a 5§assiﬁer o givé a SCofs;
B - wherein subject depeﬁdant fraining data Iz used to generaie
'pararﬁeters for & Common Spatial Pattern (CSP) algorithm for exfracting
the features from.the brain sig_naié, for selecting fhe feafures 'Containing"
' discriminative information between the concentration and non-
| concentration states from the set of extracied features and for classifying
20 ine selected features using & classifier; and

dﬂtermmmg if the subjnct is in & copcentrafion sta’tﬂ- based on the

scora.

18. A systerﬁ for concentration detection, the system compjsing:
z25 | : a feature exiracting unit for emrabﬁn'g features from brain signals;
a fﬂature selecting unit for selecting features containing
discriminative information betwaen concentration and non-concentration
sta‘tes from the sef of extracted features; :
a feature ciass[fylng umt for ciassrfymg the seiected Teatures using
30 a c%msiuer to give a score A
wherein subject depmndant training data s used to genera’ne
parameters for a common spafial pattern aigorithm for extractmg the
f=atures from the brain signals, for selecting the fsatures contammg
discriminative  information between the concent ration and non-
35 conceniration states from the set of exiracted features and for classifving

the sslected features using a classifier; and
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35
a précessing unit for deten’hining if the subject is In a concentration

state based on the score.

19. A data storage medium having stored thereon computer code means for
nstruciing a computer system fo execute & methad far concentration
detection, the method comprising the steps of. |

extraciing features from brain signals;

‘ selecting features containing cilscnmlnatwe information beiween
concentration and non-concentratiorn states from the set of extracted
fegtures; | | |

Glassifying the selected features using a classifier to give @ score;

wherein subject dependant “training data is used io generate
parémeters for a t:ommon spdtial pattern aigorithm for extracting the
features from the brain sigrﬁais, for selecting the features containing

. discriminative  information  between the concentration - and  non-

concentration states from fhe set of extracted features and for classifying |
the selacted features using a classifiar; and ' '
~ determining if the subject is in a concentration state based on the

score,
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