DEVI CE AND METHOD FOR GENERATI NG A REPRESENTATI ON OF A SUBJECTS ATTENTI ON
LEVEL FI ELD OF I NVENTI ON The present invention relates broadly to a device
and met hoatof2oro/geseer ati ng a representati on of a subj ect PeT@GR@nD@a7 | evel ,
and to a conmputer storage nedi um having stored thereon conputer code neans
for instructing a conputing device to execute a nethod of generating a
representation of a subject's attention |evel. BACKGROUND Attention Deficit
Hyperactivity Disorder (ADHD) is a connon behavi oural disorder in children,
characteri sed by synptons such as inattention and hyperactivity. Today's
managenment of ADHD often |leads to the use of pharmacol ogi cal stinul ant
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sl eepl essness, poor appetite, physical growh retardation, etc. Recently,
there has been a growing interest in treatnent of ADHD based on
psychgsoEgl pIFARIENTIAIN hough i nportant, such treatnent has, to date, been
shown to be | ess superior conpared to pharmacol ogi cal treatnments. At the
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as el ectroencephal ogram (EEG and thus is a | ow cost and non-invasive

I nterface. Various studi es have denonstrated the efficacy of neurofeedback
(NFB) or BEELKGRaiUNDIback in the treatnment of ADHD. United States Patent No.
6402520 describes regulating theta and beta wave activity (nore
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5b EG) and thus is a low cost and non-invasive interface. Various studies have
demonstrated the efficacy of neurofeedback (NFB) or EEG biofeedback in the treatment

of ADHD.

United States Patent No. 6402520 describes regulating theta and beta wave
35  activity (more specifically, to decrease theta wave activity and increase beta wave
activity) as measured based on respective average millivolt activity. However, a clear
and direct correlation between the measured average millivolt theta and beta activities
and attention has not been established. Thus, the users invoived in the training
approaches in that document only learn to control their measured average millivolt theta
40 and beta activities, which are not a direct measure of atiention. As a result, while the
users may develop a mechanism for controlling the measured average millivolt theta and

beta activities, this does not directly correlate with achieving higher attention levels.

A need therefore exists to provide device and method for generating a
45 representation of a subject's attention level that seek to address at least one of the
above problems.



means for measuring brain signals fromthe subject; nmeans for extracting

t enpor al \fvﬁ%ﬂflo% 01:‘romthe brain signals; neans for cl a?éir)cs&iz&g &&%
extracted errporaﬁ features using a classifier to give a score 59 ;. means
for extracting spectral -spatial features fromthe brain signals; nmeans for
sel ecting spectral -spatial features containing discrimnative information
bet ween concentration and non-concentration states fromthe set of
extracted spectral -spatial features; nBans for classifying the selected
spectr al '§Bﬂﬁﬁhﬂka eatures using a classifier to give a score X2; neans for
conbining the scores X1 and X2 to give a single score; and neans for
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extratii ng of mieans énrponminifhegtielsceresix; amdbh¢o bivaiarsisdigsedre; amy conpri se:
conput i ng st at mebns foreiredeméing sad\seber toithe sulgacth of a plurality of el ectrode
channel s; and concatenating the statistics into a joint feature vector. The
statistics of Themeans ior presefdting meayrrgsent sait soate irdthddarimatfizogene. The
extracting of the spectral-spatial features of the brain signals nmay
conpr?&e: ext r Aot Megns éxspsesaniing aidisporsi rymaadaptively adiustsatileestiose ceuteol

f r equencypPaemetRief theigamefhaseepn Baifliesoreo obt ai n spectral features of brain
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me;
adjusting the relationship based on said representative value; and
presenting said game using the modified relationship between said score and
30  said one control parameter over a second period of time.

The adjusting of the relationship may be such that a level of difficulty of the game
in the second period of time is proportional to the representative value over the first
period.

35

The extracting of the temporal features from the brain signals may comprise:

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

concatenating the statistics into a joint feature vector.

40
The statistics of the brain waveforms may be standard deviations.

The extracting of the spectral-spatial features of the brain signals may
comprise:
45 extracting respective brain signhal components in discrete frequency windows
using filter banks to obtain spectral features of brain signals; and
applying a CSP algorithm to each of the spectral features using a CSP array
to obtain the spectral-spatial features of brain signals.



extracted spectral -spatial features may conprise sel ecting spectral -spati al
features based on the nmutual dependence of the features with resBect to the
concent r at PAYAHE%on- concentrati on states. The conbi ni HST@FZQ%’@ Cdbres x1
and X2 to-give a single score may conprise: normalizing the scores Xi and
X2 according to an equation (x-nx)/sx, wherein nx and Sx are the nmean and
standard devi ation of outputs fromthe classifiers using training sanples
to give Xln and X2n respectively; assigning weights wi and W2 to
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br ai 2% gnhals fromthe subject; extracting tenporal features fromthe brain
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give a sc poral features using a classifier, for extracting spectral-spatial features
: rom brain signals, for selecting spectral-spatial features containing discriminative
information between the concentration and non-concentration states from the set of
30 extracted spectral-spatial 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
35  spectral-spatial features based on mutual information and a model for the classifiers.

The use of training data to generate parameters may comprise:
collecting training data from subjects performing a set of tasks; and
determining said parameters via machine learning methods.
40
In accordance with a second aspect of the present invention, there is provided a
method for generating a representation of a subject's attention level, the method
comprising the steps of:
measuring brain signals from the subject;
45 extracting temporal features from the brain signals;
classifying the extracted temporal features using a classifier to give a score
Xy,
extracting spectral-spatial features from the brain signais;



extracting spectral -spatial features fromthe brain signals;selecting
spectral -spatial features containing discrimnative information between
concent r avoan10a1dc0AoN- concentrati on states fromthe set pofi/Sezxemactad
spectral -spatial features; classifying the sel ected spectral -spati al
features using a classifier to give a score X2; conbining the scores Xi and
X2 to give a single score; and presenting said score to the subject. The
presenting of said score to the subjec4d nay conprise presenting said score
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The extracting of the temporal features from the brain signals may comprise:
computing statistics of brain waveforms in each of a plurality of electrode
30  channels; and

concatenating the statistics into a joint feature vector.
The statistics of the brain waveforms may be standard deviations.

35 The extracting of the spectral-spatial features of the brain signais may
comprise:
. extracting respective brain signal components in discrete frequency windows
using filter banks to obtain spectral features of brain signals; and

gpplying a CSP algorithm to each of the spectral features using a CSP array
40  to obtain the spectral-spatial features of brain signals.

' The selecting of the spectral-spatial features containing discriminative
information between concentration and non-concentration states from the set of
extracted spectral-spatial features may comprise selecting spectral-spatial features

45 based on the mutual dependence of the features with respect to the concentration
and non-concentration states.

The combining of the scores x; and x, to give a single score may comprise:



The conbining of the scores X1 and X2 to give a single score may
conprise:normalizing the scores X1 and X2 according to an equation
(x-nx) / sx;yowhmygige4nx and Sx are the mean and standard ®€viS&Romo@B7 out put s
fromthe classifiers using training sanples to give x-mand X2n
respectively; assigning weights W and W2 to normalized scores x-m and X2n
respectively; and conbining the scores Xlp and X2n according to an equati on
Xi n*wl+x2n*w2 to give a single score.5The weights WL and W2 may be
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spect?al - spat il usg & H?'@g}g data to generate parameters may comprise:
collecting training data from subjects performing a set of tasks; and

determining said parameters via machine learning methods.

In accordance with a third aspect of the present invention, there is provided a
35 computer storage medium having stored thereon computer code means for
instructing a computing device to execute a method of generating a representation of
a subject's attention level, the method comprising the steps of:
measuring brain signals from the subject;
extracting temporal features from the brain signals;
40 classifying the extracted temporal features using a classifier to give a score
X1,
extracting spectral-spatial features from the brain signals;
selecting spectral-spatial features containing discriminative information
between concentration and non-concentration states from the set of exiracted
45  spectral-spatial features;
classifying the selected spectral-spatial features using a classifier to give a
sScore Xo;
combining the scores x, and x, to give a single score: and
presenting said score to the subject.
50



classifying the selected spectral -spatial features using a classifier to
give a score x2:- conbining the scores X1 and X2 to give a_single score; and
presenti n‘aoszglr%mé@ére to the subject. BRIEF DESCRI PTI ON EETH \id\eS
Enbodi nents of the invention will be better understood and readily apparent
to one of ordinary skill in the art fromthe following witten description,
by way of exanple only, and in conjunction with the drawi ngs, in which:
Figure 1 shows a schematic diagramill®@strating an overvi ew of device for
generating a representation of a subject's attention |evel according to an
exanpl e eghnsk %?b lEirng%FZTﬁ? N&sed schematic di agram of an

i npl ementation o tFile evice o I gure to one client according to an
exanpl e enbodi ERBbdinfenfli&ftha iMRANSn Fill bOVE: ﬁndthUéiE Qi JPpLRRE T or
concent r abi s dELRHArPRKACROME ROrbR RB BIRARY WiHenOded: Bidt] B Why of
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subj ect - dependent "nodel training approach according to an enbodi nent of the
present i nventﬁigare Fihowe & sshembtiadrghaialiistrafh®@h NAGEANSA ddvitst fort | Ng

t he connegdneainged VEREschtdiioh stk kobjestengliticmidval a8edaflyl &N afNSkatple

subj e - depesdlm@ht.t rai ni ng approach according to an enbodi nent of the

present invention. Figure 6 shows an imge of an experinental set-up for

i mpl ement i ng tHigumee? ixoal datiled gehanatif dibfiane saap irpiereadition Ivf thd-tewee 7
shows a fdfdigurbarto dnkldlieht adcbriihgtoraet detngio engetiiaiti Nng a representati on of
a subject's attention |l evel according to an exanple enbodi nent. Figure 8
showslfa schenefiggreds ajowsnai fidwehiartdliustrgiting @ompthioerfos gshaamirbtion defcttoent i ng
t he et hoatcarding {csareembbdintemt ekthepresemtbwdntment . DETAI LED DESCRI PTI ON
Exanpl e enbodi nents of the present invention provide a BCl -based system

t hat seeks to Figpieod dlusibriBs tar data rmehection. protacaipioo i suipjext-dependemt ofiode! user .
The BCl tteaininglapgioash acherdngdmanentrdsirdenteithe paesebigaveritiopl enented in the
f or m28f comput er ganes. Players can control, using their degree/level of
attention and figeeBEl sBevspa schemgtic Paclandiagrem diustating , the. gonrfection | unp,
raci ng catetipem a maiod {WZQ‘I"@%H?W@, detestioFiagdr @ subigebdgpendsohdiaining

di agr am | IARIRIGNARGREAIRG IR eMPediment akihe eeesepbinventiofener ati ng a
representation_of a subject's attention |evel according to an exanple
embodiPnent . THEOYEV? SBOWS AR BN#RS SEanLxmelimental ysegrdpi énplementing theop. . |
102n conrBEH ang syster} Ofdhe esaMple LB k connection 104, e.g. an
intranet or t Inte;nsgl'fo. The server 106 is al so connected to a,é)é ayer
nmanager 112 |'€W9?Prfef wS), tg@ﬁ'a I r}tﬁ‘&‘sfrﬁ?%@f c%nﬁ‘@glopofpr%ﬁaﬁ%féﬁ' f& ow f or
each gl i dRPrePBAAqL of RPURIESHH PIENHOI YR ASAPrIINGHE 30 $XRIPIe BPPPAIMS Yt es t he

start™of a se%_slbgrré, 8€s'r%wsb¥\ schematic diagram illustrating a computer system for

implementing the method and system of the example embodiment.

35 DETAILED DESCRIPTION

Example embodiments of the present invention provide a BCl-based system
that seeks to improve ADHD treatment, e.g. improving attention of a user. The BCI
technology of the example embodiments has been implemented in the form of

40  computer games. Players can control, using their degree/level of attention and the
BCl setup, various parameters of games, e.g. fish jump, racing car with speed,
puzzle parts, etc.

Figure 1 shows a schematic diagram illustrating an overview of device 100 for
45 generating a representation of a subject's attention level according to an example
embodiment. The device 100 comprises a plurality of clients 102a, 102b... 102n
connected to a server 106 via a network connection 104, e.g. an intranet or the Internet.
The server 106 is also connected to a player manager 112 which preferably manages
the interconnection and data flow for each client 102.
50



requesting the server 106 to provide a ganme. The client 102 then downl oads
the game fromthe server 106. A gane program 110 provided by the server 106
to the clwenniol0osonpri ses, inter alia, algorithm 114 msedckan/ovésa7 EEG
processing, analysis and classification, attention nodel 116 and the gane
118 enbedded therewi thin. Various types of gane can be devel oped for use in
t he exanpl e enbodi nent. Wile playing the gane the client 102 can save and
send i nformation (i e. data 108) back 2o the server 106 to update the
respective pl r S prn(iille stored on the player nager 112. In addrtron
the system 10 2 |Crlf§’ﬂi‘t1q2s“‘3ﬂ9%tﬁte efsﬂ‘ ?‘*@ abBeb bf
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displays presehted er in are not inherently related to any particular computar or other
apparatus. Various general purpose machines may be used with programs in
accordance with the teachings herein. Alternatively, the construction of more specialized
40  apparatus to perform the required method steps may be appropriate. The structure of a
conventional general purpose computer will appear from the description below.

conput er

In addition, the present specification also |mpl|C|tIy discloses a computer

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

45  steps of the method described herein may be put into effect by computer code. The
computer program is not intended to be limited to any particular programming language

and implementation thereof. It will be appreciated that a variety of programming
languages and coding thereof may be used to implement the teachings of the disclosure
contained herein. Moreover, the computer program is not intended to be limited to any



program in that it would be apparent to the person skilled in the art that
the individual steps of the nethod described herein may be put into effect
by conputwo 20mdg160¥he conputer programis not intended tPoTIS€2009w0438d t 0 any
particul ar progranmm ng | anguage and inplenentation thereof. It will be
appreci ated that a variety of progranmm ng | anguages and codi ng thereof may
be used to inplenent the teachings of the disclosure contai ned herein.
Mor eover, the conputer programis not g ntended to be limted to
anypartlcul ar control flow There are nmany other variants of the conputer
program ReRiceler camiral dlawdThers asn manyrathes) varipaiaet die renpUtEpagrEhgvidhom t he
spirit orcagdspaifigrent FRé"tthYﬁ‘i‘”g}?Ut t=partingfrant Be spiik obycons prthefinveRiiorst eps of
t he corrputer g;rlu ram rra performed in araIIeI rat her than sequentially.
t
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pr esent atgrdentaaen nfodaikto 1M M'!h %Elhmt!l Lb%ngr%%r(ﬁ';rcﬁn% dﬁémég"%é {on s 8@ ack to
a subj ect(id ipiferRogyer) 202). In the exanple e phyS| ol ogi cal
dat azacqui sition nodul e 204 obtains bio-signals fromthe player 202 and
provides the nesmd texamplet BRbSAIMBAL I1AE WhobiBRbicaIN aAR AN RiIshRBA- mbBfe addsent i ON
det ect i Orbtadtel bloSsigHas ramt e pRiyeN 202 tarldo pkdific3 ARt fex@itsC BNt lattBREIH € 210.
The i nt erdesz@orcMBiille ROGDIhe! Rterildh dutstio essufls bienk 1S biRIRd thBheaiBplivey €
control rodbem@dile 210. The iRedaRN taitiod ndtRflbeo Dtdviddshy SinR| eaivés tHat a
acqui2i t isdaptive cohieol @xanitiil 21 0eandank prBéntafidrempdiys 4. 0gi cal data acqui sition
nodul e 204 is used to record physiological bio-signals fromthe subject

202. The bi o- Fhysialagical datedacquisitioh ect r oencephal ogr am ( EEG ,

el ect r oocul ogirathe EcB)ple ehdotinemy,oije aony¢iadbtical dité faegasitiors engiale 2MNisages can
be used fused thaeeord physigingica mid-signaiefrem drgpsubjestrdoR] iMive io-sifitls iexladpte, for

st i m3Pat ietagirdenrenitiaiograamp plEEE! | elastrqoeuiggraR80(Ed@s edlegaommsygranEEERGYNal s ar e
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at t ent i ofro£ @ample, fEEtnyfajinaidependent ebplisetiarns (erarP300pbasetirgameas), BEGa. | n

t he exampiodalsriie gPiRstad frare @EREakpayitel segigreof the scalpabwredlurtarp @dtantionf i | t er
bank to I58NYRJRER Ssigpals aracaliapied famsa pratiental eiea. nunber of bands N is

vari aBl e dependi ng on the tasks
in the example embodiment, the EEG signals are first passed through a filter

bank to be broken down to sub-bands, where the number of bands N is variable
depending on the tasks.

40 Let X (¢#)be the multi-channel EEG/EMG/EOG signal, it is filtered to generate
N sub-band signals:

X;@)=f(X(®),4,,B),i=1,...,.N (1
where 4, , B, are the coefficients of bandpass filters.

45
The filters in the example embodiment can be Infinite Impulse Response (IIR) or
Finite Impulse Response (FIR) filters. In addition, by excluding the lower frequency filter
(0-4Hz) in the example embodiment, artefacts are advantageously removed and
detection accuracy improved in the later stage.



Let ( be the nulti-channel EEG EME ECG signal, it is filtered to generate
Nsub- band signals: X (t) =f(X(t),A ,B,),i =l,...,N (1) where Al,B are the
coef fi ci ew0O20mfo7@adpass filters. The filters in the exaoplse2enmodsment can
be Infinite I nmpul se Response (MR) or Finite Inpul se Response (FIR) filters.
In addition, by excluding the |ower frequency filter (0-4Hz) in the exanple
enbodi nent, artefacts are advantageously renoved and detection accuracy
inmproved in the |ater stage. The filtered signals are then sent to spati al
filters corresponding to each frequency band. The spatial filters in the
exanpl e enbodi_nent are based on Common Spatial Pattern (CSP). The CSP
filters are traPnBteres, signpls: araifian senti tnspatal ek icomesPnging Wafa@hces for
two cl asé@gwraﬁyotrawédﬁ t'§ tqr%m therexpmplecembodirant areaped omGemmopy(t) |
is given %P?'%Peﬁ*@"wq%*’ %’et’fiaawdd%mpm maytzatignainmizaien phe

st at i @narte yprignices for itwe ehassemdvctl . Jbk shaiialip filteket signal tohe” bamthEit)s | frati al
patterns.givBhesspatially filtered signal given in Equation (2) maxim zes the
differences in the variance of the two classes of EEG nmeasurenents.

However, the vp(tpamp@)of onIy a smal | nunber mof the spatial ¢$jltered

signal are us nbodi nment as features for cl a55| fication.
The first aﬁ&efe 'S‘reﬂaévség pr??? OSrWtaxfeature vect or O, = log(var (0) /
vax(Y, (O) (3 varCF %p% Ya§t+t) a)&t {Yét+t) é where , and
t2 are the st thrﬂ Rdnp gt ipRask, spatiah filkers iahg t ﬁ@lwme ectdeéy. The

feat ure \FEEWRS ? Rﬁﬂ&éfgs, fl h%épawyé'#@refioﬁlwhgw n i FEHRIONAR) MmpxEniEesCsp
feat ures ¢ Sﬁmegetﬁ'ﬁ?%'&ﬁﬂ%" ?”F%Iof Bifstwey claspes ofdpEG meaSU@np@nts Howsyen, fhe he

met hod arf@ranrse Y acHE" BYARET & %fﬁB%aP%hfd'ter?%%g'@'?E%‘ﬁﬁdé“ hegmelear e used
f or étsterﬁmhﬂﬁ"r@%ﬁ@étf?@tﬁresgéé sgificafigacihe ontfskand dast revesf f@Homes are
sel ect ed ragtdrefVel@t Iy a classification is applied. Attention detection
Cenerally, in the attenti on, detecti on nodul e 206, advanced pattern

recogni tion ho exanpl e enmbodi nent to proc t he

i ncom ng EEGng?gngl%(‘gﬁg(??ggjﬂﬁ@ into attention/non-attenti Sﬁsst ates
with a quantifiable segre to indicate the | evel of attention of the subject
202. I n addi tlvm(,Y(t)D]e Eﬂeﬂﬂmu)m’d%(ﬂ’ﬁtﬁ-l’tb)ﬁﬂ)f the exanpl e enbodi#ent is
capable of dealing with«two types of scenarios. In one scenario, the

subj ect 202 i whereeseaied, afet hestdtartihg #d ehbiigg Efies Sofr @Coidld@ inddw t 0

noni ber tBgheRfldyci patory aspect of attention, to classify signals which
relate to the task presented. This is naned reactive / dependent

The feature vectors for classification are formed by concatenating all CSP
features from sub-bands as foliows

25 o' =[0!,0....,0,] (5)

In the method and system of the example embodiment, these feature vectors are
used for attention detection. Based on specific tasks, different features are selected and
finally a classification is applied.

30

Attention detection

Generally, in the attention detection module 208, advanced pattern recognition
methods are used in the example embodiment to process the incoming EEG signal and
classify it into attention/non-attention states with a quantifiable score to indicate the level

35  of attention of the subject 202.

In addition, the attention detection of the example embodiment is capable of
dealing with two types of scenarios. In one scenario, the subject 202 is presented with
stimuli and the EEG is recorded so as to monitor the anticipatory aspect of attention, to

40 classify signals which relate to the task presented. This is named reactive / dependent
attention in the example embodiment. In another scenario, the subject 202 voluntarily
directs his/her attention to the auditory and/or visual stimuli, and this is named self-
paced attention. Thus, the attention detection of the example embodiment preferably



attention in the exanpl e enbodinent. In another scenario, the subject 202
voluntarily directs his/her attention to the auditory and/or visual
stimuli, woadotoi7seoks named sel f paced attention. Thus, tRETSGREMDEGBIT
detection of the exanpl e enbodi ment preferablyprovides a useful means to
tackl e specific aspects of attention such as spatial, verbal, and object
orientation. In the exanple enbodinent, to use attention detection in ADHD
training session, a score Sa ' represqpting the IeveI of attention S

obt ai ned fron1the attention detection nodul e 206, i. " F(O,Aa) (6)
where F QEYiless usalidimenns teytagle spcificaspees fof am@quasvpfbﬁs (seytlaémwrtaah
denot es BAEPIEpRrgRAIRRs for attention detection, which is built upon the

EEG EME EOG data col l ected during a cali brat er| od " the subject
s asked (o it fererPEp e Ll g e EERTPR S AR GBI Se5508n
exanpPe @EngrosE reRreesntiog thsblews! rfrajtentien iscehtaingsh front theratientiorh detentiasi gnal s
| s descr infxeld 206¢é.ai | and naned "Hybrid EEG Mbddel". Figure 3 shows a
flowchart illustrating a method 300 for concentration detection according
to an enbodi ngyit— g got heypresent invention. In step 302, rrulticZ@nnel EEG
acquisition is per or néd using a real -time data acquisition and processing
platf In one e the data acquisition and processing platform

i npl dBent s ¢ ndeE Fé%p PAlgS Jtieghien. R RsbtpEatle o EﬂH@imnMéh@agcfgn denofgs i s
first usewdebpareamstere farradiertial ¢etestiannwhiclyimbgilt upbre ther EEG/EVI@MG datee t hen
r ecor ded collastadAguigTl aelceliiratinge pepbdc wemnthehsubject dseasifedt ie petarms head.
The di gi tett@@rona@laxai@nﬁ@ﬂkSt he recording of the brain signals works at a
sanpling rate of 250Hz. The recorded brain signals are then filtered via
tenpdbal filt éritegfdlowingmer examgle imgemeniayiomof sbirdmgl theesgors | Swfromy es

usi ng forth@mm.gnan@.s‘i&&nﬁw@rn dhtsil hd nBbY eyRd EEGINidd Wi th a passband
of [0.5Hz 40Hz]. The filtered brain signals are next downsanpled by a
factor of 4 lmgmrréie; shews €4 URdivdnaet I0BPakmt hORRhGO Db etk tdonckhtraticpP 304,
Wi ndowi ngleittlol RBcdiPGED HMEmBO@ et bP IHEEPresShERvERbnS § 8&pbS3(e, @edifi-ode
chanpel s chénidt BEES bequisitiGe I8 Efrforid8  LSIBENE N@aftha Gataeasauigitioh GHanks
using a pusudissigg WIdteom. Y one GRampiNthd RatanbEflaitich Z6d prstessing tpigicem ar e
det er m nédplegients thedoliwigy siepa. A NMugpnpsQiéviek $ronT REMYSANNIALSIE filshds&d foef act s
t hr ough idasernei thg.scaip Isiaepsigids. TraThbeirmkighaiatare ehax recaedddofiorn SAgAgEIor med.
St ep 306 eEoirpdese plas¢datonsthiecsuriage hofathet heer'st ewdiarthed digitiagr devied férhthewi ndowed
and PP e- peaodins efltheHBainasigatr werks rat easdmpling maiel of ZH0eizsThd irexdordisl larmim t hen
concat enaigedisiant thea fjlteiedtvief eatporas filterdigon.refbes hightiieresncg coses iaad tvegn i nput
to step 30%. wavessusiy B0&xample) asSidrier digitl Buttasvorthdilier witha Bissbandoant
Anal ysi s [q-Sibr3d0HE] sTherfjlfecateimain gignelsmre dexd dloansarapled by afactoraiglireondér to

i ndi cat i iefuckénd darariutational cofmpteridy.hypot hesi s whereby the hypothesis is that
the gygbject is in a state of concentration i.e. with focused attention.

Qther cl assi fi£E&@p 304, windowing and pre-processing are performed. Step 304 selects
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 aiso removes noise and artefacts through

35 filtering.

In step 308, temporal feature exiraction is performed. Step 306 computes
statistics such as the standard deviation of the windowed and pre-processed EEG
waveforms in each channel. The statistics are then concatenated into a joint feature

40 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
example Xy, indicating the likelihood of the hypothesis whereby the hypothesis is that
the subject is in a state of concentration i.e. with focused attention. Other classifiers
that can be used include Neural Networks (NNs), Support Vector Machines (SVM),

45  Fuzzy Inference System (FIS), Tree-based classifiers etc., and their variants such as
the Fuzzy Type 2 and the Relevance Vector Machine (RVM). Steps 306 and 308
form the temporal feature extraction module in the method 300.



that can be used include Neural Networks (NNs), Support Vector Machines
(SVM, Fuzzy Inference System (FIS), Tree-based classifiers etc., and their
vari ant s woehiagidohe Fuzzy Type 2 and the Rel evance Vectraom/Skaahiones3( RVM) .
Steps 306 and 308 formthe tenporal feature extraction nodule in the nethod
300.1n step 310, an array of band pass filters i.e. filter banks is

I npl emented on the wi ndowed and pre-processed EEG Each filter bank is
centred at a particular frequency, sampled at a fixed interval and is used
to extract the EEG conponent in each di screte f requency w ndow. For
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el ect r odeFuethemmee SEgiBch i kS tbia mamker ted 'S aeg e@mpdhehhwrn GRNPeRent in
one chanmetbel ot seletiatliahstote dhennie Bnd\haBthé ermey af sanples imttid €€g of the
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] ) WBWWT =D, WS(2)WT =1 - D (8) The spatial filtering paraneters
i.e. spatial patterns such as tI‘EEfB.tI’IX Ware learnt fromthe exanpl es of
the 380 cl asses vi &f@)ﬁ%ﬂgﬁﬂmﬁf podel training approack?whi ch woul d
be el aborated |ater. The CSP &“ 4y’ /firbduces an array of spectral -spati al
features, each repneEsem’izg,t mz@mwergy—af the EEG conponent prggected onto
a particular spatial pattern. Such an array of features is usually

overr edundant 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
35 approach which would be elaborated later. The CSP array produces an array of
spectral-spatial features, each representing the energy of the EEG component
projected onto a particular spatial patiern. 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

40  (i.e. redundant) features are removed.

cp‘:i

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
45 states. This set is determined through a model training procedure via a subject
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.



since not every spectral-spatial feature is associated with the
concentration or non-concentration state in the brain. Preferably, the
unnecessawg 20i0/@16onedundant ) features are renoved. |n strep/S&rdns/0a033ut ual
information feature selection is inplemented to renove the unnecessary
features. Step 314 selects a set of features that contains the

di scrimnative informati on between the concentration and the
non-concentration states. This set is geterm ned through a nodel training
procedure via a sub ect dependent nodel training approach which woul d be
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met hods sexampdes peis BeMtol 4. near wei ght ed regreSS| on. Weights W and W are

cal cul ated according to the formula w, (yi)p where y is the

cl asgisfication accuyracy ef, Lhe sypdul e aI one and is obtained vi }ral ni ng
sanpl es, and p (p>0) co’htrol s’ the power of the accuracy's wei ght in the
conblnatlon In one _exa P sset tol i, *i +2*2(9) In step 320,
a quantltatlve §tePpit0 3 uan fita \éf'eﬂ‘étPHtt'gdsgBE%@tﬁée of the large cross-subject
vari ances in EEG patterns, a subjectdependent nodel training approach is
used in the ermscavsreof §h@ﬂar’ghecrp$83s@1¢ct|\twenc¢snm EE®Ipatiemst hesymgecnet er s
and rAfdeldepepdentaodelt fiainingoapprpach lire usedjie dhe dupkerimantsnofitie present ng

appr oach inyentige teekigis the parasaetasnans mpdels fortbe duetiaoctdPq.ect i on sessions are
i npl emrent ed to coll ect a subject's EEGs during navigated sessions. Figure 4

i|lustrates alfath® csHhiegtdepgndent model training approach in the example
embodiments, training data collection sessions are implemented to collect a

35  subject's EEGs during navigated sessions. Figure 4 iliustrates a data collection
protocol 400 for the subject-dependent model training approach according to an
embodiment of the present invention. The protocol consists of 4 different tasks to be
performed by the subject. In task 402, a subject is required to read a technical paper
hence, in this task, the subject is in a state of concentration with his or her eyes

40  opened. In task 404, the subject is required to relax and look around hence, in this
task, the subject is not in a state of concentration and has his or her eyes opened. In
task 406, the subject is required to perform mental arithmetic for example, taking
400 minus 7 repeatedly, hence, in this task, the subject is in a state of concentration
with his or her eyes closed. in task 408, the subject is required to have his or her

45  body and mind in a resting state with his or her eyes closed, hence in this task, the
subject is not in a state of concentration with his or her eyes closed. The ideal level
of attention for each of these tasks is plotied in Figure 4 as line 410 whereby the
ideal level of attention is high when the subject is required to be in a state of
concentration and is low when the subject is required to be not in a state of



protocol 400 for the subject-dependent nodel training approach according to
an enbodi nent of the present invention. The protocol consists of 4

di f f er entwoasio7i@4be performed by the subject. |In taskPCORG2609906332Ct i S
required to read a technical paper hence, in this task, the subject is in a
state of concentration with his or her eyes opened. In task 404, the
subject is required to relax and | ook around hence, in this task, the
subject is not in a state of concentrati on and has his or her eyes opened.
In task 406, the subject is required to performmental arithnmetic for
exanpl e, QORREH t'@OO'”rﬁWa’?‘H'%g%FEH??’C is FRared to fakerrast ingsfew sas6iogifibj ect i s
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1, the répé,ﬂgitgzeggspatl al COVgI’I angeSS of B?ﬁ'%m ghrrggsﬁ}rgeﬂn%n?saﬂag conput ed

according to Equation ( In Equation (10), Eis an NXT matrix

representing the raw urenent data of a single trial, N({® the

nunber of channel s, Tf’ia%e( nunber of neasurenment sanples per channel,

deno®és the transpose operator and trace(-) denotes the operation that suns
the di agonal & &iis thes cenpesite GpatialaceyeEENge Ea istcompried Recardingots t e
spatial dmvatiomr(t®). dniEquatopyt ¢ the apatiaingovataheg af iong distlibdfon I Equation
(11, thaehnBloethe G04ABL B0ECHR A0 Sr dhci &k é&’%ﬁoo%{}]l bfis hRKaASifudxe Lhe

average over the trials each ass and ass i1 ndex. Sc
+ S24301 1) 20=21+22 (11)

In step 3, the whitening transformation matrix P is computed according to
Equation (12). In Equation (12), / is the identity matrix.
35

P P=1 . (12)
In step 4, the whitened spatial covariance of the two classes is computed
according to Equation (13). in Equation (13), =, and %, share common eigenvectors B as

40  shown in Equation (14) where / is the identity matrix and A is the diagonal matrix of
eigenvalues.

%, =PZP and T, =PZ,P' (13)

45 2, =BAB' and I, = B(] - 1)B' (14)



In step 3, the whitening transformation matrix P is conputed according to
Equation (12). In Equation (12), / is the identity matrix. PSC"' [/ . (12)
In step Awothw/ordotened spatial covariance of the two clPaFse200990@3Nput ed
according to Equation (13). In Equation (13), 1 and S2 share common
ei genvectors B as shown in Equation (14) where / is the identity matrix and
| is the diagonal nmatrix of eigenvalues. S, = PSP and S2 = PS2P" (13) S,
=BIB' and S2 = B(I-X)F (14)In step 5, 14he CSP proj ection matrix Wis
conput ed according to Equation (15) Equat i on the rows of Ware
the statigparyn Pather CEPapraiestieon m?é%éfﬁ Lﬁwﬁ@mawten/acpom@ {hEqesligfon
spati al pfg n UQRP”F(1I5) qy%ml"‘ﬁeogd@{t?rﬁl the; ptationaty spgkial fitersrand hengl e
trial EEG ”i‘%saﬁ eRraiNGHFUNAG EOAHEYRALPBR (16). Zz = WE (16) Equation (16)
is qul valent to eﬁqt}atlon (2). The spatial filtered signal Z given in
Equat ion (16) maxi 7ek'fthe difference in the variance of the tth® classes
of EEG rreasur nts L ener.al he vari ances of only a small nunber m of
t he spati e Rajiak i E)‘%&Pss'%ﬁ 6@ ggdlectip  FES 1"-:0}s giveR SoFPEig Bh The
signal s Z% aﬁ i1 ). 2m} that nmaximze the difference in the variance of the
t wo c1l asses of EEG%;: gyjssom ated wth the | argest eigenvalues | and (I-1)
I'n '8ne exanpl e, the signals are used to formthe feature vddPor Xp

gi ven in Equat 1 Wnere ature vegtors X are inputs to the
classifier. éé’r‘ﬁaSé Rq)(‘ﬁg?q‘{} ?’fg‘? eg'a\?t(oi' )%' -J (17) Equation (17) is
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B Aevied & @%?"rﬂ fgf%e NN FEBtr G 7Y EETSRY T5BIUE ned i
Egﬂzlt?ﬁgﬁ it? g‘nﬂe"}pél t8% gﬁ% 8fng cl asfwﬁabel Y, the mutual infor ngfi olnn

between the two randomvariables X and Y is given by Equation (18). In
Equation (18), H(X) anot es the entropy of the feature variable X and

H(Y| X) represeniys & GQ@I Q@J(Zep ropy of class |abel vari thg Y given
feature variabl e’X e erf’t y anﬁl he conditional entropy are diven

respectively in Equation (19) and Equation (20). 1(XY) =H(X)-H(Y\ X ) (18)
- Equation (17) is equivalent to Equation (3).
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
dependence of the features with respect to the classes. Further details of the mutual
30 information feature selection process are as foliows.

Taking into consideration a vector variable X for example, CSP features as
obtained in Equation (17) and its corresponding class label Y, the mutual information
between the two random variables X and Y is given by Equation (18). In Equation (18),

35  H(X) denotes the entropy of the feature variable X and H(Y|X) represents the conditional
entropy of class label variable Y given feature variable X. The entropy and the
conditional entropy are given respectively in Equation (12) and Equation (20).

I(X;Y)=H(X)-HY|X) (18)
40 H(X)=~ [xp(x)log, p(x)dx (19)
HY|X)=~ | p(x)Y. P(y|x)log, p(y | x)dx (20)

xeX yel



H(X) = - jxp(x) log 2 p(x)dx (19) xeX H(Y]X) =- P(X) P(y Ix) log 2 p(y |
x)c (20) xeX yeYln one exanple, the nmutual information feature selection
process iwolmegidohe foll ow ng steps. In step 1, a candipdatse2emiooess7 d
features is initialized as F ={f , f2 fd} and a select feature set is
initialized as a null set Fopt = E > . In step 2, for each feature fk in
the candi date set, a tentative feature vector Fk = Fopt u {fk} is forned.
Next, Fk and the Nave Bayesi an Parzen 1@/ ndow are used to predict the class
| abel Yk. The nutual information of the predicted class |abel and the true
| abel i.e. | (¥kongexpaplendie puialindermation deaiyepselactien peagess inciudesiifiec h
nHX|mze§°l°("’WGSt%sls then selected. In step 4, if F = and the gain in the
mutual information is |ess than a preset threshold d i.e. I(Yk Y) | o< d,
the process is termnate in.ste n step 6,

t he candi dp ? n%s g Lﬁj‘ﬁ’\;‘ Wﬁ%@?eéja‘%sfhé“sel ‘ectr ft}é'a‘ij?re set
i s updat 95, I?t’ffﬁs tig1 L?Sﬁ'? ‘s@t ep 7, if the candidate set is
enpty, the process |s term nat ed. CIhervvl se, t he process is repeated from

step 2. Inth e dlrre eestoa urefrom
af1l ter ‘? t°r f&. frn }gn ?L{ﬁég ate'arﬁr nghre Y?%‘t The
mut ual jth nts as
descr, be \; gf e\Q"e CtF e, After
the fdat ?“8 Pon'id §"1 § gorrpl et ed the sel ect set of featur es

i ncl udes the CSP features determ ned as "inportant” or characteristic for
concentration t he | abel ed
sanples. This h‘ggtrteﬁ {hg ﬁ]r%gdwﬁghh%gfg{'#mg n‘awt %l{he% ?eted sel ection process
when processing unl abell ed data for concentration detection. Thirdly,

model s for the, glBssif F& s Jnf thd lﬁqnl't‘t?éjnﬁl% ﬁ{&nﬁtﬂpﬁ'l '?rYa é‘ reset
SEETI P el et gttt e R

npl €s. 1n one éXa Sitive
Iabels if they are recorded fromthe concentration tasks and negatlve

label s if they, Qt% 6" ﬁt%%raqggatfe mshpgatgﬁ ‘3}/ g%ﬁghfn@éeag@he %& fealt rre sg

I ne rom e SU

exanpl e enb h
dependent t‘?q%t%fdaopprgg%th §§H be used to recreate a nodel for

concentration detection usi ng a conputer program In one exanple,

set upjconfi guy nel
or 0j é&étl cﬁ?o Ir%tjeBﬂ’ flﬂér%’rﬁ rbelk ?E%t?s[ ﬁW&& tﬁ%n#élég |Sste nr%r&atgg (bltqgr%vée[ ﬁ'x
each CSP ﬁter P5"be selected for the f||ter banks, and the -
wei ghts to be used for conbining the outputsfromthe tenporal feature

extraction mogyiR SBkhpldEnSRAAEAE] 2 RBRK Alfert 85 WP RAIFERbLh U TIEPHE-
and can take on different values at different instances. The mutual information feature
25  selection process in the example embodiments as described above is applied to the
training set with labelled samples. After the feature selection process is completed, the
select set of features includes the CSP features determined as "important" or
characteristic for concentration detection based on their mutuality amongst the labeled
samples. This set of features is used during the feature selection process when
30 processing unlabelied data for concentration detection.

Thirdly, models for the classifiers in the method 300 are obtained by the
traditional Fisher linear discriminant method, using labelled training data samples. in
one example, the labelled fraining data samples have positive labels if they are

35 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

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

40 concentration detection using a computer program. In one example, a
setup/configuration file is created whereby this file includes the projection vector and

the bias of the classifiers, 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



Figure 5 shows a schematic block diagramillustrating the connection

O

|tirre

between a nethod for concentration detection and a subject-dependent
t rai ni ng wpprwaohcoaccordi ng to an enbodi nent of the pre®EmSGo09®ne330DN. | n
one exanple, units 502, 504 and 506 correspond to the subject-dependent
trai ni ng approach, units 508, 510 and 512 correspond to the
spectral -spatial feature extraction nodule in the nethod 300 in Figure 3
and units 514 and 516 correspond to tHé tenporal feature extraction nodul e
in the t ho 300 i n F| ure3 gur tralnln EEGs are uired from
e subj 4 ichrnhed S et e A i e e ene
training | ?%'05' i on sessi ons I mpl enent ed in the subJ ect - dependent
training appraach i t e exa ni n technlques
are then Japl uﬁig iy f\gfs‘% ﬁ'&a gﬁ?ﬁﬁ q'ﬂ'gj ?thégf 320‘ d%t Ylaction
tra'mngaw o o @rs%né‘ Aol r%%eHmn 2 3 M ing
unit 506 | 55%4 an Iy n Wa% o nodel
for the Aot Qwa ik L r?  the
classi {1 GAE SR Hid §§‘£ B E% api ag%
EECS 10! N f&410 Stractiod'nfd ﬁle‘%ﬁ@r@ thod '!L%o ﬁgﬁ ra@t M ‘g
i npl ements steps 310 and 312 in H gure er eas the feature extraction
uni t 514 i npl geidipe tGrhiRg BOEs 48 &Qgﬂréd Gm HRE shigatirgnafhirgt hn unit
510 i npl %ﬁ‘ﬂﬁnﬁnéh%ét@ﬁuﬁéﬂ takS U B&dP e tR ﬁu Q'CSI?éc‘tIQH UBddishs 516 and
512, i npligpRMentdePm 38 aBie3l8epdhdehUirSini W@éth%y tl’\‘@ereﬁéﬁl fhe
POSt 4B 0GAEHGerEl MBRGel 153Ha rtb§hr§c§1ﬁ%3al%18ném%§lgﬁwehféd:'lrglt!l"s@lg?’theThe
advant agemirey EeELemh Mg Febﬁ:r@'&ﬁétﬁ&?xnﬁrﬁnmb dritesdd, 688tte s8EISH BBInfRN
i ncl ude: unitr30dl sind tihe MEidING Gt 50eN6 enGUrat s, OThig 6l @d IDhaih Mthé h@q@?@@@' €
enbodi memasaristens sk madepie thidicaitte xtrhdtitini it S0 FeutareOfelbdiRn UMY B0 ' S
at t ent i ormndrthe dassifidatiohiunits 5¢2 @hdtS8tior the BAlineDprR¢Eskth byrearymeERd®e pri or
arts20The nethod in the exanple enbodi nents is subject-specific and uses
optim zed par &anEigerss5, iOroricheaatdie rthé saaturetdxtraptioronninb0s immdiéadsisatepsbased on
spect ral foandrid? imFouee 3wiidneasthierfeatutepentraction aaik 5y4 haglesheats théeiepver age
of a | ar §06sdh efiditiesulths fmatira ecelepim amit PBa0Of onplechentst then stepaBnow r ange
t 0 det ectructherrores tiei dassifRatior xaitp |66 arues 12anmpleoamt biepeXA08ratidng1d mom t he
mean 21 nirgure @ respectively Wheieasitbe post-proeessiranupit G20 timplestentsl aleps A8 at i on
of the r@sdi38.in Fghee3. t he method in the exanpl e enbodi nents is nore
accurate. Furthernore, in the exanple enbodi nents of the present invention,
an accurate sdbeadvamages senfairer @y dbatamhedimsns ahiha hresenisinvengiontcemt i n
(near) r&®ludei me situations when a fast and accurate score is necessary.
Secopdl y, the hybrid nodel approach inplenented in the exanpl e enbodi nents
of the presenFirkiy efd hEIhdR IR conkbnfhticR HEielionGh thdexdkblel dhBodiments
consi der arévadbs P&Liukate YublfiitatineARaSlrsRA e middts attBRtidEaMMkbntradtal i al and
spectral level that is not provided by any of the prior arts. The method in the exampie

embodiments is subject-specific and uses optimized parameters. On the other hand, the

35  prior art methods are based on spectral features alone, with their output typically based

on the average of a large set of results and a comparison performed within a narrow

range to detect concentration. For example, the range can be extending from the mean

minus the standard deviation to the mean plus the standard deviation of the resuits.

Hence, the method in the example embodiments is more accurate. Furthermore, in the

40 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.

Secondly, the hybrid model approach implemented in the exampie

45 embodiments of the present invention takes all dimensions of the EEG into
consideration. Specifically, these dimensions are the temporal, 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 spectral information of the EEG and hence
provide a less detailed picture of the subject’s EEG characteristics as compared to

50 the embodiments of the present invention. In addition, in the example embodiments,



I nformati on of the EEG which are then conbined to give a single result. On
the other hand, prior arts only concentrate on the spectral infornmation of
t he EEG awo 2hevoesopr ovi de a | ess detail ed picture of theCcTsopRentes3EEG
characteristics as conpared to the enbodi nents of the present invention. In
addition, in the exanple enbodi nents,the wi ndowi ng approach allows the

nmet hod of concentration detection to adjust the tinme resolution by changi ng
the time segnmentation wi ndow size to t{ye best wi ndow size. This allows

di fferent w ndow sizes to be chosen under different circunstances. For
exanpl e, WR&ndOWine gPPeRRh Slews the methnd efconchetration dejedioi tagadiust heon i s
prefer abl e BRRGIUlIRBIRYEhanging the dime seamentatintt Winsowt Sice EEBerkasb MiNdRY segnent
i s pref ersé?fﬂ Jhisallows differepi yindpwesizastta de ghesemandsrgifieent aibwnsianes. of t he
present iR %"m&e,awh {8 terrBa3Go6m inMepirrd, Hhet ERFarecording sassions ifbj ect .
The mdt hdUCEERPIAY MRSRAEIIn 8 TEeALETe Siaken HasEECorcardng segewnbis  and

t hus, i nJ¥SEf ¥§h‘§ﬁoup speC|f|c i ssues for exanple, a group of ADHD boys.
Furtherm)re Iar se {é hod can al so be useful in
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st ud|1%s te drez| ke B$P%nd
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exanp informati on feature selectlon in the
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IsObie

of the subi&RarcRECHlbhedOHE fFﬁé‘téa %%Powsstr?e hi gher
accuracy prhifcdTBE tHeNSorlcRRfrt

subj ect - SiRCHutfal rmeﬁrheﬁ.oﬁ feaMird *&@ne@ﬁ ﬂP' dlek pnsw g fé% 0
nor-e 2bl exidkbe wdyl kd Mr¥atel SurjO&- s%éé‘ﬂﬁ@ Rob |{BE @ mpl edeEfnalvfbldéﬁ in t e
overal | pRiafiRédrANFRRYAMJfAL RN Uss bragRd s@ﬂe&tescp%b?'f@rmggglr tH ex

char act ereln%domﬁenﬁts%}ueaa@layﬁgﬁer ddRubRG AR RadHRRO HaRRG %etﬁ&!i ésﬁnce

curves pliottddig tHdsutedt-spedis ddkR diehvané MEMolprheSxaliph ERbsgnpgat i ve
Rate are topednsre fieridleyze the ROC. This netric (ROC) shows objectively the

true2performance of the method in the exanple enbodi nents using a sinple
curve. It wil IFifdligoiralthewexarapito efodinmnie tie rhest mBee! int ehdeowssad for
each subjpecbrraantealevalutiiorcigolsaseal wadedceivenrt opdrbling | dhatdierstibsi (ROCY y and
speci f i cianglysisqunriaeeatanple oagbbdineRESC marfor@angd i duevdsalpiotighgh diee Fafise he

t r ade- of fPdsiivedrate (FeR s againsti the Falseritegtiee iRt atey usddiot drediyperide RD@. net hod
in tRe exdigphetiniidoCshbws caliedivelynihleetnesn pedoinandeeof trenmetthal fofianar e

t ool for exaenps embadinedits gsisg RosiERE oyed.dhwillcalsasliowtadenetddieraae Wb

ser vi ces.beshenodel tecee used for sacheubjebicantbdisbrio chaoseDA-rhoded tnadiit dit treevi ce.

Even wi t [sepsifiyityaandapedfiity FEQIisergents edorgt the ROG samvp) whie rtaitieg antd of
the trade-off between the sensitivity and specificity.
35

dlments

Furthermore, the method in the example embodiments can be implemented
in the form of a software tool for example, 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

40 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,
the method in the example embodiments can be implemented in a simple and handy
system with only forehead sensors.

45 Hence, the example embodiments of the present invention can provide a
continuous, quantitative, accurate and robust scoring mechanism for subject
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

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



froma few EEG sensors on the forehead, the nethod in the exanple

enbodi nents is still able to provide robust attention or concentration

det ect i orwendigoosing. Thus, the nmethod in the exanpl e ecihsdz2omnves3ctan be

i npl emented in a sinple and handy systemw th only forehead sensors. Hence,
t he exanpl e enbodi nents of the present invention can provide a continuous,
quantitative, accurate and robust scoring nmechanismfor subject attention
or concentration level since the exanplge enbodi nents are based on features
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Tabl e 1, embasiimetie aveethe prdr arh enetieathisatt8%adhuef thebe remithadmanstrae exanpl e
enbodi nethss gbdityicfrthei matiolyinbtiet examplanembadineite e qeater amrdptingtddod. Mor e
speci f i cgvbjgct-spasifiouapd lthai eufrericems éhd pmrevienethbd( absol ut e val ue) of the
met hod i p_the exanple enbodinents over the prior art nmethod is 14. 8% Thus,
t hese results denonstH a&té;ject Sui;ject Subject | Subject | Subject | Average
3 4 5
Theta/beta 57.5+2.7 | 57.5£3.5 | 66.7+10.9 | 56.9+9.7 | 57.5+2.2 59.2
(prior-art)
Waveform only 60.2+3.8 | 78.845.3 | 69.8+4.7 | 76.3+5.3 | 72.846.2 71.6
Spectrum only 64.4+4.0 | 87.946.2 | 72.84+3.2 | 76.3+0.0 | 59.648.9 72.2
Hybrid technique | 62.8+4.4 | 83.843.5 | 76.0+1.0 | 76.3+1.7 | 71.3+5.3 74.0
Improvement 5.3 26.3 9.3 19.4 13.8 14.8

35
Table 1

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

40  method in Monastra and Lubar. In Table 2, for each subject, the row corresponding
to “Theta/beta (prror -art)” shows the equal error rate (EER) obtained by the method
according to the prior art, the row corresponding to “Waveform only” shows the EER



the ability of the nethod in the exanple enbodinments to create an optim zed
subj ect-specific nodel that outperforns the prior art nmethod. Table 1 Table
2 shows fwothmvo7a@gdul ts achi eved by a net hod for concenPcaiSiGasmodedstct i on
according to an enbodi nent of the present invention and by the prior art
met hod in Monastra and Lubar. In Table 2, for each subject, the row
corresponding to "Theta/beta (prior-art)" shows the equal error rate (EER)
obt ai ned by the method according to the® prior art, the row corresponding to
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purely riekatueiod R&Epack signalls and ip which the connection between
attention and feedback training programis inplicit. In the systemoft the
exanpl e enbodi ment, the control of thergage is advantageously through
direcgip attention control. That is, the subject 202 only needs to
concentrate and does not need to foll ow any feedback cues, and the result
provided (i.e. representation of concentrmig on |l_eyep

i
Relative Error Reduction Rate = prior art ’)b”d
EER

prior art

(21)

[t should be appreciated that, as the system of the example embodiment makes

25 use of direct attention detection to control e.g. a game which then provides feedback

cues to the subject 202, it is actually a feedforward instead of feedback system. In other

words, the game only provides a visual representation of the concentration level. Other
forms of representation can also be used, e.g. a simple bar indicator.

30 This is a major distinction between the system of the example embodiment and
prior art approaches which purely rely on feedback signais and in which the connection
between attention and feedback training program is implicit. In the system of the
example embodiment, the control of the game is advantageously through direct attention
control. That is, the subject 202 only needs to concentrate and does not need to follow

35 any feedback cues, and the result provided (i.e. representation of concentration level) is
direct. Thus, the subject 202 knows explicitly that he is controlling if he so wishes.



direct. Thus, the subject 202 knows explicitly that he is controlling if he
so wi shes. Adaptive control The adaptive control nodule 210 of the exanple
enmbodi nenVOrZBHAI4 the results of the attention detect PER/SEBHI0803306
together with the information fromthe presentati on nodul e 214, and adj usts
automatically and adaptively the level of difficulty of the attention
training ganes. In addition, the rules enbedded in the adaptive control
nodul e 210 are progrannable In the ex¢thpl e enbodi nent, Hierarchical
Tenporal Contrg flrst a probablllstlc nodel is learnt fromthe

attent ;gg@z%gq & r%;lla fz tq&t dule mé% h%rﬂ difle ag i%gh tngo Igg
as fol | oWsresdhtation rh T@@?l!{j ﬁf&%aaa}ﬁ miRElIF ald aéa %’Ik nst ant.
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per f or manggdgé 280 SR shold R i
set such that the game control (e g speed of a car) is proportional to the

val ue of D V\helheth&@&aﬁnweheodmén& hiefeRsfca T TdrRSIrA0CEAF |9§”§ dtfﬂF‘stS&Jeed of
the car i EroBéﬁF?&fcthWB?é\ V\Iﬁtlé) & fron:lqht‘?lesaq]tgﬁﬁon %coﬁ'?%”crgh dftllﬁ%%t BE% ésL?éjﬁf 19,( 0 (25)

V\hereoa @ bcons an can be set ini

adj ust&pl ¥stgt lg';t'onf k%m a configuration file. The di stance D noved by the car
over atime Tis as fol] ows: vvhere Qis an average value of QX over tinme T.
Wth the quant pfg ‘?D S d the speed control, t daptive
control nodul e g ?0 @hot Jig examﬂ 6eéeen/il:))g inment is able to updat Z(Qtﬁ
threshold R based on a perfornmance indicator obtained froma specific

subj ect 202 WE{R ReuePiréM EJuBBorf@2® is thel bonviehted to Bixad rarge HifeX@dd €
enbodisrenss folidws: t i me for a subject 202 to performa specific task (e.qg.
controlling a racing cagp around a racing course on the screen) i s defined
asTg ,and the ¢of g‘lﬂmof the course is defined as 1)’ (#Be adapti ve
control modul e 21 3 eously able to adjust the diffi cul ty level
based on the f¥IdW iR %@ﬂ?&@mwwd ConSiQﬁt( 27) aTg Thus, the systemof the
exanpl e enbodi nent adjusts the level of difficulty (to make it nore
difficult or e@siie ra)dvélﬁteg@cﬁlslyeﬂﬁﬁ%tﬁalntl&ﬁ l’s§c§}€C\thMﬁ? dirkEthys| aésﬂc@tél #fh ke

gﬁp;?éaggﬁﬁéﬁoﬁrgﬂcetd? g;g‘féﬁ é&ﬂtﬂ:ﬁ mﬁi g%a%:??%d g@ résﬁo "Bl based
any cue |tn ord %Htécc) coorlllt@r) %pehd&ca Fis gl (ggﬁ:otc')‘rgit he a o?/cerglto tvﬂﬁ?adaptl ve
control nodule 210 first setting a default level of difficulty.
The subj ect ZOg(t;Q%bpﬁlli‘l@ay’g@hekbﬁﬂe at the default |evel of (24)

; (@ -R)<0

25 For example, in the case of racing car game, the speed of the car is proportional
to A. The speed of the car is set as:

v(t) = aA(r) (25)
where ¢ is a constant which can be set initially and is subsequently adjustable

30 e.g. from a configuration file. The distance D moved by the car over a time T is as
follows:

D=[ vindr=a| A(Odt =aQT - aRT (26)

where O is an average value of Q' over time T,
35
With the quantifiable attention score and the speed control, the adaptive control
module 210 of the example embodiment is able to update the threshold R based on a
performance indicator obtained from a specific subject 202 when he plays the game in
his first trial. In the example embodiment, the time for a subject 202 to perform a specific
40  task (e.g. controlling a racing car around a racing course on the screen) is defined asT,,



difficulty over a first period of tinme. During a subsequent delay tine
(i.e. learning phase), the relevant paraneters such as Qand T are

esti mat edvOTheggigrovi de a direct indication of the subpPeEISGo®NESENt rati on
| evel . The adaptive control nodule 2 10 then changes the |evel of
difficulty based on the estimted paraneters. The delay tine in the exanple
enbodi nent ranges from about 1 second to 19 seconds dependi ng on the type
of gane and/or presentation. The tinmeodelay can al so be autonmati call y and
adaptively adjusted by the system based on statistics of the subject's

r espect i \aaddglereta disfance of Balvsagadndéfined 1) nthe édaptivacomtngmsdds 200 js t he

par anet ercsivantagesonly iablgdao atjpsicthé difficatte dvalridiseden theffblowimg gouatiorel i s adj ust ed
accordingly. In the exanple enbodi nent, different thresholds R may be set
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session information such as highest score/level, duration at the highest level, distribution

of score, etc. is stored in the system.

35
Interface control
The interface control module 212 of the example embodiment comprises a
typical BCI setup which comprises a multi-channel EEG cap, ampilifiers and application
programming interface (APl) code for allowing the client 102 to record and store the
40 physiological bio-signals (EEG, EoG, EMG, etc.).

Presentation
The presentation module 214 comprises the game part, which is the
implementation of the game on the client 102 (Figure 1), and aliows interaction with the
45  subject. Various game examples have been developed for use with the system of the
example embodiment. It will be appreciated that the games are run on the client while
the client is being connected to the interface 212 to record the subject's physiological
bio-signals. In the example embodiment, the interface and game parameters are fully



interface (GQUJ) elenments 604, e.g. score, are provided on said display 602.
Pl ayer 202 plays the gane 110 while wearing a cap 606 havi ng vari ous
sensors fwo 20tEieng bi o-signal s generated from di ffer ent/Serem®osiB7 hi s/ her
head. Figure 7 shows a flow chart 700 illustrating a nmethod 700 for
generating a representation of a subject's attention |evel according to an
exanpl e enbodi nent. At step 702, brain signals fromthe subject are
nmeasured. At step 704, tenporal featumes are extracted fromthe brain
signals. At _step 706, the extracted tenporal features are classified using
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trai @bng game can also be tailored to cater for various aspects of
attention (e.Jhespethadl andesystdm objthet exampiant @hbaithedtn des@ibpd ogbdle
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di splay 808, dA@ nyithes and ystem %@e@%ﬁﬁ‘meeﬁmbﬁ%m@ eprpyde oresiditatebvt o a

corrp@l?er Qfé{f%ﬁmn@@ ghdqayfomated adaptation of level of difficulty (e.g. by the Graphical
User Interface (GUI) and Game). Furthermore, the parameters of the GUl/Game

preferably allow the creation of a learning curve (e g. level of difficulty over time related
to training). Also, the presentation of the stimuli in a multiple sequence with additional
disturbance can be created during the training. These disturbances can be auditory

40 or/and visual, and advantageously allowing active control of the level of difficulty. The
training game can also be tailored to cater for various aspects of attention (e.g. spatial,
verbal, object orientation) and to provide measures of adaptive learning.

The method and system of the example embodiment can be implemented on

45  acomputer system 800, schematically shown in Figure 8. It may be impiemented as

software, such as a computer program being executed within the computer system

800, and instructing the computer system 800 to conduct the method of the example
embodiment.



suitabl e transceiver device 814, to enable access to e.g. the Internet or
ot her network systens such as Local Area Network (LAN) or Wde Area Network
(WAN) . Thwocompai@s nodul e 802 in the exanpl e includes &Cprseeem0033818, a
Random Access Menory (RAM 820 and a Read Only Menory (ROM 822. The
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30 system, it can aiso take the form of a software program with CDROM/DVD on a

computer, a web-service over the internet, or a cartridge for a console, etc.

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
35 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.
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to give a score X2; neans for conbining the scores X1 and X2 to give a
single score; and neans for presenting said score to the subject. 2 . The
devi ce aswolziomgdeoun cl aim 1, wherein neans for present Pog/Sore®®Ne3s7 sai d
score in the formof a gane. 3. The device as clainmed in claim?2, wherein
the neans for presenting said score adaptively adjusts at | east one control
paraneter of the gane based on said score. 4. The device as clained in
claim 3, wherein the adjusting of said4one paraneter conprises: presenting
said ganme using a relationship between said score and said one control
paraneteﬁ“dVMﬁaaflrst period of tinme; determning a representatlve val ue
for the score of the subject over the first

eriod of tine; i ng the
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devi gk ons. me mﬂ tte 8JPEL] £hoP>E‘Vt W%é’ém Q%cBFee‘éﬁ I ng clains,
wherein the eﬁéa?ﬁ%tfbrr&e ntinBSaRP&SE & ek feat res of the brain

signal s conprises:extracting respective br al n "si gnal corrponents in discrete

frequency w ndows 4fkRgvitd hé Bhinkink SiahR 10Rheleh r%@é‘r%tfbﬁbre‘ééﬁhyrp?&eﬂfs brai n
si gnal s; sancarhh e Wmioferfabgori thmto each of the spectral features

usi ngpa CSP array to obtain the spectral -spatial features of brain signals.
9. The devicesas clrakiegice Bs 3RMENA cimtvnBrene 81 hdar! fof preseringlsgidn t he
sel ect i ngeoe Aduptivde Gtifuals- sDBhstadne! Etlirdl ParaRISradihB thafhes Baddl Hrtsalie

i nf or mat isgsrebet ween concentrati on and non-concentration states fromthe set

of extracted spectral -spatial features conprises selecting spectral -spati al
f eat @5es based. on The dwiceads depenidincainof, Wherdire dlic aejuistirgt bf saidpe’t to the
concent r garapmetargmpoiseoncent rat i on st at es.
presenting said game using a relationship between said score and said one
conirol parameter over a first period of time;
determining a representative value for the score of the subject over the first
30 period of time;
adjusting the relationship based on said representative value; and
presenting said game using the moadified relationship between said score and
said one control parameter over a second period of time.

35 5. The device as claimed in claim 4, wherein the adjusting of the relationship
is such that a level of difficulty of the game in the second period of time is proportional to
the representative value over the first period.

6. The device as claimed in any one of the preceding claims, wherein the
40 exiracting of the temporal features from the brain signals comprises:
computing statistics of brain waveforms in each of a plurality of electrode
channels; and
concatenating the statistics into a joint feature vector.

45 7. The device as claimed in claim 6, wherein the statistics of the brain
waveforms are standard deviations.

8. The device as claimed in any one of the preceding claims, wherein the
extracting of the spectral-spatial features of the brain signals comprises:



10. The device as clained in any one of the preceding clains, wherein the
conbining of the scores X1 and X2 to give a single score conpri ses:

nor mal i ziwgQ 20tv7saer es x - and X2 according to an equat iPOm/SGROONDISX,
wherein rnx and Sx are the nean and standard deviation of outputs fromthe
classifiers using training sanples to give Xln and X2n respectively;
assigning weights wi and W2 to nornmalized scores Xln and X2n respectively;
and conbining the scores Xln and X2n agcording to an equation Xi

n*w, +x2n*w2 to give a single score. 11. The device as clainmed in claim 210,
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13. The device as claimed in any one of the preceding claims, wherein the
35 device uses training data to generate parameters for classifying the extracted
temporal features using a classifier, for extracting spectral-spatial features from
brain signals, for selecting spectral-spatial features containing discriminative
information between the concentration and non-concentration states from the set of
extracted spectral-spatial features and for classifying the selected spectral-spatial

40 features using a classifier.

14.  The device as claimed in claim 13, wherein said parameters comprise
one or more of a group consisting of projection matrices of CSPs for the CSP
algorithm, parameters for selecting spectral-spatial features based on mutual

45 information and a model for the classifiers.

15. The device as claimed in claims 13 or 14, wherein the use of training
data to generate parameters comprises:
collecting training data from subjects performing a set of tasks; and
50 determining said parameters via machine learning methods.



extracting spectral -spatial features fromthe brain signals; selecting
spectral -spatial features containing discrimnative information between
concent r avoan10a1dc0AoN- concentrati on states fromthe set pofi/Sezxemactad
spectral -spatial features; classifying the sel ected spectral -spati al
features using a classifier to give a score X2; conbining the scores X1 and
X2 to give a single score; and presenting said score to the subject. 17.
The met hod as clainmed in claim16, wheigein presenting said score to the
subj ect conprises presenting said score in the formof a game. 18. The
method as claimed in claim17, wherein presenting said score to the subject
conpri ses ad%éi i velAmathpeiiariogperating a spresshtation Af @ sibigntp atiention ol e gane
based on negh g%m@mgfbe St?ﬁéo thod as clainmed in claim18, wherein the
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period of ti m&aSgeYiey %?ﬁ@a%ﬁe %%’@Heéfqr%”§'§91?e°'ﬁﬁ$'f?rr@ @RS t he

subj ect Ver thF first o r|od Q ne; _adj USFIH the reI atlonshlp based on
Pyl E?%% ik

sai d represente t he, nodj fi ed
rel atj,on %
ra

'~‘-f"l'l lgfiorrae 5
second p tr?l F 96 a é"orj?e(for?(gﬁné%ogl | tfrlo fnﬁ?élsﬁ e](?qnht he
d t . 1
ad) us! 'n“? ey fP@%Fél-%,D?a' bR b Bl a1
val ue over Eeh Fdirito X %@cBEe )geé’ é{)%ﬁt? t%gg%igg{;g abﬁ'@d in any one of

3

claing 16 to 6ese géles errporal features fromthe
brain signal s conp istics of brain waveforns in each of

a plurality of 761 Cath ol as#ﬁed @grﬁ%cmé AtdrBGriRg sgtidkbRtib G T Nt O 2
joint feaypi @tdb%fptngés pré€entih %aHPschl% nﬁ'rl%fﬁ drg%nl i‘ %é Wher el the
statistics of the brain wavéforns are standard eV| ations. 23 The et hod
as clai med in1@ny qRE nthdd &4 ABImkR ih Qlafd 1 7VRREBINbridiiRy bhickbado @e t he

spect r al -spBREf AmpriSad AdHoveN a&hb@tu’@rﬁ“é’ésﬁér&f@nﬁomﬁé@?& th& §hha bhsdld
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filter banks to obtain spectral features of brain signals; andapplying a
CSP al gorithmibo egeb rdthdédias oRfbbd M chPatel @Betdin e adjletiRy BT A bk obt ai n
t he eBectpapdmetpraddndriséeat ures of brain si gnal's. 24. The nethod as cl ai nmed
i n any one of pedsehtigy 34id tgands usined ediationBitip between said score and said one
control parameter over a first period of time;
determining a representative value for the score of the subject over the first
period of time;
30 adjusting the relationship based on said representative value; and
presenting said game using the modified relationship between said score and
said one control parameter over a second period of time.

20. The method as claimed in claim 19, wherein the adjusting of the
35 relationship is such that a level of difficulty of the game in the second period of time is
proportional to the representative value over the first period.

21. The method as claimed in any one of claims 16 to 20, wherein the
extracting of the temporal features from the brain signals comprises:
40 computing statistics of brain waveforms in each of a plurality of electrode
channels; and :
concatenating the statistics into a joint feature vector.

22. The method as claimed in claim 21, wherein the statistics of the brain
45 waveforms are standard deviations.

23.  The method as claimed in any one of claims 16 to 22, wherein the
extracting of the spectral-spatial features of the brain sighals comprises:
extracting respective brain signal components in discrete frequency windows
50  using filter banks to obtain spectral features of brain signals; and



selecting of the spectral-spatial features containing discrimnative

I nformati on between concentration and non-concentration states fromthe set
of extracveaompgcdonal - spatial features conprises sel ect iPng/Sspawione37 spat i al
features based on the nutual dependence of the features with respect to the
concentration and nonconcentration states. 25. The nethod as clained in any
one of clains 16 to 24, wherein the conbining of the scores Xi and X2 to
give a single score conprises: nornal bzing the scores X1 and X2 accordi ng
to an equation (x~nx)/sx, wherein nk and Sx are the nean and st andard
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mut uab i rERUAEEbL onthR¥Ingle BBstel for the classifiers. 30. The nethod as

claimed in clainms 28 or 29, wherein using training data to generate
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30 System, Tree-based classifiers, Fuzzy Type 2 and Relevance Vector Machine.

28. The method as claimed in any one of claims 16 to 27, the method
further comprises using training data to generate parameters for classifying the
extracted temporal features using a classifier, for extracting spectral-spatial features

35 from brain signals, for selecting spectral-spatial features containing discriminative
information between the concentration and non-concentration states from the set of
extracted spectral-spatial features and for classifying the selected spectral-spatial
features using a classifier.

40 29. The method as claimed in claim 28, wherein said parameters
comprise one or more of a group consisting of projection matrices of CSPs for the
CSP algorithm, parameters for selecting spectral-spatial features based on mutual
information and a model for the classifiers.

45 30. The method as claimed in claims 28 or 29, wherein using training data
to generate parameters comprises:
collecting training data from subjects performing a set of tasks; and
determining said parameters via machine learning methods.



means for instructing a conputing device to execute a nmethod of generating
a representation of a subject's attention level, the nethod conprising the
st eps of :woeasuniéeg brain signals fromthe subject; extPatiSGagtoersor al
features fromthe brain signals; classifying the extracted tenporal
features using a classifier to give a score Xi ; extracting
spectral -spatial features fromthe brain signals; selecting
spectral -spatial features containing dgscrimnative information between
concentration _and non-concentratio states fromthe set of extracted
spectral - spat Pl f faferpdter Siass Mgdignt hving piored dheypeit QORIPUERS 23998
f eat ur es MEANSOA IBStHLAING | & CoMPUNg eeyTGe: ty exseute & misttarch §f 9FBeGERE @& X1 and
X2 to gi VePrasaligner e edbiect sataniandeishi N meter orpBRiad ts F9RE Fubj ect .
measuring brain signals from the subject;
5 extracting temporal features from the brain signals;
classifying the extracted temporal features using a classifier to give a score
X4,
extracting spectral-spatial features from the brain signals;
selecting spectral-spatial features containing discriminative information
10  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 Xz;
combining the scores x; and x; to give a single score; and
15 presenting said score to the subject.



