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Abstract Inpreviousworks，Fourier－tranSfbrm－basedelectroencephalogram（EEG）危atureextractionwithefftctive  
PrePrOCeSSingandmultilayerneuralnetworks（MLNNs）hasbeenappliedinclassifyingcognitivementaltasksina  
brain－COmPuterinterface（BCI）．HowevertheEEGsignalshavesomeshortcomingsofnoiseandspatialresolution．ln  

thispaper，SPatialmteringtechniquesareemployed・Theuseofcommonspatialpattem（CSP）mteris？neOfthewelト  

knownspatialfilteringmethodsintheBClframework．TheCSPmtersaimtofindthemostdiscrimlnationbetween  
twoclasses．AIso，theCSPmterismost）yappliedtoextractingftaturesofmotor－imagery－basedEEGs．lnthiswork，  
WeaPPlytheCSPfiltertocognltivementaltaskclassification．AfヒatureextractionmethodisproposedfbrtheCSP  
nlter，inwhichFourier－tranSfbrm－basedfヒaturesareused．Anerror－COrreCtingoutputcode（ECOC）iscombinedwith  

the CSP吊1tersto realizeamulticlass BCJsystem，andalsotocorrectsome misclassifications．Theproposed BCJ  
SyStemCOmbinesseveralbinaryclass捕ers，Calledan‘elementalclassiner’inaparallelfbrm．Anelementalclassiner  
COnSistsoftheCSPfilters，FFT；preprocesslngandanMLNN．TheoutputoftheMLNNinoneelementalclassifierisa  
l－bitcode，thatis，lorO，TheoutputoftheparallelfbrmbecomesamultibitcodethatisgeneratedbytheECOC．All  

elementalclassifiersreceivethesameEEGsignal・AnelementalclassifierclassifiestwogroupsofmentaItasks．The  

asslgnmentOfmentaltaskstotwogroupsisaccomplishedby the ECOC．TheCSPnltersandthe MLNNineach  
elementalclassifierareoptimizedsoastoclassifytwogroupsofmenta）tasks．TheECOCisfurtherdecodedintothe  

吊nalcode，Which expresses a slngle estimated mentaltask．We also develop a nonunifbrm resolution sampling  
techniqueinpreprocesslngtOaPPrOXimatespectralinfbrmationinusefu1什equencybandsandsuppressnoiseinthe  
high－frequencybands・Theexperimentalresu】tsof4su句ectsshowthattheproposedBCIsystemcanboostthecorrect  
Classificationratesfrom66％－88％to84％～96％andsuppressthemisclass描cationrates斤om4％～26％to4％～12％．   

Keywords：brain－COmputerinterface（BCl），electroencephalogram（EEG），COmmOn SPatialnlter，errOr－COrreCting  
OutPutCOde（ECOC），multilayerneuralnetwork（MLNN）  

Suitable ftature extraction method，the unnecessary  
dimensions ofsignals，Which are determined as noise，  
could be reduced while still retaining necessary 
infbrmation．   

Inthisstudy，WefbcusonCSP［11］spatialnltering．  
WeconcentrateontheconceptofCSPaimlngtOfindthe  
greatest discrimination between two data sets by  
OPtlmizlng the ratio between within－Class scatter and  
between－Class scatter of those two data sets．Thisis  

unlikethePCA［12］，Whichisbasedonthescatterofthe  
Whole data set and decomposesitinto the prlnCIPle  
COmPOnentSthatarerankedbyvariance．TheprlnCipleof  
ICA［13］is toso］vetheblindsourceseparation（BSS）  
PrOblem by nnding the most mutualstatistica）  
independencebetweensourceslgnals．ICAhasalsobeen  
widely usedfbranalyzingbrain slgnalsandto remove  
artifactsin brain signals【14］，［15】．However，inICA，  
thereexists a permutationproblem，thatis，theorder  
Of extractlng ftatures may change data by data．The  
ftaturesarearrangedasaone－dimensionalvectorthatis  
usedinaclassifier．Di抒trentorderscausedifftrentlnPut  
PatternS fbr the classifier，reSultingininsufficient  
Classincationperfbrmance［16］，［17］．   

CSPhas beensuccessfu11yappliedtoclassifymotor－  
imagery－basedEEG［1］，【4］－［10］．Furthermore，CSPhas  
alsobeenappliedtoslowcorticalpotential（SCP）－based  
EEGIn thiswork，theCSPmethodwi11be applied to  
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1．Introductiom  

In a noninvasive brain－COmPuterinterface（BCl）  
framework，the EEG－based BClhas recently been  
approvedasoneofthemostinterestlngtOPICS．However  
EEG signals have some shortcomlngS Of noise and  
SPatialresolution．The voltage potentials ftom sources  
Can COntributewithin a sma11radiusthrough the scalp  
toward each electrode，making the observed slgnals  
Obscure and nois㌢［1］・Moreover EEGs aralso  
inherently nonstationary owing to changes in the 
individualsu叫ect－s brain processes through out an  
expeTimentalsession【2］，［3］・Therefbre・SeVeralspatial  

filterlngteChniquesareappliedtoremedythenoiseand  
Obtain morelocalizedsignals，OrSlgna）scorresponding  
to slngle sources．Some examples of prominent  
techniques that are appliedin the BClframework are  
bipolarfiltering，thecommonaveragerefbrencemethod，  
Laplace Ⅲterlng，and 坑naIly，the statisticallinear－  
transfbrmation－based spatialfiltering fbrlinearly  
transfbrmingrawEEGstonewftaturSPaCeS［1］，The  
WeIl－knownspatialfilteringalgorithmslnthisfamily are  
Principle component analysis（PCA），independent  
COmPOnent analysis（ICA）and common spatialpattern  
（CSP）・Theaforementionedalgorithmsarerecentlybeing  
usedinm？nyBCIstudies［1］，［4］－［10］asanefkctive  

PrePrOCeSSlng prOCeSS that provides ftature extraction   
and dimension reduction at the same time．With a   
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di抒brent behaviors of EEG data sets，WhichincIude  

nonmotor－imagery mentaltasks，e．g．，mathematical  
multiplication，1etter composition，3D o叫ect rotation，  
andvisualnumbercountlng，   

TheseEEGdata setswereprovidedbythe Co）orado  
StateUniversityandhavebeenusedinmany studies［2］，  
【3］，［16］－［23］．In previous research，many f盲ature  
extraction methods havebeen employed，e．g．，min－maX  
amplitude，mean，Variance，Standard derivation，POWer  
SpeCtraldensity，frequency band powers，aSymmetry  
ratios，autOregrSSive（AR）coefficients，eigenvaluesof  
COrrelationmatrlX，andwaveletpacketentropy［24］．   

Nakayamaandcoworkers［17］－［19］usedtheFourier－  
transform－based ftatures and some optlmized  
preprocessing with the multilayer neural network 
（MLNN）to successfu11yclassifyfive classesofmental  
tasksfbraslnglesu切ectatanaccuracyof78～88％．In  
thisstudy，inordertoconf行mefnciencylngeneral，fbur  
Su句ects are considered．We fbllow that method by  
addingCSPmteringlntOtheBCIsystern，aSeXpreSSedin  
Sec．4．1．We also propose a modi丘ed method fbr the  
Samplingreductionprocedure，elaboratedinSec・4・3・   

Severalkinds ofclassification algorithms fbr EEG－  
basedBCIsystemshavebeencomparedin［25】．MLNN，  
denotedMLPin［25］，hasgoodclassiRcatioりabi］ity・1t  

doesnotalwaysprovidethebestperfbrmance）nallcases・  
ln somecases，the support vectormachine（SVM）can  
PrOvidemoreefncientperfbmancethanMLNN owlng  
to its regularization．However，by uslng the  
generalization method，the classification ability of  
MLNNcanbedrasticallyimproved【19］・Therefbre， 

． 

［19］asaclassiner．   
This work engages a multiclass classiflcation  

PrOb（em・However，Orlglnally，CSP was designed fbr  
binary－Classproblems．Tbdealwithmulticlassproblems，  
Domhege and coworkers［6］，［7］proposed many  
multiclassextensionapproachestoextendtwo－ClassCSP  
to multiclass application．Those methods are called，  
CSP－rN（CSPwithinmultiple－binaryclassincation）【4］－  

【5］，CSP－OVR（binaryCSPcombinationwithoneversus  
thereststrategy）［6］，［7］，［10］andCSP－STM（CSPwith  

imultaneousdiagonalizationmethod）［6］，［7］，［9］・We  
lnVeStigatethose approachesthatare basedonMLNNs  
andfbrtheCSP－rN approach，WePrOPOSeanenSemble  
OfbinaryMLNNswiththeerror－COrreCtlngOutPutCOde  
（ECOC）framework．   

ECOC was orlglnally usedin slgnaltransmission  
approachesfbrcorrectlng bitdistortioncauseby noISy  
communication．Later，Dietterich and Bakiri【26］  
PrOPOSed ECOC as a general斤amework fbr so）vlng  
multiclassproblemsbyreducingthemulticlassproblems  
into severalbinary class problems with an error－  
COrreCtingproperty．WemergethispropenywiththeCSn  
whichtheoretically makestheclassesmostdiscriminant・  
WeintendtomaketheCSP－ECOCcombinationraisethe  

accuracyratesfbrmentaltaskclassificationbyuslngthe  
EEGdata．  ！   

Theremainderofthepaperisorganizedasfbllows・  
CSPanalysISandmulticlassextensionsaredescribedin  

Sec．2．The ECOC抒ameworkis describedin Sec．3．A  

PrOPOSedBCIsy4teqisdescribedinSec・4using 
． 

PrePrOCeSSlng．The experimentalsetupis describedin  
Sec．5．lnSec．6，eXPerimenta）resuItsanddiscussionsare  

PreSented．Finally，OurWOrkisconcludedinSec．7．  

2．Com汀姐n、SpatialPatternMethod   

The CSPalgorithm［11］is aimed at finding spatiaI  

fnters that prqect the orlglnalslgnals to the most  
di能rent spaces between two data setsin tem10f  
variance．Thevarianceofadatasetismaximizedandthe  

Varianceofanotherdatasetisminimized，Simultaneously．  
‘■1》  

2．1CSPalgorithm  

l．Let2 EEG data sets be denoted Xland X2，the   
dimensionofwhichisPxK，WherePisthenumberof   
electrodes ofthe EEG data，andKisthenumberof   
SamPlesinthetimedomain．  

2．Computethenormalizedauto－COVariancematricesS，  
fbreachclass．  

X．XT  
′∈（l，2） （り  S．＝   

血Ce体．XTノ  
3．The whitenlng tranSfbrmationis perfbmed by   

COmPutlng the sum of a11class auto－COVariance  
matrlCeS．  

Ssum＝S．＋S2  （2）  

4．Then，decompose SltheelgenVeCtOrmatrix andthe   

elgenValuesofthem如rixSs。maSfbllows：  

Ssum＝U人UT  （3）   

U and＾aretheelgehvectormatrix and eigenvalue   
matrix of Ss。．n，reSPeetively．Then the whitenlng   
transfbmlationmatrixbecomes  

V＝人‾烏uT  
（4）  

5．Apply the whitenlng・即OCeSS tO both the auto－  
COVarlanCe matrlCeS：  

Sl＝VSIVT  （5）  

S2＝VS2VT  （6）  

6．CSP analysISis glVen by the simultaneous   
diagonalization of these two covariance matrices・   

Thus，SlandS2ShouldshareacommonelgenVeCtOr   
matrix，and the corresponding elgenValues fbr the   

Sum OfSlandS2Should be one・Therefbre，Sland   

S2Canbedecomposedasfbllows＝  

WTsIW＝D  （7）  

WT（Sl＋Sヱ）W＝Ⅰ  （8）   

Wis a common elgenVeCtOr matrix ofS．andS2，   

DisaneigenvaluematrixofS．andIisanidentity  
matrlX  

7・Practically，We Choose only a fbw of the most   

important elgenVeCtOrS 丘om W by sortlng the  

JournaLofSignalProcesslng，Vol．15．No．2，March2011   134  



eigenvalues in Din descending order and choosingg 
2meigenvectors（2m＜P）thatcorrespondtothe m   
largest and the m smallest elgenValues．Then we  
obtain  

W〝，＝【w】，…，W〝′，W′）Ⅷ＋l，・・・，W′，】  （9）   

Wherew．1S an elgenVeCtOr COrreSPOnding to an   

elgenValueinD．  
8．Then，We Obtain the spatialnlters of the CSP  

transfbrmationmatrixas  

W〝，＝W〝．Tv  （10）  

9．Finally，theprqJeCtedsignalsarede吊nedas  

Xcsp′＝W〝∫X．，／∈〈l，2）   （11）   

2．2ExtensiontomulticlassCSP   

Origina11y，CSP was designedfbr2－C）assproblems．  
To extend this conceptto multiclass approaches，SOme  
approachesofmulticlassextensionshavebeenproposed．  
Muller－Gerkingandcoworkers［4］proposedamulticLass  
extension of CSP based on painvise classification and 
VOting・Then Dornhegeandcoworkers［6］，［7］proposed  
theothertwoa］gorithms based ontheconceptofCSP．  
Theseapproachesaresummarizedbelow．  
1）CSP－rN：The problemis separatedinto several  

binaryproblems，andisfbundtheoptlmumCSPfbr  
eachbinaryproblem．   

2）CSP－OVR：Severalbinary CSPs are used fbr a  

SlnglemulticIassclassifier．   
3）CSP－SIM：CSPis des・igned by the joint  

approximate diagonalization（JAD）methodandis  

appliedtoasInglemu］ticlassclassiner．   

CSP一INandCSP－OVRapproachesaresimilarinthe  

COnCePtOfextension斤oma2－ClassCSPbyaddingmore  
binary CSPprocessestofbmlamu］tip］eclassifier．An  
important di能rence between themis the classification  

PrOCeSS・The CSP－1N uses severaIbinary cIassifiers to  
dealwitheachbinaryprob】em．On the other hand，the  

CSP－OVR soIves these binary problems by uslng a  
Slnglemulticlassc］assifier．   

CSP－SIM derivesfrom the concept ofthe2－Class  
CSP algorithm・The CSP algorithm will吊nd a  
Simultaneousdiagonalizationofbothcovariancematrices，  
inwhichthesumofeigenva］uesisunlty・Thusitcanbe  
extended to many classes if we can approximate a 
Simultaneousdiagonalizationfbrthemany－Classproblem．  
However，unlikethe2－Classproblem，thereisnogenera］  
Strategy fbrchooslngthe appropnate CSPpatterns fbr  
multiclass CSP，because the2－Class problem uses the  
StrategyOfthehighestorthelowesteIgenValue・   

DornhegeandcoTOrkers［6］，［7］haveproposeda  

heuristicwayofsoIvlngthisprob】emuslngSOmeSCOre  
strategy. Given D is an approximate simultaneous 
diagonalmatrix，COmPuted byJoint Approximate  
Diagona）ization（JAD），itisin a fbrm ofconcatenated  
eigenvalue matricesi・e．，D＝［Dl，D2，．．．，恥］，Nis the  
numberofclasses・Anappropr】ateelgenVeCtOrischosen  
fbrthei（hclass，COrreSPOndingtothehighestscoreof  
elgenValuelineach submatrix D．，Onthebasisofthe                リ  

fb1lowlngCriteria：  

SCOre（lリ）＝maX（＾。，l／（1＋（NTl）2＾リ／（l－lリ）））（12）  

NotethatifoneelgenVeCtOrisselectedmorethanonce，1t  
isreplacedbytheelgenVeCtOrWiththenexthighestscore．  

3．Error－CorrectingOutputCodes  

3．1Multiclassc且assifierbasedon ECOC  

Error－COrreCtingoutputcodes（ECOC）are approved  

as a generalframework fbr combining severalbinary  
PrOblems to address a multiclass problem［26］－【28］．  

Consider L binary class浦ers．Each classifleroutputs a  
Slnglebitcode．Theyarecombinedinaparallelfbrmto  
PrOduce an L－bit code，Whichisan outputvector．This  

OutPut VeCtOrisfurther decodedinto the吊nalcode，  

Whichexpressestheclassificationresult．   
TheECOCframeworkconsistsoftwosteps．  

Stepl（Coding）：   

Acodewordisasslgnedtoeachclass．ForanN－Class  
PrOblemtobesoIvedbyusIngSeVeralbinaryclassiners，  
We required L binary classifiers．1b supervise each L  
binary classifler，a Set OfN binarylabels（lor O）is  

asslgned．Then，COmbining those N－bitlabels斤om L  

binaryclassifiers，aNXLcodin亀matrixMisdefined・A  
row vector ofMis called a codeword，Which used to  
determine thelabeIof c］asses．A coIumn vector・Of M  

COrreSPOndstolabels ofsubproblems fbrtrainIng eaCh  
classifier．  

Step2（Decoding）：   

TheoutputvectorfbrnewEEGdataw＝devLatefiom  
thetargetvectorthatisthecodeword．1nthiscase，the  

mostsimilarcodeword，Whichhasthe shoTteStdistance  
from the output vector，is selectedfrom the codeword  
tabIe，anddecodedintothennalcode，Whichexpressesa  
mentaltask．   

The perfbrmance of ECOC mostly relies on the  
codeword table that applied to the BCI system. The 
regulationsofdesignlngCOdewordshavebeendiscussed  
inmanystudies［27］－［29］・Themethodofg？nerating  

COdewordscan be categorizedintothe fbllowlngthree  
けPeS・  

l）Algebraiccodingtheorymethods  
2）Randomization  
1 3）UniquecodewordsfbraparticuIardataset  

Inthispaper，WeuSethegeneralizedalgebraiccoding  
theory，e・g・，One－Per－Classcoding（OPC），Hadamard－type  

COding，andexhaustive‾ECOC（E－ECOC）．Fordecoding，  
We uSe the Ll－nOrm distance．Wepreftrtothe use Ll－  

normdistanceinsteadofthehammlngdistancebecause  
itismoreflexiblefbraqjustlngthethresholdfbrrqectlng  
theclass捕cationresultsduetosmalloutputs．  

3・2Codinganddecodingstrategy  

Codingstrategy：One－per－CLasscoding   
One－Per－Class（OPC）codingis defined as one of  

Standard output coding strategleS．The simplest code  
defines a slng）e binary va］ue at the corresponding  
POSition fbreach class．OPC hasalso been used asthe  
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targetvectorsinaslngleMLNN，aSShowninrIbb】el・C／  

expressesthej（hclassinerusedinabinaryclassiner，and  
Olindicatesthe〆hclass．Thenumberofbinaryc）assiners，  
Whicharecombinedinapara11elfbrm，isL＝5，andthe  

numberofclassesisalsoN＝5．  

DietterichandBakiri［2句haveproposedacodeand  
a procedure fbr generatlng a Well－balanced hammlng  
distancebetweenrowsandincIudeallpossiblenorTtrivial  
andnonredundant2仰－1）－1lengthcodesfbrtheN－Class  
PrOblem，Called exhaustiv？ECOC（E－ECOC）・These  
codes are recommended to be used fbr3≦N≦7．The  

Class   Classi爪印  

CodewordtableofOPCcodingfbr5・Class       Cl  C2  C）  C4  C5  nl  u  0  0  0  0  n】  0  ロ  0  0  0  q  0  0  ロ  0  0    0  0  0  ロ  0  q  0  0  0  0  ロ   

probleI¶  
PrOCedurefbrgeneratlngE－ECOCisasfbllows・  
thef行strowasallones．Thesecondrowconsists  

iギⅠ－ 

・  

zerosfbllowedby2（N－2）－lones・Thethirdrowconsistsof  

2（N－3）zeros fbllowed by2（N－3）ones fbllowed by2（／＼’－3）  

zerosfbllowedby2（N－3）－lones・The／hrowconsistsof  
alternat）ng2m－1）zerosandones・The．astrowcontainsO，  
1，0，l，0，l，．．．，0．For8≦N≦1l，Dietterich and Bakiri  
SuggeStedselectlngagOOdsubsetofcolumnsfromthe  
exhaustivecodebymeansoftheoptlmizationalgorithm・  
For N＞1l，the random code generation with a hil）－  
climbing procedure is recommend. 

The E－ECOCs fbr 5 classes，Obtained from the  
generationproceduredetailedin［26］，areShowninrrbb］e  

3．1nthisstudy，WeemPloytheE・ECOC・  

Thistablecorrespondstothecodewordmatrix M・The  

rowvectorsindicatetheclasses，andthecolumnvectors  
indicatetheelementalclassifiers・Namely，thei／力rowand  

thej（hcolumnmeantheilhclassandthej／heLemental  
Classifier，reSpeCtively．  

Codingstrategy：Hadamard－tyPeeOding   

Hadamard－tyPe COding［30］is created from the  
HadamardmatrlX，Whichisa2／・squarematrix having  
elementsofeither＋lor－1andmutuallyorthogonaLrows．  
HadamardcodinghasgoodpolntSintwoassessments：  
1）Row separation：eaCh codeword should be wel）   

separatedintheHammlngdistancefromeachofthe  
othercodewords．  

2）Columnseparation：TheeltmentalclassiRersshould   
beuncorrelatedtoeachother，thatis，theyshouldnot  
beredundant．   

TbdesigntheHadamard－tyPeCOdingmatrix，flrstwe  
refヒrtoaHadamardmatrixwhoseorderisgreaterthan  
therequirednumberofclasses・Thetwomainmethodsof  
construct）ngtheHadamardm鵡rices，Sylvesterconstruc－  
tionandPaleyconstruction，havebeendiscussedin［31］・   

Forexample，in the5－Classproblem，the minimum  
orderoftheHadamardmatrix，Whichcoversthisproblem，  

is8（23）asshowninEq．（13）．  

Tbble3Codewordtableof’E－ECOC5－Class  

C13 Ct4 C15  C】C2 C〕 C4 C5 ぐ6C7 C8  

1 1 1  

】 】 1  

1  1  1  

0   0  1   
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ロコ 0 0OO Ooo o】一  
口lO O O O ll】1 0 0  

1 0  01 1 0  0  rち 0 0 】  

nさ0 － O101010】O1010  
Decodingstrategy：Ll－nOrmdistamce   

Tnthe decodingprocess，the outputvectorfromthe  
parallelfbrrn ofthe elementalclassifiersiscompared  
withthepatternsinthe codewordtable，and themost  
similarpattern，thatis，thecodeword，isselected，Which  
corresponds tothereaL output・Similarityis evaluated  
uslngthe Ll－nOrm－baseddistance・Let y be the output  
vectoroftheparallelfbrmoftheLelementalclass浦ers，  
y＝b，1，y2，・・・，y］，］T，Where，yJistheoutputofthej，h  
elementalclassifier．TheLl－nOrmdistancefbrthei（hclass  
isdefinedby  

d′＝鉦－）ク′l   
（14）  

wherecL／1SatargetValuefbrthelthclassandthe）h  
elementalclass浦er．In otherwords，Cl］1Sanelementat  

the［山rowandtheJhcolumninthecodewordmatrix■  

3．3Pertbrmamceoreorrectimgcodes   

TheefficiencyofECOCisdeterminedbythenumber  
oferrorbitsthatcanbecorrected．Thecapabilityoferror  
correctingisLq］）〃）」bits，Wheredisthedistance  
between a row－s codewordin the codeword matrix and  
L・」is thejloo′・0peration．For example，in a5－Class  
problem，a15－1engthcodeword，aSShowninthelbble3，  
is applied，then distancedis8；thus，thecapability of  
errorcorrectingLM－1）〃）」is3bits．tncontrast，fbrthe  
Hadamard－tyPe，aSShowninTabIe2，thecapabi）ity of  
error correctingisl（d＝4）．The OPC coding has no  
capabilityoferrorcorrecting（d＝2）・Becausethedistance  

＋ ＋ ＋ ＋ ＋ ＋ ＋ ＋   

十 一  ＋ － ＋ 一  ＋ －   

＋ ＋ － 二 ＋ ＋ 一 一   

＋ 一 － ＋ ＋ － － ＋   

＋  ＋  ＋  ＋  －  一  一  一   

十 一 ＋  － 一   十 一  ＋  

＋ 十 ＋ ＋  

＼  

＋ 一  － ＋ － ＋ ＋ －  

（13）  

〃．＝  

lntheaboveequation，キandrarereplacedbyland  
O．Thecolumnthatisidentical（allonesorallzeros），is  
useless fbr a classifler，SO the first co）umn of the  
Hadamardmatrixisneglected．Inthiscase，Werequlre5  
classes of codewords，SO thelast three rows of the  
Hadamardmatrixarepruned．Finally，theHadamard－tyPe  
codingmatrixisobtained，aSShowninlbbIe2・  

PrOblenl  
Classlfler  

CodewordtableofHadamardtypefbr5－Class  Class     C】  C：Z  Cj  C4  C5  Cb  C7  n■  ロ  ロ  □  ロ  l  l  □  nフ  0  口  0  ロ  0  □  0  払  山  0  0  □  l  0  0  rも  0  0  u  ロ  0  0  ロ  n†  ロ  ロ  山  0  0  0  0   

Codingstrategy：eXhaustiveECOC  
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thel－bittargetcodefbrthei（hmenta．taskandthejlh  
elementalclassifier，reSpeCtively．Therefbre，thenumbers  
ofrowsandcolumnsinthecddewordmatrixareequalto  
the numbers ofmentaltasks and elementa）cIassiflers，  

respectively．   
The output of the parallelblockis corrected as  

fbllows．Lettheoutputbey＝b）1，y2，．‥，yI］andthetarget  
code，thatis，thei（hrowvector，bec，＝［c，1，C，2，．，．，CI／′】of  

M．The winner codeis searched什om a set oftarget  
codes，Which minimizes the Ll－nOrm OfcJ－yトThe  
winnertarget code cLisfurther decodedinto the final  
OutPutCOde，fbrexample，［10000］，Whichmeansthe  
l、′mentaltaskis estimated．One ofthe target codes  
unlquely correspondstooneofthe nnaloutputcodes・  
Withthisdecodingsystem，thementaltaskestimationis  
more generalized by allowing some margin for binary 
misclassined output．The capabilityoferrorcorrecting  
hasbeendescribedinSec．3．2．   

Moreover，arqeCtionthresholdisalsoemployedin  
order to neglect vague classincations・Jfthe Ll－nOrm  
distancesfbrthe entiretargetcodesarelargerthanthe  
threshold ofrqjection，then we cannot select a winner，  
andthementaltaskestimationwi11berqected．  

4．2CSP爪1tering   

The EEG data are measured at several points on the 
scalp・WeusetheEEGdatasets，Whicharemeasuredat6  
POSitions，i・ミ・，C3，C4，P3，P4，Ol，andO2（accordingto  
thelnternatlOnallO－20 system）［20］．EOGis not  
incIuded fbrcomputlng the CSP filters・Itis used fbr  

detect．ngeyeartifactsinadi能rentway・SixCSPfllters  
arecreatedn・Om6positionsofthe EEGdatasets・One  
CSP filter is used to emphasize the discrimination 
between the two considered mentaltasks bylinearly  
transforming the EEG data into a new signal. For 
optlmization，afもwernumberofefrtctiveCSPfiltersare  
selected fbr the most discrimination．The number of  
requiredCSPⅢtersisvariable・Thenumberoffもatures  
isaIsodependentonthenumberofchosenCSPflIters・  
Forexample，1etthematrixXorgrepresent6positionsof  
the EEGsrecordeduslnga250Hzsamplingfrequency  
duringalOsecondinterval・Therefbre，Xor％，sdimensions  
are6×2500．1f4CSP fllters are chosen to fbrm the  

transfbrmationmatrixⅥ1，，thenitbecomesa4×6matrix・  

A魚ertransfbmation using Eq．（15），Xcsp’sdimensions  
arereducedto4×2500．  

X。SP＝W肌×X呵   （15）  

4．3FFTandpreprocesslng  

Datasegmentat五om   

The raw EEG signalshave2500samplesin alO s  
interval．1nordertomaketheresponseoftheBCIsystem  
fhster，theEEGsignalissegmentedintoshortperiodsof  
O．5－SeCOndlength and50％overlappIng Or Shi魚ed by  
O．25s．As a result，the BCIsystem can respond every  
O．25s．Onesegmentincludes125samples，and39seg－  
mentsareincludedintheorlglnalEEGsignal．Theefftct  
of EEG’s segmentation on classification perfbrmance  

dcorrespondtothecode－s自erfbrmance，SOitispossible  
toincreasetheperfbrmanceofcodingbyexpandingthe  
COdewordlength．However，thelongercodewordmeans  
more classi坑ers and more computation．Theissues  

concerning the optimization of codeword length are 
discussedin［28］，［29］，butthey arenotinthe scopeof  
OurStudy．TheperfbrmanceofdifftrentcorrectlngCOdes  
appliedtoCSP－ECOCisalsodiscussedinSec・6・  

4．ProposedBCISystem   

4．1BlockdiagramofproposedBCIsystem   

The proposed BCI system combines the binary 
classifiers uslng the CSP fllters and the ECOC  
斤amework；hence，itiscalled CSP－ECOC．Wepropose  
that combination of discriminative spatialfiltenng of  
CSP and error－COrreCtlng PrOPerties of ECOC can  
enhancetheperfbmlanCeOfEEGclass浦cation・  

、I†～即Oup川l払亡nほl（良くk、101ぐ邪心ぐ、p t山一仙Ordいu】  

tb）  

Fig．1Blockdiagram＝（a）proposedBCIsystembasedonCSP  
nlterandECOC．and（b）elementalclassifler   

TheblockdiagramoftheproposedBCIsystemisshown  
in Fig．1（a）．Figurel（b）shows the binary classifiers，  
called’elementalclassiners’in this paper，thatinclude  
the spatialnlter，Whichis the CSP filter，FFT，  

PrePrOCeSSlng，and an MLNNin this order・They are  
arrangedin a parallelfbrm．Allelementalclassifiers  
receivethesarne EEGdata，andclassi亘twogroupsof  
mentaItasks．TheoutputofasIngleelementalclassifier  
islbit，thatis，lorO．Asetoftheoutputofallelemental  
CIassifierscorrespondstothecodeword，Whichisusedas  
thetargetpattern．TheCSPfiltersandthe MLNNs are  
Optimizedto classifytwo groups ofmentaltasks・This  
grouplngisdeterminedbythecodewordmatrixM・One  
exampleisshownhere・Letthenumberofclasses，thatis，  
thementaltasks，beN＝5andthel、′columnofMbe［01  
011］．Thel、′elementalclass描er，aCtualIytheCSPfilter  
andtheMLNN，isoptimizedsoastoclassifytwogroups  
ofthementaltasks・Thel～／groupcontainsthel、／and3几／  
mentaItasks，andthe2ndgrouplnCludesthe2nJ，4［hand  
51hmentaltasks，reSPeCtively・   

Thecodeword matrix playsanimportant rolein the  
CSP－ECOCapproach・TheiIhrowindicatestheiIhcIass，  
thatis，theidlmentaltask．1tisalsousedasthetarget  
COdeoftheparallelfbrmoftheeIementalclassiflers・The  
ノ′′7co）umncorrespondstothej’helementalclassifier．ln  
otherwords，theiIhrowandthej／hcolumnelementcL／1S  
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willbeexaminedinSec．6．   

Fouriertransfbrmationofspatia‖11teroutpu止S   

The CSP analysIS Can be directly applied to  
extracting the variance－based ftatures．However，We  
attempt to employ CSP filtering fbllowed by Fourier  
transfbrm to extract ftatuI・eSthat provide the spectral  
information［16］－［19］．   

The Discrete Fourier Transfbrmation（DFT）ofthe  
transfbrmed EEG signalxcsp（n），given by Eq．（15），is  
expressed by 

人Il  

珊＝＝ズ（「∫P（〃）exp（－ノ卯＝0，l，2，・・・，〟－1（16）  
〝＝O  

WhereKisthenumberofEEGsamples．  

4。4 Frequency ramges amd momum蜘rm reso且u－  
tiomfreql陀meyramgeS   

Itisgenerallybelievedthatfrequenciesabove40Hz  
Carrylittleinfbrmation．Keirn［2］andKeirnandAunon  
［3］employedpowervaluesandasymmetry ratiosfrom  
thefburcommonfrequencybands：delta（0－3Hz），theta  
（4－7 Hz），alpha（8－13 Hz）and beta（14－20 Hz）．  
Palaniappan［21］，［22］improvedtheperfbrmanceofthe  
BCIsystembyusinganadditionallowgammaband（24－  
37Hz）spectralpowerandasymmetryratio．However，  
SOmereSearChershavearguedthatinthehigh・丘equency  
region（＞40 Hz），there also exists some usefu1  
infbmation・Graimannandcoworkers［24］usedhigher  
frequency components（70－90Hz）in the event－related  
POtential（ERP）－based BCIsystem・Fitzgibbon 

． 

induced by eight cognltive tasks，i．e．，Visual  
Checkerboard，reading，Subtraction，muSic，eXPeCtanCy，  
WOrdlearnlng，WOrd recall，and video segment．They  
have proposed that sustained high－frequency EEG  
activity（30－100Hz）connectstothinkingprocesses．On  
the basis of the aboveinvestlgations，We uSe all  
斤equencyrangesO．1－100Hz．  

Unitbrmandnonumifbrmfrequencyresolut孟om   

When the EEG signalis sampled with a250Hz  
SamPling frequency duringlO s，2500 samples are  
generated・ThisdatasetistransfbrmedbyFFT，reSultlng  
in2500samples．Since，theEEGsignalisarealnumber，  
halfthenumber，thatis，1250samples，issufficient．1250  
isstillalargenumberasMLNNinputdata．Thenumber  
OfsamplesaRerFFTisreducedbyaveraglngSuCCeSSive  
Samples・At the same time，the number of samples  
asslgnedtofrequencybandsisoptlmized．   

Signincantinformation on mentaltasks appearsin  
theJow－斤equency reglOn．Therefbre，SamPleinterva）s  
a氏eraveraglngShouldbeoptlmizedfbrtheBCIsystem．  
TheconventionalBCIsystem［18］arrangesthesamples  
unifbrmly，thatis，‘uniforrnfrequencyresoIution’which  
maycausesomeleakageofimportantinfbrmationinthe  
low－frequencyreglOnandinadequatenoisereductionin  
thehigh一打equencyreglOn．   

In this paper，tO OVerCOme these prob】ems，‘non－  
unifbrm育equencyresolution，isproposed・Thesamples  

a代erFFTarepositionedunifbrmly，thatlS，theinterval  
betweenthesamplesisglVenby125Hz／1250＝0．1Hz．  

Thenumberofsamplesisfurtherreducedbyaveraglng  
thesuccessivesamples．Thenumberofthesamplestobe  
averagedchangesdependingonthefrequencybands：40  
SamPlesduringO－4Hzand4－8Hz，80samplesduring8－  
16Hz，160samples during16－32Hz，320samp］es  

during32－64Hz，and610samplesduring64－125Hzare  
averaged. This means only one sample is assigned to 
each band．Since the number ofbandsis6，the total  

numberofasslgnedsamplesis6．Thisnonunifbmlband  
division，thatis，nOnunifbrm resolution，is shownin  

lbble4andFig．2．Figure2a）soshowstheunifbrmand  
non－unifbmlbanddivisions．1nthisfigure，thesamples  
On thele氏side are notused becausetheamplitude of  
FFTissymmetricalfbrrealslgnals．  

Table4Nonunifbrmdivisionof丘・e  

■∴  

コロ0  

エロD  

＝M  

∴   

ReducesanlPtlr唱  
i  

1nO  lヱD  

r、JTl：「n  ■■◆●疇ト■■◆●■ll■■◆●■●●■●1■■l●■●■●  

N小山伽ごと浩≒≒＝幸二  ：二   ＝  

Fig．2Unifbrmandnonunifbrmresolutions  

孔5Nomlinea『mOrmal丘za扇omamdMLNNimput  

Nomlinearmormalizat孟om   

Theinfbrmation of mentaltasks may be widely  
distributed，nOt Onlyin the peak－s frequency band．  
1mportantinfbrmationfbrclassificationmaybeincluded  
in smallnonprominent frequency bands．Moreover，  
naturallyIn the neuralnetworks，1argelnPutS Play an  
important ro］e．1b avoid the neuralnetwork’s biased  

learning，thisnonlineチrnOmlalization［18］isapplied  

a代erthesamplereductlOn．  

log（ズーズm．。＋1）  
′（ズ）＝   （17）  

log（ズ。aX一ズ。．。＋1）   

Here，XmeanSthesamplevalue，andxmlnandxmaxarethe  
minimumandmaximumvaluesinalldatasets．   

M皿．NNinputpatterms   

The EEG data set for one mental task and one trial 

includesthefbllowlngdata：2500samplesX7measurlng  
POints．Thedataof6measuringpoints，eXCePtfbrEOq  
Which are counted as6signalsets here，are RJr（her  
transfbrmed though the CSP Ⅲters，reSulting h a  
reducednumberofsigna）sets，fbrexample，4signalsets．  
1nthiscase，4CSP創tersarerequired．Eachsignalsetis  
further processed through FFT，SamPle reduction by  
nonunifbrm resolution，and nonlinear normalization．At  

thesametime，theEOGsignalisalsoprocessedinthe  
Same Way，eXCept fbr the CSP filter．A氏er that，the  
numberofsignalsetsis4＋1＝5sets．Eachsignalsethas6  
SamPIes・Fiveslgnalsets，Whichinclude6sampIes，are  
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恥  

class摘ers．  

Thble5Examplesfbrdimensionof飴aturevectorswhichare  

orderedinal－dimensionalvector，Whichisappliedtothe  
MLNN．  

5・ExperimenlalSetup  

5．1Dataacquisition  

ethe  
data setsthatare  
StateUniversity  

Inthisstudy，WeuS  
avai1ablefromtheweb  

【20］．TheEEGswererecoded丘om7subjects，Where7  
channelsofelectrodeswerepla占eduponthescalpatthe  
positionsC3，C4，P3，P4；01，andO2accordingtothe  
InternationallO－20systern・Thelast channelwasthe  
EOGrecordedbetweenthefor＊eadabovethele氏brow  
lineandanotheronthele食dheFkbone・Recordingswere  

madewithreferencetoele¢tricallylinkedmastoidsAl  
and A2．TheEEG signalswererecorded ata250Hz  
sampling rateforlO secondsE（total2500samples per  
channel）．RecordingwasperformedwithabankofGrass  
7P511ampli且erswhosebandpassanalog創terswereset  
ato．1tolOOHz．TheexperihlePwasdividedinto5－trial  

sessions．Subiectswereaskedtoperfom15mentaltasks  
and repeated5trials ofeach taskin one day・They  

・BaselineThesubiectswere←skedtodonothing，but   
relax．  

・Mul卸IicationThesubjectswβreinstructedtocalculate  

．．easkedt。men．ally   
COmPOSealetter．  

●RotationThesubjectsweredskedtorotateacomplex   
three－dimensionalobiectintheirmind．  

・CountingThesuQiectswereaskedtowrite visualized   

numbers one by one，deleting the previous number   
beforewritingthenextnumber．  

1  

5・2SeveralI主CIapp一瞥Cbes   

In orderto evaluatethe efnciency ofthe proposed  
method，WeCOmpareSeVeralconventionalBCIsystems．  
Th甲areintroducedinthis苧eCtion・  

Conventional：The BCIsystem［18］，［19］consists of  
FFT；preprocesslng and a MLNN．70samples and42  
SamplesforuniformandlnOnuniform＆equencyresol－  
ution，reSpeCtively，areuSe尋as仙eMLNNinputdata．  

i1 r  
areuniformlyreducedto5・perelectrodeposition．A氏er  
the nonlinear normalization，匝e飴ature samples are  

， ：諾霊：慧1㌫欝1£f：芸£謁芸a慧b芸  
samplesfor6％equencybands，a66－dimensionalfeature  e上一ー 

x．，aC．  

Fourier－tranSformed features．Furthermore，through  
Samplereduction，nOnlinearnormalizationandtheorder－  
1ng Ofalldata sets，30－and36－dimensionalfiature  

e  

Fig・3ExamplesofinputpatternsfbrMLNNbyConventional  
method【18］  

柑 70 ＄○ 伯 父 紡  

Fig．4Examples ofinputpattems fbr MLNN by CSP－OVR  
method  

1   

0●   

88   

0T   

Oう   

85   

0●   

03   

0コ  

Fig．5Examples ofinput patte印Sfor MLNN by CSP－SIM  
method  

Fig．6Examples ofinputpatte鮎for MLNN by CSP－ECOC  
methodforcolumn－COde［10101】T  

Fig．7Examples ofinputpatternsfor MLNN by CSP－ECOC   
methodforcolumn－COde 

CohVetltional－ECOC：Theconventionalmethod，Which  

employsFFTandthepreprocesslng，1SuSedtogenerate  
70－and42－dimensionalfeaturevectorsfbruniform and  

旨  

does not employ the CSP創ters unlikethe proposed  
method．Therefbre，We Can COn爵rm the e餌ciency of  
usingthe CSP創ters．Threetypes ofcodewordtothe  
ECOCframework，i．e．，OPC，Hadamard，andE－ECOC，  

J
鮒
n
r
 
言
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areemployed．MLNNsareusedfbrcIassifiers．  
CSP－ECOC（ProposedBCISystem）：Thedetailshave  
beendescribedinSec・4・Thismethodprovides25－and  
30－dimemsionalf旨ature vectorswith4CSP filters fbr  

unifbrmandnonunifbrmresolution，reSPeCtively，Coding  
isalsovariedtoOPC，Hadamard，andE－ECOC．   

Examples ofthe dimension ofthe fbature vectors，  
Which aretheMLNNinputdata，areShowninTable5．  
SomeexamplesofMLNNinputpatternsfbrSu叫ectl，  
trial1andallmentaltasksareshownin Figs・3－7．ln  
these吊gures，di能rences between the MLNNinput  
PattemSgeneratedbyvariousmethodscanberecognized．  
In Fig，6，the EEGs are prqJeCted by the CSP filters，  
Which are optlmized to categorize three mentaltasks，  
iBaseline，Letterco〝甲OSitionandCounting）＝l，against  
theothermentaltasks，〈MulゆIicationand Rotation）＝  
0．InthecaseofFig．7，di能rentCSP爪1ters，Whichwere  
OPtimizedtocategoヤe（BaseHne，Lettercomposition  

andRotatlon）＝1agalnSt（ル払lゆIicationandCountingi  

＝0，WereuSed．   

5．3Classi爪eation   

MLNNs are used to perfbrm both multiclass and  
binaryclassincationmodes．MLNNisoptlmizedbythe  
errorback－prOPagationalgorithm．ParametersfbrMLNN  
aredeterminedandareshownin「hbles6and7．   

「bble6MLNNparameterSfbrconventiona］method，CSP・  

OVR and CSP-SIM 

（20）  

〃 ＋〃  

〃′＝〃＋〃，＋〃  （21）  

NL・，Ne，andN，arethenumbersofcorrectclass描cations，  
errorclassi坑cations，andr亘ections，reSpeCtively．   

TheseexperimentsinvoIvesu叫ect－SPeCificclassifica－  
tion・TheEEGdataareindividuallyappJiedtotheBCI  
SyStem Subject by su切ect．Each suhject’s EEG data  
COnSistsof5trialsinoneexperimentalsession．Eachtrial  
COmPrlSeS5mentaltaskshence，atOtalof25EEGdata  
SetSareObtainedfbronesession．Fourtrialsandltrialin  

eachsessionareselectedfbrtrainlngandtestingdatasets，  
respectively・SinceSubjectsland6perfbmed2sessions  
and Su叫ects2and7perfbrmedlsession of EEG  
recording，thereare8trainingtrialsand2testlngtrials  
fbr Su叫ectsland6．On the other hand，there are4  
trainlngtrialsandltestingtria］fbrSu叫ects2and7．   

The experirnents are validated by 5－fbld cross－  
Validation．Theexperimentsofmentaltaskclass描cation  
areindependent）y carTied out5times by changlng the  
COmbination of trainlng and testlng data sets．The  
classification performances are evaluated in each 
independent experiment．As a result，5independent  
Class浦cationresultsareobtained．Theyareaveragedto  
eva］uatethefinalclassincationperfbrmance．  

6。Rxper孟memね1ResultsamdDiscussioms   

Theaverage，maXimumandminimumvaluesofthe  
classification results arelistedin Tables 8 and 9．1n  

Conventional－ECOC and CSP－ECOC，the E－ECOC，  

Which requlreS15elementalcJassifiers，is selected fbr  
thehighestgeneralization．  

6．10verallresults   

ThecIassi坑cation resultsfbrnonsegmenteddataare  
demonstratedin rrbbJes 8（a），（b），（C），and（d）fbr  
Su切ectsl，2，6and7，reSpeCtively．   

For Su叫ectl’s EEG data set，the conventionaI  
method【18］，［19］works weLl；however，the proposed  
CSP－ECOC method can improve the correct  
Class浦cation rate Pc育om 88％up to92％fbr the  
unifbrm什equency resolution，and up to90％fbr the  
nonunifbrmfrequency resolution．The other methods  
PrOVideroughlythesamecorrectanderrorclassi爪cation  
ratesastheconventionalmethod，   

TheCSPfilterworkswellonSubject2’sEEGdata  
Set．The correct class浦cation rates Pc are obviously  

increasedby uslnganyCSPnlters．Moreover，theerror  
Classincation rates Pe can also be decreased to O％by  
CSP－OVRandCSP－SIMmethods．Thegreatestimprove－  
mentis provided by the proposed CSP－ECOC method  
Withthenonunifbrmfrequencyresolution．   

ForSu句ect6’sdataset，theresultsalsoindicatethat  
theclassincation perfbrmancesareobviously upgraded．  
The correct class捕cation rates Pc areincreasedfrom  
66％to84％．Inaddition，theerrorclassificationratesPe  
arealsoslgnificantlydecreasedfrorn26％to6％bythe  
CSP－ECOC method with the nonunifbrm 丘equency  

Pa†ameter   NoSe巳ment且tion  Seqmen  也tion   

Inputnode   RefもrIOTable4  RefbrtoT  able4   

Outputnode   5  5   

Hiddennode   20  20  

Iteration   100000  500  0   

Le忽min丈Rate   00  Ol  

ActivationFunction  Tanh一山具is  cS也moid  Tanh－Lo鎮is  

InitialWeigh†Rar唱e   ±0．  ±0  

¶－6holdofReiectioll   0る  06  

Genera】izaIionmethod 

rar】domnoise   土0．05一±0．】  ±005・  ±0】   

Table7MLNNparametersfbrconventional－ECOCandCSP－  
ECOC  
PaTameteT   NoSegmen加ion   Segmenbtion   

Inputnode   Refbrtonble4 Re鈷rtoTab】e4   

Outputnode   

Hiddennode   】0   】0   

tteration   80000   5000   

Le8mingRate   0．01   0．】   

AclivationFunctio†】  職nh一山gistlcSi釘tlOid  Tanh－LD由sticSiどnlOld   

lnltlal Welght Range ±01   ±0．t   

ThresholdoFR亘ection 

OPC   卜二   12   

Hadamard   2．0   20   

E－ECOC   40   4．0   

Generaliz且tionmethod 

†弧domnoisモ   ±005一±0．l   士0′05－±0．l   

5．4Classification perfbrmance evaluatiom amd  
validatiom   

Tb evaluate the classi坑cation perfbrmance，the  
COrreCt Class浦cation rate（Pc），errOr Classification rate  

（Pe）and rateofcorrectanderrorclass摘cations（Rc）are  
used．  

生 p＝×100％ ぐ  
〃．  

p＝×100％  
＼  
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resolution．  （maximum／minimumvaluesaregiveninparentheses）  

（a）Subjectl  

Me山od   Unifbm  Nonunifbm  

P。   Pg   尺ぐ   P。   γ．  

】2．30   0．37   79－69  13．ユ8   

＆  
0．壬賂   

CON  82．10              ．85）   r83．30／80．咲））  （14．30／氾ユ0）  （0．g9ノ0．85）  （獣）．40〃S，卯）  （14．70ハ140）   （0．89伯   
CSl）一   86．70   8．80   0．9】   84，3l   1】．59   0．88   
‖3      ．＄7）  OVR  は6．90／漁40）  （8．咲）侶．70）  （0．91瓜9り  185．6／8ヱ．3）   』Ⅳ9．79）  （0．削   
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CON＝ConventionaIMethod，CON－ECOC＝Conventional－ECOC  

6・2 tJn肋rm versⅦS mOm仙肋rm 打equemcy  
resolutiom  

c．assiGcdi。n。erfomanc。based。nthe加kin。s  
Ofthesamplereductionmethods，thatis，theumiformand  
nonuniformfi・equency resolution，arealsolistedin  
Tbbles8and9，Ontheleftandtherightside，reSpeCtiveIy．  
Inmostcasesofnonsegmenteddata，theerrorclassify－  
Cationratesaredepressedinthenonuniform鮎quency  
resolutionmode．Forexamples；eXplicitly，inthecaseof  
Su切ect6’s nonsegmented data，nOtOnlyarethe error  
classification rates substantially decreased from 
15．33％～26．00％ to 6．00％～14．00％，but the correct  
Classi且cation rates are also increased 丘om  
66．00％～68．67％ to 70．00％～84．00％．In 也e case of  

Su切ects2and7，theresultsalsoshowthesametrendas  
thecaseofSubject6．  l   

CON＝ConventionalMethod，CON－ECOC＝Conventional－ECOC  

S0S  

。。1  
ECOCmethod．Thecorrect．classificationrateP。isincre－  

t  詫ミミ三  
asedto84％withthenonunifbrm   

Theclassificationresults’for  

yresolution．  
entedEEGdata  

summarizethat  areshownin1もble9．Inthis  

the CSP approaches can  冨澤C器    the  class摘cation  

perfbrmance・Forinstance，inthecaseofSu句ectl，the L  

proposed CSP－ECOC method canimprovethe correct  
classi且cation rate舟om82．1％ to 86．7％with the  

nonuniform舟equencyresolution．InthecaseofSubject  
2，thecorrectclass摘cationratecanalsobeenhanced  
＆om71．5％to83．74％．As’well，ihthecaseofSubject6，  
the accuracy rateis upgraded録om47％to66．97％．  

Lastly，inthecaseofS咄ect7，㌣ccanberefined舟om  
68・55％to73・19％・MostCSPm？thodscanimprovethe  

perfbrmance，eXCept fbrthe CSP－SIM methodinthe  
CaSeOfSubjectsland7：pcis［aslightly degradedto  
around2％．   

ThereasonfortheimprovらmentmaybesonIe  
benefitsofCSPspatialmteringthatcauseincreasesln  
discriminatedinformationoninp叫patternSI  

Thbre90verallexperimentalresultsfbrsegmenteddata  

However，inthe case of  
Performancecannotbeimp  葦 

ectl，the classification  
dby uslngnOnunifoml  

frequency resolution・ImproVement upon using the  

nonuniform舟equencyresolutionisdependentonnoise 慧慧慧：訂霊霊完慧芸禁慧還  

什equencybandsmorethan  elow一缶equencybands，  

Can SuppreSS the contamina  t ednoisewellinthehigh－  
舟equency reglOn．Inthecase  OfSubjectl，WeaSSume  
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methods with nonunifbrm sampling reduction and  
nonsegmented data．For the other modes，the results  
show the same trends as we11．The E－ECOC with15  

class浦ers overcomes both Hadamard coding with 7  
class描ers and OPC with 5 classifiers because the  

increasedlengthin the codewords can achieve aIarge  
CapaCltyOferrorcorrection．   
TheincreaseinthecodewordlengthinECOCrequlreS  

more classiners and along computation timein the  
leamlng PrOCeSS．The approprlateneSS Of the coding  
method is dependent on the applications and 
COmPutationaltooIs．   

The simulation results indicate that applying CSP 
創terlng Canimprove the accuracy ofthethree coding  
methods．  

7．Conclusioms   

We proposed a new BCIsystem，Which combines  
CSP 創terlng and the ECOC framework to realize  
multiclass class摘cation with an error－COrreCtlng  
CaPability・AIso，aneWSamplingreductionmethod，that  
is，the nonunifbrm ftequency resolution，WaS also  
PrOPOSed．Theimportantinfbmlationin thelower  
斤equency reglOn WaS PreCisely analyzed，and the  
COntaminating noisein the high一任equency reg10n WaS  
Wellsuppressed．The classi爪cation perfbrmance ofthe  
PrOpOSedBC（systemwascomparedwiththoseofmany  
conventionalandrelatedBClmethods．Furthermore，the  
effectivenessofus1ngCSPnlterlngWaSeXamined，and  
several coding methods were compared. In order to 
COnfirm the generalusefu1ness，the EEG data of7  
Su切ects，WhichareavailableonthewebsiteofColorado  
StateUniversity，WereuSed．Theexperimentalresultsfbr  
4su切ectsshowthattheproposedBCIsystemcanboost  
theclassincation rate什om66％～88％to84％～96％and  

SuPPreSStheerrorclass捕cationrates斤om4％～26％to  
4％～12％．Almostthe sameresultswereobtainedfbrthe  

Other3su叫ects．  
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thatinitially，EEGs are fairly clean，SO an eXCel】ent  
Classification perfbrmance can be obtained，nO matter  
Whichmethodofsamplingreductionisapplied．   

Unfbrtunately，the nonuniform斤equency resolution  
forthesegmenteddata，Sign描cantimprovementcannot  
be obtained．The correct classincation rates are  

inslgnincantlylmprOVed，buttheerrorclassificationrates  
arealsodegraded．  

6．3 Non－＄PatialⅢtering ECOC versus CSP  
filteringECOC   

In this paper，We also compare results between  
nonspatiaIfntering and CSP爪1terlng When both are  
appliedtothe ECOCframeworkinordertoprovethat  
theimprovement does notinherently come斤om the  
ECOCtechniques，butalsoisaresultofthebene爪tsof  
CSPnltering．Theexperimentalresultsshowninlbbles  
8and9indicatethatalthough both methods generally  
PrOVidegoodperfbrmance，theCSP－ECOCmethodcan  
providemoreimprovedperfbrmance．Theaccuracyrates  
areimprovedfrom58．70％～90・00％to63・70％～96・00％・   

Fromtheseexperimentalresults，WeCanCOn爪rmthe  
efnciencyofusingtheCSPnIterlng・  

ThblelOClassificationresultsfbrdi能rentcodingmethodfbr  
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（b）CSP－ECOC   

Codi喝   Subjectl  爬  Subject2  
P．   私   P′   告   凡   

くX）（わ   6（★）   09J   96〔X）   ヰ（11   廿（始  

E・EC（X               （9：以）侶8（カ）  （川00／ユ∝り  （乱ぢ楓／0．咲））  （9る几）／（姑軋り  しヰしり月l九り  し（）咲i八）し始）   

‖鮎km且rd  85侃   ト（｝   
（）93   9（〕（X）   6（Xl   け鋸  

りγ6）  （09：ノ0．85）  t9コしり侶8．（カ）  （8朕眉圧灯  一往湘／Uり：）   

糾【X）   4CO   095   6朕）   （）り〕  

OPぐ        SJ．（X）       ：こ  ：l  （6∝）／ユ（氾）  （09訂0．93）  （88（氾侶0．〔氾）  （8．t℃／J，仰）  川り5八）9：）   
Coding   Subiect6  Subject7  

Pぐ   ㍑   尺。   Pr   Pど   札   
6け〕   09：l   84α）   t：＝10   OS8  

E－ECOC  8J（X〉             （86（対偶：（¶）  t畠00り〔追）  （095／0別）  （鋸（M／鋸（M）  （lユじ0／lユα））  lい畠8几）88）   

093   8JしX）   1600   0鋸  

11ad00l町d  78（X）  6（X〉           （SO〔カ〃6．（℃）  18（カ月（追）  し095／091）  tSJ〔揖／84〔灯）  （l∈〉00／16川）1  伸糾／0臥1）   
10，（沿   089   7S↓0   ニト6し）   078  

OPC  TS〔巾             180，00〃600）  （8（刀／ヰ（℃）  し095／（〕91）  （8tl〔出／76以））  l：」00／：n以））  （し）乱用7（－）   

6．4 ComparisononcodinginECOC   

TheperfbrmanceofECOCdependsonthelengthof  
theappliedcodewords，Whichisthesameasthenumber  
ofclassifiersintheensembleestimation．Thisis stillan  

OPenissuefbrtheECOCframeworkinourstudy・Inthe  
experiments，3typeS Ofstandard coding methods are  
Perfbrmedandcompared，i・e・，OPC，Hadamardcoding，  
and ErECOC，in which5，7，and15 class浦ers are  

required，reSpeCtively．Thetheoreticalperformanceofthe  
COrreCtingcodehasbeenmentionedinSec・3・   

ThblelO shows results of using di飴rent coding  
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