199549 %2 A3 =84 A174 A1z 95/5
MUZY RPYFYIJME o|S8Ft FFo| il Y Artifact BF2] 74

o| 88, Ot s, o] YFxs
*ZR dgta 713, =2y Hos $H A3rL

Development of an Optimal EEG and Artifact Classifier

Using Neural NetworKk Operating Characteristics

T.Y. Lees, C.B. Alm*, and S.H. Leess
* Department of Electrical Engineering, Kwangwoon University
s* Yonjung Brain Function and Sleep Research Center

Abstract 22 MsxM2of AI83st= 2oiCt [2]. Artifact o] FRAO!
2 #xio Sx ol 7igsh=d B =2 <o Y A

An optimal EEG and artifact classifier is proposed using ol 207! Mg £ S3Y2 artifact YNo| Folo| &
neural network operating characteristics. The neural Ch [31. YEtxez E2 HildsE FI|Mo| Zsta =
network operating characteristics are two dimensional o #alyt actA] AKX Y2 ¢tHHo| artifact B JIXj2 Y
parametric representations of the right and false = Hots $#I1dol st mFel #Huiyl Mstch sy
identification probabilities of the network classifier. HEgHel geblEe AKX 4 Yen MBIle AHAEH
Since the EEG and FP signals acquired from multi-channel o XMoo efEsta UCt 7= ORES Ot o =gy
electrodes placed on the head surface are often interfered MY AlcBE2 £UE SHTfE M2IHCADI} XY mo=
by other relatively large physiological signals such as HoIStHA S(TtQf artifact & EAS oo olm Y2 Al
electromyogram (EMG) or electroculogram (EOG), the removal 2ol &% =3 0]2fX0] MH Ala=ol xjSsto] 2 A
of the artifact-affected EEGs is one of the Key elements 2to| slof ot 2 =8o |XHE& MEIIJl artifact B o
in neuro-functional mapping. Conventionally this task has 3t A XME o|Bslo] MEI +Fo tags ¢
been carried out by human experts spending lots of Yst=d Uk (41
examination time. Using the neural-network based
classification, human expert’s efforts and time can be n. s3x=124y
substantially reduced. From experiments, the neural-network
based classification performs as good as human experts: 2 =E20AM snidisE ozlasol #3209
variation of decisions between the neural network and S(32 Md)e2gH M. 3209 H22 I o

human expert appears even smaller than that between human H U4 MFOA EElolA FHEIE 1020 A|lAE SR HIX|

experts. Elof AUct. 27 VIS8 Bslo Bojs HIOMESE [
g MU=EN2E 9isto] 2} Moot 1 RY 256 MBS 8
I.ME Aol MMEE 12 bits/NE 8 AMREYUCH. nxo=z

FUE S|THISE epoch 2t B2 HYAZI2Z L

SfEHERS) U & RYHS (Evoked Potential)® 0[ TXNeE ZA™E HM F epoch SHZE YF & Oiolx|
Bt FY AAHE 29| J|s8 2% topography HEZ & artifact 2IX| B EtH g Bt &2 =20AME 8 epoch B
= A7 HEof X-ray £HEEY (Computerized Tomography) o 1Z2 sigien, o 3L iz o Fuip AR JIXIH &
L x| 8Y YY (Magnetic Resonance Imaging)S 0 of s} o dFYEe 23z U=MolEHY =X dige
of olXie = YAMA= o= Ny2E FZ=C (1] 82 2o Matdyoz B + Ysd YHYdolH =|aS
Helo] FAS NISEFE $AS O SO 58 Y HBY0| 2ot & FEHY & AR MM UYE Hyez
CIXIY HHE8 HA ZSEol MAEE0 ofdIix Azt 9 = M AU SEBESE HHAIY £ ULk B AFoM A
zt, Fuis g solMel AsXal& HAAH o of A St MA2| Aol zherst 4YES ofAet Yot
Al S8 AL artifact 7t Y= =lal@ Ealslof MHH
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B. Subsampling

BEIIL =l atet artifact B ERE O A rso e =
F2oh-MAH orgof J=ZE Fof THS= A2 2y}
of B =Foids 205 4EE SuEE 4 o NE
points BICH 1 AN & #3t0] METE 64 points 2 FUCL.
Subsampling 2 MZFYS U A £&HE o[ T ot
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E =2dM AEE dAYS 27 2 oM =2
mltilayer perceptron TZZ =S, 24 &, =39 35
o2 TAME[0f QL [5]. Multilayer perceptron & QL=
of HAE s=lmel HEI AFY=&E Bsto 2HELE ©
Y0, sigmoid 4B HE 24Feo| FaA = CbE oF
Az @& Bl &¥EcR MIHEWH Mmh). 8535
2 Mo M8 sigoid BB HA MFYS o=
UEHCH 2 =R2dAMEe B epoch B THRIZ2 A2 AXE
Ha 2t Adol cjuila® YLB R AR A(YH ==
£ 1 64), ©EQ 245 L= = YYHE9] o YU}
A YCHBHE == £ : 64), 12 EH-=8 B30
HOK= FH2 0 olAf 1 Aol HHHQ & A =it

dF Yo sEE fHMME HEINI HHoMEsE o
ot COIE{E 7(¢t=2=2 2 Mt (backpropagation) YIN2EE
A2 8ISICH [5]. 0] ADBER UYL= FRI| HEYE
8§ 3sto] oWz MY UFY SN i &Y
gt 2o 28 dqygez Huisie A Il HER
HAAY=& Y= Aoict

Mol sfgof AI2E dojEle MEIA 2Btol
‘g3 sult, "3 =El", “artifact” 2| MIIX| YL
2 ERcU20, fsls &322 22 1.0, 0.5 0.0 Of @
o Eldct. AFYel stEo AISE MBI TEE o
B0 #xE ¥ 1 of UEHHACE. =& U AlEdOEE 4
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EEG Class Number of epochs Ratio(x)
Good  EEG 225 45
Miadle qulaity EEG 115 24 ]
Artifact 155 31
Total 495 100
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2 =FoMs B4 HotolA dal Agsl2 UEs
471 2Y S A (Receiver Operating Characteristics: ROC)
JMI61 2} RASHA HFY 2Y|A(Newral network

Operating Characteristics: NOC) ZM& o3t A X0l
gotel VIE22 MUC {IY 2PERYIM2 FYeco
ZHUE oHHFE stol M2Fo Yo Llatd ui=H
EtA 8t HBE(Pr : right classification probability) It Jt2
Hol MFY0| artifact B YA o2 AR HYY Y=
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a8 1 olM EofFE 37iX LA WE HFHY
M58 MIY 2I8YH IME ASsio MH=EUCL. B
HEWME MIER YR2IE ALSstol MAE AW HY
2F gGoiolHol diste =XI5SYHHE 0.2 E 5o &
Of JhsstALCt.  MIZEX YXII|E ALEsto StgAlzl A3Y
of cistof AEOIOIEIE XNBstol A2 MIY 2E8Y JF

Mg 38 3 of LEHAUCE. OB 3 ol =Kol olX| X}
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Neural netwok Operating Characteristics { NOC )
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Neural network
Classification and expert | One expert| Two experts
Identical
clssifications 74.5 % 71.5 % 62.8 x
|
Classifications
with 25.0 x 20.8 % 24.8 %
small disagreements
Contradictory
classifications 0.5 % 1.7 % 12.4 x
T
Total 100.0 % 100.0 % 100.0 %
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