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Abstract: The electroencephalograph (EEG) driven brain-computer interaction can promote daily life and rehabilitation training for
physically disabled people, however, EEG has several problems such as low signal-noise ratio, significant individual difference, and these

problems result in the low accuracy and efficiency for EEG feature extraction and classification. In the context of reducing numbers of
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electrodes and increasing identified classes, this study proposed an approach to classify motor imagery (MI) EEG signal based on
convolutional neural network (CNN). Firstly, based on existed approaches, experiments were conducted and the CNN was constructed
with three convolution layers, three pooling layers, and two full-connection layers. Secondly, MI experiment was conducted with the
imagination of left hand movement, right hand movement, foot movement, and resting state, and the MI EEG data were collected at the
same time. Thirdly, the MI EEG data set were used to build the classification model based on CNN, and the experiment results indicate
that the average accuracy of classification is 82.81%, which is higher than the related classification algorithms. Finally, the classification
model was applied in the online classification of MI EEG, and a BCI prototype system was designed and implemented to drive the
real-time human-robot interaction. The prototype system can help users to control motion states of the humanoid robot, such as raising
hands, moving forward. Furthermore, the experimental results show that the average accuracy of robot controlling reaches to 80.31%, and
it verifies the proposed approach not only can classify MI EEG data with high accuracy in real time, but also promote applications of
human-robot interaction with BCI.

Key words: motor imagery; brain computer interface; human-computer interaction; deep learning; convolutional neural network

i M1 #% O (brain computer interface, {8 # BCI) i i % 4 5 3 I K fx ™= 25 (19 i B Bl {5 5 (electroen-
cephalogram, &% EEG)RINFI A M=K, 2T BEG (55 58 BRI S5 4501k & 115 B A% 3 S tiME &, ik &
FLE B0 N 1 B RIE S AU A RTBE AT SR BCT ARSI AR R T Pk k B B2, 1 F EEG 5 5 Af
JEPRE . gtk (R AE e LS As i LA AL B . RRAESRE . 22 R Ar SRS T T A 1 2 A R U, AT S
BOaTSEBR R BCT R G04070.

i H EEG HUH (10 ab B AN 43 BT 75 v EEAEE 3 B ER(1) X EEG Bds dEAT FAb B 5(2) X FiAL S ) EEG
AR AT RHAE SR L (3) o X SR B RRAE (] AT 20 B X R AR R ERRTE T, T ERET RN R 5
FIREAT 5 24k (10 040 T3 Ack P50 00K AE i B L 7E Tl Ak 38 3 A% v 25 2 ) B T B 23 6 A FH AR AIE 1) 0, T E R A 4
H e A S B 7R AN () 8 3 i P A B 1D ) 5 BB A e 2, T A 0 o A1 4 24 4 L A o e AR T e A A
2 W #% (convolutional neural network, FFE CNN)flA 7 J6 B 2% > FA 1B 22 S B i o S 4R e m & A
BRI 43 2 e 7, B R B H s 2 20 B0 R T 20 FERARRAE, b 1 N D R 3R R AR i 4306 B 32 L VE RS 78
1.

R, T &4 EEG {55 BEAT (B4 « A% (1 R AE SR RN 43 28, AR S0 I8 ) A8 G S By, 78 R e a2 v Fi, F A
BE(ERTERE 64 NI Z R, A LR K 14 AHR). RS NEs B R0 RESZ(ERRITEZHR X
FF2 83 R A FELET . AF WMER RSN 4 202000 T I H 7 1 EEG #dE, 3% CNN
T3 VAT R R AE 2% 2 5 4398, 45 SRR B AR SO 8 L R 12 30 A8 B 4 S v B A B v ) U e gk o T
AL TER SR T —A8T BCI W A-HLEF AN H R G, 5050 45 R R U, 5 B 2R G0 ge PR B i 3 240 07 e
H PRI 38 R AR A S HI AL 8 N 58 O S SR, 3 — BB IE 1 A SCT7 ik 5 .

1 HMXIE

IR E N AN 3 H 1 EEG {5 SR IESR U7 v 2 BAHE 3 28:(1) 26T w3804 Hr 09 592, 4 >R A 34 4A
J5 7. MEREE R R BEN,(2) HE T UM 7, 10 Pfurtscheller™ 4R HY R T mu 1 AU 23 B 7 36 9%
BB F B AT T . Zhou & ALK /N 12> fift (wavelet packet decomposition, & HE WPT)HISh 37 54> 70 #r
(independent component analysis, [ F% ICA) M. F 7512 ) A8 G R AE S I (3) 56T 2538040 BT 19 77723, 40 Samek
4 NBHR 8 L2452 (common spatial pattern, &l % CSP)S I ZE R ML 1 rh . 5% — 5 T, 0 7T SR P ML 2% 22 5T 1)
75 ik, g4 e 4 Nt Y 37 8 [ B8 Ml (support vector machine, fRiFR SVM)J5 40 233 75 /R 48 45 35 48 #e (Hilbert-
Huang transform, % HHT)# EEG $ds #4740 25, 76 5% 25 A VM ] B 5] V945 78 (autoregressive model, fii#k AR)
SHRFE SR EUR 1 EEG 15 5 HEAT 43 2 XM 5 4 SVt A Aol 26 19 2% (1) ) 17 4% 4 (back propagation, f& #k BP) L%
17 EEG 4l 7325,

CNN & — ity 7 25 FH 485 4 TR TR P55 o 8 I 8% A5 R 4 ) i DRI P 25 1] 285 460 % 3, 0800 75 B2 2 ST I S 0 N
T 412 750 I ) A 478 B39 (R I 5 2803 AT LA BT 1 3 04 30 il AR A1 Ao 22 0 4% (1 52 24 FE ) LeCun 25 A UOLR A i 42
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PR 28 1% 72 I T A% 3R SRR R AT T 5 B0 IR E X 4% S5 A BT RO T SR AR S BUE JE = RIR IR D T # A N 4%
2 H0E AR T RERUEERE TR R WA RS LeCun 55 NETE T ) 308632 B A0 4k S A 2
HH TR ERME M %% LeNet-5, 7 RAT T 5 H TR RFE PR 78U 45 305K, CNN 4
N T BEG 15 5 BOHFAE S ORI 40 M7 45 21, Hubert 28 A U2V F- CNIN X i B 2547 4 5% 47 (event-related potential,
A A% ERP)H 1) P300 5 AT 47 KRG, SEIL AP 9F 5,72 BCL 5% 28 10 A FL 5098 4E (http://www.bbci.de/
competition/iii/) b 34T SZ 3, 45 5 2% B, FL AR 55 20 05 s AT LAIA B 95.5%; 25 =Ml i NN RRE R 6f R i 45 % v o7
(visual evoked potential, KR VEP)ZEAT I 385 Fl 2= 38 Rp AE 43 4, 45 SR 3K B ,~F 35 32 3038 T /E4F{if (receiver operating
characteristic, f&#% ROC) i ZE H FA L SVM J7E 4R 81 T 4.4%; 3 85 1125 NI F ONN st 72 T R 32 548 5
HA 5 HEAT 2 25 1R00), T35 1R I 2600 88.75%+3.42%, I ¥ H R A 21T BCI BIAME BB A ER RA T, £ A
S NUSIEF ONN BT . AF B ERBTFR 3 40 2880 1E R A, IR BRE B R A J7 90 SR & T 4%
8%.

IR SR FUIRUE T CNN J7 v 7E il HLAE 5 A0 8 v B2 1 T AT P (B BF 90 e T8 A 25008020 1 Fe, AR 25 H
MR B B RE T 4 AN J BA b I B A8 553 2R 1) R HEAT R 1) R ) O B 2 et ST R HHAH L BCT RS S H &
20, L DURE I N -WLA N SR 22

2 ET CNNHIRHEESTEGE

21 REBESXRE

i LA 5 SR SRR 10-20 [T Baobas v S BB 80 B U oH  MR AR A/ REL e 32 2 76 e IR 0 SR o A B LRI
WAL BEADE S, H kTR Cz)J83E Cz B IEL SN 2 A 10%H1 4 4> 20%(1 85 8. ASCR A Emotiv
System 2 ] (http://www.pstnet.com/eprime.cfm)f] Emotiv EPOC iy FLAX, H AL S 14 N E 1 frow), R
N 128Hz.

BAF3 AF40
@ k3 F4 @

01 02

Fig.1 Electrodes configuration of Emotiv EPOC
Bl 1 Emotiv EPOC il FLAX [¥) FL AR 17 B 43 Aii
22 FREESESERN

7 S50 o At v R A 2 BT i stz e 3 21O,

AL T T AR (5 B 2 L R TE 24 5 ~27 B 2 (B)BEAT SIS S R R AR T O IR 1
RS INAR L 1 il v, S5 R A IR P 75 2 S8 i 560 ICHE T4 7R ) SR 56, B IR SR G RE 2 9s I [, AT 25 BF %5 12
7 <rest™ 7, PR I BORA 2 J5 8 5 e oh S B — b SRR P SR I8 B TR A AN 4s~8s, B LA
TN ERER LT BRA T BEIAE SRS IR 08 T R EF R 05 R SRAT A A i
155, S90S AL PP K B Eprime S 7245 I SE90 TF AR I, i)l FEAX R 3% —A> marker AR1CAE 5 IFE LIRS R 5
BEAT B AR 0 A I AR A marker SR 73 FUAH S0 L BHE . A0, O T B ks P AR 5 R S B AR RN R
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S (R RCR O P AR REAT 20 IRSEEG SR AR R 3 4B Bk A, D T B bk B U IS F A GO R e A S BRI
JB A B A 5 i v Kok o B, 1 XS B8 2 X B R P HEAT 1 IB S AR G R, R AE IR SRS B i R rh A B 1
PR S B i R 20 1 £ S5 96 24l

rest ready Ve 1

JELHE: % i or(cue)
T T T T T T
0 | 2 3 4 5 6 7 8 9

Fig.2 MI experimental paradigm
K2 i@ah i g
23 HBIRWEMELE
ASCBETH I T 38 B A8 G A O AC B S A e 2 X 2% A B 3 B, B3 1AM JZ (input 2) . 3 MBI
JZ(Cl. C2. C3J2). 3 MibtbJE(S1. S2. S3 Z)A1 1 M th )2 (output J2).

Input Cl 51 c2 52 C3 53 4R Output
(32764) (32%64) (16x32) (16x32) (8x16) (8x16) (4%8) (4096->1000)
Fig.3 CNN structure for MI EEG data analysis
B3 H 1@ sh 8 G B o i 1 R 2 ) 45 2

231 HBREHIE

B AR 3 AT R AL HR B, R FH S M Ui 0 45 0 <l 20 PR W0 R B L A o i N 8 B 2 AN IRk AR I F A
— NN SHOHAT 2 A R RE SR B R T E— R 0% R A LU R A ZORIEEU T — JE AL

)= (S 5k ) (1)

KD, x, NERUZE RS AN EIE R ) D90 o6 2 8 A2 IEZR PR 3 T (rectified linear unit, f# F
ReLu);M; PGS, x 7 AERE -1 258 i @ERH, & 9B R, £ R () P RoR BT
5,0 R EAE.

FEARSC S NEHE D9 F3. F4. FCS Hl FC6 I IE (1 fisi R0, B8 4 B2 Dy 4x512.38 % ,CNN 558 4 8 i
B 1R N A s 2 3 38 O TR R, AR SCHD AT 0 0E i b R B ks U AT A 48 I 4% 1) 2 5 A (B SUR T
£, 032 1,340 J8 R0 HBEIE B 50% 78 43 NI, A SR 1k — 35 ok, 2% 1 21465 AR vk 22 099 28 5k IR 8 080 2 A
BB IR 8O, FELE AL B HOR B0 I B A B8 RAR 35 B DAAS SO0 32 Bl A8 GO % H 28 8L BRI 23 B sk
BT P R A TR BB N A P BEAT SR, 45 R R WYLLE 4 Fh oy SIRES TN, 3264 194y SR N T7 P19 43 2K
TR0 2 g vy TR 0, A SO T B N 0 1 4 B A T D 32x64.

HE— 35 L B AR S B R S5 MCL 2 N 3 /N, SN B 32x64, %0 32 ANIBIE;C2 2 5N 32
AN TE, i N YEE Y 16x32, %6 64 NIETE;C3 2 5\ 64 AN Hi N 4EEE N 8x 16,4t 128 M iliH 7E B 7,
HK N 1A T ORIEEEE 2 e 5. 7 RNE B 5B DL B R E 1% 4E AR IR dropout By 13
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P i 005, RN SR ) ReLu AR A% G 22 19 2% T i) tanh AT sigmod B 40, 1B 009 2% )1 03 2.

Table 1 Average accuracy of classification under different input dimensions (%)

1 AN TE] i E A N A B )T 28 R K LR (%)

NN Hef 4x512 8x256 16x128 32x64 64x32

Hiak
P1 55.00 59.64 62.14 82.50 73.21
P2 53.93 63.57 67.14 85.00 76.79
P3 56.78 60.36 64.64 79.64 74.64
P4 61.42 57.14 58.21 83.93 72.86
P5 55.71 58.21 66.07 82.86 72.86
P6 53.93 55.71 63.57 82.14 66.57
P7 55.36 59.64 64.29 83.57 67.14

232 bR
W4k 2 (pooling layer) 7 A F K 2 (subsample layer), H T 4 sk BCH 1O HAR, [5] B (R F5 5 A0E 1 S5 3 AN AR P
SEHL T SRRE I J7 A 1R 2 R e DL R e KA & 3. S IME & 3F B HLE I A SO 38 & FF k4T 7R
FE AT
X} = f ( Bidown(x) + b)) )
TE2Q)H ) B B L down ()] T RAE B8 8 e B T8 NRFAE X! JEAT mxn BT RE SRR X TR 5L
iR, BN pooling 2 Hr 5 125 j ANIBIE M ALE KRB, b! KA JZ 15 B 10
TEARSCH AL 2 BN A R — 2 E G FUE I3 ST 2 5 NGERE A 32%64, 5 4EBE N 16x32;92 J2 %
NHEPE S 16x32, 5 4B R 8x16;S3 2 MINZEE R 8x16, 4 th4EE A 4x8.7E Fikibfb B K 2, T RAEA
22, FT LA H PR R A2 R  OBle. D T ARE 0 (1) 56 8 A A5 A8 P 9 45 A TR B R FH ReLu R X 445 )11 3 %
233 AEEENIE
B2 ZERAMALKZEEI AR S BEG —4E 509 IR B PN — 4R AE 1 N A& BN HO N 4 T
22 195 H T 38 e N AL SR R0 I 8 e R B A e 45 B, A =R R
X = fwx" + b 3)
ARG W' +b RO A TR E TS, S B AT — 2 5 R B AT IR e B S 15 B R A
FEPI 2R AU EE R 8,0 R AR R 1 B 0

3 SEWMERSHN

3.1 CNNBHIKE

S BT CNN ALY 1 RS 52 1R K. R TR R 32 CNN B (1) S 40015 B 3T VRN 3 0h.
(1) #tK/N(batchsize): TR 5 2 2 1, — MK FH BE HLAR 5 T B& (stochastic gradient descent, fii #% SGD), Bl &Ik

B —, B A B0HE SR 1 8 I A e B 4T b AR R AR AR R A DA T B Y A b A 1l A AR BT LR B T B L A SR AR T
DAfi FH 344 4% 6 (resilient propagation, f& #K Rprop) i idil' ™ 3 16 745 5 ¢ AT 1% 4k 1) S B 3 4% LA it v
T ZRORBE RN SRR S I ZRA B PR B A 22 ) SR 1 L — A 4 TR 1 2 ST 380 28 DR M R ) AR 0 T
KBRS, R O sl 2048 5 T Bk f: 36— B 5 2000 42 A0 3 B 1 388 K DA B oA A7 19 BR i, — IR BN B A 44
AT AT M B 28— G SR BL Rprop 75 RIEAR, T %A batch 2 [A] ISR AR 22 57 1, 35 HE VR, FEE 18 16 1 5 A0 HLHE9H,
T2 S UG 150 B LA 75 R FH 275 4% 3 (root mean square propagation, fii X RMSProp) i8] 25 f& py 171
FIFH 2R AN 5 56 — IR A B8 48 3B AR U 1) 4 £ 5236 2256, AR ST 1) batch size BUE N 8, BI4F KL 8 MEAREAT
I Z5.

(2) 25 S HEE PR FE 3 47 06 L SE TN 3 51 HE A B L0 52 5 LA Bengio”
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505 B N G ) A 8, SR 2 S0 3 28 R /IS, TN W S 4 T SR 2 ) e 28 O OR, T 2 BB iR B8 % A SCHE T Bengio
P& 177 16 0 5 o) I — AN B B, B 0.01, 45 SR B, AN B8 B A R W, i DA 5 3] T R g AT I R
0.001, e A& i 1 IR R,

(3) BUE AV B RIS LeCun 25 AP H A0 A0 (i B 2 $00 R 8 150, 90 4 b B i P 48 8 1 25 90 A I N 5
T P T RAONT AR, B L R R 1) B A S iR B RS A AR ZE N 0.1,

(4) dropout:ixX & 48 7E IR B 2% > W 28 B ZRad 72 o 06 T 40 22 ) 4% 507G, 4% B — 8 E 22 % FL T I A I 28 i 25
F+ Hintion #2 1 dropout 77 22 78 Il 2545 R IR ff WL L 37 26 A =5 (LR R DA 3 S8 5 7 I AT LA R
S W 4% S5 Y I — 3B 40 AER B AT BB EE A3 DUAR B T SR B AT, B IR FE A S A\ B AT RE B 3T TAE. B T A0
BHEFEARAART B N T B AR U GRER I LS P E R dropout 5 2 AR SCHE YIRS 5 AR JZ A0 AL 2 1
dropout K F 0.8, & EHZ)Z 1 dropout KA 0.5;7E MK, dropout #4 1, 56 Hr A B 5256 & B, 7E R FRIE A IR
TR dropout MIHRE A 1) 1 2 B AR T3 R A dropout BIRRE 45,
32 ZIWHARSHH

SR RAET 7B T (FH P1~P7 7)) I o FL 08 B R 4R 560 Uk o0 T 18 B mT SE A 0E IR Y,
JH I AE BRI (cross-validation) /7 154 25 H 50% KT ITZRRR AR 50% B IUARAE A AN 2 56 P 48 T 1 45 0 A7 s v 22
N 0.1,5 3 Z N 0.001. Y i 557 2 Atk J2 B dropout SR 0.8, 47 #: )2 # dropout SR H 0.5, 78 MK, dropout
# 1  FR B BN 2 4R Y 32x64.

a3 2 1)L 0 4 IR 2 AT VRAR, PR F8 bR — B G IR ) 26 (accuracy )« i % (precision) . A B (recall
rate) Fll F-score, i et IX Ee PP A $i b b 70 B8 ) 25 R R AT VR AG 4L 4 ANPRAR H b ) 52 LA B0 R

(1) TR 26 0 T 110 00l 25098 4 3 0 VI 20 08 I 5 1 e B0 43 28 28 0T M 54 TR 1 o SRR AR 8 5 B ke
K

accuracy=(TP+TN)/(TP+FP+TN+FN)x100% “4)

Forb TP N EIAYE, TN v B BIE FP AR B E FN D9 B 1.

(2) e MR R F b 7 O B SR EBIRE AR S 7 I8 IE I FE AR S 2 B

precision=TP/(TP+FP)x100% ®)]
(3) ARIF: Sy FNF SR FEARES BT FsE IEFI I REA e b
recall=TP/(TP+FN)x100% (6)
(4) F-score:1X J2 PR 7l 26 IR IE A, 25 5 7R A 2 F 4 [l 22, BLARoE S
F-score=2xrecallxprecision/(recall+precision) 7

ARSI 5% S ORI N 8] 7 41 T A 7 T X Sz 4 SR AT 40 A, R AR R a0
(1) 5T 2 G54 R B0 45 R i
BI XGNP, 2 Sl R AN TR 2 BT 4 AR 8 X 4, M T 1 S5t T 4 SRR K 35 AR 48 X 48 45 4 32 0
i PR 1], 3% B %G 41 A A 5] 2 B 23 2R 25 R R 2 R AEAH [R5 T (4 P4y 38), 23 I A i 2~5 SR AR Ak 25
RTINS, S T 0,3 J2 (1 S 245 SR bk FEAth 2 250 10 1 38 43 SR 0 30 B i BRI AR SR A 3 SR B AR it Ak
ZRGER.
Table 2 Average accuracy of classification with different convolution and pooling layers (%)

R 2 AFERR AR CNN B 724 72 F U3 F0) (%)
J2 A

it 2 2 32 42 5 )2
P1 73.93 82.50 75.71 76.07
P2 70.71 85.00 76.79 73.57
P3 72.86 79.64 74.64 73.93
P4 76.79 83.93 76.07 75.71
P5 70.71 82.86 76.79 72.86
P6 67.14 82.14 72.86 72.86
P7 71.43 83.57 73.93 74.17
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(2) FETWF )7 51 (1 45 SR o by
438 B A8 G 10 0 L S8 S50 4 ) B R 43 B BB K 2, A A N SR B 4 SRR T 0~65 119 3 /NI R] B R,

B P S 35 4 28 U

m(-2s
m2-4s
wd—Hs

it WL 4 24 TR 5 2 (%)

Pl P2 P3 P4 PS5 P6 P7
A

Fig.4 Classification results analysis based on temporal sequence

K4 T a5 i 2R a5 R i

M 4 7] LA T 25(5 O~58 2s) i Fi B0 £ 1 25 20 SR TR 500 308 ) e v T 3¢ S (B 25~ 6) I FEL PRI 0040
135 73 R F AR, Ui WIAE LT 4R I R ) R I T s s A R S0 (H R BE A I TR B HERS R R A
G o R PR AR, S M 0 PR KO0 0 5 B 2 O R PR AL

PR b KR A 3k 43T % R 8 20 JER A o N 8000 44 52 9 32x64, B RURIIAK, 3 2 M 45 ik BRIZ B AR R ITF IR 5 0~2s
F 90 PR HEAT 70 SR TIIN AR 5% 70 SR A5 R AR 3,00 M 2k B e W BB RS I A A R AT A T Wigsh Ml
F ARSI, 3L BEG 155 4 1E 6 1R 59 A AR S22 53 (1 35 3531 28 (precision) bR #E 22 53 0, A X Fi1 28 BI04 9 1Y
HUERS BEG 15 5 8 UR R DA FLAt S50 041 22 TR 3l SR AR o 2.

Table 3 Confusion matrix of EEG classification results

3L T TN A R R R AR

T
T Figz) 4 TFi23) iz ) BERE
e Fi23) 81.63%+6.30% 6.53%+3.18% 7.35%+4.62% 4.49%+4.40%
SR +HFi23) 8.37%+5.11% 78.78%26.03% 9.39%+6.64% 3.47%+2.00%
iz 3) 5.51%+4.70% 3.27%+4.64% 83.27%:+5.82% 5.92%+5.18%
FEARES 3.47%+2.45% 3.06%+3.02% 5.92%+4.40% 87.55%:+5.20%

BEAN R T B IR UE A ST VA R S I B T AR TR ) Se 30 Bt R 4 M2 J7 74 (SAE. CSP+SVM.
softmax Ml WPT+SVM) 5 A 75 i #EA7xF bU 1K 4 Foft 75 3230 5 252 500 ) Mk mi 500 16 A7 T PR, 60,365 25 oAk TR Rl Dy e
VEPEE, A R AL SR I B R 4y R EEAT 73 28 5 A TNEM L, A SR T CNN J7VE B-F 1 70 B R 3 e e,
RN 4.

Table 4  Average accuracy of classification with different approaches
R4 FIIRTT R T E

SR IT CNN(A ) SAE CSP+SVM softmax WPT+SVM
SR RARE | 82.81%+6.14%  72.96%+7.73%  68.62%%5.98%  61.33%+7.79%  76.28%+6.31%

4 NG

41 BRERFEZLIT
AT BRI N-HLE AN B R A5 E 5 BR3P SR AL TE R B0, A2 . A F A SRR
SR B ORS 2 3, 1 FLAR B Emotiv i HELA [ 52 4 FRAR A7 B (255 AR P3 Al P4RAEESI AR N 128Hz), B FR A6
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Fig.5 Senario of human-robot interaction based on BCI
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Fig.6 The mapping bettwen MI classification results and robot actions
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Fig.7 Framework of the prototype system
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(Rl 1, AR SC 7 v B A SR AT IR HE A 1tk R, 3k — 2D B0 T 7R SERR A BN HR A A s At
423 ¥ ®

Wk 6 Pt — AR RS O SR 5 VESHAT T (T O SCHE A AT SHL88 A SE BB
FH I TE 28 K, M b Ak R BCAR SCER 3 A5 I 5 SRk A7 X L) 0 M R B, 225 SCRR[ 181K FH 1 64 JHiE . 1 000Hz K Ff
BRE 1] Active Two fisi B3 AR S 10 FBLAE 5, 3518 F CNIN O AR R FAIAR REEAT 20 28, I & B A 3R P -7 33
P Z (accuracy)iA F 89.51%%2.95%;2 %% CHR[24]% H 60 HIE . SRAEAIZH Ny 250Hz 1] Neuroscan il HL A%, 15
CNN Jj %) 4 KIS H GRS 53T 9 28, 45 FF RN FR A | 85.04%+4.26%. B AR IX W T 78 LA SC 17 353K
A ZE T L (R S SR AR TE R B R AW 4 R A (CREEH A A 14 @1E), A L HAE 77 8 Hik &
A AR B UL AN, S % SCBR[18]1HI 70 K8 H RA 2 K WA SCH 4 28 25004, 75 SCHR[23] R A T 64 18, 160Hz
SRAEHZE (1) Biosemi fiw A, 8l CNN X} 9 2RIZZ) 4 RHAT 70 K B BURAE, P 0 BRI R R F 45%.

T LIRS, N AR RS B A . S35 H . RIRMER, BENMEALREEE
PSR T AT T 476 75 58, o0 T 45 R 3R W, A S 7 i B T8 I 1) S P I A AT AT 1.

© PEBEERKCEIFR  htps/www. jos. org. cn



3014 Journal of Software #4F5## Vol.30, No.10, October 2019

Table 5 Precision, recall rate and F-score of MI classification with different approaches across all subjects

x5 PIAEARH P EAR DL M IEs B R KK R . 1A F-score

iR ES H Ja F-score
KEFigs 0.804 8 + 0.058 0 0.585 5 + 0.047 5 0.6752 + 0.024 3
CNN +HFiE3) 0.806 7 + 0.052 8 0.5272 + 0.047 8 0.636 2 + 0.0399
JHIE 3 0.776 8 + 0.038 5 0.604 1 + 0.0317 0.679 2 + 0.028 8
i EIRE 0.8227 + 0.064 1 0.594 2 + 0.042 2 0.687 4 + 0.021 4
. Fi123) 0.693 6 + 0.064 9 0.466 8 + 0.057 5 0.557 3 + 0.059 7
SAE FHFEH 0.723 2 + 0.080 9 0.444 5 + 0.059 5 0.547 4 + 0.052 7
[z 3 0.746 0 + 0.061 8 0.443 8 + 0.045 3 0.5542 + 0.037 4
FRE 0.742 7 + 0.044 4 0.5109 + 0.062 1 0.602 8 + 0.042 8
KEFigs 0.654 5 + 0.029 5 0.396 0 + 0.040 0 0.492 5 + 0.0352
CSP+SVM HFE) 0.6325 + 0.061 3 0.377 1 + 0.028 6 0.471 6 + 0.0326
JiiE 3 0.666 6 + 0.061 2 0.394 3 + 0.037 3 0.494 1 + 0.036 8
RS 0.688 6 + 0.041 8 0.381 8 + 0.046 8 0.490 3 + 0.046 2
. FiE3) 0.5813 + 0.027 5 0.3323 + 0.031 0 0.422 6 + 0.030 9
softmax E%‘_@r;b 0.5719 + 0.036 3 0.294 3 + 0.027 6 0.387 7 + 0.0253
filliz 3 0.599 2 + 0.066 1 0.3219 + 0.0399 0.417 1 + 0.040 7
FRE 0.598 3 + 0.058 5 0.3315 s 0.059 8 0.424 7 + 0.057 4
ETFEH 0.693 4 + 0.034 4 0.5152 i 0.029 1 0.590 6 + 0.026 0
WPTLSVM ﬁjﬁgab 0.703 1 + 0.038 9 0.505 4 + 0.041 6 0.586 9 + 0.033 1
JH1iZ 5 0.758 5 + 0.037 0 0.497 3 + 0.046 7 0.600 1 + 0.0422
FEIRA 0.796 4 + 0.027 5 0.474 5 + 0.045 3 0.592 9 + 0.030 4
Table 6 Comparison between proposed approach of this paper and others
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SH Biosemi 64 WHIMAME | 100 NG Aihy | oo WET AT BEAET . B
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B2 STRHIE, IEREXT 4 Fhig 2 A8 GUIRZS EAT BURE i 1) 23 28,77 39 23 S THUN 2835 1) 1 82.81%.

WA AR SCMAEAE — T8 B R BRAE, T — 224 M BUTR LA J7 T 46 25T R i 90 (1) 56 3 v i S e 0 20, R AR T8
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