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Abstract

Motor imaging EEG signal classification has become a hot spot in the field of brain computer inter-
face research. This paper uses laboratory equipment to collect EEG and make its own data set. At
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the same time, it combines convolutional neural networks with traditional methods to propose a
feature extraction method based on short-time Fourier transform and continuous wavelet trans-
form. Convolutional neural network classification algorithm uses feature extraction algorithm to
extract time-frequency features to make time-frequency map and uses convolutional network to
quickly learn features for classification. The test results show that the algorithm has an accuracy
rate of 96% in the motor imagery EEG public data set, and the accuracy rate is about 92% on the
self-made data set, which proves the feasibility of the algorithm in motor imagery EEG classifica-
tion.
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1. 3]

fidi - M4 K (Brain-Computer Interface, BCI) & — i u] i A\l B3 5 4h i A LE L # AT EE R RS,
B AN XS RGOE S IR A Y N TR R AR, B BG5R. AN ABGE PR R R
IR R[] [2] [3] [4]. AR#EKWAE BCI RGH AR AT, WTLOE BCI &4t E3h. iz
AN R =FhER[5]. FT 2504 R (Motor Imagery, M) BCI R4t CL 5w 5 SEBrig shh A7 i 5L
KIGIEE . &R TAERA TSN DR O N n] DU AP (% A 2, wE iR HonriaE s
hREE s SR & Y 1 s, (Rt v S I a2 ) I R . X A& RT DA B e e XUR
SR AR 6]

T MI Y BCI £ 45 T H93E 548 %1% F. (motor imagery EEG, MI-EEG) e ¢ T Kb 78 180 < 5 1 A8 G it
IHALIES, FF HAEATARIR ML ARSI 2 O X BRI 52 2 XS B[ 7] 15 5 4032 MI-BCI
RGP AEF EER—, B FEAE TRESRBUN 73 LX) Bt . MIAESS T & H s A 2
(5 SRS B SR . B EEL A2 (A5 X (common spatial pattern, CSP)%[8] [9]. HH CSP 5
ERIVEREAE ML 73 A 55 TP HER AN By o IR ) — TR 75, Zhang S804 T — PR 0718, %0715
7 CSP il 5T T Mg VU727 ) B0k F T8 RORHIE I 3, SR af R T InEma S, A8
TR A R 43 2R 0GE M 2r2RPERE[10], (HALRSE CSP B 52 RN 30, HAR % FER I 1 m] 4014 .
Han &5 B FH AR 1) B /INYE B T HERTE B A DG I B o A R AT VR 0 AT, SEBR 1 R i — 42
[11], {HHHRAXT = ged il ) nl SRR AT, MI-BCL R4 5 LI 2> AL B FE LM #1540 M (linear dis-
criminant analysis, LDA). S [A & HL(support vector machine, SVM). A T.4#1%% % %% (artificial neural net-
works, ANNs)FIORI R 48[ 12]5 . 2L, BEFLN G40 7 ASEISR AL ANNs, 7EAN A ANNs f4EH)
W, BCH RO 2R 2 £ )2 BN 28 (multilayer perceptron, MLP). X MLP & UL EEHI8E Sy, 2R
AT K EEG 590, 2 REGLEEG HI [ 13]. fIL K — iR 5T, Hettiarachchi 554
F T DR EEAI 2%/ MI-BCL N 2 3850 KA G TG 0L, 45 SRR, 07V REA 7R 4h MLP 15k
Fer, TTHTSERS MI-BCI #5#il[14], (AHWSOR RS, JIZRI T
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AXEEGHARERES, FHEPIPEM 45 & BIE St 2807k B, B 1R - AR A S/
PTG BRI 25 45 X s R RGN LS ST 028, JFHAS R 1 HAr 7 R Em e . IR
WEE T B O EESE, N LR IS8 RN B E S TR SR S

2. BB E
2.1. BIBKIR

AR YR S5 BT B dE K 5 2005 4F BCI CompetitionIll DatasetsIIla 2~ #0881 B #Eda4E . B H5dE
BB R B S0 4% RN T H5 R R SRR AL BT Fi,  FH AT fE SEgR 45 Rxr b seierhILfiE g 8 s
HEAT I RSN, 2B BN RIT 24 B Fe i AR S 1, SR B0 I AR AE G TR T W+ Bk 478 3)
MRS, KRNI PAT AT, AF, MWEE LS ER . ZLRHETZR(&ED 5 1K), &
DPAT 48 AR . WIGTHF6 )5, 17 2 Bk, BoRd ERR 78 k. 18 t=2s B, $REmEERR
WG REMN t=3 s TRt A, w1 BEa R RRRET Sk BoR 4 B AR ZERZE MR
T, AF, HREHES), HBIHCESE =7 s K. ERRERES T, VEENURTH 4 M En
PIREAMER IR 5 IR 1355018 FH Neuroscan [ 8 1@ EEG HUKZRFHAT Hi R4 . Wi EZLL 250 Hz
NRFERZ, 4452 E RE IR 10 YCRESLIRAS B T SRR, AR T 48 igsh R, &
3£ 2400 MIIGRFEASHE : ILREE T 600 ANITRFE AL S H LN 830 IEERE .S58 25 i HE S B H AR
Blanp 1 FIE 2 fioR.
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Figure 1. Experimental paradigm time
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Figure 2. Location of EEG electrodes
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PERATRAE R, RRAE SR EU VA FH % 82/)N 4% ¥ (Continuous Wavelet Transform, CWT) R i {8 B A5
#(Short-Time Fourier Transform, STFT), MEZL/NEALH@EN A 75T, RALSIMCHUE BHRHE,
P e EEL P 80 30 5 1A B T I T & 0 i LA 5 AT SR AR SR I . e S P o XAk B ) e A3
REfS 56 2 AL & B LG 5 IR S s (5 B . Wil 3 B N8 5 &t s i L AR 4 5 - pf 2 C3. C4
BB BN AFEaiE R . HERLUE M C3 IEE KB E I C4 @IER, B & ] LUE B
12 3 A8 G R i 2 12 3 X e AR R PR . ARSI D 1 38 0540 8 T S8 4 s AT A AR Y
BHIINGR, ARUGEEL/NEAE KA T Morlet Wavelet £ Frequency B-Spline Wavelets 3 FiA% /U 595 73 il %o}
o L B AT RS U B

C3&iE <

Figure 3. Time-frequency characteristic diagram
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Morlet Wavelet i “morl” FF7 & 5 NESL/NE A,

2

w(t)=exp? cos(5t) (1)

Frequency B-Spline Wavelets {4 “fbspM-B-C” “F4F 8 G NIELL /N B AR

P M
sin(;zB M)
JB| M)

; epoant (2)
TB—
M

w(r)=

Horb MORFESFINT, BT, C LIz,
SREINAE FELHAR R E AR S x[n] . —NE I o(n) FI—ANER S H = nperseg —noverlap ,
It TR ZR 514 ¢ 1 B 1A

X, [n]zx[n]a)[n—tH] 3)
#H B IN(OverLapAdd, OLA)E & 5N :
Z xt[n]a)[n—tH]
= 4
] S o [n—tH] @
HA R E D “hann” WREE O, HE A
a)(n)=0.5—0.5005( 2”:) 0<n<M-1 ()
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F=L N L PENEE, . B b =L 308 dropout 2 A HIUENSEREE . BT
NENEHE. REESHENE BRI .

1) 21 ZNRNE, BIAFEARS 64 x 64 x 3 [HERE, b 3 AR AFEA Y RGB FEA, 64 x 64
REFNFEAT K TE, TEEEALEN C3 F C4 B [a) A P 20 5 B2 I AR

2) % 2. 5. 8. 11 BUNERZ, 3 2 2 EE/EHREIURAFEAR M RE. ZEMH T 32 AN
WA HARATHSS, 5 4 BRSO 64 A4S, 5 6 BRI 128 N, B 8 ZIREAR MO
256 4>, BRUEK/INIR 3 % 3.

3) # 3. 6. 9. 12 EAMMLZE, ZEERA YT H i i ik sk o b— R ECE B REAE U 47 A
T3 S UREFAE SR AL, I E AR A R KA Z WAk 2 Bk R i X 3 P A R Ak R B sl A1 Ak iR B
A SCHT AL R O B R SR . AL R A B OE TR R i N 48 I B R P RN G i R, SO E %
BHN2x2,

4) 4. 7. 10, 13, 15 J29 dropout JZ, 1%/)Z MIVE I — E MEZ SR PR I 28 i 2 e & 57
MITIEBIRGETIUA I ThRE . 1ZEISEEE N 0.25,

5) 14 FAERE, %S AR A E IR AR IR 25 258, BRI E MG 4096 1.

6) i 16 ZRfHIZE, ZJZMH softmax BREUIHAT 7 RAE R, A& TIUMHETT, RN
AT AT EERMET MIAES).
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Figure 4. Convolutional network topology diagram
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ke 4 s, W€ T RS JE BT R AR I ISR, phas R4 SA R B P R B 51,
1 sigmoid. tanh 1 ReLU Z&E pRAGE JUA W R ZRGSCIRE N 73], H TR 2 HCEBIm 2 2%
AP B B0 B KO ReLU B3 HAR SAHLE T sigmoid A1 tanh 0 R 80CA THRGE LT AR, Fii
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SEREVE, P RAASCrR IR AT EGE R Sy ReLU BR %R, (RALASTT IR #E 1 8O H FAOBENLILRE T B
A (stochastic gradient descent, SGD). 51 5% BRI L #H WL I AE SRR R B AL, BAGE T AP 22 2% 1) 5% X 2%
JRRE KR, AERAREE T EE— D E S STl NZREARE I ZR 8 1 RN SE S 5
FEHABSHUE E 1 0L T SRS b — A28, 37 2 DA I ZRIRUE SIS A A R B0 9 24 73 2K
PEBE. WilEl 5 Fs, ASFEZHOE R > RIER .

100
90
. 80
ﬁ 70
£ o
= 40 batch_size
ﬁ 30 “20
o Ml
“64
0 0.001 0.01 1 2198
%20 85.2 89.87 25.33
32 78.27 89.47 87.6 24.93
64 56.67 86.53 90.13 24 .4
128 46.67 71.07 89.33 25.33
ik

Figure 5. Classification accuracy of different parameters
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Table 1. Training parameter settings
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¥ HfH
(S5 aVel [ C P NAN 64
ZRIEAREL 500
E B 0.1
B R AL ReLU
Ak BEALELE T F£(SGD)
LR R 52 X Jfi(cross entropy)
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Table 2. Comparison of classification accuracy between this method and other method

® 2. AXFESEMGED FERHEIILL

A€ fbesp-svm RICT7 i
k3b 82.22 96.17
k6b 75.56 89.73
11b 80.00 91.33
SO 72.64 92.83
S1 77.51 88.67
S2 64.05 87.36
S3 58.98 75.53
S4 95.76 95.26
S5 85.61 88.78
S6 76.80 80.23
S7 75.05 81.70
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Figure 6. Accuracy curve of network training
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