o W & # R #4654 19 M
ELECTRONIC MEASUREMENT TECHNOLOGY 2023 4F 10 A

DOI:10. 19651/j. cnki. emt. 2212520

ETBERNRKERNSTREHE
EHEKMEFSHSTE

REFY Fam 2 # MR LAF
AT kFAGHASEEELRESE & 300130; 2. Lk FTLEES O Y
MG ITAEET ST KE 300130; 3. RETFTARERELE$A X & 30012D

W E: EAFEHMENBEGES MIEEG /B HERBEM . MA THAEM PEOBERMER. LBRET 16 4@
BZRENBIBLMBET BT —METFEH/NEZER(OWD SR B 55 (CAE) )iz shi8 2 56 i 5 5 a2
Bk, FIHBEBU/MNEZRSY EEG ¥4 iU U M i A 216 A 4165 W4 o 3047 I iU (5 5 I RFIE 40 28 . B ik 5
WHIEEMATHIRE LA F R TRIN S RER . BEA ML LT B HALAGF MELEFHLLEF 34
EEG 7ES2 W B 45 B BRI 51 97.36%6.97.27% .86. 82% , fE A JT 8t 45 B A 25 METR R 73 51K 99.30% .
98.23%.92.67% ., BEHEUMNEAWME RSB AREMER AL F BB LZMAGES N AP L EMEE %S
775 (CNN,LSTM,STFT-CNN) #: fE B 4F:

KEH: ZHHEE BN EBRA R REY

hE 43S R339. 4;R496 XEARIRE: A ERFEZRSERE: 510.4030

Classification of convolutional autoencoder motor imagery EEG
signals based on discrete wavelet transform

Guo Yuxue'® Yu Hongli’® Yao Hang'? Du Bo'ai'® Wang Chunfang®
(1. School of Health Sciences and Biomedical Engineering, Hebei University of Technology, Tianjin 300130, China;
2. Hebei Key Laboratory of Bioelectromagnetics and Neural Engineering, Hebei University of Technology, Tianjin 300130, Chinaj
3. Rehabilitation Medical Department, Tianjin Union Medical Center, Tianjin 300121, China)

Abstract: The low classification accuracy of motor imagery EEG signals (MI-EEG) of the left and right hands limits
the development of related brain-computer interface technology. The motor imagery EEG signals of 16 healthy subjects
were collected experimentally, A discrete wavelet transform (DWT) and convolutional autoencoder (CAE) based
classification algorithm for motor imagery EEG signals were proposed. The EEG signal is converted into a time-
frequency matrix using a discrete wavelet transform and input to a convolutional autoencoder network for the feature
classification of EEG signals. The algorithm obtained better classification results when tested on both the experimental
dataset and the public dataset. The accuracy of the three classification groups of rest-imagine left hand, rest-imagine
right hand, and imagine left hand-imagine right hand was 97.36%, 97.27%, and 86.82% on the experimental
dataset, and 99.30%,98.23%, and 92. 67% on the public dataset. The discrete wavelet transform combined with the
convolutional autoencoder network model outperforms other deep learning methods (CNN, LSTM, STFT-CNN) in
classilication applications ol motor imagery EEG signals ol lelt and right hand.
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softmax R# 174728, CAE M S HINFE 1 Jin.

®1 CAEWZEZHSH

rn
= wmiE RS ”@;;F/;JTZ AR HAEE
Input 1 36 X1 006 — — —
Convl 24 37X502 4X8 1X2 2X2
Relu 24 37 X502 — - —
Maxpool 24 18 X251 2X2 ZX2 0
Conv2 48 19X124  4X8 1X2 2X2
Relu 48 19X124 — — —
Maxpool 48 9X62 2X2  2X2 0
Conv3 96 10X30 4X8 1X2 2X2
Relu 96 10X 30 — — —
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Softmax — 2 — — —
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s w, RRE AN RIBCESERE; 0, R A
AR ER; o REAWEEERE; 2, ARN
AR AR TS L E s m RS E .

3 BROMW

R EIEET DWT iy CAE W24 gy Mg , A S0t i 58
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HIE Y MI-EEG, Xt JRiG EEG #E47 fil Ak 24, 8 $cdle 5 o #§
BEMEAET BEAT 3 WM 6 MEREEY
W 4% FERC AR 4R Bk gE .

TR AEI 16 HXRE, RETENIZHAEN
5 min MI i # B.75.3 min WL ZETES5E .3 min 4
FAFAESTN EEG, R T (R UERURE 09 M5 7k L) & F 3R
BE2 2 3R B — S0P, ML BT # B A VR R AE 55 & 8 3 IR
160 s, X SCHH0HE M52 3 H W MI-EEG #4740 |, 45 45
A~ EEG #EFER/N S 36 X1 000, B A 5L 360 8038 52 19 M A
AN MRAETFESS HMELH TESEHALEE A
2560, NTFERER 50 320, Horb 47 £ 2% 17
T 100 % MIE5,3 A2 E AT T 120 48 MI k., &
BIBETENZRELET 60 s £4 M M AT B S
3 5100 % a7 120 )19 ML 5% EEG, 25 T AL 54K
PR — 3 A TFRIEE W EEG BRI 70 i 36 X
1000, 44> FF 8 s £ 9 MI Tk B8 1 EEG HEA 4L
K 1657, MBAEFAELAMN EEG REARANSH 7 674, 8%
TS5 EEG A EUN 7 673,

X A4 F MIEEG (94328 0 B, A 3CR T 4 M4
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(sensitivity) | ¥§ # & (precision) Fl Fl-score, H &2 R 40
TR, TR SRR A BT A T A% TE R A B R AR R

- 191 -



546 % i L I S S
4 Ll 8 5 R BUE R HE B U O LE AR A BB AT Sk bR R Floscore — 2 X precision X sensitivity
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TEAEASKI G Ll 565 A AR R IR 48 BT R B T O AR AR B
H, SEBR A TEARE AR I AN O 5 19 E 43 L s Fl-score {H EAE
AN R EE BV AE HE L 4 A8 AR ER AT LA IR 1 46 [ R
BT, B (true negative, TN) R T I g £ AF
A, SEBR AL N RE AR 1 S5 SR B BT 7 (false negative, FN)
AR T g AR A, T2B5 oy 1EHE A B 25 B4 B BA 1 (false
positive, FP)ACR B 2y IEREAS , S Br Jy 6 B A 119 55 SR 405
FFE (true positive, TP AR T Ky IEREA, SZFRAE K IE
FEA R G5 R

precision ~+ sensitivity

3.1 4N EMHIERER SR

J9 T AiE DWT-CAE M8 BA M L5, A 30HR
TWUMEEXIAREERERER . REE EHEN F
AR INE 2.3 i, BWEHL-HRLET . HEAHER
GFMBERET-HEE T 3 H 4% BOARE R A
K JGEREFRA, AR 2. RIFALES, TR EH
BHELTF BOMEAT HMELTHEAT 3 AN
WERG AR5y N 97. 360,97, 27 %, 86. 82%6 , 23 TF H e 46

S TP+ TN & BHZEF BHABMEAF M2 EFHLAF 34N
aceuracy = Tp L TN + FP + FN VETR R4y 5 99. 30% .98, 23% . 92. 67% , DWT-CAE fi§
sensitivity — TP % VERR REUE R K F1 EHA R RSN, IEW T H

‘ TP +FN % F CNN.LSTM.STFT-CNN, i% & 1 A {77 52 5 $i 4 42

precision = — L (loy  LEERERAT 0 LA TR R 4 LA B TR A 4K

TP + FP N
e N
R2 AXFESEMAEFEFESEHBELNENERLELESR %
B ViR HE-EEAET HmE-EEATF MR ETF-HELELTF
CNNE7 85. 06 86. 91 52. 34
‘ LSTM-* 55. 47 57.13 54. 69
i N
STFT-CNN&- 92. 77 96. 88 73.93
DWT-CAE 97. 36 97.27 86. 82
CNNE 89. 45 90. 75 78. 48
LSTM-*¥ 57. 14 58. 10 57.76
REE STFT-CNN&*- 99. 19 99, 07 78.73
DWT-CAE 99, 44 99, 24 90. 04
CNN 88. 62 89. 74 67.35
LSTM-* 59. 70 64.93 50. 00
Fah STFT-CNN'®" 91. 04 99. 44 78.73
DWT-CAE 99,25 97.39 84. 33
CNNE1 89. 03 90. 24 72. 49
LSTM- 58. 39 61.32 53. 60
F1 {& .

STFT-CNNH- 94. 94 99. 26 78.73
DWT-CAE 99, 35 98. 31 87. 09

3.2 REEBERSH PRI 25 [ R AE 7T 43 M FR » ik iff — 26 2 5 EEG iR

T — AT BT IR 5 ¥ X MI-EEG 940 2850 28, A&
AR CNNLLSTM,STFT-CNN.DWT-CAE Iy
Fhororik FRIR M N 2.3 B7n . TR MG B
2R N TS 28 AR 4 0 T 2 T A 20 AR 4 L X A
2R 327N TSR 4 R TR A7 48 A [ fr 6 2% B MIT 28 1] 0 1
TN B B T AR X AR 2k R M 28 5Bk 1R T A G R
M 2 5 AE L LSTM FiEE# B £ T kA T MI-EEG
BRI R /N TF 65%, CNN Jy k7 B 2 F B A F MI-
EEG FRBNRAE 80X LA IR R is B T 72.57%,
CNN Fl LSTM [ ¥ £& 1 Be % 2%, o] B & CNN 1 LSTM
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CNNE7 95. 82 98. 13 79. 27
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DWT-CAE 98. 46 99. 00 92.79
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