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Abstract: To solve the problem of low correlation between continuous gait trajectory decoding
results and actual trajectory by electroencephalography (EEG) signals, a gait parameter decoding
method based on bidirectional long short-term memory (BILSTM) neural network is proposed.
Firstly, a gait spatiotemporal parameter decoding model based on this neural network is
constructed, and the hyperparameters of the decoding model are designed according to the

characteristics of EEG and surface electromyography (sEMG). Secondly, EEG., lower limb
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movement-related SEMG and lower limb joint movement signals are collected synchronously, and
gait features of EEG and sEMG signals are analyzed. Thirdly, multi-channel EEG and lower limb
movement-related SEMG signals are used as input of the decoding model, and gait related features
are extracted automatically from EEG and sEMG fusion signals, and the nonlinear regression
model between ankle joint motion and gait related features is constructed. Finally, a nonlinear
regression model between gait related EEG signals and sEMG signals is constructed with multi-
channel EEG as the input of the decoding model. The results show that compared with traditional
support vector machines, the Pearson correlation coefficient of shape similarity between decoded
trajectory and measured trajectory is improved by 0. 12. Compared with the decoding methods
using EEG, sEMG and fusion average absolute value of EEG-sEMG, the proposed method
improves the Pearson correlation coefficient of shape similarity between decoded trajectory and
measured trajectory by 0.81, 0.19 and 0. 63, respectively. Our decoding method can realize
decoding of part of SEMG waveform, the average Pearson correlation coefficient of decoded
waveform and measured waveform is close to 0. 5. It shows that the sSEMG signals can be decoded

from EEG signal which provides a new idea for the application of active continuous control of

lower extremity exoskeleton
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Fig. 3 Pathways of movement generation and execution
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Table 2 The mean value of Pearson correlation coefficient R
and RMSE between the predicted results of EEG-

SEMG fusion signal and the actual trajectory of

joints
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Fig. 7 Gait trajectory prediction results and RMSE chan-

ges during training of right knee and ankle joints

R T UEWIAS SC b T 8 SEMG-EEG fil & 15 5 %
RS2 SRR 1 ROR L 43 X B SEMG {5
5 EEG {55 1 sSEMG-EEG F# ik il &5 155 6 &
B0 fifp B AT 43 B 6 BR OGS B0 i A 4 R & 8
() (DI O . BLAh, X sEMG-EEG @l & 15 %
FE5 R F BILSTM i 28 N 245 F1 SVM it 28 [ 45 11
A A SRR RS AT 43 B A5 R B 8 (D TR,
8 w4 Py ik RS LAk Y Pearson #H5C R R
¥y i 22 RMSE W3k 3 iR, B 8 g ik
W1 R FHHAM Y SEMG {55 7 fiff 5 3 ) 0 4 1) L3
CEEANSRAE £ 1 000 22 A7) o AH X R 5 e Ak 1) it 7 60
MR 25 5 K CEL Q0 SR B A 300 A2 A7) . SR A Ll 1Y
EEG {55 fil sSEMG-EEG F kgl & 155 1 20 Bk
RS AR IR 22 5 K, N3 3 Al F &), — F s i
Bl R H#ALF 0.5, R SVM [a] 15 5 % M

http: // zkxb. xjtu. edu. cn

W T2 A 2k 1 B e AR 5 5 TR ARAH AR R {EL R 0. 85
+0. 02,155 BiILSTM f £ W 25 (1) it 05 25 SR AH LU .
B BISE (R T APRAR AR AR . &5 b ook o AR S i 4
f 5T sEMG-EEG fili &% 5 19 BILSTM #fi 2 [ 4%
PENGEEE 218 TP S E S 53 T

— 5z — e
il 40 [,

FAE S5/10°

(a) sEMG (L EEG

— 23

KB /107

K /107
(c)MAV H¥HE (dSVM
&8 AN TR fff i 5 ik N A RO A A B T 4
Fig. 8 Prediction results of right ankle gait trajectory under
different decoding methods
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