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W E & ®@AMEAIEF (Surface Electromyography,sEMG) % A THRMAKREBITH 2 —F R FHE EARN SAREGLEY
EREFT.EHZ IR TR AR TRES a, SR LBATTAMNELE— AL, T, BET LT X5 S5 M (Variatio-
nal Mode Decomposition, VMD) #= 2 3t 45 F 4% 1L ( Particle Swarm Optimization, PSO) 3 i 65 £ 4 4r 2 M % 4 & (Composite
Neural Network Model, CNNM) , Z B A 4 & T K 42 #4212 M % (Long-Short Term Memory, LSTM) , & #24¥ 2 M 4 (Convolu-
tional Neural Networks, CNN) #= 3% 5 ¥ 42 # 72 12 W %- (Bidirectional Long Short Term Memory,BiILSTM) , # &% PSO H# & #
frE A ARAL VMD 8 A d, il i VMD 432 sEMG 125 3 A RAGAF LB % 00 9 MG 69 5 ZRAT R EH, AR 5 B &
PR E ReEHIE, REA A LSTM 7 kK sSEMG 155 PR BT a4 42, A 8 CNN F kit — P RIR T A2, FBTEE SN
AL 3B AL 2T K AT B 09 4R B, R G SN BILSTM b 247 Fml i 51, R4 R AW, B A o9 TRM O 4 £ T34 99. 9% . & T4
WRERREHT 30 ~8%, il Ak K I IE T B AR GAEA . EAT L B AR ST B3 4F g TR AR, AR I B
A IR AR R Rk R

FKBER AONELRET  EoBSS B ARV ZRE; KEHITILM L R d K4 Hile %
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Gesture Action Prediction Based on VMD Composite Neural Network Model

ZHAO Lian', WU Yangdong' , DENG Zhifang' , LI Fengshuo', YUAN Qingni' and ZHANG Taihua®
1 Key Laboratory of Advanced Manufacturing Technology of the Ministry of Education,Guizhou University,Guiyang 550025, China

2 School of Mechanical and Electrical Engineering, Guizhou Normal University,Guiyang 550025, China

Abstract sEMG is often used to predict human intention behavior. It is an unstable,non-periodic and noisy bioelectrical signal,
which is easily affected by power frequency interference and environmental interference,so it is difficult to predict it. This paper
proposes CNNM based on VMD and PSO algorithm. The model combines LSTM,CNN and BiLSTM. Firstly, the Ninapro dataset
is used to optimize the parameters of VMD through the improved PSO algorithm,and the SEMG signal is processed by VMD. The
decomposed components are weighted and reconstructed according to the Hilbert energy method, which reduces the complexity of
the signal and retains the key features. Then,the LSTM method is used to extract the temporal features from sEMG signals, the
CNN method is used to further extract the spatial features,and the attention mechanism is used to strengthen the extraction of
key information. Finally,it is input into BILSTM for prediction and recognition. Experimental results show that the prediction ac-
curacy of the proposed model can reach 99. 9% ,and the prediction accuracy of CNNM is improved by 3% ~8% compared with
other models. Finally, the role of each module is verified by ablation experiments. This research aims to improve the prediction
and recognition accuracy of gesture actions and provide an effective solution for the control of rehabilitation training robots.

Keywords Surface electromyography, Variational mode decomposition, Convolutional neural network, LLong short-term memory

network, Bidirectional long-short term memory network
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Table 1 DBI dataset labels and gesture actions
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Table 2 Basic data of participants

TR T [ ¥ %% /cm R E kg
DBI_sl g 31 170 75
DB1_s2 7 27 170 62
DBI1_s3 7 22 180 85
DBI1_s6 % 22 163 48
DBI1_s8 s 27 164 54
DB1_s10 s 30 160 60
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Table 3 Selected experimenter action labels
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Table 5 Prediction results of CNNM for eight actions

EEE MSE RMSE MAE R?
HAE 1 0.000002 0.001 540 0.001178 0.999963
BHAE 4 0.000001 0.001189 0.000971 0.999 949
AT 0.000025 0.005043 0.003747 0.999632
10 0.000013 0. 003640 0.002773 0.999915
1k 13 0.000037 0.006070 0.005803 0.995859
3 1E 16 0.000013 0.003562 0.003057 0.999467
ZE 19 0.000004 0.001974 0.001 388 0.999876
3 1E 23 0.000008 0.002847 0.002302 0.999606
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Table 6 Comparison results of each model

Value

Model MSE RMSE MAE MAPE
STID 0.000135 0.012058 0.005225 0.788954
TimeMixer  0.001422 0.037713 0.019289 0.299235
MSGNet 0.056508 0.291629 0.161589 1.587138
CNNM 0.000013 0.003233 0.002652 0.024963

Hi 2% 6 AT A0, A 4R T R 4 R 2 i STID, TimeMixer
MSGNet 45 Hif [] 7 81 300 455 4, A< SC4R H 19 3k T A8 0 A 25 4%
fife 14 5 65 i 25 IO 245 A5 980 (CNINIVD 76 4% T PP AL 45 47 L Fe il
LB F W H AR 5T 47 b 4R BUNLFL (5 5 R AE , W 3 3R TH B0 1Y
JB 5k B T B Sl A TR 1Y o A
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SRR EHA S SRR B S ARZIREMN 4 AR
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mk 7 .

75 BZIH A F T B 1 B 45 R
Table 7 Prediction results of different gestures of five

experimenters

AR H MSE RMSE MAE R?
2 0.00002 0.004 44 0.00371 0.99956
3 0.00016 0.01014 0.00478 0.996 85
6 0.00061 0.01880 0.01063 0.99282
8 0.00026 0.01113 0.00637 0.99641
10 0.00001 0.00196 0.00141 0.992 98

F12 7 T AR SORE T 7 S (] 5 8 2 i b 3 O R 4F
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Table 8 Gesture action ablation experiments with label 9 in DB1_s8 and DB1_s3

DB1_s8 F# #h 1k 9

DB1_s3 F#H a1 9

Model -
MSE RMSE  MAE R? MSE RMSE  MAE R?
CNNM  0.0003  0.0173  0.0142  0.9960  0.0005  0.0222  0.0084  0.9964
Model-1 ~ 0.0032  0.0564  0.0426  0.9131  0.0036  0.0601  0.0219  0.9696
Model-2 0.0046 0.0680 0.0507 0.9385 0.0100 0.0998 0.0405 0.9267
Model-3 0.0013 0.0366 0.0287 0.9620 0.0010 0.0317 0.0143 0.9727
Model-4 ~ 0.0053  0.0727  0.0569  0.8551  0.0125  0.1116  0.0308  0.8952
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