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Electromyographic signal gesture recognition method
based on wavelet gated temporal convolution

Sun Peng' Song Jie' Zhang Ke* Wei Wentao' Li Zhongxin'

(1. School of Mechanical Engineering, Nanjing University of Science and Technology, Nanjing 210094, China;
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Abstract : This paper constructs a wavelet-gated temporal convolutional network model. First, the input electromyographic signals are
subjected to multi-level discrete wavelet decomposition through a wavelet convolution module, and the components of each level are
respectively subjected to one-dimensional convolution. Then, the detailed coefficients and approximate coefficients after convolution are
reconstructed via discrete inverse wavelet transform. This process of multi-level decomposition, convolution, and step-by-step
reconstruction enables the model to adaptively focus on key time-frequency features. The reconstructed signals are then input into a
temporal convolutional network integrated with a gating unit. The proposed network structure achieves an accuracy of 81.85% for 52-
class gesture classification on the Ninapro DB1 dataset, which is 4. 9% higher than that of traditional temporal convolutional networks.
Compared with recent mainstream deep models in this field (such as MSHilbNet, GengNet, etc. ), this method achieves a relative
accuracy improvement of 4. 0% ~7. 8% while maintaining a smaller number of model parameters.
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Table 1 Gesture labeling and action classification
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Fig. 2 Comparison before and after low pass filtering
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Fig.3 p-Law normalized EMG signal

2 ML

2.1 INETNEREF SR %

TE 3 5NN R 5 1] 45 BT R S T I e 5 AR
P 265 (R IS A5 53 M7 45 e TE B HBCRE 7, I 2% i /)N D A R B
5GIIHE I P A BRI 2% T R 43 4 B, HC R A 4 H T R 4
Fs

SRR WL 5 5 e d/NBCE R 17 2 R 71
ift, SRATANTT FR B AL FRE BB 2330 0 X P 2 R A
FT—4E BB 58 5 7] 2% 2] (B BB AT B8 1
T 7 b RS AT 1R 5 B TTER, SRS K S AR A R Y
IESERR, EENESHAZMAE T RITEY
TS | DL [R5 O 3 5 R AT b A — 2
A P TP DL X FRAE BEAT IR 8 . e, B R4 8
PU N oo UCE P Paa i s eI (TR AP DIV o By [ I I E N WA 2 3
T ZE AL S PN T T B P B B 5 1 AR i 45 1
V2 B R T R R 32,64, B R KN 3,58 2 A
B A5 FR 2 i 38 TE 0O ) R 64,128, B AR K /INA]
FEy 3, R b B S SO i A 45 FRUZ S A BN,
ReLU AEZ ks R

FB7 Ik G A TR I 4 BB e AR A
Dropout )25, 3% 8 0. 05, 55 J5 ¥ 85 Ji — I H ) i
XY e ROT Z it Arwkial $ 4E B RS ( average over



208 - TR 2 540 %
| 200me Sicing Windaw B/ NI o RS R A S AR NI 5 BT,
F
OBWEE—
 — A‘l I;l
e B E?jmjj
- - e%-mr
L e Al

K4 RZ% aAREE Y

Fig.4 Network architecture
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Table 2 Wavelet decomposition accuracy statistics
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Table 4 Performance comparison of sSEMG

gesture recognition models
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MST-SE-Attn'®) 2025 DBI 200 52 80.18 238 925

DCN'! 2022 DBI 100 52 78.94
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