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Abstract: In order to enhance the accuracy of upper limb motion recognition based on SEMG signals
and to validate the applications of the intent recognition model in real rehabilitation robots, a upper limb mo-
tion recognition method was proposed using a two-stream convolutional neural network for sEMG signals.
The approach began by applying wavelet threshold denoising, bandpass filtering, full-wave rectification
and envelope smoothing, followed by sample construction using a sliding window. The original EMG sig-
nals were then processed with variational mode decomposition and discrete wavelet packet transform. Key
intrinsic mode functions and wavelet packet transform coefficients were extracted as inputs for the two
branches of the model to enable high-level feature learning. A temporal convolutional network was em-
ployed to capture temporal dynamics and global dependencies within the features. The feature fusion mod-
ule then integrated the high-level feature information. The proposed method achieves average recognition
accuracies of 93.43%, 92.37%, and 97.54% on the public Ninapro DB4/DB5 datasets respectively and
self-collected data for 6 upper limb movements. The average recognition accuracy reaches 87% for the 6
upper limb movements of 5 participants.
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upper extremity motion recognition experiment
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Fig.1 6 types of upper body movements
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Fig.10 Experimental results of 3 types of models with
different number of convolutional layers
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Fig.11 Experimental results with different optimizers
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Tab.2 Comparison of the accuracy of myoelectric

gesture recognition for 5 types of models %
HETES VMD DWPT 9@2? A3
DB4_12 90.35 87.97 92.57 93.43
DB4_52 79.07 79.57 84.21 86.97
DB5_12 84.56 89.68 91.03 92.37
DB5_52 65.96 80.27 84.25 84.93
NI_6 93.87 88.82 96.78 97.54

Ry 1 — 2 43 AT B R AR R[] S 56 N B3 22 [) 6
FEF I X B 22 1B o i AT S . A
12 7R T A PR RYAE AN [R) B AR 00 R 1 - 3430 51
R S I N e NG SE S S N SR VA G S VU <
43 BXE R 5 25 A 75 400 K. 46 TR AN AE KR
I KA A e /IME O B B RS o AR 7 218
BN 3PTR .

F3I SEBREFRARAMALITHTFHIRINABE

Tab.3 Gesture recognition accuracy of 5 class models

based on different sample categories %
HSTES VMD DWPT ;%2? 'S
DB4 12 93.36 89.68 93.58 94.98
DB4 52 89.78 79.57 92.27 94.12
DB5_12 91.71 91.47 93.65 94.24
DB5_52 81.50 85.67 89.59 90.59
NI_6 96.86 91.90 97.89 98.70
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Fig.12 Box plots of gesture recognition results
for 5 class model based on different

sample categories
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Tab.4 Comparison of myoelectric gesture recognition accuracy class with the known methods %
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Tab.5 Confusion matrix of recognition results for 6

types of upper limb movements
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Tab.6 Classification results for 6 types of upper

limb movements
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Fig. 13 Upper limb rehabilitation robot
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