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Abstract: In view of the lack of adaptability and accuracy of traditional machine learning in the field of
gesture recognition of surface electromyography (sEMG), as well as the poor performance of new users
on existing models due to individual physiological and behavioral differences, an algorithm using
convolutional neural network model to effectively overcome the difference in the distribution of
EMG data is proposed to improve the performance of gesture recognition. A novel approach combining
variational mode decomposition (VMD) of sEMG signal and convolutional neural network is
proposed to enhance the performance of gesture recognition in the subject. In addition, domain

adaptation and model fine-tuning techniques of transfer learning are used to increase the accuracy
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of gesture recognition of intra-subject SEMG. The proposed algorithm is evaluated and validated

on four evaluation groups of the benchmark dataset DB1 with 3, 4, 5 and 12 classifications. In

the four sets of evaluation, the average accuracies of inter-subject are 99. 28%, 99.30% ., 98.39%

and 93.40% respectively, and the average accuracies of intra-subject are 94. 05%, 92.60%, 88.

38% and 70.03% respectively. Through the experimental results and own data validation, it is

proved that the proposed algorithm has a good effect on the gesture recognition of sSEMG signals,

which is more conducive to the realization of human-computer interaction and provides a feasible

solution for the development of universal sSEMG equipment.

Keywords: domain adaptation; convolutional neural network; gesture recognition; variational

mode decomposition; surface electromyography
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Table 1 DBI data set label and gesture category grouping
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Fig. 1 Gesture selection and experimental grouping
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Table 2 Hyperparameter table of convolutional neural networks
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Table 3 Experimental results of different convolution layers

and convolution kernel conditions

GRES BB TR e 2/ 0
4 1X5 92.73
4 5X1 91.51
4 5X5 93.63
4 1X3 91.51
4 3x1 92. 34
1 3X3 92.47
2 3X3 92. 86
3 3X3 93. 44
4 3X3 94.21
5 3X3 94. 24
6 3X3 94. 26
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Fig. 3 Signal comparison before and after filtering
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Table 5 The gesture recognition accuracy of the method

compared with that of relevant studies
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amount of pre-training

H TR A SCHE L M RE . A SC S H AT
FEM TR kT IS, JF 5
k(27 1R BT AR TR A 5 T 28 6 Iy 2T Al ik
PEBE

S RUCR AP 1 4 H P s I B A,
Xt HAR P G R PO B8 xR HEA T, A N
W(N = 27), HEVAF P ERBAE A — R IR %

5 U AR — AR, B U OB P i
AW FHELENTI LG, A TFRELEERN
A

[ A, A SCIRE B T AL 5250 R Tk — 25
B UEA SCHVE AT R0 - 07 8 1 S R FH SR A 5
7 L3R B 1 38 I IE T 3G A SCHR A AR
BTSRRI SE 1 MRBIETRHT AdaBN 5%
JrgE 3 MT 1 X B AR T R TR RO 1Y
P TR A RIT S 2 B XHE T TR AR AR 1
Tk,

HT AdaBN W P RBIETE T 2 T4
KA TR RE N 13 FioR. ATLAAE .4 4S5
f9 6 6 35 43 2 HE A 3 43 0 2 94. 05%6.92. 06 %%
88.38% 1 70. 03% . # 6 NARSCH LTS 4 4 5L
B A DR ERER ., AT LUE I A SCHE N
U E N R S P TG O T S0 o A R
14. 68 Y0 #E M 2] T 70. 03 % . 76 AN FH AR AL S i i

http: // zkxb. xjtu. edu. cn

IR P TR T RPN MR R 2= B T 72,410,
{ELAE FEASE Y AR o 1 TS 1) 2 3Ci 2 B P 45, 3
DRSNS R - € R (A E R B A E By NAUR)
P Tl B a] LAE— 2 3R TH O e S i T
HPUIHER R . 2 6 SCRR40 J[RI AR R HT AU A 1
74 77 vk HAE ST 2R A 4 0 T3 R 4 O 5
Ao AHLESCHRL40], A SCREAE T 58 2 91 B0 T ik
T AR T3 E A H T S U0 o R P
T 14,0605 BEWIA SCRY B 1 A AT P G R 1Y
TP

50

1 2 ’ 4
S 2 )

K13 JET AdaBN BT JE OGS T H U 45 R A R 1H
Fig. 13 Box diagram of gesture recognition result of user-

independent algorithm based on AdaBN
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Table 6 The gesture recognition accuracy of the method

compared with that of relevant studies
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Table 7 Comparison of research results based on user-

independent gesture recognition
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