“pEsE

GRS I G N
ELECTRONIC MEASUREMENT TECHNOLOGY

B48 % 5B 5 M
2025 4F 3 H

DOI:10. 19651/j. cnki. emt. 2417200

ETFRANBESHITZERHEFIE D
ShuffleVT &= *

% B 4R
(1. HEARE L RKFIRE R TREFE A 54100652, P EAFREI LER KL KI 518055)

o5
=

i s AT BT RE N A G S GEMG) W% 2 T48 i ih, A S04 i 7 —#h Al 4 ShuffleNetV2 B A H5T 5
Vision Transformer(ViT) 45 B H AR, 45 4% S~ Shuffle VT, b5 3E A% 8 A2k GE L K 2 T 5088 4 NinaPro, Hfu &
40 2 {g ez 103 19 SEMG 4R R 6 AN I H B 0 T-48 1 84 . PERRIT A 46 45 9 Pearson X R (CO) B MR iR 2
(RMSE) filh 5 ZRHU(R®) , 453 B, ShulfleVT BB ) CC.RMSE 1 R* F- {8 20 54 0. 9240. 05,1, 27+0. 66 I
0.8340.10, B F T ShuflleNetV2,ViT, Transformer Fl LSTM % 4 Fp¥EBE £ I B, %45 R B/R T ShullleVT #
RUTE S T 2R LA 19 3% 2252 2 2 AR T o i e T

KR REMNBES; TR E8MhITRE%Y

FESZES: TP391;TNI1L. 7 MEARIREG: A ERIFAEFR LK 510. 4030

ShuffleVT model for estimating multi-degree-of-freedom finger force
based on surface electromyography
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Abstract: In this study, a ovel deep learning model named ShuffleVT was proposed to estimate continuous finger force
base on surface electromyography (SsEMG). This model was composed of the basic units of ShuffleNetV2 and the
Vision Transformer (ViT) structure. Its performance was validated on a publicly available NinaPro database, which
includes sSEMG data from 40 healthy subjects and finger force data from 6 degrees of freedom. Three performance
metrics including Pearson correlation coefficient (CC), root mean square error ( RMSE), and coefficient of
determination (R*) were used. And another four deep learning models, ShuffleNetV2, ViT, Transformer, and LSTM
were included for comparison. The results showed the averaged CC, RMSE, and R* was 0. 92+0. 05, 1.27+0. 66,
and 0. 83=0. 10, respectively, significantly better than that computed with another four models. It indicates that the
newly proposed ShuffleVT model could by potentially applied into the sEMG-driven continuous estimation of human
motor intention.
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