¥ 42 % 1
2016 “F 1 H

H 2 % 4R
ACTA AUTOMATICA SINICA

Vol. 42, No. 1
January, 2016

ETFREANBEREEEIRA A AN R RN ALRR

THN g RFR R

# E KHNAE(ES (Surface electromyography, sSEMG) & A& H & %Y, 2565 A GEINEEELE, HElFEA
AV AHLAS . (Human-robot interaction, HRI) REA R WitV HEAE 5 5 ANL H 2RA8 T 1) B 2
WLHAE S5 TR0 AR 3R, 305 B B BB TERIS 098 IS Sua s &= AN TH A o NI /FHPTAG THE5 = 7 TN 2. AL
PEN AL T RN I SR T ERF TR, BE Mo g i S, /438 T 3RRIWLFE 1018 30RO B A 18 FHER,
R FEHE I R B R ), R R AR SRR .

XA RENUBES, AHACE, B30, NI, B R

SR TH)I, gegemk, BRI, shdik. JET3RMNLE 192 3h 5 RN T o S N 2538, A s, 2016, 42(1):
13—-25

DOI 10.16383/j.aas.2016.cl40563

A Review on Researches and Applications of sEMG-based Motion
Intent Recognition Methods

DING Qi-Chuan? XIONG An-Bin! ZHAO Xin-Gang' HAN Jian-Da!

Abstract Surface electromyography (sEMG) signals are human’s own resources, which contain a wealth of information
associated with one’s movement. Thus, there is a natural advantage in utilizing SEMG signals as interface media to
construct human-robot interaction (HRI) systems. The key to realize a natural HRI with sEMG is recognizing human’s
motion intention from sEMG signals, which usually involves three aspects, i.e., classifying discrete motion modes, esti-
mating continuous movements of joints, and estimating stiffness or impedance of joints. This paper fully collects the
researches on methods of SEMG-based motion recognition, and summarizes the features of current studies. Afterwards,
this paper introduces the application status of sEMG-based motion recognition technology, and discusses the key issues

constraining its marketing applications. Finally, future development of the technology is presented.
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Fig.2 Sampling sSEMG signals
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Fig.4 sEMG-based discrate-motion classification
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Table 1  Researches on discrete-motion classification®
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model, GMM). £ &A% (Multi layer perceptron, MLP). A\ T#iZ M4 (Artificial neural network, ANN). ;[ &AL (Support
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