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Review of sSEMG-based Motion Intent Recognition Methods in Non-ideal Conditions
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Abstract In sEMG (surface electromyography)-based recognition, most studies are currently focusing on improv-
ing recognition accuracies. While in real applications, sSEMG-based recognition systems are limited by many disturb-
ances in non-ideal conditions, and recognition accuracies are worsen greatly. This paper is focusing on the robust-
ness of SEMG-based recognition. Many disturbances in non-ideal conditions are detailed and summarized, including
electrode shifts, individual differences, muscle fatigue, limb postures and others. Also, many novel methods that are
proposed to remove or reduce the impact of these disturbances are summarized. Furthermore, main problems in
these current studies are discussed. Finally, prospections for the future development are proposed, including build-
ing sSEMG-based datasets, exploiting deep learning based and transfer learning-based recognition, and sEMG decom-
position.

Key words Electromyogram-based recognition, researches and prospects, non-ideal conditions, pattern recognition

Citation Li Zi-You, Zhao Xin-Gang, Zhang Bi, Ding Qi-Chuan, Zhang Dao-Hui, Han Jian-Da. Review of sEMG-
based motion intent recognition methods in non-ideal conditions. Acta Automatica Sinica, 2021, 47(5): 955-969

KMALHEAS S (Surface electromyography,
sEMG) & Hiiz 3 < B L A 13z 30 51 o0 s 1 B Az

Wk H 9T 2020-04-29 A H 2020-12-14

Manuscript received April 29, 2020; accepted December 14,
2020

E R B AR EFE S (61773369, U1813214), [l 4 5 Rl 243t 4
T H (2019M661157) Bt ih

Supported by National Natural Science Foundation of China
(61773369, U1813214) and China Postdoctoral Science Founda-
tion (2019M661157)

RLFHEmZ H 2%

Recommended by Associate Editor HUANG Pan-Feng

Lt ERFEBEILFH E Sh A BT 5 AT LG A 27 E 5 T S8 5 PR
110016 2. H EEBLEB LA A5 B GE IS Ut 5B LR 1100
16 3. HEBMEEF RS 65 100049 4. RAGKFWLE AR S
THRESERE JLRH 110004 5. BIF RPN TR BE AR K 300350

1. Skate Key Laboratory of Robotics, Shenyang Institute of
Automation, Chinese Academy of Sciences, Shenyang 110016 2. Ins-
titute of Robotics and Intelligent Manufacturing Innovation,
Chinese Academy of Sciences, Shenyang 110016 3. University
of Chinese Academy of Sciences, Beijing 100049 4. School of
Robotics and Engineering, Northeastern University, Shenyang
110004 5. School of Artificial Intelligence, Nankai University,
Tianjin 300350

(Motor unit action potential, MUAP) #5 N4F4E
T3 MRk, AE N AR R R TR O & I BLAE 5. %
G EAE R T SRR E S LW IR, W]
M D s B B G HR E, Hrh 2 S A E R
P4 70 KT RS R, T2 A TR0 #c
T AR 28 BT O¢ 5 #2245 B, sSEMG AHX T
FIANANHEAES (Intramuscular EMG, iEMG) T1fij
&, KET AT R, 5 T EERRGMIT A 5
Wi

B, sEMG |z B H T Bh s BLas A BRE L
N SR RBSE RS, EANLMERYLE AT

A HJTRAL, 2T sEMG I ANA BT IR T 7
PLEs NEREME SINRIRE ), BA B3R AAT VR
BRI RE AT, A AT SEBANLET B AR ELE 5 e 22
H. JCHXPRIRNIG S, WURBRE B 98 B3 12 1l
Ji 3, REME RO IR e AT PR 2 R T



956 H 3

S 47 %

N RAFRETANRZERR, T
sEMG FINA R BRI TT %, M) T8 (5 R
EHNE, 1808 e 3 TR SR A AL ES 2% 2T 1Y
e, L EE AT MBS ST RS AE L,
K1 PR, HAC B R — e & B AR 2%
AILELR IR R R 28 1 B Bz B ) R 28 =k i
AN, R B R A R SE G SRR K, IR E RN B
PERR XS L AL LS 5 Bt , 20 5040 TAR B ARFAIE
PEHUEEIAE, WU 5 RFIE 5 S A F AR 25 3L 7] 52 it
RPN ZR. MRS 2 I BUNAE L EEIRA+, 22
W58 BRI R X R 2R R L R 5 3047 R AR
Fa PRAL B AVRFAL R BCSE AT, f i X A\ B L LS
i R 4

U]
A

4 N A

Nz B (b
==X f

H)-L EEAI =T ! Z—J],f/'g
== s oY

SR | T [ [ oo —s
(AR
Tt s

B 1 TR0 sSEMG R I 255 R HESE
Fig.1 The training and testing framework of sEMG
recognition model based on supervised learning
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framework of EMG signal based on TCN network
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tion model between ideal and non-ideal scenarios based on

transfer learning
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