SHEHSENEFTE

W9 3 4= 5% i FN Vol.9 No. 3
2020 £ 5 A JOURNAL OF INTEGRATION TECHNOLOGY May 2020
g HER

T, 5 L B, & BT RV AA Y UE B RlE T HB0ET 7T (0], SRR, 2020, 9 (3): 26-35.
Wang Y, Yuan SM, Huang PG, et al. The study of hand gesture recognition based on the fusion of surface
electromyography and tissue impedance [J]. Journal of Integration Technology, 2020, 9 (3) : 26-35.

BT R AL AL S SR A M F AR

ozt B Eas £ oY ok M8 B

N EREEBERDSE BRI B I 518055)
P (R E R B RN BB AR 2B I 518055)
TEHRERIIER: WY 518051)

i E FHRBIPE A W5 RS RS S OREBL . P T 5 R IR E TEATAE
HH T ERE LS NEIER LGS, (B INRRfe EESBE DGR R RN R 2. Bk, W
] ) P e/ B S TE R AR 5 IR DR T S5 U R P e — EL R ILHLE 5 S B BRI I B L 07 1 22
—o BIABEE T IS DU E LA BGOSR SRR AS AN A M A AT E H 1
DU, BEFIAS REELHAS 5 A2 7 iAot Z (M (AP 5 . WD SEgn sl REY], iz R 50Kk 5%
(1 VU3 T8 R £ B P DASR T T35 U I SR AR E Ik . S OCRAENLAEAE BAREL, BT ORI
SBHGUE B R G JE T LR T SRR PERESR T 3% LU L, 185 96.2% HIRHIH .

KR FH KRR HZEDT
FESZES TP 391  XEAMFRERS A doi: 10.12146/j.issn.2095-3135.20200224001

The Study of Hand Gesture Recognition Based on the Fusion of Surface
Electromyography and Tissue Impedance

WANG Yuan'” YUAN Simin'* HUANG Pingao> WANG Hui'” YU Wenlong'

FU Menglong"” LI Guanglin'

'( Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, China )
*( Shenzhen College of Advanced Technology, University of Chinese Academy of Sciences, Shenzhen 518055, China )
*( The University of Hong Kong-Shenzhen Hospital, Shenzhen 518051, China )

Abstract Using surface electromyography (sEMG) signals to gesture recognition is a common method. In
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order to improve the stability and accuracy of gesture recognition, it usually requires to collect more channels

of myoelectric signals. However, this would need a high number of electrodes, resulting the increasing of

the complexity of myoelectric recognition system. Therefore, using a small number of SEMG electrodes to

ensure the performance of gesture recognition has always been an promising direction in the SEMG-based

applications. In this study, we designed a portable four-channel sSEMG and impedance signal acquisition

device that can simultaneously collect SEMG and tissue impedance signal between differential electrode pairs

without adding additional sensors and channels. The self-made device was used to collect the hybrid signals

of sSEMG and tissue impedance for seven classes of hand gesture recognition. The experimental results show

that the four-channel fusion information collected by the system could improve the accuracy and stability of

gesture recognition. Compared with using EMG only, the fusion method could improve gesture recognition

performance by more than 3% and achieve a recognition rate of 96.2%.
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Fig. 1 Data acquisition system schematic diagram
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Fig.2 All hand movements in our experiment
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Table 2 The combination of different channels
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Fig. 4 LDA recognition rate under different channel
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