F40H FM H 3 tb % #k
2023 4 8 A ACTA AUTOMATICA SINICA

Vol. 49, No. 8
August, 2023

BT U TR /R @R A A BB it

meA Tt EFL T OARE S ORXEF

i E EXETRENAESES (Surface electromyography, sEMG) [N % A43Z 3l 4t V1 AR R e 14 ) 25, 38— e
B IR IR 2 JEP L (Progressive unscented Kalman filter network, PUKF-net), KSR A28 5 sEMG &=
R AAE P DL S 3 I A s A v hRE I B . B2, TR E M 25 N sEMG B o 22 S ARz 9IRS 5 sEMG &l
2 TA) PR S O R A 7 R . C IR, SRR a3 1 0 B 5 U 0 S B R A A TR AT 1 BN BNl T R PER 2, 12
5 PUKF-net #2724 F 525 PR, Jl I 25 & VR EE A 48 I 28 R R R 298 IR 3, (615 PUKF-net B A R 4F PR BEE B A1
PUERE 1. 5, Wl T sEMG M AR AREZE B4t 115256, 361E T PUKF-net BB A R, AR T K 5 9012 W 4%
(Long short-term memory, LSTM) FlH Al R /R 2 € M 4%, PUKF-net /&5 A2 851 13 5% 2 (Root mean
square error, RMSE) TP 7T 14.9%, X A2 R* 1 T 5.1%.

KR RRBIBIE M, NRIBRIZ ST, RIS S, #dE o R /R 28

SR A, EFIL, EWE, k0w, BT Hd Rl -R R 2 I8 M I N AIZ s il k. B3t F 4k, 2023, 49(8):
1723-1731

DOI 10.16383/j.aas.c220523

Estimation of Human Limb Motion Based on Progressive

Unscented Kalman Filter Network

YANG Xu-Sheng"? WANG Xue-Er"? WANG Peng-Jun®* ZHANG Wen-An"’

Abstract To solve the difficult modeling problem of human limb motion estimation based on surface elec-
tromyography (sEMG), a progressive unscented Kalman filter network (PUKF-net) is proposed to reduce the diffi-
culty of modeling limb motion and SEMG measurements and improve the accuracy of limb motion estimation.
Firstly, a deep neural network is designed to learn the mapping relationship between limb motion states and sEMG
measurements and the statistical property of noise from sEMG data. Secondly, a progressive measurement update
method is used to correct the priori state estimate for reducing the linearization error of motion estimation and im-
proving the stability of the PUKF-net. By combining the advantages of deep neural network and progressive Kal-
man filter, the PUKF-net has good model adaptability and anti-noise capability. Finally, a human limb motion es-
timation experiment based on sEMG is designed to verify the validity of the PUKF-net. Compared with the long
short-term memory (LSTM) and other Kalman filter network models, the root mean square error (RMSE) of PUKF-
net in limb motion estimation has decreased by 14.9% and the correlation coefficient R? has increased by 5.1%.
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man filter network, DKFN), F| FH 4553 1 25 Y %
(Convolutional neural network, CNN) $2H sEMG
EYERHE fE N LSTM-KF, DKFN 7£ LSTM-KF ]
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Fig.1  Structure of PUKF-net
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2) while do
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Fig.4 Experiment design ((a) Sensor layout; (b) Joint angle coordinates; (c¢) Trajectory planning;
(d) Track of wrist joint collected by Optitrack)
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Table 1  Physiological information of subjects

iy Fhe S (cm) B (kg) sl
S1 31 155 65 i
S2 24 161 53 i
S3 29 182 85 5
S4 20 177 61 5
S5 25 173 75 5
S6 28 175 65 5
S7 30 160 47 &
S8 25 171 72 kY
S9 22 175 70 5
S10 24 162 50 &
s11 32 159 54 4
S12 29 170 78 5
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Fig.6  Joint angle estimation curve
# 2 LSTM. LSTM-KF. PUKF-net 7E3iR4E ) RMSE F1 R2
Table 2 RMSE and R? of LSTM, LSTM-KF, PUKF-net
RMSE R?
M
LSTM LSTM-KF PUKF-net LSTM LSTM-KF PUKF-net
S1 15.913 12.668 11.940 0.823 0.896 0.906
S2 24.568 18.677 15.473 0.622 0.748 0.829
S3 19.736 16.996 14.044 0.737 0.825 0.872
S4 20.653 13.315 12.668 0.679 0.863 0.876
S5 26.746 20.675 16.448 0.629 0.761 0.824
S6 16.793 13.664 11.588 0.803 0.880 0.905
S7 22.193 17.164 14.187 0.699 0.852 0.868
S8 17.984 15.241 12.294 0.748 0.827 0.880
S9 22.537 18.464 15.624 0.710 0.817 0.861
S10 24.142 18.555 16.165 0.655 0.809 0.848
S11 14.601 11.271 10.545 0.682 0.792 0.844
S12 19.196 16.137 13.044 0.721 0.804 0.865
SEME 20.422 16.069 13.668 0.709 0.823 0.865

PG BT, TR A AT i RMSE T F%
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net #5789 (1A 2.
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Fog Al SEERR I, BTt 1) PUKF-net #A47E
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