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Application of time-frequency generalized S transform and
VL-MOBP neural network in human motion recognition

Yin Baiqiang Deng Ying Wang Shudong Hu Zengchao Li Bing Zuo Lei

(School of Electrical and Automation Engineering, Hefei University of Technology, Hefei 230009, China)

Abstract: Aiming at the needs of bionic prosthetic motion recognition, a lower limb motion recognition method based on time-frequency
generalized S transform and VL-MOBP neural network was proposed. First, time-frequency generalized S-transform was used to measure
4 kinds of surface electromyographic signals and knee flexion of the lower extremities of 22 male subjects aged between 20 and 40 years
old, between 170 cm and 185 c¢m tall and weight between 50 kg and 75 kg. Using multi-resolution analysis of the frequency signal to
obtain the time-frequency cumulative characteristic curve of the signal when the time and frequency resolution were good, then extracting
the mean and standard deviation of the amplitude of the time-frequency cumulative characteristic curve as the feature vector, and using
the VL-MOBP neural network to recognize the three movements of human lower limbs: Walking, standing, and sitting. The experimental
results showed that the proposed lower limb movement recognition method can achieve good recognition results, with an average
recognition accuracy of 96. 67% , which is about 56% higher than the wavelet transform and about 36% higher than the short-time Fourier
transform. Effectiveness in motion recognition has been verified.
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Fig. 1  Structure diagram
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Fig.2 Time-frequency generalized S transform Gaussian window
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Table 1 Data sample of the first normal person

ik RF/mV BF/mV VM/mV ST/mV FX/(°)
0.0007 -0.0083 0.0045 -0.0091 57.6000

7 -0.0008 -0.0038 0.0007 -0.0046 57.5000
-0.0008 -0.0068 0.0015 -0.0023 57.3000
0.001'5 -0.0008 -0.004 6 0.000 7 3.000 0

piava 0.003 0 0.0045 -0.0158 -0.000 8 3.000 0
0.003 7 0.0045 -0.0165 -0.008 0 3.000 0

0.0007 -0.0008 0.0030 0.000 0 70.100 0

e -0.0008 -0.0015 0.0022 0.0007  70.100 0
-0.0008 -0.0030 0.000 0 0.000 0  70.100 0
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Table 2 20 eigenvalues of the first normal person in three different action

LA Fi 335 113 il ST Ak

RF fist (1] 41.508 50.553 38.143 44.055 139.715 159.209
L 50.553 1.252 0.734 0.703 2.057 3.018

BF fist i) 20.495 26.657 236.469 369. 762 29.979 26.330
LS 0.555 0.601 5.977 5.361 0.518 0.546

VM st ] 73.877 73.208 60. 435 53.458 222.280 246.706
LIS 1.270 1.855 0.983 1.106 2.963 4.964

o1 s} 1] 25.877 34.770 527.332 882.034 26.660 20.615
eSS 0.775 0.838 10.403 14.757 0.380 0.527

X s} 1] 76 498.771 70 378.202 604 387.940 410 242.214 614 177.927 240 426. 846
e 208.691 2 454.278 262.142 10 108. 317 185.580 9 316. 330
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Table 3 Raining simulation results

ik MSE LIRSS FEREL  EFR/ %
ARICTTI 3.20x107% 0.067 0 0.000 6 0.8415 1.011 8 1.760 2 1.873 2 0 100
. 7N AR 1.16x107°  -0.279 7 0.533 4 0.942 0 0.703 8 1.358 7 1.8779 4 33.33
it R L A 3.16x107° —0.5419 0. 069 8 0.8720 0.749 4 2.2315 1.788 2 2 66. 67
R AR 4 2.11x107* 0.312 6 0.4517 1.028 5 1.160 9 2.259 4 2.0317 3 50
ARITTI 1.66x107° 0.073 7 0.242 0 0.877 4 0.9225 1.970 4 2.215 1 0 100
5 7N A 48 1.40x107°  0.455 5 0.014 8 1.274 8 0. 690 6 1.503 0 1.756 5 4 33.33
Rt o L I A 6.61x107° 0.010 5 0.429 3 1.175 6 0.869 0 2.190 9 1. 609 7 2 66. 67
2 TR L A A 3.38x107°  -0.3844 -0.398 5 0. 662 6 0.793 2 1.907 9 1.743 9 4 33.33
ATk 9.02x1077  -0.0325 0.336 2 1.032 5 0.911 4 1.775 6 2.0439 1 83.33
; 7N A 4 1.59x10™%  -0.246 2 0.304 9 0.807 6 0.938 6 1.640 6 1.623 2 3 50
Rt oL L I A 6.59x107%  -0.2185 —0.346 3 0.914 5 0.884 6 1.981 6 1.688 0 2 66. 67
R L AR 1.44x107  -0.2730 -0.0526 0.397 3 0.910 9 1.881 6 1.743 5 3 50
AT 6.68x107¢ 0.024 8 0.108 6 0.861 3 0.761 7 1.854 8 2.1955 0 100
A /N A 9.00x10™>  —0.493 9 0.208 4 0.6723 0.153 6 1.7379 1.9818 4 33.33
et P e L I 4 9.68x107° -0.1687 —0.605 1 1.048 1 0.659 0 1.699 7 1.8520 3 50
R L AR 9.00x107° 0.129 9 0.346 9 1.217 2 0.683 3 1.775 3 1.462 9 3 50
ARIT5 1.99x107° 0.0277 -0.0546 0.917 3 1.1819 1.988 1 2.068 1 0 100
s /N A 9.67x107 " 0.3173 -0.1195 0.202 0 0.799 1 1.694 1 2.128 4 3 50
et P e L A A 8.43x1077  —0.069 7 0.748 2 1.064 6 1.094 1 1.723 9 1.736 6 3 50
U AR 8.01x1073 0.133 0 0.199 8 0.781 9 0.476 0 1.857 3 1. 666 9 2 66. 67
T4 EBELLE
Table 4 Accuracy comparison
i 5% FRAE(E AR IO ST PO SR B AER B/ %
AL sEMG BB 3L S AR d VL-MOBP #1224 B3 A ER S 96. 67
A3 SEMG INBAE A VL-MOBP #1245 T3 AR 40. 00
AL sEMG Rt o e L A B VL-MOBP #fi 25 4% T3 PR 60. 00
AR sEMG B T AR 3 VL-MOBP #fi 25 4% T3 PR 50. 00
SCHR[ 2] sEMG FLEAY e Softmax 432 7% A& 6 28RS 93. 89
SCHR[ 8] sEMG NS 2 BP iz 4%/ 45 FRUIRZAS ML AR 95.00
SCHR[10] sEMG Hews gt U1 -4 2 > - 6 TR EMER 92.90
SCHR[20] sEMG /N BP 122} 4% 20 FFE N IE 90. 90
I T RS0 LS 5, VIR G,
4 & B I H R A T 3 S WA, 7E— iR 25 Y

BEXF O A B S VE R B B 75 2 AR SCHR s T — Fob 3
THIH XS 283 F1 VL-MOBP 1 2 % £ (1 S A 11 51 7
B A0 T R LA S TE AU T B S A R
WIS AR y o BUE T X ALH(F 5 R E
{ELI SR SCBLT R AR A7 o Sr Be s 3 Fhah A
MR, M AT SO S mEE R R, 5 X
k[ 8,20 ] BEMURRAE(E ) 7 iR AR L, T S S AR 4
R AE AR Oy ¥ T 4 MO B T DR A 5 BRI AR L
S LG RSB TR AR E, BT S S AR B AN A AT L
R S B A5 55003 114 A8 fb R el A% = T 2 101 9 B i LR
REARHH SE R A5 5 A4 A R0 B O i 5 R A2 v i 7 11
JEE B AR H AR AR %

FEREI A R AR T IE# AR,

N ERBEAS HERA TR, AH T A SCH T30 23 25 1 I 4%
9 BP FHZS 2% 32 0 25 AE I 2 ad BE vp T B A I ) A
REAS IR B BRAR A 43 2R RO, BIr LU M 2% B wip I+ A 18 T
TELR A2, s SCRAE SR ) o3 28 D 22 el S
DAL R A 22 X 28 SR AR AR ) s A T 1RO . T — 20 i TAR
S S0 5 3 1) R 20 I 246 Sk e R AE (B HE AT 43 IR
S, AT S BN S EE SR 53 25 0 A
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