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Prediction of Lower Limb Joint Angle Based on VMD-ELMAN Electromyographic Signals

WANG Wenmiao

Virginia Tech and State University School of Engineering,Blackburg, Virginia 24061, USA
Abstract Surface electromyography (sEMG) signals are generated in advance of human movements and are commonly used to
predict human behavior and motor intentions. However, due to its inherent non-stationary and time-varying characteristics, it is
difficult to accurately predict changes in the angle of human lower limb. This paper presents a VMD-ELMAN angle fitting algo-
rithm for muscle selection of human lower limb muscles for three movements: normal walking,ascending stairs and descending
stairs. This algorithm improves the accuracy of surface electromyography signal angle prediction, enhances the real-time perfor-
mance of angle prediction,and provides an effective solution for improving human-machine integration with exoskeleton devices.
The Experimental results show that compared to common angle fitting algorithms, the proposed algorithm is less time-consu-
ming. Among the three common movements,the highest accuracy of the hip joint angle prediction value RMSE is 0. 5789 ,and the
knee joint angle prediction value RMSE is within 0. 2. Its prediction accuracy is superior to common models,and the model has
strong robustness.

Keywords Human-Machine fusion,sEMG, Feature extraction, Angle prediction, Elman neural network
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Table 1  Hip joint angle prediction results based on VMD feature

values

1k A A RMSE MAPE/ %
VMD-BP 2.1084 4.67
VMD-LSTM 1.9873 3.79
T HATE
VMD-ELM 2.0647 4.05
VMD-ELMAN  1.7891 2.89
VMD-BP 1.7915 2.54
. VMD-LSTM 1.6255 1.81
i3
VMD-ELM 1.0682 1.36
VMD-ELMAN  0.5789 0.67
VMD-BP 2.4838 3.32
. VMD-LSTM 1.9522 2.83
TR
VMD-ELM 1.2462 1.37
VMD-ELMAN  0.6051 0. 89
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Fig. 11 Fitting results of knee joint angle for walking on flat

ground
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Fig. 12 Knee joint angle fitting results when climbing stairs
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Fig. 13 Knee joint angle fitting results when descending stairs
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Table 2 Knee joint angle prediction results based on VMD feature
values
1 T AL A RMSE MAPE/ %
VMD-BP 0.4224 5.53
L VMD-LSTM 0.3972 5.04
FHAT A

VMD-ELM 0.3662 4,26
VMD-ELMAN 0.1857 2.84
VMD-BP 1.0915 5.54
. VMD-LSTM 1.0642 4,85

b .
VMD-ELM 0.8771 2.97
VMD-ELMAN 0.1966 1.95
VMD-BP 0.4741 5.58
e VMD-LSTM 0.3946 4.26

T

VMD-ELM 0.3358 3.97
VMD-ELMAN 0.2199 2.13
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Fig. 14  Time loss for fitting angles of each model
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