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A motion intention recognition method of human lower limbs based on
recurrent neural network
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Abstract In order to accurately identify the active motion intention of human lower limbs, the surface electromyography
(sEMG) signals of the two channels and the corresponding joint motion information were collected, and the raw sEMG signals
were preprocessed. Then an open-loop prediction model based on radial basis function neural network was established, using the
preprocessed sSEMG signal as the input and the joint motion information as the output. On this basis, as a special recurrent neural
network, the zeroing neural network was exploited to the open-loop model to form a hybrid closed-loop prediction model. The
experimental results indicated that the proposed closed-loop model can effectively eliminate the prediction error of the open-loop
model, and it can more accurately identify the active motion intention of human lower limbs, which lays a reliable foundation for
the subsequent human-computer interaction system of the rehabilitation robot.
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Figure 1 Raw sEMG signal of subject 1
5 EREREABRES
>
€
o
gs
"0 5 10 15 20 25 30 35

0 5 10 15 20 25 30 35
BfiE (s)
B3 Fid#E2RMREMERES

Figure 3 Raw sEMG signal of subject 2
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Figure 2 Actual joint angles of subject 1
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Figure 4 Actual joint angles of subject 2
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Figure 5 Preprocessed signal of subject 1
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Figure 6 Preprocessed signal of subject 2
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Figure 12 Estimated knee joint angle of subject 2
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