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KPCA-based continuous motion estimation of knee joint in multiple motion modes
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Abstract: A kernel principal component analysis (KPCA) based method is proposed for the effective estimation of multi-
mode continuous motion of knee joint. The time domain features of multi-dimensional surface electromyography signal are
fused to obtain the comprehensive motion information in different motion modes. Then, KPCA method is used to reduce the
dimensionality of EMG features and obtain the most relevant principal component vectors, and the effective estimation of
multi-mode continuous motion of knee joint is realized through the combination with back propagation neural network.
Experimental verification is carried out on 4 motion modes of 5 subjects. The results show that the proposed method can not
only effectively estimate the multi-mode continuous motion angles of knee joint, but also significantly improve the
estimation accuracy as compared with PCA algorithm.
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Figure 1 Distribution of lower limb muscle groups
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Figure 2 Experimental data acquisition in 4 motion modes
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Figure 3 Flowchart of continuous motion angle estimation of knee joint
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Figure 6 Time domain features of SEMG signal of rectus femoris
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Figure 8 Continuous motion angle estimation of knee joint
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