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[Abstract] To promote the application of Electromyography (EMG) [signals in the analysis of differences between
normal children’ and ‘children with hip dislocation, this paper proposes a-method based on statistical clustering for
detecting the starting point of the period of EMG signals from/lower limb mulscles of walking children. The method
employs the nonparametric Bayesian model to cluster EMG signal sequences as pattern sequences, which are
subsequently marked with tags of active state and inactive state by using the k-means algorithm.The starting point of the
active state of muscle activities is taken as the starting point-of a period of EMG signals, and the window function
method is used to improve the prediction accuracy:Experimental results show that the average recognition error of this
method is as small as 2.15%, and is significantly different from that of the other detection algorithms, including
SampEN,SNEO and IP when the confidencelevel is 5%.
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Fig.1. Procdure of gait cycle starting point detection

algorithm based on clustering method
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Fig.3 . Analysis process of LTA signal
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Table 1 Comparison of prediction accuracy of

different detection algorithms %
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