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Research on human body motion recognition algorithm based on
surface EMG signal
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Abstract ; The surface EMG signal is a one—dimensional time series of non—stationary bioelectrical signals recorded
by the sensor on the surface of the corresponding muscle. It not only reflects the neuromuscular system activity, but
also is important for reflecting the corresponding action limb activity information. In terms of EMG applications,
pattern recognition is the very basis and key. In order to select the appropriate algorithm based on surface EMG
pattern recognition, this paper reviewed and analyzed body motion recognition algorithm based on surface EMG
signal, which included fuzzy pattern recognition algorithm, linear discriminant analysis algorithm, artificial neural
network algorithm, and support vector machine algorithm. Fuzzy pattern recognition can be used to extract the fuzzy
rules, which is insensitive to the initialization rules and is suitable for processing rigorous, non — repetitive
bioelectrical signals like sEMG. The linear discriminant analysis reduces the data dimension and its calculation
process is simple, but this method is not suitable for large data. With strong learning ability, the artificial neural
network can describe the linear relationship between the input and output of the training sample and the nonlinear
mapping relationship, which can be used to solve complex classification problem. Support vector machine is
obviously advantageous in processing small sample and nonlinear high-dimensional data with high-speed calculation.
The advantages and disadvantages of each method were compared in this paper, which provides a reference and
basis for the selection of pattern recognition algorithms.
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Fig.5 Sample sSEMG data of four different arm movements
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