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Pattern Recognition of EMG Signal using Artificial Neural Network
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Abstract - In this paper, pattern recognition
scheme for EMG signal using artificial neural
network is proposed. For manipulating ability,
the movements of human arm are classified
into several categories. EMG signals of appro-
priate muscles are collected during arm move-
ment. Patterns of EMG signals of each move-
ment are recognized as follows: 1) The features
of each EMG signal are extracted. 2) With
these features, the neural network is trained
by using feedforward error back-propagation
(FFEBP) algorithm. The results show that the
arm movements can be classified with EMG
signals at high accuracy.
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