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Abstract

In this paper we propose a method of pattern classification of the hand movement using EMG
signals through Self-organizing feature map. Self-organizing feature map is an artificial neural
network which organizes its output neuron through learning and therefore it can classify input
patterns. The raw EMG signals become direct input to the Self-organizing feature map. The
simulation and experiment results showed the effectiveness of the classification of EMG signal using

the Self-organizing feature map.
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Fig. 5. The SOM’s learing, output and neighbor
neuron.
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Fig. 6. The measuring EMG signal and the
signal wave after removing circum-
ference data.
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