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The Speaker Identification Using Incremental Learning
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Abstract

Speech signal has the features of speakers. In this paper, we propose the speaker identification system which use the
incremental learning based on neural network. Recorded speech signal through the Mic is passed the end detection
and is divided voiced signal and unvoiced signal. The extracted 12 order cpestrum are used the input data for neural
network. Incremental learning is the learning algorithm that the learned weights are remembered and only the new
weights, that is created as adding new speaker, are trained. The architecture of neural network is extended with the
number of speakers. So, this system can learn without the restricted number of speakers.
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Table 1. Speaker Identification rate.

Speaker Identification rate(%)
Speaker 1 100
Speaker 2 100
Speaker 3 100
Speaker 4 100

New speaker 1 95
New speaker 2 90
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