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Abstract In this paper, we investigate an effective learning way for back propagation us-
ing frequency spectrums which are transformed from PCM data with wavelet transform.
We suggest a winner unit algorithm that output layers and target values are set so as
to identify a sound source, and a reset algorithm that coupling coefficient is controlled
according to the target values. As a result, we have confirmed that the total learning
efficiency is improved though the calculated amount for each back propagation step in-
creases slightly. We also investigate a way that improves the recognition rate and the
processing speed by applying Neural Network learned with single sound waves to chordal
sound waves. We suggest an algorithm that Neural Network identifies a single sound
wave from mixed two'sound waves, and after one wave is separated from the mixed wave,
the other wave is 1dent1ﬁed by the same Neural Network. As a result, we have confirmed
that the recogmtlon rate of the sound source xdentlﬁcatxon ‘and the processing speed are

improved.
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