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Abstract

When people relax with closed eyes, an
alpha wave in the frequency range of 8-12Hz
appears with brain signals. There were many
medical reports proofed that some specific
music can resonate with the alpha wave and
strengthen the wave. Therefore, this alpha
wave music can improve more relaxing for
people and are very helpful when they need
to take a rest. Currently, due to the alpha
wave music is classified manually by
expertise only, the alpha wave music is not
popular in the market. Till now, there is few
research reports studied about automatic
classification of alpha wave music. In this
research, we  will investigate the
content-based features of the alpha wave
music and use them to analyze the similarity
between alpha wave music and existing
music genres. The purpose of this research is
to find a music genre which alpha wave
music is closest to, such that we can
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recommend user to listen that kind of music
genre for relaxing before the scheme of
automatic classification of alpha wave music
being developed.

Keywords: multimedia database, music database,
alpha wave music, music classification
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