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Abstract

The music therapy uses music to help
patients to improve or maintain their physical and
spiritual health. 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, the alpha wave
music can improve more relaxing for people and
are very helpful when they need to take a rest.
That's why people like listen music when
relaxing. Currently, the alpha music is classified
manually by expertise only. The existing music
classification approaches are almost all
categorized by styles and genres, such as pop,
classical, jazz, folk, etc. Accordingly, till now,
there is no research report studied about
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classification of alpha wave music. In this paper,
we will investigate the content-based features of
the alpha wave music and develop the
classification method for it. We expect our effort
can help to expand the applications and develop
the more realistic of music classification system
as well as to aid music therapy.

Keywords: multimedia database, music database,
music classification, alpha wave music
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2.5 Chord Recognition
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