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Abstract

The music classification techniques can
be discriminated into two categories — based
by music feature classification and training
by learning machine classification. Both have
their advantages and disadvantages. For
music feature classifications, most of the
approaches are based on single music feature,
such as melody or chord, and the accuracy is
about 70% in few genres of music. However,
the accuracy for classification of most music
genres is lower. In this research, we study the
music contents and use the multi-features of
music to design equation for more accuracy
music classification. Our performance study
shown that more than 85%, 82%, 80%, and
73% of folk, classic, pop, and jazz music can
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be classified correctly, respectively, by using
multi-feature of music  content  for
classification.

Keywords: multimedia database, music database,
digital music, music classification,
content-based retrieval.
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