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ABSTRACT

In this paper, we proposed the feature selection algorithm for multi-class genre classification. In our proposed
algorithm, we developed GMM separation score based on Gaussian mixture model for measuring separability
between two genres. Additionally, we improved feature subset selection algorithm based on sequential forward
selection for multi-class genre classification. Instead of setting criterion as entire genre separability measures, we set
criterion as worst genre separability measure for each sequential selection step. In order to assess the performance
proposed algorithm, we extracted various features which represent characteristics such as timbre, rhythm, pitch and
so on. Then, we investigate classification performance by GMM classifier and k-NN classifier for selected features
using conventional algorithm and proposed algorithm. Proposed algorithm showed improved performance in

classification accuracy up to 10 percent for classification experiments of low dimension feature vector especially.
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1) MFCC: MFCC coefficient"”.
2) SR Spectral rolloff™
3)  SF: Spectral flux™.
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18)  Nrel: relative specific loudness
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20) SPREAD: Spread"".

21) HR: Harmonic ratio"”.

22) MHR: Modified harmonic ratio"”.
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