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Abstract

In this paper, Mel-Frequency Cepstral Coefficient (MFCC), Decorrelated Filter Bank (DFB), Octave-based Spectral
Contrast (OSC), Zero—Crossing Rate (ZCR), and Spectral Contract/Roll-Off are combined as a set of multiple
feature-vectors for the music genre classification system based on the Support Vector Machine (SVM) classifier. In the
conventional system, feature vectors for the entire genre classes are normalized for the SVM model training and
classification. However, in this paper, selected feature vectors that are compared based on the One-Against-One (OAO)
SVM classifier are only used for normalization. Using OSC as a single feature-vector and the multiple feature-vectors, we
obtain the genre classification rates of 60.8% and 77.4%, respectively, with the conventional normalization method. Using
the proposed normalization method, we obtain the increased classification rates by 82% and 3.3% for OSC and the

multiple feature-vectors, respectively.
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Fig. 1. Blockdiagram of music genre classification
system.
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Table 2.  Genre—classification accuracy of multiple feature vectors according to the normalization methods.
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