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Abstract

In this paper, we propose a content-based audio genre classification algorithm that automatically classifies the query
audio into five genres such as Classic, Hiphop, Jazz, Rock, Speech using digital signal processing approach. From the 20
seconds query audio file, the audio signal is segmented into 23ms frame with non-overlapped hamming window and 54
dimensional feature vectors, including Spectral Centroid, Rolloff, Flux, LPC, MFCC, is extracted from each query audio. For
the classification algorithm, k-NN, Gaussian, GMM classifier is used. In order to choose optimum features from the 54
dimension feature vectors, SFS(Sequential Forward Selection) method is applied to draw 10 dimension optimum features
and these are used for the genre classification algorithm. From the experimental result, we can verify the superior
performance of the proposed method that provides near 90% success rate for the genre classification which means 10%~
209 improvements over the previous methods. For the case of actual user system environment, feature vector is extracted
from the random interval of the query audio and it shows overall 80% success rate except extreme cases of beginning
and ending portion of the query audio file.
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Table 1. Audio genre classification accuracy.
(Using 54 dimensional feature vectors)
=5
Classic|Hiphop| Jazz | Rock [Speech| . _
ATE
Classic| 5l 0 5 2 2 8%
Hiphop| 0 40 6 14 0 67%
Jazz 11 12 27 7 3 45%
Rock 1 15 8 33 3 55%
Speech| 1 1 2 2 5% 90%
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