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Music Genre Classification Using Random Forest

MasAHIRO N1TsuMa™l*l and HiroAKI SarTof!

This paper proposes a music genre classification method using high-
dimensional features and Random Forest. Most of the previous work uses
features designed to be adapted to only a limited range of music genres be-
cause of the data sparseness problem and tunes parameters in order to achieve
high accuracy. However, feature selection often leads to over fitting and tuning
parameters each time is not practical. In this paper, we propose music genre
classification method using 1,022-dimensional features designed to be adapted
to a wide range of music genres and Random Forest that easily handles high-
dimensional features. Moreover, variable importance is estimated using out-of-
bag data to clarify the mechanism of music genre classification. The proposed

method has achieved 97% accuracy in root genre classification and 84% in leaf
genre classification, which are favorable compared to other methods especially
when the number of training samples is small. Moreover, variable importance
estimation using out-of-bag data sheds new light on mechanism of music genre
classification.
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Table 1 Dataset used for the experiment.
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Table 3 Confusion matrix of leaf genre classification.

Leaf Rap  Country Baroque Bebop Soul Modern Punk Romantic Swing class.error
Rap 49 0 0 0 1 0 0 0 0.02
Country 0 25 0 0 0 0 0 0 0 0.00
Baroque 0 0 25 0 0 0 0 0 0 0.00
Bebop 0 0 0 23 1 0 0 0 1 0.08
Soul 7 0 0 8 8 0 0 1 1 0.68
Modern 1 0 2 0 0 15 0 7 0 0.40
Punk 1 0 0 0 0 0 24 0 0 0.04
Romantic 0 0 2 0 0 4 0 19 0 0.24
Swing 0 0 0 0 1 0 0 0 24 0.04
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Table 2 Confusion matrix of root genre classification.
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Table 4 Classification accuracy of the proposed method compared to SVM with the same feature
set.
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Fig.1 Tree size versus error rate (root genre classification).
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Fig.2 Tree size versus error rate (leaf genre classification).
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Fig.3 Variable size versus error rate (root genre classification).
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Fig.4 Variable size versus error rate (leaf genre classification).
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Table 5 Macro-averaged F-measure of the proposed method.

ooooooo Root Leaf
0oooooo%Oo good ooo gooo gooao
10 0.003031  0.8746  0.006357  0.6529
20 0.002428  0.9089  0.004217  0.7695
30 0.002326  0.9220  0.004095  0.7927
40 0.002455 0.9349 0.003062 0.8064
50 0.002269  0.9454  0.003834  0.8182
60 0.002652  0.9497  0.003950  0.8276
70 0.002330  0.9575  0.005181  0.8368
80 0.002796  0.9541  0.007512  0.8315
90 0.004077  0.9594  0.008269  0.8347
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Table 6 F-measure and its standard deviation of root genre classification averaged for the size of
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Fig.5 Number of training samples versus macro-averaged F-measure of root genre classification.
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Fig.6 Number of training samples versus macro-averaged F-measure of leaf genre classification.
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Table 8 Improved accuracy of SVM with the selected features compared to that with all features.
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Table 9 Unique features of root genre classification.
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Table 10 Unique features of leaf genre classification.
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