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Table 1. Audio genre classification accuracy using GMM. (%)

Estimate \rusic | Speech | Effect
True
Music 85.41 4.17 10.42
Speech 5.21 90.62 4.17
Effect 11.98 2.60 85.42
Aitel S A | g F= v‘f—var O1AE-& ¥ 29 Zt}
AA 12 E-S 93.06% %=, GMMe| AA 12E X T} 59%p Ao,
02 F Z29 Qg vl Speech«] A2 go] A Aol 7} A
S B 5
2 HEt

Y S Melst H 2dg o888 &2 E2F UAME (%)
Table 2. Audio genre classification accuracy using deep learmning without
regularization. (%)

Estimate \rusic | Speech | Effect
True

Music 93.74 3.13 3.13

Speech 2.08 94.27 3.65

Effect 6.25 2.60 91.15
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Table 3. Audio genre classification accuracy using deep learning applied
regularization. (%)
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True Estimatd  Nusic | Speech | Effect
Music 92.19 2.08 5.73
Speech 2.60 93.23 4.17
Effect 4.17 1.56 94.27
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Table 4. The accuracy difference between deep leaming and GMM. (%p)

Effect
8.85

Average

6.07

Speech
2.61

Music

6.78

Difference
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