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Table 1. The performance of genre classification using 10-D MFCC
feature vector(%)

stimated GMM DNN
True Speech  Music  Effect | Speech  Music  Effect

Speech 9219 3.13 4.68 | 9427 4.17 1.56
Music 3.65 7500 21.35| 2.60 89.06 8.33
Effect 6.25 1719 7656 | 7.29 9.90 8281

Precision 90.30 78.68 74.63 | 90.50 86.36 89.33

I 2% MFCC7I4E 192} 54 WEE o83 F2 i Aol
GMMZ 4714 B4 W 240 3 7P 2 458 2tk s
GMM-& speech®t effect®] A5 kol 7} 10%p ooz G2 7] 2
%5 Aol & Helrt HPEHi A5 AT 2o BAGe] v A4
5% Ao AA A% w3 GMMel HlE) B4 e et A2 B
Foll 9o AF Aol GMMEL o F&49 Rd3s 3= A
g 4 9l

# 2. MFCC7|8t 19x} EM HEE o| 8¢t &2 £/ M5(%)
Table 2. The performance of genre classification using 19-D feature
vector based on MFCC(%)

stimated GMM DNN
True Speech  Music  Effect | Speech  Music  Effect

Speech 9%.31 3.13 1.56 | 9635 1.04 2.60
Music 3.13 8906 7.81 | 1.04 9688 2.08
Effect 2.60 13.02 8&.38 | 1.56 5.21 93.23

Precision 9433 84.65 90.01 | 97.37 93.94 9521
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Table 3. The performance of genre classification using 26-D MFCC
feature vector(%)

stimated GMM DNN
True Speech  Music  Effect | Speech  Music  Effect

Speech 9.83 3.13 1.04 | 9635 0.52 3.13
Music 3.65 8594 1041 | 1.56 9375 4.69
Effect 3.65 1197 8&4.38 | 2.60 4.17 93.23
Precision 9292 85.06 88.05 | 95.85 9524 92.27
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Table 4. The performance of genre classification using 46-D
spectrogram feature vector(%)

istimated GMM DNN
True Speech  Music  Effect | Speech  Music  Effect
Speech 8958 6.77 3.65 | 9740 0.52 2.08
Music 5.21 75.00 1979 | 2.08 9479 3.13

Effect 1146 2292 6563 | 1.56 3.13 9531

Precision 84.31 7164 73.68 | 96.39 96.30 94.82
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