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TR R 252 34 55 206 0.72 212
Total 1129 142 359 866 4.35 1074
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Accuracy(%) | Speech | Music | Other
GMM 97.12 | 94.88 | 94.15
CNN 98.46 | 96.43 | 97.47
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Accuracy(%) | MFCCs | Mels | Specgram
Speech 97.96 |97.87 | 98.46
Music 95.23 |96.43 | 96.28
Other 96.53 [96.47 | 96.22
Average 96.57 |96.92 96.99
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FEfH R e

BE/ER/ECE

00:00:00.660 - 00:00:20.660 -- music
00:00:19.250 - 00:00:20.070 -- other
00:00:20.100 - 00:00:22.200 -- speech
00:00:22.900 - 00:00:24.100 -- other
00:00:21.900 - 00:00:24.600 -- music
00:00:24.300 - 00:04:42.720 -- speech
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Frequency Cepstral Coefficients (MFCCs) =13.65% ~ 15.68%2%7 13.25% - F]* ~ %< #%
Mz CNN § 37 B EHEmf v s oc %k - 37 5 T pEY S @ * ¥ - fd ivector R gt #
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GMM CNN
Audio event | Accuracy(%) | EER(%) | Accuracy(%) | EER(%)
Speech 97.12 3.65 98.46 2.27
Music 94.88 15.68 96.43 12.52
Other 94.15 13.25 97.47 9.51
Average 95.38 10.86 97.45 8.1
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