632 Wt =EA A28 A535, 2017:d 9€ (JBE Vol. 22, No. 5, September 2017)

Yuk=% (Regular Paper)

A8 =2 A A28 Al5E, 20179 99 (JBE Vol. 22, No. 5, September 2017)
https://doi.org/10.5909/JBE.2017.22.5.632

ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

njtjo] 2rjQoAe] DNN 7|ut 24 A=
Aol A ok 2 Y A R Y A g b

DNN based Speech Detection for the Media Audio
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Abstract

In this paper, we propose a DNN based speech detection system using acoustic characteristics and context information of media
audio. The speech detection for discriminating between speech and non-speech included in the media audio is a necessary preprocessing
technique for effective speech processing. However, since the media audio signal includes various types of sound sources, it has been
difficult to achieve high performance with the conventional signal processing techniques. The proposed method improves the speech
detection performance by separating the harmonic and percussive components of the media audio and constructing the DNN input vector
reflecting the acoustic characteristics and context information of the media audio. In order to verify the performance of the proposed
system, a data set for speech detection was made using more than 20 hours of drama, and an 8-hour Hollywood movie data set, which
was publicly available, was further acquired and used for experiments. In the experiment, it is shown that the proposed system provides
better performance than the conventional method through the cross validation for two data sets.
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Fig. 2 An example of HPSS in drama audio: (a) original media audio; (b) harmonic and (c) percussive components after applying HPSS to

media audio shown in (a)
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values for speech and non-speech in the drama data set and the movie data set

Order Original Harmonic Percussive
of Speech Non-speech Speech Non-speech Speech Non-speech
MFCC Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std
0 0.5046 1.0825 | -0.6766 1.4037 | -0.2819 0.9676 | -1.2474 1.3514 | -0.1259 1.1470 | -1.4027 1.3390
1 -0.9155 1.0733 | -0.7856 | 0.9431 | -0.6899 | 0.8591 | -0.6164 0.9322 | -0.9203 1.1770 | -0.8220 0.8618
2 -0.0003 1.0276 | -0.0673 | 0.7742 | 0.1285 | 0.8679 | -0.0554 0.7754 | -0.0379 1.1397 0.0629 0.7294
3 -0.0325 1.0757 | 0.0347 | 0.7381 0.1388 | 0.9397 0.0972 0.7422 | -0.0758 1.1627 0.1020 0.6788
4 -0.1964 1.0988 | 0.0538 | 0.7904 | -0.0888 | 0.9880 0.1011 0.8164 | -0.1880 1.1663 0.1213 0.6918
5 -0.3760 1.1606 | 0.0475 | 0.8312 | -0.3190 1.0331 0.1119 0.8629 | -0.3139 1.2456 0.0735 0.7179
6 -0.0468 1.1458 | 0.1522 | 0.8386 | 0.0172 1.0362 0.2235 0.8706 0.0280 1.1968 0.1502 0.7151
7 -0.2525 1.1064 | 0.1399 | 0.8334 | -0.2204 1.0387 0.2024 0.8674 | -0.1217 1.1238 0.1415 0.7093
8 -0.0985 1.1053 | 0.2759 | 0.8356 | -0.0983 1.0539 0.3281 0.8752 0.0614 1.1032 0.2842 0.7008
9 -0.0237 1.0509 | 0.2151 0.8265 | -0.0443 1.0138 0.2443 0.8728 0.1634 1.0336 0.2613 0.6806
10 0.1803 | 0.9822 | 0.3111 0.7992 | 0.1675 | 0.9605 0.3338 0.8507 0.3645 0.9466 0.3576 0.6454
11 0.0861 0.9831 0.3634 | 0.7666 | 0.0644 0.9764 0.3797 0.8230 0.2835 0.9137 0.4144 0.6065
12 0.2304 | 0.8685 | 0.3963 | 0.7272 | 0.2114 0.8651 0.3940 0.7807 0.4188 0.8213 0.4827 0.5666
The probability density function of Oth order MFCC The probability density function of 2nd order MFCC
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Fig. 3. Examples of the PDF comparison of MFCCs for speech and non-speech in the drama data set and the movie data set: extracted from
(a) the original media audio; (b) harmonic and (c) percussive components after applying HPSS
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Fig. 4. Diagram of the proposed speech detection system
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Table 2. Parameters and settings for the proposed DNN architecture

Input layer setting 286th order of context feature

Output layer setting 2nd order of binary output
[286 286 286 286]

sigmoid

Hidden layer setting

Activation function

Output nonlinear function softmax

Loss function cross-entropy
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Learning rate 0.01 Type Number Length Speech [%]
Momentum 0.9 Modern 18 10:50:20 35.62
Optimization stochastic gradient descent Historical 12 9:32:23 36.36
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Table 4. Statistics of the Movie dataset

Title Length Speech [%)]
Bourne Identity 1:58:24 26.75
| Am Legend 1:40:22 18.35
Kill Bill 1 1:46:08 19.15
Saving Private Ryan 2:42:27 32.12
Total 8:07:21 25.16
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(false negative rate)= 2|v]gtt}.
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Table 5. 5-fold CV results on drama dataset

7Hﬁ°l

AN

PREC REC

F1

ACC

FPR

BASE | 0.9367 | 0.9078

0.9220

0.9448

0.0345
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Table 6. Results on movie dataset using DNN based speech detection trained with complete drama dataset

) PREC REC F1 ACC FPR FNR
Title BASE | PROP | BASE | PROP | BASE | PROP | BASE | PROP | BASE | PROP | BASE | PROP
Bourne Id. .8280 .8699 .5891 6139 | .6884 7199 .8573 8722 .0447 .0335 4109 .3861
| Am Leg. .8263 .8561 4425 5109 | .5763 .6399 .8806 .8945 .0209 .0193 .5575 4891
Kill Bill 1 .6033 7042 .6014 6627 | .6023 .6828 .8479 .8821 .0936 .0659 .3986 .3373
Saving P. .8902 9214 3734 4201 .5261 5771 .7839 .8022 .0218 .0170 .6266 5799
W.Average 7994 .8481 4897 5387 | .5925 | .6477 .8356 .8556 .0428 .0321 .5103 4613
7. 93 H0|Ef MEO| Cis LOOCV &zt
Table 7. LOOCV results on movie dataset
. PREC REC F1 ACC FPR FNR
Title BASE | PROP | BASE | PROP | BASE | PROP | BASE | PROP | BASE | PROP | BASE | PROP
Bourne Id. .6696 .7013 .7088 7327 .6886 .7166 .8285 .8450 1277 .1140 2912 2673
| Am Leg. | .6490 | .6902 | .6301 | .6688 | .6394 | .6794 | .8696 | .8841 | .0766 | .0675 | .3699 | .3312
Kill Bill 1 4728 5772 .7353 .7650 5756 .6580 7923 8477 1942 1327 .2647 .2350
Saving P. .8458 .8459 .5484 .6058 .6654 .7060 .8228 .8379 .0473 .0522 4516 .3942
W.Average | .6812 7202 .6449 .6843 .6461 .6926 .8272 .8513 .1049 .0879 .3551 .3157
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