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Performance of music section detection in broadcast drama contents

using independent component analysis and deep neural networks
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Abstract

We propose to use independent component analysis (ICA) and deep neural network (DNN) to detect music sections in
broadcast drama contents. Drama contents mainly comprise silence, noise, speech, music, and mixed (speech+music)
sections. The silence section is detected by signal activity detection. To detect the music section, we train noise, speech,
music, and mixed models with DNN. In computer experiments, we used the MUSAN corpus for training the acoustic
model, and conducted an experiment using 3 hours’ worth of Korean drama contents. As the mixed section includes music
signals, it was regarded as a music section. The segmentation error rate (SER) of music section detection was observed to
be 19.0%. In addition, when stereo mixed signals were separated into music signals using ICA, the SER was reduced to
11.8%.
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Figure 1. Block diagram of the proposed method
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Table 2. SER(%) of music section detection experiment using ICA output
signals with different mel filter order and MFCC order
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E 3.9 GE A 65MFCC 2Hr9HICA 28 A58 0] 87
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Table 3. SER(%) of music section detection experiment using ICA output
signals with 65 mel filter order and varying MFCC order
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FE 4. o3 AZE SER(%)
Table 4. SER(%) of music section detection

F 6. ICAS} GMM S ©]-8-3+ Al 2|l o] T35 B (%28 %)
Table 6. Confusion matrix(%/frame) of system using ICA and GMM
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Table 5. Confusion matrix(%/frame) of GMM results for original signal
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Table 8. Confusion matrix(%/frame) of system using ICA and DNN
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Figure 8. Frame-based result of music section detection experiment.
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Table 9. Confusion matrix(%/frame) of GMM-based system in the
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Figure 9. Music detection results of frame-based system for the MUSAN
corpus.

(a): Music/non-music distribution of the test data, (b): Result of
GMM-based system(upper) and result of DNN-based system(lower)
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