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Time-domain Sound Event Detection Algorithm Using Deep Neural Network
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Abstract

This paper proposes a time-domain sound event detection algorithm using DNN (Deep Neural Network). In this system, time
domain sound waveform data which is not converted into the frequency domain is used as input to the DNN. The overall
structure uses CRNN structure, and GLU, ResNet, and Squeeze-and-excitation blocks are applied. And proposed structure uses
structure that considers features extracted from several layers together. In addition, under the assumption that it is practically
difficult to obtain training data with strong labels, this study conducted training using a small number of weakly labeled training
data and a large number of unlabeled training data. To efficiently use a small number of training data, the training data applied
data augmentation methods such as time stretching, pitch change, DRC (dynamic range compression), and block mixing. Unlabeled
data was supplemented with insufficient training data by attaching a pseudo-label. In the case of using the neural network and the
data augmentation method proposed in this paper, the sound event detection performance is improved by about 6 %(based on the
f-score), compared with the case where the neural network of the CRNN structure is used by training in the conventional method.
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Fig. 1. Block diagram of the proposed DNN structure, (a) DNN structure for pseudo label, (b) DNN structure for SED
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Table 1. Number of clips per event (weak label)

Event # of clips
Speech 550
Dog 214
Cat 173
Alarm / bell / ringing 205
Dishes 184
Frying 171
Blender 134
Running water 343
Vacuum cleaner 167
Electric shaver / toothbrush 103
Total 2244

¥ 2. Ho|ly B2 Hlgn LT 289
Table 2. Ratio of data augmentation and resultant number of aug-
mented clips

Event Ratio # of clips
Original 1 1,578
Time stretching 4 6,312
Pitch shifting 4 6,312
Dynamic Range Compression 2 3,156
Block mixing 4 6,312
Total 11 23,670
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Fig. 7. Magnitude spectrum of the strided 1D convolutional layers, (a) Using GLUs block, (b) Using ResGLU-SE block
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