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Sound event classification using deep neural network based
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ABSTRACT: Deep neural network that effectively capture the characteristics of data has been widely used in
various applications. However, the amount of sound database is often insufficient for learning the deep neural
network properly, so resulting in overfitting problems. In this paper, we propose a transfer learning framework that
can effectively train the deep neural network even with insufficient sound event data by employing rich speech
or music data. A series of experimental results verify that proposed method performs significantly better than the

baseline deep neural network that was trained only with small sound event data.
Keywords: Sound event classification, Transfer learning, Deep neural network
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Fig. 1. Overall scheme of transfer learning for sound
event classification.
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Fig. 2. Typical examples of spectrograms; (a) speech, (b) music, (c) sound, and the corresponding zooming views

of the 100 msec context window range, respectively.
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Table 1. Configuration of three databases.

Database # clips Total durations

RWCP 5,000 1 hour
RM (SI-training) 4,000 4.4 hours

GTZAN 1,000 8.3 hours

Table 2. Classification error rate (%) of baseline deep
neural network system with various hidden layers and

nodes.
# nodes
512 1,024 2,048
# layers

1 5.35 4.95 3.81
2 4.75 4.88 4.75
3 5.15 4.01 5.28
4 5.41 5.28 5.08
5 6.02 5.55 4.88
6 6.28 5.88 5.68
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Table 3. Classification error rate (%) for transfer
learning from speech, music, and mixed databases
and the corresponding error reduction rate (% in
g parenthesis).
jo]
g # of hidden nodes 512 | 1,024 | 2,048
s}
5 Baseline deep neural network 628 | 588 | 5.68
-% Transferred from RM 505 | 394 | 3.88
= (ERR) (19.11) | (32.99) | (31.69)
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—6— 512
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