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Abstract

Deep neural networks have shown remarkable performance in various areas, including image classification and speech
recognition. The variety of data generated by augmentation plays an important role in improving the performance of the neural
network. The transformation of data in the augmentation process makes it possible for neural networks to be learned more
generally through more diverse forms. In the traditional field of image process, not only new augmentation methods have been
proposed for improving the performance, but also exploring methods for an optimal augmentation policy that can be changed
according to the dataset and structure of networks. Inspired by the prior work, this paper aims to explore to search for an optimal
augmentation policy in the field of sound data. We carried out many experiments randomly combining various augmentation
methods such as adding noise, pitch shift, or time stretch to empirically search which combination is most effective. As a result,
by applying the optimal data augmentation policy we achieve the improved classification accuracy on the environmental sound
classification dataset (ESC-50).

Keyword: Convolutional neural networks, Environmental sound classification, Data augmentation, Searched augmentation
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Fig. 1. The architecture of convolutional neural network for environmental sound classification
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Table 1. The experimental results on ESC-50 dataset for each data
augmentation method

Aug';vrITZ%Za(ljtion Augrrw;igt:tion Top-1 (,;)c)curacy Difference
Baseline - 85.95 -
White Noise 10 ~ 50 dB 85.2 -0.75
Pitch Shift -1 ~ 1 step 87.15 1.2
Time Stretch 0~5% 86.75 0.8
Time Shift 0~5% 87.1 1.15
Time Mask 0~5% 84.9 -1.05
Frequency 14 _ 10 bins 86.35 04
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Table 2. The experimental results on ESC-50 dataset for various com-
binations of data augmentation methods

Data
Augmentation
Method

The number
of
combinations

Top-1 Accuracy
(%)

Difference

Baseline

85.95

Pitch Shift
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Fig. 2. The architecture of advanced convolutional neural network for environmental sound

classification
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Table 4. Comparison of experimental results between prior work and
our proposal on Esc-50 dataset

Method ACCLTr(;‘::; (%)
Human[8] 81.3
AlexNet[10] 65
GoogleNet[10] 73
EnvNet2 + strong augment[11] 84.7
SoundNet[12] 74.2
CNN + Augment + Mixup[13] 83.9
CRNN + channel & temporal Attention[14] 86.5
Multi-stream + temporal Attention[15] 84
Multiple Feature + CNN with Attention[5] 88.5
Searched Augment + CNN (Ours) 89
Searched Augment + Residual CNN (Ours) 90.05
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