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Environmental sound classification using DeepESC
convolutional neural networks
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Abstract: To improve the accuracy of environmental sound classification, a new convolutional neural network named
DeepESC, which imitates the connection of DeepID network, is proposed. DeepESC is composed of three convolution
layers, two fully connected layers and one concatenate layer. To extract both high-level features and low-level features
effectively, a concatenate layer is designed to join all convolution layers’ output together, which comprises all features of
different levels in the DeepESC network. Experimental results on ESC-10 and ESC-50 data sets show that, compared
with random forest classification in same conditions, the accuracy of DeepESC is improved by 7.6% and 22.4% respec-

tively, and by 4% and 2% respectively compared with the traditional convolutional neural network.
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Table 1 DeepESC network parameters
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0 PN 60 41 6 - -
1 H 58 40 64 32 3,2
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3 I 28 18 96 23 2,3
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5 I 12 8 128 32 3,2
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7 S| 1 148480 1
8 S| 1 48384 1
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11 i 1 2 048 1
12 i 1 2 048 1
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Table 3  Accuracy comparison of different classifiers
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