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Noise Robust Urban Audio Classification Based on 2-Order
Dense Convolutional Network Using Dual Features

CAO Yi, HUANG Zi-long, SHENG Yong-jian, LIU Chen, FEI Hong-bo

(School of Mechanical Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: A noise robust urban sound event classification model based on 2-order dense convolutional
network using dual features ( D-2-DenseNet) is proposed, which aims at the problems of insufficient ro-
bustness of current models. Firstly, the brief introduction of the method of noise adding and robust pro-
cessing is presented. Moreover,a dual feature mutual compensation algorithm and 2-order dense convolu-
tional network is presented. Meanwhile,a noise robust urban sound event classification model based on 2-
DenseNet using dual features,i. e. D-2-DenseNet is proposed. Theoretically , D-2-DenseNet combines the
advantages of feature compensation and 2-order dense convolutional neural network. The dual feature mu-
tual compensation adaptive algorithm can effectively extract audio information and reduce noise interfer-
ence to improve noise robustness. Finally,in order to validate advantages of the D-2-DenseNet, this new
model is exploited in the urban sound event classification based on Dcase2016 datasets. Under conditions
of channel noise and environmental noise, the experiment shows that the accuracy of the network is re-
spectively 77. 12% and 75.52% , which has added 8.51% and 10.38% compared with baseline. The
noise robustness of D-2-DenseNet are also effectively verified.
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