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Research on Traffic Sound Event Classification
Method Based on Improved VGG-16 Network

XU Ke, YAO Lingyun, YAO Jingyi» YAQO Dunhui

College of Engineering and Technology , Southwest University / Chongqging Key Laboratory of
Agriculture Equipment in Hilly Areas, Chongging 400715, China

Abstract: Traffic sound event classification is the most important step to improve the environmental per-
ception ability of transportation system. Aiming at the problems of traditional traffic system, such as
weak sound perception, inefficiency, low robustness and few detectable types, a traffic sound event classi-

fication method based on VGG was studied. This method used Spectrogram image features (SIF) as traffic
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sound features established the Convolutional neural networks (CNN) to complete intelligent classification
of traffic sounds. Firstly, a traffic sound dataset was constructed using 10 sounds collected in the laborato-
ry. Then, the SIF method was used to extract the acoustic features of traffic sounds, and the main model
of VGG-16 classification algorithm was built. Finally, the VGG-TSEC network is improved by fusion al-
gorithm with two convolution layer and inter-block channel algorithm. The final experiment shows that
traffic sound event classification accuracy of the optimized network can reach 97.18%, which is 4. 68%
higher than that of before optimization. The weight parameter is reduced by 72. 76 % and the resource con-
sumption is reduced by 384MB. At the same time, the optimization model is compared with machine
learning such as K-nearest neighbor (KNN) and support vector machine (SVM), and the final accuracy
was improved by 19. 68% and 4. 41%, respectively. The results show that the VGG-TSEC traffic sound
classification method can achieve efficient classification of traffic sounds such as siren sounds, accident col-
lisions, pedestrian screams, and trucks sounds, etc. » which can provide a reference for the traffic sound e-
vent classification.

Key words: traffic sound event classification; convolutional neural network; traffic sound; spectrogram

image feature; deep learning
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