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Exploration on Application of Method for Dangerous Goods
Inspection in Railway Mixed Transportation Based on GAN-CNN

BU Sihao

(Hangzhou Railway Logistics Center, China Railway Shanghai Group Co., Ltd., Ningbo 315000, Zhejiang, China)

Abstract: Security inspection of railway mixed goods is an important guarantee for the safe transportation of mixed goods. To
address the problems of a small dataset of dangerous goods, low identification efficiency of manual security inspection, and a wide
variety and large quantity of goods, this paper proposed a method for dangerous goods inspection in railway mixed transportation
using a convolutional neural network based on data augmentation. Firstly, a generative adversarial network was used to expand the
image sample dataset of dangerous goods. Then, the convolutional neural network was used to extract the type features of
dangerous goods. Finally, the full sample dataset was trained. With the function loss value, recognition accuracy, recall rate, and
harmonic mean of recognition accuracy and recall rate as model evaluation indicators, the experimental results show that the
recognition accuracy of dangerous goods by this model reaches 99.5%. The research results can provide technical support for
security inspection and dangerous goods inspection in railway mixed transportation.

Keywords: Convolutional Neural Network; Generative Adversarial Network; Railway Mixed Goods; Dangerous Goods
Recognition; Railway Security Inspection
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