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Transformer-RNN Model for the Identification of Hazardous
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LI Xiaohui' ,SUN Ziwen'*"
(1.School of Internet of Things,Jiangnan University , Wuxi Jiangsu 214122, China;
2.Engineering Research Center of Internet of Things Technology Applications of Ministry of Education, Wuxi Jiangsu 214122, China)

Abstract: In view of safety accidents caused by theft and leakage during the transportation of hazardous chemicals, Transformer-RNN
model is built to identify three states of operation,loading and unloading in the transportation process. Firstly,the original data such as
velocity,load and original AD value are obtained from the vehicle installed sensors,and then characteristics of velocity difference ,load
difference and direction difference are extracted. Secondly, a classification model integrating Transformer and RNN is established.
Transformer is used to complete the representation learning of input, RNN is used for learning,and the self-attention mechanism high-
lights key features. Finally,the classification results are output by the fully connected network. The experimental results show that the
accuracy rate , precision rate,recall rate and F1 value of the model are all superior to the existing models.
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