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Abstract With the continuous development of radio frequency identification (RFID) technology,due to its advantages of high ac-
curacy and large amount of data information compared to global positioning system (GPS),the application of RFID to intelligent
transportation to predict the location of moving objects attracts widespread attention. However,due to the discrete distribution of
its positioning base stations, the different influences weight of different base stations on position prediction,and the long-term
historical information will bring dimensional disasters and other issues,and the position prediction of mobile objects is facing se-
vere challenges. In response to these challenges.,based on the analysis of the shortcomings of existing prediction algorithms.,a ma-
chine learning model combining long short-term memory (LSTM) and attention mechanism is proposed. This algorithm reduces
the dimension of the input vector encoded by one-hot through the neural network,and uses the attention mechanism to explore
the weighting effect of different positioning base stations on position prediction,and finally performs position prediction. Compa-
rative experiment on the RFID data set provided by Nanjing Traffic Management Bureau shows that compared with the existing
algorithms, the LSTM-Attention algorithm has a significant improvement in prediction accuracy.
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