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Abstract: In order to predict the future traffic flow

@ ort-term memory neural network ( LSTM* ) model is proposed,

which takes into account many influencing factors stich a§) traffic flow data, date attribute, weather and rainfall at historical time.

The experimental results show that the accurad

M * model is better than the existing baseline method when predicting short-

term traffic flow. When predicting long-term trafficflow, the accuracy of the long short-term memory neural network model based

on particle swarm optimization algorith
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SO'LSTM* ) is better than that of LSTM "~ model.

rk ; improved PSO; influencing factors of traffic flow
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