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Abstract ; Traffic flow prediction is often used to improve traffic congestion control and is one of the basic techniques for building

6.199 1,and MAPE value of 24. 76 %

’
intelligent transportation systems. In order to predict highway traffic flow accurately and with high precision, and make full use of the
urement station (LAM) of the Finnish Public Transport Administration ,and comparison is made with the long short—term memory neural

characteristics of randomness, nonlinearity and periodicity of traffic flow ,we design a highway traffic flow prediction model based on an
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improved gated recurrent network. Three evaluation indexes including mean absolute error ( MAE) are applied, and an example
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application is carried out on the traffic flow data set of Guangxi highway and the road traffic information collected by an automatic meas-

network (LSTM) and gated recurrent unit ( GRU). Using the Finnish dataset as an example analysis, the improved GRU model with

Wit 2 v T [ 2R B0 0 56 35 DL S AT A 16 K F- 1 42
K, H HusE

adam optimizer on the three—layer neural network structure has higher prediction accuracy with RMSE value of 8. 672 9 ,MAE value of

The same conclusion can be obtained on the Guangxi dataset, and all three indexes are better than
LSTM and GRU. It further illustrates the accuracy and stability of the model proposed,and its usefulness in highway traffic prediction
i, ML AR A5 3G, e A
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