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Abstract: Aiming at the phenomenon that the traffic flow information of each section of the express-
way is quite different, in order to improve the accuracy of traffic flow prediction, the attention mecha-
nism was introduced into convolutional neural networks, and a multi-kernel adaptive network
(MKAN) was designed to model the temporal-spatial relations among traffic flow data. First, multi-
branch convolution was performed on the input historical traffic flow data, and the traffic flow charac-
teristic of different scales was obtained. Then, the weight of each convolution branch was self-adap-
tively adjusted according to the input information, the multi-channel feature maps of each branch were
weighted and summed. Finally, according to the fusion feature maps, the multi-layer perceptron was
used to predict the traffic flow in the next period. To carry out model verification and comparative
analysis, the experiment was designed based on highway traffic flow data from California Department
of Transportation (Caltrans) Performance Measurement System (PeMS). The experiment results
showed that at most sites, the prediction root mean square error and the mean absolute error of MKAN
were lower than that of long short-term memory network, gated recurrent unit, K-nearest neighbor al-
gorithm and support vector regression model. Conducting whole-day traffic flow prediction for site
No. 140, the absolute prediction error of MKAN was smaller than other comparison models at each
time of the day. Compared with single-kernel convolutional neural networks, the prediction root mean
square error and the mean absolute error of MKAN were reduced by more than 7% at most sites. Con-
ducting whole-day traffic flow prediction for site No.31, the absolute prediction error of MKAN was
smaller than single-kernel convolutional neural networks at most time of the day. Experiments have
proved that MKAN can effectively improve the accuracy of traffic flow prediction and its prediction
effect is better than some traditional prediction methods and single-kernel convolutional neural net-
works.

Key words: urban traffic; traffic flow prediction; multi-kernel adaptive network (MKAN); high-
way traffic flow; deep learning
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