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Abstract Traffic forecasting methods using neural networks and big data are emerging in an endless stream, but their
prediction accuracy for traffic flow is usually inaccurate. In order to solve this problem, this paper proposed a traffic flow
forecasting method based on spatio-temporal feature mining. This method makes use of improving convolutional neural
network(CNN) to mine the spatial features of traffic flow,and utilizes recursive neural network to mine the temporal
features of traffic flow.so that it can make full use of weekly/daily periodicity and spatial-temporal characteristics of
traffic flow. In addition, the method also introduces a correlation-based model that can achieve automatic learning ac-

cording to the past traffic flow. Experiment results show that the proposed method has higher prediction accuracy for

traffic flow compared with some novel methods.

Keywords Deep neural network, Improved convolutional neural network, Traffic flow prediction, Temporal-Spatial fea-

tures, Big data, Automatic learning
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Fig.1 Trafficflow prediction model based on hybrid neural network
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Table 1 Average traffic flow of some time
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Table 2 Average value of daily traffic flow
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