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Abstract . Effective traffic flow forecasting is of great signi@ people’s travel and traffic management supervision. Traditional traf-
fic volume prediction models are mainly based on theftime acteristics of traffic flow,however,these models don’t combine the time
and space characteristics of traffic flow for in-de ,s0 sometimes these models don’t perform well. This paper proposes a traffic
flow prediction model based on the combination o and LightGBM. The CNN model is used to excavate the temporal and spatial
correlation between the monitoring pointg ahd thvntrances and exits of the adjacent sections of the highway to realize the spatiotempo-

ral feature extraction of the traffic flo d then the feature vector extracted by CNN is input into the LightGBM model for predic-

tion. In order to verify the effecti the model,a variety of prediction models are used in the experiment for comparison. The ex-

perimental results show that osed model of CNN-LightGBM considering the spatio-temporal characteristics can significantly re-
duce the prediction error and is @@ effective and fast traffic flow forecasting model.
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