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Abstract: Nowadays, the civil aviation industry has a high-precision prediction demand of flight delays, thus a
flight delay prediction model based on the deep SE-DenseNet is proposed. Firstly, flight data, associated airport
delay information and meteorological data are fused in the model. Then, the improved SE-DenseNet algorithm
is used to extract feature automatically based on the fused flight data set. Finally, the softmax classifier is used
to predict the delay level of flight. The proposed SE-DenseNet, combing the advantages of DenseNet and
SENet, can not only enhance the transmission of deep information, avoid the problem of vanishing gradients,
but also achieve feature recalibration by the feature extraction process. The results indicate that after data
fusion, the accuracy of the model is improved 1.8% than only considering the characteristics of the flight itself.

The improved algorithm can effectively improve the network performance. The final accuracy of the model
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reaches 93.19%.
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