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Abstract; Flight delay prediction is an important reference to improve the efficiency of airport ground service. Nowadays, the flight
ground service process is complex and changeable, and the prediction accuracy of flight transit delay is not high, thus a flight delay
prediction model based on Petri net and fusion prediction model CNN-LSTM-ATT is designed. Firstly, the Petri Net model of the
departing flights ground service process was abstractly constructed according to the actual ground service process of flights,and the critical
service operation duration became the dynamic feature. Secondly,the dynamic feature,flight information,delay information and weather
information are input into the CNN-LSTM-ATT model for feature extraction and classification prediction. The attention mechanism is
introduced to highlight the influence of key data through attention weight and further mine the internal laws of important features. The
results show that the fusion model improves the accuracy by 6% compared with the independent model ,and the final accuracy of the ex-
periment reaches 98. 1% . The comparison of different models shows that the model can better cope with the changes of scene and has
better delay prediction ability.
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