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Stacking model-based flight time prediction methods for departure
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ZHAO Yuandi', CUI Yingqi', LIU Jue’

(1. College of Air Traffic Management, Civil Aviation University of China, Tianjin 300300, China; 2. CAAC Central
and Southern Air Traffic Management Bureau, Guangzhou 510000, China)

Abstract: [Purposes] This paper aims to accurately predict the flight time of aircraft during the
departure phase to improve air traffic management efficiency and ensure the safety and economy of
aircraft operations. [ Methods] The flight characteristics of aircraft during the departure phase were
deeply analyzed, and various factors influencing the flight time of departing aircraft were discussed.
On this basis, characteristic waypoints were extracted, and a stacking model algorithm was established
to optimize the flight time prediction for departing aircraft. The stacking model integrates neural
networks, support vector machines, and linear models as base learners to enhance prediction accuracy.
Meanwhile, the Bayesian ridge regression model was adopted as the meta-learner to optimize the final
results. Additionally, ablation experiments were designed. Base learners were sequentially removed,
and stacked sub-models containing the remaining base learners were built to compare the prediction

performance of each model and deeply explore the complementary mechanisms among different
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models, with the feature importance of various characteristics during aircraft operations also

calculated. [ Findings ] The stacking model outperforms single base learners in flight time prediction

tasks, with an average coefficient of determination improvement of 18.8%. Meanwhile, different

departure directions impose varying requirements on aircraft altitude and latitude. [ Conclusions ]

Compared to single models, the stacking model demonstrates superior generalization capability and

accuracy.

Key words: air traffic management; departure flight time prediction; machine learning; stacking

model; neural network
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Table 3 Feature variable set for waypoints after normalization
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Table 5 Prediction results of different stacking models for Runway 05 in the Direction 3
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Fig.3 R” heat maps of different models in different departure
directions
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Table 6 Comparison of actual and predicted values

RT KRE BT b5 R & TN AL 44 F 5

Table 7 Feature importance of neural network prediction

FEAS | ESCM | TS | A2 | REAS | ELSC{E | P | phas models for different departure directions
1 0.950 | 0.949 0.001| 11 0.971 0.968 0.003 RATSH Jim 1 FH 2 Jim 3
2 0.942 | 0.941 0.001| 12 | 0.965 0.964 0.001 Cnum 0.007 7 0.024 7 0.019 4
3 0.945 | 0.946 [-0.001| 13 | 0.944 0.941 0.003 X, 0.066 2 0.079 0 0.049 7
4 0.961 0.969 |-0.008| 14 0.965 0.964 0.001 Y, 0.085 1 0.396 8 0.028 8
5 0.944 0.941 0.003 | 15 0.873 0.940 | -0.067 Z, 0.1700 0.063 1 0.032 8
6 0.958 0.955 0.003| 16 0.965 0.964 0.001 vV, 0.022 6 0.073 1 0.084 5
7 0.976 0.976 0.000| 17 0.865 0.915 | -0.050 H, 0.001 6 0.0133 0.053 2
8 0.868 0.868 0.000| 18 0.874 0.922 | -0.048 X, 0.107 6 0.0315 0.106 9
9 0.958 0.944 0.014| 19 0.892 0.931 | -0.039 Y, 0.1343 0.156 3 0.1149
10 0.948 0.941 0.007| 20 | 0.866 0.923 | -0.057 Z, 0.1890 0.082 0 0.383 4
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