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Prediction of taxi—out time for large airports based on machine learning
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Abstract: To improve the accuracy of taxi—out time prediction for large airports, this paper first identifies common feature

variables of taxi—out time at large airports through Pearson correlation coefficient analysis. Then, it compares
predictions of taxi—out time at Beijing Daxing International Airport and Hong Kong Chek Lap Kok International
Airport using classical machine learning and deep learning models. Experimental results show that, except for the
random forest (RF) model, the prediction results of each model are relatively close and perform well, with an av-
erage prediction accuracy of 88.485%, an average prediction accuracy of 78.605% within +3 minutes, and an av-
erage prediction accuracy of 93.867% within +5 minutes. The gradient boosting regression tree (GBRT) and sup-
port vector regression (SVR) models outperform the others and are the best—performing models, and for the same
best—performing model, the prediction results between the two airports show little difference. The common feature
variables of taxi—out time proposed in this paper can accurately predict taxi—out time at large airports. Classical
machine learning models achieve better prediction performance than deep learning models, and the best—per-

forming model demonstrates transferability.
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Fig.2 Taxi-out time distribution at ZBAD and VHHH
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Tab.1 Statistical characteristics of taxi—out time at ZBAD and VHHH
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Tab.2 Results of Pearson correlation coefficient analysis between the

characteristic variables and taxi—out time
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Tab.3 Optimal hyperparameters for various models
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Tab.4 Evaluation results of prediction for ZBAD using different models

pom Py %0 R*/min Eyi /min Egyse/min +3 min TAEEE/%  +5 min TUKEEE/%

o IR kg UigRSE W DN KSR UNgREE RREE DN DE UNgREE UUE
GBRT 89.497 88.459 0.789 0.751 1.752 1.918 2.263 2.457 83.288 79.675 96.689 95.078
RF 95.643 88.257 0.962 0.732 0.731 1.966 0.955 2.529 99.323 78.444 99.963 94.734
SVR 89.767 88.901 0.777 0.747 1.728 1.885 2.299 2.462 83.386 80.413 96.037 94.832
LASSO  87.831 87.612 0.723 0.706 2.031 2.054 2.592 2.647 77.355 76.345 94.711 94.783
k-NN 89.024 88.258 0.761 0.737 1.856 1.972 2410 2.527 81.540 78.641 95.668 94.537
LSTM 89.015 88.472 0.753 0.738 1.880 1.930 2.456 2.497 80.630 79.232 95.323 95.029
DNN 88.793 87.866 0.771 0.736 1.852 1.983 2.363 2.507 80.999 77.805 96.320 95.374
CNN 88.099 87.770 0.718 0.708 2.030 2.031 2.630 2.636 78.230 76.378 93.942 94.045
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Tab.5 Evaluation results of prediction for VHHH using different models

- Py % R¥min Eyye/min Egyse/min +3 min FIAEE /% £5 min TS /%

IR kg UIgREE WA YN AR UNgREE BREE OIS DKAE UNgREE U
GBRT  91.491  89.883  0.853 0.812 1.567 1.860 2,052 2500  86.886  82.324  97.698  94.915
RF 96391  90.057 0975 0.811 0.671 1.810 0.919 2544 99.030  82.203 1.000  95.278
SVR 90.848  89.795 0.846 0.805 1.678 1.836 2316 2.588 84.464 82445 95729  93.825
LASSO  87.809  87.232  0.739 0.734 2.276 2.254 3.013 3025 72562 72518 89.521  89.588
k-NN  91.159  89.293 0.860 0.792 1.639 1.950 2.205 2,671 86.190  80.750 96517  93.825
LSTM 90416  89.709  0.829 0.809 1.777 1.912 2.428 2.625 83.282  80.508  94.609  94.188
DNN 90.163  88.836  0.850 0.800 1.727 1.960 2.275 2690 84161 79540 96365  94.067
CNN 87.674 85362  0.761 0.726 2.270 2.408 2.892 3149 64688 70460  81.980  87.772
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Fig.3 Learning curves of classical machine learning models on ZBAD
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Fig4 Loss curves of deep learning models on ZBAD
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Tab.6 Prediction results of different models for VHHH with half of the data

EHEAT I SRR EORT AT S i F AR — L
D 2 LA TRI RO AU S B2 58 I 115 REAS 5]

SVR 90.759
LASSO  87.495
k-NN 90.809
LSTM 89.365
DNN 89.708
CNN 86.343

- P 1% R’min Eyys/min Epys/min +3min TG E/%  +5min THPKE /%

Yigge  WElE JIgE ke JIgE g dIgE kg IgE k& I%E ks
GBRT 90911  89.821 0.859 0.788 1.608 1.879 2.083 2.510 87.238 78934 97523  95.939
RF 96.132 90580 0.971 0.807 0.693 1.765 0.940 2.397 99.111 81218  99.809  96.192

89.934 0.835 0.789 1.658 1.829 2.247 2.510 85.333 79.695 96.127 94.670
87.403 0.712 0.696 2.247 2.277 2.974 3.014 73.460 73.604 91.682 89.593
89.081 0.839 0.745 1.673 2.039 2225 2.754 86.603 78.426 96.698 93.908
88.430 0.790 0.740 1.902 2.038 2.554 2.765 79.682 75.380 94.730 92.385

87.640 0.834 0.751

1.748 2.101 2.265 2.704 82.666 73.096 96.761 93.908

85.971 0.625 0.594 2.610 2.619 3.401 3.453 65.702 65.228 86.591 87.817
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