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Prediction Method of Aircraft Dynamic Taxi Time Based on XGBoost
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Abstract: Accurate and dynamic prediction of aircraft arrival and departure taxi time can effectively improve the op-

eration efficiency of the airport. An aircraft dynamic taxi time prediction method based on XGBoost is proposed for

the first time. Firstly, the key characteristic index of variable taxi time prediction is constructed by analyzing various

factors affecting the taxi time. Then, XGBoost algorithm is selected to establish the variable taxi time prediction

model, and the key input parameters of the model are adjusted and tested. Finally, the prediction effect of XGBoost

algorithm is compared with random forest and support vector regression. At the same time, the correlation between

sample data size and prediction accuracy of taxi time is analyzed for the first time. Guangzhou Baiyun International

Airport 1s taken as the analysis object. The results show that the prediction accuracy of the taxi-in and the taxi—out

time reaches 94.1% and 96.6% by using the XGBoost algorithm, which are better than the mainstream algorithms

of random forest and support vector regression. In addition, more than 32 000 samples are needed for accurate and

stable prediction of dynamic taxi time at Baiyun Airport.
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Fig. 3 Average taxi time calculated by cross taxi
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Table 1 Influencing factors of taxi—in and taxi—out time
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Table 4 The optimal value of key parameters of the model
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Table 8 Prediction accuracy of taxi—in time
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Table 6 Evaluation results of the prediction
model for taxi-in time

R* MAE RMSE
Model
Train Test Train Test Train Test
SVR 0.72 0.70 1.40 1.35 1.95 1.91
RF 0.96 0.77 0. 46 1.27 0. 64 1.74

XGBoost 0.84 0.81 1.08 1.16 1.45 1. 60

/%
Model
+1min +2min +£3min +4min +5min
SVR 49.9 78.3 91.2 95.5 97.8
RF 50. 8 80.7 92.8 96.9 98.5

XGDBoost 54.3 84.0 94.1 97.7 98.9
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Table 9 Prediction accuracy of taxi—out time

BE/%
Model
+1min £2min £3min  *4min  £5min
SVR 32.8 57.3 78.0 88.3 93.1
RF 34.3 62.3 80.9 91.0 95.5

XGDBoost 36.7 65.7 83.8 92.8 96. 6
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Fig. 12 Feature importance of taxi-in time of random forest
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Fig. 13 Feature importance of taxi—in time of XGBoost
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