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Fig. 1 Taxiing direction on the surface of Capital Airport field (running north)
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Table 1 Statistical data of taxi-in time
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Fig. 2 Category of aircraft operation aircrafts on the surface
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Table 2 Definition of surface traffic flow features

FHEAE it X

A, (i) = count (j), tapr (j) < tarpr () &

A taror (7) < tar () < famr ()
A Az (i) = count (), faror () < farpr (D &
tamt () > famr (1)
A Az (i) = count (§), faLor () > taror (D) &
tasr () < far (0)
A A4 (i) = count (j), faror (i) < tarpr () < famr () &
tamt () > tamr ()
D, D, (i) = count (k) ,za0sr (k) < taLpr () &
taLot (7) < tator (k) < tar (i)
D, D, (i) = count (k). a0t (k) < farpr () &
tator (k) > tamr (i)
D, D5 (i) = count (k) , ta0sr (k) > tapr () &
taror (k) < tapr (1)
D, D, (i) = count (k). faLpr (i) < faopr (k) < famr () &

taror (k) > tapr (1)
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Table 3 The correlation coefficient of surface traffic

flow and taxi-in time
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Table 4 The average taxi-in time of cross-regional

flights and non-cross-regional flights
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B 29 19.8
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Table 5 Construction of feature set for taxi-in

time prediction
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Table 6 Prediction accuracy of six models in the research of

taxi-out time prediction

TS /%

] R

+3 min +5 min

LR™M 0.81 73.74 88.40
SVR™ 0.80 75.40 87.40
KNNM 0.79 59.69 81.46
DT 0.81 63.07 85.10
RF!' 0.84 77.79 90.53
GBRT™! 0.83 77.36 90.19

R7T 6 MURBRGIE NI EITUN M BE TG
Table 7 Evaluation of taxi-in time prediction

performance by six models

TS /%

e | . . 2
AL Spmse/Min Sy p/min R - - -
+1min  £2min 3 min

LR™ 2.01 139 089 496 783 90.3
SVR™ 1.63 112 093 584 857 943
KNN™ 1.85 126 091 564 823 92.3
DT 1.73 122 092 545 825 930

RFM 1.50 1.07 094 596 865 950

GBRT!"! 1.40 .01 095 614 88.4 96.0
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Fig. 3 Learning curves for six models
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Table 8 Feature importance order of GBRT model

He RE RRMEEREE HeFe BRE RMEEREE
1 A 0.636 5 8 D, 0.0136
2 d 0.1210 9 D, 0.008 1
3 K 0.0550 10 T 0.003 6
4 D; 0.050 9 11 w 0.003 3
5 A 0.048 6 12 A 0.001 4
6 D, 0.040 3 13 M 0.000 6
7 A, 0.0170 14 I 0.000 1
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Taxi-in time prediction of arrival flight
TANG Xiaowei , DING Ye, ZHANG Shengrun, REN Siyu, WU Jiagi

(College of Civil Aviation, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: Accurate prediction of flight taxi-in time has a significant meaning in allocating aircraft support
resources reasonably and improving airport surface movement efficiency. Therefore, a method of taxi-in time
prediction based on machine learning model is proposed. It can effectively overcome the deficiency of extensive
aircraft arrival time prediction in major airports currently. Using Beijing Capital International Airport as the research
object, we firstly analyzed the factors that influence the taxi-in time and created the feature set. Next, we applied
various techniques that are commonly used to predict taxi-out times, such as linear regression, K-nearest neighbor,
support vector regression, decision tree, random forest, and gradient boosting regression tree, to predict the taxi-in
time. The results show that the prediction accuracy of the six machine learning models is over 90% within +3 min,
which means that the construction of the feature set and the selection of models are effective. The gradient boosting
regression tree model has the best performance based on the prediction results and model fitting evaluation results.
The prediction results of gradient boosting regression tree show that the surface traffic flow features contribute most to
the prediction model, and the newly proposed cross-regional feature contributes more than most traditional features.

Keywords: air transportation; airport surface movement; taxi time prediction; machine learning; gradient

boosting regression tree
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