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Predicting Flight Punctuality based on Operational Pattern of Aircraft

Hojun Yoon', Hyunsoo Cho", Jaewoo Park ", SungKwan Ku

ABSTRACT

Punctuality in air transport

industry represents

a commitment to passengers, an

enhancement of airport operational efficiency, optimal fleet utilization by airlines, and
compliance with government policies. In South Korea, the domestic flight delay rate in 2024
was 22%, and over 70% of delays were attributed to connecting delays. For domestic flights, the
punctuality of subsequent flights can be affected by the punctuality of preceding ones. From
the airline's perspective, if the timing for deploying standby aircraft can be accurately
predicted, it is possible to improve punctuality by mitigating connecting delays. This study aims
to predict the punctuality of scheduled domestic flights to Gimpo Airport based on operational
data generated from prior flights. A Deep Neural Network (DNN) was employed as the delay
prediction methodology, and various techniques were applied to improve prediction accuracy.

Key Words : Aircraft Punctuality(357] 4A14), Delay Management(R|%#2]), Flight Operation
Patterns(37] 2% #€l), On-Time Performance Prediction(JA1A &), Big data(q]do|€)
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Table 1. Overview of domestic flights delays

(2024)

u | osma ~| AdE | FEAA | dEAd
‘?"E T‘:c}%‘r‘ x]ﬁ"?i‘l" (%) “Od?_]_ H]% (%)
29 (183,008| 39,118 | 21.38 | 31,795 | 81.3
T2 1183,010] 42,253 | 23.09 | 32,769 | 77.6
AA 366,018 81,371 | 22.23 | 64,563 | 79.3




Vol. 33, No. 2, Jun. 2025

136 +oF, 29
Table 2. Flights frequency by domestic route
(2024)
TE | AE-AFE | Ao-AF | A5 | P26
<3 | 81,678 20,328 18,324 17,811
He | (44.1%) (11.0%) (9,9%) (9.6%)
EA: T FTA FFEA (www.airport.co.kr).
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Fig. 2. Activation function structure
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Table 3. Definitions of variables (only selected
variables shown)
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Table 4. 1st stage results
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indicatior(1st stage)

Precision-Recall Curve

01 02 03 04 05 06 07 08 09 1
Recall

Fig 5. Precision-recall curve(1st stage)
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