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[ Abstract |
ted using operational and meteorological data from Atlanta Airport in the United States for the year 2023. A CA-PCA-Informer flight de-

In order to more accurately predict flight delays at different times of the year,flight delay prediction trends was investiga-

lay prediction model ,incorporating correlation analysis ( CA) , principal component analysis (PCA) ,and the Informer model, was pro-
posed. Mean absolute error (MAE) and root mean square error (RMSE) were utilized as evaluation metrics to assess the prediction er-
ror. The findings reveal that the CA-PCA-Informer model outperforms simpler combined models, demonstrating the lowest error com-
pared to the CA-PCA-LSTM and CA-PCA-GRU models,with MAE and RMSE reductions of 20. 2% ~20.7% and 12.7% ~14.1% ,
respectively. The CA-PCA-Informer model is particularly effective for one-hour ahead predictions, providing decision-makers with more
accurate flight delay trends to enhance efficient flight operations.

civil aviation transportation; flight delay prediction; Informer model; principal component analysis; neural networks
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Fig. 1 Schematic diagram of Informer model structure
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Table 1 Principal component loading matrix
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AE UL -0.22 0.21 -0.55 0.08
[ XL 3 0.09 0.45 0.33 0.16

ARz -0.20 0.52 0.29 0.06
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Table 2 Comparison of input errors of different models
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Fig. 5 Different model input evaluation indicators

A Informer 571 1) MAE F1 RMSE 4> 3 B AKX T
1.056 3 #11.018 5 ,*ﬁ It CA-Informer 543 51 A
T0.702 6 F10.727 3; A Et. PCA-Informer 4574 43531
MR T 0.384 8 F10.318 5, H45RFEH], Ltk
PEAT A B e, TH B T 3o B0 5 1 0 4%
E5, 38 T Informer F5AY ) T i
3.3.2 FREEA L

XIS EA 74 ) % B, SR CA-PCA-LSTM, CA-
PCA-GRU Fil CA-PCA-Informer 175255, 7£ [F]—%%
PE4E L XF b LSTM, GRU A1 Informer 45 7Y fi%) F1 0 14
B, LI IIE CA-PCA-Informer 45 1 77 b 3 K 1] 8] )7
G P, e A 4 WL 3, iR 3 T,
CA-PCA-Informer % % 15 2% £ /] s 5 CA-PCA-ISTM
FERIAH 1, MAE 1 RMSE 43 51 F&AK T 1. 655 6 F1I
2.144 7,5 CA-PCA-GRU FHUAH kb, MAE Il RMSE
SRR T 1,609 8 F1 2. 756 6, iF B Informer 1557
TERE ] 7 51 f bR SR 4. BBl 6 WAl CA-
PCA-Informer 57 YU {5 5 43601 T ELSC(H

#*3 AEEBHREITLE

Table 3 Comparison of errors of different models
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Fig. 6 Comparison of predicted and true values of

different models
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Table 4 Comparison of errors for different prediction steps
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Fig. 7 Comparison of predicted and true values for

1 ~4 h prediction step
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