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Research on flight trajectory prediction based on an improved

Transformer approach
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(Faculty of Information Engineering and Automation, Kunming University of

Science and Technology, Kunming 650500, China)

Abstract: Accurate flight trajectory prediction is crucial for trajectory—based operations ( TBO) in air traffic manage-
ment. To address the complexity of flight trajectory prediction and the low accuracy of existing methods, this study
proposes an improved Transformer—based prediction method incorporating a Spatial Attention Mechanism (SAM).
Specifically, the encoder employs a spatial attention structure to jointly model spatiotemporal features of flight tra-
jectory data. By replacing the conventional multi-head attention mechanism in the encoder with SAM, the pro-
posed approach enhances local pattern perception for trajectory dynamics. Experimental results demonstrate that
this enhanced architecture significantly improves the feature learning capability for flight trajectories, leading to
higher prediction accuracy. The method exhibits particularly superior performance in longitude and latitude feature
predictions, indicating its potential to further advance the precision of flight trajectory forecasting.
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Table 1 Comparison of longitude prediction results

Model MSE MAE

Transformer 0.318 3 0.246 5
Crossformer 0.1238 0.1291
PatchTST 0.2950 0.3106
FEDformer 0.178 0 0.243 8
Informer 0.152 1 0.142 1
SAMformer 0.0829 0.103 4
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Table 2 Comparison of latitude prediction results

Model MSE MAE

iTransformer 0.3183 0.246 5
Crossformer 0.090 5 0.1312
PatchTST 0.1801 0.3039
FEDformer 0.1570 0.224 8
Informer 0.1257 0.109 1
SAMformer 0.0749 0.088 6
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Table 3 Comparison of Height prediction results

Model MSE MAE

1Transformer 0.2449 0.3369
Crossformer 0.1053 0.2411
PatchTST 0.1801 0.3039
FEDformer 0.2383 0.3453
Informer 0.1859 0.2880
SAMformer 0.1312 0.2547
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Fig.4 Experimental results between different models
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Fig. 5 Comparison of predicted longitude results
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Fig.8 Comparison of 3D flight path prediction results

4 & g

1) 75 [ 3 7 AL A 3548 T B 2 R AT 2 g
J3 3 k51 A S ) E LS (SAM) |, ek 5 19
Transformer £ 1 52 80 T b AT 900 B9 b 285
SR | B SRR AE ) 23 (R G OC R Y B AR 2
TET IR M R A 1 7E BT A 48 AR MSE Al
MAE | %8 AR 4 B Crossformer 43 1) B4 33. 2%
F132.5%.

2) 4 Jay— Jay SRR AE U RO AL AOR B3 g i
i R E TS T A R A 5 TR AR R 1Y
P LA, 4SS D R BB 5 ) ELAS A e I AR .

& % 3wk

[1] JIAPY, CHENH P, ZHANG L, et al. Attention-L.STM
based prediction model for aircraft 4-D trajectory[J]. Scien-
tific Reports, 2022, 12: 15533.

[2] GUODY, LINY, YOU X H, et al. M2ATS: A real-
world multimodal air traffic situation benchmark dataset and
beyond [C] // Proceedings of the 31st ACM International
Conference on Multimedia. Ottawa ON Canada: ACM,
2023: 213-221.

[3] BROOKER P. SESAR and NextGen: investing in new par-
adigms[J]. Journal of Navigation, 2008, 61(2): 195-208.

[4] CHENZM, GUODY, LINY. A deep Gaussian process-
based flight trajectory prediction approach and its application
on conflict detection[ J]. Algorithms, 2020, 13(11): 293.

[5] STROHMEIER M, SCHAFER M, LENDERS V, et al.
Realities and challenges of nextgen air traffic management:
the case of ADS-B[J]. IEEE Communications Magazine,
2014, 52(5): 111-118.

[6] ZHANG Z, GUOD Y, ZHOU S Z, et al. Flight trajectory
prediction enabled by time-frequency wavelet transform[J].

Nature Communications, 2023, 14: 5258.



8 fot s TRk 5 XX %

[7] ZENG W L, CHU X, XU ZF, etal. Aircraft 4D trajectory (5): 601-608.
prediction in civil aviation: A review[J]. Aerospace, 2022, ZHANG lJianxiang, GAN Xusheng, ZHOU Zhijing, et al.
9(2): 91. 4D track prediction of aircraft based on improved sliding win-

[8]  YANG ZJ, KANG X L, GONG Y H, et al. Aircraft tra- dow polynomial fitting method [J]. Advances in Aeronauti-
jectory prediction and aviation safety in ADS—-B failure condi- cal Science and Engineering, 2019, 10(5) : 601-608. (in
tions based on neural network[J]. Scientific Reports, 2023, Chinese)

13: 19677. [16] B, PhEFED, /03 . 36T Informer (9 % ML I 4D A i

[9] ZHANG M Y, CHEN S W, SUN L J, et al. Characteriz- B O[], A5 89 % 4x, 2023, 41(4): 111-121.
ing flight delay profiles with a tensor factorization framework FENG Xia, SUN Qiqi, ZUO Haichao. A method for pre-
[J]. Engineering, 2021, 7(4): 465-472. dicting long—term 4D trajectory of airplanes based on inform-

[10] x|, £7&, 8. 5F IMMKE 5395 19 ADS-B I # 5 er[J]. Journal of Transport Information and Safety, 2023,

FTHARERER(T]. fiias TR, 2024, 15(1): 182-190. 41(4): 111-121. (in Chinese)
LIU Tong, WANG Fei, YAN Zhongping. ADS-B surveil- [17] ZHOU H Y, ZHANG S H, PENG J Q, et al. Informer:
lance application target tracking based on IMMKEF algorithm Beyond efficient transformer for long sequence time-series
[J]. Advances in Aeronautical Science and Engineering, forecasting[ J]. Proceedings of the AAAI Conference on Ar-
2024, 15(1): 182-190. (in Chinese) tificial Intelligence, 2021, 35(12): 11106-11115.

[11] Jifl, wmas, FICH, . BTk 22 W 2% f LSTM /Y (18] yilsts, W, Zaiks . B T3 J1 Seq2Seq B 2 Ay 4 3
TCATHGE BN [T ], AR T AR, 2023, 43(10): 42-46. DM 28 28 WLIE B [T, B R 5 L RR 2024, 24(9)
FANG Wei, TANG Miao, YAN Wenjun, et al. Flight tra- 3882-3895.
jectory prediction based on residual neural network and LU Tingting, LIU Bo, LI Chunzhu. Aircraft trajectory pre-
LSTM [J]. Ship Electronic Engineering, 2023, 43 (10) : diction within terminal area based on Seq2Seq-attention
42-46. (in Chinese) model [J]. Science Technology and Engineering, 2024, 24

[12] #irde, wIk &, R, 5. HT Bi-LSTM K AP (9): 3882-3895. (in Chinese)

TS A R (i EL[ 7], fizs TRERERE L 2020, 11(1): 77-84. [19] Bk, LAl —A B+ C-GRU ©ATHLR BN i [J].
YANG Rennong, YUE Longfei, SONG Min, et al. UVA T A, 2022, 45(10) : 87-92.

trajectory prediction model and simulation based on Bi- QIAN Lai, WANG Wei. A C-GRU based flight trajectory
LSTMI[J]. Advances in Aeronautical Science and Engineer- prediction method [J]. Electronic Measurement Technolo-
ing, 2020, 11(1): 77-84. (in Chinese) gy, 2022, 45(10): 87-92. (in Chinese)

[13] fLaA[E, DE U, 24, 5. —Ffh3E T o8k & Trans [20] YOON S, LEE K. Aircraft trajectory prediction with invert-
former (% 4D L3 00 7 k[T, R AR, 2024, 1-12. ed transformer[J]. IEEE Access, 2025, 13: 26318-26330.
KONG lJianguo, MA Kexin, LIANG Haijun, et al. A 4D [21] LIU Y, HU T, ZHANG H, et al. Itransformer: inverted
trajectory prediction method based on temporal fusion trans- transformers are effective for time series forecasting [J].
former[J]. Telecommunications Technology, 2024, 1-12. arXiv preprint arXiv:2310. 06625, 2023.

(in Chinese) [22] NIE Y, NGUYEN N H, SINTHONG P, KALAGNA-

[14] x0%, skagah, 5%, % . S F i Transformer £ 7 i) U NAM J. A time series is worth 64 words: Long-term fore-
e am I [T]. I 2 AR AR, 2024, 34(12) : T4- casting with transformers [J]. arXiv preprint arXiv: 2211.
83. 14730, 2022.
LIU Hong, ZHANG Xindi, LU Fei, et al. Research on 4D [23] VASWANI A. Attention is all you need [ C]// 31st Confer-
flight trajectory prediction based on improved Transformer ence on Neural Information Processing Systems. USA:
model [J]. China Safety Science Journal, 2024, 34 (12) : NeurIPS Proceedings , 2017: 30.
74-83. (in Chinese)

[15] R, HIOTh, R, % . T oCHH s S A4 (448 .0 8%)

2 T A5 A% 4D TR B (T]. ol = AR R, 2019, 10



