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Research on wind field prediction model in aerospace transition

zone based on height-aware neural operator

WU Yang, LIAO Qixiang”, SHENG Zheng
(College of Meteorology and Oceanography, National University of Defense Technology, Changsha 410073, China)

Abstract: To address the issues of low computational efficiency and insufficient modeling of multi-altitude physical
characteristics in traditional numerical prediction methods for the aerospace transition zone, a HAFNO (height-aware Fourier
neural operator) model was proposed. A height-aware weighting mechanism was introduced to adaptively distinguish physical
features across different altitude layers while maintaining O(n log n) computational complexity. Additionally, a multi-altitude
coupled preprocessing framework and an adaptive loss function incorporating spatial gradient constraints were constructed.
Experimental results based on MERRA-2 data demonstrate that HAFNO outperforms benchmark models such as ConvLSTM
and DeepONet in the 50~70 km altitude range. The average RMSE (root mean square error) is reduced by 12.8% compared to
the standard FNO, with a maximum correlation coefficient of 0.994, providing an efficient deep learning technical approach for
environmental forecasting in the aerospace transition zone.
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Tab.1 Algorithm characteristics and parameter settings

comparison of baseline models
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Fig.1 HAFNO multi-altitude layer wind field prediction

framework flowchart.
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2041 (World Meteorological Organization, WMO)
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1) HJ5HRIEZ (root mean square error, RMSE)

Ruse = 1,%2(% - 9i)2 (27)
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i=1

3) R i AH & &R % ( pearson correlation
coefficient, R)
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4) PE 2% (coefficient of determination, R?)
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Tab.2 Prediction performance comparison of different

models at each altitude layer

A EEEEKm RMSE  MAE Corr R=Z
/(mls) I(mls)

50 2065 1572 0.994 0.988

HAFNO 60 3.001 2274 0.990 0.980

70 4975 3837 0973 0.947

50 2250 1726  0.993 0.985

FNO 60 3.242 2474 0.988 0.976

70 5356  4.153  0.969 0.938

50 2.531 1921 0.990 0.981

ConvLSTM 60 3632 2780 0985 0.970

70 5777 4483 0964 0.929

50 2622 1984 0.990 0.979

ConvGRU 60 3374 2843 0984 0.968

70 5819 4506 0.963 0.928

50 6.352 4478  0.944 0.882

DeepONet 60 7403 5336 0.940 0.877

70 8.856  6.788  0.914 0.831
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m/s, #H5< R 514 0.994, i R ER? 1451 0.988.
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Fig.2 Wind field prediction results of HAFNO at altitude layers of 50-70km
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Kl 3 &MU AE 50-70km ra £ 2 TR0 L RE S ]
Fig.3 Scatter plot of prediction performance of each model at an altitude of 50-70km
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(a) Normalized performance radar chart comparison of
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(b) Comprehensive performance evaluation bar chart of
all models
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Fig.4 Comprehensive performance comparison analysis
of models.
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