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Table 1 Statistical analysis table of shape
parameter variables
AR S,/m R, /m T./m T./m
e/ ME 8.04 18 6.1 1.02
iONI:1 9.94 19.54 6.98 2.94
SFHEIE 9.02 18.53 6.68 2.03
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Table 3 Comparison between drag coefficient C, prediction
error of different models

MSE MAE R?
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Research on Rapid Prediction Method of Aircraft Aerodynamics Based on
Ensemble Learning

Liu Zhe, Guo Chengpeng, Li Hongyan, Cui Rongfeng

Aviation Key Laboratory of Science and Technology on Aerodynamics of High Speed and High Reynolds Number,
AVIC Aerodynamics Research Institute, Shenyang 110034, China

Abstract: The demand for aerodynamic shape optimization efficiency in modern aircraft design is constantly increasing.
Traditional aerodynamic force acquisition methods such as the wind tunnel experiment or the CFD numerical simulation
have high costs and low efficiency. Exploring efficient aerodynamic force acquisition methods is of great significance in
reducing wind tunnel testing or numerical simulation costs and improving aircraft iterative design efficiency. A fast
prediction method for aircraft aerodynamics based on ensemble learning is proposed in this article. The linear regression
model, multi-layer perceptron model, and gradient boosting model are stacked to predict the aerodynamic force
coefficients of the flying wing layout drones with different wing span lengths, root chord ratios, and tip chord lengths at
different angles of attack. The results show that the established ensemble learning model can predict the aerodynamic
coefficients of aircraft quickly and accurately. The mean square errors of the lift and drag coefficients in the test sets are
0.208x10™* and 0.424x107°, respectively, with the mean absolute errors of 0.27x1072 and 0.1379x107?, the fitting degrees
of 0.9994976 and 0.9691, and a prediction time of 0.8s, which is only 1/4500 of the calculation time of the panel method,
which improves the efficiency of aircraft aerodynamic shape design effectively.

Key Words: aerodynamics; ensemble learning; quick prediction; Gradient Boosting model; stacking method
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