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Fig.1 Geometric shape graph of the missile
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Table 1 Comparison of residual evaluation results of
lifting coefficient predicted by Boosting methods

VRIS MAE MSE RMSE

XGBoost 0.062709 0.009083 0.095305

LightGBM 0.059558 0.007199 0.084847

Adaboost 0.557763 0.447755 0.669145

Gradient Boosting 0.123665 0.029977 0.173139

Gradient Boosting ({/L)5 ) 0.055799 0.006328 0.079549

M 2 Boosting J5 ¥ 5 BHL 1 28 i) He 4 SR BB A5 15
AR TP AR A 458 . % TR0 R 8 DU e /Y
Gradient Boosting 1 £ % B #) = 5L 41 & M (learning_rate=
0.09276, max_depth=4, n_estimators=475, min_samples_split =
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Table 2 Comparison between residual evaluation results of
drag coefficient predicted by Boosting methods

ik MAE MSE RMSE
XGBoost 0.025232 0.001764 0.042000
LightGBM 0.023265 0.001421 0.037696
Adaboost 0.278277 0.123115 0.350878
Gradient Boosting 0.052230 0.007085 0.084172
Gradient Boosting({4L)5 ) 0.022751 0.001326 0.036414
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Fig.2 Comparison between the fitting result of C, by using

Gradient Boosting before and after Bayesian optimization
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Fig.3 Comparison of the fitting result of C, by using Gradient

Boosting before and after Bayesian optimization
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Fig.4 Comparison between residuals in C, predictions by Gradient

Boosting before and after Bayesian optimization
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Fig.5 Comparison between residuals in C,, predictions by Gradient

Boosting before and after Bayesian optimization
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Prediction of Missile Aerodynamic Data Based on Gradient Boosting under
Bayesian Hyperparametric Optimization

Cui Rongfeng, Ma Hai, Guo Chengpeng, Li Hongyan, Liu Zhe

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

Abstract: In the initial stage of missile design, the aerodynamic characteristics of missiles need to be quickly and
preliminarily evaluated. When analyzing the aerodynamic performance of missiles, the traditional engineering method
has the problem of high experiment costs and the long experiment period. Meanwhile, the CFD method is also difficult
to calculate due to its complex calculation process, and the calculation cost is high. Therefore, this paper applys the
method of missile aerodynamic data prediction based on several Boosting methods in machine learning. By inputting
aerodynamic shape, mach number, and angle of attack data of the missile, the lift coefficient and drag coefficient are
quickly predicted. The result shows that Boosting method can predict the aerodynamic coefficients of missiles
accurately. In order to further improve the prediction accuracy, compared with other traditional hyperatameter
selection methods, Bayesian Hyperparameter Optimization method as an automatic hyperatameter selection method
is used to optimize the parameters of the Gradient Boosting algorithm, and it turns out that the predicted value is
much closer to the actual value. Finally, the Gradient Boosting method under Bayesian Optimization is compared with
XGBoost, LightGBM and Adaboost methods, and the Gradient Boosting method under Bayesian Optimization is more
accurate than other Boosting methods, which proves the feasibility and effectiveness.
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