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Abstract: The common surrogate models used in aerodynamic optimization are mostly established based on em-
pirical risk minimization, There are two problems in this method. Firstly, the precision of prediction is highly
dependent on sample population size, however the computational cost is large. Secondly, the over fitting prob-
lem cannot be avoided due to reducing training error blindly. In order to solve the problems, the idea of building
a surrogate model based on the principle of structural risk minimization with support vector regression(SVR) is
proposed. An aerodynamic optimization is done for a transport’ s wing based on SVR surrogate model. The
method has better generalization ability and can avoid the complexity for high dimension problem, which is
proved by comparing with other surrogate model in case of less samples. It indicates that the surrogate model by
SVR method can predict the aerodynamic characteristics quickly and accurately, the efficiency of the aerodynam-
ic optimization can be improved, and the optimal results are reliable and controllable,
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Table 1 The approximate precision of Kriging and SVR surrogate mode for test functions

REE
WA B R E Kriging # £ SVR & #
30 M HEA 50 A 100 ~HE3 30 M HEA 50 M HEA 100 fHE3
AAE 14. 930 266 14.632 734 14.032 592 14.679 241 14.621 576 14.132 146
ARE 5. 059 087 2.810 209 2.177 772 3.041 227 2.804 513 2.238 441
Levy No. 5 RMSE  24.433 045 24,489 910  23.167 047  23.946 382 23.875 236  23.209 652
MAE 69.427 021 65. 389 868 63.165 154 65.748 554 64. 215 433 63. 239 462
R? 0. 418 230 0.461 677 0.744 208 0. 436 464 0.477635 0.729 125
AAE  200127.0822 171798.437 6 129 783.8532 199 763.1152 171 022.628 8 138 207.075 4
ARE 0. 723 390 0.601 222 0.391 427 0. 658 827 0. 612 080 0. 402 761

Dixon and Price RMSE  250565.999 6 215 170.126 6 165 431.510 1 229 943.001 6 227 634.065 1 171 604.058 2
MAE 611 370.794 3 380 694.922 2 274 568.248 3 581 613.143 4 402 747.045 2 286 809.477 7

R? 0.412 954 0.449 972 0.452 377 0. 435 028 0. 451 275 0.454 142
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Rastrigin RMSE 10. 481 517 10. 088 970 8.335 922 9. 670 229 9. 447 569 8.748 024
MAE 20. 280 397 19. 879 960 18. 409 629 18.656 056 18.533 203 18.920 631
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0

ARE 0. 690 890 0. 285946 0. 000 575 0.628 561 0. 302 510 0.000 593
0
1

Rosenbrock RMSE 392. 725 159 120. 145 704 . 639 282 353.894 524 127.105 261 0.667 469
MAE 579.317 143 192,235 603 . 369 388 541.164 844 203.371 037 1.401 832
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R? 0.797 594 0.816 982 0. 830 461 0. 802 168 0.821 714 0.826 497
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------- - Kriging
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Table 3 The approximation precision of surrogate

model with 50 training samples
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