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Inverse design method of airfoil based on deep learning

HE Lei, QIAN Weiqi, LIU Tao, ZHANG Xiancai, DONG Kangsheng

(Computational Aerodynamics Institute,

China Aerodynamics Research and Development Center, Mianyang Sichuan 621000, China)

Abstract: An inverse design method of airfoil based on deep learning was proposed, and
the pressure distribution image and airfoil curve were taken as the learning objects to build
the prediction model. It can obtain the airfoil curve by using convolutional neural network to
extract geometric features from pressure distribution image, while avoiding the time-consu-
ming process of traditional numerical calculation method. In the test case, 6 000 samples of
pressure distribution images and airfoil curves were used to train the prediction model, and
the other 561 samples were used for validation with validation time only 6. 7s. The average
relative error between the predicted and CFD results was 0.55%. In the comparison test,
noise was added to the pressure distribution curve and the output layer size was changed to
further validate the performance of the model. The results show that the proposed inverse
design method of airfoil has strong robustness and prediction accuracy. The method can
greatly reduce the computation time and improve the design efficiency of airfoil with satisfac-

tory design accuracy.
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Fig. 1 Structure diagram of airfoil inverse design model based on CNN
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Table 1 Airfoil prediction error of test case 1

LAY JON. e/ %
a 0.0003149 0.691
b 0.000219 0.579
c 0.0002973 0.769
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Table 2 Airfoil prediction error of test case 2

A O, e/ %
a 0.0004427 1. 107
b 0.000478 1.123
c 0.0004525 1.177
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Fig. 10  Airfoil prediction of test case 3
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Table 3  Airfoil prediction error of test case 3

HA Eoe e/ %
a 0.0002581 0. 508
b 0.0001855 0.415
c 0.0002581 0.576
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Table 4 Performance comparison of test case 1—3

T it a] /s 6.7 7.9 6.6
Epme /1077 0.2453 0.4577 0.2812
e/ % 0.55 0.953 0.586
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