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Prediction of wing aerodynamic coefficient based on CNN
LYU Zhaoyang"*, NIE Xueyuan">", ZHAO Aobo"’

(1. Institute of Mechanics, Chinese Academy of Sciences, Beijing 100190, China;
2. School of Engineering Science, University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: With the rapid development of machine learning and its outstanding nonlinear mapping ability, more
and more scholars apply machine learning methods to the field of fluid mechanics. To overcome the obstacle that the
traditional mathematical fitting cannot well present the system nonlinearity and the inconvenience of some neural
network-based aerodynamic parameter prediction methods due to the need of parametric processing, and to achieve
the multi-variable and multi-output aerodynamic parameters, this paper establishes a multi-variable and multi-output
model based on convolutional neural network considering the variable angle of attack and the heave of the wing to
realize the rapid prediction of the aerodynamic coefficient of the wing. The results show that this model has high
prediction accuracy and its computational efficiency is 40 times higher than computational fluid dynamics (CFD).
Moreover, the designed stability experiment results show that the proposed model has good stability.

Keywords: convolutional neural network; machine learning; prediction of aerodynamic parameters; pneumatic

order reduction; deep learning

Received: 2021-05-27; Accepted: 2021-07-09; Published Online: 2021-08-16 16: 44
URL: kns.cnki.net/kems/detail/11.2625.V.20210816.1551.002.html

* Corresponding author. E-mail: niexueyuan@imech.ac.cn



