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Analysis of Wingtip Vortex Characteristics based on Time History
Data Using a Feature Recognition Model

ZHAO Kai-cheng, LI Chun, MIAO Wei-pao, YUE Min-nan

Abstract; Addressing the challenge of recognizing nonlinear and high-dimensional data features in tradi-
tional flow field feature extraction methods, we optimized the complete ensemble empirical mode decom-
position with adaptive noise (CEEMDAN) and fractal box dimension methods to decompose, filter, and
reconstruct time history data such as velocity, pressure and vorticity. By combining this approach with
deep learning, a wake feature recognition model was established to achieve reverse prediction of airfoil
characteristics and flow attack angles. The results demonstrate that when the training and test datasets are
derived from the same airfoil, the recognition accuracy of the proposed model to the flow attack angle can
reach up to 98. 8% ; when the data originates from different airfoils, the recognition accuracy can be as
high as 95.6% , verifying the accuracy, feasibility and generalizability of the proposed method.

Key words: wake, feature extraction, deep learning, fractal box dimension
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Fig. 1 Schematic diagram of four basic airfoil profiles
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Fig. 3 Computational domain and boundary condition
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Fig. 6 Flow feature recognition flowchart
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Fig. 7 Performance comparison of three optimizers
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