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A study on the Generation Method of Aircraft Wing Flexure Data
Using Generative Adversarial Networks
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[Abstract]

The accurate wing flexure model is required to improve the transfer alignment performance of guided weapon system mounted
on a wing of fighter aircraft or armed helicopter. In order to solve this problem, mechanical or stochastical modeling methods
have been studying, but modeling accuracy is too low to be applied to weapon systems. The deep learning techniques that have
been studying recently are suitable for nonlinear. However, operating fighter aircraft for deep-learning modeling to secure a large
amount of data is practically difficult. In this paper, it was used to generate amount of flexure data samples that are similar to
the actual flexure data. And it was confirmed that generated data is similar to the actual data by utilizing “measures of similarity”
which measures how much alike the two data objects are.
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Fig. 1. The position of vibration sensor mounted on the

helicopter for verifying the wing flexure motion
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Fig. 2. The frequency analysis result of the sensor data

from the helicopter
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