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ABSTRACT: Maintenance of aging structures has attracted societal attention. Maintenance of the aging structure can be efficiently
performed with a digital twin. In order to maintain the structure based on the digital twin, it is required to accurately detect the damage
of the structure. Meanwhile, deep learning-based damage detection approaches have shown good performance for detecting damage of
structures. However, in order to develop such deep learning-based damage detection approaches, it is necessary to use a large number
of data before and after damage, but there is a problem that the amount of data before and after the damage is unbalanced in reality.
In order to solve this problem, this study proposed a method based on Generative adversarial network, one of Generative Model, for
generating acceleration data usually used for damage detection approaches. As results, it is confirmed that the acceleration data generated
by the GAN has a very similar pattern to the acceleration generated by the simulation with structural analysis software. These results show
that not only the pattern of the macroscopic data but also the frequency domain of the acceleration data can be reproduced. Therefore,
these findings show that the GAN model can analyze complex acceleration data on its own, and it is thought that this data can help
training of the deep learning-based damage detection approaches.
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Figure 1. General architecture of a generative adversarial network
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Figure 3. PSC—I model for simulation and the position of the
accelerometer
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Figure 6. Comparisons between acceleration data from simulation and acceleration data from generative adversarial network
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