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Damage Localization of Bridges with Variational Autoencoder

ABSTRACT

Most deep learning (DL) approaches for bridge damage localization based on a structural health monitoring system commonly use
supervised learning-based DL models. The supervised learning-based DL model requires the response data obtained from sensors on
the bridge and also the label which indicates the damaged state of the bridge. However, it is impractical to accurately obtain the label
data in fields, thus, the supervised learning-based DL model has a limitation in that it is not easily applicable in practice. On the other
hand, an unsupervised learning-based DL model has the merit of being able to train without label data. Considering this advantage, this
study aims to propose and theoretically validate a damage localization approach for bridges using a variational autoencoder, a
representative unsupervised learning-based DL network: as a result, this study indicated the feasibility of VAE for damage localization.
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Fig. 2. Latent Variables of Autoencoder and Variational Autoencoder
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