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Abstract

Recently, corrosion of pipes has become serious due to aging of power plants and plant facilities, which causes
social and economic problems. Conventionally, leaks have been detected using various signal processing techniques
such as autocorrelation and cross-correlation functions. However, these approaches encounter a challenge when noise
is present in the collected data, as the intensity of the leak signal is weakened, making it difficult to accurately
identify low-level leaks. In addition, since it is difficult to collect actual leak state data, this paper implements
unsupervised learning models using autoencoder-based six different structures and proposes two leak detection
approaches using them. As a result of the study, the model based on the structure of a fully connected neural
network, which showed excellent signal restoration performance, also provided excellent leak discrimination
performance in the first approach. Meanwhile, in the second approach, the deep neural network structure-based model
showed the best performance experimentally.
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