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Anomaly Detection Model for Pressure Vessels Based on
Acoustic Emission Signals

XIE Zungiang', CHEN Shuangye*, LIU Mingzhu?
(1. Shandong Hualu Pharmaceutical Co. , Ltd. , Liaocheng 252100, China;
2. School of Information Science and Technology, Beijing University of Technology, Beijing 100124, China)

Abstract; Conventional monitoring and anomaly detection methods for pressure vessels have the characteristics of poor
accuracy and time-consuming processing for complex acoustic emission signals. In order to solve these problems, a self-en-
coder model AENet based on convolutional neural network (CNN) and long short-term memory (LSTM) is proposed, which
replaces the linear structure in the self-encoder network with a ResNet structure, thus significantly improving the accuracy
and detection precision of anomaly detection. Specifically, the model extracts the local spatial features of acoustic emission
signals through the CNN, combines with the LSTM to capture the short-term and long-term dependencies of time series, re-
constructs original time-domain signals, and determines the existence of anomalous signals by calculating the error between
the reconstructed signals and the input signals. After experimental testing, the model achieves an accuracy of 93. 58 % in de-
tecting pressure vessel leakage. The AENet has notable advantages over the traditional self-encoders, variational self-en-
coders and other deep learning-based self-encoder models in capturing the features of complex time-series signals, which sig-
nificantly reduces the phenomena of false and missed alarms. This provides a reliable guarantee for the safety monitoring of
pressure vessels and meets the practical needs in industrial engineering applications.

Keywords: acoustic emission; anomaly detection; CNN; LSTM; auto encoder; ResNet
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