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Anomaly detection method in Managed Pressure Drilling based on LSTM-AE
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(1 Engineering Technology Research Institute of CNPC Western Drilling Engineering Co. , Ltd. , Karamay 834000,
Xinjiang, China; 2 School of Computer Science, Xi’an Shiyou University, Xi’an 710065, China)

Abstract; Anomaly detection is a core component of safe Managed Pressure Drilling operations; it can capture early signs of
incidents such as kicks and losses, providing lead time for emergency response and accident prevention. However, traditional
anomaly detection methods suffer from low model accuracy, poor adaptability, and a heavy reliance on labeled anomaly data.
Therefore, this paper proposes an MPD anomaly detection method that combines Long Short—Term Memory (LSTM) networks and
an AutoEncoder ( AE). Firstly, key drilling parameters are extracted and used to construct time—windowed sequence data, which
are split into training and validation sets containing only normal operating data, and a test set that contains anomalies. An LSTM-
AE model is then trained on the normal data. the encoder extracts temporal features and compresses them into a latent space, and the
decoder reconstructs the original sequences to obtain reconstruction errors. The 99" percentile of the training reconstruction errors is
chosen as the threshold for anomaly detection; sequences in the test set whose reconstruction error exceeds this threshold are labeled
as anomalies. Experimental results show precision, recall, F1 score, and accuracy of 90. 62% , 97. 11%, 93.33%, and 95. 38%,
respectively, indicating that the method can provide highly reliable risk warnings for complex drilling environments.
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Fig. 4 Anomaly detection process of Managed Pressure Drilling
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