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Abstract

Lost circulation is characterized by abrupt occurrence, strong coupling with drilling operations, and
weak anomaly signals. Single-parameter threshold methods are therefore prone to false and missed

WESIH: 47, BIE, B8, RiEH. FEE IR MNP st D). 5l TFE, 2026, 14(5): 1265-1271.
DOI: 10.12677/me.2026.145125


https://www.hanspub.org/journal/me
https://doi.org/10.12677/me.2026.145125
https://doi.org/10.12677/me.2026.145125
https://www.hanspub.org/

7 %

alarms under operating-mode transitions, sensor noise, and missing data. This paper reviews the
application of recurrent neural networks (RNNs), long short-term memory networks (LSTMs), and
gated recurrent units (GRUSs) to lost circulation monitoring. The three architectures are compared
in terms of model complexity, short- and long-term dependency modeling, noise robustness, com-
putational cost, and scenario suitability. Key challenges in drilling time-series data, including noise
and drift, missing records, class imbalance, and feature engineering, are then discussed together
with commonly used solutions, such as filtering, interpolation, cost-sensitive learning, SMOTE, and
feature-importance analysis. An end-to-end implementation pathway is proposed, covering data ac-
quisition, edge preprocessing, standardized transmission, model inference, risk fusion, alarm de-
livery, and feedback-based model updating. The review indicates that RNNs are suitable for short
windows and low-compute applications, LSTMs provide stronger long-term memory at higher com-
putational cost, and GRUs offer a practical balance between accuracy and efficiency. Current studies
remain limited by small numbers of wells, inconsistent labels, insufficient well-wise validation, and
limited closed-loop field evaluation. Future work should emphasize multi-source data fusion, inde-
pendent cross-well testing, lightweight and interpretable models, and long-term field deployment.
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Table 1. Classification of lost circulation by loss rate
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Table 2. Classification of lost circulation by cause
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Figure 1. Schematic structure of recurrent neural network
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Figure 2. Schematic structure of long short-term memory network
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Figure 3. Schematic structure of gated recurrent unit
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Table 3. Comparison of RNN, LSTM and GRU for lost circulation monitoring
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