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Abstract

Well bore leakage remains one of the most common and hazardous incidents in drilling operations.
Traditional early warning methods relying on empirical data and single-parameter thresholds ex-
hibit limitations such as low accuracy and delayed response. With advancements in drilling data
acquisition capabilities, machine learning technologies—particularly their robust nonlinear map-
ping and multi-parameter fusion capabilities—have provided innovative technical approaches for
intelligent well bore leakage prediction. This paper systematically reviews research progress in ma-
chine learning applications for leakage prediction, focusing on traditional models including random
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forests, support vector machines, and gradient boosting trees, as well as deep learning models such
as BP neural networks and long short-term memory networks. By reviewing relevant studies at
home and abroad, the main development processes and achievements of current research are sum-
marized, and future development trends such as multi-source data fusion and real-time intelligent
early warning platforms are prospected and analyzed.
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T 3.5m, FEZLAEVEIE TS B IA R 89.7%, W AREIRAE LSRR HE R ALK HE[6].

3) B ZHETHH (XGBoost/LightGBM)

BEEESETEW TNRE FE . IR R, SCREAT U, BB M S 8 I S 8 S IR 2 R AR
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