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A fault diagnosis method for coal mills based on Bayesian network under
imbalanced data conditions

ZHANG Tao?, SHAO Yi!, LIU Leyuan?, HAO Xin!, HU Shaoyu?
(1.Liaoning Dongke Electric Power Co., Ltd., Shenyang 110179, China;
2.College of Information Science and Engineering, Northeastern University, Shenyang 110819, China)

Abstract: To address the challenges of low diagnostic accuracy and poor interpretability for minority fault classes
caused by imbalanced data distribution in coal mill pulverizing systems of coal-fired power plants, a fault diagnosis
method integrating SMOTE data enhancement, Dirichlet prior smoothing, and Bayesian networks is proposed. The
SMOTE technology expands the feature space of minority fault samples to alleviate data scarcity, while Dirichlet
prior smoothing optimizes conditional probability estimation in Bayesian networks, resolving zero-probability
issues caused by insufficient samples. A hierarchical Bayesian network architecture is constructed by incorporating
domain knowledge and data-driven structure learning, enabling a dual-mode diagnosis strategy that combines rapid
fault node inference with indirect attribute node analysis. The experimental results based on real industrial data
demonstrate that the proposed method achieves high diagnostic accuracy and interpretability under imbalanced data
scenarios. The solution provides real-time performance, precision, and transparency for coal mill fault diagnosis,
offering significant engineering value.
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Fig.1 Schematic diagram of forming samples using SMOTE
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Fig.2 Flowchart of fault diagnosis method for unbalanced data based on Bayesian network
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Fig.3 Structural diagram of Bayesian network
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Fig.4 Schematic diagram of a simplified coal pulverizing
process
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Tab.1 Fault types and descriptions of coal mills
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Fig.5 fault-attribute matrix of the coal pulverizing process
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