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Fault monitoring method for mining demineralization screens

based on imbalanced data

YANG Jun, LI Xuanhua,ZHANG Leiyun
(Baode Coal Mine of CHN Energy Shendong Coal Group Co. ,Lid. ,Xinzhou 036600, China)
Abstract ; Fault monitoring of mining equipment is crucial for enhancing the continuity and safety of coal mining operations. However, the
scarcity and difficulty in collecting fault data in actual industrial processes create imbalance issues, which hinder the practical application
of data—driven fault monitoring algorithms. This paper addresses the intra—class imbalance problem in real equipment fault monitoring by
proposing an enhanced weighted oversampling algorithm. The algorithm is based on Borderline=SMOTE, which uses the distribution of K-
nearest neighbor samples to perform weighted oversampling with borderline samples as the root samples. It utilizes LOF for the identifica-
tion of new outlier samples, thereby improving the accuracy of the generated samples. Experimental fault monitoring on an actual mining
demineralization screen demonstrates that the proposed method outperforms traditional oversampling approaches in terms of accuracy
and classification effectiveness.
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