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Research on Fault Diagnosis of Mining Excavator Engine Based on IWOA-LightGBM Model
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Abstract: Aiming at the problem of low fault diagnosis accuracy caused by unbalanced fault categories of mining excavator
engine, an intelligent fault diagnosis method of mining excavator engine based on improved whale optimization algorithm
(WOA) to optimize light gradient boosting machine (LightGBM) was proposed. Firstly, the recursive feature cross-validation
elimination method (RFECV) was used to extract the features of the fault data of collected excavator engine, and the irrelevant
features were deleted. Secondly, Focal-Loss was used to improve the loss function of LightGBM, and an improved WOA was
proposed to optimize the hyperparameters of LightGBM, and a new diagnostic model was constructed. Finally, the engine fault
data of a mine excavator was used for verification, and compared with common integrated models, tuning frameworks and
diagnostic algorithms. The results show that the accuracy and F1 score of the proposed mining excavator engine fault diagnosis
model IWOA-LightGBM are 98.08% and 98.53% respectively, and the diagnostic performance is good, which can provide
reference for the intelligent diagnosis of mining machinery and equipment.
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