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Abstract: To improve industrial production efficiency and safety, a machine learning based fault prediction method for

industrial machinery and equipment is studied. Firstly, the Spearman rank correlation coefficient is used to analyze the correlation

between fault features of industrial machinery equipment, and redundant features are filtered; Then, the random forest algorithm is

used to screen the three core features that affect the faults of industrial machinery and equipment; Finally, based on machine learning

algorithms such as logistic regression, naive Bayes, XGBoost, and decision tree, a fault prediction model and a fault type prediction

model for industrial machinery equipment are established. Through experimental verification, the industrial machinery equipment fault

prediction model constructed based on XGBoost algorithm and the industrial machinery equipment fault type prediction model trained

from decision trees have high accuracy. This method has practical application value and can effectively predict the fault types of

different industrial machinery and equipment, providing technical support for industrial safety production.
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