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Abstract

This paper studies the prediction of machine failures using machine learning algorithms. The au-
thor utilized sensor data from the whale community, including features such as footfall, tempMode,
AQ, USS, CS, VOC, RP, IP, Temperature, and fail. Using these data, three machine learning models,
namely XGBoost, Random Forest and KNN, were respectively constructed for fault prediction, and
their performances were compared. The experimental resultss show that the XGBoost model
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performs best in terms of indicators such as AUC and accuracy rate. The AUC value is 0.9721 and the
accuracy rate is 0.9120. Machine failure prediction is of great significance in industrial production,
which can reduce equipment downtime and improve production efficiency. The research results of
this paper can provide enterprises with effective machine fault prediction methods and have cer-
tain practical application value.
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Figure 1. XGBoost confusion matrix
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Figure 2. Random forest confusion matrix
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Figure 3. KNN confusion matrix
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Table 1. Comparison of model results

=1 EBERER

AUC TR S Fa Pt F1 54

XGBoost 0.9721 0.9120 0.8696 0.9091 0.8889
RF 0.9614 0.9085 0.8889 0.8727 0.8807
KNN 0.8124 0.7852 0.8101 0.5818 0.6772
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