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Predictive maintenance based on vibration signals bearing in manufacturing

process using machine learning

Weerachit Tungsiriwattanawong " and Chantri Polprasert '

Abstract

In this paper, we investigate the performance of machine learning models in predictive maintenance
problem. Vibration data (time-domain features) collected from accelerometers attached to bearings is used by
the machine learning model to predict 3 types of bearings’ failure including, inner, outer and roller failure. Our
proposed system extracts 12 simple statistical measures such as mean, peak-to-peak and root-mean-square
(RMS) values of the vibration signals and use them as input features to the machine learning models. We test
the performance of our proposed system on the Intelligent Maintenance Systems (IMS) dataset. Our proposed
system employing Support Vector Machine , KNN , Random Forest and Extreme Gradient Boosting model
yields the best performance which can detect inner, outer and roller failure with precision equal to 78.6% 91.28%
Lae 82.98% respectively. RMS, Peak-to-peak and Clearance are three most important features with feature

importance equal to 0.46, 0.14 and 0.13, respectively.

Keyword : Vibration , bearings’ failure , machine learning
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