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Abstract: The power sensor was used to monitor machine
processing power which was more practical and of no influence
on the cutting process in comparison with conventional
sensors such as force and AE. For the collected power signal,
based on the analysis of signal features, a Re-processing
Sparse Bayesian Learning (RP-SBL) with Non-dominated

RS HE: 2016-03—22

Sorting Genetic Algorithm JI (NSGA-II) approach was
proposed to achieve the tool wear prediction. First, the
features re-processing was applied to eliminating impacts
caused by power fluctuation and other casual factors, and the
sensitivity of tool wears enhanced. Then, the tool wear was
predicted by Sparse Bayesian Learning based on the re-
processed features. Finally, the parameter of Sparse Bayesian
Learning was also optimized by NSGA-II to improve the
prediction accuracy. The experimental results on a milling
machine tool show the effectiveness in predicting the tools
wear by the proposed approach. A comparative study of
different methods shows feature sensitivity enhancement of
the tool wear by feature re-processing ensures its prediction
accuracy; Prediction accuracy can be further improved and the
maximum of the prediction error can be minimized through
the optimization of SBL with NSGA-II.

Key words: tool wear; prediction; feature re-processing;
Sparse Bayesian Learning; Non-dominated Sorting Genetic
Algorithm II(NSGA-ID
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Fig.2 AVG-RMS curves under the constant cutting

parameters
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Tab.1 The original data of tool wear and power of AVG-RMS curve in Fig.2
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Tab.2 The cutting parameters
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Fig.4 The RMS value of one single pass
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Fig.5 The wear-measurement of flank surface of

cutting tools
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Fig.6 The features after the isotonic regression
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Tab.3 The analysis results of 3 prediction approaches
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