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Research on the thermal accuracy modeling method driven
by data mechanism for machine tool spindle

Wei Xinyuan, Qian Zigiang, Wu Qiuyuan, Qian Muyun,Zhou Jinghuan
(School of Electrical and Information Engineering, Anhui University of Technology, Ma'anshan 243032, China)

Abstract: The thermal accuracy of the spindle is the main reason for the decline of precision CNC machine tools. The traditional data-
driven thermal accuracy modeling method emphasizes the optimization of modeling algorithms and ignores the analysis of thermal accuracy
characteristics, resulting in low robustness, poor interpretation, and complex model structure. In this regard, the thermal accuracy
characteristics of the spindle are analyzed from the perspective of data mechanism, and a thermal accuracy modeling method is proposed.
Temperature-sensitive points (TSPs) need to be selected before thermal accuracy modeling, and the LASSO algorithm is used to realize
the adaptive TSPs selection. Based on quantile regression analysis, it is proved that the TSPs have double variability, and the compound
quantile regression algorithm is used to improve modeling accuracy. The variable operating conditions tend to reduce the generalization
ability of the model. The L2 regularization algorithm is used to improve the robustness of the model. Therefore, the thermal precision
modeling method of spindles based on composite quantile regression and elastic network regularization is proposed. The experiments show
that the thermal error of the machine tool after compensation using the proposed modeling method fluctuates within +2 pm, an increase of
93.3% compared to before compensation. The proposed modeling method has advantages in prediction accuracy, robustness,
adaptability, and interpretation.

Keywords : spindle of the machine tool; thermal accuracy; data mechanism; robustness
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Table 1 Experimental conditions for 15 batches
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R/ C /rpm L/ C /rpm

K1 3.7 2 000 K9 14.6 6 000
K2 4.4 4 000 K10 23.7 2 000
K3 6.2 6 000 K11 27.0 4000
K4 10.6 2 000 K12 24.5 6 000
K5 9.3 4 000 K13 29.1 2 000
K6 10.9 6 000 K14 29.2 4000
K7 13.0 2 000 KI5 33.1 6 000
K8 14. 4 4 000
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Table 5 Comparison results of the advantages of the proposed modeling algorithm
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Fig.9 Thermal error curves of the spindle after compensation
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