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Robust modeling method for thermal error of CNC machine tools
based on partial least squares algorithm

Wei Xinyuan', Qian Muyun', Feng Xugang', Miao Enming’, Chen Yuchen'
(1. School of Electrical and Information Engineering, Anhui University of Technology, Ma'anshan 243032, China;
2. School of Mechanical Engineering, Chongqging University of Technology, Chongqing 400054, China)

Abstract ; Building prediction model to predict and compensate thermal error is a common method to solve the problem of thermal error of
machine tools. In this method, the prediction accuracy and robustness of the model are easily affected by the environmental temperature, so
a robust thermal error modeling algorithm based on partial least square method is proposed. Firstly, the correlation coefficient method is
used to screen the temperature sensitive points, and the partial least squares regression prediction model of thermal error is established.
Then, based on the multi batch thermal error experimental data under the annual ambient temperature, the optimal number of temperature
sensitive points is analyzed. Finally, the partial least squares regression model of thermal error is established and compared with the
ordinary multiple linear regression model. The results show that the average prediction accuracy of the proposed algorithm is 5.7 pm, and
the robustness of the model is 0.56 pm. Compared with the ordinary multiple linear regression algorithm, the prediction accuracy and
robustness are improved by 13. 8% and 49.5% respectively. It shows that the thermal error robust modeling algorithm proposed in this
paper can maintain high prediction accuracy and high robustness when the ambient temperature changes greatly.

Keywords : CNC machine tool ; thermal error; partial least squares; model robustness
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Fig.2 Displacement sensor distribution
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Table 1 Position and function of temperature sensor
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Table 2 Experimental parameters of each batch

Stk %pté%f% i%%;ﬁ - %?lea%f% Iﬁéﬂa%iﬁ

WEE/°C /(r-min™") WE/C /(r-min™")
K1 3.7 2 000 K7 14.6 2 000
K2 5.3 4000 K8 25.1 4 000
K3 6.2 6 000 K9 25.7 6 000
K4 10.6 2 000 K10 27.0 2 000
K5 12.9 4000 K11 29.2 4 000
K6 13.8 6 000 K12 31.6 6 000
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Fig.5 Thermal error curves in Z direction of all batches
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Table 3 Correlation coefficient calculation results of K1
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Fig.3 Temperature change curve of K1
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Table 4 Selection results of TMPs with correlation coefficient
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Table 5 Coefficients calculated results of PLS model

[T EEN
E11R/4
dO dl d2
K1 6.258 1.811 1.773
K2 14. 474 1. 633 1. 644
K11 6. 656 2.244 2.348
K12 14. 905 1.775 1. 850

3.3 S{E TMP NI

FF UL TMP BE£E I IR 25 PLS [l A5 A 4 37 11
R, N HEAFZE TMP ANE06 PLS (8] AR S5 5% 5 6 5%
Wi, MM A2 e TMP A5, JE 7 B I 22 PLS
EVEL TN

K (10) T TR R A PR IEZE S BEAE UG AL X B —
FEVR B A FOUIM 355 SR , i A 75 ek 45 1L R O B T % Ay
PR S (IS, REfE AR - e T A AL X 42
B 0 TN AAR, , R I T L P R 3 AE AR AR (1 00K B 5 S
BOARAERE S, D] ISz e 7 AR o JH Al At 0 500 193000 3k SR 1
W, R AT DL Sk R AR s fa vk, S, RIS, 1Y
TR AXW TR

A s, B (10) T RPN SR AR bR EZE K = 12
LGRS

G A5 A U R 22 SR Jdle, 1~ 10 A
TMP #5377 [l AR 22 PLS [AIJARAL, FfX08 HA At 8
PEREAT T o34 PO RE AR A P T 4 SR 2
A2, s 6 Fro

751

1B U A
56 TMP 406 PLS ARV FUIN AR A4 5%
Fig. 6 Influence of the number of TMPs on the prediction
effect of the PLS model
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Table 6 Selection results of TMPs using FCGR algorithm
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Table 7 Coefficients calculated results of MLR model
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Fig. 7 Prediction results of PLS model
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Fig. 8 Prediction results of MLR model
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