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Thermal Error Modeling of Spindle for Precision CNC Machine Tool

Based on AO-CNN

LI Guolong, CHEN Xiaoyong, LI Zheyu, XU Kai, TANG Xiaodong, WANG Zhiyuan

(State Key Laboratory of Mechanical Transmission. Chongqing University, Chongqing 400044, China)

Abstract: To accurately predict the thermal error of the spindle of a CNC machine tool and avoid
serious impacts of such thermal error on gear machining accuracy, a thermal error model of
grinding machine spindle based on AO-CNN is proposed by combining the convolutional neural
network (CNN) with strong self-learning and self-adaptive abilities and the aquila optimizer
(AO) with strong ability to solve the optimal solution. Firstly, the thermal deformation principle
of the spindle and the grinding process were analyzed, and it is found that the thermal error in X
direction is the main factor affecting the machining accuracy. Then, the key temperature points
were selected by use of the fuzzy C-means clustering (FCM) algorithm with relevant coefficients.
The convolution kernel of CNN structure was optimized by AQO algorithm and the X-direction
thermal error prediction model was established for the spindle of the CNC machine tool based on
AO-CNN. Finally, the performance of the model was verified under two experimental conditions
at different speeds. And the results show that the thermal error prediction accuracy of AO-CNN
model in X direction of the CNC machine tool improved by 15 % compared with the CNN model

providing superior prediction accuracy.
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Fig. 1 Schematic diagram of spindle thermal deformation
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Fig. 2 Schematic diagram of thermal error of gear grinding
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Fig. 3 The position of the cutting point changes after

the grinding wheel moves in the X-direction
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Fig. 4 Structure of CNN neural network model
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Table 3 Correlation between different temperature measure-

ment points and thermal error

5 52 00 453 LIENEN 5 52 00 455 LB
T1 —0.774 9 T7 —0.292 0
T2 —0.795 5 T8 —0.441 0
T3 —0.8216 T9 —0.420 1
T4 —0.727 4 T10 —0.764 3
T5 —0.336 7 T11 —0.608 5
T6 —0.678 6

4.2 AO-CNN EE#R
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H(x) = max(0,x) (15)
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Fig. 14 Minimum loss value curve
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Fig. 15 Thermal error prediction curves and residual curves at

S, =3 750 r/min
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Fig. 16 Thermal error prediction curves and residual curves

at S; =4 500 r/min

A4 REAEE AR k6 RMSE
Table 4 RMSE values of different models at different speeds
s ¥iormd o ¥y Pl PR
FNIR £
. W21 WE 2 IR REMIE
- /pm Jpm %/ um L/ %
MLR 7.455 10. 310 8.882 5 58
GA-BP 5.863 8. 699 7.2810 49
CNN 3. 860 4. 866 4.363 0 15
AO-CNN 3. 349 4.030 3.689 5
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