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Deep Learning Prediction for Thermal Error of CNC Machine Tools Based on Attention Mechanism
DU Liuging, LI Renjie, LI Baochuan
(College of Mechanical Eng., Chongqing Univ. of Technol., Chongqing 400054, China)
Abstract: Thermal error prediction and compensation of CNC machine tools is an important technology to improve the machining accuracy and
reliability of CNC machine tools. The thermal error of machine tool is time-varying and nonlinear. To improve the accuracy and robustness of
thermal error prediction, a numerical control machine tool thermal error prediction model based on attention mechanism and deep learning net-
work was proposed. Using the data conversion strategy, the original temperature data of CNC machine tool was transformed into temperature im-
age, which could be directly used as the input of deep learning network. The complete information of the temperature field of the machine tool
was retained by converting the temperature field data into the temperature image points. At the same time, the nonlinear and coupling problems
between the temperature measuring points were avoided by using the deep learning modeling method. A recognition network of temperature sens-
itive points based on attention mechanism was proposed. According to the correlation degree between temperature measuring points and thermal
error, different weights were given to each temperature measuring point to avoid the disadvantages of artificial selection of temperature measur-
ing points. A 12—layer deep CNN learning prediction network was established to mine the nonlinear mapping relationship between temperature
image and thermal error by using its powerful image feature learning ability. This method does not need to preselect the key temperature points,
retained more relationship between thermal error and machine temperature characteristics, and can significantly improve the prediction accuracy
of the model. In order to improve the accuracy and generalization ability of thermal error model, dropout regularization method and Adam optim-
ization algorithm were introduced to optimize the structure and parameters of deep convolution neural network. The method shows high predic-

tion accuracy in the thermal error verification of G460L CNC lathe. Compared with the thermal error models based on BP neural network, mul-
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tiple regression and CNN network, the proposed method performs better in generalization performance.

Key words: temperature measuring points; convolutional neural network; thermal error of machine tool; deep learning
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Fig.1 Thermal error modeling of CNN based on atten-
tion mechanism
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Fig. 2 Schematic diagram of temperature field conversion
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Tab.3 Acquisition of G460L’s temperature data
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Tab.5 Prediction indexes of each model in Kg data set
i MAE/um  MSE/um’ Ry R
BP 3.6336 15.1650 0.4820 0.9149
CNN 2.4805 10.0745 0.3982 0.9435
AM-CNN 2.1750 7.2570 0.3729 0.9530
MLR 2.0725 7.1256 0.3597 0.9498
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Tab.6 Prediction index of each model in K3 data set

A MAE/um  MSE/um’ Ry R
BP 2.6542 11.9468 05714 09149
CNN 5.1075 28.8209 03435  0.8617
AM-CNN 1.8460 5.2004 03226 09749
MLR 1.5421 2.8458 03241 09621
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Tab.7 Prediction index of each model in K,; data set
] MAE/um  MSE/um’ Ry R
BP 6.0818 64.3564 0.4014 0.7178
CNN 5.8238 41.2494 0.3435 0.8191
AM-CNN 5.9896 49.1229 0.4012 0.8950
MLR 6.1001 46.9125 0.4105 0.8846
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