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Research on Developing Technology of Five-Axis Additive-Subtractive
Hybrid Machining Center

KONG Liuwei, WANG Zhenzhong, YE Chao, HOU Liang

(School of Aerospace Engineering, Xiamen University, Xiamen 361102, China)

[ABSTRACT] In order to realize the compound process of rapid forming and high precision milling for complex pieces,
our assignment group developed a five-axis additive-subtractive hybrid machining center. Based on the five-axis additive-
subtractive hybrid machining center, the developing process and integrating control principles are expounded, and the
control method of total precision is analyzed. Furthermore, the relevant experiments were carried out. The tapered bench
specimens in the acceptance criteria of aerospace engineering impeller and five-axis machine tool are used for material
subtraction trial manufacturing. We carried out some additive manufacturing experiments for the impeller blades and S
specimens, algorithms optimization of generating additive manufacturing path were also applied. The expected machining
performance is preliminarily accomplished.

Keywords: Five-axis linkage; Additive-subtractive hybrid manufacturing; Integrated development of additive-

subtractive manufacturing; Additive manufacturing technology; Precision control
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Measurement Point Optimization and Modeling Techniques of
Spindle Thermal Error for CNC Machine Tool

WANG Jianchen'?, LIN Siqil, SHEN Yuxin', XIE Changxiongl, DENG Xiaolei*”
(1. Key Laboratory of Air-driven Equipment Technology of Zhejiang Province, Quzhou University, Quzhou 324000, China;
2. Zhejiang Yonglida CNC Technology Co., Ltd., Quzhou 324000, China;
3. Key Laboratory of 3D Printing Process and Equipment of Zhejiang Province, Zhejiang University,
Hangzhou 310027, China)

[ABSTRACT] In order to reduce the influence of thermal error on the machining accuracy of CNC machine tool, the
position of temperature rise of machine tool was preliminarily found out by thermal imager, and then the collected
temperature measurement point test data was optimized by using gray correlation theory to find out the measurement point
with high correlation degree of thermal error. The selected temperature measurement point data and the measured Z-axis
thermal error data were divided, and GM (1,n) grey prediction and BP neural network were used to establish the thermal
error prediction model, which was verified on the test machine tool. The experimental results show that the difference
between the predicted results of gray GM (1,n) model and the actual measurement is 10.17%, and the difference between
the predicted results of BP neural network and the actual measurement results is 5.19%, which is better than the prediction
of gray GM (1,n) model and can play a role in improving the accuracy of thermal error prediction.

Keywords: CNC machine tool; Grey theory; Optimization of temperature measurement point; Correlation;

BP neural network; Thermal error prediction
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