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Table 1 Four factors and four levels

CS ’ i’ )| o | o
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Fig.3 Automatic updating process of model
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Table 2 Prediction MSE of Online-LTSM model on test data
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Fig. 5 MSE comparison of two model prediction
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Dynamic Prediction Method of Cutting Tool Life in NC Machining Based on

Online Learning
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(College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics,

[ABSTRACT]

Nanjing 210016, China)

The prediction of tool life is of great significance to ensure the quality of parts and control the cost of ma-

chining. However, the tool wear process is complex and changeable, and it is difficult to accurately predict the residual life
of the cutting tools affected by machining conditions. To solve the above problems, this paper presents a dynamic predic-
tion method of tool life based on online learning. Using long-short term memory as base model and integrating the online
learning module, the final model can automatically update the parameters during the machining process, and the accurate
prediction of tool life under variable working conditions can be realized. The milling experiment was carried out, and the
experimental results show that the dynamic prediction method of tool life can effectively improve the precision of tool life
prediction.
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