4 54 4 3 1) [T O |/ RS RS | A NI N = 14 Vol. 54 No. 3
2022 46 H Journal of Nanjing University of Aeronautics &. Astronautics Jun. 2022

DOI:10. 16356/j. 1005-2615. 2022. 03. 004

EFTEIJFMPINNBWT TR JJEERBHIN A X

FoOM, EWoh, R, AKF
(FE BT A TR R 2= ML 24 B, 7 3 210016)

WE: 71 B BB PRERM e TR FARE G TRARA EEAERA, LHE LT 2RI T A
AU AR ) AR IR, BB 5 LR AR A BE A Ak 4 25 oL B B o A B AR S AL AL 0G4 B, ST SR I T LB TR 69 A
KT B, RMmILA G aRA 7 kAR T A B IR R T, F 3/ vh AR 52 Ik 4B A 69 T30 4 ik
R, AR BT —HKTTF J (Meta learning, ML) = PINN(Physics-informed neural network ) # 77 B J& 4% 7 )
Jr ik i B ARAUIE 2 R AR IR S AL A 0 AR E ), O 45 AU T SR AR AL B A B AL 0 A K R S22 R R s
FMEREGAEE, FARIELRAN, KRB 5 kA ARG E LT 77 L JE BTN A LA 4

M
KR AT AR 2 T BRI 2B S AU T T Bk DRk
HESES:V262.3 XERARERD : A XEHS:1005-2615(2022)03-0387-10

Accurate Prediction Method of Tool Wear Under Varying Cutting
Conditions Based on Meta Learning and PINN
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(College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics &. Astronautics, Nanjing 210016, China)

Abstract: Tool wear prediction plays an important role in ensuring the machining quality and efficiency, and
reducing the machining cost, especially in the aerospace manufacturing field where difficult machining
materials are widely used. Data and mechanism fusion model can combine the advantages of mechanism
model and data-driven model. It is an effective way to realize tool wear prediction. However, the existing
fusion methods are difficult to effectively balance the weight of data and mechanism on the model, which
makes it difficult to really achieve the expected effect of the fusion model. To solve the above problems, this
paper proposes a tool wear prediction method based on meta learning (ML) and PINN (Physics-informed
neural network). The solution space of the data-driven model is constrained by the wear mechanism, and the
loss function of the fusion model is optimized by the meta learning algorithm to make rational use of the
information provided by the data and mechanism. The experimental results show that the proposed method
can effectively improve the accuracy and stability of tool wear prediction under varying cutting conditions.
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Fig.4 Experimental device
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Table 1 Cutting parameters and tool parameters
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Table 2 Number of samples of each cutting condition
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Fig.6 Comparison between actual wear curves and predicted wear curves
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