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Research on the prediction method of milling force for micro-textured
tools under thermally-assisted conditions

Tong Xin, Wang Baiyi,Li Xinyu, Yang Shucai
(School of Mechanical Power Engineering, Harbin University of Science and Technology, Harbin 150080, China)

Abstract: The texturing of the tool surface can significantly improve the cutting performance of the tool. However, laser processing is
characterized by rapid heating and quenching, which can lead to problems such as remelting layer stacking and microcracking. In order
to solve the above problems, heat-assisted laser processing technology is introduced in this paper. Since titanium alloy is a difficult-to-
machine material, the tool is subjected to large milling forces during the milling process, which leads to the dynamic response and
vibration of the mechanical system, which in turn affects the tool life and the machined surface quality. Therefore, accurate prediction of
the milling force can adjust the cutting parameters in time, ensure the machining quality at the same time, and make the milling force in
a reasonable range, to improve the processing efficiency and reduce tool wear. In summary, this study takes the cemented carbide ball
nose milling cutter as the research object, combines the heat-assisted process and laser processing technology, builds a milling test
platform, and proposes a method based on the dung beetle algorithm (DBO) to optimize the variational mode decomposition (VMD)
parameters, and combines the wavelet packet threshold noise reduction ( WPT) method to denoise the original signal. The time-
frequency analysis was carried out by using the Hilbert-Huang transform ( HHT) to explore the variation of tool milling performance
under different thermal auxiliary temperatures. On this basis, combined with Bayesian optimization ( BO), convolutional neural
network ( CNN) , bidirectional long short-term memory network ( BiLSTM) and multihead-attention mechanism, a regression analysis
model is formulated for real-time monitoring and prediction of milling force. Through verification, the R* value of the model reaches

0.996 7 on the training set and 0. 991 94 on the test set, which proves the accuracy of the model. This study proposes a new method

S H 1. 2025-02-05 Received Date; 2025-02-05
* SEATH  BIpTLA A SRRl E L4 (LH2024E083) | [H 5K F AR B4 4x (52475445) T H BE B)



53 P TR G B AR T U T BRI g Ty 275

for defect repair in the process of microtexture preparation and provides an effective method for the prediction of milling force in

titanium alloy milling.

Keywords : micro-textured tools; titanium alloy; heat-assisted laser processing; milling force; BO-CNN-BiLSTM-Multihead-Attention
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Table 1 Physical parameters of the material

W/ P T/ s/
g b . - -
(kg'm™) GPa HRC MPa
Ti6AL4V 4 400 110 33.0 539
YG8 14 600 510 70.7 1 500

[OF: 85

(a) Titanium workpiece

K1 ks

Fig. 1 Test material

(b) BRLBET)

(b) Ball nose milling cutter
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Table 2 Tool test parameters

TIH #orh  FEEEL B MW ST A
5 /W (mmemin™') KE H/pm B/pm E/C
1 45 1700 8 130 50 35
2 35 1500 8 130 30 450
3 40 1 600 8 150 40 400
4 40 1 600 6 150 40 400
5 45 1 600 7 150 40 400
6 45 1 600 7 150 40 350
7 40 1 600 7 150 50 400
8 45 1700 8 170 30 350
9 35 1500 6 130 30 350
10 45 1700 6 130 50 450
11 45 1500 6 170 30 350
12 40 1 600 7 150 30 400
13 35 1 600 7 150 40 400
14 45 1500 6 130 50 350
15 35 1700 8 130 30 350
16 35 1700 6 170 50 450
17 35 1700 6 130 30 450
18 40 1 600 7 150 40 450
19 35 1 500 6 170 50 350
20 40 1700 7 150 40 400
21 35 1500 8 170 50 450
22 35 1 700 8 170 50 350
23 45 1 500 8 170 30 450
24 40 1 600 7 130 40 400
25 40 1 500 7 150 40 400
26 45 1 500 8 130 50 450
27 45 1700 6 170 30 450
28 40 1 600 7 170 40 400
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150 m/min 0.05 mm/z 0.3 mm 0.5 mm
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Fig.2 Equipment related to milling tests and testing experiments
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