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Vibration Suppression of Thin-Walled Parts Based on Additional Mass and
Eddy Current Damping

LIU Haibo, ZHANG Hongze, WANG Chengxin, MIAO Huanhuan
(Key Laboratory for Precision and Non-Traditional Machining Technology of Ministry of Education,
Dalian University of Technology, Dalian 116024, China)

[ABSTRACT] Aiming at the chatter problem of milling thin-walled parts, a vibration suppression method based on
additional mass and eddy current damping is proposed. Firstly, a dynamic model of milling machining of thin-walled parts
is established, and the influence law of additional mass and eddy current damping on the machining stability region is
obtained through flutter stability analysis; Then an optimization method for added mass of thin-walled parts is proposed
to obtain the optimal added mass layout and mass proportion; Finally, a set of thin-walled parts processing vibration
suppression device was designed, and the thin-walled parts milling experiment was carried out. The research results show
that when the additional mass combination [15,10,15] and eddy current damping are added at the same time, the thin-
walled workpiece machining vibration is significantly suppressed, which verifies the effectiveness of the proposed vibration
suppression method.

Keywords: Thin-walled parts; Vibration suppression; Additional mass; Eddy current damping; Modal analysis
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Tool Wear State Identification Method of Thin-Walled Parts Milling Process
Driven by Digital Twin

SONG Qinghua"?, PENG Yezhen"’, WANG Rungiong"’, LIU Zhangiang"’
(1. Shandong University, Jinan 250061, China;
2. Key Laboratory of High Efficiency and Clean Mechanical Manufacture, Shandong University,
Ministry of Education, Jinan 250061, China)

[ABSTRACT] Due to its weak rigidity, thin-walled parts are prone to chatter and deformation in the milling process,
which aggravates tool wear. In order to improve the milling efficiency and surface quality of thin-walled parts, a tool wear
state recognition method driven by the fusion of digital twin and support vector machine (SVM) is proposed. The feature
vectors are extracted by time-frequency domain analysis and wavelet packet transform. The super parameters are optimized
by grid search and cross validation (GSCV). Combined with SVM algorithm, the wear state recognition model of milling
tool for thin-walled parts is constructed. The experimental results show that SVM algorithm has obvious advantages in the
classification and recognition of high-dimensional and small sample data. The recognition accuracy of different milling
cutter wear states reaches 96% and 90.16% respectively, and has good generalization ability. Combined with machine
learning algorithm, a high fidelity and lightweight digital twin is constructed and embedded into the milling process
monitoring platform of thin-walled parts, so as to solve the problems of real-time signal monitoring and online recognition
of tool wear state in the machining process.

Keywords: Digital twin; Support vector machine; Tool wear; Wavelet packet decomposition; Online identification;

Thin-walled parts
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