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Abstract: To address the limitations in accuracy and efficiency of existing techniques for identifying
milling vibration states under variable operating conditions, this paper proposes an unsupervised identifica-
tion method based on hybrid entropy. The proposed method first denoised the milling force signals using
bias-compensated sub-band adaptive filtering. A hybrid entropy metric was then derived through the
weighted summation of fuzzy entropy and power spectrum entropy to characterize the vibration states. Sub-
sequently, a collaborative clustering model was employed for unsupervised learning and classification of the
hybrid entropy, ultimately outputting the identification results over the signal time history. Experimental re-
sults demonstrate that the proposed method requires only 16.55 s for model training and eliminates the
need for labeled sample sets, demonstrating significant advantages in computational efficiency and practical
engineering applications.

Key words: hybrid entropy; unsupervised learning; variable operating conditions; vibration state iden-
tification
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Fig.13 Comparison of different entropy

clustering results
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Tab.2 Milling vibration state classifications
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Tab.3 Supervised model hyperparameters
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Tab.4 Hardware and software configuration
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Tab.5 Comparison of model abilities
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Fig.15 Principal component analysis visualization
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Fig.16 Time domain signal of milling force with

variable cutting width
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