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Abstract

To improve the accuracy and efficiency of tool wear state recognition, a tool wear state recogni-
tion model based on the Whale Optimization Algorithm (WOA) and Support Vector Machine (SVM)
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is proposed for milling cutter wear states. In this paper, the collected tool wear signals are pre-
processed and analyzed in multiple domains for feature extraction. Principal Component Analysis
(PCA) is then utilized to optimize and select feature vectors with low redundancy. WOA is used to
optimize the SVM parameters, including the penalty parameter and kernel parameter. Finally, the
optimized WOA-SVM classifier is employed to achieve tool wear state recognition. Through expe-
rimental comparative analysis, the WOA-SVM model achieved the highest accuracy of 97.89%,
which is superior to the SVM and PSO-SVM models. Additionally, the parameter optimization time
was reduced by 47.35% compared to the PSO-SVM model, which further demonstrates the supe-
riority of the WOA-SVM model.
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BREFC A R PR ICRE S, M PCA XPRHIE A AT FR4EALEE s 285 DI 70 SRR A O figt f B3R 1) 0E
SRR, TG R E C SRS H o WEIUE, EILEET WOA-SVM K J] B SRS . X T3
A AR, ASSCHR Y (AR R HE B R IL B 1 97.89%.
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Figure 1. (a) Ring position update, (b) Spiral position update
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Figure 2. Flow chart of the WOA-SVM algorithm
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Table 1. Experimental parameters
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Figure 3. Experimental equipment and structure
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Figure 5. Schematic diagram of the data interception interval
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Figure 7. Identification results of wear conditions
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