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Application of particle swarm optimization-least square

support vector machine in tool wear monitoring

LI Wei-lin, FU Pan, ZHANG Er-qing
(School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract: Tool wear state directly affects the product quality, pcost and efficiency. The real-time condition motioring system
for tool wear would be significant. The prior samples for monitoring model were limited, and the conventional neural networks
recognition model had some drawbacks such running into local minimum value easily, slow convergence rate and so on. In
view of these situations, it proposed a tool wear monitoring method based on least squares support vector machine ( LS-SVM).
Meanwhile , it proposed the adaptive particle swarm optimization ( APSO) algorithm to search optimum value of the kernel func-
tion parameter and error penalty factor which affected the precision of the LS-SVM significantly. The cutting force signals were
measured as monitoring signals. Features extracted by wavelet package decomposition as model inputs. Tool wear degree could
be got by the trained APSO-LS-SVM model. The experiment result shows APSO algorithm can find the better parameters of LS-
SVM model than standard PSO algorithm; APSO-LS-SVM carry out an accurate tool wear assessment, unlike BP neural net-
works, the algorithms have higher accuracy, faster learning ability and needs less training samples.
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