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Mechanical wear condition monitoring method based on

abrasive particle wear mechanism

YANG Wenjun', SUN Yaoning', YANG Yanzhu®,
FAN Hui*, WANG Guojian'
(1. School of Mechanical Engineering,
Xinjiang University, Urumgqi 830047, China;
2. College of Mechanical Engineering,
Donghua University, Shanghai 201620, China)

Abstract; In order to solve the problem of low accuracy in monitoring the wear state of
mechanical equipment, a mathematical model of monitoring the wear state based on the rec-
ognition of abrasive particle features was proposed based on different wear mechanisms with
different shapes and textures. By identifying ball wear particles and cutting wear particles
through shape feature, the shape and the texture features were combined to recognize fatigue
wear particles and severe sliding wear particles. The feature vector of mechanical wear state
monitoring was established based on the extracted feature parameters. Through the radical
basis function neural network model by quantum particle swarm optimization (QPSO), the
recognition and monitoring of mechanical wear state were realized. The experimental results
show that the QPSO-RBF neural network model is simple in structure and 5% higher in rec-

ognition accuracy than the traditional PSO-RBF neural network model. It can be used for
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Table 3 Comparison of two classifier model recognition results
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PSO-RBF 100 60 100 55 100 91.67
QPSO-RBF 100, 60 100 58 100 96. 67
A opment of an automated wear particle classification system
3 .Q.E Te [J]. Tribology International,2006,39(12);1615-1623.
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