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Fault diagnosis of metro vehicle traction control unit based on IPSO-SVM

XU Xiao-lu', WU Tao'*, GU Hong"'

(1. School of Control Science and Engineering, Dalian University of Technology, Dalian 116024, China;
2.CNR Dalian Electric Traction R&D Center Co. , Ltd. , Dalian 116045, China )

Abstract: Metro vehicle traction control unit is one of the core units of the subway system. Accurate
diagnosis of the fault status is very important to the safety running of whole metro vehicle. Data-
driven fault diagnosis method is one of current hot methods. Based on the characteristics of multi-
parameter and multi-category in traction control unit fault diagnosis, a method of support vector
machine (SVM) optimized by improved particle swarm optimization (IPSO) is proposed to overcome
the shortcomings of traditional methods, such as overfitting, slow convergence speed and easily being
trapped into local optimal solution. Simulation experiments are carried out on five datasets from UCI
machine learning repository. The simulation results show that the classification accuracy of IPSO-
SVM is higher than that of ICPSO-SVM, PSO-SVM and GA-SVM. Then, this method is applied to
metro vehicle actual data, also gets a better classification result, which verifies that IPSO-SVM is an

effective method.

Key words: traction control unit; fault diagnosis; support vector machine (SVM); improved particle

swarm optimization (IPSO) algorithm



