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D ixrete Particle Svarm, O ptm ization Algor ithm
for Gearbox Fault Symptan Selection
WANG Xin-feng, Q U-Jing, L U’ Guan-jun
(College of M echatronics-Engineering and A utom ation,
N ational U niversity of Defense Technology, Changsha 410073, China
Abstract: Particle svam optimization (PSO) has been developed rgpidly and has been ap-
plied widely since it is easy to understand and realize A med at mechanical fault symptom <elec-
tion, the pgper proposed-a discrete Particle Sv am Optimization (PS0) algorithm. In order to im-
prove the ability to escgpe from the local optimum, themutation operator w as added to the algo-
rithm. The discrete PSO algorithm was gpplied to helicopter gearbox gear fault symptom selec-
tion Symptom set extracted by w avelet packet trandom method w aspresented by binary-coded
particle The accuracy evaluated by k-fold cross-validation of the SYM classifierswasused as the
particle fitness Experimental reaults indicate that the discrete PSO can get the same optimal
symptom subset as that from genetic algorithm, and achieve the better diagnosis accuracy, but
the compute tme conamed isonly Q 4 time that of genetic algorithm, © the discrete PO isa
more effectivemethod for mechanical fault symptom selection problem.
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