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Study on Military Equipment Maintenance Support Sites’ Location Problem
Based on BP and RBF Neural Network

DONG Peng LU Wei QIN Furong
(Department of Management Engineering, Naval University of Engineering, Wuhan 430033, China)

Abstract To solve the scientific location problems of military equipment maintenance support sites, we proposed loca-
tion method based on BP and RBF neural network modle, designed computational procedures,illustrated an application
case,and finally finding the different types of problem which the two methods are suited.
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