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Particle swarm optimized ridgelet neural network based on
plane targets recognition

GU Zhigang', SUN Fengli®
( 1. Air Force Dalian Communication Sergeant School , Dalian 430074, China;
2. Shijiazhuang Flying College of the Air Force, Shijiazhuang 050081, China )

Abstract; Aiming at the disadvantages of the conventional gradient-based approaches, lower efficiency, larger
network size, and post-concussion etc, a particle swarm optimized ridgelet neural network is researched in this
paper, which structure is determined by means of incremental method. By setting different location bound and
limiting the velocities of particle parameters, the network is trained quickly and efficiently in case of the
parameters of particle swarm algorithm rational-defined. The stimulation experiment, utilizing this network to
classification of 6 kinds of plane targets, shows that the particle swarm optimized ridgelet neural network has
the prominent advantages of smaller size, more powerful abilities of learning and generalizing. better controlla-
bility etc, in comparison with conventional methods.
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