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8 41 80.5 9.7

9 56 85.7 89.3

11 23 73.9 91.3
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Rough Set- Based CMAC Neural Network for Fault Diagrosis
Feng Yuanjing Li Liangfu  Feng Zuren

(Ing. of System Eng., Xi an Jiaotong Univ., 710049, Xi an, China)

Abstract A wugh set based (MAC neural netwoik is put forward as intelligent complementary and blending tactics of diagnoss. This
tactics cary out data compaction on data samples and extract intial diagnostic rule by using rough set theary. To carry out rough mapping
on the initial diagnostic rule though neural network and to use the sort approximation abiliy of neural network, an exact mapping from
space dof fault state to space of diagnosis is established by which convergence rate and approximation accuracy are greatly improved. This
neural network is applied to the example of fault diagnesis of transformer. The result shows that the neural network is strong in sort apr
proximation ability and small in workload of computation and high in rate of comect diagnosis, as compared with that of conventional newr
ral network.

Keywords rough set, neural netwoik, fault diagnoss, transformer



