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Input-train ing neural network-based nonlinear principal
canponent analysisapproach for fault diagnosis

L1 Er-guo, YU Jin-shou
(Research Institute of A utomation, East ChinaU niversity of Science & Technology, Shanghai 200237, China)

Abstract: Some problem s existing in the linear principal component analysismethodology are discussed
briefly. A nonlinear principal component analysismethodology based on input-training neural network
is presented for fault diagnosis Input-training neural network and BP neural network are used to
estimate the nonlinear principal component scores Fault detection and diagnosis are performed by
means of statistical methods The simulation research to continuous stirred tank reactor (CSTR) is
performed to show its advantages in extracting the nonlinear features comparedw ith the linear principal
component analysism ethodology.
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