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Information in Fault Diagnosis

HE Kang,REN Shao-jun,SI Feng-qi
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Southeast University , Nanjing, China, Post Code ;210096 )

Abstract; With the increase of parameters in thermal modeling, block modeling based on the correlation
between parameters is one of the effective methods to reduce the model complexity and improve the moni-
toring effect of the model. Therefore, an automatic clustering and block modeling method based on mutu-
al information is proposed. Firstly, the mutual information matrix of parameters is obtained, on this ba-
sis, the parameters are automatically clustered by spectral clustering algorithm with the minimum mean
square prediction error of the training data as the criterion. Then, the principle component analysis
(PCA) modeling corresponding to each sub-block is established, and the modeling results of all sub-
blocks are fused by Bayesian theory to monitor the multi-sub-block models in a unified manner. Finally,a
fault diagnosis method based on least angle regressions ( LARS) is used to identity the direction and am-
plitude of the faults. The effectiveness of the proposed method in fault monitoring and diagnosis is demon-
strated by verification of mathematical case and practical application of high temperature reheater in power
plant.
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