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SOx Process Simulation, Monitoring, and Pattern Classification
in a Power Plant

2o s FFA YU
(Sang Wook Choi, Chang Kyoo Yoo and In-Beum Lee)

Abstract : We proposc a prediction method of the pollutant and a synchronous classification of the current state of SO, emission in
the power plant. We use the auto-regressive with exogeneous (ARX) model as a predictor of SOy emission and use a radial basis
function network (RBFN) as a pattern classifier. The ARX modeling scheme is implemented using recursive least squares (RLS)
method to update the model parameters adaptively. The capability of SOy emission monitoring is utilized with the application of the
RBFN classifier. Experimental results show that the ARX model can predict the SO, emission concentration well and ARX modeling
parametcrs can be a good feature for the state monitoring. In addition, its validity has been verified through the power spectrum
analysis. Consequently, the RBFN classifier in combination with ARX model is shown to be quite adequate for monitoring the state
of SO« emission.
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Fig. 1. SO« monitoring algorithm.
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