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Abstract

For power plant boiler combustion process of a high degree of complexity and nonlinear problem,
fuzzy support vector machine (FSVM) is adopted to establish the prediction models of oxygen
forecast in different fuel quantity, total air volume and total yield, total steam flow under the in-
fluence of factors such as flue gas oxygen content. We select fuzzy c-means algorithm (FCM) as a
design method of membership function, then select the radial basis kernel function (RBF) and
&-SVR model structure, and choose the penalty factor and the optimum parameter value of slack
variable to use cross validation method. Matlab simulation experiment results show that this me-
thod can effectively shorten the training time, improve the prediction precision and the model of
noise resistance; and its performance is superior to the general support vector machine forecast-
ing model.
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Figure 1. Flow chart of FSVM soft meas-
urement model
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Figure 2. FSVM model predicted results compared with the actual oxygen
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Table 1. FSVM compared with SVM experimental results
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