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Abstract; In order to solve the non-stationary problem when the cleaning factor that characterizes the
health state of the boiler heating surface is predicted in the future time period ,taking the heating surface
of the economizer as an example, this paper proposed a cleaning factor prediction method combining the
kernel extreme learning machine (KELM) and complete ensemble empirical mode decomposition with a-
daptive noise (CEEMDAN). Firstly, CEEMDAN algorithm was used to decompose and reduce the com-
plexity of the surface cleaning factor sequence of the economizer,and the intrinsic modal functions ( IMF)
were obtained ; secondly,Pearson correlation analysis was used to determine nine parameters such as main
steam flow ,inlet and outlet smoke temperatures, etc. as the input,and the KELM model was established to
predict each IMF of cleaning factor; finally, the final forecast result was obtained by summing the IMF
forecast results. The result shows that compared with several prediction models such as basic KELM and
SVM, the model presented in this paper has higher prediction accuracy and better prediction time , which
can provide reference for the application of intelligent soot blowing in boiler based on the state of heating

surface.
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