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Abstract: Considering the pattern recognition and clustering problems of thermal multi-mode processes,
a hybrid clustering scheme based on the local preserving projection ( LPP) subspace was proposed. First-
ly, the data for the high-dimensional multi-mode process is projected into the low-dimensional subspace
through the LPP method, which eliminates the noise, improves computational efficiency and also retains
the local structure. Secondly, combining the advantages of the traditional hierarchical and non-hierarchi-
cal clustering algorithms in the LPP subspace, the agglomerative k-means algorithm is used to generate
the best clustering solution for multi-mode process data. Taking the recognition and clustering processes
of a certain 600 MW unit desulfurization system with the data of multi-mode processes as an example, the
effectiveness and practicability of this method are proved.
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Fig. 1 Process flow chart of wet flue gas desulfurization system
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Tab. 1 Main performance parameters of slurry

circulating pump
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Fig. 3 Load change after steady state screening
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