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Abstract

Abstract: Chemical processes are often characterized by nonlinearity and multi-phase, a soft sensor
model based on the hierarchical ensemble of Gaussian process regression is proposed. First, the
Gaussian mixture model is used to divide the process data into different operation phases. Then, the
principal component analysis of each stage is carried out, and the model data are divided into several
subspaces, according to the contribution of each auxiliary variable in the principal component space, and
the corresponding Gaussian process regression model is built. The subspace model output is fused by
means to obtain the first level ensemble output. Finally, the posterior probability is used to fuse the model
local prediction to obtain the second level ensemble output. The validity of the proposed method is
verified by the experimental simulation of industrial data.
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Abstract: Chemical processes are often characterized by nonlinearity and multi-phase, a soft sensor
model based on the hierarchical ensemble of Gaussian process regression is proposed. First, the Gaussian
mixture model is used to divide the process data into different operation phases. Then, the principal
component analysis of each stage is carried out, and the model data are divided into several subspaces,
according to the contribution of each auxiliary variable in the principal component space, and the
corresponding Gaussian process regression model is built. The subspace model output is fused by means
to obtain the first level ensemble output. Finally, the posterior probability is used to fuse the model local
prediction to obtain the second level ensemble output. The validity of the proposed method is verified by
the experimental simulation of industrial data.
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