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A dynamically corrected AGMM-GPR multi-model
soft sensor modeling method

XIONG Wei-li*"*, LI Yan-jun®’, YAO Le’, XU Bao-guo’

( 1.Key Laboratory of Advanced Process Control for Light Industry (Ministry of Education) , Jiangnan University,
Wuxi 214122, China;

2. Institute of Automation, School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China )

Abstract: Industrial processes often encounter strong nonlinearity and multiple operating modes.
Traditional soft sensor methods cannot effectively take advantage of error information, which accounts
for unsatisfactory predictive results. To effectively address these problems, a dynamically corrected
multi-model soft sensor modeling method based on adaptive Gaussian mixture model-Gaussian process
regression (AGMM-GPR) is proposed. Firstly, an adaptive Gaussian mixture model is constructed
using Bayesian information criterion and optimized sub-model number is obtained. Then, each local
model is built through GPR method. For the new data, its posterior probability and prediction value
belonging to each local model can be combined to get multi-model output. Finally, to further improve
model accuracy, an autoregressive integrated moving average (ARIMA) model is employed to conduct
a dynamic feedback correction to multi-model output. Numerical simulation and H;S concentration
estimation in sulfur recovery unit (SRU) indicate that the proposed method has good prediction

accuracy and generalization performance.

Key words: adaptive; multi-model;dynamic correction; Gaussian process regression; ARIMA model



