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Abstract: The estimation of 4-CBA (carboxybenzaldchydc) concentration in industrial PTA (purified terephthalic acid)
oxidation process is of fundamental importance in process monitoring, advanced control and optimization. The support
vector machine (SVM) and particle swarm optimization (PSO) algorithms are used to estimate the parameters of the first
principle model. The training set for estimating the parameters is the feature subset selected by SVM regression algorithm,
which overcomes the drawback of the trail-and-error method. Parameter estimation method based on the PSO algorithm
is also used to avoid dependence on initial parameters and training samples. By use of real industrial data, the simulation
results show that the presented method is effective for modeling the soft sensor of 4-CBA concentration in industrial PTA
oxidation process.
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Fig. 2 Simplified network of PX oxidation reaction
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Fig. 4 Feature subset (denoted by “o” in Figure a) selected
by SVM method and the comparisons of its model-

ing results (Fig. a) and predict results (Fig. b)
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