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Soft Sensor Based on Random Convolutional Kernel Neural Network
Data Enhancement
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Abstract: The by—product 4-CBA of PX oxidation reaction in the production process of purified terephthalic acid (PTA) is difficult to mea-
sure online, and only a small amount of samples can be obtained through offline analysis. A dynamic soft sensing model RCKN-XGBoost
based on random convolutional kernel neural network data augmentation is proposed to address this issue. The model first uses random convolu-
tional kernel neural network (RCKN) for data augmentation, expanding the sample size and improving its diversity ; Then, the original sample
is linearly combined with the expanded sample to form a new dataset; Finally, XGBoost was used to train and predict the network. On the 4—
CBA content dataset of PX oxidation process in a certain chemical plant, the RCKN-XGBoost model was compared with XGBoost, CNN,
CNN-XGBoost, and Laplace XGBoost models. It was found that the MRE index of the RCKN-XGBoost model decreased by 1.07%, 0.92%,
0.80%, and 0.65%, respectively, and the RMSE decreased by 27.9%, 18.62%, 12.58%, and 8.05%, proving the effectiveness of the model.
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Fig.2 Prediction result MRE curve of RCKN-XGBoost model under different enhancement factors and proportion of raw data
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Fig.4 Comparison of prediction results of 5 soft sensing models in the 4—~CBA dataset
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