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Gated TCN with Cascaded Attentional Feature Fusion for
Soft Sensor Modeling
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(1. School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China;
2. Wuxi Advanced Technology Co. , Ltd., Wuxi 214161, China)

Abstract: In industrial process dynamic modeling, traditional temporal convolutional network ( TCN) models make it
easy to ignore the continuity of time series and local dependencies. Based on this, a dynamic soft-sensing model, cascaded
attention feature fusion cascaded attentional feature fusion (CAFF-GTCN), is proposed. A novel cascaded attention feature
fusion module is designed to improve the residual connections of the TCN, which utilizes self-attention mechanisms and
multi-scale channel attention mechanisms to fuse the feature extracted from different receptive fields. avoiding the loss of im-
portant information. Meanwhile, a gating mechanism is introduced to modify the dilated causal convolution, which enhances
its feature extraction ability in combination with the SELU function. Experimental results show that the proposed method
significantly improves prediction accuracy. Compared with the traditional TCN model, the CAFF-GTCN model reduces the
RMSE and MAE by 45.1% and 49. 4%, respectively, while increasing the R* from 0. 992 3 to 0. 998 9 in the penicillin fer-
mentation simulation experiment, and reduces the RMSE and MAE by 38.2% and 42. 7%, respectively, while increasing
the R* from 0. 750 3 to 0. 846 4 in the sulfur recovery process experiment. Experimental results verify the effectiveness and
superiority of the proposed method in dynamic feature extraction and prediction accuracy.
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