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Anode Effect Trend Prediction of Aluminum Electrolysis Cells Based on

Multi-channel Spatiotemporal Convolutional Attention Network

CHEN Zu-Guo"? LIU Hui"*® HUANG Yi"?* CHEN Chao-Yang"?

Abstract In the process of aluminum electrolysis, the anode effect is a typical abnormal operating condition that
affects electrical energy utilization efficiency and is usually accompanied by sharp fluctuations in anode resistance.
Real-time prediction of anode resistance variations enables proactive identification of anode effects. To address this
issue, a multi-channel spatiotemporal prediction model integrating convolutional long short-term memory (ConvL-
STM), two-dimensional convolution (Conv2D), and multi-head attention (MHA), namely ConvLSTM-Conv2D-
MHA, is proposed by combining mechanism constraints with data-driven principles to jointly capture both the com-
monalities and differences within multiple cell systems. The model employs stacked ConvLSTM to extract temporal
dynamics, utilizes a Conv2D branch to enhance spatial feature representation, and incorporates MHA mechanism to
capture long-term dependencies, thereby improving sensitivity to trend changes and early-stage fluctuations. Experi-
mental results demonstrate that the proposed model achieves higher accuracy and stability in anode resistance trend
prediction and is more effective than conventional time-series models in exploiting the potential coupling relation-
ships among multiple cells.
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Fig.1 Internal structure of ConvLSTM
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Fig.9  Prediction results of CLCM model
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Table 5

Performance comparison between single
model and fusion model
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