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Fig.1 Main production unit and process flow

of aluminum electrolysis
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Fig.2 Aluminum electrolytic cell structure
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Fig.3 Basic structure of LSTM network
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Table 3 The experimental setup

24 W H
B AR AT 7] 2020 4E6 JJ 1 HE 2021 466 A1 H
L, A A 25
FIESH R 17
YRR AR 5826
IEH AR 4781
BN REAR 1045
YIGREE /MR A/ B0IE 4 6:2:2
TR SR RS S P 25 R an 18 5 o .

F4 BOEIVEREVHANZ

Table 4 Model performance evaluation results
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Fig.5 Partial prediction results of the model
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Fig.6 Performance comparison of multiple models
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Research on prediction method of anode effect of aluminum

electrolytic cell based on deep learning
HE Wen
(Meishan Bomei Qimingxing Aluminum Co. , Ltd. , Meishan 620010, China)

Abstract: Anode effect is the most frequent fault in the aluminum electrolysis production, and accurate prediction
of the anode effect can reduce energy consumption and reduce accidents. Starting from deep learning, this paper
proposes a prediction model based on stacked noise reduction autoencoder and long short term memory network.
The stacked noise reduction autoencoder is used to find key fault feature information, and meanwhile the long short
term memory network is used to realize fault diagnosis. Finally, the historical production data of an aluminum
factory is collected to verify the performance of the model. The experimental results show that the prediction
accuracy and F1 score of the model are 97.56% and 0.968 6, respectively. This paper makes a comparative
analysis of the BP neural network, generalized regression neural network, LSTM and SDAE-RF. The experimental
results show that the SDAE-LSTM model constructed in this paper has the best performance with more accurate
prediction of the anode effect, which has important guiding significance for the actual production of aluminum
electrolysis.

Key words: aluminium electrolysis; deep learning; fault diagnosis;anode effect; electrolytic cell; model; SDAE-
LSTM



