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Prediction model of superheat in aluminum electrolysis

based on time granularity
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(1. Chongqing Key Laboratory of Computational Intelligence , Chongqing University of
Posts and Telecommunications, Chongqing, 400065, China;
2. School of Metallurgy and Environment, Central South University, Changsha, 410083, China)

Abstract: Superheat is an important parameter in the process of aluminum electrolysis. Keeping the superheat within an
appropriate range can improve the current efficiency and reduce cell loss. However, the measurement of superheat is
difficult and the measurement process is complex. According to granular computing theory, this paper proposes a
prediction model of superheat based on time granule. By constructing time granules on time series, new feature sets and
sample sets are constructed combinating with time granules. On this basis, new sample sets are trained by the classifier
to obtain the model. In this paper, we use the data of aluminum electrolysis production from Shandong Weiqiao
Aluminum and Electricity Ltd to test the experiment. The result shows that the supreheat prediction of this method is
better than the existing models.
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Fig. 1 The flow chart of model construction
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Table 1 The information of aluminum electrolysis datasets
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Table 2 The range of values for selected attributes
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Table 3 Sample characteristics and labels
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Table 4 Basic information of experimental datasets

Dataset FEA L FEIEEL 5 H 1 F oA
5-aeData 1306 78 2015.11.6—2016.7.4 868:438
10-aeData 2477 78 2015.11.6—2016.7.4 1605:872
30-aeData 7606 78 2015.11.6—2016.7.4 3948:3658
50-aeData 12362 78 2015.11.6—2016.7.4 7307:5055
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Table 5 Precision values for each model

Dataset PMBTG-RF  PMBTGXGB  PMBTG-J48 PMBTG-IBK RDNF-RF SMM
5-aeData 0. 7904 0. 8002 0.7055 0.7735 0.5507 0.2353
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50-aeData 0. 8086 0. 8101 0.7235 0.7909 0.6803 0. 6050
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Table 6 Recall values for each model

Dataset PMBTG-RF  PMBTG-XGB  PMBTG-J48 PMBTG-IBK RDNF-RF SMM
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50-aeData 0.8002 0. 8238 0.7198 0.7803 0.6715 0.4856
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50-aeData 0. 8044 0. 8269 0.7236 0.7799 0.6759 0.5388
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