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Fig.1 Anode effect prediction and treatment process of aluminium electrolysis cell
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Table 1 Input parameters of proposed model

Feature Name Description
X1 NB times Total times of NB during one day
X2 Average voltage Average value of voltage during one day
X3 Electrolysis temperature Internal temperature of aluminum electrolytic cell
X4 Temperature change Variation of temperature compared with previous day
X5 Molecular ratio Ratio molecules number of NaF to AIF3 in electrolyte
X6 Molecular ratio change Variation of molecular ratio compared with previous day
X7 Aluminum liquid level Height of aluminum liquid in aluminum electrolytic cell
X8 Aluminum liquid level change Variation of aluminum liquid level compared with previous day
X9 Electrolyte level Height of electrolyte in aluminum electrolytic cell
X10 Electrolyte level change Variation of electrolyte level compared with previous day
X11 TAP volume Aluminum tapping volume of one day
X12 TAP volume change Variation of TAP volume compared with previous day
X13 Silicon content Percentage of silicon impurities in aluminum liquid
X14 Silicon content change Variation of silicon content compared with previous day
X15 Iron content Percentage of iron impurities in aluminum liquid
X16 Iron content change Variation of iron content compared with previous day
X17 Cell voltage Cell voltage between anode and cathode
X18 Cell current Electrolyte current
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Fig. 3 LSTM model for anode effect prediction
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Table 2 Hyperparameters of LSTM model

Hyperparameter Value
Time step 10
Numbers of layer 3
Dropout 0.1
Recurrent dropout 0.5
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Table 3 Mini-batch gradient descent

Algorithm 1. Mini-batch gradient descent

Input: Parameters with a mini-batch
Output: Parameters have been updated
For =1,2, «=---*
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Table 4 Gradient checking

Algorithm 2. Gradient checking

Input: Vectors with parameters

Output: credible or questionable

Take W[l],b[l],---,W[L],b[L] and reshape into a big vector
0.

J(9)=J(W[l],b[1],-",W[L],bm)
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If both values are approximately equal
The calculation process is credible
Else

The calculation process is questionable
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Table S Experimental settings

Item Value

From 1 August 2018

Time range of data acquisition o 1 August 2019

Number of cells 21
Number of features 17
Experimental samples 3671

Normal samples 3036
Anode effect samples 635

Training set:Development set:

. 6:2:2
Test set ratio
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Table 6 Sample details and prediction results

Number of  Effect  Normal
Accuracy Fl-score
cell sample  sample
1 9 41 0.92 0.9583
2 11 39 0.88 0.9362
3 7 43 0.92 0.9583
4 9 41 0.90 0.9474
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Anode effect prediction of 300 kA aluminium electrolysis cell
based on deep learning

YIN Gang', CHEN Gen', HE Wen’, YAN Fei-ya’, LUO Bin*, LI Rui’

(1. State Key Laboratory of Coal Mine Disaster Dynamics and Control,

College of Resource and Safety Engineering, Chongqing University, Chongqing 400044, China;
2. Bomei Qimingxing Aluminum Co., Ltd., Meishan 620010, China;
3. Guiyang Aluminum Magnesium Design & Research Institute Co., Ltd., Guiyang 550000, China;

4. Sichuan Siwei Environmental Protection Equipment Co., Ltd., Suining 629000, China)

Abstract: The anode effect mechanism and fault parameters of aluminium electrolytic cells were studied, and a

deep learning-based anode effect prediction method was proposed. It can adapt to the parameters of tank conditions

in different dimensions and different data characteristics, and directly mine fault characteristic information from

massive raw data. It greatly reduces the response time of the effect, has good robustness and anti-interference

ability. At the same time, in the model debugging optimization, the Batch Normalization algorithm and gradient

test are used to improve the model convergence speed and stability. The prediction accuracy and F1 score reach

94.65% and 0.9317, respectively. The prediction time can reach 16 min, and it is verified by field experiments to

meet the actual production requirements.
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