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Abstract As the secondary battery market expands, the process of producing laterite ore using the rotary kiln
and electric furnace method is expanding worldwide. As ESG management expands, the management of air
pollutants such as nitrogen oxides in exhaust gases is strengthened. The rotary kiln, one of the main facilities
of the pyrometallurgy process, is a facility for drying and preliminary reduction of ore, and it generate nitrogen
oxides, thus prediction of nitrogen oxide is important. In this study, LSTM for regression prediction and
LightGBM for classification prediction were used to predict and then model optimization was performed using
AutoML. When applying LSTM, the predicted value after 5 minutes was 0.86, MAE 5.13ppm, and after 40
minutes, the predicted value was 0.38 and MAE 10.84ppm. As a result of applying LightGBM for classification
prediction, the test accuracy rose from 0.75 after 5 minutes to 0.61 after 40 minutes, to a level that can be used
for actual operation, and as a result of model optimization through AutoML, the accuracy of the prediction
after 5 minutes improved from 0.75 to 0.80 and from 0.61 to 0.70. Through this study, nitrogen oxide
prediction values can be applied to actual operations to contribute to compliance with air pollutant emission
regulations and ESG management.
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Table 1. Variables for prediction model of nitrogen
oxide emissions

Variables Range Unit
Ore Input 80~160 WMT/min
Pellet Input 10~35 ton/min
Reductant Input 3~10 ton/min
Scoop Feeder Input 2~12 ton/min
Pulverized Coal Input 3~7 ton/min
Discharge Pressure -5~-1 mmAq
CO% 0.1~04 %
02% 5~8 %
NOx 30~105 ppm
Kiln Temperature 500~900 c
Calcine Temperature 600~900 T
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Table 2. Prediction results of nitrogen oxide
concentration of LSTM

Time(Min) Correlation Coefficient MAE, ppm
t+5 0.86 5.13
t+10 0.72 7.39
t+20 0.54 9.46
t+30 0.47 10.02
t+40 0.38 10.84
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Fig. 4. Prediction results of nitrogen oxide concentration of LSTM after 40 minutes
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Fig. 6. Classification of predicted values of nitrogen

oxides after 40 minutes
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Table 4. Prediction results of nitrogen oxide
concentration of lightGBM(max depth = 4)

Table 3. Prediction results of nitrogen oxide Time(Min) Bofore Auto,\Tft Accuracxﬁer AT
concentration of lightGBM (max depth = 4) t+5 0.75 0.80

Time(Min) Train Accuracy Test Accuracy t+40 0.61 0.70
t+5 0.86 0.75
t+10 0.82 0.71
t+20 0.80 0.68 5. 4B U AMH
t+30 0.80 0.63
40 079 061 ol 4717] A14] Shefol] wheh Uzl Askge RK-EF
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