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Research on a Prediction Model of Ash in Flotation Tailings Based on LightGBM Optimized by Genetic Algorithm
HAN Jie . WANG Ranfeng » FU Xiang » WANG Jun» WEI Kai» ZHANG Qian
(School of Mining Engineering, Taiyuan University of Technology, Taiyuan, Shanxi 030024, China)

Abstract: In order to improve the level of on-line detection of ash in coal slime flotation process, the prediction of ash content of
tailings in coal slime flotation process was studied, and the prediction model of ash content of flotation tailings based on
LightGBM optimized by genetic algorithm was established. Through the collected production data, including slurry flow,
concentration, foaming dose, collection dose and dry slime amount, the model training data set was constructed and the model
was tested and verified. The experimental results show that the average absolute error of the prediction results of the model is
0.72, which is 11.1% higher than that of the unoptimized LightGBM model. Compared with other models, the average absolute
error of the prediction results of the GA-LightGBM model is reduced by 15.8% , which further proves the validity of the model
in the prediction accuracy of ash in coal tailings and provides a new technical support for the realization of intelligent flotation.
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Table 3 Parameters of the LightGBM model
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Table 4 Comparison of evaluation results of the models

9 I 20,

TR MAE MSE MAPE R?
AdaBoost 2.37740.078 0 2.93940.076 5 0.0334:0.001 0 0.099240.052 1
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SVR 2.0864-0.005 8 2.76040.013 9 0.0292£0.000 1 0.206£0.002 7
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values and actual values of ash
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