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Research on coal ash content characteristics based
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Abstract: Ash content is a key index to measure the quality of coal and is one of the main indicators of coal product
quality in coal mines and coal preparation plants. Aiming at the problems of low identification efficiency of traditional
coal ash content and low quality of coal samples,a coal prediction model based on particle swarm optimization ( PSO)
and BP neural network is built and the purpose is to quickly identify the ash content in coal products and provide
technical support for coal mining. 180 standard pulverized coal samples are selected for the study,and the sample data
of No. 1 ~ 140 are used for the training set,and the sample data of No. 141 ~ 180 are used as the test set. The PSO-BP
model is applied to study the coal ash characteristics,,and the simulation results show that the optimized 6-dimensional
BP neural network model , with the coefficient of determination R* of 0. 88501 ,is closer to 1,indicating that the estab-

lished PSO-BP model has better prediction performance,and the predicted value of ash is infinitely close to the true
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value of ash. In turn,it shows that the constructed gray prediction model has high prediction accuracy, which improves

the generalization ability and prediction accuracy of the model,and provides some theoretical basis for the subsequent

application of LIBS technique to coal detection.

Keywords : coal ash content; BP neural network ; particle swarm optimization ; LIBS ; spectral intensity
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Fig. 1 LIBS analyzer test process
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Fig. 2 Block diagram and physical diagram of LIBS experimental system
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Tab. 1 Initial samples of database

R A2 WKoE, %o | ARG % | A/ (M - ke)
1 17.2489 18. 38 31.58
2 15. 8774 33.50 30. 30
3 14. 9533 29.51 31. 60
4 16. 3466 33.84 31.30
5 15.1611 31.78 27.01
6 14. 4401 11.35 30. 04
7 15. 0910 34.13 31.16
8 15.2590 7.30 26.09
9 15. 1610 9.52 23.984
10 13.7910 21. 64 28.704
11 18. 1950 8.55 23.82

180 16. 7990 9.42 29.75
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Fig. 4 The process of particle swarm optimization
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Tab. 2 Training results of BP network model in

different dimensions

i3y RMSE MAPE MAE

27 4k 2.2336 12. 101 1.9032
24 4k 1. 9303 0. 1078 1. 6613
21 4 15.5907 0.9724 15. 4082
18 4 2.5657 0.1253 2. 1368
15 4k 1. 9482 0. 0848 1. 4882
12 4 0. 9826 15. 6660 15. 824
9 4 3.0684 16. 3454 17. 1986
6 4t 1. 3980 0. 0300 1. 1367
3 4 1. 4636 0. 0994 1. 4636
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Fig. 5 Prediction results of BP neural network model
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Fig. 6 Prediction results and iteration times of PSO-BPNN network model
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