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Prediction of airflow classification effect of wet coal based on BP neural network
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Abstract; Wet and sticky raw coal normally results in great difficulties to the deep screening of coal preparation plants.

The airflow classification technology can effectively overcome the problem of screen blending. The actual classification
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effect can be predicted by pre-establishing the mathematical model of the airflow classification process,and then the
online control of the airflow classifier can be carried out,which can improve the grading effect of the airflow technolo-
gy. The paper established an artificial neural networks predictive model of airflow classification effect based on the py-
thon language ,and selected the coal from Inner Mongolia Yitai Group as research sample. 50 groups of data under dif-
ferent classification conditions were obtained through experiments and 45 groups were randomly selected as training
sets,5 groups as detection sets. Three factors of initial water content,vibration or no vibration, and grading time were
selected as the input of the neural network ,and the content of particles with size >6,3-6,<3 mm in the two coarse
and fine-grain levels was taken as the output to find the best parameters of the neural network through cross-verifica-
tion. Two BP artificial neural network NN1 and NN2 were trained. The neural network NN1 included a hidden
layer, the neuronal number of hidden layer was 6,and the selected activation function was tanh. The NN2 neural net-
work included two hidden layers, the neuronal numbers of hidden layers were 5 and 7, and the selected activation func-
tion was identity. The results show that the NN1 outperforms the second neural network as a whole, especially at the
five levels of coarse 3—6 mm, <3 mm and fine-grained >6 mm,3 -6 mm, and <3 mm, but deviates greatly for
the coarse-grained >6 mm size. The overall prediction results of the NN2 are relatively average and small overall devi-
ation. The prediction results of coarse-grained >6 mm are similar to other predictions, obviously better than that of the
first neural network and better in the overall prediction. The NN1 performs better overall predictions but the NN2 out-
performs NN1 in coarse grain set >6 mm prediction. Combining the two networks, the results of NN2 for coarse-grained
>6 mm,and the results of NN1 for coarse-grained 3—6 mm, <3 mm and fine-grained >6 mm,3-6 mm, <3 mm as the
final prediction result can improve the accuracy of the prediction , the model’ s decision coefficient R” is set to 0.917 8,
which can better fit the input data.
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Fig.1 Principle of pneumatic classification
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Fig.3 A neural network with a three-layer structure
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Table 1 Training set of experimental data

HIBURE ( 222 /% AORL (22 2) /%
K53/ % PR3 SYGIEIR]/ s

>6 mm 3~6 mm <3 mm >6 mm 3~6 mm <3 mm
3 x 1 36.22 4.93 3.34 4.85 16.57 34.09
3 X 2 35.40 1.17 0.70 5.67 20.33 36.73
3 b 5 31.44 0.38 0.16 9.63 21.12 37.27
3 X 7 30.65 0.53 0.12 10.42 20.97 37.31
6 X 1 36.90 7.85 4.12 4.17 13.65 33.31
6 b 2 35.33 5.90 1.97 5.74 15.60 35.46
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>6 mm 3~6 mm <3 mm >6 mm 3~6 mm <3 mm
6 X 3 34.10 4.28 1.01 6.97 17.22 36.42
6 X 5 31.83 1.09 0.53 9.24 20.41 36.90
6 b 7 31.04 0.86 0.45 10.03 20.64 36.98
9 X 1 37.09 7.52 4.55 3.98 13.98 32.88
9 & 2 36.35 5.60 3.84 4.72 15.90 33.59
9 ¥ 3 35.42 4.80 2.45 5.65 16.70 34.98
9 & 5 33.50 2.55 0.95 7.57 18.95 36.48
9 J 7 32.36 0.93 0.65 8.71 20.57 36.78
12 X 1 37.70 8.24 5.35 3.37 13.26 32.08
12 b 2 36.43 7.22 4.76 4.64 14.28 32.67
12 b 3 35.94 6.55 3.52 5.13 14.95 33.91
12 J 5 33.55 4.16 1.72 7.52 17.34 35.71
12 & 7 32.86 1.37 0.97 8.21 20.13 36.46
15 & 1 38.42 9.45 8.33 2.65 12.05 29.10
15 X 2 37.46 8.43 7.01 3.61 13.07 30.42
15 X 3 35.70 7.58 6.36 5.37 13.92 31.07
15 o5 5 33.31 4.24 4.58 7.76 17.26 32.85
15 b 7 32.10 3.57 3.10 8.97 17.93 34.33
3 H 1 35.16 4.07 3.03 5.91 17.43 34.40
3 H 2 33.78 1.09 0.63 7.29 20.41 36.80
3 H 5 30.45 0.31 0.13 10.62 21.19 37.30
3 re) 7 29.27 0.25 0.10 11.80 21.25 37.33
6 pe) 1 35.87 6.51 3.78 5.20 14.99 33.65
6 re) 2 34.13 4.83 1.82 6.94 16.67 35.61
6 H 3 32.56 3.67 0.88 8.51 17.83 36.55
6 H 5 30.75 0.92 0.40 10.32 20.58 37.03
6 H 7 29.68 0.46 0.26 11.39 21.04 37.17
9 H 2 35.13 4.89 3.13 5.94 16.61 34.30
9 H 3 34.32 3.21 2.10 6.75 18.29 35.33
9 H 7 31.14 0.69 0.52 9.93 20.81 36.91
12 H 2 36.15 6.53 4.55 4.92 14.97 32.88
12 el 3 34.79 4.62 3.17 6.28 16.88 34.26
12 H 5 33.16 2.65 1.36 7.91 18.85 36.07
12 el 7 32.24 1.04 0.78 8.83 20.46 36.65
15 H 1 38.02 10.33 9.15 3.05 11.17 28.28
15 H 2 36.94 9.10 8.32 4.13 12.40 29.11
15 re) 3 35.26 8.21 6.75 5.81 13.29 30.68
15 H 5 32.58 5.93 4.62 8.49 15.57 32.81
15 re) 7 31.11 4.75 3.01 9.96 16.75 34.42
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Table 2 Test set of experimental data
HLORL (15 428) /% HRIBORL (25 /%
IKIY/ % £/ SrYt TR/
>6 mm 3~6 mm <3 mm >6 mm 3~6 mm <3 mm
3 pn 3 33.62 1.10 0.52 7.45 20.40 36.91
3 f 3 31.64 0.83 0.42 9.43 20.67 37.01
9 H 1 36.77 6.97 4.26 4.30 14.53 33.17
9 H 5 32.91 2.14 0.77 8.16 19.36 36.66
12 A 1 37.43 7.71 5.18 3.64 13.79 32.25
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Fig.4 Neural network of NN1
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Table 3 Prediction Result of Neural Network NN1
A ML (5 250 /% GIURL (5 2 20) /%
7RS¥/ % PR3N S ta]l/ s
>6 mm 3~6 mm <3 mm >6 mm 3~6 mm <3 mm
3 P 3 34.47 2.21 0.50 7.32 19.40 36.97
3 f 3 33.61 1.70 0.49 8.47 19.91 36.82
9 f 1 35.63 6.95 5.04 4.80 14.45 32.59
9 f 5 32.97 2.20 1.18 8.94 19.57 36.26
12 <l 1 35.78 8.39 6.40 3.95 12.86 31.15
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Fig.5 Neural network of NN2
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Table 4 Prediction result of neural network NN2
) HUBORL (5 2220) /% HWORL (525 /%
K/ % P=3h Iy tiE]/ s
>6 mm 3~6 mm <3 mm >6 mm 3~6 mm <3 mm
3 Jc 3 33.99 2.73 0.97 7.13 19.37 36.25
3 A 3 33.05 2.26 0.98 8.07 19.61 36.27
9 f 1 35.93 6.61 4.67 4.92 15.31 32.79
9 f 5 32.41 2.70 1.91 8.77 18.41 35.53
12 H 1 36.48 7.80 5.82 4.30 13.93 31.73

MZE A R4S NNT I NN2 PSS R R %0 IASSR S AT Bt o 23, IR AL T4 1 i
RPXFHILZE 5, PTLAABUAS | MBI A REAR 1 M5,
PETF5 2 A mgs, JEHSEAE AR :3~6,<3 mm B 2 A WA AE R MRS >6 mm BRI A
FAIRIZE>6,3~6,<3 mm X 5 DEIER ERTH  2R% NN2 (924528 HRZE:3~6, <3 mm FIZHHRZ0>
2 AR (EXF T HRUBZES6 mmiX — IS 6,3~6,<3 mm X 5 D FIIZEHR AT NN A9 B 45
RAFERRIMZE . 58 2 D MBARBINEE R By R TR RS, e R R RN 0.917 8, e A
TG AR 2 AR, X FALRLR >6 mmiX —T T AR 6,

RS MWERL NN1 A1 NN2 AU RRE RH R

Table 5 Determinant coefficients R* of predictive results of neural networks NN1 and NN2

piP HIBURL (2 90) /% R (5 2) /%
PR
o £ >6 mm 3~6 mm <3 mm >6 mm 3~6 mm <3 mm
NN1 0.657 5 0.944 1 0.892 3 0.924 8 0.943 5 0.917 6 0.892 20
NN2 0.841 5 0.883 3 0.887 3 0.875 4 0.916 2 0.873 8 0.883 78
&6 MEZML NNI1 1 NN2 454 Tl 5 32
Table 6 Prediction results of combination of neural network NN1 and NN2
‘ AR (S 2H%) /% AR () /%
IKIY/ % PR3l Ay tiE] /s
>6 mm 3~6 mm <3 mm >6 mm 3~6 mm <3 mm
3 g 3 33.99 2.21 0.50 7.32 19.40 36.97
3 H 3 33.05 1.70 0.49 8.47 19.91 36.82
9 A 1 35.93 6.95 5.04 4.80 14.45 32.59
9 H 5 32.41 2.20 1.18 8.94 19.57 36.26
12 H 1 36.48 8.39 6.40 3.95 12.86 31.15
4 " RLGCFNARLDYL 2 KR AY>6,3~6,<3 mm R
Zh T

2 50 IR R 3 52 U IE G T 5K, -k
(DEERM BT PG FKE A TR SNENEESE,
B TRl 3 A PR AE w22 45 1R A B AL ()T 2 4 BP #& M 4% NN1 F1 NN2, i
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ZeMZE NN, A5 1 NRUEUZ , BROlZ 2o 80k
6 , PEILI I PR A tanh ; NN2 # 2R 2% 405 2 4
B2 , Bemk 2 22 e 50 Bk 5 7, BEEUI)
1% PREUE: identity

(3)NNI FERERTM - % BT 4, NN2 7E MR 4

>6 mm PN EALT NN1 K 2 AR Sl ofe 0
H i AR T 235 58 R 4 s U )RS JE | e e R T A R
FECR Dy 0.917 8, BEX i A A THAF I
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