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Prediction of Tectonic Coal Thickness Based on AGA-DBSCAN Optimized RBF Neural Networks

WU Shan-jie and WANG Xin

School of Computer Science and Technology,China University of Mining and Technology,Xuzhou, Jiangsu 221116, China

Abstract In the prediction of tectonic coal thickness,the problem of low accuracy is often caused by various restrictive factors.
Therefore,a method of optimizing the parameters of RBF neural networks by using adaptive genetic algorithm to optimize density
clustering is used to predicte the thickness of tectonic coal. Firstly.the 3D seismic attribute data of the mining area are prepro-
cessed,and the PCA algorithm is used to reduce the dimension and eliminate the linear correlation between variables. Then a RBF
neural network model for predicting the thickness of tectonic coal is constructed, the genetic algorithm is used to optimize the
density clustering to obtain the best core point,and the initial clustering center of £-means clustering is further calculated to opti-
mize the k-means algorithm,so that the RBF neural network implicit layer basis function is obtained. An excellent center vector
increases the accuracy and robustness of the model prediction. At the same time,aiming at the problem that genetic algorithm is
easy to fall into local optimal problem, the global and local search ability of the genetic algorithm is improved by adaptively chan-
ging the crossover rate and the mutation rate with the increase of the number of evolutions, so that it can escape the local best ad-
vantage and obtain better evolutionary results. The L2 regularization term is added to effectively avoid the influence of noisy data
for generalization performance of the model. Finally, the prosed model is applied to the 8 # coal seam of the No. 6 mining area of
Luling Coal Mine. The predicted thickness of the model is highly consistent with the actual geological data. It is possible to pro-
mote the prediction of coal thickness in actual mining area.
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Fig. 9 Predictive results comparison between improved algorithm

and original algorithm
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Fig. 10 Predictive results comparison between improved

algorithm and other algorithms
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W is W KA S U g i . Bk bl 4R AT Y
P R A A BF S U BT 5% HE TR A Y AR X . P A A
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Table 2 Dirills in 8 # coal seam exposing coal information

CHLA :m)
L A (RS :9-93 JE AR AT WERE
L44 8.1 926. 8 10.6
L50 8.4 812.99 11.8
91-5 6.6 671.15 13
2002-4 11.6 723.85 14.1
2002-5 9.1 794.95 12.7
2010-11 8.2 877.25 11.1
2012-1 5.3 643.51 7.4
2014-5 8.6 930. 71 11
143 8.7 807.92 10.7
06-4 4.3 457.81 7.4
91-2 8.5 565. 95 11.5
92-8 4.5 592.75 6.6
94-2 3.8 600. 35 3.8
91-1 5.9 458.57 8.4
92-2 4.8 589.6 7.6
94-5 5.4 582. 85 8.7
2002-3 5.7 760. 35 11.5
94-1 4.7 505.6 9.8
94-3 7.7 448.58 16.2
99-1 4.4 673.61 11

4.2 HMEREBEEBN
FIHT B3R T ALY, ] 2 0 B T 7SR X 8 = SR 14
R ST IO . TR 20 TR FLBCHE > M DL A
TIE T ASE A (5 T A R R B AL BT Y S 15 m ¢ 15 m Y
Hi 7% R R B AR B SR AR N g4 (B 2142 408, DAt
BN gt . 8 £ M2 BT WA 1 Hh R R M A0k 20, 1
S Aot Y 32 043 43 B SR X 3 MO AT e e L Ak B B A B
910,88 JG R 2142 * 10 B9 548 I 54 i 0 J5 2 Tt B 1
K SVM 155 BP i 48 W 45 B8 D) K et idk i) AGA_RBF i &
o0 265 A5 280 43 ) 1 4 A I 8 2 MR 1) A e O TR R O o
I FUBE X 3 FpJ7 B W0 S 04 20 11 4 FL B4 F4 s 4 JEE 1 48 B
ok 5 92 bR BL S BOHE HEAT X LE . 20 14 AL AS 1 A B0 T A
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T 5% 22 n 2k 3 TS .
F 3 3 FhJr Al AL AL B AR X 1

Table 3 Predicted value comparison of three methods at drills
CHRA 20
SVM BP AGA_RBF
M — : ; ;
i3l 4 E WME  x  WAME  Axt  WalE At
R o O o
%% %% %%
L44 8.1 8.70 0. 60 8. 40 0. 30 8.32 0.22
L50 8.4 7.90 0. 50 8. 11 0.29 8.53 0.13
91-5 6.6 6.45 0.15 6.50 0.10 6.50 0. 10
2002-4 11.6 12.6 1.00 11.5 0. 10 11.0 0. 60
2002-5 9.1 9. 40 0. 30 8. 88 0.22 9.00 0.10
2010-11 8.2 8.31 0.11 8. 10 0.10 7.90 0. 30
2012-1 5.3 5.50 0. 20 5.10 0. 20 5.23 0.07
2014-5 8.6 8.51 0.09 8. 90 0.30 8. 60 0. 00
143 8.7 8.91 0.21 8. 20 0.50 8.69 0.01
06-4 4.3 4. 20 0.10 4.60 0.30 4.70 0. 40
91-2 8.5 8. 60 0. 10 8. 80 0.30 8. 50 0. 00
92-8 4.5 4. 80 0. 30 4. 40 0.10 4.63 0.13
94-2 3.8 3.77 0.03 4,00 0. 20 3.72 0.08
91-1 5.9 7.50 1. 60 5.60 0.30 5.70 0. 20
92-2 4.8 4. 20 0. 60 4.70 0.10 4. 80 0.00
94-5 5.4 5.55 0.15 5.70 0. 30 5.20 0. 20
2002-3 5.7 5.60 0.10 5.58 0.12 5.90 0. 20
94-1 4.7 4. 66 0. 04 4.90 0. 20 4. 85 0.15
94-3 7.7 7.77 0.07 7.55 0.15 7.60 0. 10
99-1 4.4 4. 80 0. 40 4. 65 0.25 4. 30 0. 10
THE 6.71 6.88 0.33 6.70 0.22 6.68 0.15
B3R 3 7T LU Bk 19 AGA_RBF M 45 ) 46 16 )

X 20 11BN AL B4 R ik R TR T 1) 4 %R 25 N T R 2 R
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2 PR ZE N 0. 33, I KRR ZE R 1.6, /MR ZEN 0. 033 T %
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