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Optimization of algorithm and topological structure for prediction of surface subsidence

parameters based on BP neural network

LI Xing', GAO Jianliang' , ZHANG Xuebo', WANG Chunxia'’

(1. School of Safety Science and Engineering, Henan Polytechnic University , Jiaozuo Henan 454003, China;

2. School of Mining and Civil Engineering, Liupanshui Normal University , Liupanshui Guizhou 553004 , China)

Abstract: In order to improve the accuracy in fitting and prediction of mining subsidence data by BP neural networks,an exe-
cutable program for fitting and predicting the mining subsidence data with high accuracy was developed using Matlab. The re-
sults of polynomial fitting were used as a benchmark to compare and analyze the fitting accuracy of 12 BP neural network algo-
rithms for two-dimensional data subsidence values. To improve the prediction accuracy of the program for multidimensional da-
ta,the influence of different topological structures on the prediction of subsidence rate was discussed. The results showed that
the results of polynomial fitting had anomalous regions, the fitting superiority R, =0.981 94, the residual sum of squares e, =
3.897 1,and all of them were weaker than the accuracy of BP neural network fitting. Among 12 optimization algorithms, the
Levenberg-Marquardt algorithm obtained the highest fitting superiority with the least number of iterations. With the change of
topological structure,the prediction accuracy varied,and the code with 3 : 20 : 10 : 1 topological structure had the highest
fitting superiority for multidimensional data and the smallest standard deviation of predicted values,then the BP neural net-
work algorithm and topological structure suitable for subsidence rate prediction were finally determined. The results can pro-
vide an interactive procedure for the prediction of other surface movement parameters.
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Table 4 Statistical of subsidence rate change for 15034

working face
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37 12.4 4 0.018 0.002
17 91.8 25 0.077 0.011
17 95.0 26 0.082 0.011
17 99.8 27 0.081 0.011
17 102.20 28 0.112 0.016
17 106. 20 29 0.106 0.015
17 109.40 30 0.127 0.018
17 113.40 31 0. 140 0.019
17 115.80 32 0.327 0.045
17 127.40 34 0.829 0.115
18 130. 60 35 1.096 0.152
18 136.6 37 1.365 0.189
18 142.2 38 1.565 0.217
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18 144.2 59 2.116 0.293
18 186.6 63 2.312 0.320
22 221.4 69 2.603 0.360
22 227.8 73 2.802 0.388
22 241.0 77 2.871 0.397
25 309.0 87 3.560 0.493
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trainFen = “ trainlm” jnet = fitnet( [ 10 5] ,trainFen) ; [ net,
tr] = train(net,x,q) ;y = net(x) ;plot(x,q, " * *);hold
on;grid on;plot(x,y, ‘r— ", ‘LineWidth’ ,1.5) ;figure2;
perform( net, g, y) ; plotperform ( tr) ; figure3 ; plotegression
(y.9);
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Table 5 Accuracy comparison of node code prediction in different hidden layers

net = fitnet( [ 20 10], ‘ trainlm’ )

net = fitnet([ 15 10], * trainlm” )

net = fitnet( [ 10 5], ‘ trainlm’ )

e SUE
WMEEE bR MXHRZE/% BN R gixfiR#E MRRZE/ % WL gy MR %

18 0.360 0.360 0 0.000 0 0.000 0.361 4 0.001 4 0.389 0.356 3 -0.003 7 -1.028
19 0.388 0.3816  -0.006 4 - 1.649 0.3816  -0.006 4 -1.649 0.387 7 -0.000 3 -0.077
20 0.397 0.405 4 0.008 4 2.116 0.399 5 0.002 5 0.630 0.401 4 0.004 4 1.108
21 0.493 0.493 0 0.000 0 0.000 0.497 3 0.004 3 0.872 0.520 0 0.027 0 5.477
22 0.540 0.540 0 0.000 0 0.000 0.570 3 0.030 3 5.611 0.537 6 -0.002 4 -0.444
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