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Abstract :

GA-BP neural network prediction model is constructed to predict the blasting vibration velocity precisely. In the actu-

The genetic algorithm( GA ) is used to optimize the weight and threshold of BP neural network ,and the

al blasting engineering of China Resources Xiaojingwan , monitoring data, including the maximum single-dose amount,
the blasting distance and the elevation difference from the measuring point to the blasting heart, is taken as input pa-
rameters. The blasting vibration velocity predicted by the GA-BP neural network model is compared with the one sol-
uted by the BP neural network. The results show that the average relative error of the GA-BP neural network model is
5.80% ,which is significantly smaller than that (14.19% ) predicted by the BP neural network model. As a result,
the GA-BP neural network model presents higher prediction accuracy and better stability , which can provide reference
experience for similar engineering blasting vibration velocity prediction under the influence of multiple factors.
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Fig. 1 GA-BP neural network algorithm flow chart
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Table 1 Train samples
W e Wam mRem P
1 19.0 41.0 5.0 4.10
2 14.0 45.0 4.8 2.30
3 10.0 46.0 4.7 1.25
4 16.0 43.0 5.0 3.00
5 19.0 26.0 2.0 9.70
6 12.0 30.0 2.0 2.00
7 15.0 31.0 1.9 2.80
8 17.0 28.0 2.3 4.00
9 15.0 30.0 2.0 2.50
10 28.8 25.0 3.0 9.20
11 12.0 26.0 3.0 3.00
12 25.0 28.0 2.8 6.00
13 17.0 29.0 3.1 2.00
14 28.0 16.0 0 3.00
15 15.0 15.0 0 1.25
16 12.0 38.0 7.0 2.50
17 10.0 36.0 7.5 2.00
18 9.0 42.0 7.0 1.00
19 11.0 63.0 0 1.70
20 10.0 60.0 0.5 1.60
21 10.0 70.0 0 1.50
22 31.2 26.0 5.0 5.02
23 16.2 29.7 4.8 1.25
24 25.0 23.0 5.0 3.90
25 31.0 25.0 5.0 5.00
26 20.0 28.0 5.1 2.30
27 31.0 46.0 3.0 4.10
28 16.0 51.0 2.7 1.80
29 24.0 43.0 3.0 3.70
30 20.0 40.0 3.2 2.90
31 30.0 26.0 5.0 15.70
32 28.0 24.0 5.0 12.50
33 29.0 28.5 4.9 14.00
34 30.0 46.0 3.0 5.00
35 28.0 44.0 3.0 4.50
36 30.0 43.0 3.0 6.00
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Table 2 Train sample results and errors

oy i‘?ﬂﬂﬁ%‘? ?ﬁ‘i)ﬂﬂﬁ%ﬁ/ M2/ %
(em-s™ ) (em+s™)
1 4.10 3.89 5.01
2 2.30 2.32 0.95
3 1.25 1.28 2.50
4 3.00 3.02 0.70
5 9.70 9.41 2.98
6 2.00 2.17 6.33
7 2.80 2.40 14.43
8 4.00 4.86 21.46
9 2.50 3.13 25.21
10 9.20 8.20 10. 86
11 3.00 2.58 14. 16
12 6.00 5.82 3.02
13 2.00 1.45 27.46
14 3.00 2.87 4.21
15 1.25 1.46 16.63
16 2.50 2.41 3.73
17 2.00 1.92 3.94
18 1.60 1.86 16.26
19 1.70 1.59 6.71
20 1.00 0.99 0.96
21 1.50 1.58 5.32
22 5.02 4.84 3.54
23 1.25 1.48 18.29
24 3.90 3.82 2.11
25 5.00 5.00 0.09
26 2.30 2.32 0.98
27 4.10 3.96 3.37
28 1.80 1.67 7.22
29 3.70 3.90 5.34
30 2.90 2.53 12.81
31 15.70 15.43 1.75
32 12.50 12. 66 1.27
33 14.00 15.59 11.38
34 5.00 3.62 27.51
35 4.50 4.28 4.88
36 6.00 5.20 13.31
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Table 3 Test sample

BE HfiAe  HiE/m o R R
(em=+s™ )
1 29 45.0 3.0 4.50
2 15 14.0 0 1.20
3 28 28.5 5.1 13.00
4 17 50.0 3.0 1.60
5 10 40.0 6.9 2.30

x4 BNERRIRE

Table 4 Prediction results and errors

o, I 2R A B S0 AR X R 25 e KN
25.21% , 45 /N 2Ry 0. 09% , e vp 7 Yo A % 132 25
8.52%

2.2

RN . GA-BP B 25 [ 28 185 78 345 214
)5 IBUERIBIE f5 , 257 BP #hza 2%, S A 25
J BAAEL A 38 R % ) T 7 2 D A A 7 T
TRIFEA WL 3, [A]I R TSI BP e p 2%,
EAMNGRFEA AT Y L5 5 X T0 A A 547 Fan] , H:

. GA-BPNN "
S HR HHXF  BPNN 81 A%}
RS Y: V4 e R BMLER R/
1 én%/ 1
(em+s™) . % (em-s™") %
(em-s™)
1 4.50 3.97 11.88 4.97 10.43
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3 13.00 12.93 0.56 14.21 9.29
4 1.60 1.53 4.21 1.65 3.15
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Fig. 4 Forecast result analysis chart
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Fig. 5 Error analysis chart
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