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Prediction for Building Vibration Velocity Caused by Blasting
Based on PSO-ELM

WANG Xinmin, WAN Xiaoheng, ZHU Yangya, JIANG Zhiliang, LIU Jixiang

School of Resources and Safety Engineering, Central South University, Changsha 410083, China

Abstract Aimed at the complicated nonlinear relation between the factors influencing the blasting vibration velocity, a blasting
vibration velocity prediction model is built by using the particle swarm optimization (PSO) global search optimal solution principle and
extreme learning machine (ELM) ability which can deal with the nonlinear relationship. Taking blasting vibration measured data in a
certain area as an example, the total dose, the explosive charge, the distance between shot and monitoring point, the ground vibration
velocity and the height of the monitoring point are selected as input variables and the building vibration velocity is chosen as the
output variable. The result shows that the mean square errors between training value and predicted value and between test value and
predicted value are 0.18 and 2.56, respectively, and the average relative error is controlled within 6%. It is proved that the model has
good precision and generalization ability. Compared with the traditional ELM model, the PSO-ELM model not only improves the
accuracy and generalization ability, but also reduces the influence on the result of training when the numbers of training samples and
the hidden layer nodes change, thus the fitting ability of the model is improved. This model has great a promotional value in similar
predictive engineering.
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Table 1 Training and testing samples

Fem S¥20 ) O INE i) R/ T/ R EE/ (mm-s™) R/
kg kg m m wm  ESRYSCNE AR B %
1 56875.00 5600.00 3000 0.76 1.60 1.64 1.61 1.64
2 2137.50 737.50 300 0.61 13.72 14.73 14.63 0.69
3 1350.00 187.50 118 3.05 21.90 55.90 55.74 0.28
4 125.00 41.70 275 1.83 0.65 1.64 1.61 1.77
5 2300.00 50.00 240 7.00 1.49 9.84 9.80 0.39
6 2268.40 200.16 850 3.66 0.25 0.60 0.58 3.50
7 2637.50 250.00 100 4.57 7.61 31.62 30.00 5.12
8 2443.70 125.00 110 1.40 7.01 9.54 9.32 2.30
9 14350.00 1800.00 940 0.92 4.03 5.37 5.15 4.08
10 731.50 300.00 312 2.44 2.00 8.90 8.80 1.09
11 2150.00 445.00 1380 2.44 0.45 0.93 0.91 1.84
12 2029.30 764.40 120 0.76 11.78 14.90 14.59 2.09
13 230.25 118.75 128 2.74 7.75 12.82 12.61 1.62
14 1925.00 175.00 135 3.76 10.36 27.29 27.11 0.66
15 390.00 65.00 350 1.22 0.60 1.19 1.07 10.25
16 1237.50 225.00 400 3.96 4.03 12.53 12.13 3.23
17 712.50 50.00 115 3.66 5.22 7.01 6.79 3.21
18 530.00 80.00 200 3.05 4.18 9.61 9.50 1.13
19 632.75 382.00 325 0.61 2.41 2.48 2.17 12.46
20 1350.00 187.50 130 4.00 15.00 40.10 39.34 1.90
21 775.00 225.00 450 1.20 0.67 1.31 1.11 15.55
22 4520.84 645.00 1190 1.31 0.88 1.98 1.96 0.81
23 1825.00 650.00 200 1.98 9.99 11.33 9.33 17.69
24 260.13 140.70 145 3.20 6.71 14.32 13.52 5.61
25 1475.00 337.50 250 1.52 3.88 10.59 9.99 5.71
26 2300.00 50.00 230 3.05 0.89 3.53 3.33 5.78
27 2443.75 125.00 120 1.78 8.35 21.62 20.47 5.31
28 798.00 114.00 225 3.50 9.91 16.26 15.40 5.32
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