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Prediction of Blasting Flyrock Distance Based on KPCA-WOA-ELM
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[ ABSTRACT]

of blasting flyrock distance based on kernel principal component analysis ( KPCA) and extreme learning machine ( ELM)

In order to improve the prediction accuracy and efficiency of blasting flyrock distance, a prediction model

and optimized by a whale optimization algorithm ( WOA) was established. Taking a blasting operations in open-pit coal

mine as an example, seven influencing factors of blasting flyrock distance were selected. KPCA was used to reduce the

dimension of the non-correlation relationship between the influencing factors, and four principal components containing
95.76% of the original information were extracted as the model input. Then, WOA was used to optimize the ELM system
parameters to avoid the problem of local optimal solution. Results indicate that the average relative error, root mean square
error Ry, coefficient of determination R* and average absolute error Ry, of KPCA-WOA-ELM model are 4. 271% ,
6.681, 0.985 and 6.413,

accurately predict blasting flyrock distance, and it could provide a basis for determining the blasting safety zone in blasting

respectively, which are better than those of the comparison model. KPCA-WOA-ELM model can

operation.
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Tab.1 Data of original samples

e dy/m hy/m B/S L/m me/kg 0/(kg - m™) Ryy/ % Dy/m
1* 75.000 14.122 0.532 1.575 68.915 0.658 61.214 136.722
2" 150. 000 26.821 0.811 4.072 530.210 0.967 90. 850 266. 629
3* 75.000 16. 446 0.538 1.995 79.534 0.511 66. 148 158. 845
4* 89.000 14.618 0.857 2.217 97.088 0.697 61.214 126.157
5* 75.000 16.241 0.564 3.480 79.549 0.837 66. 147 192.388
6" 75.000 16.732 0.627 1.538 79.552 0.759 66. 154 157.924
7* 75.000 16.454 0.458 2.193 79.537 0.873 66. 151 163. 840
8" 115.000 13.796 0.875 3.470 149. 588 0.602 58.742 133.553
40" 75.000 11.055 0.428 1.439 53.104 0.507 53.796 67. 665
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Fig.4 Comparison of relative errors of different models
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Tab.4  Comparison of model evaluation index results

Y Ryse R Ryap
KPCA-WOA-ELM 6. 681 0.985 6.413
WOA-ELM 9.096 0.972 8.767
00 50 100 150 200 PSO-ELM 13.858 0.935 12.948
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Fig.3 lteration process curves of different models KPCA REFELR R JEA {5 B AT T 5 R AR % i) R 2%
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Tab.3  Prediction results of flyrock distance
FEAS P /m KPCA-WOA-ELM WOA-ELM PSO-ELM
EIk] B/ m AR % B/ m AR % B/ m  AHIXHRZE %
33* 117.632 124. 860 6. 145 127.317 8.234 129. 196 9.831
34* 170.315 179.732 5.529 180.951 6.245 157.214 7.692
35* 168.202 175.195 4.157 161.116 4.213 179. 196 6.536
36" 138.911 143.249 3.123 143.859 3.562 145. 629 4.836
37* 146. 980 153. 806 4.644 154.998 5.455 157.691 7.287
38* 270. 694 278.335 2.823 283. 644 4.784 285.395 5.431
39* 176. 435 182.312 3.331 166. 163 5.822 151.699 14.020
40* 67. 665 70. 651 4.413 74.207 9.668 78.721 16. 340
FHEIME 157.104 163.517 4.271 161.532 5.998 160.593 8.997
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