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Research on Peak Particle Velocity Prediction of Blasting Vibration
based on Particle Swarm Optimization and Ensemble Learning

XU Chen'? LI Qi-le’ ,QIU Lang” ,WANG Chao’ ,REN Gao-feng” ,ZHAO Liang’ ,LIU Chi' ;MU Peng-yu'
(1. Chinese Institute of Coal Science,Beijing 100013, China ;2. School of Resources and
Environmental Engineering, Wuhan University of Technology , Wuhan 430070, China)

Abstract: To accurately predict blasting vibration peak particle velocity and mitigate vibration hazards , this study
develops a Stacking ensemble learning model ( PSO-Stacking) optimized via a particle swarm optimization( PSO) al-
gorithm , using field data from engineering applications. Five critical parameters were identified as key influencing fac-
tors; blast center distance,single-stage drug volume ,borehole spacing, stemming length,and hole depth. The model’s
predictive performance was substantially enhanced through PSO-based hyperparameter optimization, including the
number of depth levels of random forest( RF) decision trees, the support vector regression( SVR) penalty coefficient,
and the number of trees in the gradient boosting decision tree( GBDT) within the Stacking framework. Experimental
results demonstrate that the PSO-Stacking model achieves 85. 54% accuracy ( AR ) , with the mean square error
(MSE) , root mean square error( RMSE) | and coefficient of determination( R*) being 2.39,1.54 and 0. 7361, re-

%5 B £A ( Date of reception) :2025 - 06 — 13 ¥ 4% & % H # ( Published online) ;2025 - 10 -20

EZB AR B(1994 -) , 55 UPIi 1, s TBM E(E AL oK i i B LA B B AR 5T, (E-mail) xuchen_office@ 163. com,,

BIEIEE B /E(QOOO =) B LA A NS RIR 3 % A RFST , (E-mail) giulangwat@ 163. com,,

EETIE : ERK AARA RS H (52409143 52304089 ) 5 KUBFHE BN AT BRA R ARG BT 4 4 5 % B35 H (2023-TD-ZD001 - 004 ,2023-

TD-QNO003)

About the author: XU Chen( 1994 - ) ,male,lecturer, Ph. D, engaged in research on TBM numerical simulation, waterjet-assisted rock breaking and
smart blasting, ( E-mail ) xuchen_office@ 163. com.

Corresponding author ; QIU Lang(2000 - ) , male, postgraduate students, engaged in blasting vibration safety control research, ( E-mail ) qiulangwut @
163. com.

Fund Programs: National Natural Science Foundation of China( No. 52409143 ,52304089 ) , the Special Project of Science and Technology Inno-
vation and Venture Capital of Tiandi Co. ,Ltd. (2023-TD-ZD001-004,2023-TD-QN003 )



214

i3 2026 £ 3 H

spectively , which shows better prediction performance and generalization ability than the six models, such as PSO-

RF,BPNN,and AdaBoost.
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Table 2 Descriptive statistics
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Fig. 6 Flowchart of the PSO-Stacking integration model
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Fig. 7 Comparison of the actual and predicted values of the seven models
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Fig. 8 Four evaluation indicators for seven models
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