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blast performance. Precise estimation of muck pile volume is vital for optimizing blast parameters, controlling frag-
mentation effects,and planning subsequent excavation and haulage operations once the target excavation volume is
established. To overcome limitations such as inefficiency, reliance on traditional volume-measurement approaches , and
inadequate precision in small-sample predictions for blasted muck piles, this research develops an intelligent predic-
tion model that leverages airborne LiDAR and machine learning algorithms. A lightweight UAV-LiDAR system for ef-
ficient , ground-control-independent acquisition of muck pile point cloud data was developed. Feature selection used
the DeepSeek API to develop a hybrid model that integrates Pearson correlation analysis, ANOVA F-test,random for-
est feature importance assessment, and recursive feature elimination, ultimately extracting six critical factors from
eight initial parameters. The GS-KCV-optimized Bayesian Ridge Regression model demonstrates predictive capabili-
ty,achieving a test set R> of 0. 76, a marked improvement over traditional approaches. The model reduces MAE to
19 949.67 m’ (26% decrease) and RMSE to 23 020. 80 m®(28% decrease) ,while effectively addressing the com-
mon limitation of local-optima convergence in small-sample scenarios. Field tests conducted with DJI M350 drones
integrated with Zenmuse L, LiDAR systems verify the method’s ability to holistically optimize the operational
process, spanning blast parameter collection, volume prediction, and performance assessment, providing a practical

technological solution for intelligent mining transformation.
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Fig. 1 Flowchart of 50% discount cross-validation
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WDR OH/m BL/m BW/m PF/(kg+m™) DV/m’ AV/m’
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0.9 1.5 300.0 46.1 0.471 168 844 166 029
1 1.5 280. 8 47.5 0.426 166 764 152 432
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Table 4 Range of values for parameter settings and optimal parameter values for bayes ridge
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Scale parameter of noise precision(a, )

FCEHERE A TR S H(A )
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Table 5 Comparison of model predicted and true values
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Seer Xclual BEATL AR ARSI (EL T e AR TAE DL 5706 [ 0= 3503000
b ) GS-KCV-random GS-KCV-XGBoost GS-KCV-k-nearest GS-KCV-bayesian ridge
number
umbe value forest prediction prediction neighbors prediction regression prediction
1 202 431.23 223 039.73 194 679.92 181 950. 55 199 876.52
2 145 800. 38 162 559.40 131 287.71 149 895.36 143 265.91
3 109 666. 41 118 831.24 92 975.09 113 659.59 107 892.34
4 251 629.89 248 540. 86 216 918. 60 228 804.58 247 853.27
5 231 853.11 223 140.11 212 742.03 242 158.38 228 796.45
6 73 620.05 92 105. 64 108 774.07 85 534.87 75 218.93
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Table 6 Comparison of model evaluation metrics

i POERE FHMgHRE HTRIRE
Model R MAE RMSE
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