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Study on Blasting Lumpiness by XGBoost Model
based on Feature Engineering

XIA Shu-yuan ,DONG Yong-feng ,WANG Li-qin
(School of Artificial Intelligence , Hebei University of Technology, Tianjin 300401 , China)

Abstract: The average lumpiness of ore rock is an important index to measure the blasting quality. The early re-
search mainly relies on empirical formula summary,rock mechanics model calculation, which have shortcomings such
as insufficient accuracy and strong subjectivity. Recently, , machine learning algorithm is applied for prediction, but
still have problems such as empirical feature selection, insufficient model prediction stability,and poor generalization
ability for the prediction of blasting material fragmentation. Aiming at above shortcomings, an extreme Gradient Boos-
ting (xgboost) blasting fragmentation prediction model based on Feature Engineering is proposed. Taking Yuanjiacun
Iron Mine in Taiyuan as the research area,engineering data are collected, Random Forest( RF) and Mutual Informa-
tion (MI) are used for feature selection respectively,and the two feature subsets are integrated to obtain the best fea-
ture subset based on the value of MSE. XGBoost is used to predict the block size on the optimal feature subset,and
the evaluation system is composed of two indexes ; Mean Square Error ( MSE)and Mean Absolute Error( MAE). The
proposed method is compared with other traditional machine learning algorithms , and the results show that it is better

than others. Furthermore, it can provide scientific guidance for the management and control of blasting.
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Table 1 Example of blasting design parameters

F5 W B/m D/mm L/m

H e Wd/m S/m T/m

1 0.91 4.17 140 10.6

0.790 15.1 0.47 8.73 5.29 4.5
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Table 2 Examples of rock information parameters

% E A FHE(kg-m™?)  HUEBE/MPa  HrRCGREE/MPa VAL NERIJI/MPA  NEEEESR/C
1 80.64 10 3301.0 139.05 16.09 0.142 23.65 53.43
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Table 3 Example of explosive information parameters

S o Q/kg EZ
1 0.64 210.00 100

C[U

FEZGERE pf FAFLAR 25 Q MR i i J B L
LU R R 2 FLARKE 2 KE2G AR B Gl ) EZ
Hx 100,

1A Hudaverdi FF % 1) 8040 e b 79 L 208 0ok
FAEEE , BRIk 4 Fos .

&4 RS

Table 4 Examples of ratio form parameters

In= S/B H/B B/D T/B

1 1.2686 3.6211 29.7857 1.0791
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Table 5 Statistics of RF feature importance

LT

FHAE : 5 3 ; 5 S
w 0. 0262 0.011 0.0324 0.0174 0. 0157 0. 0205

B 0. 0200 0. 0231 0. 0430 0. 0237 0. 0167 0. 0253

D 0. 0003 0. 0006 0. 0004 0. 0003 0. 0004 0. 0004

L 0. 0346 0.0108 0. 0258 0. 0235 0. 0080 0. 0205

m 0. 0582 0. 0370 0. 0591 0. 0536 0.0108 0. 0437

H 0. 0207 0. 0207 0. 0212 0. 0258 0.0199 0. 0217

wd 0. 2644 0. 3667 0. 1988 0. 4001 0.7247 0.3910

S 0. 0313 0.0714 0. 0649 0. 1078 0.0197 0. 0590

0. 0098 0. 0396 0. 1975 0. 0155 0. 0066 0. 0538

0.0372 0.0140 0. 0268 0. 0261 0. 0206 0. 0249

0. 0088 0. 0076 0. 0082 0. 0125 0. 0036 0. 0082

of 0. 0221 0. 0072 0.0129 0.0119 0. 0229 0.0154

Q 0.0169 0. 0226 0.0331 0. 0263 0. 0062 0. 0210

oy y 0. 0296 0. 0346 0. 0362 0.0192 0. 0053 0. 0250
E7iNanui Y5 0. 0222 0. 0340 0.0214 0. 0229 0. 0035 0. 0208
R AKLY 0. 0079 0. 0029 0.0072 0. 0061 0. 0026 0. 0053
THFA L 0. 0084 0. 0076 0. 0071 0. 0095 0. 0029 0. 0071
W] 0. 0216 0. 0354 0.0197 0. 0208 0. 0032 0. 0202
PR JBE 8 £y 0. 0553 0. 0300 0. 0648 0.0313 0. 0203 0. 0403
S/B 0. 0753 0. 0249 0. 0512 0. 0390 0. 0167 0. 0414
H/B 0. 0244 0. 0255 0. 0216 0.016 0. 0181 0. 0212
B/D 0. 0195 0. 0084 0. 0186 0.0137 0.0139 0.0148
T/B 0.1852 0.1642 0.0279 0.0763 0.0378 0. 0983
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Fig. 3  Selecting the number of features
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Table 6 Comparison of feature selection schemes
Tk RF HiGE IR SR 1
MSE {g 0. 1237 0. 1299 0.0810
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Table 7 Comparison of model prediction results

AR P MSE MAE
Linear Regression 0.0939 0.1691
XGBoost 0.0588 0. 1680
SVR 0.0673 0.1744
GBDT 0.0990 0. 1880
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