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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

LR Dl R P B2 3 B B0PR L b 0 s e HEFL
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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
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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

FH 2R AT, (o FH AR AE 42 BT 2, AN SRR BT X
X50 FERYRHIE , T HR B S R I R ) HERR {2
UE T BEHURAE RS e MR A T Pk .
3.2 ISEFHNAERE

I 6 H3 2R R ARFAE , 4301 18 Bk 1] 15 ( Lin-
ear Regression) , 32 5[] & [0] 5 (SVR ) , B &£ $& T+ %
[/ ( GBDT) F1 Xgboost PUF L £ 7 5255 73 #7 , R
JH )7 1% 2% (Mean Square Frror, MSE) SE44)4 X%} i5%
7% (Mean Absolute Error, MAE) Y Sk SZ06 45 5 i TEAY
$547 , MSE Fil MAE fyitE AR

1S »
MSE = 3 1y test - 34, 1?
i=1

1 - . o
MAE = Ez \y“) test — yfeii
i=1
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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

i AR LAt XGBoost Fil SVR (1 PEREAH
L, HE B 4T LR DA A GBDT, %t MAE ~F14s
X125, 7] & 38 XGBoost LA & LR ()14 BE 22 & 4 T
oAt AP, 22 | n 0 XGBoost 78 T I 14 fE 22 4
FHAth = Fp A

4 #ig

A TR , i 2 OB R R e e 607 7R Y
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K25 LI B it 2808 7 5 B, 58 i T HKEE &L
B8 Bl O RAE B 5 BRI 2 Ah, B 2 S AE2H 5%
XGBoost FIH: Al 7 i 5 B 47 X L, GIE W] XGBoost
BB 2 B AL & 2 >0 T0IM i fy 3 B AT R A
Tk, BBk T 5 TRHAE TR A XGBoost 4 fil H
JE M RE A A BB T 4R {145 5, Sy 1t 1 it
T e S e SR AT RE

22 3Lk ( References)

(1] 2= AR TR AL R GALE BT E S TT
R[D]. FHH: K2 ,2015.

[1] LI Xiang. The research about systematic management of
blasting engineering’s safety assessment and software de-
velopment[ D ]. Guiyang: Guizhou University, 2015. (in
Chinese)

[2] ®FEK, &, ME L5 JET PCA-BP 2 [ 45 1Y
AR PP RIAR TR [ T ]. $%65,2016,33(2) :55-61.

[2] SHI Xiu-zhi, GUO Ting,SHANG Xue-yi, et al. Prediction
of mean particle size of rock blast based on combination of
PCA and BP neural networks[ J]. Blasting,2016,33(2) .
55-61. (in Chinese)

(3] EATHE, 2 MG, ARER I, 4. fhK & RE L i T2 0 T
D5 FCRTIEL I ] K ) i 2412, 2018,37(3) +18-27.

[3] WANG Ren-chao,LI Shi-peng, XU Yue-ming, et al. Study
on excavation and construction simulation of pumped stor-
age power station ] J]. Journal of Hydroelectric Engineer-

ing,2018,37(3) :18-27. (in Chinese)

(T4#% 131 )



F40 % 24

ZEBLIH, ARt

5 I S SR B AU AT AR R 131

[11]

[11]

small collapse height in complex environment][ J]. Blas-
ting,2022,39(1) :120-129. (in Chinese)

THL. AN TR IR S e X #0128 ke AT S 5% o L
KET AR BT D]. HE =ik ,2020.

YIN Ru-cheng. The influence mechanism of bubble cur-
tain of different specifications on the approach-avoidance
behavior of fishes and its engineering application design

[D]. Yichang: China Three Gorges University,2020. (in

[12]

Chinese)
kg, R SrL b VL AR AR MERE XS K AR
AP ISR )] ARKIT,2018,49(8) :72-
77.
XIE Da-jian, WU Li, HONG Jiang,et al. Study on weak-
ening effect of bubble curtain on water shock wave in un-
derwater blastingt[ J]. Yangtze River,2018,49(8) ;72-
77. (in Chinese)

KL B . TRAEG

(E#% 101 )

(4]

SHI X 7Z,ZHOU J, WU B B, et al. Support vector ma-
chines approach to mean particle size of rock fragmenta-
tion due to bench blasting prediction | J ]. Transactions of
Nonferrous Metals Society of China,2012,22(2) .432-
441.
JRSe Y, R, S A ORI R 5 R R
HHERELT ). KFK AL R ,2018,49(S1) 2 7-13.
ZHOU Xian-ping, LI Yan-po, WU Xin-xia,et al. New ad-
vance of control technique for blasting fragment-size of
rock mass ] J |. Water Resources and Hydropower Engi-
neering,2018,49(S1) :7-13. (in Chinese)
CUNNINGHAM C. The Kuz-Ram model for prediction of
fragmentation from blasting ] C ] // HOLMBERG R,
RUSTAN A. Transactions of the First International Sym-
posium on Rock Fragmentation by Blasting: Vol.2 L lea,
Sweden: L lea University of Technology,1983.439-453.
KULATILAKE P H S W, WU Q,HUDAVERDI T, et al.
Mean particle size prediction in rock blast fragmentation
using neural networks ] J ]. Engineering Geology, 2015,
114(3) :298-311.
ASL P F,MONJEZI M, HAMIDI J K, et al. Optimization
of flyrock and rock fragmentation in the Tajareh lime-
stonemine using metaheuristics method of firefly algo-
rithm ] J |. Engineering with Computers, 2018,34 (2) .
241-251.
HMI, BT BEHLAR AR B AT [T ], SRR,
2013,2(1) :1-7.
DONG Shi-shi, HUANG Zhe-xue. A brief theoretical over-
view of random forests ] ] ] . Journal of Integration Technol-
ogy,2013,2(1) :1-7. (in Chinese)
BFHE,E T, P S SET LSSVR A 1R
HeEE BT[] B ,2016,33(3) :36-40.
SHI Xiu-zhi, WANG Yang, HUANG Dan, et al. Based on
LS-SVR rock blasting fragmentation prediction[ J ]. Blas-

[11]

[11]

[12]

[13]

[14]

[14]

[15]

[15]

ting,2016,33(3) :36-40. (in Chinese)

BFEELE i, R, A B BRSO B 2
KA T ) SR ) LT 25 (92 30) [T ] Transactions
of Nonferrous Metals Society of China,2012,22(2) .
432-441.

SHI Xiu-zhi,ZHOU Jian, WU Bang-biao, et al. Support
vector machine method for predicting average particle
size of rock broken by bench blasting ( English) [ J].
Transactions of Nonferrous Metals Society of China,
2012,22(2) :432-441. (in Chinese)

HUDAVERDI T, KULATILAKE P H S W, KUZU C.
Prediction of blast fragmentation using multivariate anal-
ysis procedures [ J ]. International Journal for Numerical
and Analytical Methods
35(12) :1318-1333.
FATHE, RAOG. HE T RENLARAR 5 J7 1 A R e 2
BRI S ()] K Jg v 241z, 2020,39 (1) : 89-
101.

WANG Ren-chao, ZHU Pin-guang. Study on prediction

model of blasting fragmentation based on random forest

in  Geomechanics, 2011,

regression method [ J ]. Journal of Hydroelectric Engi-
neering,2020,39 (1) :89-101. (in Chinese)

WHEEIE, IR A, & ¥, 4. LOO-XGboost 45271 il
FAMRBERIEL T ] B ,2022,39(1) < 16-21.

Ye Hai-wang, Hu Jun-jie, LEI Tao, et al. Prediction of
rock fragmentation by loo xghoost model [ J ]. Blasting,
2022,39(1) :16-21. (in Chinese)

BRI, AR, A0 R T, AR R T RO A2 A Y KU
P Rp AR e £ 07k [T ] i 5 LR, 2019,
56(10) :87-92.

LI Jun-ging, LI Qiu-jia, SHI Tian-yu, et al. Feature se-
lection method of wind power prediction based on Data
Mining [ J ]. Electrical Measurement and Instrumenta-
tion,2019,56(10) :87-92. (in Chinese)



	爆破2302目录
	爆破2302


 
 
    
   HistoryItem_V1
   PageSizes
        
     动作：   使所有页面大小相同
     缩放：    不缩放(裁切或填补)
     旋转：                不变
     尺寸： 8.268 x 11.693 inches / 210.0 x 297.0 mm
      

        
     AllSame
     1
            
       D:20230511095546
       841.8898
       210X297
       Blank
       595.2756
          

     Tall
     1
     0
     0
     747
     284
    
     qi3alphabase[QI 3.0/QHI 3.0 alpha]
     CCW
     None
            
                
         2
         AllDoc
         4
              

       CurrentAVDoc
          

      

        
     QITE_QuiteImposingPlus3
     Quite Imposing Plus 3.0
     Quite Imposing Plus 3
     1
      

        
     0
     232
     231
     232
      

   1
  

 HistoryList_V1
 qi2base





