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Fragmentation Prediction of Rock Blasting by LOO-XGboost Model
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Abstract; In order to solve the problems of insufficient data utilization and large fluctuation of prediction accura-
cy in predicting rock blasting fragmentation using machine learning method under the condition of small samples, a
LOO-XGboost model is built by Python 3.7 ,which combines the leave-one-out method(LOO) with the eXtreme Gra-
dient Boosting( XGboost ) algorithm. Firstly,31 sets of blasting data are selected for training and prediction. By call-
ing different parameters,the optimal built-in parameters of the model are obtained as follows: tree model as solution
method, the learning rate of 0. 30, the number of decision trees of 50, the maximum iteration depth of the decision
tree of 3 ,the minimum sample number of leaf nodes of 3 ,and the random sampling ratio of 0. 8. Through comparing
the prediction results with the support vector machine regression(SVR) , BP neural network ( BPNN) , random forest
(RF) model and XGhoost model under 10 fold cross validation under the same conditions,the LOO-XGboost model
has significantly higher prediction accuracy than the other four models. The correlation coefficient, root mean square
error,and average absolute error are 0. 9128 ,0. 0587 and 0. 0342, respectively. The results show that the LOO-XG-
boost model can not only guarantee the data utilization in the case of small samples,but also improve the prediction
accuracy,and it is suitable for the prediction of rock blasting framentation.
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Table 1 Blasting data samples
No S/B H/B B/D T/B  PF/(kg-m™) XB/m E/GPa Xy /m
1 1.24 1.33 27.27 0.78 0.48 0.58 60. 00 0.37
2 1.24 1.33 27.27 0.78 0.48 0.58 60.00 0.37
3 1.24 1.33 27.27 0.78 0.48 1.08 60. 00 0.33
4 1.24 1.33 27.27 0.78 0.48 1.11 60.00 0.42
5 1.17 1.50 26.20 1.12 0.30 0.68 45.00 0.48
6 1.17 1.58 26.20 1.22 0.28 0.68 45.00 0.48
7 1.17 1.96 26.20 1.30 0.34 1.56 45.00 0.75
8 1.17 1.75 26.20 1.31 0.29 1.56 45.00 0.96
9 1.00 2.67 27.27 0.89 0.75 0.83 50.00 0.23
10 1.00 2.67 27.27 0.89 0.75 0.78 50.00 0.25
11 1.00 2.40 30.30 0.80 0.61 1.02 50.00 0.27
12 1.00 2.40 30.30  0.80 0.61 0.75 50.00 0.30
13 1.13 5.00 39.47 1.93 0.31 2.00 45.00 0.64
14 1.20 6.00 32.89 3.67 0.30 2.00 45.00 0.54
15 1.20 6.00 32.89 3.70 0.30 2.00 45.00 0.51
16 1.24 1.33 27.27 0.78 0.48 1.11 60. 00 0.47
17 1.13 5.00 39.47 3.11 0.31 2.00 45.00 0.64
18 1.00 2.67 27.27 0.89 0.75 0.77 50.00 0.25
19 1.25 2.50 28.57 0.83 0.42 0.50 13.25 0.18
20 1.28 3.61 18.95 1.67 0.89 0.61 16.90 0.20
21 1.20 4.80 28.09 1.20 0.72 0.29 16.90 0.14
22 1.20 4.00 28.09 1.60 0.49 0.81 16.90 0.16
23 1.00 2.83 33.71 1.00 0.48 0.45 15.00 0.27
24 1.20 2.40 28.09 1.00 0.53 0.86 15.00 0.14
25 1.20 2.40 28.57 1.00 0.53 0.44 15.00 0.14
26 1.20 2.40 28.09 1.00 0.53 0.44 15.00 0.20
27 1.25 1.33 27.27 0.83 0.42 1.11 60. 00 0.47
28 1.13 5.00 39.49 3.1 0.31 2.00 45.00 0.64
29 1.10 2.40 30.30 0.80 0.56 1.23 50.00 0.44
30 1.00 2.67 27.67 0.89 0.75 0.79 50.00 0.25
31 1.25 6.25 31.58 0.63 0.48 1.03 32.00 0.20
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Fig. 1 Flow chart of model establishment
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Table 2 Comparison of prediction results under different models

No SBRE LOO- LOO- LOO- 10FLOD- LOO-
(X5)/m SVR BPNN RF XGboost XGboost
1 0.37 0.33 0.30 0.35 0.38 0.37
2 0.37 0.33 0.30 0.35 0.38 0.37
3 0.33 0.51 0.49 0.45 0.47 0.45
4 0.42 0.44 0.49 0.56 0.47 0.48
5 0.48 0.56 0.52 0.48 0.58 0.50
6 0.48 0.58 0.54 0.52 0.59 0.51
7 0.75 0.82 0.64 0.68 0.83 0.85
8 0.96 0.67 0.58 0.60 0.68 0.69
9 0.23 0.32 0.27 0.25 0.24 0.25
10 0.25 0.31 0.25 0.25 0.25 0.25
11 0.27 0.40 0.34 0.30 0.25 0.27
12 0.30 0.34 0.26 0.27 0.24 0.27
13 0.64 0.56 0.57 0.65 0.66 0.68
14 0.54 0.50 0.62 0.60 0.62 0.52
15 0.51 0.50 0.64 0.63 0.62 0.55
16 0.47 0.44 0.48 0.43 0.45 0.45
17 0.64 0.54 0.61 0.62 0.65 0.64
18 0.25 0.31 0.25 0.25 0.25 0.25
19 0.18 0.23 0.22 0.23 0.24 0.22
20 0.20 0.30 0.12 0.20 0.31 0.21
21 0.14 0.22 0.12 0.17 0.17 0.14
22 0.16 0.27 0.22 0.17 0.29 0.12
23 0.27 0.31 0.21 0.24 0.26 0.25
24 0.14 0.30 0.32 0.21 0.19 0.13
25 0.14 0.20 0.20 0.18 0.21 0.16
26 0.20 0.25 0.16 0.22 0.25 0.21
27 0.47 0.47 0.48 0.44 0.45 0.46
28 0.64 0.54 0.62 0.63 0.63 0.63
29 0.44 0.47 0.37 0.39 0.37 0.44
30 0.25 0.31 0.25 0.25 0.25 0.25
31 0.20 0.36 0.18 0.26 0.18 0.20
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Table 3 Comparison of evaluation indices

iR LOO-SVR LOO-BPNN LOO-RF 10FLOD-XGboost  LOO-XGboost
R? 0.7478 0.7321 0. 8160 0.8320 0.9128
RMSE 0. 0998 0.1029 0.0853 0.0814 0. 0587
MAE 0.0813 0.0745 0.0531 0.0572 0.0342
HRAE F R B PEAN 45 R AT, LOO-XGhoost 28 LR iBA BRI AT Lo
T 5 1 8 Ml R J3E 0 R0CSR i , R {0 0. 9128,
S 2 3Lk ( References)

RMSE 7 0. 0587 ,MAE g 0. 0342 , i Hifl A 51 11y R
{43524 0. 7478 0.7321.0. 8160 0. 8320, RMSE 4}
724 0.0998 .0. 1029 0. 0853 .0. 0814 , MAE 43 3
0.0813.0. 0745 .0. 0531 0. 0572, £ | LOO-XGboost
TIDRS 3 5 H b R AR oA A KR, I AR T
FEHRBE AU [A) 28I XGboost 5.7 b SVR (BPNN | RF
HAL,LOO b 10 4728 IRk AL o

4 ZHie

(1) A Python 3.7 %A 37 LOO-XGboost
YT A PR 2 1) 5000, e e 1 s A R A3 AN
A B, BN ZRUCEOA R TR

(2) MRAEPFANFE R X L5 R AT 00 SCR HE P
4 :LOO-XGboost > 10 728 X 5 fIF XGboost > LOO-
RF > LOO-SVR > LOO-BPNN, H: At LOO-XGbhoost 1%
ROFFIN (41 77 15 224 K 0. 0587 HAH K REGEF] T
0.9128 , UL 1 B R Pl

(3) LOO-XGboost #5Y 5573F ] 1 Fr A7 B4l ,
A ey, HBS R BEVE N LU S0 P RAR (X )
FAE, WP A R A 8 SR PR A s

GHEIBIE S, AGHABABAEI H, HOSEINIE S H, et al.
Modified Kuz-Ram fragmentation model and its use at the
Sungun Copper Mine [ J]. Int J Rock Mech Min Sci,
2009,46(6) :967-973.

O WFEBLBROB, S BT GEP MEERE [ By
PR RE AR R[] ] J 0 ,2015,32(2) :82-88.

NIE Jun,SHI Xiu-zhi, CHEN Xin,et al. Prediction model
of bench blasting fragmentation based on GEP in open-pit
mine[ J ] . Blasting,2015,32(2) :82-88. (in Chinese)
WFEE,E T, S, AR BT LS-SVR A AR
FEWIN[T]. 410%,2016,33(3) :36-40.

SHI Xiu-zhi, WANG Yang, HUANG Dan, et al. Based on
LS-SVR rock blasting fragmentation prediction[ J]. Blas-
ting,2016,33(3) :36-40. (in Chinese)

BFEE A, REAR, . B BRI Y
RS TR ) S 1) H AL T % (J30) [J ). 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 ]. Transac-



H39% A1

HHREHE W AN, T

%, % LOO-XGboost 551 5 7 HR i e 21

[7]

[9]

[10]

[11]

[11]

tions of Nonferrous Metals Society of China, 2012,
22(2) :432-441. (in Chinese)
X BH EHURE, AR , 5F. iz I BEPLAR KA GA-BP
PRZE 2 B A R [T . OB 5T 4,
2021,41(1) :135-140.
LIU Yang, TAN Kai-xuan, GUO Qin-peng, et al. Using
random forest and GA-BP neural network to predict rock
blasting fragmentation[ J]. Mining Research and Develop-
ment,2021,41(1) :135-140. (in Chinese)
BB AR AT U7, S T SSSURAE A AR
B E SVM BRI RE w52 [T . HR,2018,35(3)
74-79.
TANG Yue, XU Qu, KE Bo, et al. Optimization of SVM
model of rock fragmentation based on cross-validation
[J]. Blasting,2018,35(3) :74-79. (in Chinese)
BN, S M L SRS BT RBE i 28 [ 2% (14 8 K47
FEBCR B DT 5E [T ] A Ak, 2020,29 (1) - 81-
84.
LIU Xiao-bo, YUAN Peng-zhe, ZHANG Xing-fan. Re-
search on the prediction of blasting effect of open-pit
mine based on RBF neural network [ J ]. China Mining,
2020,29(1) :81-84. (in Chinese)
R KR, IR, SRR R SVM i
MAREAIWETE [T ]. 0 BF 5 5 JF %, 2010,30 (5 ) - 97-
99.
PAN Yu-zhong, ZHANG Yi-ping, WANG Qiang, et al.
SVM prediction model of bench blasting fragmentation
[J]. Mining Research and Development,2010,30(5) .
97-99. (in Chinese)
EATE, AR O T REALARAR [ U5 7 3 ) A s R
BRI T [ ]. K ) K241k, 2020, 39 (1) + 89-
101.
WANG Ren-chao, ZHU Pin-guang. Study on prediction
model of blasting fragmentation based on random forest
regression method [ J ] Journal of Hydroelectric Engineer-
ing,2020,39(1) :89-101. (in Chinese)
CHEN Tian-qi, CARLOS Guestrin. XGBoost: a scalable
tree boosting system. [ J]. IEICE Transactions on Fun-
damentals of Electronics , Communications and Computer
Sciences 2016 ,abs/1603. 02754.
BRI PREE R, 5k 53, 4. BT XGBoost HIHR 5 &
LIBS S63% 70 U0 07 35 [T ] Otil =7 5O o i,
2021,41(2) :624-628.
LI Chen-yang, CHEN Xiong-fei, ZHANG Yong, et al.

Classification and identification method of aluminum al-

[12]

[12]

[13]

[13]

[14]

[14]

[15]

[15]

[16]

[17]

[17]

loy LIBS spectrum based on XGBoost[ J ]. Spectroscopy
and Spectral Analysis,2021,41(2) :624-628. (in Chi-
nese)

FUR T BT, %K, 4. XGBoost S IATE B P
U I R R A S [ ] A ik sk gy B
€,2019,54(2) .447-455.

YAN Xing-yu, GU Han-ming, XIAO Yi-fei, et al. Appli-
cation of XGBoost algorithm in logging interpretation of
tight sandstone gas reservoirs[ J ]. Petroleum Geophysi-
cal Prospecting,2019,54(2) ;:447-455. (in Chinese)
e, L, fL A, 5. JE T CRITIC-XGB 1%
PR R ] S5 R O A AL [ T). 5 A )2 5 TR
#2,2020,39(10) :1975-1982.

XIE Xue-bin, LI De-xuan, KONG Ling-yan, et al. Rock-
burst tendency grade prediction model based on CRIT-
IC-XGB algorithm [ J ]. Chinese Journal of Rock Me-
chanics and Engineering,2020,39(10) :1975-1982. (in
Chinese)

AR R A H B I, A5 BN 1 SCRE R B
B S A AR AE S UM T [T ] iU 4l
(f5 BRFR) ,2020,45(8) :1233-1244.

ZHANG Fu-hao,ZHU Yue-yue,ZHAO Xi-zhi, et al. Re-
search on spatial distribution characteristics and identifi-
cation of landslide hidden danger points supported by
geographical factors [ J ]. Journal of Wuhan University
(Information Science Edition ), 2020, 45 (8) . 1233-
1244. (in Chinese)

FURT, B, R K, 5. XGBoost H L TE S 1P
R I S R R A NP [ ] A ik 3k gy B 3t
,2019(2) :447-455.

YAN Xing-yu, GU Han-ming, XIAO Yi-fei, et al. Appli-
cation of XGBoost algorithm in logging interpretation of
tight sandstone gas reservoirs [ J |. Petroleum Geophysi-
cal Prospecting,2019(2) :447-455. (in Chinese)
HUDAVERDI T, KULATILAKE P H S W, KUZU C.
Prediction of blast fragmentation using multivariate anal-
ysis procedures [ J ]. Int J Numer Anal Methods Geo-
mech,2011,35(12) ;1318-1333.

EWEE, 5K 58, BRI, 5 BT B AIE SRR
HRET XGBoost Bt I3 iAW FE L) ]. T PR, 2020,
47(8S2) :454-458,463.

WANG Xiao-hui,ZHANG Liang, LI Jun-qing, et al. Re-
search on improved method of XGBoost based on genetic

algorithm and random forest [ J ]. Computer Science,

2020,47(S2) :454-458 ,463. (in Chinese)

EX A TR RS





