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Abstract

In this study, machine learning models were developed to predict air overpressure resulting from
blasting in an open-pit mine. A total of 924 blasting data were collected from an open-pit mine at the
Mt. Yogmang located in Changwon-si, Gyeongsangnam-do, Korea. The blasting data consisted of
hole length, burden, spacing, maximum charge per delay, powder factor, number of holes, ratio of
emulsion, monitoring distance and air overpressure. Four algorithms including k-nearest neighbors
(KNN), random forest (RF), extreme gradient boosting (XGBoost) and deep neural network (DNN)
were used to train the machine learning models. Mean absolute error (MAE), mean squared error
(MSE), and root mean squared error (RMSE) were analyzed to evaluate the performance of the trained
models. As aresult, the RF model showed superior performance with MAE, MSE and RMSE of 4.938,
42.032 and 6.483, respectively.
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el W A WAl Wt 2kl 0.2 s Hayek o
7]4~2air overpressure), TI}AF, H] AL ol x| &3]
T} 314 of| 18l = = 4= 9lthKhandelwal and Singh, 2005;
Monjezi et al., 2011; Rezaei et al., 2011; Roy et al., 2011;
Armaghani et al., 2015a; Ebrahimi ef al., 2016). £3], &
T} SA o] o3k FAT 71 §gkE WSt tr] s
2 AR A7 9, W 9 7 e 7ol S AR A
o, 2H A F3E ol T AN A E S 5
1tiKhandelwal and Kankar, 2011; Mohamad et al.,
2016). whepA] HabA] A 4= Q= 71480 2715
A dA ol A | &sto] T A] th @S =Hl= A
o] s,

gk b At o7 48] 3715 lSshe 7]
wHoll st A1V} the =3 = A ck(Siskind er al., 1980;
Hustrulid, 1999; Kuzu et al., 2009; Hajihassani et al.,
2014). 7120] A5 A)kek Hrhgorermt o] 44 2l 2
st 7| g A& 4= Qe ARAS e 2

o] AAIskeict:

3

Aop = HDpw ") (1)

714 A0p= t7]42(dB(A)), D= Lo 2R E
9 o] AAE(m), W= AU 2| hdoFd(kg/delay) o]ct. b
= R gHAEA ] (Square Root Scaled Distance, SRSD)
5 AgA 12, A 2AEAZ(Cube Root Scaled
Distance, CRSD)E &-&A]oll= 1/30]t}. He} @ = et
9 ot 23of| w2 A4S QJu|ghci(Table 1). L2t
BE Ao AL ol |4 S o 2L Heter)
=A] gt Husk¢itiKhandelwal and Singh, 2005;
Khandelwal and Kankar, 2011; Armaghani et al., 2015a;

Armaghani et al., 2016; Hasanipanah ef al., 2016;
Hasanipanah et al., 2017; Armaghani et al., 2018).

o|f3t HAIE F&317] fl8f HZol= wAaled Hde
o] &3t th7] g of| Sl T A7} 2dhe] ZFY AL gl
t}. Khandelwal and Singh(2005)+= T} 1U|A}O| E AL
Al % 56719] Wt glo] e & o]-&sto] t7]age] 2
71& A&8 4= 9= Q-3 A1 7 W artificial neural network,
ANN) g8 79Fs}it) Armaghani ef al.(2015b)= =
Hapatell A 1287 Wk o]l 2 215 te] that el
(A Z ook, vlers, A4, A, o]
AA)et 7k 7o) (7] = ¥ ANFIS
(adaptive neuro-fuzzy inference system)-2 7|45} ct 1
Hhofl = Wk g Qg tf7] 488 ASs7] 213t Ml
gl Jde] #gt A5t7t vl 3 E ST Armaghani et
al.,2016; Hasanipanah et al., 2017; Nguyen and Bui, 2019;
Nguyen et al., 2020). Table 2=t 7] 42 of| &8 WAl Y
wel Z pelste] 71E A7Sol saE X e=7h, A}
8 o] 5 o] 4, TET AAFEY] F5E Holzrt T
U afje] dts@te 2l slolAs t7las dgS
Azt w4l md sl et A7t vl gk Aol

2 AFolM= = =1 Z Aol A 2012'E 9UHH
20181 8¥7kA] =315 92471 2] whw} WU EF glolEl S
o]-g-sto] WA WA et= th 7|25 5T = =T
Al 2elg stk Aa, A4, 3304, A
3 2|t ere, vlerd, S5, ok slok F old A H
oFo] v, o|AAE 249 JYRIRtE ARSI, 4
Z9] WAlYY ¢alE]& =, kNN(k-nearest neighbors),
RF(random forest), XGBoost(extreme gradient boosting),
DNN(deep neural network)2 ©]-8-3}o] &S T3}
o 2UE 450 mAled mae ohr|ag oS Al
ulastol 7Aool A AMEE 4 9l Ko vAle)
2L Arstel

(6]

ol

Table 1. Values of H and 8 used in the empirical formula for air overpressure prediction in previous studies

Reference Rock and blasting conditions H B
Quarry blasts, behind face 622 0.515
Siskind et al. 1980 Quarry blasts, direction of initiation 19,010 1.12
Quarry blasts, front of face 22,182 0.966
Hustrulid, 1999 Detonations in air 185,000 1.2
Quarry blasts in competent rocks 261.54 0.706
Kuzu et al. 2009 Quarry blasts in weak rocks 1833.8 0.981
Overburden removal 21,014 1.404
Quarry blasts, front of face (distance of 300 m) 10,909 1.09
Hajihassani et al. 2014
Quarry blasts, front of face (distance of 600 m) 959.48 0.45

= A58 A
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Table 2. Study area, the number of data and features considered in previous studies for predicting air overpressure using machine
learning models

Referen thngierllws ! Armaghani  Armaghani Hasanipanah Hasanipanah Nguyen and Nguyen et
clerence ”2005“5 > et al., 2015b et al., 2016 et al., 2016 et al., 2017 Bui, 2019 al., 2020
Mirzapur  Kulai, Senai
. Kerman Kerman .
and and Kota  Rafsanjan . . Ha Long Hanoi
Study area (country) . . Province Province . .
Pitoragarh Tinggi (Iran) (Iran) (Iran) (Vietnam)  (Vietnam)
(India) (Malaysia)
Number of data 56 128 70 77 83 114 146
Maximum charge
o o o o o o o
per delay
Monitoring
. o o o o o o o
distance
Burden o o o
Spacing o o
Feature Powder factor o o o
Bench height o
Stemming o o o
Number of holes o
Vertical distance o
Air humidity o
BT

x| 2 GloJef

AP AEE FUA Gl Ak e
ZJA2H35°05'12"N, 128°47'24"E)S AR |Ho 2 AA
Shick(Fig. 1). S9AF G4pe] st of 200mo]u,
28 ZAH=20-40° F=olch. A7 0] Aot 2
ofli= Qhatela} fEglo] 2 Hastm, ok Zofl A= At
Ao 2 Bash 37k B 4= Qltk(Lee et al., 2001). A+

A of] T3t 2712 21 A7 -2 Jung and Choi(2021)9]] AJA] Fig. 1. Bird's-eye view of the study area.
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AA ol T t7| 4 4 S 7155k o= A& Alejshd mAleyd e Aol &8 7t

B Aol M x| edol s A B wuh /2 & Yo]d i 9247k Table 32 A HlolH ] ¢
Hejotol vAlelyd mel S ojgh dlole] MBS Algt  2MgobEeluigo] oist 5414 S4S HolF e, Fig. 2
ahoick A2he Hlole] B 8o Ao} 1ol & th7]Aga} 2t 9 ui4 7he] kA Pearson AT

Suisz LY s7le dEUAE ABH AR T FOS RAIETh grledat Zte] et Aus
7VA, A Achorey, wlaoRy, 84 ol WAZer R ATWAYL gAY okt S0 JUAAE R
Hg, o[z elolch. of7| A o AEpl & oEAu & AFOIAE F HlofE] 9247 F 80%(7397)F B
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S onjPth EHsR e 7S SEUS ARSIl EHllH AIER ARSI
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Table 3. Basic statistics of data sets used for developing machine learning models

. Statistics
Type Feature Unit - -
min Ql median mean Q3 max STD
Hole length m 3.2 9.0 9.0 9.1 10 13.8 1.9
Burden m 1.2 2.6 2.8 2.6 2.8 2.8 0.3
Spacing m 1.9 2.8 3.0 2.9 3.0 3.0 0.2
| Maximum charge per delay kg 1.0 15.0 22.0 19.6 25.0 29.8 6.7
nput
i Powder factor kg/m®>  0.128 0.333 0.357 0.342 0.364 0.795 0.051
Number of holes 10.0 60.0 90.0 92.8 120 252.0 45.6
Ratio of emulsion 0.028 0.388 0.684 0.650 1.000 1.000 0.324
Monitoring distance m 80.0 3125 420.0 400.0 520.0 780.0 129.6
Output Air overpressure dB(A) 44.7 55.0 59.5 61.6 67.8 84.1 8.3
15 3 3.5 .36
125 Spes of 25 |- ORI 3 St Eso
E iz cemamnliirense £25 @aootormSamme §24 ”
% | |5 SIEIO! % el g
5 7.5 gls 5 2 o b @ alews oo ;18
§ 5 ‘m a e S1s Elz
25 [ 2ST0 e 05 1 £
r=-0.0891 r=-0.1899 r=-0.1675 s e st oqiamoss
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Fig. 2. Correlation between the input ((a) hole length, (b) burden, (c¢) spacing, (d) maximum charge per delay, (¢) powder factor,
(f) number of holes, (g) ratio of emulsion, and (h) monitoring distance) and output (air overpressure) variables.

Hilald ¢malE

2 9] Lof| Al = kNN, RF, XGBoost, DNN &1 8]&-2 AL
ot d7]4F dl&S g Halgy R A
Th KNN B33 w2 of] ARg-Eli= Zhekgh A mah it
o]t Quiros ef al., 2017). T2 dlo|g|o)| 4] k7] ZE
S A3 Z 713 71712 0] 2(neighbors) S 7|20 2 o
2o st} wheba] 71 71k 0] 98 AAEl=t] A
B == Aol wet ol S Fekw=rF depxltPandyaer al.,
2013). KNN-2 &3 d|oJe] & n]2] Sl5ahA] oFal &
7HA 2L Qlekrt 2k e A o) Qg o] S5-S =3sH | Wi
o]| A 2.2 Sh(lazy learning) H@lo]@}al % $H(Elevado

= A58 A

etal., 2018).

RF ielae B9z A4e Sue
(decision tree) 52 s} Z-2 dlLt9]
& Sk shte] o]
El=H F2 2o, vaek
el 7Pgaie RFE: 2% EejolAe] 5 AAES
o] o %t BAE LD 5 k= AR o] AeH(Yoon et
al., 2018). 27} A] 2 XGBoost = 4~ W2 A4 ETES
HEA st ok mshe darESolth EAYE
Bl A4 BAled U FA% 4 glow] 9l 2
A £219] 9 58 Mefsto] 7HEA B ALREC 24 Q144




=4 AE A7l CdS5e

Q1 k0] 7R sieh o]
DNN-2 Q179 A7 2 0f| A
o} §AReH Hej 2 RS Aejshs ol
£4n El"ol‘i} A9 dole= 9%,
5 PRE AL B 59 413
52 T8 A B4 SR 2UF
theFsiA 2AgFo = 249 dud =Y
tl(Yoon et al., 2018).
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2 Aol A= HAl Y el &H I o)A shg| o]
E] JIEE 0]-&35F 57 A} Z(5-fold cross validation)2-
Seisioict. shrtlolEl S thal 22 tieo] o] &
Yl2e iy Rds —@%5}3—’, U] g NE A5
dlole] =2 AMgalo] Eel7} A% e
ShFig. 3). 0|35 AAAZL B oH skEdlolE AME
o Hlolg & BT HF HlolE AER AFEE 5= QLSITh

wAled 2 7dstr] siAe mAleY gagE
ol SEGHE Thoret w S o) A s B et
QItH(Park et al., 2021). 2 o] A= Table 42} Zro] &1
252 ol jRise] hS wishA)7 | RA B o 2 oAl

L R

Fold 1

ol maleld mel s 63
oy mel ERS 533 T 79| s g Ay
gick.

d4s4t

2 AollA= Bl AN et A e detd o s
A== MAE(mean absolute error), MSE(mean squared
error), RMSE(root mean squared error)E ©|-&35}o] HAl
2hd 2B BAASISICE H2)~ 4 22 MAE, MSE,

RMSES] AAbAjolt). of 7] A n& AA A= 4 h(z)
LR A 0] o 27k, o= iR AE 0] AZ7HS oju]
e
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Fig. 3. Typical diagram of 5-fold cross validation.

Table 4. Values used for parameter tuning in machine learning algorithms

kNN RF XGBoost DNN
Parameter neighbors depth & estimators depth & estimators hidden layer / nodes
Min 1 100 100 1/20
Max 300 500 500 5/ 60
Step +) 1 (+) 50 (+) 50 +) 1710

A5 A=
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Fig. 4. Variations of training accuracy with parameter changes. (a) kNN. (b) RF. (c) XGBoost. (d) DNN.
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Fig. 5. Correlation between the predicted and observed values of air overpressure. (a) kNN. (b) RF. (¢c) XGBoost. (d) DNN.
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52 B7F8FAAT. Fig. 5ol A kNN 2l o Sghat A 54k
o] gloJe] i B of|Sgko] ¢F 55dB(A) 2} 68dB(A)ol|
e 2SI ¢ ek 22 o 2 kNN 29 A
Ot L R] Al 7HA] 2 ol Egko] UK Fho g HFy
A kAL A= A] o2 A& ERIT 4= Qlrk TLE{URF,
XGBoost, DNN 2 El%= o Z7}3} AZzko] AiAl5(R?)
7} 77} 0.41,0.34, 0.40 2 F-4 =] o] okt 1A 5 714
= Ao & Uelth &, A53at oS4k EA A E
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31 57t A E 2 AMESEMAE, MSE, RMSE7} T2
Al F579] o] vjal} oA s 93 Z o8 Lkt
th. whehA] 2 Aol A= RF HAS AEA] 9] 7] 4
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o] FAANA AW H R o =2A o|AE= AL
Qg 4= 919l o, AAAGR) E RF ] Avbr et Af
oo Askeh. ABAL olgat 74 of2 Aol
Rz 2 BAst A7 MAELE 13.506dB(A), MSEL:
240.666dB(A), RMSEX= 15.513dB(A)& UFebdk(Fig.
8). wheba] & A-tof| 4] 7EE RF R Q] tf 7] 4 oS /]
5ol 7129 @Al o] vl %t Ao 2 e

FHE AFA oA = 20223 HF 2033 d7E4] 12E7T
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Table 5. Example of blasting design values input to the developed RF model

Hole length Burden Spacing Maximum charge Powder factor Number of holes Ratio of
(m) (m) (m) per delay (kg) (kg/m?) emulsion
6.4 2 23 0.29 20 1

Air Overpressure (dB)
20 721 %

L

siskind et al., 1980 RF
model
(a)
Air Overpressure (dB)
250
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w 150
0
= 100
50
oL Il
sSiskind et al., 1980 RF
model
(b)
Air Overpressure (dB)
20
15
w
210
(3
5 —L
0
siskind et al., 1980 RF

model

(¢)

Fig. 8. Comparison of prediction performance between the
empirical equation and RF machine learning model. (a)
MAE. (b) MSE. (c) RMSE.
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Fig. 9. Predicted air overpressure according to monitoring
distance when the blast design values in Table 5 are input
to the RF model.
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