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ABSTRACT
Received: November 22, 2021 In this study, a model was developed to predict the peak particle velocity (PPV) that affects
Revised: December 10, 2021 people and the surrounding environment during blasting. Four machine learning models

using the k-nearest neighbors (kNN), classification and regression tree (CART), support vector
regression (SVR), and particle swarm optimization (PSO)-SVR algorithms were developed and
compared with each other to predict the PPV. Mt. Yogmang located in Changwon-si,
Gyeongsangnam-do was selected as a study area, and 1048 blasting data were acquired to
train the machine learning models. The blasting data consisted of hole length, burden,
spacing, maximum charge per delay, powder factor, number of holes, ratio of emulsion,
monitoring distance and PPV. To evaluate the performance of the trained models, the mean
absolute error (MAE), mean square error (MSE), and root mean square error (RMSE) were
used. The PSO-SVR model showed superior performance with MAE, MSE and RMSE of 0.0348,
0.0021 and 0.0458, respectively. Finally, a method was proposed to predict the degree of
influence on the surrounding environment using the developed machine learning models.
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AFOIM = LTp Al At =8 SHH0| F3F2 7| 2|= LTt2lE (peak particle velocity, PPV)E O
25t 2SS Y50 PPVE 0|23517] 2I5H kNN(k-nearest neighbors), CART(classification
and regression tree), SVR(support vector regression), PSO(particle swarm optimization)-SVR
L2|SS 0|85 4712 t4lfd RS Jidot o5 H|wotRACt Diled RS S&st7| sk
A A0 U= 84S ARAFe2 MESI D 1048712 YTt G|0|&E &l SotRiCt. gt
GOl e dad, M, S, 2|oiA|gaekey, H|dordr 234 OB HH|E, 0|472|, PPVE +
Me|Qict &=l REEOS| M58 TItet| flt A HE 4422 MAE(mean absolute error), MSE
(mean squared error), RMSE(root mean squared error)E A2stRACH H7+21F PSO-SVR 2&0|
MAE, MSE, RMSEZ} 2f2+ 0.0348, 0.0021, 0.04582.2 71 245t 0|2 M58 LIEtICT OFz|at
o=z feE o4l d RS 0|85t TH S F0l| FES 7|2 = Y= E OS5t WHE AXSHUCE.
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774 5l 3] Hopolil= At 2215 It Hulat}io] RIKSHA -3 et. Hulztefo] =3i]H B4 d(flyrock), A5t 21
(ground vibration), TH7] A=2(air overpressure) 50| 'WAYcto] FH 2] SPFa Aol A] WoiE & 4= glon g ZhEst o7t
Q35K Coursen, 1995, Chen and Huang, 2001, Gad et al., 2005). 53], ‘Hu}2}¢] o 2 Q5] Hsh=
T2 Qg Adoll S A 4= 9lom, o] = QIR EA2 AR AR AsS EE 4= Qth(Lee, 2017). whEbA] 'l AA] A
A6t 2150 A R E dlEste] mohE oisk= 22 A4 3 3] Eoke] Aol SHHellA] ui¢-F-asith

TpzlEo] Hup B4 ol2d o siish] 9fdll 252 Fdoks 9 QIAke} olAAR o WiE 5 (peak particle
velocity, PPV)S] ARHEHAIE BA49F A7 t=r ==tk Morris, 1950, Habberjam and Whetton, 1952, Duvall and
Fogelson, 1962, Devine and Duvall, 1963, Attewell et al., 1965, Ambraseys and Hendron, 1968, Dowding, 1971, Gustafsson,
1973, Ghosh and Daemen, 1983, Roy, 1991, Agrawal and Mishra, 2019). 1 A3} 7|&2] AL5-2 At Z|cfelgat 2910

2RE|0] o] A7) Qg Al skl PPVE ol 58 4+ Qs Theat 2 AR ANIsknt

V= K(ﬁ)n )]

Sl EE=ARE onfRith T3 b A5t 2HEAE|(Square Root Scaled Distance, SRSD)E AR 49172, 45 24
712](Cube Root Scaled Distance, CRSD)= AFES 749 1/3-2 AR8<H}. T12fuf o]2sh 442 ote] EA, a7, a4
F|2A A, 31, SRS 5 TR A IARES e 4= $hs A7 3k(Ghasemii et al., 2013, Hajihassani et al.,
2015, Hasanipanh et al., 2015).

olE F5517] flofl Ftelh= MAlRE 7S B8 PPVE dlSsh| 18 A+t v 3= AT Monjezi et al.(2012)
GA(genetic algorithm)=- A-8519 ANN(artificial neural network) =22 Z|Z3l5t & PPVE &= AF-E 53851911,
Armaghani et al.(2018)2 5 7FA] ®*d4)(quadratic, power)& ©|-85l 52 & Wl ICA(imperialist competitive
algorithm) 2] B}/ F7tol= A2 8ottt Nguyen et al.(2020a)-2 U2 Q19 PPVE X5 AAE Foll S75t] At
4 A3 112]E(PSO, particle swarm optimization), GA, ICA ¥ ABC(artificial bee colony) Y11 &|&-S ZH Tjfst
st A5 ARgslo] A 9] dare]E-S Aokttt 1 Hhofl%= SVM(support vector machine), CART(classification and
regression tree), KNN(k-nearest neighbors), XGBoot 5 MA12]1d &112]5S ARSI PPVE d&5517] St thre] A7t 4=
Y= JtH Zhou et al., 2016, Nguyen et al., 2019b, Xu et al., 2019, Nguyen et al., 2020b, Shang et al., 2020, Zhang et al., 2020,
Choi and Lee, 2021). 12t HAl2 7[HS E-83l PPVE AI53t 7|E9] SHE2 ARMEmE 5ol E53t ol 42 40 T
o[eE o] 81t AP et Folhs MAlE Y RS 7 A arefol= b A QIR 7 A S ISHL Q= Aot (Table 1).

&2 AT BA 2 S AL A @l 4] 20123 9BHE] 20191 8 E7ER] = E 10487 9] kil E Ho]elE E-8oto] Wt
Al sk PPVE A5 4 e maled REs 7idshs Zlolr) ot HubdA| QIZRE 112{slo] kNN, CART, SVR
(support vector regression), PSO-SVR ¥12j&-& o8 452 Miled HElS 7idsialal, HEo] oS As Hlu-E 5ol X

20| ojleld RS ARSI
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Table 1. Number of data and factors considered in previous studies for predicting peak particle velocity using machine learning
models

Chandar ~ Nguyen, Nguyen et Fang Nguyen et Nguyen et Shang Zhang Bui et al.,

Reference etal, 2017 2019  al,2019 etal,2020 al,2020a al,2020b etal,2020 etal,2020 2020
Number of data 168 157 68 125 125 185 83 175 83
Maximum charge
per delay X X X X X X X X
Monitoring distance X X X X X X X X X
Burden X X X X X X
Spacing X X X X X X
Factor Powder factor X X X X
Bench height X X
Stemming X
Number of holes X
Hole length X

Ratio of emulsion

2, A4

AR L o=t 7 A Zlslitof SIxIgh 2r4k(35°05'12"N 128°47'24"E).C &2 A5 rk(Fig. 1). -S54k
ST 193.8 mo|H, A 2] HAR= A7 Q] Agdet A sl = FRolAi=20~30°2 H| w4 2telA|g, sliohidS et 34
2] 9-2-30~40°2] 7HiRE 2|3 ZJARE UFERATE AR 2} 54 Fogol] shalell Qhitelat f-Eeto] R, siohks wehdi=
e sPdetol Ao 2 Barstal Itk Lee et al., 2001). TAh= F-4t Al Eo|HEndat 2 24 55 9ol 45 EHH
|2 =0]= 150 mo|th A2 Hol|A=2022 7 E 2033Wd714] 128974419 5 AEo] 20HA] ek vl ekz] 2/dArgde]
21 oot eItz o] A 7S S5) EAN200% m?)2F 44040009 m?)E- |FSH I AeHHAT AR A8} TAE:
Rt EAIR ARSI, A BA] 2] 52025655 mP = H S TkA] 2 ARgE Zolch

o rlo

o

i

Fig. 1. Aerial view of the study area (image source: V-world, https://map.vworld.kr/map/ws3dmap.do)
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3, AP
3.1 22 24| 2 Hio[e] M2

2 Aok HAlR Y-S o851l PPVE cll5st7] S1Rt wAleld RHle] skEHlolelE 87119] d=iiaet 17]9] S8R
(PPV)Z A5 TH Table 2). Hlo|El= 1A <oll4] 20121 9 H 2045 E] 2018 8K 22 U7HA] F46123] Yo7} A|FE S
o] S5t HlolEl =, B8 71t A HE= 37, AR, 1, iAo, v, S8, oldxivlE,
2= 8714 O‘EOM. AR Hol| A= gt A] ofFE =t OH&(ANFO) SRR 3RS ARSIl o m, Aot Bletoll A o
o] AR5k Hle-& 71551t 4 Hlold & F= A YR £/d%ko] oA g B It Hlo]E & A 2JobH, mAled &
g Zidof & 7%%6&%@1101151 T 10487130}, Al ARG FaTo[E] 2] 7|2 SAIFE Table 22+ At Sl5H|o[H HIE
gk mAleld RS AESE] Qlol A4 Hlolel S slsto[e] Al ELFE|IAE Hlo ] HER Wl oH, Sl5To|el= 24|
tlo]e] AlE2] 80% = Aol HIAE HlolE| AEL= 4] Ho[e] NIEL] 20% 2 75T

o]

Y

N

_‘I

fi,

2
™
=

Table 2. Description of data set for training machine learning models and basic statistics of data set used in this study

Statistics
Type Item Unit - -
min Q1 median mean Q3 max STD
Hole length m 32 9 9 9.3 10.5 13.8 1.6
Burden m 1.6 2.6 2.8 2.7 2.8 2.8 0.3
Spacing m 1.9 2.8 3 2.9 3 3 0.2
Maximum charge kg 2 16 2 20.1 25 29.8 6.2
per delay
Input Powder factor kg/m® 0.2 0.329 0.357 0.341 0.368 0.833 0.049
Number of holes 10 63 90 93.9 120 252 437
Ratio of emulsion 0.028 0.407 0.697 0.655 1 1 0.318
Monitoring distance m 67 277 337 325 397 657 85.4
Output PPV cm/s 0.06 0.108 0.143 0.166 0.219 0.335 0.065
(label)

3.2 DiAl2d PR ok o 2g

PPV of|50f| 7 Alelet melS 7S] flsl maled dalelE 43R5 S5AR & 24 0] mdlS Akt 4579 W
A2 472822 kNN, CART, SVR, PSO-SVR-S o|-83}o] B w5tk

* kNN : jilefd Bl & 2afo]w Thiet 2| ol el 5 shte 25 91 3] Aol ARg 4= Q= ook Quiros et

al.,, 2017). KNN-2 Sh5-2 1]e] 5H2] ol A|=-2 Hlof8 9] 21¢] @70 41| o] S5 23Sttt whebA] QIARIA 7]

HE 2y, mle] 7|5t ey S o] A] 2fdolalte it -FARH 2 7Skl thE f1A]of tigt 52 4-fishe o]t

(Elevado et al., 2018). d=FkL

_l

ZH2 &3 glo|E|ollA] k(neighbors)7H 2] HE-S AElSH & 714} 717ke- 0] 9-& 7|50 2 olw

_llNl
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o}, Wb oS A= o2 45 OJu|oh= kgtell wet R, kgkoll 7FE 717k A2 E Alitole wl A== A
ket gtk Pandya et al., 2013).

* CART : Decision tree S 7|§10.2 AR8Sl= HElo]H, 250} 3] EAof| 5 &-go] 7Fset wiileld dlolth. CARTE=
A= 2] Al digt o 7S e Bart glrk Hlofehs MR MRS 5l ¢S wsegtel izt g(elord @)
& 7[Hro 2 At elo|ER EEEH FFA 0 = ofgt ES7FAE ) o] & ARk Fal ofol H siAdskr] 4a, At
57 DUt vk gl k. S5R157F/d 2o 57 Ed(classification tree) 211l 51, A&F4]o|H 21 E
2(regression tree) 2t 3} XA Blo]E] A|EE Zoloh= i EE FE L Eefal oh=t|, FE L E2HE A|Alslo] 292
LI Hlo]E] = S5 et IE 54 92t 242k w7k REE T (Hasanipanah et al., 2017).

* SVR: SVMAlRFH &0 -5 URtelslr] floll 7524 919ls X Aslohe H2lof 7123t mAleld EalgfEolth(Cortes
and Vapnik, 1995). SVM-2 E-7 4 37| ZA o] AR 4= 9).o™ 3] #A12] 74-%- SVR(support vector regression), &=+
=AIe] 73 SVC(support vector classification)2F1l T A} SVR-2 ARH H e QtoflA] 7Hs3H B2 glo[e7F 507 =
S 2= PP 2 3HE Attt AY 217 old -folli= A (kernel) RFE ©1-8510] 7] AHk& F7st] A
4¥51, RBF(radial basis function) 718 ©-8%t SVRZ oI5 RS X[Asts}r| Qfel 28 o Q= w24 CoF
gammaE ZH 5 UK Alpaydin E., 2020). AIE 275k 2lF410] SHYEH ol5-8- Hlo|Bl =& a5t ol52] 4%t
LT7b 0L ARGl Helsht= o] ol

* PSO-SVR : SVRO| mi7fH=E 2|&3lsl7] 9Ial] A w3 Z|2SKPSO, particle swarm optimization) 4112|152 HRIeh
Lofe}, A w4 2ot dalelE Hor k= Al Hioh 22 AVARR]A 52 9] sl 7125 Fol T o vl dS BA
oF a82<1 #{e} 7|Ho]w, Eberhart and Kennedy(1995)°1 <f3l] 7HL=IH. 42} w3 et da=E2 L3321
(swarm intelligence)°llA] G2 -2 At darejSo o) A e AAF egollA 2] I B= e FE ol 'Y
ShH, 2} dAPE ele] Al iRt 54 718 2Tl 7PdRitt PSO-SVROA = fRk= SVRE mi7fifi=el Cof
gammaS SR A (2)2 o850 £ie(v)E AkelaL, AR £E ARSI 91A|(x)E A (3)& o8ste] ARteith 7}

=
WPt Y= oA 22 ni7la 21E F-RolA Hske miZieE 2] Hti(Nugraha et al., 2019).

Uj(i + 1) =v; (z) +cir (P;,est -, (Z)) +er (Ghest - Sﬂj(l)) 2)

z;(i+1)=a,;()+v;(i+1) A3)

HH0] Ad5-S Hr1t o 24| Hlo[e NIES] 27171 2R 7%, Tllole MES] YR-E AF tlole MERZ ARgsl] 452 87t
_tHH 35 dlofe] AEd] tigt d5 871 Al=ldo] ojzli= To] ARt ol2iet S Heksh] lo ki wat Hs
(k-fold cross validation)2 &-85}o] Hekel 4= Qltt kA WAt 52 &8 tlo[8 HAEE k72 Lol k-1712 S5 5k 171
O] A% HloE| MEE ARSSle] szt S W71 WS4 0 2 4-afisk="0olt} k3 wAt H5-5 a¥ol 71| Q= o]
9] 100%E #5 Hlole] HIEZ AR 4= Qlrh= o] Qirt 2 Aol 54 WAt #H5(5-fold cross validation)& -85
Al HES sEAY] § HIAE HlofElE Fofl 2% HAled s AEsieint.

HAlE Bdlo] A58 W15 4 Qle AN B = 57|04 UHEA © 2 AREE]= MAE(mean absolute error), MSE(mean

squared error), RMSE(root mean squared error) S AT AR 2| H= AAIgLL of|Sghe] 2fol7t 2L o H 2ES 45 o & A

D
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50 E2 miled RElE FrHEATh MAE:= B Al A= AR AS54te] AlolE doighe] Buika AFSR A HE A)4)
& S5l AR 5= ek 1 (2 & i B B0 BEo] gl=gtol, ) = i i) 0] Flo]2L ol

Qato] ek AR ZSRA|RE, @ate] 3715 Hlwsl= 2| #o|th MSE+ Bt Zﬂ* Qat= AR AS52k -4 M% l*oki‘% 3
TS ARES A HR 4] (5)5 53] AR 4= Itk RMSE=MSEQ] AlELo 2 @210] 37|15 AfuH = 2] Hoct MSEE %
Ol AlFE FotE = AA| 05 FaH} o A= E4Jo] EAf6to] RMSEE Al 2] (6)).

rol
_m
%
%
=,

MAE(X,h) —Zlh — '] 4)
n /=
MSE(X,h) —lf] W)z Q)
ni=1
RMSE (X 1) \/%2 y ) ©6)
4, ALZA3t

2 Ao E 4570 eSS AESHo] PPVE dlSsh] ffrt midleld RS Zidsigitt. daejE s 220 mily
‘é e 7S Sfel} Sl HlolE|(ZAA] HlofEl 2] 80%, 8387H)E ol-&-ato] 7 ele] nf/fi4-5S WA 7 |HA 53 At HES
Yot kNN @] 749 o 7HEH4=9] neighbors S 15E] 3007FA] 14 S7HA7|H REQ] 2| 231E =385ttt CART d
% Eg]o] EHTE 26K depths 0FE] 1007F2] 14 S7HA71H HE o] 22315 4=3)sI3irt. SVR 2E9] Z-eof= Cce}
gamma®] 4+ 0.0015E] 10007} 10814 Z7 X718 Rdlo] X232 4851t PSO-SVR R E2 PSO Yile)Zof wet X
A3} 21950 2t gamma 2] 9IS %42 0.001, Z|th 100022 A5
Fig. 2= mAle\d el 2|25} AvtE HojErt. 2|49} 3 ZikNN 222 neighbors”} 15E] 524 wj7E2] MSE7} 4H4x6}
2|9k 53 Y T S bt wEA] neighbors = 524 T MAE 2] #1e] 0.046(cm/s) 2 7 213kt CART 222 depth”} 67}
A= MSEZ A4S A& ER1%h 4= 9l.oH, depth = 64 W) 7Fg A5 £ CART 27 ZI(MAE = 0.044 cm/s) & &5
SVR RE0] AL gamma7} A-24-2 Rdo] Ay} gRakEglom] €71 1009 o A2 o2 =2 Asle 2 B} C = 100,
gamma = 0.001¥ o] 7P &2 T8 AuS T EFIHTHMAE = 0.042 c/s). PSO €178]E-2 E3) 24315 PSO-SVR &S
C =824.2174, gamma = 22.85305%Q o] 7} £ T8 A= HYTHMAE = 0.040 cm/s).

At AnE Foll 2 133& 7S HAl Y o] 28510, HIAE HolE|(AA] BloE9] 20%, 2107H)E o185t 2
9] /45 st S vlwsk] flsiA A Hiolelet ol Hlole 1te] @AFE ol8ste] AAA] ARt AR E
(MAE, MSE, RMSE)Z H]ﬂﬁh&‘r 4712] Hel R o gholl S E o] QA] 940l W] 9> 21 eIk 4~ QUth(Fig. 3).

Fig. 4= 459 dejgos gaid wileld RHo] JEA%E Hlwsh Zyelth. kNN RH0] J52|3+= MAE7}
0.0401(cm/s), MSEZ} 0.0023(cm/s), RMSEZ} 0.0483(cm/s) 0.2 LERGTE CART 2E& MAEZ} 0.0381(cm/s), MSE7}
0.0024(cm/s), RMSEZ}0.0491(cm/s)& Bt SVR 9] 452 H= MAE7}0.0352(cm/s), MSE7}0.0022(cm/s), RMSE
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Validation Curve with KNN (PPV) Validation Curve with CART (PPV)
. 0.6 . 006
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2 S
g 0.055 -‘if 0.055
2 5
4 0.05 y 0.5
o o
< H
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2 5
® M
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s 0 50 100 150 200 250 300 E 0 20 40 60 80 100
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(a) (b)
Validation Curve with SVR (PPV) Validation Curve with PSO-SVR (PPV)
_. 006 __ 0.060
c c
2 0055 —0.001 S 0.055
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3 0.0a 0 e 0.035
W % 0.030
‘E 0.035 100 bt 0 1 2 3 4 5
2 0.001 001 0.1 1 10 100 1000 |—31000 g Number of optimizations [ x10%)
c
(© (d)
Fig. 2. Variations of training accuracy with parameter changes. (a) kNN. (b) CART. (c) SVR. (d) PSO-SVR
Peak Particle Velocity (cm/sec) Peak Particle Velocity (cm/sec)
05 R? = 0.44 05 R = 0.41
04 0.4
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ﬁ E o) &8 6 o
© T
&" 0.2 g 0.2 g (%3
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Fig. 3. Results of correlation analysis between the predicted and observed PPV. (a) kNN, (b) CART, (c) SVR, (d) PSO-SVR
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Peak Particle Velocity (cm/sec)
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Fig. 4. Performance indices of the machine learning models. (a) MAE. (b) MSE. (c) RMSE

7}0.0470(cm/s) k. vEAEEC 2 PSO-SVR 2E-2> MAE7}0.0348(cm/s), MSEZ}0.0021(cm/s), RMSEZ}0.0458(cm/s) & Lt
EfTh AR AlEgke] 4171 PSO-SVR HEo] 7 & 2= Z1-S ER1515 0 W, 3717] 454 3 5 PSO-SVR HHEo]
7P 45t A o2 YT

5. E 9

3 o)A APEHPSO-SVR )] o AR A B g 71 7-5] ket u]RSIE Table 3). A9, AL Ho
E19] 5, TeidhEnbaA Q1Ahe] R SollH Aol LovHE Aol AN R o5 AL A2 ATE AR 4F

2 B B 5 S

—_

N
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Table 3. Comparison of prediction performance with existing studies

Chandar Nguyen  Nguyen Fang Nguyen Nguyen  Shang Zhang Bui
Nguyen, .
etal., 2019 etal., etal., etal., etal., et al., etal., etal., etal., thisstudy
2017 2019a 2019b 2020 2020a 2020b 2020 2020 2020
Machine learning ICA- ICA- HKM- FFA- PSO- FCM- PSO-
algorithm ANN SVR XGBoost  ANN\/spules SVR  ANN  ANN  XGBoost QRNN  SVR
MAE 0.0405 0.0135 - 0.0405 0.0175 0.0580 - 0.0356 0.0346 0.0237 0.0348
MSE 0.0508 0.0396 0.1742 0.0508 0.0258 0.1045 0.0554 0.0464 0.0583 0.0348 0.0458

71&E0] AT 7NEE HAlE Y o] FHIRRS AXSHA] 4otk & Aol A PPV ¢S mAlR Y HElo] 2
HRES AABE ] 91l Table 42 2=t AU @5 Jrefolqlt. WA 7]& A-ollA ARSEIIE 743 4] (1)l wet Table 42
A |l £ © 2 HE o] o] AAElE P AR A5 PPVE cll&3t A= Fig. 5(a)2F 2Tt Table 4] Huhd
Al 917} 3E& PSO-SVR R dlof| 9215t & o]AAZE 100 mEE 600 m71#] 20 m 7HH.0 2 HAAsto] PPVE oll&3t Avl=Fig.
5(b)et Atk 1 At o]AAE7E 300 m oV E wh= PPV dlEgkell 2 AolE HoA] ¢ttt o]AAE] 300 m olsleflAE
PSO-SVR 240|547} 7514 (1)9] AlSAxE T PPV7ZF b4 21| Lesdth

Table 4. Example of blast design for predicting peak particle velocity using the PSO-SVR model.

Maximum
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Fig. 5. Prediction of peak particle velocity according to monitoring distance using the empirical formula (a) and PSO-SVR model (b)
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Table 5. Allows for peak particle velocity (PPV) of damage to structures adjacent to the blasting section

Steel concrete buildings and

Type Cultural heritage House and apartment Shop (no cracks) shopping malls
Permissible PPV (cm/s) 0.2 0.5 1.0 1.0~4.0
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