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Abstract

In this study, the prediction of mining-induced subsidence is analyzed and compared using various
machine learning models. Factors affecting the occurrence of subsidence are identified from eight and
1,730 sets of subsidence data. Five machine learning models are selected, i.e., Adaboost, artificial
neural networks, the k-nearest neighbor, random forest, and the support vector machine, which are
frequently used in studies related to geohazard prediction. In addition, the stacking technique is
applied to five algorithms based on 10 combinations, and the predictive performance of each ensemble
method is evaluated and compared. To evaluate the classification performance of the machine learning
technique applied in this study, recall is used as an evaluation index, which describes the ratio of the
predicted ground subsidence instead of the area under curve used previously. Based on the values of
recall, the random forest demonstrates the best performance (with a recall of 0.955). The recall is
expected to be a more reliable evaluation index for predicting subsidence occurrences compared with
other indices.

Key words : Mine subsidence, Machine learning, Random forest, Recall, Area Under the Curve

29

£ Aol A= g A Y] A RE S EAY ol Sofl Eg-E= ohgs WAl 7R ) A& e
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H3ZAE A A of| A A E= A QESH= 2|4l 91215 A
5 9 w20} 218 Sl7|7kA M) e At ofat ¢l
3k B FALE 78S 0] 2 g o), s 1o
WA g o] = Aol @ Q1] Elth(Kratzsch, 1983; Suh ef al.,
2010; Waltham et al., 2011). 2019 S| 5A oI K of uf=
H =9 794,677 71| 9 #H3g4to] EAfsH, 702719] A
wHlelL WAIE 02 RIEls 5 ol HRHe] Qb
FA| Q] F9 o4+ &2 3l tHMine Reclamation Corporation,
2019). whebd AL U} Q15 T 2 4sksta o]
2 mala o2 welal] SlsAE oka | HES B85
o] Bk ASHE AFde] %71 9 ol 5 Wast glck

AR AEE s Hr7 9 ol &S il TRkt B4 7=
o] U+ 9] thp o] A-EAbEol| 9f3f At it o 2gt
AFEL gjFE x| 2| A R A AE(geographic information
systems, GIS) 274 of| 4] 2|98} A} GaFIAR R A
B A0 g A 71, AE27E A, Bl 7]
HEo] ALH Ao st & 54 7HeR=
Frequency ratio T+ Weight of Evidence & |83 -
(Choi et al.,2007; Oh and Lee, 2010; Oh ef al., 2011; Suh
etal.,2013; Son et al.,2015; Suh et al., 2016)7} 5 o] F
™ Logistic regression 7|H o] Z-8-% Al#|(Kim et al., 2006)
= B0 EQIch A&7} A A 28 Al¥| 2= Fuzzy theory
£ 0|85t A-XChoi et al., 2010; Park et al., 2012; Park et
al., 2014)7} 911, o2 79 7|%¥& Agsto] ARtls=
of| =3} ¢194(Oh and Lee, 2011; Bui et al., 2018; Oh et al.,
2019) = 2FE & }ich

Z|oll= ARE S} el Sl Ml 7]H-E =3 At
52 the S = 2131t NN(neural network)2r 0]

1A

e

3t AHKim et al., 2009; Lee et al., 2012)7} 9Jglom,
Decision TreeE ©|-83F 91-4Lee and Park, 2013), SVM
(support vector machine) 7|5+ 1-X(Bui et al., 2018), 18]
11 Bayes net©]u naive BayesE -85t 54(Oh et al.,
2019)%= e v} Qi o] 23t A5 A& 52 Al
2 A ARE s} AR oF v R] Ao gt ol
e = E H7}5H= AUC(area under the curve)S ARE-5}F
sichz ol 4 o] o217} Slek. QubH o= A7x| o]
of| Al k] S} YR of] ]| n]EYR]|7F ZFR] 6= HA]
H|-&o] 7] o] AUC AxM= AA| 2|Hk s} njdkg 2]
£ 2 A58 Aol B FFE Fol W& = Sl whHel
HAlegd 7] o] B Al Sl tiet s B7H A3 5 sk
31 Recall 9] 7%, 285l 7|®Ho]| AA| LAYH x|9tlstE
Guht SulEA wEgleA] o $45 2k

2 Aol A= FAE AR s A S-S sl ohgsr
Haled 71HE A48k, ol 7|H 2] 5 B7F A EE
ROC 7152} AUC7} obd Recall o] 4 ¢] B 715 Aot
Bt} o) §lsled 555 0] 2|5 AT Bfetule
HA3E 3] 2z 7| o] 5 vlaEAlsta, E
71%19] A%2) Stacking 718 0] §3to] 10559] are]
2 ol ot Recall 222 1] BAJRICh 27h2 e
T =) Bl E Fote] 2 AtollA A Al
714 9] Ad5-Z& vaLstaLA} gt

AFA &L AU AHE THE 17 162)
djo] s, s A ofollis ZE FHeT} uAE ol
W 27} IR g o] A o] XejHari B 37012
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mAleld 7S o83t &
W Abo] oF 2001 Wzk Aeto] A= GE A Uekao] ¢
2%k Jtolck. o] WL A= oF 660 m7kA] Aukste] of
756,000 2] AekS Aets} o n, 2 o] 2s}Rol A
F2 o] BI3H= 7082 2AMEQIth Fig. 1S & A A9
o) 2] g3} w2, A|ukAs}o] WA 91%), o] HES Ho]
Sk alg A ool A WA A EYSHE A4 AbetelA
dystl on, Sie Fro A o] WY A= m ' Y A
Aol Hese) 2 Ao debe B W)
SAE S BT 5 A E, T A ] 987k
Lol Mot Eim 7t E 5ol WAE A= IE It
(Coal Industry Promotion Board, 2005).
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l
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]

Optimization of each machine learning model

}

Evaluation and comparison of predictive performance
by models using confusion matrix

Fig. 2. Flowchart for comparing performance of subsidence
prediction models in this study.

Table 2. Amount of data for predicting subsidence in this
study

Data type Data size
HE] 9] A, =225 E 9] 78], RMR(rock mass rating), Original data 93,800
X]?_S]'“JI:‘?“L %A}i %‘%‘ai’%o&)o]l %E‘, ?_]X]'“L:: X]]ﬂ' Data Training data (80%) 75,040
5L UPAl ol B = 2RI ELO] Bl of = = set
st Ay o.:].‘l‘e Lrehde. ARk ste) 8 of o] whg Test data (20%) 18,760
98- Positive, T]2HAY-S Negative & 1155191 0, 87} -

- L Subsidence occurrence 1,730
g gkelxfof o3t ApAgH A H-& Suh ef al.(2010)2 a1k Class N beid 92070
4= 9Jck Table 12 Aol ARG Q2 2z elolg o) 7] 2 ORI, o :
Table 1. Basic statistics of factors used to develop machine learning techniques

Statistics
Factor
Min Median Mean Max STDEV.*
Drift depth (m) 0.00 0.00 7.96 508.00 38.40
Drift density 0.00 0.00 0.05 0.94 0.11
Distance from drift (m) 0.00 84.98 121.49 607.40 119.86
Distance from road (m) 0.34 48.35 63.14 289.51 52.71
Rock mass rating 32.98 37.98 39.86 52.03 5.38
Groundwater level (m) 13.55 41.03 35.65 53.59 12.73
Slope (°) 0.00 23.96 23.58 68.34 9.42
Flow accumulation 0.00 48.00 635.57 217644.70 6998.09

*STDEV: standard deviation
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c}. ool wheh At A ol A F 97 9] Q1R A H 1749
A7} % 93,8007 =R =] 90w, ZA dlo] € 93,8007
ol AFH WEYL M g3to] T wlolE|et B AE o]
E] 80%:20%2] W] &2 A7 W 2a|stgeh ufabA gko|
AHE-E glo]E] 74 Table 29} At}

HlolE 231 W AZS Ut WAAS

; 3 BolA] AR
94 H(bias)]
& US| 2o

pul

L B AR 8
A7IAY AA| &= dlo
Aol ek oleie B4 FH5p Ao E
A &4 Hlol8E B 45 tlolH E*Pﬁ?ﬂ* Ae=
Az MZgo] UdFol K-ZE& wabHZ(K-fold cross
validation) W& AME-3}iTh o] HPH-& 58 djo]E] A
zﬂ—oi_,_[,] K7H-/] /\l—g HHE]—PH E_‘% 37 ]_4 H 1:1 ;qb—y
(fold) & THE T K-17)0] BEE Zagom, UuiA| |
A BES HFG0 2 BEFH WAL WA 0= )
oz WS Hasstar E1 Aol tith Al =S
3R 3} 4= 9) = & o] 9lth(Jung and Choi, 2021). £ I
ol M= Kaes 52 A% 5 wAd S-S 3kl

et
oN.

Hilzd 71 MF

2 Aol A<= Python 7]8ES] @ EA4A miley 9 ¢
o]¥] 7}A|8} &7 5 511 Orange Data Mining-2 2H-8-5¢
of mAled 7] o] x|Rks} & oS -2 B7Fek3
oh FAF AR B Y o 5 d|5517] f151e] 5 A
EUE7IE ENA Hol 2E-H 7HE HES AL, =
Lol A= AdaBoost(adaptive boost)2} ANN(artificial
neural network), kNN(k-nearest neighbor), RF(random
forest) SVM(support vector machine) 5 & 5% 72| 7]H
= A3 skoit.

* AdaBoost: AgAoz Agst ol HEF7|(weak
classifier) & RS2 02 o] §dlo] =2 53 4=
745t B2 7](strong cla551ﬁer) FASH= 7o w
71 EH7‘7<4° g1 8E = o]t (An and Kim,
2010) R A e S T e T 1S P s

ERrd dlolgErt won g 25 HRE dlojgof &
A& 7L, 2o A 74 7R QA B
Al Aakste] 2E 7HERE ARt o] X ot
&2 7 7SR E L3 B TFEAI R vHro] A4
FIH(Hakim ef al., 2020).

+ ANN: 917be] 57k 428 Helshe AlolA 97
& o}, T2 HolEl e e st S A A
3l ol Ele] g 125k o] & Aukakeh ok
2]Zo|tl(Ahatonovic-Kustrin and Beresford, 2000).

= A58 A

o] 7| of2] Fredo] Y= UFH olo(3)E &
sto] Hlo8 9] 3k &=t o] glolol=dE %1}
2z, Eezom TR Eak ofe) 3o 7
7HA Q134178 MLP(multi-layer perceptron)O]E}
a1 5h, i 7|2 Bt Sl ARl o] 2AlE ALt
517] o] EAlo S8 A AsA Q1 FA W
Het a2 o] AgetstA| s Ad 4= Q=R ol qlrk
(Koo et al., 2019). Orange Data Mining©]| A 2] ANN
e
¢ KNN: e rele] o] Shest Aol ol |

o|E| ntold Fofe} mAle|d wofol de| AME-E=
&y E|Zo|ti(Zhang et al., 2017). o ulj kZF-2 ARE-A}
7} R olst= Aaroln, sl ghell whek 71 o] ol &3k
o] HIJZITE kNN HlolBl & §4 7o & E57517]
2l = dlold Woll A sl dlolelofl 7P etk
W] &H dlold F 2WIghe] glol& F3sto] sf

o glojele wRal.

+ RF: 50171 Hlo]e|o] 54 % 714 kel Qe 5
7] 9lsto] Au =R AU A o))
A gele] tlas v makt oAU S o4
ek oraelEolth. i ALY SAbAA S 2
0] kS 7171 AT A4 ehE] S TS RF
2}l A SFcH(Breiman, 2001). T QJAA AUl &
2] afig 71 O] - ZF e Eof S -2 to]E o]
9]9] glofE| & Al Q] sto] JAHAH VS E7]8hH o]
Aol Al ko] g ¥ B F7Iske] A AEe) 7
NI GAEY|=

* SVM: T3l dhate]Fof| H]she] 24231 /d5-& Ko
F= 7R, 27t Aol vhd ARSE= A =5
< "W o]ti(Jakkula, 2006). 3 7] ¥ -2 Wl ] 2-7kof|
Al HlelEE F MY R S 3l A A4
(decision boundary)E Ztotfjo] o]e} 71 717k ||
O]Eﬂoﬂfﬂ ubekle X3 E WE](support vector) 2] 7 ]

AR olne] 72l ol H(margin)ol2} et
cq ol2 & 2 AA AAS = AL A o=

3t Ay Ho g BEsk 4 ol 37k fo]g Q] A

9 U ERE ALgstolo sl A2 ELIolA

OAFY F7EO 2 ol FAIAF= vl Fr(mapping

function) 2} #'d 3+~(kernel function)E AR8-5}o] #|

ARSIt Nam e al., 2016).

oN,

Hil2'd 7| =[=st
B AToM = AEdt 55 R mAalgy 7
2|Z 271 % o] &FAlE(ensemble) 7S 2-8-3F 23H10%)
= 7gste] Aukst oS Ads2 vlaskik 2 715 2




slaleld Z1%e ol g3t WA

of| & 25 A5 vlwsty] dof| Z-2+2] 7o thsto] 2|
2:9] QAgS 7= 7S 2] RBP4l HAE N
Pielet. A 3h= wAlE Y 7]l Y A= vl
HeE 2487 A g EAS E&5k= A7 7HA] 423
Skt REeF HlojElof|l A Sttt S ZohfA] skl
71H& 2851 TaA T (underfitting) o] WA 7Hs4d
o] F7gkt}. Bid ol Tk ko] EAS Zrofjo] 7|H&
2|-8-51H Aagko] el A Hoverfitting)d 7Hsd o] s=of
Rk whebA ZF 7 = HA3E -3g5)7] 9lsf &4t
Ha S HSIA A7 9 glolE Y] ShEES =0 =
2t =8ttt Table 3-2 7t w4l 2l 7]7] 9] 2|45} 1t
ol Al HBHAX FA T weu|E & 2t Aolch
Adaboost 7| 2] 72 u}2}u]E| o] Fixed seed for random
generator2} Number of estimators 2} Learning rate, Classifi-
cation Algorithm, Regression loss function 52 42| & -
& Fol S7HZIE ke A5 Bt =217} HEkstA] o
of 54 mi2fulejo] ofa) Qakg mlA| %] g Ao Tk
3}tk ANN 7|9 2] ¢ 1a}2}u]| & 2l Neurons in hidden
layers& Z 2131 10004 1,0007HA] 517E0 & Lp=of
o} gl2tu] e} Q] ActivationZ} Optimizer, Maximal number
of iterations S W3IA| 7|0 K A3}= 4=3)3}9it}. o]& o}
2 wisg o) wslel 12 Bk A& ek, 2t kel

NS ol o] wlaia 269

7t 3] 9] 271 Aeistel 59 77l 4 Maximal
number of iterationsE 100J|4] 1,0007}2] 100H$ 2 5
7HA71H 7} 7]k BT Neurons in hidden
layers©] 7132 100 o]3k8] 3= 2 2|shel 4] wet
ok glekelar, ZFEA] ¢k Regularization ] 7
- gho] Mskrh A7l elete A 2ol Gk v A A] ¢
of A Jstsck

kNN 7] 2] 79 1}2tu] €] 9] Number of neighborsE- 1
ol A 5744 WFeE T 10014 1007H4] 3797F =2 1}5=0]
2| 23kE skl o]¢foll e Metric ¥} Weight'= H&
WA 71 9] oS Adsoll ek =S A5kt
RF 7]%0] 29 77+8 5ol 315 ¥ dstol = Ao o
RS m) 2] 2| 9= mlabu]E| ¢l Do not split subsets smaller
than < A 15k L 7] 5747) o] sfetu]el S Maba) 7)o 2
2 3}= =35} 91tk Number of trees = 1 0] 4 1007}%] 47
710 2 1421 0 1, Replicable training 2-8- o], Balance
class distribution %8 oJX. Limit depth of individual
trees©] X2 G L7121 104 10742] WBkA] 7]} 2]
shssck SVM 7] 2] 49 7] 2kl 4k vl 2k 2
ol wletnlE Q] Ad o] ’PA3t g, ¢, d, Optimization
parameters 2] iteration limitE HIA| 7| 2235 4=
Shoick. 217t go] A 1A 1074, c9] 792014 107

Table 3. Parameter setting for each machine learning model used in this study

Algorithm Parameter Min Max Step
Adaboost Fixed seed for random generator 0 1,000 100
Number of estimators 1 100 10
Activation Identity / Logistic / tanh / ReLu
ANN Optimizer L-BFGS-B / SGD / Adam
Neurons in hidden layers 100 1,000 100
Maximal number of iterations 100 1,000 100
Metric Euclidean / Manhattan / Chebyshev /Mahalanobis
kNN Weight Uniform / Distance
Number of neighbors 1 100 1
Replicable training Checked / Unchecked
Balance class distribution Checked / Unchecked
R Number of trees 1 100 25
Limit depth of individual trees 1 10 1
Kernel Linear / Polynomial / RBF / Sigmoid
g 1 10 1
SVM c 2 10 1
d 10 1
Iteration limit 10 100 10
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A], d2] 79 30j| 4] 107}A), iteration limit2] 73- 1004
10071R] S7HA1 719 7124ke] Eeti]s A=E S45H
t}. o] 9] o] watu]E] ¢l Cost&} epsilon, Tolerance o] 7%
HaFsh= 2ol whet 435 B7F gholl S mIX|A] ot
Alelsk3Ach

DAz 7l S}

ulale]d 71 o] s E 7L e 2% ol 5o} Bevt
ALEF AR o)A QIR0 whet Deprle) 2 At A=
A erzeL WY ARE A S5k 5 B0l slidstr] o
o] olo] e A7t A EE AFg BT 7129 X
WHIs 7} W o2 Qo S AUCT} R 0w 3
25]¢]c} o] X 3= ROC(receiver operating characteristic)
T410] o] 7 A 1A W2 wakE v BE gk of
3 AA 719 A5-S KoF8ITHLobo et al., 2008). ROC
AL o) BF EAlCNA dAZke] HEE o widE
(Recall) @} 1-E-0| =(Specificity) & 22} O & =11 3|
Z3po] o gt P4 0. & k=715 Holg= Tefjazo|t)
E3Hol2] 7| ROC T4l v w et = T4 ofSiH&
9] H 29l AUC(area under curve)2 ©|-251H, sl HZ|
o] 245 50| St 7| olela Tk,

A kB A of Kol thglh 5 EAI9F -2 7¥ 2 5
< Hrlsl7] Yolal= 2 25 H(confusion matrix)S
olggict 5 E ] Hrt QA2 = ZFZFTP(true positive)
2} TN(true negative), FP(false positive), FN(false negative)
o] 25, s W] 7HX] K452 ]85k A8 7Y
2 452 HIEITKFig. 3). TPOF TN- A4 2 Al A}

(a) Predicted
Positive

Positive TP FN

Negative

Actual -
Negative FP
TP+ TN
CA=———
R N RSN
(c) Predicted
Positive | Negative
Positve | TP | FN
Actual
Negative FP TN
Recall = e
A= TP Y EN

- A%
A& SHEEA 53 o), FPeFFN 9| 79 AR Ay

FE 02 A& AL ouitt A7 EsdE e 47t
2] Q2SR E ARE 4 Q= vl 74 Aol gk o]
= Z}7Z} Classification accuracy(CA; E+=)9} Precision
(AY%), Recall(F{&L), F1 Scoreo]t}. 241 CA(Fig. 3(a))
= 7P ARkl mAlEd 71 9] 5 B A EEA A
Al dlolE] 5 AAZ FF(positive) Q1 AL &-F(positive)
O 7 of|&35}al B A (negative) Q] A2 F-A(negative) &2
ok} o5} 9= A1 2 WOl glolt. Precision(Fig,
3(b))2] 7% 7189 dl&gke] Qubvt FEe7HE Hols
= A #E, 70| Positivee} o & E73 4k 5 ASwkol
Positive Q] H]-&2 oJu]glct. Recall(Fig. 3(c))2 AA A=
ZkF 719 o] Al Ee AEEEE Uetli= R skold, AS5gk
o] Positive 2l 4t = 7| o] Positive ¢l H]- &2 3EA|3ITE Fl
Score(Fig. 3(d))+= Precision} Recall =55 &3t =%]
olH, o]i= & A& 231 Wol Alitel= A|3ko|th

7] &l A ROC 41 7]9E9] AUCL}E A&k 47) A
F=wAlgY 719 & Brlsks dl & AFEE AL
S, LUt B Ao A AR S ARG 7] ¥lo]
vhL} ghRglto] £ F1A) shol, ROC 241 7o)
AUC7}ohd Recallo] 248 9= Zlo] ehgiha shet
shetck

E3L 9 wAled 7ol tisto] Stacking 7S
288kt o] 7IH2 ol g 7124 7| REE 25t
NAE S Ve HEr 7S sk GHEE 7]
Hol dFolnh HE 7S HuA o7 ookt dary
2 AHgste] 2429 23h& e A 2] S et

(b) Predicted
Positive | Negative
Positive TP FN

Actual
TN Negative FP TN

R TP
recision = 7P
(d) Predicted
Positive | Negative
Positive TP FN
Actual
Negative FP TN
2 * Precision * Recall
F1 score =

Precision + Recall

Fig. 3. Formulas used to evaluate prediction performance of machine learning model.
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b opg & Beksh] §15taA 8 o ol g5ied, o= mrh
Hg Hetes 2557 Slske] o STk Stacking
Fuko 2 AgE 7o) Aake E4 dole el 5
ek 7] ol B Al 0.2 oAk 7] 78
2 F2T(Yeon, 2020). webA] £ Ao A 2 2j3}e)
S71A19] 7S FIeke = alo] 7k 71 & 2704 2310
o] mol thao Stacking 7]-& 2-§5}9ick. Fig 44
Stacking 7]%2] 48 o] et AP =S Holzch
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o ok rlo
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JAd
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ol
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Table 4= #2815 3% 7 viAle]d 7198 25 o
5 /35 A 5 HAE H|o|E o] t Recall 7 ROC F41
7149ke] AUC 7FS Hoj&th Recall A3 7]Fo| A= RF
mdo] 7} 422 o3 4%5(0.955)S B, o= Hl A
E djolE] F A Y AREYst A2xK14671) 2] 95.5%
(140705 EutaA &gt Ao s)43 4= Qlet. o]
SVM(0.869), kNN(0.829), Adaboost(0.790)7} HE ©] %]
ch ubx|gto 2 ANN2| -9 0.6532 71231 B} 7| HE
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Fig. 4. Stacking example based on underlying machine
learning models.

Table 4. Recall and AUC values based on optimized models

Model Recall AUC
Adaboost 0.790 0.893
ANN 0.653 0.990
kNN 0.829 0.911
RF 0.955 0.927
SVM 0.865 0.462

NS ol o] wlaia 271

ANN, kNN 2] -9 AUC Z}o] Recall Z}H T} th4 =9kA]
U RFL} SVM 2] 73-9-0l+= Recall 7o) AUC GHET) =7
et 53] SVM 2] 79 Recall Zho] AUC gtoll H| s}
o] oF 1.9uH A Uitk

Zk 71doll HH3E 43t A3}, Adaboosto] 7
Number of estimators+=500] 1., Learning rate”7} 1.00000,
Fixed seed for random generator+= 700, Classification
algorithm-2SAMME.R, Regression loss function-2Linear
A o Recall 2|7} 71 =9kth ANN 2] -2 Neurons in
hidden layers7} 1000] 11, Activation©] Logistic, Solver”}
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Fig. 5. Variations in recall value based on parameter changes (optimization). (a) Adaboost; (b) ANN; (c) kNN; (d) RF; (e) SVM.
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Fig. 6. Recall based on stacking combination of machine learning models.
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Table 5. Comparison of prediction performance between existing studies and this study

Prediction algorithm AUC

Mohammady et al. (2019) 0.770
Ebrahimy et al. (2020) 0.798
Pourghasemi and Saravi (2019) 0.930
Sekkeravani e al. (2022) 0.953
This study 0.927
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