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ABSTRACT

In this study, classification models were built using machine learning techniques that can classify the soil creep risk into three classes from
A to C (A: risk, B: moderate, C: good). A total of six machine learning techniques were used: K-Nearest Neighbor, Support Vector
Machine, Logistic Regression, Decision Tree, Random Forest, and Extreme Gradient Boosting and then their classification accuracy was
analyzed using the nationwide soil creep field survey data in 2019 and 2020. As a result of classification accuracy analysis, all six methods
showed excellent accuracy of 0.9 or more. The methods where numerical data were applied for data training showed better performance
than the methods based on character data of field survey evaluation table. Moreover, the methods learned with the data group (R1~R4)
reflecting the expert opinion had higher accuracy than the field survey evaluation score data group (C1~C4). The machine learning can be
used as a tool for prediction of soil creep if high-quality data are continuously secured and updated in the future.
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o1 FUOIAE B2 Aol o] P51 glAlek BUT B AT U WY 2] o A

Aol ol ERFA o 2 dojup, o2t i H 1344 1AL, w4, dllSsh] e g E S1EA el o
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NIFoS(2018)°f4= gl
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o e Ee RS 78, TEEA oFd(field check list) 9] TB7HeE 7|HEO 2 Sto 9lel-5w A7l 4 AR

of thet g7 ol et v o] =2 5ol tisll 715217 Fof=le 5 i) AofE 4= Qlth(Table 1 =), mHbA &

gl S st AR EARSI] TshE Aadet] Sl Asiet Bt Jrg AT HAHS 9ES cEshe
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2007; Ding et al., 2016), 2) A EARA S JIFIER]E 0|87t 7| Alek5718F 919 & 4] (Akgun, 2012; Althuwaynee et al.,
2014; Chen et al., 2018), 3) AAIE HHE o]-&3F AR EALAY] |- 74 H(Segnoi et al., 2015; Kirschbaum and Stanley,
2018) 502 FES 4= Qirt.

2 AFofM= AREARA S]] Atollx] vl A] Ho] AREER= 6712] A|wsl57]9t Z1AISk57¥(supervised machine
learning techniques)& €851 20191356 202018 7H2] 271 F3F 2=ty o 2 g 0 2 oJAlE]= x| o] dxx
AL EIRE 7|Hho 2 Wy QR S 3719 Qe H o E FEsl] R 4 e BPe TSohL, e - 8%

©5 vl B



Classification of Soil Creep Hazard Class Using Machine Learning ¢ 19

2. 7|A1e+E71

2.1 K-Nearest Neighbor(K-NN)

K-NN2 7A2]7[HE £57-24 oo, 72|17 |Rke 2 275 she wK(clustering) 2k -FrART 7RO, 71E B54)

2 FEUTH ZHA Aol W] EFECk 7 EL oW A5} FolAE ROk o] AR S Bl o
Bhe AR} ERHoIgis WA BRak A0 R Bl AAR) 542 7k olek. @A) ojulxHe], 221, e

r‘_o,

2] 5 - Thekt FofollA] -§-8-& o] AREE|AL QITk(Sit et al., 2020).

K-NNOJ 752 1) A28 2hm o} Q1eo] 2hz o] Ag] 2.4, 2) 22 2k5 7t Zehe 71 AR o ¥l 54, 3) 2y
O FES 4= QIrk K-NN 792 Bt 7| Aleks SRR a7 tha | gddo| mia H g glow, a2 2tart o)z |H 53
O] K7 At= ]| 7]9tsto] 22 Az & ERott 2 APd dlyo] " gs}r] 2o, AA|THreal-time) 4] 755tk

2.2 Support Vector Machine(SVM)

SVM-2 K-NN 7|7} 07 kx| & 7579} 314 Al of] A 28] 7]‘1;3}“1, FolX Atm = RE A= AHa 7} o= 7}
| az2jo]] aehd ZQ1%] Ttk HIZHEA] o] AP R (Ee B H3= T Frk(Sit et al., 2020).

SVME] 7 RAR) Rk S Fol 8 1) 5l melol A AR Ael Z3oich 5719 A2 Aol
S 75 $of] A 238 H(optimal hyperplane)S &0 24 T 7] 9] Am -0 2 Haoh= "SS5 Hot. o 7]
M Ao g AmE S 4 ot A9 7 Boe A8k, 18X 2 A v ER 2 °§% ARESHA Hot o
9E SVM-S o] 85 HAY HRE el ol AAmE 1A E4 57 K feature space) 22 AFd(projection)sh= 2HY
ol Basleh o} waH o2 sl NN Ad(emelyS AHgHct

2.3 Logistic Regression(LR)

LR =4 W40 AY s o] §oto] AR A Af|S0l=tl] ARl s A7 o]k LR 7192 LRE2Q1 3] +
A7 IR I 2 S5 et S 7RO PAE FAIA Q1 b= YER o] 3% oS R ol A8 T Chae et
al., 2004). o]= =9 ¥H4=0] Agdeto 2 FEAFE F7g0k= A3 3] H(linear regression) 243 -F-AFSEA| T, A3 3]
A A SEATE U AR R oto] JRAEE F& o i A= o] A7FEA w(group) 0= W 7| wilwell
2} 0] B classification) o]l &-82 4= it}

AHHA © 2 | RS FE5HG7F ol A4S, frast ZQ M7 HE 71 7B ol AR = 7 71 ool ’IFE 2=
A9 742, MLR(multinomial logistic regression) F+=PLR(polytomous logistic regression) 7|5-< ©]-8-5}o] Zt=
£ A5 Hok

jm
ﬂJru

2.4 Decision Tree(DT)
DT+ SAFEA 20| 2 BIHEE L (tree) T2 AR SAFEA 2| 719 5 sho ]E](Byeon etal.,2008). &
7 o] thsf] o)At A sk=t] oA AE-S WAl i ARl iRt -§8o] U 25 o|F41 Qb= FEjoltk DT+ &

%ﬂﬂ%ﬁw1mﬂuﬁﬂzmmﬂa%ﬂﬂ@@ﬂggaﬂ%ﬂﬁ%ﬂmmaoﬂa%%ﬂmdmtgﬂ =
RA S22 el Hic,
DI 8] s gl 7 A e el 5452 349 Eomogeneiy} 37

= (impurity) -2 %@ﬁ(mcertamty)ol F|it Fastes okga ARt o714 S AR Bde 9
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ujstol, ol W5 Qlell A2 THE 5L 2= A=t Aokt Aol g ofujsta, Bt RS B3t 4] 9he
5 oI,

DTE= 2= 2] A (18], A, oVdA] 5)7F B Q5HA] ¢kom, 2h o] FEf7t 42 F(numeric) ¥ 5% (categorical)
TE BT OE 4 Qe o] qlok

2.5 Random Forest(RF)

A& DT 789, A= o] A2 A=k 9l /4 hm A2 5 7ol AR A= 0] 72 787, T overfitting)
o2 Qlsfl ek5o] a-a4do] A5k &= itk

RF+= DT 71 9] Tha Hetshaiah g2 2wl disf] o] 7)) R EHWT-E A/ st 1 dtE Feloto] A5/
2 A7 7ot Woo et al., 2018). 5, RF= E9-S &0l Aos-2 0] DTERE 157 2715 gl 22
= 97 =H, B DTof| A= THalgto] 3 = QLo t2] DTE 7HEo & o557 wiwe]] L o] Eot50l &
Ko} X

0]
=
9101 $& A5 A7) A8 k0] Sk L5 ARESHE 2 YA E(ensemble) Sy oleka 1

rr

H2"(boosting)]g+ o1217]1¢] o1t DTE X gl Ab8oh= = 71595 shtold et SR 50 shgell2{d
7VEAE 1, =21 (sequential ) O 2 Th 85 HLgof| Hhedoto] 73 =Iet o S-S The= A2 oJm]Rltk(Sit et al., 2020).
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78, M 3t S Hol= A o0& oelA qlrh
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B AFEAR 27l g ZPE%EE T



Classification of Soil Creep Hazard Class Using Machine Learning * 21

Table 1. Filed survey check list of soil creep

Catego
No Factor Score gy
(Level) 1 2 3 4 5
Score 25
Level C
| Direct No Yes No
Sign 0 22 0
) Indirect No Yes No
Sign 0 14 0
Plutonic Sedimentory ~Metamorhphic Igneous Plutonic
3 Parent rock
2 8 5 2 2
4 Rock Normal Weathered Soft Normal Hard
Weathering 3 7 4 3 2
s Slope direction to Inverse Slope Vertical Horizontal Inverse
discontinuous slope 3 9 5 4 3
) ) Wide Very dense Dense moderate wide
6  Discontinuous Slope space
1 5 4 2 1
Sand; Cla Sandy loam Sand;
7 Soil type Y Y Y Y
2 5 3 2
Very wet Wet moderate Very d
8 Soil Moisture Dry & Dry ey
2 5 4 3 2 1
No Yes No
9 Tafoni
0 4 0
) <30 cm >90 cm 60~90 cm 30~60 cm <30cm
10 Soil depth
2 5 4 3 2
1 T . mild hilly mild hilly hilly mountainous
opograj
POSAPY 4 4 3 2
n Topographic shape Linear Comlplex concave convex linear
(cross-section) 1 4 3 2 1
13 Topographic shape Linear Complex concave convex linear
(longitudinal section) 1 4 3 2 1
20~30 20~30° 10~20° >30° <10°
14 Slope
4 4 3 2 1

TH, Fig, 137 0] H-A1 2 79 A=At obdell ofet B7Hda7T 655 oVd 22 AT ol E+skal H&7t 9
Aol Jsl BeE22 F2H 7, BEEHE AT ER T2 A Ho] A eb Ao s ARSI

2 71 Slsae el i =E Wy et 2atdao] Ao 4 R tr2r] tiEe] 7 Al s =

3 Ao @A BFISE MinMaxScale 0185191 0~1 2 77l normalization) A1 7,07, 24wt ¢t
5 gm o] 79, ARA ] @YRANN BT ek AR A9, ABAHOE 0 g WA ARS AefshArk
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Location Parent Rock We%:t(})s;ing Soil Depth  Soil Type Mfi(s)ilurc . Slope  Direct Sign In;:]ii;ct Cl;:,l:fﬁ Cl;‘eec‘illiSt RBS[?::::I =
GG-171 5 7 3 3 4 4 22 14 80 A B
GN-156 8 7 3 3 4 3 22 14 74 A B
GB-11 8 7 4 3 3 4 22 14 | 33 A B |
GG-03516 5 3 3 3 4 4 22 14 77 A B
GN-7 2 3 3 3 4 4 22 0 52 B A
IN-104 2 3 3 3 3 2 2 o | 48 B A |
CN-29 2 7 3 3 3 2 22 0 51 B A
NEW-1 2 3 4 5 3 3 22 0 50 B A
GW-30 5 7 4 3 3 <+ 0 14 57 B <
CN-140 5 3 4 3 1 4 22 14 62 B (€
IN-153 2 3 3 3 2 2 0 14 54 B C
IN-154 2 3 3 3 2 2 0 14 54 B <
Fig. 1. Difference of risk level between checklist-based and researcher-based
3.2 2Aa}

71AS 7S ol 81t B A5 g ERE Floll 94 Fig. 29F o] @32 B7Hd4 719 AFEK(C cases: Cl~
C4)} E27Ee]Ao] HEd % 2F= 0] 27H(R cases: R1~R4)2 61T} 12|31 Z42Ee] 2hg 2 EFFFTALE] 1471 ALY
E.0] W74 (numeric data)E 2@ 5501 ARESHE A-H(C1~C2, R1~R2)2} A=) Z*}ﬁ?}“ﬁ(text data)S R FSt
I ABSHE BR(Ca-Co, Rl ekl 45k o4 Al ol 19117 349 2
;%} ]‘*E”H A% 4,010719] dd=] ol tigh 21, B9, AREdES iRttt E3E, @A 5380l 7 2 H]

58 A TP AL BGEISE H9(CL, O3, R1, R3S 1A 52 4(C2, O, R, Rd,) 34 3
efslo] 2 TE5}rE

_r;

_ o | Remain @
Number Data | - :
| Remove @

RESEARCHER [
SCORE s -
: Remain
) Convertto — @
e Text Data } -
e e X Nl.l mber - '. Remove @

B Remain
Number Data o :
| Remove

CHECKLIST |

SCORE ]
‘ ( h a Remals
) | Convertto|—
Text Data (—
. _ Number |— ,..Remwe]

Fig. 2. Data set grouping for machine learning applications

R, 74718719 S S15to] 1714,01079) A % 80% S AP SHEL P, 20% S B o et
£ 24j57) S1al) A8k



Classification of Soil Creep Hazard Class Using Machine Learning ¢ 23

71ASE7 9] S AL EE =o17] HoliMe 71HE 2
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Table 2. Optimal hyperparameters of 6 machine learning techniques used in this study

Technique Optimal parameter Remark
KN n_neighbors: 4 Number of neighbors to use by default for kneighbors queries
weights: uniform weight function used in prediction
C:1 Regularization parameter. The strength of the regularization is inversely proportional to C
SVM gamma: 0.001 Kernel coefficient for ‘rbf’, ‘poly” and ‘sigmoid’

Specifies the kernel type to be used in the algorithm. It must be one of ‘linear’, ‘poly’, ‘rbf’,

kernel: li L
ernel: finear ‘sigmoid’, ‘precomputed’ or a callable

C: 10 Like in SVM, smaller values specify stronger regularization
LR max_iter: 100 Maximum number of iterations taken for the solvers to converge
penalty: 12 Used to specify the norm used in the penalization
criterion: entropy The function to measure the quality of a split
max_depth: 20 The maximum depth of the tree
bt max_leaf nodes: 10 Best nodes are defined as relative reduction in impurity
min_samples_split: 2 The minimum number of samples required to split an internal node
n_estimators: 10 The number of trees in the forest
max_depth: 50 The maximum depth of the tree
RF max_features: auto The number of features to consider when looking for the best split
min_samples _leaf: 2 The minimum number of samples required to be at a leaf node
min_samples split: 2 Like in DT
bootstrap: True Whether bootstrap samples are used when building trees
n_estimators: 120 The number of boosting stages to perform
<GB max_depth: 50 The maximum depth of the individual regression estimators
max_features: sqrt Like in RF
min_samples_split: 3 Like in DT
3.3 2MZq

Fig. 32 50121 27H0] 2HZ(C cases, R cases) SH52H6719] 7178571 410] E 9157 HprolZe] thet 542
o ol (R E BB AR A S35 S e T Ik 2, Fi =
O 7140 7 SRS Sl A AR St Sl 1ol S8 0] 7
67119] 7% 0.9 o40] 945t HEHE S HolFgl o], 4] AuE B
Lt o5 A LrEYon], @ZAL H7RES AR AC1-C4) Hiks AE7Lojdo] s
(R1-R4) 0.2 8155 o] HEHer} e 710 2 HAR|IT) B3], 2450 AT A1E sho] et 4971 o]
ZAote) A ehde
1 e SRS BT Qe RITHRS Aol diel 719 o541 A2 AAs] 248 ATk Fig 49}
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Fom, AL 7S 79 ARt F v 0 A AT =2 C1C20f] theh 24127 = Fig. 59F 2T Fig. 49} Fig. 5
&t A= 7 155 A& e glom, stk AR Q1A E gl el Raelld 27| k2 15 He =
TR AuE v AL Gl

7|4 R ZFa A A ARSE S5 == ASH: 671, B a: 1570, C53: 78170019, C AAar-2 A5+ 67,
B5g: 20370, C5a: 593700tk &, C Aue] YA F7H4-E Bl B5 R BRd A=r A7t od vras

Z9l| R AmolAE C5FoR AEFE I

o

KNN KNN
1.00 1.00
0.98
02 0.96
096 R
XGB SVM XGB
f 0.94
| 0.92
0.90
RF < LR RF
——R1 R2 —C1 c2
DT R3 R4 DT C3 c4
(@ (b)
Fig. 3. Summary of classification accuracy by the six techniques
KNN SVM IR DT RF xgp Opserved Classified o\ oo R pr  RFE  XGB
value value
0 0 1 1 0 1 C (0) BorA 4 0 1 0 1
9 4 10 9 B (1) CorA 7 5 6 7
5 4 3 3 3 2 AQ2) CorB 4 3 4 5 4 5
13 12 13 8 13 12 Total 15 10 13 1 10 13
Case R1 @ Case R3
KNN SVM IR DI RF xgp Observed Classified SVYM IR DI RF XGB
value value
0 0 1 1 0 1 B 4 0 0 1 0 1
C (0)
0 0 0 0 0 0 A 0 0 0 0 0 0
7 5 5 3 5 4 C 6 5 5 3 4 3
B (1)
1 3 4 1 5 5 A 1 2 4 2 2 4
2 0 0 0 0 0 C 0 0 0 0 0 1
A@2)
4 3 3 3 2 B 4 3 4 5 4 4

Fig. 4. Number of classification failures of R1 and R3
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Observed Classified

KNN SVYM LR DI RF XGB KNN SVM LR DI RF XGB
value value
15 0 0 27 9 12 C (0) BorA 17 0 1 18 1 14
35 1 1 58 36 36 B(1) CorA 49 14 15 67 48 46
2 0 0 1 5 1 AQ2) CorB 6 6 6 6 6 6
52 1 1 86 50 49 Total 72 20 22 91 65 66
Case C1 @ Case C2
KNN SVM LR DI RF xgp Observed Classified oo IR DI RF XGB
value value
15 0 0 27 9 12 B 17 0 1 18 1 13
C(
0 0 0 0 0 0 A 0 0 0 0 0 1
35 1 1 56 36 36 B c 49 14 15 67 48 46
0 0 0 2 0 0 A 0 0 0 0 0 0
0 0 0 0 0 0 c 2 3 3 3
A(2)
2 0 0 1 B 4 4 3 3 3

Fig. 5. Number of classification failures of C1 and C2

R AR %9, BE 53 thstel 718z selA] 1579] el Ak 110, K-NN 73] 73 el At 7t
A ke 202 BAFIGIck RI 4224 DT 8710] o2 A7 gl ort e 7ol vlal 7 Jeterb e Ao £
ek R3 AR KNNS 15717} o122 Uehom A 52l sl iz gster} et o] ulaf ol g v
Ol S B C5E) 3, 00l B2 1 et weltslon ae A
b AR O R HEG A, BER] 4, ol AR} ashe Ao ARk
=), Ao BE RO 2 15 Akl T A A CEE R 297 M e Ao
Cehde. Thal, A A5 el it o5 057 = R39) XGB ARICE B2 ) S Alejstit: BE 7 Mo BS 3oz
BRI, R Aol the 7|48 ASHE vl Fig. 3 59 S1g 4 olr
C AR 739, R A2 18l SVMIHLRE A 915k1 o HEH/} g uA] Uston] R ol 71 944t
xg;;gow DT /140 7H- R RSG5 S SR AR BASICE 231 4AYARE o18T
3 AR A9 SVMILRE 67 25 et cllzat 2oz FAw it tht,
C2 A2 A9, ASF 5] 5 Anfelact
Figs. 3-59] 2.4 27k} o] Gl o2& S1at 71 Ae15] HHeg o)) Sl BAKY AR HTHE B4

BH S ARE LI, FIATE Rl Do ste] ffoteh el 2a) el gl el

3 Ao B AEAS) AT TSP AHGEIL Gl AT IS ol ste] Shf e SlgERe
BRoHe DL ek, 1 PSS vl RS ZIABH7 1Y) A= 915 27019201992 2020)9] T
) 4% e 2AVATHE 541718819108, K-NN, SVM, LR, DT, RE, XGB % 6719] 7148t 4:& #8191}
A7) F0 ATk Theat 2ol 8ok lnk

35 ke A2, 67110] 71 BT 91 A A B A 02 00% o 0] 55t R HSHEE HelF

i
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ek 5], SVMI} LR 413 Az eh 2403 Aol el 5 93t 4f5-2 Hol 1 glo] e ¥iact oy Hel dntg
AFIFI, T, AP A 510G AR E B 5ol 87 BN BAP ARE ST BRuT 9504
o

o [¢}
58 VeI v, A BVISRES TR AR(C1-C4) HERs HE7} ofzdo] wiods 7Vd AR (R1-RY)

G 3
2 40 Y] RS 2102 BARIT 53], APYF AT PRE Sl MDA N5 H T
S| Lhebgteh o) WAL 7 FESolA 50l thet AR ool /1 e i AHAIstel A B3] R sk
£ ol fjo] oJgh 5102 Hebgick

A=8 7ABRS7 S-S ARR0] Ot o] 525 Shig B, Hetert PPk B AToIA ] T AuEol
O SIEE ol B, C 581 S5ehiL] 2 /PSS S04 ol ol w9 0 1R JSHeS Agahick chk A
ST P WYSIBA 2] 9, Bl et 79S| Bekon, ol UAZ A S o St AR o
BEsle] 7t /S0 0] FE5H e AoE vaEr

A G 2R v J410] 513 9lon] 18 EeH AR 2102 7] ek, e oje} e oFae] @A

Eh A% 02 BuE A9, 2 Aol 2837 < :

T o, S AL oFge] I 4aR0] 7RaR] Frofet A |Flo] ti RG] A1, A9, EF B4 FETto 2 Wi
NBSFL LY 5 /A7 N R REe] T} e
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