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Abstract

Geological field surveys and a series of laboratory tests were conducted to obtain data related to
landslides in Sancheok-myeon, Chungju-si, Chungcheongbuk-do, South Korea where many landslides
occurred in the summer of 2020. The magnitudes of various factors’ influence on landslide occurrence
were evaluated using logistic regression analysis and an artificial neural network. Undisturbed
specimens were sampled according to landslide occurrence, and dynamic cone penetration testing
measured the depth of the soil layer during geological field surveys. Laboratory tests were performed
following the standards of ASTM International. To solve the problem of multicollinearity, the variation
inflation factor was calculated for all factors related to landslides, and then nine factors (shear strength,
lithology, saturated water content, specific gravity, hydraulic conductivity, USCS, slope angle, and
elevation) were determined as influential factors for consideration by machine learning techniques.
Minimum-maximum normalization compared factors directly with each other. Logistic regression
analysis identified soil depth, slope angle, saturated water content, and shear strength as having the
greatest influence (in that order) on the occurrence of landslides. Artificial neural network analysis
ranked factors by greatest influence in the order of slope angle, soil depth, saturated water content, and
a OPEN ACCESS shear strength. Arithmetically averaging the effectiveness of both analyses found slope angle, soil
depth, saturated water content, and shear strength as the top four factors. The sum of their effectiveness
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AYPA A2 vl=r EEATFEHQ ASTM 0] wheh AP =] 9l o, QIZT tha-5-41/9-2 s dst7] flsl] VIF(Variation inflation factor)E 4t
ottt T84 2SS0l & 97l AR, 5, BEA, AZeelrH], HIG, A1, USCS, APH ZAE, 11t 7F 240 485
At 35 E SR 7 QIAPE IS 254 0 & vl QoA vlofel= XAgto, Xt 10] HEE XA Fd Al & 22 AE
SR H JIFAET Aol 2= U}, 22 AE B R A, B4, AT, sekelaeH], AT =0 8 JhaH] o] gafelo] 2A
LeRg o, QA B A) AAL B4l ESRelpH], Mol 40 2 Jefeio] 37 yetyith 2 BA7Ho 2 A H IS AL
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F-Q01: ATl A G, Fabe B4, 2A|24e S, Qg B

KA AT A QLA RIS oot SPHolU 5 L ol 5] E4HE0] Fejo] <J5) 7
2 "oJA A Falls), Z3FSEALK Creep), =AEH= whet 1|11 XA (Slides, Flows), F1= ol&0] 54 0= LE}
g oS Deh(Ro et al., 2015). A= 9178 2 AsiE e 4= Lo B s AR AR Fofx] oS mjetstal
PAHAE Hste] wSiE o slloRRIth(Oh, 2010). o1& PsiAe= At T o] ol d=l= 2ol g
A130] 214 Bl Ao 5 e A a9l tigh R E ashH, o]t HHE2 AR of] Tt AR oA el 71
S 21Q1 g 4-olth(Sidle et al., 2006; Park, 2014). “L2{u F 291 2] o] tjet A7zt =81 0] fHA| = QI5]] T2 I+
S| GISEHH F =35 A 5H] o] e]TkS- o] 8519, 2 M (Ryu et al., 2002; Lee et al., 2006; Jo et al., 2007; Quan et al.,
2008; Kim and Park, 2013; Lee and Oh, 2019; Urmi et al., 2020; Yang and Park, 2021), ©]2{$t A-A1H= W Fapazt
A2 5 AEoH] 221& A eskR] ERleh= BAdol Sk TS, AUAeS Soll Aok EAS e dE2
TO] AAH B E 3]st | el At A1 HEe] A= A2|7F e Holtl 7397 ETh(Chae et al., 2004; Quan et
al.,, 2011). o|2{3+ 7-folli= A of o[- 85 A Aok 241 o] Aot 745 718 R 245 M 3sh] fl5th 2 A
o= T ARl F-2 A Ul v=9] AR S5 A 73] dHE VR HolEE F5s5He
o, REHolE7HEY A 240 Bl 5d A 202 77 tiZel ol 50 kS riAIe e = A1 9 A1 QIS
O] FF=E mpefe 4= Qlrt

APAHE ool A SHEEA AR B8R A5 A e ok v 2t 1960 ATl FHtellA] 1980 AT FHE7EA]
= AP O] Q1 AR of| TRt 7 d A S A, AbATE ' IAY Wt of w7 to] ko] whE FRFIRt A1 B 9l
71, AR A Q Q1 A 9 Tl ol HA1S fF A7 FE ol ]Itk (Park, 1965; Lee, 1979; Ma, 1979; Woo, 1984,
Kang and Woo, 1985), 1980t THILEI= Aukz] o 2 AAte] S Hrlsh] 9l et B4 7] (Kang et al.,
1986)°1ut 2|54 715 (Lee, 1987)2 22 HHE0] 2-8%31.0H, 1990 d o]l S)A A GISE 5ol A1F X 51t
HlolHE g3t A7t e FPEATHKim et al., 1991, 1992, 1993, 1996; Koo and Koo, 1995; Choi et al.,
1997). 2000 A8l = Kk et A7 M-S0l 21857 AlAtstg o m, oAFEA7d7HH ] AHP(Yang et al., 2005), H
o] z]¢t 8HE-& A-g3H 24 (Choi et al., 2004; Jang et al., 2004), CHATFSIA 71 ¥ (Lee et al., 2005) 50| AFE]2ich E5],
Z2)AH 3]7EA(Chae et al., 2004; Lee et al., 2006; Jo et al., 2007; Quan et al., 2011; Woo et al., 2014; Urmi et al.,
2020; Yang and Park, 2021)2} Q-5 21737 B4 (Lee et al., 2000; Ryu et al., 2002; Oh, 2010; Lee et al., 2012; Kim and
Park, 2013; Kim et al., 2017; Song et al., 2021)= 2-83F A= 2000 55| @A7IA] Z|&2 0 2 o] Fo]z|a1 QLo
Chro] A-8ARIE Foll 1 A-8-d0] A5 4 7IMEolth EAAE S S50 7| Ao A4 s bd

Aol= M7t Qlth= 71 sholl X184 =](Mckelvey and Zavoina, 1975; Muthén, 1984), A1} &3pgo] Aoz
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ZHHska ST A E melslr| k= "g7o] ik 1ol vlol Q1A A2 B4R vl A TAIE 7 RS
% SPH(Basheer and Hajmeer, 2000), 2724 H ot AXtE] = 71521 9] 747} 255] 71 I

Tt FEHPS O] HIAFTAIE B 4 k= o] Qlet 18y, QA 240 A BAR TR
Qle]] ¥i4= ko] sljA o] o] 11, 447 T Overfitting)= WAYAIZ 4= AtHLi et al., 2016). =L 8
tahu]e] o] 248 53 29 X3} v(Exploratory adjusting process)= 714 0F 5hH, Al7to] Q2] AZth= T o]
QJtJeong, 2018).
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(a) Landslide in the upper slope of the forest road (b) Landslide in the lower slope of the forest road

Fig. 1. Photographs of landslides in the (a) upper and (b) lower slope of the forest road.
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Fig. 2. Simplified geological map of the study area showing sampling point in accordance with forest road (modified from
Park and Yeo, 1971).
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2 A ollA] E 57 HlolE= ARATE] WA RS HIE S, 9, USCS, EA, Zekghev], vlE, Ha7)e, =1 9
T=E, T FrA, Ik, AR Th AN A Rt oFE-2 @ EARE Sol EeIsigloH, o ¢ A4 Y
Alde Fll B 5740kl Eulsh AlRE AF st (Fig. 3a). AFE ARE o= nl=r EEAAHES
Aof| w2} e<=H] A|F(ASTM D2216-10, 2010), HISA|E(ASTM D854-10, 2010), Y EE3EEA AF(ASTM D422-63,
2007), AT A|A(ASTM D3080-98, 1998), HAJ2HA] W A/J3HA] A (ASTM D4318-00, 2000)S =¥, T
N5, 5=, obpH], ot v, JEEA, UlFmRaz), Hate& APgstithFig. 3b~3d). USCS w5+ 21, 4]
O] ES-L2 A7t St Hal(SW) 28%, U7 HERt Ball(SP) 54%, 01571 5(SP-SM, SW-SM) 18%0]H, BL5&
HHo| Rl 2 =)o Qlrt. whha] 28 E EA] 28 7153t Hazen(1892) 2] 74 &A1 o] 851, F4-Al4E Alktst
Art. ofw, FIAT= TR 0.8 AT, A= Zo] AT e 27 Sl=5 dztel npdzks
ol-§-51od 47g513 2™, Mohr-Coulomb @] 3} 7]E24](Coulomb, 1776)]l thiehe 24 ARSI of7]4, 42182
2 I5F EA lolH 2 AtE it ket FAks REX]E R HA Ak AR E 25 E FE5513In
(NGII, 2019).

=35t glo|e] o] BxH 9 Fig. 49} ZHom, uit) 12 Zo} AR 18 (Box plot) 082 B@AsHch AR 18- mAch
W 23Sh= HlofelE T Al INMEIF(Q)FE Al 3AREI(Qs) 7141 2] RIS A box) & EASHH, A IARZ91=2t
A 3ARELIE=S] Afo] 1 ARE91 HIRI(IQR) <] 158 Hol H-& - ol 71 o= Aheh. T34 o7& W 22
Sk dllolE 5 2Pight Hghs ol M= AAsk, A - oF 71eA(Qs + 1.5 IQR2FQ; - 1.5 IQR)& Zoh= |
oJE|+= oA (outlier) = TLFITY.
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(a) Dynamic cone penetration test

(c) Particle size distribution

Fig. 3. In-situ and laboratory tests for data acquisition.

(d) Atterberg limit test
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Fig. 4. Distribution ranges of measured data. Categorical data including landslide occurrence, lithology, and USCS

are shown as a histogram, and continuous data are shown as a box plot. Ocrn#: Occurrence
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2ho) 2|31t Helgke ehalc,
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Xmax Xmin
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1 5l=0 X

1715 ©Teh(Choi, 2000). 2X|AE] 3] HEAS E4 APdo] Wy
]/\i‘— g0l =2 7107 A A QIthQuan et al., 2011; Song and Jo, 2013). 2X|AH 3|74 0] Ayl A] S5
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Fig. 5. Distribution of dependent variable after logistic regression.
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NFAVEAY A2 QT T S AFAME HIAUEZS 2HESto] Z1AIekE darelES Sol ARkt Ao = okE& o
T HHgsto] AEe] =2 6l+= 7| o]t (Chung and Lee, 2007; Jo, 2018). T2hx 1 2 HHEokE-S Fofl HlolEfof WA
H 54} 1f{ES Zropf 17, o] & dhltslsio] Ak =2 oSS 517 QI Ao tHUo, 2018). 1A B
PET, 29T, E8T o= E0] o), At Eopolla=-2dFo ]3}‘4"“?_ NFAH o] RIHsHA 8= 2
2 B AN 249 Z0] 5Pl QI A7 B2 o] 851 tHLee et al., 2005; Quan et al., 2008; Lee et al., 2012).

SEPY

AT WA QuelEolut Bl izeld L 1ae e s o] Eashe A ofjel, HletnelE el n
2 0] LEES A 715 E 2450 24 AR EE3HKRao and Rao, 1993). WA =
2 Afo]o] A PANE A9 02 sk BE7] Rl oS FEs] 18] 75 B At

=
%?}W(Jeong, 2018). 712w STt ST /\}014 474] R ﬂﬂ's]"b ' © % (Garson, 1991),

X = abs (Wi * wye;) Q)
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SR ST} QAT B0 2
FTERPTL o FR R 7T, A At gl AA dlolE] ghel vl Fdl] Auht HesHA dlSstaleA] Tk 4
o, o5 Alslet A2 ealolefal gtk Table 1). @23 H O] 32 AA| 4tAtH| o] A F-7-5 o|nfstal, E-2
AH Y 570 ellEaks ofmIeith wheba] ARt ] TRt ol 438~ True Positive(TP), APAHE] md/go] of
o5 452 True Negative(TN), AALE] 2 o] thet of| & Aufj= False Positive(FP), AFAFE] ndAgof] thgt of| Sl uf

False Negative(FN) 2 -5t}

S

rlr ol 30

Table 1. Confusion matrix used to compare predicted and actual values

P (predicted values) N (predicted values)
P (actual values) True positive (TP) False negative (FN)
N (actual values) False positive (FP) True negative (TN)
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under curve) S 4Fg5te] 540 Hei S Hr Rt At o] thet ol g3 Hl-&-2 RIZHE(Sensitivity), AFAHE 7]
o] o5 AsHleS & 1E(Spemﬁ01ty)ab— 5h, A1 (7)2 ol APk

. P o N
Sensitivity = TP+ N Specificity = (TN+ FP) ?

ROC ZHL W Sy E 0 ¢ - Eo]w 2 x %0 8 sjo] GAlH Ao
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Fig. 6. Schematic diagram of receiver operating characteristic (ROC) curve (modified from Simundi¢, 2009).

Table 2. Diagnostic accuracy in accordance with the area under the ROC curve (Simundi¢, 2009)

Area Diagnostic accuracy
0.9~1 Excellent
0.8~0.9 Very good
0.7~0.8 Good
0.6~0.7 Sufficient
0.5~0.6 Bad

<0.5 Not useful

B2 AE SR theaAl > o] & HpE0] AR5 AStA 7] g b, 2= el tigt

59| ol g7t 7Fs/d o] AThRyu, 2008). TEbA] AR oA FA4] oot 2|32 A5 ARG S = B4

A4 Variation inflation factor, VIF) & -85}, tha-3-44d o 55 o5t th 4] (8)). YHEA© 2 VIF gho] 100]/4do]
H t53A4d0] EAfsk= 71 0 2 stk (Kutner et al., 2004).
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VIF=— ®)

o71A, VIF : 28374, R? - BAAIS

BabgAAG: AL A] 12k Aol thet 27 gho] Wsl] wRe] 7 S VIF 7S 7S 1412 sk AAs]
WA 2%2 02 RE Q12ko] VIF gto] 1001617} =2 5191th. Table 3- 1371 Q12FSo] th VIFS AH43t A7t
olH, =5, AXHASTH U LA STES VIF 410 99999 o}4fo]7] o] inf.(infinite) = E7|=|Ric}. 1 o] & &
=5, 39, 2120915, wetogiEo] At AAHWA, A0 97]o] AT, o, EA, E8tet
], W1, S5 USCS, AL TE)S dito @ 22| AE] 5754 2 QB A4 5418 536l gITk Table 4).

Table 3. VIF for 13 factors influencing landslides to check multicollinearity (first step)

Number Factor VIF
1 Shear strength 2.8
2 Lithology 1.7
3 Soil depth 2.7
4 Saturated water content 2606.2
5 Specific gravity 1159.3
6 Porosity inf.*
7 Void ratio 2677.6
8 Dry unit weight inf.*
9 Saturated unit weight inf.*
10 Hydraulic conductivity 1.2
11 USCS 1.5
12 Slope 1.3
13 Elevation 1.5

Table 4. VIF for 9 factors influencing landslides to check multicollinearity (final step)

Number Factor VIF
1 Shear strength 2.6
2 Lithology 1.7
3 Soil depth 2.5
4 Saturated water content 1.5
5 Specific gravity 1.4
6 Hydraulic conductivity 1.1
7 USCS 1.5
8 Slope 1.3
9 Elevation 14
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Fig. 7. Map of the study area showing distribution of training and test data.
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Ao} B|471s of 7, QFAIZE 5ol 21392411 FokE F7] whizoll FFTtE A 02 molk]H, 7]E AFAR oA = AFAL
Bl HPAL ZAAR=E =2 ARS Hols 7102 HA1E]o] QIcRyu et al., 2002; Jo et al., 2007; Quan et al., 2008; Lee et
al., 2012; Kim and Park, 2013). A= AbHE S| QlojA] A3 0 2 2F25P7| mfjiof 52 e 2 =707
ufol k], EolekpHl= AP HlollA] Thpets AIAA A S W A2 5P| el 9= = 871

3
S| 7 By

A0 =& WL USCS, 507, 45, s 72 2 os A, 55| F l—’F?J BT
Al Ak o] gl 71 0 2 H ko] ¢l O1(Chae and Seo, 2010; Quan et al., 2011), & GLofA= QB BA]
2 53] 345 grol7] el s ke o= ﬂﬂﬂngS—EEHEﬂAEQHTHEéAQ%éﬂEQ
Ehfii= A S 2H, AUC 4to] 0.75017] wizell o8 Good) HEQl .0 = mtect,

Table 5. Results of logistic regression analysis

Factor | Coff, | Influence Rank

Constant 0.473074 - _

Shear strength 0.652883 0.133467 4

Lithology 0.12072 0.024679 6

Soil depth 1.556677 0.318228 1

Saturated water content 0.66907 0.136775 3

Specific gravity 0.11025 0.022539 7

Hydraulic conductivity 0.105105 0.021486 8

USCS 0.25782 0.052705 5

Slope 1.402566 0.286723 2

Elevation 0.01662 0.003397 9

Logistic Regression ROC

=} =} =} =
E= [=1] [=:] [=]

Sensitivity

=}
Pk

0.0 = Aarea Under ROC = 0.75

0.0 02 04 06 08 10
1 - Specificity

Fig. 8. ROC and AUC graphs of logistic regression analysis.

Al Lare]EellA] sto|w o] E|(Hyper parameters)i= AFHE0] 215 2ok )RR tA LSl ofsf 2
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Table 6. AUC of models for selecting the number of nodes in the hidden layer

Nodes Run Avg.
1 2 3 4 5 6 7 8 9 10
5 0.77 0.83 0.63 0.76 0.80 0.86 0.39 0.87 0.73 0.78 0.74
10 0.84 0.85 0.85 0.84 0.84 0.83 0.85 0.84 0.85 0.83 0.84
15 0.86 0.87 0.84 0.85 0.87 0.84 0.83 0.85 0.84 0.86 0.85
20 0.86 0.87 0.83 0.82 0.82 0.82 0.82 0.85 0.88 0.85 0.84
25 0.84 0.85 0.85 0.86 0.80 0.85 0.83 0.86 0.86 0.83 0.84
30 0.82 0.82 0.83 0.85 0.85 0.85 0.85 0.84 0.85 0.85 0.84
35 0.86 0.86 0.85 0.81 0.87 0.85 0.87 0.83 0.85 0.84 0.85
40 0.86 0.84 0.84 0.85 0.85 0.86 0.85 0.87 0.86 0.86 0.85
45 0.86 0.86 0.86 0.85 0.88 0.84 0.87 0.83 0.83 0.84 0.85
50 0.85 0.85 0.86 0.87 0.85 0.85 0.86 0.88 0.85 0.85 0.86
55 0.84 0.80 0.85 0.85 0.86 0.85 0.87 0.87 0.87 0.85 0.85
60 0.83 0.85 0.86 0.82 0.86 0.84 0.85 0.84 0.85 0.84 0.84

Table 7. AUC of models for selecting the loss function and learning rate

Loss  Learning Run
function rate 1 2 3 4 5 6 7 8 9 10

Avg.

0.005 0.86 0.85 0.87 0.87 0.85 0.85 0.84 0.85 0.86 0.86 0.856
0.01 0.86 0.85 0.85 0.87 0.85 0.88 0.85 0.86 0.87 0.84 0.858

MSE 0.05 0.87 0.85 0.86 0.85 0.84 0.86 0.84 0.85 0.86 0.85 0.853
0.1 0.85 0.86 0.86 0.84 0.86 0.82 0.84 0.86 0.85 0.85 0.849

0.005 0.81 0.79 0.77 0.8 0.79 0.79 0.79 0.8 0.79 0.8 0.793

e 0.01 0.82 0.82 0.8 0.82 0.8 0.82 0.81 0.8 0.8 0.81 0.810

0.05 0.82 0.83 0.82 0.8 0.81 0.8 0.8 0.82 0.81 0.77 0.808
0.1 0.83 0.8 0.8 0.8 0.82 0.79 0.8 0.79 0.8 0.79 0.802
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Table 8. Results of artificial neural network analysis

Factor Influence Rank
Shear strength 0.112198 4
Lithology 0.103137 6
Soil depth 0.129589 2
Saturated water content 0.116863 3
Specific gravity 0.086337 9
Hydraulic conductivity 0.104165 5
USCS 0.097074 7
Slope 0.15674 1
Elevation 0.093896 8
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Fig. 9. ROC and AUC graphs of selected artificial neural network analyses.
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Table 9. Rank of landslide factors by arithmetical average of values from logistic regression analysis and artificial neural
network analysis

Factor Logit Rank of logit ANN Rank of ann Average Rank
Shear strength 0.133467 4 0.112198 4 0.122832 4
Lithology 0.024679 6 0.103137 6 0.063908 6
Soil depth 0.318228 1 0.129589 2 0.223908 1
Saturated water content 0.136775 3 0.116863 3 0.126819 3
Specific gravity 0.022539 7 0.086337 9 0.054438 8
Hydraulic conductivity 0.021486 8 0.104165 5 0.062826 7
USCS 0.052705 5 0.097074 7 0.07489 5
Slope 0.286723 2 0.156740 1 0.221731 2
Elevation 0.003397 9 0.093896 8 0.048647 9

*ANN: artificial neural network analysis.
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