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Abstract: The soil creep, primarily caused by earthquakes and torrential rainfall events, has widely occurred across
the country. The Korea Forest Service attempted to quantify the soil creep susceptible areas using a discriminant value
table to prevent or mitigate casualties and/or property damages in advance. With the advent of advanced computer
technologies, machine learning-based classification models have been employed for managing mountainous disasters,
such as landslides and debris flows. This study aims to quantify the soil creep susceptibility using several classifiers,
namely the k-Nearest Neighbor (k-NN), Naive Bayes (NB), Random Forest (RF), and Support Vector Machine (SVM)
models. To develop the classification models, we downscaled 292 data from 4,618 field survey data. About 70% of the
selected data were used for training, with the remaining 30% used for model testing. The developed models have the
classification accuracy of 0.727 for k-NN, 0.750 for NB, 0.807 for RF, and 0.750 for SVM against test datasets representing
30% of the total data. Furthermore, we estimated Cohen's Kappa index as 0.534, 0.580, 0.673, and 0.585, with AUC
values of 0.872, 0.912, 0.943, and 0.834, respectively. The machine learning-based classifications for soil creep susceptibility
were RF, NB, SVM, and k-NN in that order. Our findings indicate that the machine learning classifiers can provide
valuable information in establishing and implementing natural disaster management plans in mountainous areas.

Key words: natural disaster management, soil creep, machine learning, landslide susceptibility analysis, discriminant
value table
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Figure 1. Research framework of the study.
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Table 1. Field survey items for assessing the soil creep susceptible area.

Soil Creep Factors

Classes

Data Category

Direct Evidences tension crack, scarp

Indirect Evidences

structural deformation, abnormal tree growth,
underground water release

Soil Creep Evidences

Topography
Flat Horizontal

Longitudinal Section Vertical

Slope Angle >30°, 20~30° 10~20°,

gradual hill land, hill land, mountain land

mixed, concaved, convexed, rectilineal

Geomorphic Characteristics

mixed, concaved, convexed, rectilineal
<10°

Composition
Rock Weathering
Discontinuity and Slope Direction

Discrete Surface Spacing

sedimentary rock, metamorphic rock, igneous rock

weathered rock, soft rock, moderate rock, hard rock

Geologic Characteristics

face of slope, vertical, horizontal. reverse

very dense, dense, moderate, sparse

Soil Properties at B Floor
Soil Depth to B Floor
Soil Moisture

Talus absence/presence

clay soil, sandy loam, sandy soil
>90 cm, 60~90 cm, 30~60 cm, <30 cm

humid, semi-humid, moderate, semi-dry, dry

Soil Characteristics

ol "asiry FRe| digh A3t 32 4] 29 Ao}
(Haung et al., 2020).
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o FR& Y, £9,9F F5,2 2 9 24 A1)
BAAE HetE gy dRF2AL Hao] AR 2o wE
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2017; Huang et al., 2020). k-NN 2.2 sk 9l-4o] ol
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o] AUA|A kG = o] Hpeh A Al (over fitting)7} L}EJr
U, B kglo] A A4S 919 2. F(noise)o] u}E
ko] ZolEo] A3 = Auts Ego}X]Ul-(Imandoust
and Bolandraftar, 2013), 32 7+ A A7} B8R = &
Al(under fitting)7} WHAVEE 217} Qlek. webAl, A k
= gst7] S8l kgkel WsE A 7 FHoid Axt
S UEhUlE kghe ook sk, of uf Quteow E4
o] kgkk=1, 3, 5, 7, .0 F= A&, EIF ohetgh
A 2leha(distance function)E ©]-§-5tof Qg% & A& 7t
9] UX|E(similarity)E =% 3tc)

of AFtollA= A9 kike 371 s 1ol4FH 19
w9l FEsl S7MIA R PREE Bl @
S x(greedy) WS A BTt T, Aelgis 24
of kghe A ol Fasto, of AselAd: 71 Uel
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2 o] 83l tHHu et al., 2016).
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Table 2. Normalized FR values for soil creep assessment (Lee, 2021).

Soil Creep Factors Classes Class ratio Soil Qreep Frequency ratio Normalized
ratio classes
metamorphic rock 0.35 0.24 0.68 0.10
Composition sedimentary rock 0.22 0.37 1.65 0.90
igneous rock 0.42 0.39 0.93 0.44
hard rock 0.09 0.10 1.10 0.63
Rock Weathering moderate rock 0.59 0.65 1.11 0.64
soft rock 0.01 0.01 1.26 0.90
weathered rock 0.31 0.24 0.77 0.10
reverse 0.58 0.27 0.47 0.10
Discontinuity and vertical 0.04 0.10 2.26 0.80
Slope Direction horizontal 0.03 0.08 2.52 0.90
face of slope 0.05 0.12 2.45 0.87
very dense, 0.02 0.05 2.03 0.81
Discrete Surface Spacing dense 0.04 0.08 2.01 0.80
moderate 0.12 0.26 2.23 0.90
sparse 0.68 0.31 0.45 0.10
<30 0.11 0.06 0.55 0.10
Soil Depth to B 30~60 0.62 0.49 0.78 0.22
Floor(cm) 60~90 0.22 0.36 1.63 0.64
>90 0.04 0.09 2.16 0.90
) . sandy loam 0.84 0.84 1.00 0.28
:t"‘llg P;ﬁ)‘:;mes sandy soil 0.12 0.06 0.49 0.10
clay soil 0.03 0.10 2.80 0.90
dry 0.09 0.08 0.84 0.16
semi-dry 0.51 0.37 0.72 0.10
Soil Moisture moderate 0.25 0.34 1.35 0.43
semi-humid 0.07 0.16 2.24 0.90
humid 0.07 0.06 0.74 0.11
presence 0.05 0.08 1.53 0.90
Talus
absence 0.95 0.92 0.97 0.10
gradual hill 0.16 0.21 1.34 0.90
Topography hill land 0.29 0.28 0.96 0.57
mountain land 0.44 0.19 0.43 0.10
concaved 0.13 0.13 0.98 0.29
Flat Horizontal convexed 0.16 0.20 1.25 0.90
rectilineal 047 0.42 0.90 0.10
mixed 0.23 0.25 1.05 0.45
concaved 0.05 0.13 2.44 0.90
Longitudina] Section convexed 0.15 0.14 0.94 0.13
Vertical rectilineal 0.60 0.53 0.87 0.10
mixed 0.19 0.20 1.04 0.19
<10° 0.03 0.03 3.72 0.90
Slope Angle 10~20° 0.18 0.18 1.20 0.26
20~30° 0.49 0.49 0.98 0.20
>30° 0.19 0.19 0.59 0.10
Indirect Evidences presence 0.03 0.52 19.38 0.90
absence 0.97 0.48 0.49 0.10
. . presence 0.02 0.69 27.78 0.90
Direct Evidences
absence 0.98 0.31 0.32 0.10
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A training set with N training samples: T = {x,, € Rd}ﬁ]

The class lable of one sample x,, is ¢,

=1 A query pattern x

Calculate distances of each training example

Take the K-nearest neighbors with smallest distance: T = {x;"¥, ¢;

k
NN
}i=1

¢’ = argmax

Assign class ¢’ to x by applying the simple majority:

NN
G eNN)

8(c=¢"")

Figure 2. Building process of k-NN (Huang et al., 2020).
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L A (fair)e] YXEE, <0.2+= F7HKslight)o] A =&
Uehdc(Landis and Koch, 1977).

AUCT Y17} (sensitivity)Q} 0] Z=(specificity) S ©]-&
St X ER, $AIR ZAEA(receiver operation character-
istic, ROC) tAl& Soff F-etch Wi est AR B A
7t g A2 7 BlEoln, o=t AR HgU
A5 Eede] o vjmdPEA 2 £R3 F=E Uit
of. A wet e ol WA Hm, o] 52
E o] = Z(trade-off) TA ol s} 1-50]%= gk xFol
FASIAL WIS ySO 2 Sfo] LERH 41o] ROC 41
ojth. o714 xF3 y&-2 217} 004 19] W elE 7Hch
ROC FAIRte 2= ERmdlo] Jea At wdstr]
o] 7] ufizell ROC FAlo] 2pA|sh= WA F3fl Bt
ol AA| diolHE MELE #EiE0] o4ty olug, ¢
g HlolE D= (z,9),(x0,9), (23.93), -+ (2,,.9,,) o A}
of 7} o]ojX|= oAb Ee] M AA (1, =0z, =1)°]
o] AA| o] o]Fojirtar & wj AUCE vt &
o] AAFETHA] 5).

1771*1

AUCZEZ(%H*%) © Wit yig) )

1. CEE34d 4ot

2 o] 9 AR THEEAAS AT 99
BAF AL R] S>(variance inflation factor, VIF)Q} -Zx}3HA|
(tolerance, TOL)E Al4tstqlct thga4l/dol qlow A
WSS 7h0) AR A AR O olF) el Aol
HojAm, ®elo] Jere: 7FAst7| wjiolthRahmati et
al,, 2016). VIF®} TOLS A& 9J4=0] A S 71X, VIF
7} 10 Bt} AU TOL 0.1 B} 2o thEg iAol
EAot= AR AT Table 19 AAJE HS> 719
tsaAld B7E Ay Be ¥ ells vssAlide]l v
EFLEA] QFQITH(Table 3).

2, T QK| BREHO| Sy
Y AEA ERELS el e A E

AEE o|gate] HREAY 7 ujfasE AAstolol
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Table 3. Results of multicollinearity analysis.

Collinearity Collinearity
Soil Creep Factors Soil Creep Factors
TOL VIF TOL VIF
Composition 0.955 1.047 Talus 0.948 1.055
Rock Weathering 0.983 1.017 Topography 0.978 1.023
Discontinuity and Slope Direction 0.685 1.460 Flat Horizontal 0.650 1.538
Discrete Surface Spacing 0.711 1.406 Longitudinal Section Vertical 0.642 1.557
Depth to B Floor(cm) 0.981 1.019 Slope Angle 0.971 1.030
Soil Properties at B Floor 0.977 1.024 Indirect Signs 0.826 1.211
Soil Moisture 0.964 1.037 Direct Signs 0.812 1.232
. o] 19 uj BRI 0972 7Pg A e,
0.89 kgrol 19 7% A H2Ql E4do] AYAA vrg == ¥4
T ol EAI7F Y 927t 7] wiZefl(Lantz, 2013) 2}
Sos S92 e BRANE 0895 el k=38 25
g o7 MAgstelet
§ 0.7 RF 2R 9] of7fH4= 3t 7iete 2 = qhEdl nisl =2
of 4458 wolo, w7} WolAlw eale mele] %
o A& Z71A)71ckMuller and Guido, 2016). whakA] o] ¢
0 . Fo A= RF 2do] 4 o 7] 4=2l ntree@} mtryThS
0 5 10 15 20 A5t
k value FARRE T WiAEsE ERAIEE AN 2

Figure 3. Classification accuracy of k-NN model with k value.

Bt} o5 ffste] S 2ay R4St BEs A

ST & wdef gt ERASes 7P w2 S-S

27 w72 A48kt ok NB

7ol BastA| ¢F7] wiizel] ol IS AYerstqlch
kghe] Wslo W k-NN mdo] Bg Ay}

3} et Figure 33+ ZHo] 70% fﬁjxhi—%

o] ¥iglo]] WE kNN HglS JL&35}0] H|a
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Table 4. Classification accuracy of RF model.

T}, mtry=5, ntree=4002] =%
714 %7 PR THTable 4). % mtry )
A BRAAGE7E A FAEA ot o] ALt 21
RF =do] 24 uj7ijisz A5t

SVM 22 tgt Adat 7FARE Ad® FHEsto] 7}
Aol gt w75 2k 7H-AI%E A 9] vl
N == gamma®} cost2 LA EH gamma= 107, 1073,
1072, 1071, 10"} Zro] Udeal, costi= 27, 2, 27, 29, 2' o

2 FHste] BRASES ALttt Ade) vy

ire mtry 1 2 3 4 5 6 7
100 0.784 0.980 0.985 0.985 0.990 0.995 0.985
200 0.985 0.985 0.980 0.985 0.990 0.995 0.990
300 0.985 0.985 0.985 0.990 0.990 0.995 0.995
400 0.985 0.990 0.990 0.995 0.995 0.995 0.995
500 0.985 0.990 0.990 0.995 0.995 0.995 0.995
600 0.985 0.990 0.990 0.990 0.995 0.995 0.995
700 0.985 0.990 0.985 0.990 0.995 0.995 0.995
800 0.985 0.985 0.985 0.990 0.995 0.995 0.995
900 0.990 0.985 0.985 0.995 0.995 0.995 0.995
1000 0.985 0.985 0.985 0.995 0.995 0.995 0.995
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Table S. Classification accuracy of SVM model with polynomial kernel.

degree 1 > 3 4
cost
20 0.852 0911 0.980 0.990
2! 0.857 0.936 0.990 0.995
22 0.857 0.951 0.990 0.995
23 0.852 0.985 0.995 0.995
24 0.822 0.990 0.995 0.995
1
0.8
9
E‘ 0.6
°
2
<
Hoa
g
0.2
0
k-NN NB RF SVM
Haccuracy MKappaindex — AUC
Figure 4. Comparison of model performance among k-NN, NB, RF, and SVM models.
H20] degree?} cost S0l A] degree= 15-E| 49] ®HQofA gy 93z Bandlo] AL Hyle AT WA
14 WS1E 90w, costiz 7L AUT B AUC H7HE B RFSENB UL g 943 57
aatet. 2 I3 S 9lon], SVMEZ kNN Bl 943t 25
ujZsol utet SVM male] RRgstee Fat, o 712 7hE|9ick Kappa ATASE 0|89 B A%
5k AEO] degree=4, cost=2'9] oA EFAHEL7} 7hol A= RF RS Al 57 dA=E 7= A2
09952 71 %A erd(Table 5). o5 vjfieispe] 2 2 grisglon), e HUSe AP BE AAER
Jg_% Shol weba] B8 AEs}t Wol A kolx|x] 9F Ro] RF mdnchs 1‘411 o8 S F7EE
k7] 2ol SVM E-E vk 7 do sl degree= 4, RF mdo] b4 thE By} Blarste] 93k &7

costi= 2 2| iz dAshdch

3 |:r.H:|IE| °|°‘|I|
A 2AAER FolA 30%] g she ASARES

EE"ol 7-I7<

o]

Boto] ERRdE Bt A= Figure 49} Zth k-NN
mEo] Ao Baxsie L ()727, Kappa AASE 0.534,

AUCE 08722 UrERgTh t}eo 2 NB nde 22yst
= 0.750, Kappa A 24 0.580, AUC 0.9122 7159
of. RF 22l 258HE, Kappa A5 2 AUCT} 2}
7} 0.807, 0.673, 0.943 & LFERSIT) nx|uko 2 SVM 22
wYe HERSE, Kappa ATAS D AUCTH 242
0.750, 0.585, 0.834% UtElyT). 0|9} e Avls E3|

E

AA5sS Hol= AL o Z] THMaroco et al., 2011; Statnikov
et al., 2008), o] AtellA= 2t Br7EA|Fof| o ohE
wElwch B0l S B oleig ol %
+ RF 2dlo] oo HlojeH|o] A5 Ao =m then,
YRgow vmEaE 29AE Yok, HRE A8 2
HPEE9 Fa4S F45to] ol A& At or A
3}7] wl&Zo]thRodriguez-Galiano et al., 2012).
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