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Abstract

This study was performed to develop a model to predict landslides and determine the variable
importance of landslides susceptibility factors based on the probabilistic prediction of landslides
occurring on slopes along the road. Field survey data of 30,615 slopes from 2007 to 2020 in Korea
were analyzed to develop a landslide prediction model. Of the total 131 variable factors, 17
topographic factors and 114 geological factors (including 89 bedrocks) were used to predict
landslides. Automated machine learning (AutoML) was used to classify landslides and non-landslides.
The verification results revealed that the best model, an extremely randomized tree (XRT) with
excellent predictive performance, yielded 83.977% of prediction rates on test data. As a result of the
analysis to determine the variable importance of the landslide susceptibility factors, it was composed
of 10 topographic factors and 9 geological factors, which was presented as a percentage for each
factor. This model was evaluated probabilistically and quantitatively for the likelihood of landslide
occurrence by deriving the ranking of variable importance using only on-site survey data. It is
considered that this model can provide a reliable basis for slope safety assessment through field
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Table 1. Number of landslides and non-landslides on slopes along the road investigated from 2007 to 2020 in Korea

Province No. of landslides Province No. of non-landslides
Kangwon-do 4,753 Gyeongsangbuk-do 3,570
Jeollanam-do 2,870 Gyeongsangnam-do 1,960

Gyeongsangbuk-do 2,316 Kangwon-do 1,941
Gyeongsangnam-do 1,911 Jeollanam-do 1,774
Chungcheongbuk-do 1,699 Gyeonggi-do 1,103
Jeollabuk-do 1,651 Jeollabuk-do 918
Gyeonggi-do 1,348 Chungcheongnam-do 867
Chungcheongnam-do 1,060 Chungcheongbuk-do 628
Ulsan Metropolitan City 79 Ulsan Metropolitan City 36
Busan Metropolitan City 34 Daegu Metropolitan City 22
Daegu Metropolitan City 34 Incheon Metropolitan City 14
Incheon Metropolitan City 6 Busan Metropolitan City 14
Gwangju Metropolitan City 0 Gwangju Metropolitan City 7
Sum 17,761 Sum 12,854

MAEHS S M7= 221

=77 ATHol A E2 v AFAEY A ﬁﬂﬂ% Q15 BFZAL Al AR HloTEl= (1) A1, (2) A1, (3)
2], (4) AN, (5) AEl, (6) RSV, (7) AFelE G4, (8) 71EF R0 2 T 87HA| = RN AV
BEAP 2 FES AQelaL ARl HlolE= Z2e] oé%oﬂﬁ APE-E 0 2 7] ArAd o], AbH |, AR}
&, AR, AFEAAAL ol AAR], AFRER, TG, Aok, Fote, BALHLRRY, AEA, SUIY, 2ol
ESAE, duted], 295, 719, kR ete] o] A A, gui3S ZAIIE oM o & A A QIAFE M ¢S 1
g 2.8 A] H42 Z-EFATK Table 2).

Table 2. Description of landslide susceptibility factors for input data used in AutoML modelling

Categorical data

Landslide susceptibility factors Continuous data
Type No. of type
Slope angle 30,615 - -
. Upper slope angle 30,615 - -
Geom(;;’;?;’rlogwal Slope height 30,615 ] )
Slope length 30,615 - -

Slope gradient 30,615 - -




Table 2. Continued

Landslide susceptibility factors

Continuous data

Categorical data

Type No. of type

- Rockmass slope 14,109
- Merged slope 10,614
Slope type - Soil slope 5,385
- Natural slope without retaining wall 507
- Straight 17,858
Geomorphological - Convex 7,460
f?::tor : Slope shape - Concave 4,444
- Wave 853
- Straight 18,698
. - Lumpy 11,143
Slope side shape i Drop out 43
- Protuding 342

Soil depth 30,615 - -
- Granite 9,979
- Gneiss 7,631
- Sandstone 2,651
Bedrock - Tuff 2,396
- Shale 1,334
- etc 6,624
- Damp 14,847
- Complete dry 14,362
Groundwater - Wet 1,052
- Dripping 218
- Flowing 136
- Irregular 12,977
- Crushed 9,515
' Rockmass type - Tabular 3,583
Geological factor - Blocky 3,308
- Massive 891
- Columnar 341
- Severe (IV) 12,503
- Normal (1) 8,903
Weathering - Complete (V) 6,254
(Rating) - Residual deposit (VI) 2,502
- Slightly weathered (1) 436
- Fresh (1) 17
- Joint 15,178
- Non discontinuity 10,822
- Foliation 2,194
Discontinuity - Stratification 2,053
- Fault 213
- Dike 117
- Shear zone 28
- Crack 10

Social effect Distance to road 30,615 - -
. L - Landslides 17,761
Landslide Landslide inventory i Non landslides 12,854




AutoMLZ O[83H HALEH Of| % B! 4 S MY

319

41 3 E0)

AutoML 2= 2! sk&

T2 HIEHO  APH BHgo]] Faa IRl Q150 dTHtA| 241 2ol ol @ E42 2fo|H 222l ‘h2o’ (www.
h20.ai) 2] ‘ AutoML’-& Google platform 2] Jupyter 2421 Google colab(https://colab.research.google.com) 4] HE
S ffotoirt. AFsekd HAl2 Y Q] AutoML2 Q154174 7159ES 2 Sli= DNN(deep neural network), B7J(bagging)
A8 ] DRF(distributed random forest)2} XRT(extremely randomized trees), F2~E(boost) A|E2] GBM(gradient
boosting machines) ¥} XGBoost(extreme gradient boosting) HL& 5-2 2| L3ttt

Table 204 K= HEeF o] AFAZAL wi—*ﬁﬂ@/\} Afgo], APRZo], AP, ESAE, T ete] oA Ql
A&FHo]E(continuous data)E A 2Jokal thi-E-2] Hlo]E]7} M= H|o|E|(categorical data) O[T} H3 T|o|ElE
A FA0l -8olstA sh7| sl =21 HlolE = C\)_]E’—do Q& ORI FE ol AP AR S 1, ARAFE] mPE Y A] <
& 0202 Wit A4 30,615AFHNA 21,43 1AFH(70%)& T H|O]E](training data)Z 9,184APH(30%)-2 AZH|
o] E](test data)= AF&SITE AutoML-S 0183+ AH9] 307 REllS BAAT AUCTF =242 o= AJ50] Holdt Eg
719 FdE GlE RS0l 449 =2lol A AT AutoML-Z 0188 A5 31 A w52 ol 717 o] ZH7Ho)
o] e A0 2 A Eo] tRfe] FphAQl kS Al 4= Qlom 1o whE A4t AR T 2 4 itk
7o) itk o] Aol =5 Eg] 71HbE RE(XRT, GBM, RF, XGBoost)-< Table 30| 71513 0 H 91-2A4]
7|5 HE(DNN) Table 42k 2t

Table 3. Parameters of tree-based models automatically selected from the AutoML modelling

Model No. of trees Min. depth Max. depth Min. leaves Max. leaves
XRT 49 20 20 2,387 3,588
GBM 75 13 13 104 855
RF 50 20 20 2,698 3,675
XGBoost 64 - - - -

Table 4. Parameters of deep neural network automatically selected from the AutoML modelling

Model Layer Units Type Dropout Mean weight Mean bias
1 121 Input 20 - -
DNN 2 200 Rectifier dropout 40 -0.009 -3.466
3 200 Rectifier dropout 40 -0.088 -0.082
4 2 Softmax - -0.024 -0.012

AutoMLOfIA] MHE XRT 22

Geurts et al.(2006)°1 2J5l] AIQHE Extremely Randomized Trees(XRT)+= 3|74 2.2 =% Decision Tree(DT)2] &
geolm 2F B2 tY DTE AREsto] 550 Z2F L2 4| Hol8 AIES AR sto] E-E T4kl 2F e
i AR o]5L 7Hto 2 2Apo] A ZOIES k=) XRT RH9| 8 /A8 oh3} Lt (i) 2 I EE ALES}
o] L =5 7292 Bt (if) BA|Eo] ofd DTE 1-&dh= d] Z Sls5 tlo[e] A ES AFSSIH(Xia et al., 2015). T
o TP AE g "l o2 oxL Z2A Ed] ndo] tisl HEAE S AR5t AAJsiT]
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AS = A h Merghadi et al., 2020).
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Table 5. Extra-Trees splitting algorithm modified from Geurts et al. (2006)

Split_a node (.5)

Input : the local learning subset S corresponding to the node we want to split

Output : split [a < a,] or nothing

- If Stop_split (.5) is TRUE then return nothing.

- Otherwise select /A attributes {a, ..., a, } among all non constant (in .5) candidate attributes;
- Draw K splits {s, ..., s}, where s, =Pick a random_split (S, ¢;), Vi=1, ..., K

- Return a split s. such that Score (s, .§) = max,_, _,Score (s, S).

Pick_a_random_split (S, a;)
Input : a subset S and an attribute a
Output : a split

-Let a2, and @, denote the maximal and minimal value of @ in .S;

- Draw a random cut-point a,, uniformly in [a5,, a5 1;
- Return the split [a < a,]

Stop_split (.5)

Input : a subset .S

Output : a boolean

-If S| < gy, then return TRUE;

- If all attributes are constant in .5, then return TRUE;
- If the output is constant in .5, then return TRUE;

- Otherwise, return FALSE.
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Groundwater_C.dry <= 0.5
gini = 0.49

samples = 13493
value = [8950, 12480]

True False

Bedrock_clay_rock <= 0.5
gini = 0.46
samples = 7200
value = [4163, 7326]

samples = 6293

Slope_type_merged_slope <= 0.5
gini=0.5
value = [4787, 5154]

Rockmass_type_crushed <= 0.5 Slope_length <= 0.06 Slope_side_shape_straight <= 0.5 Weathering_residual_soil <= 0.5
gini = 0.46 gini=04 gini=0.5 gini = 0.49
samples = 7088 samples =112 samples = 3884 ‘ samples = 2409
value = [4029, 7274] value = [134, 52] value = [3215, 2960] value = [1572, 2194]

gini = 0.44 gini = 0.49 gini = 0.32 gini=0.5 gini = 0.39 gini = 0.45 gini = 0.49 gini = 0.48
samples = 5060 samples = 2028 samples = 87 samples = 25 samples = 1365 samples = 2519 samples = 2379 samples = 30
value = [2600, 5453] value = [1429, 1821] value =[110, 28] value = [24, 24] value = [561, 1584] value = [2654, 1376] value =[1542, 2173] value =[30, 21]

Fig. 1. Visualization of single decision tree obtained by the extremely randomized tree (e.g. max. depth: 3) used in this study.

AutoML 20| 4] of|= A50] 7F Hol i XRT BE-2 49719] EE] 4~ 207]9] #|4 A, 2,3877]2] #|4 7F4] 4~
3,5887119] 2|t 7}2] 47} ARE =G0 H ST O] wApEFo] g = gl

XRT B 25t HZ
g7Feol thet 4 -2 & APgof] gk 3-29,184(30%) 7] AP thol AutoML R Eof|A] Shs5 A of] AFE-E] 2]
£ ARgsto] Ak i REo] AR A5 iAo = o= s de| 7|9t o] 4151 (Fig.
H % o=z de] 20]= LR(Chae et al., 2004) = o1 v] 0 W HAS5HA}E EA447 AutoML 28 &
¥ S XRT 222 AUC 83.977% & Z551910™ th& 0 2 GBM: 83.969%, RF: 83.652%, XGBoost:
83.514%, DNN: 79.830%, LR: 76.6%2] dl&-8-8 Hol= 71 0 & YePIthFig. 3). A5 H|0|E] Q] 739 HA b= oA
21912 A= AT AutoML RE -5 A] shzag o]l S AR E]R] kS0l E-6kal o A= 0] A Hhgsto]
ekt di5o] 498 = e YT mebA AutoML R o] = HIETH O] AALE] FeHd Q10 ATAIE

sk Etatolet 3 4 ik

o,
N
}J
P

True landslides
Landslides (Ls) Non-Ls
w
» @
o | Accuracy
c = TP FP —
Z |2 (True Positive) (False Positive) __ TP+IN
e | TP+ FP+TN + FN
EREE
T
= | 4 Precision
S FN TN
o = (False Negative) (True Negative) = P
| & TP+ FP
TPR FPR TNR
(True Positive Rate) (False Positive Rate) (True Negative Rate)
TP _FP _IN
TP+ FN FP+TN TN + FP

Fig. 2. Confusion matrix for validation of landslide susceptibility assessment.



ROC curve for AutoML and Logistic regression
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— AutoML_XRT = 0.539771

e — AutoML_GEM = 0.839687

’/ AutoML_RF = 0.836519

0.0 AutoML_XGBoost = 0.835139
= AutoML_DNN = 0.79829%

= Logistic regression = 0.765741

0.0 02 04 06 08 10
False Positive Rate (FPR)

Fig. 3. ROC (receiver operating characteristic) curve for logistic regression and best model (XRT: 83.977%) selected from
AutoML on test data.
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Fig. 4. Variable importance plot selecting landslide susceptibility factors for best model (XRT) selected from AutoML modelling.

Table 6. Ranking of variable importance and percentage using best model (XRT) selected from AutoML modelling

Ranking Variable importance Relative importance Scaled importance Percentage
1 Soil depth 10,652.473 1 0.085
2 Upper slope angle 10,272.392 0.964 0.082
3 Slope angle 8,800.288 0.826 0.070
4 Slope length 8,554.624 0.803 0.068
5 Max slope height 8,453.980 0.794 0.068
6 Distance to road 7,723.669 0.725 0.062
7 Slope side shape (straight) 7,541.327 0.708 0.060
8 Slope side shape (uneven) 7,139.971 0.670 0.057
9 Slope gradient 5,917.200 0.555 0.047
10 Groundwater (complete dry) 2,759.304 0.259 0.022
11 Rockmass type (irregular) 2,249.989 0.211 0.018
12 Bedrock (gneiss) 2,184.671 0.205 0.017
13 Bedrock (granite) 1,917.600 0.180 0.015
14 Discontinuity (uncheckable) 1,915.901 0.180 0.015
15 Slope type (rockmass slope) 1,899.607 0.178 0.015
16 Slope type (merged slope) 1,896.642 0.178 0.015
17 Slope shape (straight) 1,854.336 0.174 0.015
18 Groundwater (damp) 1,799.982 0.169 0.014
19 Weathering (severe) 1,664.631 0.156 0.013

20 Weathering (normal) 1,655.238 0.155 0.013
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