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ABSTRACT

Landslides are becoming more frequent and severe due to increasing summer heavy rainfall and typhoons caused by climate
change. As a result, the importance of research to predict and detect landslides is also growing. In this study, suitable
vegetation indices for detecting and predicting landslides in South Korea were identified based on 1,500 landslides, provided
by the National Disaster Safety Institute from 2011 to 2017. Various vegetation indices listed in the Index Data Base (IDB)
of the Institute for Crop Science and Resource Conservation (INRES) in Germany were reviewed and selected for construction.
Five vegetation indices were constructed using Landsat-7 imagery: Normalized Differential Vegetation Index (NDVI), Simple
Ratio (SR), Soil Adjusted Vegetation Index (SAVI), Atmospherically Resistant Vegetation Index (ARVI), and Renormalized
Differenced Vegetation Index (RDVI). Additionally, the Maxent model was applied to predict landslides using each vegetation
index, and the accuracy was measured by comparing the ROC-AUC values. The results showed that the SR vegetation index
detected landslides most effectively. Furthermore, the accuracy comparison of the Maxent model revealed that the model using
vegetation indices had higher ROC-AUC values compared to the model without vegetation indices, with the SR-based Maxent
model yielding the most accurate results. This study provides remote sensing data necessary for creating landslide prediction
maps. However, future research should consider factors influencing vegetation indices other than landslides and reflect the

extent and magnitude of landslide damage.
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1. M2

| A 23k 2 2 F 71F Hi) Ak
Al =l E 38 A AR=oAE AR 9 AR
3l ofwS 93 231 Qlth(Bae and Cho, 2013). | 7]
T WS At A S, B4, JS5e9, HE 59 °l
X 7% @4go] 2745 ol AxEY] 1 Mme 47t
e =71slal QIth(Dale et al, 2001; Houghton et al.,
2001; Park et al., 2015). AF23 9] X 110] o= 20124
2E 20219714 B3 ALY A 19 AAL B
oz 26038kl Sajel, 1 o) B B gL BA
o2 of 0201910} B ulgo] WAL Ug FER 1
1 8fl= AlZ}olth(Korea Forest Service). ‘3ot A 92 AHR|
F4 A9 02 PET9R ) AxS} A1Fe) 3oF
4ol £1 ol YE599} HED TS AR Ak
AR et H5)E F7MAZ]AL QUTH(Cha et al., 2023;
Park et al., 2015). TE3F, E3F X 92 AL 9] AA| &9
11, 3PFHEner 528 Agto] oozl o] ol o
2 gopol YEH B9YL AL 4 gt R0
s A7 Lol 288 e AT ,
e 9 H AXT Y Aol TR, At
AL olefT AL g 2
So17] 9ioh Ak SAEE AT Slck. A
qEAEE A, A2, 5% o 3
Refete] Al A THs Aol BE Aolg AZEe

mee Awoltt. ol AglAel A el o)
Qg pros A Fuz Bl sHe] A W
Fs4e LeT G 5 YU ke FR ol

(Korea Forest Service).

AAERS) AL AFAo] AEE ol RT S kAol
EYY 457 ASES, HE, A S ddf BH=H=
Qlt}(Crozier and Glade, 2005). AFA}
o we) 49 YAL S Aol AN, A,
Ad, EY, 94, &, A 59 tefet aRlo] ARALH
IAYof| S u|Zth(He and Beighley, 2008; Ma and
Jeong, 2007; Park et al., 2005). o] &3t t}oFst QQAES
1T AEAQL AR dlS E40] aFER, £ 7
T 2o AERE of et Sl 291 arE o] ARA
HE ASstAY Skt ®ets ATsh %’43}]/‘1
GIS/RS A2 5 &85t ndS o] &3t 47t &s] A
9x]31 QItH(Cha et al., 2023; Huabin et al., 2005;
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Sarkar et al., 2008). E3F AAMElE dutd oz AA}
UE A oA FAYstaL Aol A ol sAA AU
7] jZoll GIS/RSE &-&3% A7} T adlth(Razak et
al., 2013). Viet et al. (2021)2 Y= H|E o]-&3}o] ALALE]
A 9E &t F 48 X4 (Normalized Difference
Vegetation Index, NDVI)7} H|x]&= GgFof o] ATLE
Z3Y5FTE. Niraj et al. (2023)2 FR (Frequency Ratio),
IoV (Index of Value), MLR (Multi Linear Regression),
LR (Linear Regression) ©]-8-5}o] AtALE] &R 7154
2 o3k A7 APt o AT = 94 9

2 BEY AYASE B WS Flstel mde
SEE AL G RO HHES Mo A2 A,
ol& A4 Xl"ﬂ HES o] &3t A afl&of f-8-5tth

ool & 979 BHE 2etel AoIE Oz 1Y
ALgste] batel A 918 A G Bt f8
W58 Ao Aol A ad el A3
AAFE 2 olE A H AHe} FAHSES HiElow
GISRS A28 H85H wet Ao el ke )
BAAE A5G Wk B U A4g don
TEY 5 Ak ol W APAS F M 3R
Azol s AWASE AFoHIA Bk

rlr _|>~ filo

2. g+t Y
2.1, G OIYX] 3 AAE Y HAXIZE

2 A9 o= AFEE AL gtl=go® Y=
33° 06’ 9| Al 38° 27", AL 124° 11°9]A4] 131° 52" A}o]

of 9Ixst Uk A it 717HS 20119 5H 20173
Aol 25 2 QA7 AuE vpoR AT sdge] A
Ay 2 olsh o2 Fakg Hlwe 6jFol7lo] of
7 717bg Agen

AT~ 7k igkulTe] Az W 9= 1250.5 mm
ojm, o FH 2 64 FH 9U7IA| 9 Pt FF-F2 642.9 mm
o]th(Korea meteorological administration). AFAFE] A1 ¢
AP E PP ATFLANA AFShHe AbAHE] A
AR BE 1557705 ARESEATHFig. 1). AT AALE =
F2 AS297 Lol fA[of #x5h= FFol A=t
o] 7|7t &%t & 4 HiS 7t @Wol Lot FEA
of »sj7t 7H¢ ot
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2.2. Maxent ¥

VE=F

9] FAPHTS o] &sto] EATES A5
o3 Kol Ql=t 1 FolA%E Maxentr F-2 5AH 2l
SHoA 5% BP0 & YFo] H Uk Maxent P
20124 oA ALk 2o ALSE Ho] FROM,
T FHYH o2 1 5840] YFE B2 Aol A
€571 TH(Chen et al.,, 2017; Felicisimo et al., 2013;
Vorpahl et al., 2012). Maxent 2§ 9] FQ o|H2 &
S8 A 2 YXE MAsta, EYHSET Thors)
B4 B4 T WAE Faslol Y LSS

X S 5T & Atk AHoloh A3 Aol W= Maxent
@ 29 BAgY PAS 2 mds, By (Y 9
: 947 Wese aRHon AT 5 9o ¥ A% 3
P B g Btk 53] Suete] B9, 4 F49 X9
‘;_:' ¢ Landslide point I B4 &7 202 sf AR Gfl&o] ol e,
G Maxent B2 o]2et B44HS aatAow t&E & 9l
Fig. 1. National landslide occerence history = dHE 7L %1‘:} 2 AFolM= J3 Aol Azt
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Fig. 2. Flow chart
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of 2t 4BA%Y f-84L AFHIA Yt 0
Maxent 20| -2 2he] S22} LA Y
2 T 0, Pup} EHHOE ST 5 ALAS B
ety

Maxent 2 -2 ROC (Receiver Operating Characteristic)
X19] AUC (Area Under Cover) ZF& o]-&sto] A&
Ak, Ak oS Awe] el AUCE Tiet
Ag &3 7Fssith. AUCE 0.5~ 1.0 YERHT, 0.5
Fod §oulsh eg te, 0.7 wgteld &
AskR] &3, 0.7~0.9°]H AHAstAL, 0.9~ 1.00] 7T
482 29 d&o] 953 208 FeHgthAllouche et
al., 2006).

7

—- % JD“ —‘l'il

23. g7 44

B AT Ak ASAE A4 9 Ak o3
2do] A5 P72 ) 80:20 H]&S 7|FOE AMALH]
AdE 9 9 HAES APtk A7 A HHS
Fig. 28} &t} G3A 9 S Ao 2 F=3 Landsat-7(3]
A 30m) AYASE ol 83te] Abate WA Ao] 4
A% BE WS P 5, A4le ]S mdS TE
Shsich FHBIL ol8T APASE AL Y T
e Zse d 983 AER BEY 5 gon, ol%
A opoFst A37t 3= o] kth(Abeysiriwardana and
Gomes, 2022; Dahigamuwa et al., 2016; Gomes et al.,
2020). ARATO] T AAAL 7|uE AARE
A} Ao Aol Eabsolm, o]t A4 el #Z}%L
AZFA sk RS AFe] tEolth. E3t, Abkte X
ofo] A% G Yrke AYATE Faste] B A7
oA AbAE] WA A gro] WS Fast
of 4pAbe) el Zo] Golst A4S At Ak
&S Y3t Maxent 2E 152 11709 S0l 4]
PGS AGAGOH, 24 JBASER JHES £2
sol vlishe Aom ATE AWssch

:l9

M

2.4, 37 ¥%

—

2 AFoM = AAFE o 2 rAE 7 MsE
Aot7] o APATE B4 THCha et al., 2023;
Kim et al., 2013; Lee et al., 2017; Yoon et al., 2023). &
Aol 4 AF§E Maxent 299 B9, vialeld BdzA
W 7o) BEBAY BAE Y o Zeo] Wolxm
B 28 A7OIA AAR o] Zo] AL8E A% F A 9
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A1, A4 Q1A B9 IR, mom; 2Esle 7+ 25
7 dz Agdys zusiel Auss Adsidn

(Cha et al., 2023; Kim et al,, 2013).

APt & 1ot BAARE FEA Y E YA
AgsHe DEM AEE $8ote] FEIIsc et £
of 31 @ Zoh 5L el AE e oS
o] Wo| ARE-E+= TWI (Topographic Wetness Index)2}
SPHo 2 RE Y Aol E ARSI 3 =& A
43 2L AW BES AAEe HeHe Bo Al
Aol =4 7|0tttk A8 Falsto] =22k A
£ ZF7}5}9th(Niraj et al., 2023; Seo et al., 2016).

71*JH1OIE1L AP ATL(Cha et al,, 2023y Zi15}o]

> B9 29 152 qEels W B4R 59
R A A o
ABSHE Michrism A4ARE A8IAA. BHYEE
2011 ~20179%9] & ZA4FS | mm OS] B4E ]E
9 o] A4 ARE A8eGOH, 59
A7) AT 5Tt 71BH Eo = AF
S M e 90 b Aed e S

A R QAL Aol A F % Ak vk
o] # A olHE AFA+E 7“3’—0}04 WFLToA
Fsto] AHgsteich. 1 olo] A4 TRl Qe 2 Aol

wgl 717 Akl Al AMR|EE A
59 iR LRES ) 991
JlolE o] 2(DB) ZRAES] A48 Aws) A4
X% AAQE AWML= Table 13 2o}

l‘l[‘
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RURE P -UN
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2.5, Y193YS 0|82 2

AMK|S 75

& AolM AREE AAPA|e= Landsat-7 91499] £2¢]
A(Near Infra Red, NIR)HI=2} ZM(Red)I =5 o]-&5}c]
T8 4 = AAPRS0] NDVI (Normalized Differenced
Vegetation Index, NDVI), SAVI (Soil Adjusted Vegetation
Index),
Index), RDVI (Renormalized Difference Vegetation
Index), SR (Simple Ratio, SR)0|H, ZF 24]9] F4]-2 Table
29} 2Tk GRS AR A Al719} AX|A]717] §isto]
2011ERE 201797HA] G4 F A2 o] woH,
AAFENZE 71 R S] dojub= 6dolA 98 Atolo] 4
< 0]83}9 Google Earth Engine T2 138 &-35}0]
AFES AL GG AAY ABASE B0l

stlchFig. 3).

ARVI (Atmospherically Resistant Vegetation
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Table 1. Environmental variables
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Classification Variables Resolution or Scale Source
Aspect 30 m
Curvature 30m
Elevation 30m Ministry of Environment
Topography Slope 30m
TWI (Topographic Wetness Index) 30 m
Distance from Stream 1:25000 Korea Land and Geospatial
Distance from Road 1:25000 Informatix Corporation
) Precipitation Intensity 1 km Korea Meteorological
Climate o . .
Number of rainy Day 1 km Administration (KMA) Mk-Prism
Forest type 1:25000
Vegetation Age class 1:25000 Korea Forest Service
DBH class 1:25000
Table 2. Vegetation index formula
Vegetation index Equation
NDVI NIR band - Red band / NIR band + Red band
SR NIR band / Red band
SAVI (1 + L) (NIR band - Red band) / (NIR band + Red band + L)
RDVI NIR band - Red band / (NIR band + Red band)"?
ARVI NIR band - Red band-1.0*(Red band - Blue band) / NIR band + Red band-1.0*(Red band - Blue band)

NDVI= 7V &3] 2ol AALEA 7HAGAT
T2 Q] K9] Zpolef o Hl&-Z FSto] A9 EEo] W
< AQL -lo] 7HEEE, Aol 7P &S] 23t A
HZ +19] ol 7 & 7H= AFAAAA gl
(Huete, 1988). SAVI= EoF B AN |42, #H EQF
of o3t o] A wkabs 9 1A QA HHANE Xpo|E
Z017] 913t EF EAASCIH Lo 059 W ESF B
o] Hsl7t A1, g EFO Higt 37 B4 B asHA|
gorg K Jilox &8-S 5 tH(Huete, 1988; Sellers
et al,, 1986). SR MO g} JF40] sl
stA Agste ABATEA HLAd e} A9
AMEE ek e AAASolth(Colombo et al.,
2003; Melillos and Hadjimitsis, 2020). ARVI= 7] B4
AALRA 2HH WE] MAES A o
Zlaato] s @ wizet AR 4=o|th(Bannari et al.,

1995; Ehammer et al., 2010). & JFojixs L== YA
Bd=S EEoto] LAt AR o] A R|4=7} Yol At
A ZHA] o] -golstth= AP A (Niraj et al., 2023)F 3
5to] IR AbAbe] ©A]o] HE ot AbAbeE oS
A9t AR A5

3.1, LAHE Y XY iy AEEY Al 24

WA A AL RYOR FHE JHGH 4
A48 TEto] AAE WHNGS o A4A

517] Q8 AHEQ] HQI(IQR) WHES E3) of2-gfo]o]

A3 =

% gkl Mole mmstat. 2 44A% gl Wele vl
a

2 AAs, AT FAS Al AL gol
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4 23k SR (Simple Ratio) AYA57F AAH0R 4 8% ASAAES Hud 23 AWASE A48T o2
We gho] BEE Hgom, A WA AdelAE A8 HgEst BE BA et 22 ST 4 AITK Table
o S HAL FASHE Aol Y7l RO, SR ABA  3). ol A ASAE A4 A IS TEI 4
S7h e 3he Mol o] Akl AAol Bolsiths  AASE A48T At o Aol &S RO wyd
AL ofujgith. ol SR AVBAIST} AR WA Aol ok ghE, AA4E PSS wlwe 23 SR AGAS
A A A7l Bl Aol Atks AL Wl 7h ROC-AUCO] 08222 71 &8 23S Yeh i,
o 7 QA5 BES NBFORA SR AASTE ol W A% Ak clze] 7Hg AU APASEE

2 A% e Abkte ZA0] o ERAAS A SR AGAST} A Atk o wuEd.

Moz AT 4 U

Table 3. Maxent verivifaction using vegetation index

MY

3.2, YNIY AMXISE HESH MAE 0I5 247

ROC-AUC
20119 ~ 20179 AR AR A g9} HSE 7]4HE Vegetation index ROC-AUC
O% F Maxent BB TEI A, Fig. 59 22 A4} : 0.508
g I7sAY A=t ZEEHAY 2d A5 Alde NDVI 0.811
5-fold cross-validation, < 20%%S HIAE, 80%S ST SR 0.821
olE|Z AMgsio] E2E 3 AT ol83%T. ROC F savI 0817
AS 59 =59 2FS AUC (Area Under Curve)gt RDVI 0.812
AHARE BT AT} AHASE AR %L 2 ARVI 0316

Boxplot of Vegetation Indices (without outliers)

0.6 0.8 1.0
I I

Value

04

=
—
|

|

I E——
o T
o

(=]

L=
1 1 T 1 1

SAVI ARV RDVI SR NDWVI

0.0
|

Vegetation Indices

Fig. 4. Vegetation index of landslide—prone areas
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Table 4. Environmental variable importance
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GRS Q% o8 AEES W Aup]

ERERAC SR EXE L9

7} 275k o2 915 AbAte
Aol Bzt Wast. ol

Haoksh] g1 AT Yo

gte ol BAY 4 Qe %Jaﬂ%m P

T

Red Band®} NIR BandE 3520 ARE3H 214 0]
£ 9 =Y9] IDB (Index Data Base)o|A A|A|5H= 2]
HA% % R o] Ageln o B WES B s
3 S7HA AMASE Agstel BAE Agelelr
B2 GOAAE doR 75T 4 Ut 7K
A Z]4= & SR (Simple Ratio)7} AFALE] AR o] A 7}

Excluding
Classification Variables vegetation NDVI RDVI SAVI ARVI SR
index
Aspect 5 6 5 5 7 7
Curvature 12 9 12 10 11 9
Elevation 3 3 3 3 3 3
Topography Slope 6 7 6 11 8 6
TWI 10 12 13 8 13 13
Distance from Stream 11 11 9 13 12 12
Distance from Road 4 4 8 4 4 5
Precipitation Intensity 2 2 2 2 2 2
Climate
Number of rainy days 9 10 7 6 5 11
Forest Type 1 1 1 1 1 1
Age Class 8 13 11 12 9 10
DBH Class 7 8 10 9 10 8
NDVI - 5 - - - -
Vegetation
RDVI - - 4 - - -
SAVI - - - 7 - -
ARVI - - - - 6 -
SR - - - - - 4
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