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ABSTRACT

As climate change intensifies, the frequency and magnitude of extreme rainfall events are increasing, leading to more
frequent landslides and debris flows. In South Korea, where approximately 63% of the land area is mountainous, landslide
damage occurs repeatedly because of complex topographic conditions. This highlights the need for spatially detailed and timely
landslide early warning information to support climate change adaptation. However, existing landslide early warning systems
primarily rely on meteorological data and provide warnings at the administrative-unit scale, limiting their applicability to
local-level prevention and preparedness. This technical note presents the conceptual design and implementation of a nationwide
landslide early warning framework developed as a non-structural measure for proactive landslide prevention and preparedness.
The proposed framework integrates meteorological observations and forecasts from the Korea Meteorological Administration
(KMA), national geospatial datasets, and time-series optical satellite imagery. Landslide susceptibility is calculated by
combining an Al-based, data-driven landslide susceptibility model with a physically based infinite slope stability model, which
are independently constructed and subsequently linked using rule-based flow directions. In addition, an anthropogenic activity
map derived from satellite-based time-series land-cover change information is incorporated to reflect changes in surface
conditions during the early warning process. The framework is designed to automatically generate landslide early warning
information across the entire country at a spatial resolution of 100 m x 100 m and a temporal resolution of 3 hours. The

resulting outputs are regularly disseminated through a web-based service. The proposed framework provides a practical
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example of a climate change adaptation technology that supports landslide prevention and preparedness under increasingl
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frequent extreme rainfall conditions.
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1. M2

sz QIs) e 714 Bael FRet vwsk 571
S13 9o, IPCC Al6x BARTA0] B A A7
B 718 J5o grle] EakrEs|g Z7ket AA o]
=9 49 27 Y YH Belo] YLHIPCC, 2021)
FHAAE HZ F4 A Gof| A ThATto] uj-e- et AF4
7 ABEE A4 1B B4 HES S/ 9l
o, A7 Hdf Lol 100 mmE ZI}oh= AH7F
HUET JeHKMA, 2025). o|#3t F4 549 ¥st=
F4, W, A L EAR S ot AislE g
sfol, o]z Qg oI L A W oA A& o 7}
she ZAlolct. o] 49 F= WA o 637} b
o AEo] YT, BYT AYH SHoz A 4y
g 9 EMFIL WHEAHoR dA¥sta Itk(Chae et al,
2004; Jeong et al., 2024). ZFUjof|A] TAYT= AR EALA]
= &2 5T AL f5F AATEI(EAR) FH
= s, A Ao YA 97F 2 AR Z]REA]
Aol o1 9 AAA & ZHRIrh(Lee, Woo, et al.,
2025). H 1087H2015 ~2024) ALAME] T35 HZA L oF
2,700 hao]m, &H5- H|-&-2 °F 7,0009] ¥ 2 HA AT
(KFS, 2025).

olof whe} AbAte] Ashe] A W tfn|E s Pt
ZH (Ministry of the Interior and Safety, MOIS)= 3%
gazt ol7zd A TR e A7 E9A
9,5 FH-olFstal A eH(MOIS, 2024), 4HE % (Korea
Forest Service, KFS)2 MAHIAELAH(HE A|2075158,
2025.1.31. A, 2026.2.1. A|3§),o A5t} AbAME] o
e g Eto] e Ags SY-oldysta ot
(Kim et al., 2025; Lee and Kim, 2024). ALAFERS] AL o
W2 9t 2 A A F HEHQ $HOEE= ARAE
Z71FEA A"l glon, o]F QA= AHAE AEA
HE 4SS 5 Q= AR IS 719 28] o]
Th(Pecoraro et al., 2019; Song and Park, 2022). AFALE] o
7R EYsRE AHE 1Ecste ARE
(Rainfall-Runoff Model) 23, AFHY] FHAIS s|Alst=
=% 7|%W 23 (Physically based), 121l I}7# AbALE] &
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A olgit Xg, &4 % 71dARE E85h= Hloly 7]
HYh(Data-driven) B'Ho| tiEz o7 8537 Qti(Lee et
al.,, 2015; Park and Lee, 2022).

Aol AR EAIARS St Qlom,
o] A A&7 Hel AbALE] AR =R FAdE 0] 9l
THKEFS, 2025). o] & AMAE] o &4 H Q] Korea Landslide
Early-warning System (KLES) 71434 At =59} -9
—#%& EF<l TANK BFZ AAsto] A= 117] 49
Qo8 EGFEAFE AMESH, o] 7|RteE 5H|-
T @Y A FE 9 R JEE Algstal it
(Bu et al., 2025; Lee et al., 2015). 3|g A|A= A= &
oA % 2US WP ASHEE AFkal o, 5
km x 5 km AA 9 §HF FPF7Y G ASE ot
2t A A AHojl= Algte] Uk AR IR A]
T= A AR B olg R AF 9 ARE &
gk Hloly 7|9 HS &5 oA =] AR ZIRE FE
£ ABste, d 13 A4S B3 A W EX TS g}
AAsHA whgstal Ith(Woo et al., 2014). TheF -9
of APz nA Bt Y A4me| T4,
590] e 54 SUw WakE et Yot T
AZF ok FFA AL ALY (Korea  Institute  of
Geoscience and Mineral Resources, KIGAM)O| A= 732
of W& =7 7|8t EX3} A AR T dlET|eS
MEstal, FAAEEY L 714 dolHAas AAT 4t
Al 271 A ARS 55U THKIGAM, 2019). 3
e Fust Al SBAIel sioto] shsstche 3

e

[o]

1

o P

o

o
A E FAo07 9= Qltt

THHOE 75 1Y 7|5 A&7 F9ZHA
B7ret PP T AFA Y meto] &
9l AE A Foll= SATE 9o,
=) Aet sjAo] 7hsstd A= &9 A
£ A] A4tof 71 A|7ko] A QFTH(Park et al., 2022). ©]&
gt SHAE Edslr] gk tijte g, o= JASAls
(Artificial Intelligence, AT) 7|4t 24 7|9 9] ¥rA3} ofF
I ZAE Azl &8 oo /fAH uEt olE &
&3t TlolE 7|5E ARALE QS 2P 9] A& ThsAdo] &

fo 1w
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AL 7[8F LA O 2 2

=] It Ado et al., 2022; Tehrani et al., 2022). H|o]
B 7l 92 23 a9l 7o wdIY BAS AlE 5

3 mgHo

sagromA, A% B9lo) 54 TaE

2} ]k A 918 AR Ao Hge WHow g
€3 4 Ith(Mirus et al., 2024; Sharma et al., 2024).

2 7IeAolA= Al 793 GIS, A=A Be
s e 2 A= A A 271852 28
o] diste] ARt 27l M=
AE Aok, 37l AdE

i

jal

ZHAAT2 e
L AAZ] AT

i

T
£ mx o o

82 7143} 4FOIHL 204U S GAOE 3 G B
W7} Ane A, sl AL FF LE UFS A

A

2. MAE] Z7|Z4E DHUT JHE MA|

A 27148 mHYYIE AFL Yo Ad
o 2 cfulE IR U 9] AAfE] 1% HHE AT

33 Hel Z7ige DaRlelT i

519

gtk 271 7id AAl= 2021
A oS 2 Xd Y i A4S
AFOZ 1E3}E o] gorH, 2023 o]F X
71735 2 PHZ7E Ao E FFE A (Lee, 2023).
71Z& T YT = Random Forest 7|HHS] ARAME] W T
HPat 71434 @7l6E ARE AAIste] A 23] AbAHE
A3 AHE AES= 122 A5 UtHLee, Roh, et
al., 2025). & 7|&EA A AlGFE A|AISh= AbAFE 271
AE n A= A A olgt V1A, AF " g
73 59 A= &8t Holy 7Rt 2R3 £ 7wt
HYE 247 551, o5 7144 ©rld|Eet A sk
AR 91 HEE AFESHE S A5 old] =Y
A= F2= AR AAY B AAZ L= A
CHFig. 1). YGAtm= Hlol 7]8E AbALE 1 E 239
M A 5ol BRAQN TA AbAte] A o]g HHo}
71, EXE, A4 9 EYoR FAHE I PR,
T=9F BAF 5 ABAHE, AAL Bt 88 E, 1
I O EE ZIRF TGHEE FJE T (Lee, 2025). o]

Landslide Early Warning Framework
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Fig. 1. Conceptual structure of the landslide prediction model and early warning framework
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g AREE T A MR FAE 239 dHARRE &
Hroh AAE A8APEE Z3e IdF I E= EX Y
B BER 230 dHARRE AMEEH, Attention U-net
&3t AA7IREe] EXE £F 92 A &9 EXTE
3} sfEE A ANE 4HE3NT, o] Bolf AbALE] Y
no) nEole o B9 EXTE wal RS ek
AA &5 X T (Anthropogenic Activity Map)7} &%
. ARAE] o2& 2§ (Landslide Prediction Model)2 AIE
&-E5t= HlolE 7Nt B =2 7|8 2P 9] F 714
2 F4E doly 7|8t B2 7| HE, A9 E 2
BHE, A4 SFAE 5 &8st AR &9 AL
g WA EE AEttth &9 7|6 g2 AW Eel 7
+ BEE AGAEE AMESHH, AX @99 Hds
(Factor of Safety, FS)& A &3t} EZ oz T Y]
A= 94 53 7|F07 32 9 59 732 F
&oto] AedEn, olE S HF A 9F HEIL A
SHT 2 A 2713 E 2 deae A= 100 m x
100 m9] FZFSHF =R} 3AIZEY] AZF == A7t 4b
SHh B3 AR oHRE S A ARE7HR] Y] AA|
A4t AIZRZ Hof oF 30& o2 FEET

ok 1
=)

o oX r
24

ko)

3. LHAE} XR7|1ZE DYUAYT T

AR sbabe) 27148 2 as Jetae Y

- Ol -

[®]
St

rk
riot
ofor
rior

. o
M3t - LD

A|747& ] (Internal Storage)= 2] =224 A4, Tlo|g 7]
9 59 23 ZETL A SR Y] s, 1
25 AA 2o ¥ AEA BEE LHHTHEFiE. 2).
R AgA o] AgE= dedEs d &9 = o
2 JAEH+= 54 Q9l(Dynamic Factor)d} &7]7F ¥
37k A9l gl A=A QQl(Static Factor) Q& LEE T} AF
A &R E2 F M9 iE 2P o] AAsk=
ZEAAE FEE] lon, AT A A= 9 7|5t
ABlA FHIE ATEH iF ZAdHAY] HRES
Python 3.9 oA 53} T2AAE B LHEYL
o, B AAHAF BA 7)=2 EsrirAle] ArcGIS ProS &
8ot =PIk A TEAAE 7[R =3 4
A, &5y 5, 183l E 239] ook 4t
S7HA9 A HFE =T 2 3t AdE
stEgo] 4L Intel Core i7-10700KF CPU, 128 GB
RAM, NVIDIA GeForce RTX 3070 GPU, 18|11 HA
4TB ©]/42] SSD AR = A= o] Ut ARALE ol &
25E 93t stEYo] TE-L Intel Core i9-13900K CPU,
128 GB RAM, NVIDIA GeForce RTX 4060 GPU, Z1&]
I FA 4TB o4+ SSD ARAAZ A= o] Tt

M o

3.1. 7148 Xtz +H HA

73R T 71RO AFste € B9 7133
Hg PN g FE£2 A 714RSARe} v
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Fig. 2. Operational workflow of the landslide early warning framework
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AL 7[8F LAY GIE 2 2 H= Bl 27138 DY/E HE 521

7 EARRE FAAET 1A RS RE SHUY
=7 (Automated Synoptic Observing System, ASOS)
o} R 7| A=A (Automatic Weather System, AWS)
2 FEEY, g AgBSPHE Tl AsoE S
o & n A4 8ot ST7|ATSEHI= 98
N, A7 TEAE = 5397400, AES Ao R
A2 B LFEIL Aok 1A VB SA RS BSEH 0
e HE ush PuE B I F9Hmme] 48
7F esv FEHIZ ATEHH, d 7|9 Z7HAE (Point based
Spatial Data)29] ®gt 9 AAZ7}F5A ¥ (Inverse
Distance Weighting, IDW)& &-8-3F X ZH(Interpolation)<
E3lo] A= 1kmx 1 km ZAA}F 7]6ke] A 73-9-2F Raster
ARE FESHAH v 7 EAl R 713 G
B 7oA AFdh= @79 E (Short-term forecast)Q}
@71 A3 (Very-short-term nowcast)S -85ttt ©@7]9
B RV F9E A-FHH 0 R AESste] Ui
Stz AEE A= FUlCIE 95 km x 5 km 7H4)9]
AR 7|9to g2 o APAIZE 7T9A17171A| 9 i Al @
d= A9 HE Attt 2A7ARe FydR 79
of tiet thiE AWS #HSgHS QulstH miA] 102 HHE
Hoh A #SARete] 4 AeF ALt flste] Al
SR ATEE 71 dEARE 4 39 AT oE
Asto] ARG @710 E A= TRAZHNYD 024]
FE 3AZE 7HE) 71 0241F 7IRHCE AY e
S AJZbo] EAStERE Al 10& T THEE 2T

A A St (Fig. 3). 73 EES &
%= 7144 API 3] E(https://apihub.kma.go.kr/)E 3| A|
T, A5 £3 AAE 714 71dAwNEEE 7
A}7]1 59| o] E] 9] 7] (https://datawiki.kma.go kr/)of| A A &3}
+ Python 7|8t =3 & HAY HAE &8st +55
Aot - AAl= WY 024 FE 3AZE 7HA 02 5
o AFEEE JHE Geotiff FA19] Raster AFE R csv TF
4 £, FHEEE I, 37 B
Masking, Snap 5 Y®9] A2 IFZ A5o2 =3t
oh XSHoE 27|AHH myAYFo E&EE= 7R
B uE 73R 7 g A A AR A 7]
HusARE TAT 3L 95U 8 F9F Fuold,
N AEES A 83 YR AR A=, A=
3 5 AXT e} AT 29| MR ok 1085 o]y
SaH.

Resample,

3.2. X|EW Xzg & UH HIX: A=

A2 ARANAS EATE Hale AxjHiE s
= F92 99 5 stz B 1EI Qlth(Pacheco Quevedo
et al., 2023; Turner, 2018). o]o] & Loj|A= TZA|S}
A s}, 7 2 ARE iR 5 AlerhE HIA
< Wgdstr] 95t JA9d s Ak (Anthropogenic
Activity Map)E 55ttt 1914 &A= AMT
HAME O o] Z7E EANE ARE 7|ftos o o
A AAE HskE R4St AR, HFH R Ak,

Time

02:00

0102030405060708091011121314151617 18 19202122 232:1(00)

05:00
08:00
11:00
14:00
17:00
20:00

Forecast time

23:00 |

 ARNNRNRNNNNNNENRERNNENN

- Very-short-term nowcast (Hourly) - Short-term forecast (Hourly)

Fig. 3. Schematic illustration of the integration of very—short—term and short-term hourly rainfall nowcast and

forecast, rearranged along forecast lead time to construct daily rainfall
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bR, Aol ulAkRlo 2 o] sk, WAOlA A
gozol Wsh vl 7H WER FHEC B ARE AR}
o 94 TR0l 4TS DA ATA A W
Fot7] et dFARRE BEEHH AAE A4 A=
£ 7|vto®2 L= 9t Harmonized Landsat and
(HLS) AgE= 0]=F¢z-9F=H(National
Aeronautics and Space Administration, NASA)Q} ©]=X]
Z ZAl=(United States Geological Survey, USGS) FEZ
SoE mRAES B9 ATHE Yok AW ARl
t}. 3| A== Landsat-8/9 Operational Land Imager
(OLI)2} Sentinel-2A/B/C Multi-Spectral Instrument (MSI)
FAol 2 A 2 A7 59 AAE H-E5to
A= Analysis Ready Data (ARD) JE|2 AxHC
(Claverie et al., 2018). A= & 57 949 TF=ARE
geoto] A=, oF 24 o|lj9] AWE F7|E AT
ot & Aol OLI 715 30 m =S 7HA
+ L30 A=E &&stlon, gy A9E o=
201795 2025704 vid 59 F4dZ HSSHT F
58 A2 F7F AAY 2 EF 29 282 59 Al 7t
A AAZER PAEC] 27|FE mY YA vrIE
o AR, A &9 EXE W3l JEE &89t BA 4
At Aol g g ol S E Bt =4, EX T E W3}
715k Q91A E5A e 5 2 Holy 7|¥F By JgAt
T 9k, AR, 2025 7] BEAE 5 E ARALE 9
H A3 digo|tt, B5A| e AXRE Toly 7N =Y
4 27|73E el ¥rgsty] YsiAl= 100m F
Y EES] ko] "asitt o]o] & AtoAl= 100
m 7|& AAE AEste] AL vl 7HA] HEt &
Aok WA H[&Z AR A9t ElAE RS A5
th(Fig. 4). &, otUe] A s ¥ HFS &3l T 4
o] Hal AR ALAHEY, 7 Ares AdE iy
FeAdEe] W3l EXuE W3 Hl&S UEhdth
ALY F5, EXYE EF 2 doly 7|8t 29
vt 7142 Pythondt ArcGIS ProE &-83F vAt53} |
Ao g FARY, AlF 15 T2 Lee (2025)00 AA=
of Ut Q¥H A== A 13] A=, 20259 <l
98 REAEE AR (ARE FHAE sUAA 2
g EX N5 HIE Uitk d4= vWid 68 & 7E
o2 FoAre] EXTE ¥skE sty gloH, 443
H IR W AR AREY. g =
202589] A 39 WAt AYEE tfE AHE g |
o] &EA ko] ¥rgEo] HolE ¥t HYPO] YRR

Sentinel-2
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1=
rtot
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o=

= Z&H A (Fig. 5).
3.3. Hxiz 7=

RAARES FIBUARER FHF] es, do]
g 7|5k 9 £ 7|5t 2Yo] JPRtE SHOE FAE
SleHTable 1), 449 vl @4} 9 Eepo] 249 ARIHol
AlSshs A/dE(1:5,000) A=t AFH AR EFE(1:5,000)
oA AlFote FEEZ L&t AHFE ALt EA
& Yo EY 342 2% A7 (National Institute
of Agricultural Sciences, NAAS)2Q] A HEFE(1:25,000)
A2E YRS, B (Fauln] FHHRE TR}
AALA] $HAAE(1:250,000)2 E-&351ch A=
A 9 ok FAE FEA Y EY(National Geographic
Information Institute, NGID)oJ|A] A|-&5}= g 7]4Hte] =
L RS ARSI 1k, FAF 9 22 A3H
S 75 % HHdsty] fisto] SEAEAELA
ok A= Sm Y= H1:5,000529]) FE
X #3112 §(Digital Elevation Model, DEM)S F& 4
BolgTh BAARSE A9 YRR /8o Foo|A
Hol4 Xt (https://www.vworld.kr/)o]] F&ste] &L
wEo] A L HE T UtRRo ML 2%
Rom, g Ars2 tha 11 YAF7|2 dste] 7
o] +5H AEES EEoI9H dF ARE2 €T
Jlwate] Bag Foio] ABLS AR FEAUL. &
E g EL ZSAE 100 m x 100 m Raster AF 22 &
siziglon, FE A9 AL EPSG:5186 Korean Central
Belt 20100 47 & WF AR AG=HAH. 4

ee (2025)0] FA|ZQl Hrgo] EFHE o]

WE S Ay 2

il

N

¢

W H

=

(@]
Axmel A4S
olet.
3.4. MAE OIE B 74

ezl A Gl= 7k HolH 7N By Ee

3 ey
2 7|3k BYe SghabE QPgelale] 2Aste] AHee
Ao YA 4 9
srodsiet o] glo.

22
QA lepo] QT H M, AR APolAE weske 714

).
)
lo

e
)



ot uf okl
U= B7ke] A=Ada AangS FA7I
ol Moz AAEo] YtHGoetz et al, 2011;
Weidner et al., 2019). oo Z& F 2¥-S AA T T4

Land cover change results at 30 m resolution

]SOm

= TRl 271EE DS i

523

25°] Y= glom ol= JE WHERS] H|I A
MAHE s YeERHI JTH(Cui et al., 2024; Han and
Semnani, 2025; Xue et al., 2024). & LA Holg
719 By 9] 7|6t RPE SAo] E8oto] 72+ =Y
o] AHZ Aeta, 9d 2F F& A TS £ Q=

Mixed pixel Multi class
at 100m abundance
resolution : Activity Data

100 m 100 m

Anthropogenic Activity Map
- A. Forest

[ B. Forest —Non-forest
[ c. Non-forest — Forest
[ D. Non-forest

Fig. 4. Generation of the anthropogenic activity map

0 10 20

(a) : Gyeongbuk area

40 km

False Color Composite

| [ Red:Bands

et | 2025 RGB Composite
I Red: Band 3
] Green: Band 2
I Blue: Band 1

0 40 80 160 km 0 275 55

(b) : Sancheong - Hadong

"=81 False Color Composite
I Red: Band 6
| [ Green:Band 4
| Il B!ue:Band 3

11 km

2025 Anthropogenic

3 Activity Map

= | [l Forest

[[_] Forest— Non—forest
] Non—forest— Forest

- Non—forest

150km

0 375 75

Fig. 5. 2025 Anthropogenic activity map (a: forest fire damage area in Gyeongsangbuk—-do, b: anthropogenic
activity map in Sancheong and Hadong counties reflecting forest fire damage)
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WAS neskg s
dole} 715t o] A vAlel
2ej%0] Hgo] Thsatel o] 2
ole R} WK olTh. AbAE]
N ABHE AF A WY 42E BEoLOD,
2017 ~ 20239 7|7+ B9t & 5015742 SAstATk T
ARE S LT, B, A ) 42
2 myith AUTEE B4 @At ofd 7|7KPeriod)
%ﬂi ASE=H, GAFLe S9-S5, 8 B AW &9
7HA] R} 2 Ao A= olE S5 % @5 AEE
Z-8517] flote] o2 22 AR B °”“}°ﬂ‘jr
(1) ‘ZQLEX]F%X*E%Q] AAE TS 2
2. (2) Kakao A|Z APIE ©]& ?} —7,‘—
=, () A= 4 99 FF T
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Table 1. Summary of input data and derived variables for model development

. . Variables for
Data Source Scale Variables for data-driven model .
physically based model
Forest Cover Map KFS (2020 ~2024) 1:5,000 Forest Type Forest Type
Forest Soil Map KFS (2009 ~2021) 1:5,000 Soil Type, Soil Depth, Lithology Soil Type, Soil Depth
. . NAAS Soil Type, Soil Depth, Lithology, Soil . .
Precise Soil Map 1:25,000 . Soil Type, Soil Depth
(1964 ~ 1999) Drainage
Digital Geological Map KIGAM (2002) 1:250,000 Distance from Fault -
River Area NGII (2025) 1:5,000 Distance from River -
Elevation, Slope, Aspect, Curvature .
NGII Slope, Specific Catchment
DEM 1:5,000 (Plan, Profile), TWI, TRI, TPI, SPI,
(2005 ~ 2025) . Area
VRM, Flow Direction, Flow Length
Table 2. Hyperparameter settings and candidate values
Model Hyperparameter (Candidates) Citation
CatBoost Max Depth (6, 8, 10, 12, 14), Number of Estimators (1000, 1500, 2000, 2500, 3000), Prokhorenkova et al.
atBoos
Learning Rate (0.01, 0.05, 0.1), L2 Leaf Regularization (1, 3, 5, 7, 9, 11) (2018)

Batch size (256, 512, 1024), Virtual Batch Size (64, 128, 256),

Arik and Pfister

TabNet Lambda Sparse (le-5, 1le-6, le-7), Epoch (100), Number of Steps (7, 9, 11), (2021)
Number of Depth (32, 64), Learning Rate (0.01, 0.00), Gamma (1.0, 2.0, 3.0)
Max Depth (None, 10, 20, 30, 40, 50), Number of Estimators (300, 500, 1000, 2000, 3000), Brei
reiman
Random Forest Criterion (Entropy, Gini), Minimum Sample Split (2, 5, 7, 10), (2001)

Minimum Sample Leaf (1, 2, 4)
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Table 3. Performance metrics of the data—driven model

Model Accuracy AUC Precision Recall F1 Kappa
CatBoost 0.915 0.968 0.930 0.833 0.879 0.814
TabNet 0.910 0.964 0.922 0.826 0.872 0.803
Random Forest 0.906 0.962 0.924 0.814 0.866 0.793

Digital Elevation Map
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i
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(1:25.,000)
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(1:5.000)

Forest Type Map
(1:5,000)

/1 /1

Depth, Soil Class
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Forest Type
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Z-Model

Pedotransfer function

[

Slope Degree(8),
Specific Catchment Area(a)
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Soil Thickness(h)

Soil Transmissivity(T)

Soil Cohesion(Cs),

Wet Soil Density (pae) Root Cohesion(C;)

/ Meteorological Data F Daily Pzelgpltatlon >

SINMAP

l

[

Stability Index Map

/

(Daily, 100m)

Fig. 6. Overall research methodology for physically based model

4ol matElo] it
759 oldARe} 257 YA R(QANE BEAE, 3}

A BE AgAE, AY 2 Bk —% 285t0] tﬂOl
B 7l 2 shae LUttt 94 AR Aus 7
U8 HAad Bias Fes 2 ma

Nehd 2Ea el Rz PHssos, 4
52]— Al d (Automated Machine Learning, AutoML)
E}O]‘ﬂ‘“ﬂﬂ Q1 PyCaretZ &-8&5to] 16719 &7 ELF= H

sk & 5% 452 yERH CatBoost?t Random
ForestE AAstlct. £t gajd 289 F84S H7}

S17] 918to] TabNet 2L 3712 Atk A @
Yo Shanne Moz o jus HAstE g
¥ o, 10-fold cross validatione A3}t F& A%

g 27 4= Table 20] A|A[SHRT. o] F Jbe}Q 7

d 2o B7HEE 85t 6719 *3%11 £ Ab&Est

Row, Z+ A ;JAA 7P 53t 45 F}‘;H_ CatBoost

£ T ZP2E HASIATH(Table 3)
=9 74 g9 H9 FAHF EE(Steady state flow

model)Ql SINMAP(Stability Index Mapping)S Z-&5}%

TH(Pack et al., 1998). &38| 7|4t B2 g E $F 9
Aot oA EAAS 9 A IHSE AR RE 87
st, & AFollMe A= &9 A8 A8 =7 304
HE 7Rt R ol& F55H3UthFig. 6). AR} Specific
Catchment Areat= DEMO. ZEE AHAstAt. EF T3
s ARG SRS 42t gEs A
AN EYES} JUEFES ool A5t EY
A EFEY] E9 7N A0 wE 37 £
de Hs7] Y3 Z-models A-&3to] AHsHl oM
(Saulnier et al., 1997), Hj EAL 200 cm&Z 253
o EoF EAE, Wi GUFFE B4 ARE 7]
¥ho 2 APgelglct AR B} AUEFEOA] A
ITote B ERE B0t 12719 EY RPoE A+
got@om, Z+ B4 tisf Eai(sand), PAKGsil), HE
(clay)] J&= 4B E ol-&sto] ti B4 LIotad
THOh and Lee, 2014). F2HE2 EAE 7232 4= &
gulo wzt 7k Agotlon, WRuEA Y aojSw
< 71& oA AAE AAE SRS 7R 243
S THMLTM, 2009; NDMI, 2003; Oh et al., 2014;

http://www.jccr.re.kr



AX . .
ol=%& =Ly

e -

oF
1=

&

g

526

—

=l -

OIME - 22

Ik
rigk
olor

S|
2

nio

e

Table 4. Validation results of the data—-driven and physically based models using 2024 landslide occurrence

records
Susceptibility Data-driven model (CatBoost) . Physically based model (SINMAP)
- Stability Class -
Grade Count Ratio (%) Count Ratio (%)
Very High 267 88.70 5 131 43.52
High 8 2.66 4 82 27.24
Moderate 4 1.33 3 29 9.64
Low 8 2.66 2 26 8.64
Very Low 14 4.65 1 33 10.96
Total 301 100 Total 301 100
DEM Distribution of Grade 4 and Class 4 Pixels DEM Distribution of Grade 5 and Class 5 Pixels
o
o
600
500 T
[ ]
’éwoo
8 ° l
S 300
S
=
53]
o
200 —,—
o
100
0 l
CatBoost SINMAP CatBoost SINMAP

Fig. 7. Comparison of DEM distributions between CatBoost and SINMAP for Grade/Class 4 and 5 pixels

Rawls et al, 1983). EY EFASE EA 74t

Pedotransfer Function® ©]-&5}o] A4 5|3 tH(Saxton et
al., 1986). o otz 2ol W HE TS o]-8sto] X
SpEdEEs  FHGE  A¥don  xgaud
(Abbaspour et al., 2019). YA|7/HSEl B FJ2AH L
QAEE olgsiol WATS Eg o719 5% W
FIEE Ao th(Lee, 2025). =8 32 AT

il
o 2] HAR| et AHASE FEoto] He B ax
Y95 tHKim et al., 2005, 2011; Lee et al., 1991; Wu
et al., 1979). 125 TE tj7jH4E 100 m TR 5
dsto] =t THolA L Vel E AHLSIlh
SINMAP2| & AF&ZES Stability Index (SHE A|lFH
. 444 R0 75 U SINMAPY] HA| G4t 74
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2 Python 7|§t02 &5}

dlo]g 718t 232l CatBoost 8 ZT}= 004 1 A}
o9 AXZXFOE AEEH, o]F 02 HHOo g 5}
w3, W, S, =, WS =279 SPEAE
TRt E8 7]k 2¥Ql SINMAPL  Stability
Index(SD7} 42 =W, SI= wi7/iRls E4AEE 13
Y gE 9 HdE JiES At A #olth £ Ao
A= Pack et al. (1998)0]| 4 A|A|St Stability classE Z-&
sto] SI @<= 1555 H 653282 &5 Holg
715t 2@ e] AAE s A9 F 5865 HE, b=
THo 5L 55F AA=E AL F ZF
2024 AR A= 30179 AbAbeE HAY o] EREE &
83to] 8 AFL SWHACKTable 4). 2t 0|4
Ay g 9 Al RES40 BAAEE E-85to] sid 9
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Fig. 8. Flow direction-based landslide prediction model (D8 method)

W Az F 7P =2 A8 ES FE°H A
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BESto] YHow FFo] BAEE AEFE Btk
glole 7t 2gat £ 7N By BF S35 5
AdE FHORE £ ATFS ZUAHLE #ESIR
O, 1% ExEoj= Zpo|7} WA FTH(Fig. 7). HolE 7]
g B2 AMX]9] FotE AHHS SAHCE =2 ¥
£ Uelin, 975 2 $339e 22 g 2o |
AotA vhgole A4S Bk ¥, £ 76 22
AR AFROA Ao R 22 AFEE VERH,
g 9 At 22 AP ARk 2749 FFS IA w= A
OS2 YET o2 Qs & 7§t BY-2 574 AR
A HEHoRE 2 JHEE Ustll= 43S Bt &
gk HlolE 7gt B2 AriHoR §2 JoA e
£ ASh= B, =9 7|6 232 B AMHS S4He
2 Azt Aol ¥ EY HEo] et E4S E
At ol#gt Apol= dHlolE ¥t 2o &8 AbAHE

Ay oAt R HEA= T AA I o] ofd wsf
A TS SHOE FAME Agol7] HEoE weE

® AFolHE olzlet B we 7k B BE Ao|g
SSIL AP AP A4S WS} Siste] &
WeF JEE 0|83t A HAE AEsit 55 W
2 D8 7|4t BY 5 E4FSK(Single Flow Direction, SFD) Ht
HE o] &sto] 4Hstalon, &2 7IW mEoA EQHY
o WY WAGSE oPhe AdHom st
(O’Callaghan and Mark, 1984). AbALE] HHAY o] 2}7 9]
NeEA B4 As, s Py A9e] B A7 92 2
ol of 408 m= UeFton), 100 m BHHAECIA 7
= Ao oln] ste] Az MIETh We skl
Z712421 AA ME 2k 300 m, & 3= A5t
(Lee, 2025). o|% st WFo g 2 354 H7HA| 3
TS Austes FAotoit. Aut 2gofA sk 1kl
tlolg 75k B 9] 95T o] ‘=3 o)l Ao] &
Aot A, g A=l tisid= =2 719 ZF9] 9
Asa= FASHES AAsH3ith BH, ot 7o) &
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Fig. 9. Example of a landslide forecast notification provided on the Korea University OJEong Resilience

Institute website
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Comparison of Early Warning Assessment between Observed and Forecast Data (08:00)
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Fig. 10. Comparison of early warning assessment results between observed and forecast data at 08:00
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Fig. 11. Landslide susceptibility results on July 18, 2024 using observed rainfall data. (A) Validation results for
Dangjin-si, Chungcheongnam-do, (B) Validation results for Seo—-gu, Incheon
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Fig. 12. Landslide susceptibility results on September 21, 2024 using observed rainfall data. (A) Validation
results for Suncheon-si, (B) Validation results for Gangjin—-gun, Jeollanam-do
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Observed Rainfall Forecasted at 08:00
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Fig. 13. Nationwide landslide susceptibility early
warning assessment results for July 10,
2024, based on observed rainfall (left) and
forecasted rainfall at 08:00 on the event
day (right)
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Fig. 14. Nationwide landslide susceptibility early

warning assessment results for September
21, 2024, based on observed rainfall (left)
and forecasted rainfall at 08:00 on the
event day (right)
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EAEE 18T o, A4 T AAE FEsHA AE
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”Oi g Ao S AIE AtElol ditt @ A5

YotA] Zolitt. webA FF AAE LT A
29 @F A ARE AAISt] T HXY AEEE
FIAZIL, SEARS] AlF/dol gt A AFol
274t dolg 73t BFL /A5 7149 CaBoost
QTES TEIIT Uk Aol AR 40
uet 49 9 WEE doleEg BE A & o e
d 719 AL WIZEE QA57h Sl SaE T 9ok
et al, 2021; Ngo et al, 2021). ¥ tdoJg9 AL
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