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Figure 1. Location of the case study


http://dx.doi.org/10.29252/jwmr.8.15.161
https://jwmr.sanru.ac.ir/article-1-852-en.html

[ Downloaded from jwmr.sanru.ac.ir on 2026-04-29 |

[ DOI: 10.29252/jwmr.8.15.161 ]

VY

WA Gl 5 5loe 10 o)lod /piin Jlo el s> Cupite aslisagy

Iz a5 p sl 5l ookl b o] ol 4l 4 5 5530 0o 595 0 Sige Jolse (goucaglyl

—

ooy ey GiaSTyy aids agd

—_—

D €585 » Fge Jalse s

' ' — SISas dele | anll 5l Aol wols 5l alolé

(o8 ¥) (2L (w20 V) g5luduro

lv lv — DEM Glussws |-

Sl (ol S coad do o

- e Job et S5 1 5l
odluwl b Juo (20 55! ool g3Lweslol
ROC o S5l 5 4y JLissl — oo Jole Sy elis S
t ‘ - Cawadd sloylgale yglai ol gp)S
b 38 ooy Sl 4l a9 (55w Joo
GIS ,srandomForest aiw T ol rolioum! )b slresls [ RANIONS

b S oo 1 onlatl b 458 e Copolus alits aps Sy Hlged -V S5
Figure 2. Flowchart of landslide susceptibility mapping using random forest algorithm

ol g C8y Laal (1Ske Jolo 93 5l Juo pl
Foo el 5l o gyl g Gln e il
dunlio ;0 B dals (uSle 5l eolatwl 33,5 o edlatl
9 % Foe Jalge Caglgl a3 (e Cuenl a3 LE L
Sygsl  & lalid > ohsh bl F)lul
o psaied danl 3 (V) 2l Sy bl lae
P8 ol 030 50 S slogite G Sen
Cops )5 il Jed ops g (VIF) bl
b0 oably ey Jele g VL YT S Jeod
Ljl g oo (haden Sobles )53e i 5l 55,5
3)15 l.s ke 4.1>).4 2 (Yl\‘) Cawl M L 9d .)l.s)
GSIp adB g Pee Jelos 4 bgye glrodls (8
sl 1 edlatl b (giludse R l38le 5 a b 553 (e
30 EPg » Fee Jelos A g plxl (Bolas S
SRz wiygS ) osel cansay (lajy Lolesinnd)S (s
sraid 5 Jie ArcGIS Low 4 R l38le 5 5 Solas
atg e 3)50 adlate lpy Bione) Comles 2l
e & b S SsSs bl 2l 4l 38
S i L3 g L) dawgie (oF Cowlus il
23,5
OO 0 Sl Al 2L 5]

e Sl e Conlus AL a5 e
il obj)l olateas T(ROC) (oos 3 8oe pasess
0 8lee Lozl gove J(FEFYNY) ad eolitwl jeShe
9 St > Bbyy (n el g (e (S (o

ol S i3

&S odg ol yllas (S0l gy S (Solad S
(V) A8 o oolatwl ganaib » ABus slacs s
Jolss polae yuss o LSl b (olay S o2,sSl
By (ol olass sbul 4 oo «WBun b lagys 5 Sse
sgaieds B Pl e ld (S e
A objgel A2l 53 (BV) 5 0 S5 ob b nie
ool obsl wlel p copd adle ol godly gy
0l iy eyl dw Jold Bolas Ks () 29 0
» odlatwl dy50 slagte i =V el 8 lawes
WS o plo 1y Jitue cB 50y @ya8 &S CE s e cale
i Blas Y 5 dolad K s ol Y
b K dwin a8 (YA) cul ol slae S
Ont (S 0L g Jis (500 )08 Gl L
plos 3l (ol i p2gSU1 (1) b 2al38) L]
53l g 00,55 edlaul c;.&_).s oNbey gl 2950 (glodls
48 BOOtStrap aiges oyl 4 oS o olazwl odly dusp>
P> (Bolai psbas St pite S e D90
Sl pite gl QB 25 0 By 3k, a2l
plol (Solal Cjgod ciyd Cale 3 0)F S (BS
OS50 03183l 1 55y 5 4y el CB 43 JSS opl 4 g 00D
Sl 50 ediladBl slaoaly jl o )d YV (1) 29 oo oL,
oz B ol e oo edlital ok bl 85 b))
Olgisdr oAl ol polie plad 5:SSke g 0l 1S5 )L
(FV) 35 g0 o3kl o)l 2o6 sy

1- Random Forest (RF) 2- Grow

3- Variance Inflation Factor (VIF)

4- Tolerance 5- Multi-Collinearity 6- Receiver Operating Characteristic (ROC)


http://dx.doi.org/10.29252/jwmr.8.15.161
https://jwmr.sanru.ac.ir/article-1-852-en.html

[ Downloaded from jwmr.sanru.ac.ir on 2026-04-29 |

[ DOI: 10.29252/jwmr.8.15.161 ]

i Bl JSix g oSl 3l ool b (] Comlun 48 a3 9 (53 0me) £989 2 g Jelos (saucuglyl

ool Glp sicwbe Hlae iy iald SSle
¥ st sl ) ol g (1¥)ced la sl
Sl Aol jlee dw a8 2l L bt ol oad odly L
€89 2 ) WU myoie iy @ )l g JuS wils
5 o> all adlles )50 diaie ;0 Gy 553 e
€8y 9 cwd IBLE 3 cere oo )US alej
b Camsg bodls L;IS sebay (YY) sl 533 oo
908 S Sy el dg3gdy 9o 03 pady Iy alely
ey )Uis Gl el godge cul WNigd oo atals )
SLbl > (A3lome) Glil 4 e 5 oad odl ol
Oldllas 1 gyl 0 &S Cunl Judo cpl a4 03)5 o aodls>
B i IS 5B lyiee ol (il
Sl S 51 aliols ol aisly 33 e 485 52 1)
Sl Carge & Cunl (SS9 Jelge 0 Singn dhox ]
Ol o oobj cldllas o s Cped 4 9 20,5 0 ldialy
5 0d b Kiw > OYlail byl § (Ksd coge JuS
WS15 5 a8 GlgSa S e ol |y gl e8>
blis S cpwlus 2L ot aVlasl 4l
el Yl ey el ) el Gl ol IS5
£y » Sy oo S lysay JuS Jole dosish
SyS o )8 o 590 3OS

ol K cads 5 Cwl gilw i By s
b b33l me) E989 ple g g8y Cunyd (e Sl (SEIS
Mie Sole ROC goxiep daw D980 gune
O3S ol pUlF ooy bl gl ngie
Mgy g8y pas 9 (UB50mes 3?9) 23>¢) @By Cuw)d
&8y Vgt (Je gl cunl Gl (U230me) 2929 pac)
85 omess (Bolay b Jleis o\S_\,{J 3y 1y G939 e
eds upeS nlply g /0 o] oo o e
Jao 33l S b iy iocten) s 51 85 Jlo > )
JAUC polae g cusls dalgs 1) cdd oy 5y ol as
PSP S & (Joxlep gaw b Cunl pide V- /0
Col 045 4 (Gpdigg 4l €85 oy S ole il

(%)

On hdes P8 odgl 0 ab e S gbples

by 255 Jole 5 93 1 olitl b e (slo i
dalse o 2 LS @l g oAb (qwyp Jeo oyl
300 Jg2) ) 392y (ader LS odlatul 390
Wb g fee Jelge om LU (yp Jl o dm dloje
9 3)lg R 58105 ay g oolol aodls o i3 pej STy
pbl random Forest  Slodl aws wlel p il e
2ol (ke Hlre 93 1 nygSh ancuglyl slp 5
L&a)yfls w515' 9 o oalaiwl > Caon| ua.’>Lw 9 B>
25 ol M3 oS jboglen ] (¥ JS3) 235 s

o S adlllas 390 adaie B3dcne) £989 2 Fge Jelse (o (daden oy - oo
Table 1. Investigating multi-collinearity of landslide conditioning factors in the case study

(Tolerance) ooty yio (VIF) oibly py55 Jole

PHowes E89 2 Sge Jelse

+[AFY \YAD
NI ATAVAY
/A VAR
<AYE VIYAY
IV VYV
AARY ¥/\YA
<AV AVARSY
<5V VENY
+IAY AVANYA
IY¥a ¥/
NN \/soy

() )|

() ooy, 5l alols
slidsee;

w2 el

(5) s oo 5L
b JS5

(s20cske) Yo 3y
(%) ool 3l aluold
e

(520) Jo5 jl Al

(sl (pS0le § C8> (LdlS (S0le slime 93 olul 2 (B3 e £ 2 e Jelge Canenl i TV Jgu
Table2. Importance Of conditioning factors based on mean decrease accuracy and mean decrease Gini

s il Sle by hbls 5 Ske Jele
Y/AY a/ay \. /av /¥ s Ca
Y5 VY/AY VY/AY ldAia b
Vay — 10 VISV <N alisg, § alols
vI5Y V- WY v/ov ol
-I5Y ¥4 VIAY Y ) s
YA TS oly- vy b Jsb asls
v/aa AIYD oy £1oo s JS5
\i Vo458 WYY Yy aYlo )4
FINY YVIvE AAVALY ARYI2N ol il alold
A YI5¥ VYO VIV b 43 )
o/ay Yo/vo yY/A-. /oy J‘S )‘l ol



http://dx.doi.org/10.29252/jwmr.8.15.161
https://jwmr.sanru.ac.ir/article-1-852-en.html

[ Downloaded from jwmr.sanru.ac.ir on 2026-04-29 |

[ DOI: 10.29252/jwmr.8.15.161 ]

\FO

Road o
Fault o
DEM ©

Aspect o

Geology =

Rain o

Plan o

Landuse | ©

LS o

Slope <

River =

B B L 51
> 10 15 20 25

MeanDecreaseAccuracy

WA il 5 5l 10 ojladd /piie Jlo 550l 0> Capde doliimgly

Road o
Fault o
Plan o

DEM o

Aspect o

Rain o

Geology e

Slope o

LS o

River o

Landuse o

T T T T T 1
0 1 2 3 4 5 6
MeanDecreaseGini

ke S oS0l eslinl b i cee; £y pige Jelss sacagsl Y S5
Figure 3. Prioritization of landslide conditioning factors using random forest algorithm
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Figure 4. Landslide susceptibility map using random forest algorithm
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Abstract

Landdide as a natural hazard is very dangerous especially in mountainous areas that result
in loss of human life and property around the world. Iran is dways exposed to landdide hazard
especially in the north and west because of climatic and topographic conditions. The am of this
research is prioritization of landslide-conditioning factors and its landdide susceptibility
mapping in the part of Golestan Province using random forest new algorithm. At first, landslide
locations were identified using field survey, historical report, and Google earth. In total, 78
landdlide locations were identified and divided into two parts for modeling (70%) and validation
(30%). Eleven factors of landslide-conditioning including slope aspect, altitude, distance from
streams, distance from faults, distance from roads, lithology, land use, slope-length, plan
curvature, precipitation, and slope angle were prepared. The relationships between the effective
factors and the landdlide inventory map were calculated using the random forest algorithm, and
then landdide susceptibility map was prepared in the GIS environment. Prioritization of
landslide-conditioning factors showed that distance from road, distance from faults, and altitude
have the most effect on landdide occurrence respectively. Finally landslide susceptibility map
produced by random forest model were divided to four susceptibility classes such as low
(29.18%), moderate (33.44%), high (24.82%), and very high (12.55%). ROC curve and the area
under the curvewere used for accuracy assessment of the prepared map using about 30% of
landslides. Results showed that the random forest model produced reasonable accuracy in
landslide susceptibility mapping with area under curve of 0.706.
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