-~

il e e 5 (53gliS pole ol
3l oj> Cupte aalilang

095 5 Je 5l 03wl b (1833 (30§ Sl (S LALE dunny o
(GAM) 4idly aroci (0908 Joo g (LR) Sisiaud

£ . . ¥ Y . ) . . .
o)1 LS panen 9 (3lgl8 dilhas o3l Loy ¢ (6 pumily (G y9005 it

Ao w8 olRuild ¢ Sl pole g lusl 0aSily (559 93)90535 (655> (goomiily — )
srhosseinzadeh@um.ac.ir : 0 iumy g3) g 3,8 o5l ¢ Jlus Olaal 0asLisly Hluatils -
hosseinzadeh@ ir:Jggue 55) Ao (93,8 ol ¢ Sl pole 5 lasl oaslisly Ll
d)L.u @Mjo @L;.n 9 dj”LJ;S ‘ayl.: olKisils (L;u...lo el.;.n suSislhy )L....J;.'»IJ -y
s ol ¢ 5yaliiS 0uSLEh caunn Lo g (b milio wdize LiSu Hlobuwl —F
ANNN/YO 1 pdy fo,b ABIAIY - el s fo,b

LXVCCS
o bo & s 3blia 131, 0350 (slo sty 5 Jlgal 55 & ol b Slybso o 5, 31 St b3t
1ol £ 5 (U Sljlud (I g (Sl jeliteds (S5 JbE 5 y20 )3 Bble (Lwlid (ol ply 3510l o0
3,508 (il 5l 9 (GAM) 4l quos (o905 9 (LR) Sisianad (y9aw 55 ) Jobo 93 dunnlil ¢ puols (pig3y 51 S .Comwl (549 90
W il poliia cpaly oo oyl ! 5, jusul Bion p3 Wi me; Comlus Al A5 Coa o
STy A e N3)5 drd (Sl 035 Sadsk g &)l S5 pglad 1 edliwl b dllaie (938 ey ST
gty pdalosl (slaesly wod Yo g (silwdue Cua (ijgel slaedld wopy Vo w (alal ©jgon 9Hm;
3 i 205 oSt 9900 < 59355 Ll Jalid 533 £958 1 SHE G olgs SBAE 1 s (s L]
syl (ROC) (oo 3,Slos (anduiid (govo I odliiul b «oled 45 5 93,5 angd ArcGIS 3810 55 bawxo 13 (Ll Jolge
e g1 g b o ) Al peod (o908 S 9 S (9w S5 Je (bl il SO pdy O 90 jo5de sl ]se
axlae 3590 ABkaio )3 (w38 a0 Comliws Qi AT S (Vg 90 B (3390 cewlio Sy o )3 AY/E 5 o yd AV/Y
Wld )3 (65 e (2T)5 S (g )5 ) oo 41 Commnd 5 e 85 (S b By g (o908 Jubo ir 2 ally o0

313 5 (e E98g 4 wlwes (Bble

a3l sl Bjgn Bl quond (oges Jho (S (g )5 5 o (5533 e 15 IS sl2jly

U cou ly ol s bl a8 o)y 3939 Jad -l g
Ao o Gl walgd o a8 1) a] Ghe g dmd B
SRl 3y by sba ok sl (%)
2 &S latwly (So58 iled a4 alad cla Jas londs
Sy g palie slagys o Ay dusbre 4 55
a5l o gl e jd &Sl cledy Cunl slodg S >
dodin SB g S She il 2 s B8 oledbl
loaialy (Soiglgphen blpd 5 (Stwgol Clogad ol
oslil LB S8 obida b gblio (sl e )l dsg
oy, §) odlinl VAVe dad Sl 5 (FY) sl
NP ey 050 Sdgegsy Clillas > opstedis &bl
ol sla sy i i (5 Bl 5
b bpydad g e pdaw can] s dalllas jglaieas
e o Jiis Sy i sy, ) 5 8l B paS
CBl s A piy Sl 653b (dle slasbyy 4 (LS)
b bl ) il olllas wzdiS das Jb 5 (1)
g bl glogdyy Sl edatal b o) Comslus
83955 sodls jl edlatwl Jdoay ba ybg, opl cCunl a8y
Slpl gl Gleme (LSS dawg il
e oty (GIS) oldlie Ml byt 5 sjlo e
b ] dmd 3 a8 Slalllas I S (1)) Wlal, b yzas
s 9 Sead e S, sbaghyy ool
OS5y il b b & adpdy el allgens
Jio 5 (FFXRFASVIEN YATYA) (LR) Kpiwod
(FAXYFAYEAYAYY) (GAM) wliposs ogos

Ol 3 glpl 0 Blmey By Sleld it

Aodlo
S 5l lodgs <S> lgie co &S (i e
IS g 3l aishy ol S)bay S5 o)l
ool g Jlgel ((Sj &5 canl (b b (),
alls (Ko b duslio 13 (YO) 5510] 0 0)ble &y 1y p3 40
9 FSes e i Sl S5ines colidie;
FSUbd dlse Il > 9 b i STy
lop ) JolSG ) (core (A B3cmes (V) 2l
guoe Olex @blie | (gl ) (g (gyhd g 4l
Ay cdedy odil (gladnd (> oS 5g) oo el (V4) 29 o0
bl 3 bedlopj 5 (J9fame @bl dawg Cunex
sladato Sbh)l GRall g pettane (o) S e
a3 g3 (10) wb Gl B3dome; Sl (o3 llus
2 Do Comlus b bl > (o0l Qlides asls
s ulp ook ohRdagg cwl oad plsl Lyl
Gilises (glmd Sy 51 odlitsl b b3 e sl 4
Al gy hiHome) Camlas sladiis o ,S 5
5 Sryteln ohiome) sy Jhad (oyee > bl
Saare Syl SRl Jad Sl g ol Copse
Jbo S 5l oozl b olsige |y loadis cpl (Y+) 2l
i slasgemme g bid) loodly il Gl 5 culio
(F) 28w Jaes slopie
9 b (Sl Bres 095 A & g |y (2
Lied (503 6yl gl de (V0) 35 s s lo]
IS 0jy oms » pleld)ls s Jleel cleay
V) 3515 3929 oLl (Sl (533 e 3193 )3 e Jalse

Comlus sl b,

1- Traditional Least Square Regression
3- Generalized Additive Model (GAM)

2- Methods Logistic Regression (LR)
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1- Digital Elevation Model (DEM)
3- Topographic Position Index (TPI)

2-Topographic Wetness Index (TWI)
4- Normalized Difference Vegetation Index (NDVI)
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Figure 3. The landslide susceptibility map produced by RL model in Chahardange Watershed
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Abstract

Landslide is one of the most common natural disasters that endanger the lives and properties
of people in mountainous areas. Therefore, identification of risk exposure areas of landslide is
essential to prevent and reduce damai;es by landslides. The putgose of this study is compared to
logistic regression (LR) and generalized additive models (GAM) and the evaluation of their
performance for landslide susceptibility mapping in the Chahardangeh Watershed, Mazandaran
Province. At the first, landslide locations were identified by Google Earth images and extensive
field survey. Then, the landslide inventory map was randomly divided as training data 70% for
modeling and the remaining 30% was applied for the model validation. The landslide
conditioning factors including topographic, hydrologic, geology and human factors were
constructed in GIS. Finally, the receiver operating characteristic (ROC) Curve was used for the
model validation. The validation of results showed that the area under the ROC curve for LR
and GAM models were 81.2% and 82.4%, respectively. So, both of the models are suitable and
efficient methods for landslide suscedptlblllty mapping in the study area. Although, the obtained
results showed that the GAM model performed is slightly better than the LR model for
determining regions of susceptible to occurrence of landslide in the study area.

Keywords: Landslide, Logistic regression (LR), Generalized additive Model (GAM),
Chahardangeh Watershed



