INAR 4’!&—0 «\f'\ JL& «f)‘.@{}w a)u «rﬁ.}}‘-_{ JL"

ol 353 0335 B 51 03liil b ehans o B e S e e
(b\:.wb; bh’m‘ BL) @\gé —)J..l}ﬁ &L:SJ‘ D :65J‘9A uthﬁ) &:Jju:ﬂ

o . ¥ . Y - £ . Z \

VESANY Sy st Ve /0/0 il s
s A >

iden js a4 Cewles (5ludue 6l (Alternating Decision Tree) sl e L3 ﬂ)}ﬁ‘ s Shes
Sheslenal U b po WO sliss Uy e (sla (5580 ey (S| 2030 Tl el Oliws S Okl 13 BB U 55
OY Y 0) eeslzel 5 (4o \YY /A (g3ladds bsls ats 55 4 dslas Sals Coged 4l Sl slacils
Lacs a8 LS 4 gsladiss Gl = s ol Lol o2 ) Sse Jule o350 (IGR) Information Gain Ratio a5l
Loy Hgdoea u‘:i’t:"‘ (o (it (ol (g5ll laslas L s g eadad glaesls bl dde s Shes
ool g_)jk_;:nma_.ajg,.ﬁ-): Jde aS sl OLiS @L, A3 oL (AUC) 5 Sles dasein wﬁjda.ﬂ4ab.gf

@LZ.) ‘)»k_.w] o~ ‘ﬂ']}k—d § el g,.:';jjé\.) V4% 9 Viddn L) j"j’ Wﬂ) dﬁ.ﬂ 6‘)‘) Ww 9 L;JJ)}AT 6(}10)‘)

el Lo o Js il s 58

B —od)e 4u>=.mw 4@&,« g;‘?’d:‘ﬁ 4('.?«.,23 Co ) rb_))ﬁl A‘.?Lb.ﬂ 6(}1&}3]&)&) bejl,.&.:ls

Gl e oS o825 ¢ Jaom poe 5 Lla e aSls (358550585 (5555 (sl )
L.mokhtari@hsu.ac.ir «g,1s s w5 oS3 ¢ oo poe 5 Wlaa eaSills (5050 5 5055 lalead Y
Ol S o230 (b e 0 ASC2Is L2a gty 5 higel Wid)S 5 (5l sl e 5 pde (685 Y
Ol S Sils \;«...]o @L‘..a IR (Sis s hj_)f JJ&MW}JL«MB ¥
Q‘_).@J M .L.@.J: s eeS) C}l& oA ESls 6})3)3)}.»)55 )L...:.l‘) 0
NGIO -3 PR v (.:_<>- ol (6,8 Wl 3l amd 8 i ol 3
DOI: 10.22052/dee;j.2021.11.34.39



VP ke oz g o o)losds o33l Jlw (bly immmsST (it (g 3y cole alowo vy

Olse 33,8 )Lal (Y2Y)) 0lan 570 5 (YY) 0l en
Sahir o> mh 5 53 Aged 53 958 0 S5 i

slie el St ps e an (VoY) OS5 015
il g Gl ol e s AV e I
@l s S alie [ da s i) & kel
S sl el 53 Je Jlo s Shee 51 S
3 S adbe

ADTree 55 5 IS oy 0 (To70) O, 5 55
L& i > AdaBoost 5 Bagging s Ol &8 yomes 33 5
38 5 Ay e 3 ARG 4 Gl
3 Shes ayam g Ly s ds S amlie | Lall IS
Gl s e S§ Ulseas 29, ol ADTree-AdaBoost
A sl ARl et e s e s 0L )

sl amam s b wes o 55 ol IS sba
S o Dl el )50 03 28 D) oty el L5
o T3 s Slah)y S das e DL Dlads
lomosls 5oV (s 2 s &1 O Ll Ll sl
S pamai 056 a8 ADT 53 ccnl yosdle 5 53555 S,
S S b s 2y Bl ) son S e
Sl 0l 4t ls Sl o oS 55k Glea

(PS5 5 Do et el Sl S Ok
R O e PSS NPV {E P PP PPy
o s (B o Ulssa) S5 0 5 B8 oy O
St Gl (28 o Ulow) (o8 s 5
o o O S s 5 ke Sla e
et 5 Ul oo L Dl o Bk 5y 55 5 S
3 SusF eSS elilgy o S5 b s 5,513
3 S5 lac i Sl (b e ol es (S S
Slalil 3l S e 5 ) s Sl
wlaald 4y Sl S g 53 Ol Cy e sl ol
S O o

3l .,\_SlQJL?.o J:*“j}—j Q—i‘ il al U'U;('@“ ))Q-i‘)'l (YeeA

8. Tran
9. Wu
10. Chapi
11. Dahal

PPV

Fo—o 50 am Susld 5 A0 gk 5 el (UL 05 4
Sl kst 51 018 el 5 el ol L Ll (SH5 55 ege
Sl Sy e 5 0Ll S5 oS (Sl DB
SOl SIS el S et oS e 8 D)
o 31 0ber s La i i s el ol sl DAL
Sl 5 Sl DU 3550 FPFYA (3o oY 4 VA s
5 el ®) dladls (6,Vs 3)lbe V/A 5 g3l
Sl 2alS Gl 6,2 Ll U (YT (of,San
(s Mt (5 LD A ey g5 5 (L
Sl 228 58 5 ARG 85 2 S0 Jel g Gt
L (S35 A E S

Ollidipen B i (ngsy o 53 a3 58 (e edlSs
o 2050 oS Sl s 3l esliiad b b 58 0 55
Sy da s ool (e G 5 S s Sl Llad S 1S
IS oile 650k 45 ol ile 6,550 e
i3S 5 o gan s 5 S sle bl g
ol aS B e Sdls Ol LIS e oS e
die Oles ool 53 0,8 3k baesls 3 cilodd sl o gl 5
2348 e eSS 5 Loyl 5 oS ol
sl ik 3 S el 5 IS Sl dle 500
et L ol hls 5 250 e edlind (ghuadd ol
088V L) cla by, S0 4 o

Sy Sl il gy 5 ezl canal St s 5 Lol
oali il o slie anal ot 5l s onl s cpl sl )l
385 O Dbl 4 ol el 2t 3 Bl s &S
Jie 3l eslial L o (6l i 45 Ol g5 o Sl 0
I R R I OO PRI EN: PO JUIS
SO Y ) O Sen 5 O (YY) OLLSen
ISan 57 o (T10) OLea 57 Sla (Y444) O,Ken

1. Guha- Sapir
2. Mitchell

3. Tien Bui

4. Yeon

5. Wang

6. Hong

7. Chen



\Al et gLicko ol i 33 oy 5951 31 ooliiunl b oo (GBS 38 e § (S0 (S iy

Sl (s s 53 Pl S pdi
.(UfU?> U )Jijji gAQMS)lwaJ> OtLA)Js

46°0°'0"E

Ol g8 0 e Jlse e ool )
LiE g )y sl puensd S g Jle SIS ey Y

50° 60°

46°25'0"E  46°30'30"E  46°36'0"E  46°41'30"E =

35°1830°N

35°130°N

35°7'30°N

=

>

4

&
L o s High : 2959
| ] askia 5 !

@
m
3583

35°130"N

35°7'30"N

35°2'0"N

AR s A - Low: 748

46°25'0"E  46°30°'30"E  46°36'0"E  46°41'30"E

andllas 55 g0 e g LS b e 1(1) U5 ‘
Figure (1): Geographical position of the study area
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Figure (3): Determining the most important factors affecting the
occurrence of surface landslides in the study area based on the
average IGR
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Table (1): Performance and prediction accuracy of the
algorithms by training and validation datasets
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Figure (4): Landslide sensitivity map of the study area
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Extended Abstract

Introduction: Iran's mostly mountainous topography, tectonic activity, high seismicity, diverse geological and
climatic conditions, population growth-induced pressures on natural resources, and land-use changes in recent
decades have created natural conditions for a wide range of landslides. Therefore, it is necessary to take
appropriate measures to reduce the damage caused by landslides, identify their prone areas, determine the factors
affecting them, and prepare their susceptibility maps. Thus, this study sought to identify the most important
factors involved in the occurrence of landslides, and investigate the efficiency of the alternating decision tree
models for preparing landslide susceptibility maps in the southwestern part of Kurdistan province (the
communication route connecting Yozider to Degaga).

Materials and methods: First, a distribution map with 175 landslides and 100 non-landslide locations was
identified and classified into a ratio of 80% and 20% for training and model validation, respectively. Thirteen
factors derived from topographic, land cover and rainfall data were selected for modeling using the Information
Gain Ratio (IGR) technique. Then, the ADT algorithm was used to train and prepare the landslide susceptibility
maps. Moreover, statistical criteria were used to evaluate the models for both training and validation datasets.
Finally, the model's performance was evaluated in terms of the area under the receiver operating curve (AUC).

Results: The highest IGR index values were found to belong to the distance from road, lithology, and road
density, respectively. Furthermore, factors such as SPI, curvature, profile curvature, plan curvature, river density,
distance from the river, and LS proved to have a negative effect on the modeling results, as zero value was
assigned to these indices, which, in turn, led to the creation of noise. On the other hand, final modeling was
performed and the 13 remaining factors were removed from the model due to their low impact on shallow
landslides in the study area. Then, shallow landslide susceptibility maps were prepared based on the ADT
algorithm, using quantile, natural breaks, and geometrical interval methods in the ArcGIS 10.2 environment.
Finally, the best method was selected based on the landslides' frequency histogram in each susceptibility class of
the maps. The results indicated that the natural breaks method was the best-known method, according to which
the landslide susceptibility maps were divided into five classes, including very low susceptibility (VLS), low
susceptibility (LS), moderate susceptibility (MS), high susceptibility (HS), and very high susceptibility (VHS).

Discussion and Conclusion: The results of IGR-based factor analysis revealed that distance from roads,
lithology, and road density had the highest effects on the occurrence of landslides, which could be attributed to
the existence of landslide-susceptible formations such as marl and shale, and inappropriate human-set policies
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including road construction and incorrect cutting off of heels, as road construction provides the grounds for more
penetration of water into sensitive soil formations and saturation of these soils under force. Moreover, the soil
saturation on slopes under the force of gravity can facilitate the occurrence of landslides in the study area, which
is consistent with the results found by Pham et al. (2015, 2016, 2019) who reported that the existence of
lithological units susceptible to landslides (i.e., marl and shale) in the middle parts of the slopes played an
important role in the occurrence of landslides in such areas, considering the fact that marl and shales layers
might act as a lubricant for overlying saturated soils, and, therefore, facilitate the occurrence of landslides.
However, it could be argued that the upper floors and higher altitudes of the area are less susceptible to
landslides due to the presence of crystalline and basaltic units that are resistant to any mass movement,
especially landslides. As for the land vegetation, it was found that landslides mostly occurred in drylands that
were formerly semi-dense and grassland forests, indicating the significant role of forest degradation and land-use
change in landslide occurrence.

The designed models for both the training and validation data were evaluated using the Kappa, TP,
specificity, sensitivity, accuracy, and squared statistical measures. Finally, the models' performance was
examined through the AUC. Accordingly, the results of model validation showed that the ADT model had a
relatively moderate performance with the sub-curve level of 0.665. Furthermore, the sub-curve level of the ADT
model was found to be 0.677 for the training data. Finally, the study area was divided into five classes, including
the very high, high and moderate, low, and very low sensitivity. It was also found the severity of landslides
increased when moving from low-sensitivity classes to the high-sensitivity ones, indicating higher chances for
the occurrence of landslides in areas with high sensitivity. Therefore, considering the high influence of the roads
in the model proposed in this study, it is suggested that the priority of taking appropriate measures to prevent
and/or control landslides be taken into account so that the effect of road construction in the study area could be
reduced. Moreover, in cases where future road development operations are considered along the route, principles
of road construction and the stability of the slope must be strictly observed.

Keywords: Decision Tree Algorithm, Shallow Landslide, Spatial Prediction, Validation, Yozidar-Degaga.



