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ArticleInfo ABSTRACT

The development of landslide susceptibility mapmaisnachine learning is an
) effective tool for managing land in vulnerable . This study generates a
Research Article landslide susceptibility map for the Tajan watetshesing machine learning
techniques. Twenty-one factors influencing landslidwere identified and
. . categorized into geological, climatic, environméntaopographical, and
Articlehistory: hydrological factors. Raster data was preparedgugiNVI 5.6, SAGA GIS, and
Received: 13 October 2024 ArcGIS software. Field surveys documented 155 lkael$ocations, converted to
— point layers in ArcGIS. This data, along with thaining layer, was imported into
Revised: 10 December 2024 R software in ASCII format. For model training, $apt Vector Machine (SVM)
Accepted: 12 January 2025  and Random Forest (RF) algorithms were appliechqugio% of the data (109
samples) for training and the remaining 30% (46das) for testing. Evaluation
of the RF model using the ROC curve showed higldiptiee accuracy, with
scores of 0.972 for training and 0.949 for testiAgalysis of the RF model
Landslide, Machine Learning dentified key factors influencing landslides, inding aspect, distance from
Techniques, AUC, Tajan streams and roads, slope, and the Topographicié¢tositdex. The SVM model
Watershed. results indicated a greater proportion of high-spsbility areas in the watershed
than the RF model. AUC values for the SVM modelevglightly lower, at 0.906
for training and 0.831 for testing. The SVM modgjHiighted elevation classes,
rainfall, aspect, and distance from streams ands@es significant factors but
underperformed compared to the RF model in mapfzingslide susceptibility.
Risk classification with the RF model showed that1®% of the area is very high
risk, 4.17% high risk, 10.76% moderate risk, 15.6@% risk, and 59.26% very
low risk. Conversely, the SVM model predicted seaNery high-risk areas at
5.51%, high risk at 15.58%, moderate risk at 5.38%, risk at 4.47%, and very
low risk at 69.09%.
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INTRODUCTION

Landslides are a common natural disaster that ectue to heavy rainfall, flooding, earthquakes, and
human activities, and they primarily affect devéhgpcountries (Carrion-Mero et al., 2021). This
phenomenon results in significant loss of life dimé&ncial damages, with the most severe impacts
seen in mountainous regions. From 1995 to 2014, 8\876 landslides were reported, resulting in
numerous injuries and fatalities (Haque et al, 2018 mitigate the effects of these disasters,torga
landslide susceptibility maps is of great imporanédopting effective measures to prevent and
reduce damages associated with landslides is trieloping landslide susceptibility maps is a
common countermeasure to minimize the consequentetandslides, illustrating the spatial
distribution of potential landslide occurrencesamarea based on geographical conditions (Merghadi
et al, 2020). These susceptibility maps are vials used by decision-makers to formulate reduction
strategies for future disasters (Achu et al., 2028gy are produced using various methods, inctudin
data mining and statistical techniques, which casish decision-makers in devising mitigation
strategies (Roy et al.,, 2022). Key statistical rodthinclude frequency ratio (FR) and Shannon
entropy (Bhardwaj & Sarkar, 2024), maximum entrgnd weight of evidence (Suhermat et al.,
2024), reliability factor (Juliev et al., 2019) gistic regression (Hemasinghe et al., 2018), mleltip
adaptive regression lines (Chu et al., 2019), aid thining methods such as support vector machines
(Huang et al., 2022), random forests (Sun et 8202, decision trees (Yeon et al., 2010), artificia
neural networks (Salamat et al., 2022), and desmileg (Habumugisha et al., 2022; Azarafza et al.,
2021). This study evaluates machine learning modettuding support vector machines and random
forests, in creating landslide susceptibility mapsorthern Iran. With increasing land use changes
and population, susceptibility to landslides irstrégion has risen. Therefore, the need for apjaiapr
measures to mitigate the damages caused by thesstetis has become more pressing. Overall, the
application of these analyses is vital for effegtiisaster management.

METHODSAND MATERIAL

In this research, the main factors influencing Kidg occurrence were initially identified throutite
study of scientific documents and field visits. Thest significant and influential factors were
categorized into four groups: geological factoith@logical units, distance from faults, and fault
density), climatic and environmental factors (ppéeition, land use, NDVI index, distance from raads
and road density), topographic factors (elevaterels, slope gradient, slope direction, topographic
surface curvature, Topographic Position Index (JRNHd Terrain Ruggedness Index (TRI)), and
hydrological factors (distance from waterways arademvay density, Sediment Transport Index (STI),
Topographic Wetness Index (TWI), and Stream Powaex (SPI)). All factors were then produced in
raster format in the software EVNI 5.6, ArcGIS 10#&hd SAGA GIS, with three common
characteristics: coordinate system (UTM_WGS1984e788), cell size (Pixel size = 12.5 m), and
identical spatial extent. These were subsequentpoited into R in ASCII format for creating the
landslide susceptibility map. Alongside a trainifayer (point layer comprising 155 landslides)
resulting from field surveys and historical datdasfdslides that occurred in the watershed, theyg we
processed in R for modeling. Finally, using Supp@ttor Machine (SVM) and Random Forest (RF)
algorithms, a landslide susceptibility map for ttershed was developed.

RESULTS

The largest area of the basin is covered by miangdtone sandstone, sandy limestone, and minor
conglomerate (951.06 square kilometers) as weltla& gray shale and sandstone, and siltstone
(580.77 square kilometers). The average annuafathin the Tajen watershed is 560 millimeters,
with the highest precipitation occurring in the thern regions of the basin. According to land use
maps, the majority of the basin is covered by defwests (2,183.38 square kilometers) and
agricultural lands (793.64 square kilometers). Witbreasing population and urban development,
road construction in the basin has increased, wikiehsignificant factor in disrupting slope madiésgi
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The elevation range in the basin varies from 34emseto 3,710 meters. Topographically, the basin
features flat (Sari Plain) and smooth areas aldegslevated regions with steep terrain. Slope
gradients range from zero degrees to 58.14 degresgsne areas. Additionally, the largest area ef th
basin (21.72 percent) falls within the 10 to 15+a@egslope class. The northern and northwestern
directions account for the highest percentage @btisin's surface. Final landslide susceptibiligpm
using the random forest model indicate that thérakareas of the basin are the most susceptible to
landslides, and the maps of roads and waterways $ligh susceptibility that is unavoidable. The
results from the Support Vector Machine (SVM) moidelicate a decrease in the very high-risk class
and an increase in the potential for the high-dkss in the basin. According to the SVM model,
elevation classes, rainfall, slope direction, diseafrom waterways, and distance from roads are the
most influential factors in landslide occurrencéhia studied basin.

CONCLUSION

The results obtained from the Random Forest (RFRjahimdicate that the risk classes of very high,
high, moderate, low, and very low cover 19.10% {emjent to 22,437 square kilometers), 17.4%
(9,179 square kilometers), 10.76% (61,461 squdoenkiters), 15.62% (2,670 square kilometers), and
59.26% (2,542 square kilometers) of the basin amspectively. The validation results of the RF
algorithm show that the model's performance dutimgtraining and testing phases were 0.972 and
0.949, respectively, indicating excellent perforeen Additionally, the factors influencing the
landslide sensitivity map include slope directidiistance from watercourses, distance from roads,
slope degree, and the topographic position indekichv are highly significant. The landslide
sensitivity map generated from the Support VectacMne (SVM) model showed that the risk levels
include 5.51% of the basin area (39,236 squarerigters) in the very high-risk class, 15.58% (78,668
square kilometers) in the high-risk class, 5.33%228 square kilometers) in the moderate-risk class
4.47% (11,192 square kilometers) in the low-riskss| and 69.09% (2,964 square kilometers) in the
very low-risk class. The evaluation of this modsbandicates that the AUC value during the tragnin
phase is 0.906 and 0.831 in the testing phase, mnating excellent performance during training and
very good performance during testing. However, 36 model has inferior performance compared
to the Random Forest (RF) model in predicting #malslide sensitivity map.

ACKNOWLEDGEMENTS

The authors express their gratitude to the Gerigeplartment of Natural Resources of Mazandaran
Province - Sari for providing the location of histal landslides in the Tajan basin and for
coordinating the visit.

REFERENCES

References (in Persian)

Darabi Shahmari, S., Saffari, A. (2019). Landskdsceptibility mapping of Dalahoo Mountains usindex of Entropy and
Logistic Regression model. Journal of Spatial AslyfEnvironmental Hazards, 6(2), 165-18@p://jsaeh.khu.ac.ir/article-1-
2401-fa.html[In Persian].

Darvishi, Y., Moosavi nadoshan, S.M. (2023). Spadisalysis of landslide susceptibility in rural andban areas using
climatic and topographic indicators (Case studyuriwtaries of Gorgan city in Zarrin Gol watershed)eo@raphical
Engineering of Territory, 7(2), 333-350ttps://doi.org/10.22034/iget.2023.14799i8 Persian].

Karami, F., Bayati Khatibi M, Kheirizadeh, M., Mdldni Asl, A. (2020). Evaluation of Performance afpport Vector
Machine Algorithm in Landslide Susceptibility Zoginin Ahar-chai Basin. Journal of Geography and Emmental
Hazards, 8(4), 1-1'https://doi.org/10.22067/geo0.v8i4.832BA Persian].

Sepahvand, A., Beiranvand, N. (2024). Landslideceptibility mapping using various soft computingtieiques (Case
study: A part of Haraz Watershed). Water and Soilankgement and Modelling, 4(2), 261-278.
https://doi.org/10.22098/mmws.2023.12678.1 63 ersian].

Tablebi, A., Nafarzadegan, A., Malekinezhad, H.1@0 A Review on Empirical and Physically Based Mitidg of Rainfall
Triggered Landslides. Physical Geography Reseattfif0), 45-64.https://jphgr.ut.ac.ir/article 21521.html?lang=fén
Persian].




Journal of Natural Environmental Hazards, Vol.B$uke 45, September 2025 32

Zakerinejad, R., Kahrani, A. (2023). Assessment @othparison of CART and TreeNet models to LandsBdeceptibility
Mapping using SPM Software and Geographic Inforamitbystem (GIS), (Case study: Kameh Watershed,h8outof
Isfahan Province). Journal of Natural Environmehtakards, 12(37), 17-38ttps://doi.org/10.22111/jneh.2023.42304.1904
[In Persian].

References (in English)

Abedin, J., Rabby, Y. W., Hasan, I., Akter, H. (QD2An investigation of the characteristics, causesl consequences of
June 13, 2017, landslides in Rangamati District dbastesh. Geoenvironmental Disasters, 7, 1-19.
https://doi.org/10.1186/s40677-020-00161-z

Achu, A. L., Aju, C. D., Di Napoli, M., Prakash,,FGopinath, G., Shaji, E., Chandra, V. (2023). MaeHearning-based
landslide susceptibility modeling with emphasis amcertainty analysis. Geoscience Frontiers, 14(B)1657.
https://doi.org/10.1016/j.9sf.2023.101657

Ado, M., Amitab, K., Maji, A. K., Jasska, E., Gono, R., Leonowicz, Z., Jesi, M. (2022). Landslide susceptibility
mapping using machine learning: A literature sunkRgmote Sensing, 14(13), 302&ps://doi.org/10.3390/rs14133029
Althuwaynee, O. F., Pradhan, B., Park, H. J., Lkel. (2014). A novel ensemble bivariate statisteadential belief
function with knowledge-based analytical hierarginpcess and multivariate statistical logistic regien for landslide
susceptibility mapping. Catena, 114, 21-8ips://doi.org/10.1016/j.catena.2013.10.011

Azarafza, M., Azarafza, M., Akgun, H., Atkinson, R1., Derakhshani, R. (2021). Deep learning-baseutidbde
susceptibility mapping. Scientific reports, 1124112 .https://doi.org/10.1038/s41598-021-03585-1

Beven, K. J., Kirkby, M. J. (1979). A physicallydsal, variable contributing area model of basin blgdyy/Un modéle a
base physique de zone d'appel variable de I'hygieldu bassin versant. Hydrological Sciences Jdu#1), 43-69.
https://doi.org/10.1080/02626667909491834

Bhardwaj, D., Sarkar, R. (2024). Landslide sustdfiti mapping using probabilistic frequency ratad Shannon entropy
for Chamoli, Uttarakhand Himalayas. Iranian Joumfabcience and Technology, Transactions of Civigigeering, 48(1),
377-395 https://doi.org/10.1007/s40996-024-01509-3

Bogaart, P. W., Troch, P. A. (2006). Curvaturerdistion within hillslopes and catchments and ffee on the hydrological
response. Hydrology and Earth System Sciences),19¥6-936 https://doi.org/10.5194/hess-10-925-2006

Carrion-Mero, P., Montalvan-Burbano, N., Moranted@zdlo, F., Quesada-Roman, A., Apolo-Masache, B02(2.
Worldwide research trends in landslide scienceerhational journal of environmental research anblipthealth, 18(18),
9445 .https://doi.org/10.3390/ijerph18189445

Chu, L., Wang, L. J., Jiang, J., Liu, X., Sawada, & Zhang, J. (2019). Comparison of landslide spsibility maps using
random forest and multivariate adaptive regressjgine models in combination with catchment mapgsunGeosciences
Journal, 23, 341-35%ittps://doi.org/10.1007/s12303-018-0038-8

Cortes, C., Vapnik, V. (1995). Support vector nekso Machine Learning, 20(3), 273-297.
https://doi.org/10.1007/BF00994018

Cui, K., Lu, D., Li, W. (2017). Comparison of latide susceptibility mapping based on statisticalex certainty factors,
weights of evidence, and evidential belief functiomodels. Geocarto International, 32(9), 935-955.
https://doi.org/10.1080/10106049.2016.1195886

Grabs, T., Seibert, J., Bishop, K., Laudon, H. @0Modeling spatial patterns of saturated areazofparison of the
topographic wetness index and a dynamic distributetbdel. Journal of Hydrology, 373(1-2), 15-23.
https://doi.org/10.1016/j.jhydrol.2009.03.031

Gray, D. H., Sotir, R. B. (1996). Biotechnical asdil bioengineering slope stabilization: a pradtigaide for erosion
control. John Wiley & Sons. 400 pages.

Habumugisha, J. M., Chen, N., Rahman, M., IslamMV].Ahmad, H., Elbeltagi, A., Sharma, G., LizaNSand Dewan, A.
(2022). Landslide susceptibility mapping with deepearning algorithms. Sustainability, 14(3), 1734.
https://doi.org/10.3390/su14031734

Haque, U., Da Silva, P.F., Devoli, G., Pilz, J.,adhB., Khaloua, A., Wilopo, W., Andersen, P., [Ri, Lee, J. and
Yamamoto, T. (2019). The human cost of global wagnDeadly landslides and their triggers (1995-20%4ience of the
Total Environment, 682, 673-684ttps://doi.org/10.1016/j.scitotenv.2019.03.415

Hemasinghe, H., Rangali, R.S.S., Deshapriya, NSamarakoon, L. (2018). Landslide susceptibilityppiag using logistic
regression model (a case study in Badulla Distri€i Lanka). Procedia Engineering, 212, 1046-1053.
https://doi.org/10.1016/j.proeng.2018.01.135

Hong, H., Liu, J., Bui, D.T., Pradhan, B., AcharyaD., Pham, B.T., Zhu, A.X., Chen, W. and AhmadBB(2018).
Landslide susceptibility mapping using J48 Decisiore with AdaBoost, Bagging, and Rotation Foresteenbles in the
Guangchang area (China). Catena, 163, 3994#fs://doi.org/10.1016/.catena.2018.01.005

Huang, W., Ding, M., Li, Z., Zhuang, J., Yang,L},,X., Meng, L.E., Zhang, H. Dong, Y. (2022). Affieient user-friendly
integration tool for landslide susceptibility mapgibased on support vector machines: SVM-LSM toalRemote Sensing,
14(14), 3408https://doi.org/10.3390/rs14143408

Juliev, M., Mergili, M., Mondal, 1., Nurtaev, B.,ufatov, A., Hibl, J. (2019). Comparative analydistatistical methods for
landslide susceptibility mapping in the Bostanlikstiict, Uzbekistan. Science of the total environines53, 801-814.
https://doi.org/10.1016/j.scitotenv.2018.10.431




33 Evaluation of Random ForestdaBupport Vector Machine ...

Kanwal, S., Atif, S., Shafig, M. (2017). GIS-badsleddslide susceptibility mapping of northern areésakistan, a case
study of Shigar and Shyok Basins. Geomatics, Nhturblazards and Risk, 8(2), 348-366.
https://doi.org/10.1080/19475705.2016.1220023

Kavzoglu, T., Colkesen, I., Sahin, E. K. (2019).d/ime learning techniques in landslide susceptybitiapping: a survey
and a case study. Landslides: Theory, practicenadkling, 283-301https://doi.org/10.1007/978-3-319-77377-3_13

Kim, J. C,, Lee, S., Jung, H. S, Lee, S. (201&ndslide susceptibility mapping using random forasd boosted tree
models in Pyeong-Chang, Korea. Geocarto internaki@3(9), 1000-101%ttps://doi.org/10.1080/10106049.2017.1323964
Lacasse, S., Nadim, F. (2009). Landslide risk assest and mitigation strategy. Landslides—disass&rreduction, 31-61.
https://doi.org/10.1007/978-3-540-69970-5_3

Le, X. H., Eu, S., Choi, C., Nguyen, D. H., Yeon,,NMee, G. (2023). Machine learning for high-resiolu landslide
susceptibility mapping: case study in Inje Countgputh Korea. Frontiers in Earth Science, 11, 126850
https://doi.org/10.3389/feart.2023.1268501

Merghadi, A., Yunus, A.P., Dou, J., Whiteley, JhaiPham, B., Bui, D.T., Avtar, R. and Abderrahma®e(2020). Machine
learning methods for landslide susceptibility stésdiA comparative overview of algorithm performang&arth-Science
Reviews, 207, 103226itps.//doi.org/10.1016/j.earscirev.2020.103225

Moore, I. D., Burch, G. J. (1986). Sediment tramspapacity of sheet and rill flow: application wfit stream power theory.
Water resources research, 22(8), 1350-1360.

Nefeslioglu, H. A., Duman, T. Y., Durmaz, S. (200Bandslide susceptibility mapping for a part oftemic Kelkit Valley
(Eastern Black Sea region of Turkey). Geomorphal®dy3-4), 401-418https://doi.org/10.1016/j.geomorph.2006.10.036
Obuchowski, N.A., Bullen, J.A. (2018). Receiver mgieng characteristic (ROC) curves: review of methavith applications
in diagnostic medicine. Physics in Medicine & Bigyp 63(7), 07TRO1https://doi.org/10.1088/1361-6560/aab4b

Reily Shawn, J., DeGloria Stephen, D., Elliot Rapér. (1999). Terrain Ruggedness Index That QuigstiTopographic
Heterogeneity. intermountain Journal of Sciencé;4( 23-27.

Robin, X., Turck, N., Hainard, A., Tiberti, N., lasek, F., Sanchez, J. C., Miiller, M. (2011). pR&tCopen-source package
for R and S+ to analyze and compare ROC curves. Bidihformatics, 12, 1-8https://doi.org/10.1186/1471-2105-12-77
Roccati, A., Faccini, F., Luino, F., Ciampalini, ,ATurconi, L. (2019). Heavy rainfall triggering sloav landslides: A
susceptibility assessment by a GIS-approach in gurlan Apennine Catchment (ltaly). Water, 11(3),5.60
https://doi.org/10.3390/w11030605

Roy, P., Ghosal, K., Paul, P. K. (2022). Landsdsceptibility mapping of Kalimpong in Eastern Hleyan Region using a
Rprop ANN approach. Journal of Earth System Scieh8#(2), 130https://doi.org/10.1007/s12040-022-01877-2

Schmidt, J., Evans, I. S., Brinkmann, J. (2003)m@arison of polynomial models for land surface atmve calculation.
International Journal of Geographical Informatiane®ce, 17(8), 797-814itps://doi.org/10.1080/13658810310001596058
Selamat, S. N., Majid, N. A., Taha, M. R., Osman(2022). Landslide susceptibility model usingfaigél neural network
(ANN) approach in Langat river basin, Selangor, &ala. Land, 11(6), 838itps://doi.org/10.3390/land11060833

Sihag, P., Singh, V. P., Angelaki, A., Kumar, Vgpahvand, A., Golia, E. (2019). Modeling of infiltion using artificial
intelligence  techniques in  semi-arid Iran. Hydrabedy Sciences  Journal,  64(13), 1647-1658.
https://doi.org/10.1080/02626667.2019.1659965

Suhermat, M., Sugianti, K., Yunarto, Y., Kumoro, Yur, W. H., Sukristiyanti, S., Lestiana, H. (202Effectiveness of
Landslide Susceptibility Mapping Using the Maxim&ntropy Model and Weights of Evidence Modellinglre Kuningan
Regency, West Java, Indonesia. Rudarsko-geoloskoizhornik, 39(3), 27-42nttps://doi.org/10.17794/rgn.2024.3.3

Sun, D., Xu, J., Wen, H., Wang, Y. (2020). An optied random forest model and its generalizatiotitpbn landslide
susceptibility mapping: application in two areasTofee Gorges Reservoir, China. Journal of Earter8e, 31, 1068-1086.
https://doi.org/10.1007/s12583-020-1072-9

Tuyen, T. T., An, T. T., Van An, N., Ha, N. T. Man Luong, V., Ha, V. T. T. (2024). Integrating Reta& Sensing, GIS, and
Machine Learning Approaches in Evaluation of LaitlisISusceptibility in Mountainous Region of Nghe Rnovince,
Vietnam. In IOP Conference Series: Earth and Enwirental Science, 1345(1), 0120Q&tps://doi.org/10.1088/1755-
1315/1345/1/012008

Weiss, A.D. (2001). Topographic Positions and Lanais Analysis, ESRI International User Conferei®am Diego, CA, 3,
9-13.

Yeon, Y.K., Han, J.G., Ryu, K.H. (2010). Landslglesceptibility mapping in Injae, Korea, using aisien tree.

Engineering Geology, 116(3-4), 274-288ps://doi.org/10.1016/j.engge0.2010.09.009




@@ st Buno & sblive

FIYT-£7A0 : o9 Tl LLY  FAYT-ETYY i ol> LY
. Homepage: https://jneh.usb.ac.ir

VFof st F 2l ojlos (FO o )lods IF 090 (crumb dxo Ol jble cidg}y sodke alxo

Cawlud> 44l dgd 30 Gl 418 33 Lilo 3 (L S S0 L3
(U993l Q! 6120 4S9 259 90 alllae) 3 e

Ty et o b S 00ljolag ()8 (T Ggmgo Ly s ! (GF10lu dpos s

™ Ggula zls g Syskas f5l.c Kasls ‘u;x.u.'o @L;.,o caSlasls ‘6)“5}:’.”.] JEERReERY 09,5 “5)L>J'¢_'5LJ GASS seziidls )

(J}i.....n o_xl.miy') L;)L“’ &5"‘"‘,9 @L.,o 9 6})5LZS |°51'° oKiils ‘GLHJG @L.,o cusiisls s

Sl sul waige 09,5 JLoliwl Y

6)Lg &5"‘"‘,9 @L.,o 9 L;})SL‘:S |°51'° oKislo ‘wlc @L.,o saSiisle “5)1%,:_’5;!1 (g 05; )L..M.Ja Y
Gl b w5 (55,5LaS psle olRKzils o rndo molio caSiasls (8,8 ] iy 09,5 e g g pole (6,550 wisgol guils . F

v

Ao OleMb|

Gblos 10 ey Co i 6l dute 6)l5l edile (S0l Sl oolaiwl b h3s) ey Conlis 4l ags
GrSob b oo adg> j0 (i) ) Gl 4l ays dalllas cpl Bos ol oaydy (pl 4 dxiiess
ool e onlidiney Jolse aiibs Sz )3 A5ime) £989 50 Spe Jole T jslane o ol (ble
SAGA GISENVI 5.6 o l58la 5 55 il s 5 lolids (Sojglsynes 5 S5 « oo 5
oY 4 ArcGIS 5 5 cus aiadome; 10O cuxdge (sloawe lasus;b b .as ags ArcGIS
Aad R l58le 5 0y ((c390] 4Y) slalais aY g ASCIl cw 3 b Jolge adS wios Jros glalais
V) lools 5l oy 70 ‘RF)) solas S SVM) ol Hlop il sla Jae uia)'yoi &ly
as ol las ROC imeis U RF Jow b)) o oolictal (axdly $8) auojo Yo (yg05] (sl g (axdly
olis RF Jos cledlbl ol 08,5 S 1y oype3l 5 Uizl dolpe 50 +/AF 5 /AVY (claopoi
L 5 s 4,5 sl ) ALols canly] 5] Al et g Jold Jalye a5 550 o abd s
g ddg> 0 0L Cowlus il sl as ols las SVM Jus s e S5 05 Condge
a5 ols lzs SVM Jae s el casay <AYY 5 +/4+F Ci5a AUC @l 5 el RF )
Jelse 550 ol s ity RF Jaw (i 0 G o9 50 0l coli dils iy
Al e oolr jl alold 5 anl ]l alols ol caz (Sub (o)l il Jols SVM Jos (o
O 558wy Sl A8E i 0 ders (60,Skee RF Jow b awslis ,0 SVM Jus
Logie (LENY) ol /VNVR) ob; L3 cipa RE Joo jo jhs mhe gonaies @b
i 55 SYM a5 ol adg> colas 5 (/OAIYS) o5 L 5 (LVOIFY) o5 (/) - IV9)
bsloes TP+ oS s 5 TEIEY oS JONY Lusgie JABIOA o3 JOMBY sb; b lil ages

Ll 00

gy Al o g4

VE-Y/VITY el yo du,l

VEX QY gl g f )6

VRSV VY by g,

(gl slaojly

S50k slaps (A e
el ase> AUC (il

5 olay Ko sl Jow ol OV FF) L s s L, 5 5,8 L 1S 00ly Clag, laey S s gwse 5 duam S Sloles bl
FONY b Lo Ol b (055l Gl (oyow ads> 169,50 asdllas) (i3] (yao) Gl 4l angs ;o Loty Jloy pile
DOI: 10.22111/jneh.2025.50031.20Ft-v¢

logy s LS o0liolng (b3 s gmgn (Lo, dew ( Sole e i ©

Ol 5L 3 QL.M' e olKisls :}.J)LS

Email: srmmousavi@sanru.ac.ir (g 005 9) (Sgmrge b,y dumw =¥



VPP e F by o)l (FO o)Lt OF 055 ¢ and James ol blea e

doddo

& Sl glacdld iy (O ol Gla )b Jdo & &5 cwul il (ormbo SO 51 (5o ey G253
odmdy (ol (Ve TY (ol LSten 5 9,00592)5) wa0 00 )3 b Cod | dnng Jlo 50 (sloyglS jiion g w03 oo
Sz 35910 )b 1) ol ttn SliasS Gblie o g 09 o0 5oL Jbo il 5 Sl Slil g
sl sLn 555 § e o] s 45 sl o L3155 i3 ime 90 YAVE 5l i T+ 1 F L1890 5l a8
Sl (533 e Gl gloaids ags WL cpl SIS ol jghate 4y (V1] o)) Se 5 Sla) cenl 004
et <l ot ot G353 o b e sl 25 8IS 5 Sk sl e e, U615 (5ol
S a5 oo lid (3 (e slovsly (2l sl gl Jlie pl Sy 053 e Sl 4l
Lo adi (Vo7 (o )5ea g ol o) Cunl (Qldliae banmme (bl adlate S 5o (2530 e (Jleiol £63
Sl S Lol pl 3561 6l GBS el Ly o aits Sh> slo Il (5530 ey Sl
SLabe, et seyite (slobs, g 4 laaidi ol (VYT (Kb 5 521) digd oo oalital ouiy] L3
S8 Slagag 2alS slas il il (e )0 QNS mreal 4 wilgie 5 Wsd oo g s lel 5 sl 0l
5 El50,l) 03l (55T 5 FR) Glslyd cod ol e (5Ll (slaiag, (V- YY ol Sem 5 (59,) aiS
(Y18 o) San g i) limedsl Lol Y+ YF o] Sam g loymgms) Al (335 5 mpays] fiShas oY+ V¥
(VN GhlSen 5 52) asllain (edal g )55 bolas (VA () Sen 5 aSirnlon) St g 5
S 5 ) ol LSz (¥ VY (LS g Silgo) ooy oy comblo Jolis (slS o0ls (gla b,
650l 5 (VoTY (olLSea 5 cdlw) (ogiman (orae a0 (Vo) - ol 5 (92) el &350 (V- V-
corile 68l glaJon byl @ anllas ol (Y- TY ool San g 133U Y- YY (o Kad 5 LS sapla) uac
Lt o558 zime ol Jlacs 3 3530 (s ol 4555 3 s ol S 5 oty ot cotle s
D978 einlpl Sl Al (Al el Gl 5o Bline) 4 Comlas amez 9 o) )5 Sl 18
ookl (IS 15l &y 35 o bl s 51 o W ol 51 ol (glacs )l 2l gl conlie yeslas Sl
el 5 ol 5l cbla> an Wlgs oo san] slasi el p g A cilon 4o (o3 o) Camlus sloasds |

IS SaS solazl g elain] o lus ualS g bl

b g, g ool
ol 585 50 Joe Jolse (e Shme sloayajl plil b g ale sliwl addllas bl rmgsy cnl o
sloamly) lisieey delse Jols atws Sz 5o Wl (nifhe 5 e 0S5 e
Fakals NDVI (a3ls (ol 62,8 (( Sai)l) (e g (ooelll ((JuS o515 9 JuS 5l alold ( oulids S
0Pl (IS g mhw bl ccad Cuzwcad ke (eli)l Slik) (SIS 960 Loslr o159 ool
23l walnl o515 5 anlpl 5l alold) (Sisglsiaee 5 (TRI) sy sls00l aslis 5 (TP (31,5555 ooy
WS s 0D Gl (SPI) ol > 08 a3l 5 (TWI) 315055 casb, (a5li (ST G, Lo
Pixel) Jslo o5l (UTM_WGS1984_Zone_30nlaises 5 ygad pipms ol S jiiie Sing 4w b Jolse



Yo L ARE ag 53 Olity s e s ol K sadite U5

5 ArcGIS 10.8.EVNI 5.6 sla )l 38ls 5 10 (g i, Cuo,d b LSS (EXtend SG58 olel 4 (Size = 125 m
O NS )y RI58Ie 5 ay (5sd ey Sl ads ags sl ASCIl Co b 4y e 5 9 Jg5 SAGA GIS
ol lrosls 5 Sl slacils,y Jols a5 (Losa) ey VOO Jolis glakais YY) ijeel Y ol pop 4
Sheolainl b plolw ol RO o5 oly (g5ludon lp wblgo assm j0 ool 7, slogbisd iy
A ass> 40 o e Camles 4z (RF) Solay K> 3 (SVM) iy by ile slagi 63

VY

WP Sz eSS 5 (o8 Sl S (Sol S anle (il slasin 1) asg> gl (i
el ools olaiSl 093 4 (g0 faghS BALIYY) 025 (6 puS B (ginnithow « S anle 9 Jo 5 (@20 ok
St (P15 50 Gl Ol it o WBlie adhee OF 0 3 il adge Al bgie S5k Gl
VIAYTA) oSlie gloSix |, ader mhw ooy woh) @m)lS ais olul 5 ado o ¢, dds>
dolivg; g Loy dxwgi g Comax (l Bl b ol oilisy (@ ye oghsS VAYIFY) (55)5liS” (31 g (@ p oS
sogamme il o claiels olgs pjemy 43 sage ele 4 sl Al il L 5y50 ddem 5o (ojlwesls
s ol ase a0 50 S il bl e TVVe b oYF oy ades o olis,) Ol s
a0 e pcd Gliee S5k 1318 9929 Wl (SIS shls 5 @iy Gblie U lgen 5 (55l )
(0o YIVY) adgm b (pp s Cywimads ansl odline LB azy0 OANE b gblie 5y 40 5 42y0 yio
S9> |y adg> mhaw o s (i 8 o Jled g Jled slacgzr o)l 18 a0 VN0 cud aib o
Sl @bl a5 ols plas (Bolas Kz Jae b (2530 () €589 4 Sl 2l sloasis losls olais
Byt o3 Sl o panlpl 5 ool 4l 5w (553 (o) 985 & Sl (i )l a0g>
b Jouily (MlBl g ol (bt b il pals Klo (SVM) platsy jlop edle Jue gl cul Sl
S alols g anlyl 5l alold o gz (S0l (eelis,) Slid SVM Jao elol 5 sl adg> 4o ol s

Dbl oo anlllas 8,90 Adg> )0 (ia) e £989 10 Jalse (ke cola

NN iy a oS s 5 o5 chawsin ol ol s b olib oS canl Sl RE Jos 5l Jol> ol
TNBIEY (g0 yoshS FEVIEN) /N INE (poy0 yioghS VYA Q) TENY (mo 0 yieglS FYVIVY  Jolas)
o yle] bl s o e |y adem s | (my0 yeglS YOTY/<£) 10/YF o (moy0 yoghS £V /4 Y)
SAFR 5 JAVY G5 Gae] 9 Ghygel A ge 0 Jow o Slee a5 s oo 5Lis (RF) Solas Kz v ,6X
ol (o3l ieny 58 Comslu 4B agd )0 5o Jolse (mizpen ol ()] (e 3 yShes oaiaslis oS 0oy
5,10,9% 5 oYU Coeal 5l BT 555 Cumbae a3l g o ax 0 ol 5l alols anl ]l alols wood cg



VPP e F by o)l (FO o)Lt OF 055 ¢ and James ol blea s

v 0o, 010 Jolss oo Hhs lab mhaw aS ol lis SVM Jos 5l ol (553 ey Sl 4
QIYY wbj aads )0 (@0 yweghS FEAIVA) 2o 0 VOIOA b L5 s adls )0 (m 0 el S YYF/IVA) abg>
do, FAR 5 oS aib 10 (ro e oS VAY/VY) woyo TITY davgie adlo ;o (a0 sk YYA/VY) oo

19 AUC e a5 amsso ol 55 Joe o2l i) iyl S5 oS Ls s diels 1 (pyoyioshsS YASE/-+)
s.)9> LSLO 9 ()”)9“’—‘ 4.l>).a ) L;”.C QJS.Lo.c OMOQL{ZJ aS el < IAY Q?A)] 41.>).a 9 AR u».:)ya—‘ 4.1.>).a

3 Ghams oSl (RF) Jolay K> Jow L awslie ,0 SVM Jow (b opl b cal faesl al> 0 yo

Ol Gl ey Sl ALE ot

&l

Achu, A. L., Aju, C. D., Di Napoli, M., Prakash,,RGopinath, G., Shaji, E., Chandra, V. (2023). MaeHearning-based
landslide susceptibility modeling with emphasis amcertainty analysis. Geoscience Frontiers, 14(B)1657.
https://doi.org/10.1016/j.9sf.2023.101657

Azarafza, M., Azarafza, M., Akgun, H., Atkinson, R1., Derakhshani, R. (2021). Deep learning-baseutdbde
susceptibility mapping. Scientific reports, 11(24.112.https://doi.org/10.1038/s41598-021-03585-1

Bhardwaj, D., Sarkar, R. (2024). Landslide sustditi mapping using probabilistic frequency ratad Shannon entropy
for Chamoli, Uttarakhand Himalayas. Iranian Joumfabcience and Technology, Transactions of Civigigeering, 48(1),
377-395 https://doi.org/10.1007/s40996-024-01509-3

Carrion-Mero, P., Montalvan-Burbano, N., Moranted@zdlo, F., Quesada-Roman, A., Apolo-Masache, B02(2.
Worldwide research trends in landslide scienceerhational journal of environmental research anblipthealth, 18(18),
9445 https://doi.org/10.3390/ijerph18189445

Chu, L., Wang, L. J., Jiang, J., Liu, X., Sawada, & Zhang, J. (2019). Comparison of landslide spsibility maps using
random forest and multivariate adaptive regressigime models in combination with catchment mapsurseosciences
Journal, 23, 341-35%¢ttps://doi.org/10.1007/s12303-018-0038-8

Haque, U., Da Silva, P.F., Devoli, G., Pilz, J.,adhB., Khaloua, A., Wilopo, W., Andersen, P., [Ri, Lee, J. and
Yamamoto, T. (2019). The human cost of global wagnDeadly landslides and their triggers (1995-20%4ience of the
Total Environment, 682, 673-684ttps://doi.org/10.1016/j.scitotenv.2019.03.415

Hemasinghe, H., Rangali, R.S.S., Deshapriya, NSamarakoon, L. (2018). Landslide susceptibilityppiag using logistic
regression model (a case study in Badulla Distri€i Lanka). Procedia Engineering, 212, 1046-1053.
https://doi.org/10.1016/j.proeng.2018.01.135

Huang, W., Ding, M., Li, Z., Zhuang, J., Yang,LJ,,X., Meng, L.E., Zhang, H. Dong, Y. (2022). Affieient user-friendly
integration tool for landslide susceptibility mapgibased on support vector machines: SVM-LSM toalRemote Sensing,
14(14), 3408https://doi.org/10.3390/rs14143408

Merghadi, A., Yunus, A.P., Dou, J., Whiteley, JhaiPham, B., Bui, D.T., Avtar, R. and Abderrahma®e(2020). Machine
learning methods for landslide susceptibility stésdiA comparative overview of algorithm performang&arth-Science
Reviews, 207, 103226itps.//doi.org/10.1016/j.earscirev.2020.103225

Roy, P., Ghosal, K., Paul, P. K. (2022). Landsdsceptibility mapping of Kalimpong in Eastern Hleyan Region using a
Rprop ANN approach. Journal of Earth System Scieh8#(2), 130https://doi.org/10.1007/s12040-022-01877-2
Selamat, S. N., Majid, N. A., Taha, M. R., Osman(2022). Landslide susceptibility model usingfaigél neural network
(ANN) approach in Langat river basin, Selangor, &ala. Land, 11(6), 838itps://doi.org/10.3390/land11060833

Sihag, P., Singh, V. P., Angelaki, A., Kumar, Vgp@hvand, A., Golia, E. (2019). Modeling of infiltion using artificial
intelligence  techniques in  semi-arid Iran. Hydrabedy Sciences  Journal,  64(13), 1647-1658.
https://doi.org/10.1080/02626667.2019.1659965

Suhermat, M., Sugianti, K., Yunarto, Y., Kumoro, Yur, W. H., Sukristiyanti, S., Lestiana, H. (202Effectiveness of
Landslide Susceptibility Mapping Using the Maxim&ntropy Model and Weights of Evidence Modellinglre Kuningan
Regency, West Java, Indonesia. Rudarsko-geoloskoizhornik, 39(3), 27-42nttps://doi.org/10.17794/rgn.2024.3.3
Sun, D., Xu, J., Wen, H., Wang, Y. (2020). An optied random forest model and its generalizatiotitpbn landslide
susceptibility mapping: application in two areasTofee Gorges Reservoir, China. Journal of Earter8e, 31, 1068-1086.
https://doi.org/10.1007/s12583-020-1072-9

Yeon, Y.K., Han, J.G., Ryu, K.H. (2010). Landsl&lesceptibility mapping in Injae, Korea, using aisien tree.
Engineering Geology, 116(3-4), 274-288tps://doi.org/10.1016/j.engge0.2010.09.009






