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Extended Abstract

Background: Landslides are one of the most important geomorphological hazards in Iran. The
heavy human and financial losses of landslides (damage to villages, roads, infrastructure, farms,
and human casualties) have doubled the importance of studying them. For this reason, accurate
knowledge of landslide areas that have occurred in the past and identification of areas with high
susceptibility to landslides can be of great help in reducing the damage caused by this
phenomenon. In recent decades, machine learning has received serious attention as a powerful
tool in earth sciences, especially in the study and prediction of landslides. Machine learning can
predict which areas or zones are prone to landslides based on historical data (past events).
Compared to conventional methods such as multi-criteria decision-making, the advantages of
machine learning include high processing speed, higher accuracy, flexibility, and lower cost. The
Chalus Road is one of the busiest and most dangerous roads in Iran. Landslide investigation on
Chalus Road is of great importance. The reasons for this importance can be summarized in several
main axes: life and financial safety, economic and tourism importance, specific geological and
climatic conditions of the region, and environmental problems. Machine learning can identify
high-risk areas, predict the probability of landslide occurrence, improve life safety, reduce
economic losses, and improve crisis management. Therefore, the aim of this study is to investigate
the landslide susceptibility in one of the watersheds of Chalus Road (Sira Watershed).

Methods: The Sira Watershed on the Chalus Road is located in the northwest of the large
watershed of the Karaj Dam basin. There is a total of six villages with 762 households and 1904
people in the watershed. First, landslide areas at the watershed level were identified using the
database available at the General Directorate of Natural Resources and Watershed Management
of Alborz Province, and the interpretation of aerial photographs. Then, extensive field visits were
used at the watershed level to match and verify the identified points. Finally, 56 landslide points
were verified based on field visits. The final and confirmed landslide points were divided into two
parts: training and validation, in a ratio of 70 to 30 percent for modeling. Next, 10 important
factors affecting landslide susceptibility were used to zone landslide susceptibility, including
altitude, slope, distance from stream, distance from road, curve number, soil hydrological groups,
lithology, land use, and the topographic wetness index. Next, the random forest method was used
in the R software to determine landslide susceptibility. The random forest method is one of the
powerful supervised ensemble machine learning algorithms used for classification and regression
problems. In this study, the model efficiency was evaluated in the training and validation stages
using the receiver operating characteristic (ROC). Then, the landslide susceptibility map was
classified into five classes with very low, low, moderate, high, and very high sensitivity based on
natural breaks in ArcGIS software. Finally, the area and percentage of each landslide
susceptibility class were evaluated in the entire watershed and separately for rural areas, and their
prioritization was done based on the area of high and very high landslide susceptibility.

Results: About 25.7 percent of the Sira watershed (1943 hectares) of the total 7,608.7 hectares
shows high and very high landslide susceptibility, which indicates the high importance of
landslide stabilization in the watershed. The model efficiency in the training and validation stages
using the ROC curve was 0.921 and 0.904, respectively, which indicates the excellent
performance of the model and the dependability of the model results. The two villages of Aygan
and Avizar, each with 39% of the village, are exposed to high and very high landslide
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susceptibility. Kalvan and Kalha villages are 7% and 16% susceptible to landslides, respectively.
However, Sira village, with 73.5% of the village area, is exposed to high and very high landslide
susceptibility and is the most important village in the watershed in terms of landslide resilience
measures. In total, 675 households with a population of 1700 in the villages in the watershed are
exposed to landslide susceptibility. It should be noted that there is a total of 333 landslide zones
with an area of more than 1 hectare, equivalent to 1393 hectares, in the Sira watershed.
Conclusion: This study has provided a valuable tool for planners and crisis managers by
providing high-precision landslide susceptibility maps. The findings show that combining
machine learning with spatial data can revolutionize the prediction of natural hazards, especially
landslides. To achieve practical results, however, cooperation between government institutions,
academia, and local communities is essential to implement sustainable solutions. This research is
an effective step toward reducing natural hazards by combining modern technologies and spatial
analysis, and can be used as a model for other similar areas in Iran.
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Table 1. Factors used in the research and their preparation methods

ARd 9)
Method

(2e) Jols

Factor

Alos Palsar o)lgale jl 9 ¥ ¢ ol (slmodls oS5
Alaska radar database and from Alos Palsar satellite

ArcGIS l8le 5,5 (ol 098y Jao ool y
Based on DEM in ArcGIS software
ArcGIS jlj8ls 5 ,> Euclidean distance gl
Euclidean distance function in ArcGIS software
olidne 4sd bl
Based on geological map
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SAGA GIS )l)ﬁlP)J 3 ‘SCLQ))I ‘5095) JAA U\ALA‘ »
Based on DEM in SAGA GIS software

ArcGIS 138l 5 )5 (igm )55 (95 9 39290 rolRiual 4Vl (S5 (5:S0ke (polsl
Based on annual average rainfall of existing stations and regression method in ArcGIS

software
e 0)led o)
Curve number method
SB sl asas ol 5
Based on soil texture map

(e )] =)l (098 Jo
Digital Elevation Model (Elevation, m)
(Ao y3) s
Slope (percentage)

(520) o3l> g anlpl 5l alols
Distance from stream and road (m)

Myeeses oo L (39d5ad) (lid S
Lithology at scale 1/100,000
VARREED u"L‘“’ L u‘”'l)‘ d)e)lf

Land use at scale 1/100,000

TWI
Topographic Wetness Index
(odkse) (S (S
Average Rainfall (mm)

CN
Curve Number

SB (Siderim sleog)S
Soil hydrological group
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Figure 3. Factors used to determine landslide susceptibility
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Figure 4. The landslide susceptibility map of the Sira watershed (Random Forest method)
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Figure 5. The classified landslide susceptibility map of the Sira watershed

Ui ome ) Cumlue Slad Colus do)yd g Colue =Y oo

Table 2. The area and percentage of area of landslide susceptibility classes
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Figure 6. Results of the validation of the random forest model
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Table 3. Areas of landslide susceptibility classes in villages located in the Sira watershed (hectares)
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Table 4. Prioritization of villages based on the area and percentage of high and very high landslide susceptibility areas

Colue oy (wlol jr Coglsl Colue ulul p cogdsl Colwe Aoy (HSa) colus L,y
Priority based on area percentage Priority based on area Area (Percent) Area (Hectare) Villag_e
3 2 39.17 1.58 ol
Aygan
2 3 39.32 1.41 239!
Avizar
1 1 73.50 5.28 ')?‘”
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5 5 7.34 0.31 ol
Kalvan
4 4 16.02 1.20
Kalha
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Figure 7. Status of watershed villages and landslide susceptibility in the Sira watershed

4 s & (Dol SR s 65,84 (oimen 28
3fdes oaomn bly) gilude > SIS o,
G dg b.cwl pob iagh gl bla S0 5l ol gy
ol 5 o] Slillas gl holgiiy pils s gl
5 oslitd 5 Sy clode plesl Wloss @l s
253k by oSI L (ANN) (egtan (uac (slaaSed
sl b (Saomn b gblie ) €8 om0 lp Goos
2 (bowd (o380 (Bl sba)lgd wlo) (cwsige sag )b
el i 1o oy (cloelSsSe ol dymo (slig,
Il loas &Bly (S3ime) 9y LIS sl )
sbalis o)l (doxe gali> (Bigel 5 LSl (2
256 il syl lasl loludl g 558 o ol
o g ead ()L 6y sl 5 Lo (il
55 by LS| gy 2 ol 53 g ol s 53T
Gl L adlhae ool (o33l me) Jlad ialjal g s e
byl ol Vb B b 558 o) Camlus laddds
bl .l 03,8 @al)8 Gl lpde 9 Oliyaelin e
S lodly b udle (6,30L 3.8l oS amd o ol
eyt & (b Clbbe ogie » Jed Mg
@l @ pbiwd @l (i cnl b S sbml (2o
e @l g (KL (g bl 5)en ¢ os
8 gk cnl sl (6905 Il sla)Saly 2l
Sl cuS 5 L b bl (alS caz 3 S5
Slr @ plyes Slgi o g Cosl G sl Jidod g cng

235 )1y8 eolazwl Dyg0 ! y> wlie sble ple

References

o S5 e
USis Liile ool Jae 5l odlizl b adlae oyl
ol o3 33 G3lome) G picapmlus b)) & (olas
@l by by, 3blie » ASTL gl o3> )3 |
oj9> Coluwe jl lop YOIV 250> &5 dad o i
bos) 5lj (ke 5 0L Comlus sla w8 ) (LS VAYFY)
(Wt S yoto 059> Lz 5 (26 Jloud (535 po Bble
ailaio cpl ) GBoe) 2P B jlad Sl o 30 1,8
oot (oyme 50 Colus doyd VWO L | (sliwg, .ol
YUY Ji09l labiwgy o 51 e g codld |y Comlus o 5V
YU cds b Jao )5 L5 (a0 YAY) KT g (8o
ol Sl cuuilys (ROC oo bawgs oads ob3)))
S 38 Ll |y pol oo > odlital 3y50 else
Jolge o syt by lolis )3 o] bl onimo Lty
5 lacwd b @bl & o ol s cul e
g oiwloyd o 4 YU ol 5 (o 0 1:Sle)
Lodls 4y (SU035 ymisrod Ldgs (454 dxtue wyid (S
058 s (S el laanll g (lnaels (52 ) (530)
P Sbl S e Cogb, Lasls YL polie b o5l
Rl g Cugb) @S adimd L i (53 (Bblie
5 il 5 oy gabjle didg 3ble cpl > S g)lnl
9 w2 S5gliS 3ble a0le) (ALS Ghdoy 9k slvcme
obeok ©gb bl il 1) coles oyt (G
(ALOS PALSAR) lo lsnlo (sloosls oS 5 45 Jsi

o)l plojen yobdy 2lon slapSe 5 Sl landjl

Achu, A., Aju, C., Di Napoli, M., Prakash, P., Gopinath, G., Shaji, E., & Chandra, V. (2023). Machine-
learning based landslide susceptibility modelling with emphasis on uncertainty analysis. Geoscience
Frontiers, 14(6), 101657. https://doi.org/10.1016/j.gs£.2023.101657.

Asadi Nalivan, O., Rahmani, M., Vakili tajareh, F., & Bayat, A. (2024). Prioritization of factors and zoning
susceptibility of landslide in Karaj Dam Watershed. Watershed Engineering and Management, 16(1),
1-15. doi: 10.22092/ijwmse.2023.357778.1960. [in Persian]

Bednarik, M., Yilmaz, 1., & Marschalko, M. (2012). Landslide hazard and risk assessment: a case study
from the Hlohovec—Sered’landslide area in south-west Slovakia. Natural Hazards, 64(1), 547-575.


https://doi.org/10.1016/j.gsf.2023.101657
http://dx.doi.org/10.61882/jwmr.2026.1324
http://jwmr.sanru.ac.ir/article-1-1324-en.html

[ Downloaded from jwmr.sanru.ac.ir on 2026-07-18 ]

[ DOI: 10.61882/jwmr.2026.1324 ]

B o 9 Olsels sl gl cadle (gge

A gy gblie p ASTL (Solas S o jl oolisal b (358 cpen) Copmilis (siaing

Cao, Y., Wei, X., Fan, W., Nan, Y., Xiong, W., & Zhang, S. (2021). Landslide susceptibility assessment
using the Weight of Evidence method: A case study in Xunyang area, China. Plos One, 16(1), €0245668.
doi.org/10.1371/journal.

Chen, W., Zhang, S., Li, R., & Shahabi, H. (2018). Performance evaluation of the GIS-based data mining
techniques of best-first decision tree, random forest, and naive bayes tree for landslide susceptibility
modeling. Science of the Total Environment, 644, 1006-1018.

Dastranj, A., Karimi Sangchini, E., & Noor, H. (2024). Evaluating the Effectiveness of Machine Learning
Models in Preparing a Landslide Risk Map in the Bar Neyshabur Watershed. Watershed Management
Research, 37(2), 133-147. DOI:10.22092/WMRJ.2023.361650.1531. [In Persian]

Henriques, C., Zézere, J.L., & Marques, F. (2015). The role of the lithological setting on the landslide
pattern and distribution. Engineering Geology, 189, 17-31.

Hong, H., Shahabi, H., Shirzadi, A., Chen, W., Chapi, K., Ahmad, B., Shadman, M., Yari, A., Tian, Y., &
Bui, D. (2019). Landslide susceptibility assessment at the Wuning area, China: a comparison between
multi criteria decision making, bivariate statistical and machine learning methods. Natural Hazards, 96,
173-212.

Hussain, M.A., Chen, Z., Wang, R., Shah, S.U., Shoaib, M., Ali, N., Xu, D., & Ma, C. (2022). Landslide
Susceptibility Mapping using Machine Learning Algorithm. Civil Engineering Journal. 8(2),
doi.org/10.28991/CEJ-2022-08-02-02.

Intrieri, E., Carla, T., & Gigli, G. (2019). Forecasting the time of failure of landslides at slope-scale: A
literature review. Earth Science Reviews, 193, 333-349.

Kirschbaum, D., Kapnick, S.B., Stanley, T., & Pascale, S. (2020). Changes in extreme precipitation and
landslides over high mountain Asia. Geophysical Research Letters, 47(4), e€2019GL085347.

Li, B., Wang, N., & Chen, J. (2021). GIS-Based Landslide Susceptibility Mapping Using Information,
Frequency Ratio, and Artificial Neural Network Methods in Qinghai Province, Northwestern China.
Advances in Civil Engineering, 4758062, doi.org/10.1155/2021/4758062.

Liu, Y., Yuan, A., Bai, Z., & Zhu, J. (2022). GIS-based landslide susceptibility mapping using frequency
ratio and index of entropy. Models for She County of Anhui Province, China. Applied Rheology, 32,
22-33.

Lokesh, P., Madhesh, C., Mathew, A., & Padala Raja Shekar, P. (2025). Machine learning and deep
learning-based landslide susceptibility mapping using geospatial techniques in Wayanad, Kerala state,
India. Hydro Research, 8, 113-126. https://doi.org/10.1016/j.hydres.2024.10.001.

Lyu, H., Yin, Z., Hicher, P., & Laouafa, F. (2024). Incorporating mitigation strategies in machine learning
for landslide susceptibility prediction. Geoscience  Frontiers, 15(5), 101869.
https://doi.org/10.1016/j.gs£.2024.101869

Memarian, H. (2013). Engineering geology and geotechnics. Tehran University Press. 950 p. [In Persian]

Mirus, B.B., Jones, E.S., Baum, R.L., Godt, J.W., Slaughter, S., Crawford, M.M., Lancaster, J., Stanley, T.,
Kirschbaum, D.B., Burns, W.J., Schmitt, R.G., Lindsey, K.O., & McCoy, K.M. (2020). Landslides
across the USA: occurrence, susceptibility, and data limitations. Landslides, 17, 2271-2285.
https://doi.org/10.1007/s10346-02001424-4.

Nakileza, B.R., & Nedala, S. (2020). Topographic influence on landslides characteristics and implication
for risk management in upper Manafwa catchment. Mt. Elgon Uganda Geoenviron. Disasters, 7, 1-13.

Nazariani, N., & Fallah, A. (2023). Landslide Risk Modeling using Data Mining in Hyrcanian Forests.
Journal of Watershed Management Research. 14(27), 123-134. doi:10.61186/jwmr.14.27.123. [In
Persian]

Nezhad Khaili Abad, S.V.A., Mohamad, E.T., Jahanmirinezhad, H., Hajihassani, M., & Namazi, E. (2011).
Zonation of landslide hazards based on weights of evidence modeling along Tehran-Chalos Road Path,
Iran. Electronic Journal of Geotechnical Engineering, 16, 1083-1097.

Nguyen, D.D., Tiep, N., Thi Bui, Q., Le, H.V., Prakash, 1., Costache, R., Pandey, M., & Pham, B.T. (2025).
Landslide Susceptibility Mapping Using RBFN-Based Ensemble Machine Learning Models. Computer

_ Modeling in Engineering & Sciences, 142(1). DOI: 10.32604/cmes.2024.056576.

Oztiirk, S. (2025). Comparative landslide susceptibility mapping using local inventories: a case study from
Trabzon, Tiirkiye. Natural Hazards, https://doi.org/10.1007/s11069-025-07371-4.

Panahi, M., Rezaie, F., Khosravi, K., Kalantari, Z., Bateni, S.M., & Lee, J.A. (2025). Beyond boundaries:
Al-optimized global landslide susceptibility mapping, Geomatics. Natural Hazards and Risk, 16(1),
2493222. DOI:10.1080/19475705.2025.2493222.

Pandey, V.K., Pourghasemi, H.R., & Sharma, M.C. (2020). Landslide susceptibility mapping using
maximum entropy and support vector machine models along the Highway Corridor, Garhwal Himalaya.
Geocarto International, 35(2), 168-187.

Pourghasemi, H. (2013). Landslide hazard prediction using data mining methods in the north of Tehran.
PhD thesis in Watershed Science and Engineering. Tarbiat Modares University. 170 p. [In Persian]
Rakhshandeh, M., Haghshenas, E. (2019). Report on identification and field visits of landslides for 60
villages affected by heavy rainfall and flooding in early 2019 in Lorestan province and presentation of
proposed solutions, International Institute of Seismology and Earthquake Engineering. 45p. [In Persian]


https://www.sciencedirect.com/journal/hydroresearch
https://doi.org/10.1016/j.hydres.2024.10.001
https://doi.org/10.61186/jwmr.14.27.123
https://doi.org/10.1007/s11069-025-07371-4
http://dx.doi.org/10.61882/jwmr.2026.1324
http://jwmr.sanru.ac.ir/article-1-1324-en.html

[ Downloaded from jwmr.sanru.ac.ir on 2026-07-18 ]

[ DOI: 10.61882/jwmr.2026.1324 ]

B 1o 9 Oloeld sl el cadle (gge

A VE-0 /Y ojlos /pmdin Jlo sl 039> o prte dal yimg3

Sepahvand, A., & Beiranvand, N. (2024). Landslide susceptibility mapping using various soft computing
techniques (Case study: A part of Haraz Watershed). Water and Soil Management and Modelling, 4(2),
261-278. doi: 10.22098/mmws.2023.12678.1263. [In Persian]

Shafiee kigasari, N., Hosseini, A.O., Pourghasemi, H.R. (2024). Spatial Assessment of the Sensitivity of
Landslide Occurrence and their Correlation with the Forest Road Network (Case study: Ramsar
County). Journal of Watershed Management Research. 15(1), 63-77. doi:10.61186/jwmr.15.1.63. [In
Persian]

Sharma, N., Manabendra Saharia, M., & Ramana, G.V. (2024). High resolution landslide susceptibility
mapping using ensemble machine learning and geospatial big data. Catena, 235, 107653.
doi.org/10.1016/j.catena.2023.107653.

Shirvani, Z. (2020). A holistic analysis for landslide susceptibility mapping applying geographic object-
based random forest: A comparison between protected and non-protected forests. Remote Sensing,
12(3), 434.

Teimouri, M., & Asadi Nalivan, O. (2020). Susceptibility Zoning and Prioritization of the Factors Affecting
Landslide Using MaxEnt, GIS and RS Models (Case study: Lorestan Province). Hydrogeomorphology,
6(21), 155-179. [In Persian]

Viorel linca, V., Sandric, 1., & Gheuca, 1. (2025). Landslide susceptibility analysis using machine learning:
Insights from the bend Subcarpathians-Carpathians, Romania. Geomorphology, 486, 109872.
doi.org/10.1016/j.geomorph.2025.109872.

Wang, P., Bai, X., Wu, X., Yu, H., Hao, Y., & Hu, B.X. (2018). GIS-Based Random Forest Weight for
Rainfall-Induced Landslide Susceptibility Assessment at a Humid Region in Southern China. Water,
10(1019), 1-20.

Xu, Q., Yordanov, V., Amic, L., & Brovelli, M.A. (2024). Landslide susceptibility mapping using ensemble
machine learning methods: a case study in Lombardy, Northern Italy. International Journal of Digital
Earth, 17(1), 2346263. doi.org/10.1080/17538947.2024.2346263.

Youssef, A.M., Pourghasemi, H.R., Pourtaghi, Z., & Al-Katheeri, M.M., (2016). Landslide susceptibility
mapping using random forest, boosted regression tree, classification and regression tree, and general
linear models and comparison of their performance at Wadi Tayyah Basin, Asir Region, Saudi Arabia.
Landslides, 13(5), 839-856.

Zhang, T., Han, L., Han, J., Li, X., Zhang, H., & Wang, H. (2019). Assessment of Landslide Susceptibility
Using Integrated Ensemble Fractal Dimension with Kernel Logistic Regression Model. Entropy,
21(218), 1-23.

Zhou, W., Zhou, Y., Liang, S., Zhang, C., Dai, H., & Sun, X. (2025). A new framework for landslide
susceptibility mapping in contiguous impoverished areas using machine learning and catastrophe
theory. Scientific Reports, 15, 10620. https://doi.org/10.1038/s41598-025-88070-9.

Zou, Y., Qi, S., Guo, S., Zheng, B., Zhan, Z., He, N., Huang, X., Hou, X., & Liu, H. (2022). Factors
controlling the spatial distribution of coseismic landslides triggered by the mw 6.1 Ludian earthquake
in China. Engineering Geology, 296, 106477. https://doi.org/10.1016/j.enggeo.2021.106477.


https://doi.org/10.61186/jwmr.15.1.63
https://www.sciencedirect.com/journal/catena
https://doi.org/10.1016/j.catena.2023.107653
https://www.sciencedirect.com/journal/geomorphology
https://doi.org/10.1016/j.geomorph.2025.109872
https://doi.org/10.1080/17538947.2024.2346263
https://doi.org/10.1038/s41598-025-88070-9
https://doi.org/10.1016/j.enggeo.2021.106477
http://dx.doi.org/10.61882/jwmr.2026.1324
http://jwmr.sanru.ac.ir/article-1-1324-en.html
http://www.tcpdf.org

