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Extended Abstract

Introduction

A landslide is one of the mass movements on the top surface of the earth. Landslides have resulted in notable
injury and damage to human life and destroyed infrastructure and property. Landslides represented
approximately Nine percent of the natural disasters worldwide during the 1990s. According to studies, this trend
is expected to continue due to increased human development. Many studies have been done to determine the
factors affecting mass movement. In large part of Iran including the mountain areas, tectonic activity and seismic
high with diverse geological and weather conditions led to many countries prone to landslide. Landslides cause
wide damage to natural resources, human settlements, infrastructure, mud floods, and filling reservoirs.
Landslides cause extensive property damage and occasionally result in loss of life. Besides, should not be
ignored the social and environmental impacts resulting from the occurrence of this phenomenon, such as
immigration and unemployment. One of the strategies for reducing losses due to a range of movements is the
identification and management of unstable slope areas. To identify unstable regions pay to landslide hazard
mapping. The main purpose of this research is to assess the effective parameter on landslide occurrence and to
compare different machine learning models including SVM, GP regression, and RF for landslide susceptibility
zoning.

Materials and Methods

The study area is a part of the Haraz Watershed, Mazandaran Province, Iran, occurrence many landslides are
damaged after each heavy rain. So, it was selected as a suitable Watershed to evaluate the landslide susceptibility
mapping (LSM). The vegetation covers and land mainly consists of rangeland. The geology of the study area
consists mainly of Quaternary and Shemshak formations. The first step for the assessment of landslide
susceptibility is gathering the necessary data and preparing information. These data were determined based on
several factors. Considering the literature review, the local conditions, and previous studies. In this study, nine
parameters such as slope angle, slope aspect, elevation, geology, land use, the distance of fault, the distance of
the road, the distance of the river, and precipitation were identified as key factors for the prediction of landslide
susceptibility. To assess the effectiveness of GP-PUK, GP-RBF, SVM-PUK, SVP-RBF, AND RF to estimate the
landslide susceptibility map (LSM), data used in the present study were taken from field data. In this study, the
dataset contains 148 observations of landslide occurrence and landslide non-occurrence points. The landslide
data have been randomly separated into training (70% of landslides; 103) and testing (30% of the landslides; 45).
To judge the performance of the soft computing techniques, statistical evaluation parameters were used. In this
research, three statistical evaluation parameters were used. These parameters are the correlation coefficient
(C.C.), root mean square error (RMSE), and Nash—Sutcliffe model efficiency (NSE).

Results and Discussion
According to the results of the comparison of methods, RF was the best model and the accuracy of the RF model

was more suitable for the estimation of the landslide occurrence. So, in this study, RF was used for the landslide
susceptibility map. Single-factor ANOVA test suggests that there is an insignificant difference between observed
and predicted values of landslide occurrence and landslide non-occurrence using GP_PUK, GP_RBF,
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SVM_PUK, SVM_RBF and Random Forest approaches. According to the results of the comparison of methods,
RF was the best model and the accuracy of the RF model was more suitable for the estimation of the landslide
occurrence. The map of landslide susceptibility map was divided into five classes from none susceptible to very
high susceptibility. According to the final Landslide susceptibility map, the area belonging to the “non-
susceptible” class covers 35.86 km?, “low susceptibility” class 36.19 km?, “moderate susceptibility” class 15.06
km?, “high susceptibility” class 10.95 km? and “very high susceptibility” class 14.46 km? of Haraz Watershed.
Sensitivity analysis was performed to find the most significant input parameter in the prediction of landslide
occurrence and landslide non-occurrence. The result shows that aspect has a major role in predicting landslide
occurrence and landslide non-occurrence in comparison to other input parameters, respectively.

Conclusion
Due to all results, some zones are potentially dangerous for any future habitation and development. Thus, there is

an immediate need to implement mitigation measures in the very high-hazard and high-hazard zones, or such
zones need to be avoided for habitation or any future developmental activities. The results of this research can be
used by the local authority to manage properly, and systematically and plan development within their areas.
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Figure 3- Input data map of landslide sensitivity modeling, slope aspect (a), slope (b), elevation above sea level (c), precipitation (d),
geology (e), land use (f), distance from the fault (g), distance from the river (h), distance from the road (i)
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Table 1- Models used to model the sensitivity of landslide occurrence
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Table 2- Error measurement criteria for selecting the
optimal model
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Table 3- Frequency ratio of parameters affecting the occurrence of landslides, a part of Hezar Watershed

FR S o) ey il colus s B e JuSy S5 Sy dil sl
0.00 0.00 0.32 0 144 0-5
0.363 2.56 7.06 2 3176 5.01-10
0.364 14.1 38.72 11 17412 10.01-15
1.283 5.12 3.99 4 1800 15.01-20
1.32 11.53 8.73 9 3936 20.01-25 R
1.49 2.56 171 2 772 25.01-30 e
1.72 16.66 9.65 13 4352 30.01-35
1.76 26.92 15.28 21 6888 35.01-40
1.49 141 9.43 11 4252 40.01-65
1.26 6.41 5.07 5 2284 65<
0.951 15.38 16.17 12 7280 N
0.489 6.41 13.1 5 5896 NE
0.415 5.12 12.34 4 5552 E
1.446 23.07 15.95 18 7188 SE .
0.873 12.82 14.69 10 6612 S s
1421 10.25 7.21 8 3252 SwW
1.826 11.53 6.31 9 2848 W
1.084 15.38 14.18 12 6388 NW
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2.82 35.9 12.73 28 5748 Mix tree & range
0.699 44.87 64.23 35 28900 Mean range XK s
0.842 17.95 21.3 14 9588 Best range W) SR
0.74 1.28 1.73 1 780 Residentioal
0.000 0 2.26 0 1020 1200-1500
1.912 25.64 1341 20 6048 1500-1800
191 51.28 26.84 40 12104 1800-2100
0.524 14.1 26.89 11 12096 2100-2400 (20 £l
0.409 7.69 18.82 6 8464 2400-2700
0.121 1.282 10.55 1 4744 2700-3000
0.000 0 1.2 0 540 >3000
2.618 53.84 20.56 42 9284 300-400
0.685 39.74 58.05 31 26120 400-500 (oskee) L)L
0.3 6.41 21.37 5 9612 500 <
1.508 34.61 22.95 27 10344 0-100
1.32 23.07 17.48 18 7876 100-200
1.233 16.66 1351 13 6088 200-300 (20) g, ALsls
0.662 7.69 11.62 6 5228 300-400
0.522 17.94 34.41 14 15480 400<
6.394 23.07 3.6 18 1640 0-300
4.067 15.38 3.78 12 1712 300-600
3.806 141 3.7 11 1676 600-900 (y20) JuS dlols
2.625 10.25 3.9 8 1764 900-1200
0.437 37.17 84.99 29 38224 1200<
3.463 41.02 11.84 32 5356 0-100
1.063 10.25 9.64 8 4344 100-200
0.91 7.69 8.451 6 3804 200-300 (o) o3l> dLold
0.692 5.12 74 4 3332 300-400
0.573 35.89 62.64 28 28180 400<
0.905 26.96 29.75 21 13392 QsC
0.000 0.00 3.93 0 1768 Q2t
4.145 28.21 6.8 22 3080 Q1t
0.000 0.00 1.14 0 516 Qag
0.352 3.85 10.93 3 4916 Qta
0.000 0.00 0.34 0 156 Qtu
0.000 0.00 0.57 0 260 Qb
0.392 5.13 13.06 4 5876 EKtv
0.000 0.00 0.02 0 12 EKgy e
0.000 0.00 0.85 0 384 PEZ L)
0.000 0.00 0.77 0 348 PEf
0.000 0.00 0.78 0 352 K2
0.764 3.85 5.03 3 2264 Kt
0.000 0.00 6.03 0 2712 J1
0.384 2.28 3.33 1 1500 Jd
1911 30.77 16.1 24 7260 JS
0.000 0.00 0.27 0 124 TRel
0.000 0.00 0.21 0 96 Pd
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Table 4- The optimal parameters of the models used for landslide sensitivity zoning

L ol b o 1o
Gaussian noise= 0.1, o= 0.01, 0=4.0 GP-PUK
Gaussian noise= 0.1, y=11.0 GP- RBF
C=2,©=0.001,0=04 SVM- PUK
C=18,y=6.0 SVM- RBF

K=10, I= 100

Random Forest
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Table 5- Evaluation of the performance of the models used for landslide susceptibility zoning

AUC F1-score recall precision Accuracy FN FP TN TP Lo Jdo
0.979 0.76 0.679 0.864 0.80 9 3 15 19 GP_PUK
0.895 0.612 0.556 0.682 0.73 12 7 12 15 GP_RBF
0.979 0.735 0.667 0.818 0.79 9 4 15 18 SVM_PUK
0.873 0.489 0.478 0.50 0.69 12 11 12 11 SVM_RBF
0.999 0.957 0.917 1.00 0.90 2 0 22 22 RF
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Table 6- One-way ANOVA analysis of variance between observed and predicted values of occurrence and non-occurrence of

landslides
s Gl polie g (oadly olie Coglés F crit P-value F b Joe
ns 3.946876 0.403492 0.704523 PUK-GP
ns 3.946876 0.511181 0.435101 RBF-GP
ns 3.946876 0.41737 0.663806 PUK-SVM
ns 3.946876 0.437897 0.607177 RBF-SVM
ns 3.946876 0.590623 0.291455 Random Forest
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Figure 4- Chart of changes in observed and estimated values of occurrence and non-occurrence of landslides of different models
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Figure 5- Landslide susceptibility map using RF model
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Table 7- RF model sensitivity analysis
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