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Figure 1. Location of the case study
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Figure 3. Prioritization of landslide conditioning factors using random forest algorithm
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Figure 4. Landslide susceptibility map using random forest algorithm
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Abstract

Landdide as a natural hazard is very dangerous especially in mountainous areas that result
in loss of human life and property around the world. Iran is dways exposed to landdide hazard
especially in the north and west because of climatic and topographic conditions. The am of this
research is prioritization of landslide-conditioning factors and its landdide susceptibility
mapping in the part of Golestan Province using random forest new algorithm. At first, landslide
locations were identified using field survey, historical report, and Google earth. In total, 78
landdlide locations were identified and divided into two parts for modeling (70%) and validation
(30%). Eleven factors of landslide-conditioning including slope aspect, altitude, distance from
streams, distance from faults, distance from roads, lithology, land use, slope-length, plan
curvature, precipitation, and slope angle were prepared. The relationships between the effective
factors and the landdlide inventory map were calculated using the random forest algorithm, and
then landdide susceptibility map was prepared in the GIS environment. Prioritization of
landslide-conditioning factors showed that distance from road, distance from faults, and altitude
have the most effect on landdide occurrence respectively. Finally landdlide susceptibility map
produced by random forest model were divided to four susceptibility classes such as low
(29.18%), moderate (33.44%), high (24.82%), and very high (12.55%). ROC curve and the area
under the curvewere used for accuracy assessment of the prepared map using about 30% of
landslides. Results showed that the random forest model produced reasonable accuracy in
landslide susceptibility mapping with area under curve of 0.706.
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