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1. Introduction

ABSTRACT

Mass movements are among the most dangerous natural hazards in mountainous regions. The present
study employs machine learning (ML) models for mass movement susceptibility mapping (MMSM)
in Iran based on a comprehensive dataset of 864 mass movements which include debris flow,
landslide, and rockfall during the last 42 years (1977-2019) as well as 12 conditional factors. The
results of validation stage show that RF (random forest) is the most viable model for mass movement
susceptibility maps. In addition, MARS (multivariate adaptive regression splines), MDA (mixture
discriminant additive), and BRT (boosted regression trees) models also provide relatively accurate
results. Results of the AUC for validation of produced maps were 0.968, 0.845, 0.828, and 0.765 for
RF, MARS, MDA, and BRT, respectively. Based on MMSM generated by RF model, 32% of study
area is identified to be under high and very high susceptibility classes. Most of the endangered areas
for mass movement are in the west and central parts of the Chaharmahal and Bakhtiari Province. In
addition, our findings indicate that elevation, slope angle, distance from roads, and distance from
faults are critical factors for mass movement. Our results provide a perspective view for decision

makers to mitigate natural hazards.

Erath’s geomorphological activities never ending completely
(Corenblit et al., 2011). The Earth surface is formed by various
exogenous (geological process, runoff water, glaciers movement,
wind, and water) and endogenous (earthquake, metamorphism,
volcanic activities, and deformation) activities (Dietrich et al., 1992;
Murray et al., 2009). As a natural hazard processes, the
landslides can destroy houses, agricultural lands, roads
and rails, power networks and dams (Blaschke et al., 2000;
Alimohammadlou et al., 2013; Kennedy et al., 2015). The

RF is a nonparametric technique based on regression trees
(Hawrylo et al, 2018; Thanh Noi and Kappas, 2018;
Arabameri et al., 2019b). Among different machine learning
techniques, the RF model is one of the strongest models that it has
made by a lot of trees (Kim et al., 2018; Gayen et al., 2019). In
this context, Shahabi et al. (2019) stated that the RF model can
estimate the relative importance of the factors in the best possible
way and helps in discussing environmental management. So far,

there has been no research comparing machine learning models in
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mass movement sensitivity zoning in Chaharmahal and Bakhtiari
province, which is one of the most prone provinces in the country
regarding mass movements, and this research seeks to fill this
research gap. In general, this research pursues the following
goals: 1) Preparation of mass movement sensitivity map (rock fall,
landslide and debris flow) based on machine learning algorithms
in Chaharmahal and Bakhtiari provinces 2) Attempt to analyze
A comparison of the performance of different machine learning
(ML) algorithms for the preparation of a sensitivity map of mass
movements 3) Identification and prioritization of various factors

of domain instabilities in the preparation of a sensitivity map.

2. Research methodology

The investigated area includes the entire area of Chaharmahal and
Bakhtiari province in the southwest of Iran. The province with
an average slope of 42% is one of the roughest provinces in the
country, this province exposure to the Zagros Tectonic Zone and
the occurrence of erosion-susceptible rocks have exacerbated the
erosion and led to a variety of mass movements. According to the
presented flowchart (Fig. 2) this study in generally follow five
main stages: 1) collecting and preparing the spatial data, 2) identify
the conditional and effective factors on landslide event, 3) LAM
producing based on seven used ML algorithms; 4) evaluation of
the produced LSMs, and 5) selecting the most accurate and best
model for LSM in Chaharmahal and Bakhtiari Province.

2.1. Modelling and mapping using ML algorithms

The RF is a nonparametric technique based on regression trees
(Hawryto et al., 2018; Thanh Noi and Kappas, 2018; Arabameri
et al., 2019b). Among different machine learning techniques, the
RF model is one of the strongest models that it has made by a lot
of trees (Kim et al., 2018; Gayen et al., 2019). As well as, this
model has several advantage including; it is never sensitivity to
noise, it can accept different layers with different effects and it
appropriately identifies the importance of the layers of influence
and shows their character (Ruppert, 2004). In this context,
Shahabi et al. (2019) stated that the RF model can estimate the
relative importance of the factors in the best possible way, and
helps in discussing environmental management. In order to have
an acceptable and accurate landslide susceptibility map in an area,
it is important to have an accurate and good distributed sampling.
So that, in the current research, the landslides were collected
and recorded by extensive field surveys during 42 years (1977-
2019) using Global Position System (GPS) (Fig. 3). In present
study, 194, 302 and 368 samples were recorded for debris flow,
landslide and rock fall, respectively. Then based on random
selection approach, the landslide locations were divided into two

categories; a) 70 percent for modeling process and b) 30 percent

for validation process. Since, the landslide events occurred by an
interaction of different exogenous and anthropogenic factors, in
the present study, 12 effective factors including; digital elevation
model (DEM), slope angle, distance from roads, distance from
the faults, drainage density, convergence index (CI), land use
type, distance from rivers, lithology, plan curvature, topographic
wetness index (TWI) and aspect were selected to predict landslide
occurrence. In the present study, a 1:25,000 topographic map and
1:100,000 geological map was used to produce and extract 12
effective layers in Arc GIS 10.4.2. In the present study, to produce
susceptibility maps of landslides by RF model a special package
applied in the R software version R 3.5.3. The used packages
were “brt”, (Achour and Pourghasemi, 2019), “fda”, “mda”
(Ruppert, 2004), “glm” (Ghanbarian et al., 2019), “MARS”
(Deichmann et al., 2002), “RF” (Hosseinalizadeh et al., 2019b),
and “SVM” (Achour and Pourghasemi, 2019). The R software
is very popular statistical software that performs best analysis
and then drawing its analysis graphically for modeling process
(Pertille et al., 2019; Taylor et al., 1987). The area under the curve
(AUC) is one of the best and most popular methods for model
evaluation in machine learning approach (Merow et al., 2013;
Pourghasemi et al., 2017). In present study, based on the 30 %
of the landslide samples the produced susceptibility maps were

evaluated.

3. Results

As mentioned in methodology section in the present study, the
AUC value was used to evaluate seven used ML models, the RF
can predict the mass movement locations by variable factors much
better than other models. Based of seven used ML models the low
class of landslide susceptibility covered between 12% and 38%
of the study area. In addition, the area covered by moderate class
is between 27% and 37%. Also, for high class the covered area
by seven models is between 20% and 37% of study area. Finally,
the covered area by very high class based on seven ML models is
between 12% and 18%. However, the class of high and very high
in RF model cover 20% (3233.3 km2) and 12% (1908.78 km2) of

the Chaharmahal and Bakhtiari Province, respectively.

4. Discussion and Conclusion

In present study, the random forest algorithm (RF) has used in order
to determination of the best factor influencing on mass movement
events. In many studies have been used random forest to compare
factors, and have obtained favorable results (Amiri et al., 2019;
Chen et al, 2017b; Rahmati and Pourghasemi, 2016).
According to the random forest algorithm, the digital elevation
model (DEM) and slope were the most influential factor. In

addition, distance from the roads and distance from the faults
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are in the next priority of importance. Generally, the causes of
mass movements are divided into two main categories including
preparatory and triggering casual factors (Popescu, 1994). Based
on the most accurate model (RF), 38% and 30% of the study area

are located in low and moderate classes of landslide susceptibility.
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The safe areas are mostly located in eastern and southern parts
of study area. Our findings show that machine learning models
have a very good ability for landslide mapping of mountainous
areas. However, these models need good and accurate observed or

recorded data and conditional factors.
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from the river; H) Drainage density; I) Distance from the road; J) Land use; K) Lithology and L) Distance from fault.
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Figure 4. Continue.
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Figure 5. Pearson correlation test for 12 effective factors.
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Figure 6. LASSO analysis from importance of prediction layers.
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Figure 8. Landslide susceptibility maps in the Chaharmahal and Bakhtiari province. (a: BRT, b: MARD, c: MDA, d: RF).
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Figure 10. The ROC results for mass movement susceptibility mapping models.

Table 2. Calculation results of the area under the curve (AUC).

Asymptotic 95%
Models Area Standard | Sensitivity | Specificity | Accuracy Asymptotic confidence interval
error significant Lower Upper
bound bound
RF 0/968 0/007 0/9266 0/9302 0/9284 0/000 0/954 0/9821
MDA 0.828 0.018 0.7412 0.7558 0.7485 0.0000 L yay - JOASY
MARS 0.845 0.017 0.7606 0.7674 0.7610 0.0000 LJOMY LAY
BRT 0.765 0.021 0.6757 0.7364 0.7060 0.0000 LIVYE JA-§
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Figure 11. Samples of scathes by landslide events in the Chaharmahal and Bakhtiari province; a) buried the Abikar village with 52 killed people; b)

Road destruction in the Samsami region; ¢) Damages in orchard lands by rock fall and d) Destroyed hoses by a landslide event.
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