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Abstract: Mountainous areas are highly prone to a variety of nature-triggered disasters, which

often cause disabling harm, death, destruction, and damage. In this work, an attempt was made to

develop an accurate multi-hazard exposure map for a mountainous area (Asara watershed, Iran),

based on state-of-the art machine learning techniques. Hazard modeling for avalanches, rockfalls,

and floods was performed using three state-of-the-art models—support vector machine (SVM),

boosted regression tree (BRT), and generalized additive model (GAM). Topo-hydrological and

geo-environmental factors were used as predictors in the models. A flood dataset (n = 133 flood

events) was applied, which had been prepared using Sentinel-1-based processing and ground-based

information. In addition, snow avalanche (n = 58) and rockfall (n = 101) data sets were used. The data

set of each hazard type was randomly divided to two groups: Training (70%) and validation (30%).

Model performance was evaluated by the true skill score (TSS) and the area under receiver operating

characteristic curve (AUC) criteria. Using an exposure map, the multi-hazard map was converted into

a multi-hazard exposure map. According to both validation methods, the SVM model showed the

highest accuracy for avalanches (AUC = 92.4%, TSS = 0.72) and rockfalls (AUC = 93.7%, TSS = 0.81),

while BRT demonstrated the best performance for flood hazards (AUC = 94.2%, TSS = 0.80). Overall,

multi-hazard exposure modeling revealed that valleys and areas close to the Chalous Road, one of the

most important roads in Iran, were associated with high and very high levels of risk. The proposed

multi-hazard exposure framework can be helpful in supporting decision making on mountain

social-ecological systems facing multiple hazards.
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1. Introduction

Data and reports on Nat. Hazards show an increasing frequency of such disasters worldwide [1].

In addition, the number of people affected and the economic losses resulting from natural disasters

have increased worldwide except in some developed countries, which have experienced a decreasing

trend since 1900 [2,3]. Globally, communities in general are facing a wide range of natural hazards.

These hazards cannot be eliminated totally, but their effects can be minimized by applying new methods

and providing data support for the decision-making process [4,5].

Mountainous areas are characterized as social-ecological systems and, because of their geotechnical and

hydrological characteristics, are associated with elements of danger. For example, mountainous regions

are relatively active hydrologically and geophysically and there is considerable topography-driven

variation in vegetation, moisture, and energy [6,7]. Mountainous environments commonly experience

a wide range of natural disasters, such as avalanches [8–10], landslides [11–14], floods [5,15–18],

debris flows [19–21], soil erosion [22–24], and rockfalls [25–27]. Therefore, planners need hazard

susceptibility maps to cope with natural disasters in mountainous areas, particularly flash floods,

avalanches, and rockfalls [8,25,28]. These three most common hazards can damage transportation

systems, property, and danger human life in risk areas [28]. However, even in areas with a wide range

of natural risks, previous studies have mainly focused on one type of hazard [8,29–32]. As a result,

integrated multi-hazard analysis has been under-emphasized in natural disaster management and

planning. More importantly, most previous studies have focused solely on forecasting and controlling

Nat. Hazards [33], neglecting the human effects and the exposure component [4]. In fact, the exposure

of mountain social–ecological systems to geohazards has increased because of a combination of the

dynamic bio-geophysical environment and the challenges of land use planning [34,35]. Separate spatial

studies of different risk types in mountainous regions could in fact result in greater underestimation

of risks in total. A multi-risk assessment technique could thus be very useful for considering the

interactive reactions of different hazards on surrounding areas [36,37].

Multi-hazard exposure mapping is an important key tool in enhancing resilience in the context of

Nat. Hazards in mountain areas and can play an important role in ensuring the long-term sustainability

of local ecosystems and communities [38–40]. Resilient social–ecological systems have the ability to

adapt and utilize relevant knowledge in order to mitigate natural disasters by self-organizing and

developing safe infrastructures based on nature-based solution [41]. Fortunately, there is growing

recognition of the importance of multi-hazard exposure analysis, and hazard-based attitudes and

policies are slowly changing to risk-based management in different parts of the world [1,42–44].

In an early study, Bell and Glader [4] developed a general method for analyzing multi-hazards in

mountainous areas for multiple processes, focusing on avalanches, rockfalls, and debris flow hazards.

In a later study, Gruber and Mergili [36] performed a regional-scale analysis of multi-hazards and

risk indicators in high mountainous regions of Tajikistan. Schmidt et al. [45] introduced a generic

framework for multi-risk modeling developed in New Zealand and developed a prototype software

that is capable of “plugging in” various natural hazards. Recently, Emmer [24] provided a review on

natural disasters worldwide and found that research on hydro-meteorological disasters prevails over

the research on geological and geomorphic disasters. However, their framework does not provide any

guidance on producing a single natural hazard map.

Avalanches, rockfalls, and floods frequently occur in mountainous regions of Iran and cause

severe damage to buildings, people, and natural environments [11,12,46,47]. This study investigates

multi-hazard exposure using different machine learning approaches due to the following reasons:

(1) Machine learning (ML) is a subfield of artificial intelligence where models can learn and improve

themselves based on historical events; (2) ML models can easily identify trends and patterns in a large

volume of data and involve continuous improvement during operation, which lets them make better

decisions [48]; (3) they are capable of handling data that are multi-dimensional and multi-variety [30];

and (4) they can directly extract knowledge of natural disaster processes based on previous disaster

occurrences and geo-environmental factors without human intervention, thus, they do not need experts’
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experiences and judgements to determine the importance of predictive variables [49]. To evaluate this

framework in an area with multiple hazards, the Asara watershed (Iran) was selected because it has

become considerably disaster-prone in the past decade and has experienced a disproportionately high

number of catastrophic natural disasters. In work to develop a global methodology for multi-hazard

exposure mapping in mountainous regions based on historical disaster events, the novelty of this

study lies in constructing an integrated framework based on different state-of-the-art machine learning

algorithms and using several morphometric, geo-environmental, and topo-hydrological factors for a

multi-hazard exposure analysis.

Specific objectives of the study were to: (1) Produce an exposure map based on proximity to

residential areas, main roads, rural roads, and power transmission lines; (2) apply three advanced

machine learning models including BRT (Boosted Regression Trees), GAM (Generalized Additive

Model), and SVM (Support Vector Machine) to produce a multi-hazard map (avalanche, flood,

and rockfall hazards); (3) evaluate the performance of each model using threshold-dependent

and threshold-independent methods; and (4) produce an integrated multi-hazard exposure map.

The intention was for the practical framework of multi-hazard exposure mapping developed in the

study to be transferable to other mountainous areas around the world.

2. Study Area

The study area, the Asara watershed, is in Alborz province, which is located in the Alborz

mountains of Iran (Figure 1). The watershed occupies an area of 1094.9 km2, with a range of elevation

from 1332 m.a.s.l at the watershed outlet to 4323 m.a.s.l at the headwaters. Mean annual precipitation

in the study area is 265 mm, of which 40% falls as snow. Chalous Road, which is one of the most

important transfer lines to the north of Iran, passes through the Asara watershed with 79.54 km. Traffic

on the road is generally very heavy, especially on the weekends and on state holidays.

’

 

   

Figure 1. Geographical position of study area and different natural hazard occurrences including flood,

snow-avalanche, and rockfall. Field photographs of some natural hazard events occurred in the study

area: (a) Snow-avalanche between Kandovan Tunnel and Gachsar, (b) rockfall in the South of Vineh

village, and (c) flood in the north of Vineh village.
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In a land use perspective, the watershed is almost entirely covered by rangeland (95%), but it has

46 villages with around 5000 residents and many restaurants (near the main road). However, only

0.33% of the watershed is residential area. In this mountainous watershed, there are markedly high

frequencies and magnitudes of natural hazards, but the level of exposure and risk are also increasing

due to socio-economic changes such as the increase of population [50,51]. Some rivers and watercourses

in this semiarid region generate flashy stormflows that rapidly peak following brief and intense storms

which cause flashy floods in the area. The geological structure and geomorphological characteristics of

the study area is considerably complicated which often prone to rockfall and snow avalanche events

occurring [52].

3. Methodology

In this section, we provide a step-by-step account of our machine learning approach to creating a

multi-hazard exposure map for the study watershed, using an exposure map and a multi-hazard map.

A flowchart of the methodology is presented in Figure 2.

–

 

–

Figure 2. Methodology flowchart used in this study.

The first step of the study is to record the location of disaster occurrences (snow-avalanches,

rockfalls, and floods) over previous years (2010–2018). Next, the hazard susceptibility map of each

disaster was created and then they were integrated using a weighted linear combination (WLC)

technique (i.e., the same weights were considered for all hazard maps) to produce a multi-hazard map.

The accuracy of each hazard map was evaluated using statistical criteria including the area under the

receiver operating characteristic curve (AUC) and true skill score (TSS). To prepare a multi-hazard

exposure map, an exposure map should be created.

3.1. Multi-Hazard Modelling

3.1.1. Predictive Factors

The first step of the work was hazard modeling for avalanches, rockfalls, and floods in the

Asara watershed, beginning with selection of predictive factors. However, there are no universal

guidelines on choosing influential factors for each natural disaster. Therefore, based on the relevant
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literature [5,47,53–59], different topo-hydrological, geo-environmental, and morphometric factors were

selected for testing (Figure 3).

 

Figure 3. Predictive factors: (a) Elevation, (b) TPI, (c) TRI, (d) TWI, (e) LS, (f) RSP, (g) VRM, (h) WEI,

(i) aspect, (j) slope, (k) distance from stream, (l) profile curvature, (m) lithology, and (n) land use.
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A digital elevation model (DEM) was produced for the study area from the airborne LIDAR

(Light Detection and Ranging) system that is effective and reliable means of terrain data collection in

large areas with cloudy weather conditions. The generated triangular irregular network (TIN) was

converted to an ArcGIS grid of 1 m pixel resolution using a TOPOGRID algorithm. In order to acquire

homogeneity with other predictive maps, and to increase the efficiency in terms of manipulation

and storage, the generated high-resolution DEM was coarsened to 10 m resolution. Scaling from

high- to coarse-resolution images is a common approach in spatial analysis and modeling, especially

in large-scale regions, and often results in decreasing computational load and time [10,33,44,45].

Therefore, a spatial resolution of 10 m was used to calculate topography related predictive factors

including topographic position index (TPI), terrain ruggedness index (TRI), topographic wetness index

(TWI), length-slope (LS), relative slope position (RSP), vector ruggedness measure (VRM), aspect, slope

degree, distance from stream, and profile curvature. TPI factor can be computed as Equation (1):

TPI =
Epixel

Esurrounding
(1)

where Epixel and Esurrounding are the altitude of the pixel and the mean altitude of the neighbor pixels,

respectively. TWI is a topo-hydrological factor and reflects the wetness potential of each pixel. It can

be calculated as below (Equation (2)):

TWI = ln

(

α

tanβ

)

(2)

where a is an area which drains to a point and β depicts the slope degree at the pixel. TRI also shows

the topographic nature of a watershed and can be calculated as Equation (3):

TRI =
√

|x|(max2 −min2) (3)

where x shows the elevation of each neighbor cell to cell (0,0) (m). In addition, min and max reflect the

smallest and largest elevation value among nine neighbor pixels, respectively. RSP is also represented

as a ratio, ranging from 0 (valley floor) to 100 (ridge top). It can be defined as Equation (4):

RSP =

(

z(s) − z(s)v

z(s)r − z(s)v

)

× 100 + 0.5 (4)

where z(s), z(s)r, z(s)v are elevation, ridge elevation, and valley elevation, respectively. It is worth

noting that TPI, TWI, TRI, and RSP layers were produced in SAGA-GIS software.

In addition, a geological map with 1:100,000 scale was obtained from the Iranian Department

of Geology. The details of each geological class described are summarized in Table 1. In addition,

Landsat-8 Operational Land Imager (OLI) images were used to create land use map in 2018. Atmospheric

corrections were carried out using the FLAASH module in ENVI software. Furthermore, the Gram-

Schmidt Pan Sharpening module was applied for fusion of panchromatic and multispectral satellite

images. In accordance with the resolution of other DEM-extracted layers, the produced land use map

was resampled with a spatial resolution of 10 m in ENVI software. Next, a supervised classification

method with the maximum likelihood algorithm was employed. In order to evaluate the accuracy

of the produced land use map, not only field investigations with a global positioning system (GPS)

receiver were conducted, but also points from Google Earth were also used.

According to confusion matrices, the overall accuracy was 92.40%, which indicates a high

classification accuracy.

According to the literature, different predictive factors were selected for each disaster type,

as indicated in Table 2 [26,27,53–59]. As can be seen in Table 2, some factors are relevant for all hazards.
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Table 1. Geology of the study area.

Code Formation Description Area (%)

COm Mila
Dolomite platy and flaggy limestone containing
trilobite; sandstone and shale

2.12

Eabtd - Andesitic and basaltic volcanic tuff deictic 5.34

Ek Ziarat Reef-type limestone and gypsiferous marl 0.03

Ek Karaj Well bedded green tuff and tuffaceous shale 53.20

Ek.a Asara Calcareous shale with subordinate tuff 6.41

Ekgy - Gypsum 5.04

Eksh Shale
Greenish-black shale, partly tuffaceous with
intercalations of tuff

7.96

Jl Lar Light grey, thin—bedded to massive limestone 2.03

Mm,s,l -
Marl, calcareous sandstone, sandy limestone and
minor conglomerate

0.72

P - Undifferentiated Permian rocks 0.87

pC-Cs Soltanieh
Thick dolomite and limestone unit, portly cherty
with thick shale intercalations

1.06

pCk Kahar
Dull green grey salty shales with subordinate
intercalation of quarzitic sandstone

3.13

Pr Ruteh Dark grey medium—bedded to massive limestone 2.81

Qft2 - Low level pediment fan and valley terrace deposits 1.24

TRe Elikah
thick bedded to pinkish shaly limestone with worm
tracks and well to thick

0.75

TRJs Shemshak Dark grey shale and sandstone 7.30

Table 2. The spatial database of predictive factors.

Factor
Natural Hazard Type Data Type

and ScaleSnow-Avalanche Rockfall Flood

Elevation ✓ ✓ ✓ Grid (10m)
Topographic position index (TPI) ✓ ✓ ✓ Grid (10m)
Terrain Ruggedness Index (TRI) ✓ ✓ ✓ Grid (10m)
Topographic wetness index (TWI) - - ✓ Grid (10m)
Length-slope (LS) ✓ ✓ - Grid (10m)
Relative slope position (RSP) ✓ ✓ - Grid (10m)
Vector Ruggedness Measure (VRM) ✓ ✓ - Grid (10m)
Wind exposition index (WEI) ✓ - - Grid (10m)
Aspect ✓ ✓ - Grid (10m)
Slope degree ✓ ✓ ✓ Grid (10m)
Distance from stream - - ✓ Grid (10m)
Profile curvature ✓ ✓ ✓ Grid (10m)
Lithology ✓ ✓ ✓ Polygon (1:100,000)
Land use ✓ ✓ ✓ Polygon (1:100,000)

3.1.2. Multi-Hazard Inventory

Based on field surveys in different seasons and available documents at the Road Organization (RO)

of Iran and the Regional Water Company (RWC), the locations of 292 disaster events involving snow

avalanches (58), rockfalls (101), and floods (133) have been recorded (2010–2018). Unfortunately, there

is no information on disasters before 2010. The RWC have been using Sentinel-1-based processing and

ground-based information for flood detection and monitoring. This method has different advantages,
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as have been described in the literature [9,12]. It operates at specific wavelengths not limited by a lack

of illumination or cloud cover. In addition, it can acquire data over a site under all weather conditions

during night or daytime. Moreover, it is suitable for gathering information in flooded areas because of

its high revisit frequency (i.e., high temporal resolution).

For each disaster type, the collected observed data were randomly divided into two groups,

one for model training (70%) and one for model validation (30%), as suggested elsewhere [30,60].

The locations of each hazard type and some field photographs of the damages of hazards are shown

in Figure 1. As can be seen, field photographs of the study watershed clearly indicate the sites of

avalanches, rockfalls, and floods and the consequences and damage.

3.1.3. Application of Models

Generalized Additive Model (GAM)

GAM is a non-parametric regression method proposed by Hastie and Tibshirani [61], which is

a combination of the Generalized Linear Model and an additive model. Basically, GAM is formed

by two functions, a link function and a smoothed function, in which the first one is used to build

the relation of the mean of the dependent variable with the smoothed function of the independent

variables. Thus, incorporating the two mentioned functions enables the GAM not only to work well

with various distribution types of data, but it also has ability to deal with highly non-linear problems.

Consider a dataset D = (xi, yi), xi ∈ Rn and yi is the output class i = 1, . . . , cl, the general form of

the GAM is depicted in the following equation:

G(y) = α+ f1(x1) + . . .+ fm(xm) (5)

where g(.) is the link function, f (.) is the smooth function; xi is the independent variable; y is the

expected value; and α is the intercept.

The process of training the GAM model can be separated into three main steps. The first one is to

carry out the data analysis to identify the distribution curve for the dependent variable and the link

function, whereas the second one is to determine the parameters of the GAM model, and the last one is

to optimize the model.

Boosted Regression Tree (BRT)

BRT has been proposed by Friedman [62]. It is relatively new and powerful machine learning

algorithm for regression and classification, which combines a regression tree and a boosting algorithm.

The motivation of the BRT is that the performance of the regression tree as a single base learner is not

satisfactory, but the performance can be boosted with a series of base learners [63].

Using the dataset D, the boosting algorithm improves the regression tree model, F(x) by adding

an estimator, h(x) to derive a new BRT model, Fnew(x) as in Equation (6). This is an iteration process

and the number of iterations (M) plays an important role in the performance of the final BRT model

Fnew(x) = F(x) + γh(x) (6)

where γ ∈ (0, 1) is the learning rate which is used to control the problem of over-fitting.

The loss function is established as below:

L =
1

2
[y− F(x)]2 (7)

With each iteration, a new tree add to the original model must ensure the reduction of the loss

function. The training phase of the BRT will be completed when the predefined number of iterations is

reached. Other detailed descriptions of the BRT can be found in Elith et al. [64] and Chung [65].
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Support Vector Machine (SVM)

SVM is one of the most powerful supervised machine learning algorithms for both classification

and regression, which was developed in the framework of statistical learning theory [66]. The working

principal of the SVM model is that, first, it transforms the original input data to a new feature

space, and then, in the new space, a decision function is established through an optimal hyper plane.

The decision function (Equation (8)) will be used to classify new data:

g(x) = sign(
n

∑

i=1

yiαiK
(

xi, x j

)

+ b) (8)

where αi is the Lagrange multiplier; K
(

xi, x j

)

is the kernel function. In this research radial basis kernel

function (RBF, Equation (9)) was used:

K
(

xi, x j

)

= exp
(

−γ‖ xi − x j ‖
2
)

(9)

The detail explanations of the SVM are given by [67]. All three models were performed in

R software. Each disaster (i.e., avalanche, rockfall, flood) was modeled separately using each of

these models.

3.1.4. Accuracy Assessment

The goodness-of-fit and predictive performance of each model were assessed using the training

group and validation group of data, respectively. In order to quantitatively evaluate the accuracy

of the models in the training and validation steps, threshold-independent and -dependent methods

were applied.

Among threshold-dependent methods, the true skill score (TSS) was selected because it is a useful

evaluation metric for assessing the accuracy of the model [68]. TSS is an alternative for the kappa,

while still keeping all its advantages. Similar to the ROC curve, TSS is calculated based on Sensitivity

and Specificity as follows (Equation (10)):

TSS = Sensitivity + Specificity− 1 (10)

Both Sensitivity and Specificity factors can be computed as below:

Sensitivity =
TP

TP + FN
(11)

Specificity =
TN

FP + TN
(12)

where FN (false negative) and FP (false positive) are the numbers of pixels erroneously classified,

whereas TN (true negative) and TP (true positive) are the number of pixels that are correctly

classified [46]. All FN, FP, TN, and TP are the fundamental elements of the contingency table

(also termed the confusion matrix).

The receiver operating characteristic (ROC) curve is a plot of the Sensitivity versus “1—Specificity”

of a diagnostic test. The area under the ROC curve (AUC) is the most commonly used method

for scrutinizing the performance of the model and it has been known as a threshold-independent

evaluation metric [69,70]. AUC values vary from 0 to 1, where a value of 0 reflects a completely

inaccurate test and a value of 1 implies a perfectly accurate test [49]. According to the common

classification of the model accuracy, an AUC under 0.7 is unacceptable, 0.7–0.8 is considered good,

0.8–0.9 is considered very good, and more than 0.9 is excellent [14].
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3.2. Exposure-Related Factors

Main road network, rural road network, residential areas, and power transmission lines in the

study watershed were defined as vulnerable components. The Euclidian distance tool was used to

prepare maps of exposure-related factors in the ArcGIS environment. Based on the analytical hierarchy

process (AHP) method [71], the weight of each factor was determined. In this step, questionnaires

were prepared and distributed to ten experts (hydrologists, geologists, etc.) within and outside Iran.

In order to assess the consistency of the comparisons, the consistency ratio (CR) should be calculated.

A CR value less than 0.1 indicates that comparisons are consistent and acceptable. In addition, a rate

(R) was assigned to each class of exposure-related factor, according to the order of their importance

and exposure, using an expert knowledge-based method [71]. Following Adiat et al. [1], R values of 1,

2, 3, 4, and 5 were assigned to classes indicating, respectively, very low, low, medium, high, and very

high exposure. These rates were then normalized for use in the spatial analysis of exposure.

3.3. Multi-Hazard Exposure Mapping

In order to generate the final multi-hazard exposure map, avalanche hazard (AH), rockfall hazard

(RH), and flood hazard (FH) maps with the highest accuracy from the three machine learning models

were selected. Next, a multi-hazard map was produced by combining the most accurate AH, RH,

and FH maps (multi-hazard = AH + RH + FH). Finally, the exposure and multi-hazard maps were

fed into a risk equation (Risk = Hazard × Exposure) [71,72] and a multi-hazard exposure map for the

Asara watershed was generated.

4. Results

4.1. Hazard Maps

Hazard maps for the Asara watershed based on the BRT, GAM, and SVM models were created

for avalanches (Figure 4), rockfalls (Figure 5), and floods (Figure 6). According to Figure 4, the snow

avalanche susceptibility maps of the study area generated by the three models had the same overall

spatial pattern, with high avalanche susceptibility in the central part of the study area. However,

the spatial detail of each model also differs: High susceptible class in the GAM result covered more

areas than other two models. It is clear that the high susceptibility is mostly in avalanche slopes in the

northern aspect, which is in agreement with the results of Kumar et al. [43] who conducted avalanche

susceptibility mapping in Nubra valley region, Indian Himalaya. In fact, the shady slopes become

instable in the winter, while the sun facing aspects remain more stable.

As can be seen in Figure 5, BRT and SVM models resulted in relatively similar pattern, although

the predicted susceptibility degree in the GAM model is a bit different. The northern part of the study

area has the highest snow avalanche susceptibility, which also has the highest slope degree. In the

flood susceptibility mapping, all the three models showed the relatively same prediction (Figure 6):

Flood susceptible areas are mostly in areas with high drainage density. In general, high drainage

density sites can be found in different parts of the study area.

Table 3 summarized the results of the goodness-of-fit for each disaster type and also each model.

In snow avalanche modeling, SVM had the highest accuracy (AUC = 94.1%, TSS = 0.82), followed by

the BRT (AUC = 91.2%, TSS = 0.73). However, the least accuracy belonged to the GAM (AUC = 84.4%,

TSS = 0.68). According the accuracy of the rockfall models in the training step, SVM outperformed

other models based on the both AUC (95.3%) and TSS (0.84) criteria. Considering the AUC criterion,

the variation in the goodness-of-fit of BRT (92.6%) and GAM (92.2%) models was not high. TSS values

for BRT and GAM indicated that BRT (TSS = 0.75) performed better than GAM (TSS = 0.72). In flood

hazard modeling, BRT produced a better prediction (AUC = 96.5%, TSS = 0.83), followed by SVM (AUC

= 91.9%, TSS = 0.75), and GAM (AUC = 89.7%, TSS = 0.72). However, the goodness-of-fit of the model

illustrates how well the model fit the training data set. The prediction capacity and generalization

abilities of the model cannot be judged using the goodness-of-fit of the model because it is determined

by the training data set that were already used to build the model [13].
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Figure 4. Snow-avalanche hazard maps using: (a) BRT, (b) GAM, and (c) SVM.

 
Figure 5. Rock-fall hazard maps using: (a) BRT, (b) GAM, and (c) SVM.
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Figure 6. Flood hazard maps using: (a) BRT, (b) GAM, and (c) SVM.

Table 3. Goodness-of-fit and predictive performance of models for three hazard types.

Hazard Type Model

Goodness-of-Fit
(Training Step)

Predictive Performance
(Validation Step)

AUC (%) TSS AUC (%) TSS

Snow-avalanche

BRT 91.2 0.73 89.6 0.71
GAM 84.4 0.68 83.1 0.61
SVM 94.1 0.82 92.4 0.72

Rock-fall

BRT 92.6 0.75 88.5 0.67
GAM 92.2 0.72 90.3 0.69
SVM 95.3 0.84 93.7 0.81

Flood

BRT 96.5 0.83 94.2 0.8

GAM 89.7 0.72 86.9 0.67
SVM 91.9 0.75 89.3 0.69

The validation results showed that the SVM model had the highest performance for predicting

snow avalanche (AUC = 92.4%, TSS = 0.72), followed by BRT (AUC = 89.6%, TSS = 0.71) (Table 3).

However, GAM was the least accurate of the three with an AUC value of 83.1% and a TSS value of

0.61. For rockfall mapping, SVM was the best model based on the AUC (93.7%) and TSS (0.81); GAM

(AUC = 90.3%, TSS = 0.69) and BRT (AUC = 88.5%, TSS = 0.67) were second and third, respectively.

In addition, the results of validation in flood hazard modeling demonstrated that BRT (AUC = 94.2%,

TSS = 0.8) outperformed SVM (AUC = 89.3%, TSS = 0.69) and GAM (AUC = 86.9%, TSS = 0.67).

Considering the best model for each hazard type (i.e., SVM for snow avalanche and rockfall,

and BRT for flood), a weighted integration method was used to conduct the multi-hazard susceptibility

analysis which the AUC values in the validation step are the assigned weight. The multi-hazard

susceptibility map of the study area is shown in Figure 7.
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Figure 7. Multi-hazard susceptibility map of the study area.

4.2. Exposure Map

Figure 8 represents exposure factors and Table 4 illustrates the classes of each exposure factor

and their normalized rate (NR) values. Results of the AHP based exposure analysis showed that the

distance from the residential area (DFRA) is the most important factor, whereas the distance from

power transmission lines (DFPTL) had the least importance among exposure-related factors (Table 5).

It is worth noting that the consistency ratio (CR) was 0.07 in this study. Therefore, it shows that there is

a reasonable level of consistency in the pairwise comparison because it is less than 0.1. Based on the

maps of exposure-related factors (main roads, rural roads, residential areas, and power transmission

lines), the final exposure map was produced (Figure 9). It indicates that residential areas and roads are

the most important elements in terms of the exposure analysis.

Table 4. Normalized rates (NR) for classes of the vulnerability factors.

Vulnerability Factors Class Rate (R) Normalized Rate (NR)

Distance from residential
area (m)

0–50 5 5/15 = 0.333
50–100 4 4/15 = 0.266
100–250 3 3/15 = 0.2
250–500 2 2/15 = 0.133
>500 1 1/15 = 0.066
Total 15 -

Distance from main road (m)

0–50 5 0.416
50–100 4 0.333
100–250 2 0.166
>250 1 0.083

Distance from rural road (m)
0–50 5 0.555

50–100 3 0.333
>100 1 0.111

Distance from power
transmission lines (m)

0–50 5 0.625
50–100 2 0.25
>100 1 0.125
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Figure 8. Exposure-related factors: (a) Distance from main roads, (b) distance from rural roads,

(c) distance from residential areas, and (d) distance from power transmission lines.

Table 5. A matrix of pair-wise comparisons of four criteria for determining weights in AHP method.

DFRA DFMR DFRR DFPTL Weight

DFRA 1 3 5 7 0.546
DFMR 1 5 6 0.304
DFRR 1 3 0.099
DFPTL 1 0.055

DFRA: distance from residential area; DEMR: distance from main road; DFRR: Distance from rural road; DFPTL:
Distance from power transmission lines.

 

Figure 9. Exposure map of the study area.
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4.3. Multi-Hazard Exposure Map

Figure 10 represents the multi-hazard exposure map in the Asara watershed. Based on the

multi-hazard exposure classification (equal interval method), the watershed was classified into five

classes: ery low risk, low risk, medium risk, high risk, and very high risk. There is significant spatial

variation in multi-hazard exposure. High risk areas cover 1.88% and very high cover 0.08% of the

study area, whereas 52.12%, 36.27%, and 9.65% of study watershed were classified as very-low, low,

and medium risk areas, respectively.

 

Figure 10. (a) Multi-hazard exposure map, and (b) multi-hazard exposure class map.

5. Discussion

The results of this study indicated that the predictive ability of models in Nat. Hazards is highly

affected by the type of the hazard. In this study, we found that SVM was the most accurate model for

analyzing avalanche and rockfall hazards in the Asara watershed, while BRT had the highest accuracy

for spatially predicting flood hazard. Therefore, a machine learning model that has a high predictive

performance for a natural disaster (e.g., snow avalanche) may showed a lower performance for another

natural disaster (e.g., flood). The SVM-based classifiers automatically determine classification areas by

statistical analysis of observed training datasets. In addition, the SVM model does not offer direct access

to classification borders and thus it is not easy to check the classification, so users should carefully

select positive and negative events. The results obtained in the present study confirm previous findings

on the ability of SVM to predict avalanche hazards [73,74] and rockfall hazards [25]. The results

of this study confirm previous findings that BRT is one of the most accurate models for mapping

flood-prone areas [57]. Tree-based models automatically fit non-linear relationships to flood area input

factors [75]. Therefore, since Nat. Hazards present a high level of complexity, especially in a complex

system such as a mountainous watershed, multi-hazard analysis should be undertaken using different

advanced machine learning techniques [17,76]. ML models are critical in helping landscape managers

to understand the complex factors controlling Nat. Hazards and more efficiently plan the mitigation

measures [71,76].

Production of an exposure map based on AHP was one of the important steps in our multi-hazard

exposure mapping approach. Analytical hierarchy process offers a flexible, step-by-step, transparent

way to combine factors that play an important role for exposure in different dimensions [77,78].

The present study identified the possible high-risk areas in one of the most important mountainous

watersheds (in terms of travel and traffic) in Iran. In general, the results should not be viewed as definite

risk maps, but should be used as basis for planning risk management and implementing ecological

engineering measures to the high-risk areas. The multi-hazard exposure map (Figure 10) showed that

areas associated with a high and very high levels of risk represented a very small proportion of the

Asara watershed. However, the areas with high and very high risk levels were mostly located in the

valleys which are also the concentration points of infrastructure and population.
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These are the areas where the preventive actions should be prioritized. In case of floods, it is

necessary to protect lower lands that are exposed to flood hazards by constructing impounding dams

upstream of the larger villages [79]. The dams will not only prevent flooding but also provide water

during the dry season. For villages that are located headwaters and are less exposed to flood risk,

a construction of flood protection walls should reduce the risk considerably. To reduce the rock-fall

risk, structural protection measures in the areas with high risk, existing infrastructure, and residential

areas need to be implemented. These measures can include the removal of unstable rock elements,

slope reshaping or stabilization of unstable rock masses by the use of vegetation or steel wire mesh.

New buildings should be carefully planned in all high risk multi-hazard areas. They should be sited

and designed according to the character of the local landscape and very high risk areas should be

avoided [80]. Moreover, all aforementioned engineering measures should be accompanied with raising

the people’s awareness in the high risk areas.

6. Conclusions

A multi-hazard exposure study was conducted based on three natural disasters (avalanches,

rockfalls, and floods) in a mountainous region in Iran. The SVM, BRT, and GAM models were

used to predict disaster prone areas for a very important Iranian watershed with a high level of

vehicular traffic. Results indicated that the SVM model had the highest accuracy for avalanches

and rockfalls hazards, while BRT demonstrated the best performance for spatially predicting flood

hazard. Therefore, the hazard models applied differed in their accuracy of prediction for the different

hazards, which should be borne in mind when selecting a model for risk mapping. Furthermore,

results revealed that hazard type can affect the ranking of the models. The approach presented and

the results obtained could be very useful for multi-risk mapping in mountainous areas around the

world. The multi-hazard exposure analysis helps to spatially prioritize the areas of implementation of

most cost-efficient engineering and nature-based solution practices in high risk areas. Therefore, it

helps the communities to adapt to natural disasters. Further research should be done to investigate the

importance of predictive factors in multi-hazard modeling.

Author Contributions: Conceptualization, O.R. and D.T.B.; Data curation, Z.K. and T.T.; Formal analysis, O.R.,
S.Y., T.T. and T.D.P.; Investigation, S.K.; Methodology, O.R., S.Y., E.U., S.K. and D.T.B.; Resources, Z.K.; Software,
S.Y.; Supervision, D.T.B; Writing—original draft, O.R. and E.U.; Writing—review & editing, Z.K., S.K., T.D.P. and
D.T.B.

Funding: This research was supported by the GIS Research Group, Ton Duc Thang University, Ho Chi Minh
City, Vietnam.

Acknowledgments: We thank the Iranian Department of Water Resources Management (IDWRM), Iranian
Department of Geology, the Road Organization of Iran, and Natural Resource Department and Regional Water
Company (NRDRWC) for providing data and maps. We greatly appreciate the three anonymous reviewers for
their constructive comments that helped us to improve the paper.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Fuchs, S.; Keiler, M.; Zischg, A. A spatiotemporal multi-hazard exposure assessment based on property data.

Nat. Hazards Earth Syst. Sci. 2015, 15, 2127–2142. [CrossRef]

2. Barthel, F.; Neumayer, E. A trend analysis of normalized insured damage from natural disasters. Clim. Chang.

2012, 113, 215–237. [CrossRef]

3. Munich, R.E.; Kron, W.; Schuck, A. Topics Geo: Natural Catastrophes 2013: Analyses, Assessments, Positions;

Munchener Ruckversicherungs-Gesellschaft: Munich, Germany, 2014.

4. Bell, R.; Glade, T. Multi-hazard analysis in natural risk assessments. In Landslides; Safety & Security

Engineering Series; WIT Press: Southampton, UK, 2012; pp. 1–10.

5. Michielsen, A.; Kalantari, Z.; Lyon, S.W.; Liljegren, E. Predicting and communicating flood risk of transport

infrastructure based on watershed characteristics. J. Environ. Manag. 2016, 182, 505–518. [CrossRef]

[PubMed]

http://dx.doi.org/10.5194/nhess-15-2127-2015
http://dx.doi.org/10.1007/s10584-011-0331-2
http://dx.doi.org/10.1016/j.jenvman.2016.07.051
http://www.ncbi.nlm.nih.gov/pubmed/27526088


Remote Sens. 2019, 11, 1943 17 of 20

6. McGuire, K.J.; McDonnell, J.J. Hydrological connectivity of hillslopes and streams: Characteristic time scales

and nonlinearities. Water Resour. Res. 2010, 46. [CrossRef]

7. Nikolopoulos, E.I.; Anagnostou, E.N.; Borga, M.; Vivoni, E.R.; Papadopoulos, A. Sensitivity of a mountain

basin flash flood to initial wetness condition and rainfall variability. J. Hydrol. 2011, 402, 165–178. [CrossRef]

8. Jamieson, B.; Stethem, C. Snow avalanche hazards and management in Canada: challenges and progress.

Nat. Hazards 2002, 26, 35–53. [CrossRef]

9. Corona, C.; Stoffel, M. Snow and Ice Avalanches. In International Encyclopedia of Geography: People, the Earth,

Environment and Technology; John Wiley & Sons, Ltd.: Hoboken, NJ, USA, 2017; pp. 1–7.

10. Meses, an, F.; Man, T.C.; Pop, O.T.; Gavrilă, I.G. Reconstructing snow-avalanche extent using remote sensing

and dendrogeomorphology in Parâng Mountains. Cold Reg. Sci. Technol. 2019, 157, 97–109. [CrossRef]

11. Pourghasemi, H.R.; Pradhan, B.; Gokceoglu, C. Application of fuzzy logic and analytical hierarchy process

(AHP) to landslide susceptibility mapping at Haraz watershed, Iran. Nat. Hazards 2012, 63, 965–996.

[CrossRef]

12. Dehnavi, A.; Aghdam, I.N.; Pradhan, B.; Morshed Varzandeh, M.H. A new hybrid model using step-wise

weight assessment ratio analysis (SWARA) technique and adaptive neuro-fuzzy inference system (ANFIS)

for regional landslide hazard assessment in Iran. Catena 2015, 135, 122–148. [CrossRef]

13. Suresh, D.; Yarrakula, K.; Venkateswarlu, B.; Mohanty, B.; Manupati, V. Risk Mapping Analysis With

Geographic Information Systems for Landslides Using Supply Chain. In Emerging Applications in Supply

Chains for Sustainable Business Development; IGI Global: Hershey, PA, USA, 2019; pp. 131–141.

14. Tien Bui, D.; Anh Tuan, T.; Hoang, N.-D.; Quoc Thanh, N.; Nguyen, B.D.; Van Liem, N.; Pradhan, B. Spatial

Prediction of Rainfall-induced Landslides for the Lao Cai area (Vietnam) Using a Novel hybrid Intelligent

Approach of Least Squares Support Vector Machines Inference Model and Artificial Bee Colony Optimization.

Landslides 2017, 14, 447–458. [CrossRef]

15. Barredo, J.I. Major flood disasters in Europe: 1950–2005. Nat. Hazards 2006, 42, 125–148. [CrossRef]

16. Rahmati, O.; Zeinivand, H.; Besharat, M. Flood hazard zoning in Yasooj region, Iran, using GIS and

multi-criteria decision analysis. Geomat. Nat. Hazards Risk 2015, 7, 1000–1017. [CrossRef]

17. Shafizadeh-Moghadam, H.; Valavi, R.; Shahabi, H.; Chapi, K.; Shirzadi, A. Novel forecasting approaches

using combination of machine learning and statistical models for flood susceptibility mapping. J. Environ.

Manag. 2018, 217, 1–11. [CrossRef] [PubMed]

18. Tien Bui, D.; Hoang, N.-D. A Bayesian framework based on a Gaussian mixture model and radial-basis-

function Fisher discriminant analysis (BayGmmKda V1. 1) for spatial prediction of floods. Geosci. Model Dev.

2017, 10, 3391. [CrossRef]

19. Glade, T. Linking debris-flow hazard assessments with geomorphology. Geomorphology 2005, 66, 189–213.

[CrossRef]

20. Sepúlveda, S.A.; Padilla, C. Rain-induced debris and mudflow triggering factors assessment in the Santiago

cordilleran foothills, Central Chile. Nat. Hazards 2008, 47, 201–215. [CrossRef]

21. Tsereteli, E.; Gaprindashvili, G.; Gaprindashvili, M.; Bolashvili, N.; Gongadze, M. Hazard Risk of Debris/Mud

Flow Events in Georgia and Methodological Approaches for Management. In IAEG/AEG Annual Meeting

Proceedings, San Francisco, California; Springer International Publishing: Basel, Switzerland, 2018; Volume 5,

pp. 153–160.

22. Pardini, G.; Gispert, M.; Dunjo, G. Runoff erosion and nutrient depletion in five Mediterranean soils of NE

Spain under different land use. Sci. Total Environ. 2003, 309, 213–224. [CrossRef]

23. Prasannakumar, V.; Vijith, H.; Abinod, S.; Geetha, N. Estimation of soil erosion risk within a small mountainous

sub-watershed in Kerala, India, using Revised Universal Soil Loss Equation (RUSLE) and geo-information

technology. Geosci. Front. 2012, 3, 209–215. [CrossRef]

24. Prosdocimi, M.; Cerdà, A.; Tarolli, P. Soil water erosion on Mediterranean vineyards: A review. Catena 2016,

141, 1–21. [CrossRef]

25. Michoud, C.; Derron, M.H.; Horton, P.; Jaboyedoff, M.; Baillifard, F.J.; Loye, A.; Nicolet, P.; Pedrazzini, A.;

Queyrel, A. Rockfall hazard and risk assessments along roads at a regional scale: Example in Swiss Alps.

Nat. Hazards Earth Syst. Sci. 2012, 12, 615–629. [CrossRef]

26. Shirzadi, A.; Saro, L.; Hyun Joo, O.; Chapi, K. A GIS-based logistic regression model in rock-fall susceptibility

mapping along a mountainous road: Salavat Abad case study, Kurdistan, Iran. Nat. Hazards 2012, 64,

1639–1656. [CrossRef]

http://dx.doi.org/10.1029/2010WR009341
http://dx.doi.org/10.1016/j.jhydrol.2010.12.020
http://dx.doi.org/10.1023/A:1015212626232
http://dx.doi.org/10.1016/j.coldregions.2018.10.002
http://dx.doi.org/10.1007/s11069-012-0217-2
http://dx.doi.org/10.1016/j.catena.2015.07.020
http://dx.doi.org/10.1007/s10346-016-0711-9
http://dx.doi.org/10.1007/s11069-006-9065-2
http://dx.doi.org/10.1080/19475705.2015.1045043
http://dx.doi.org/10.1016/j.jenvman.2018.03.089
http://www.ncbi.nlm.nih.gov/pubmed/29579536
http://dx.doi.org/10.5194/gmd-10-3391-2017
http://dx.doi.org/10.1016/j.geomorph.2004.09.023
http://dx.doi.org/10.1007/s11069-007-9210-6
http://dx.doi.org/10.1016/S0048-9697(03)00007-X
http://dx.doi.org/10.1016/j.gsf.2011.11.003
http://dx.doi.org/10.1016/j.catena.2016.02.010
http://dx.doi.org/10.5194/nhess-12-615-2012
http://dx.doi.org/10.1007/s11069-012-0321-3


Remote Sens. 2019, 11, 1943 18 of 20

27. Losasso, L.; Jaboyedoff, M.; Sdao, F. Potential rock fall source areas identification and rock fall propagation in

the province of Potenza territory using an empirically distributed approach. Landslides 2017, 14, 1593–1602.

[CrossRef]

28. Statham, G.; Haegeli, P.; Greene, E.; Birkeland, K.; Israelson, C.; Tremper, B.; Stethem, C.; McMahon, B.;

White, B.; Kelly, J. A conceptual model of avalanche hazard. Nat. Hazards 2017, 90, 663–691. [CrossRef]

29. Bühler, Y.; Christen, M.; Kowalski, J.; Bartelt, P. Sensitivity of snow avalanche simulations to digital elevation

model quality and resolution. Ann. Glaciol. 2011, 52, 72–80. [CrossRef]

30. Pourghasemi, H.R.; Yousefi, S.; Kornejady, A.; Cerdà, A. Performance assessment of individual and ensemble

data-mining techniques for gully erosion modeling. Sci. Total Environ. 2017, 609, 764–775. [CrossRef]

31. Rijsdijk, A.; Sampurno Bruijnzeel, L.A.; Sutoto, C.K. Runoff and sediment yield from rural roads, trails and

settlements in the upper Konto catchment, East Java, Indonesia. Geomorphology 2007, 87, 28–37. [CrossRef]

32. Spitz, W.; Lagasse, P.; Schumm, S.; Zevenbergen, L. A Methodology for Predicting Channel Migration

NCHRP Project No. 24–16. In Wetlands Engineering & River Restoration 2001; American Society of Civil

Engineers: Reston, VA, USA, 2001.

33. Kalantari, Z.; Ferreira, C.S.S.; Koutsouris, A.J.; Ahmer, A.-K.; Cerdà, A.; Destouni, G. Assessing flood

probability for transportation infrastructure based on catchment characteristics, sediment connectivity and

remotely sensed soil moisture. Sci. Total Environ. 2019, 661, 393–406. [CrossRef]

34. Gardner, J.S.; Dekens, J. Mountain hazards and the resilience of social–ecological systems: lessons learned in

India and Canada. Nat. Hazards 2006, 41, 317–336. [CrossRef]

35. Kalantari, Z.; Cavalli, M.; Cantone, C.; Crema, S.; Destouni, G. Flood probability quantification for road

infrastructure: Data-driven spatial-statistical approach and case study applications. Sci. Total Environ. 2017,

581–582, 386–398. [CrossRef]

36. Gruber, F.E.; Mergili, M. Regional-scale analysis of high-mountain multi-hazard and risk indicators in the

Pamir (Tajikistan) with GRASS GIS. Nat. Hazards Earth Syst. Sci. 2013, 13, 2779–2796. [CrossRef]

37. Karlsson, C.S.J.; Kalantari, Z.; Mörtberg, U.; Olofsson, B.; Lyon, S.W. Natural Hazard Susceptibility Assessment

for Road Planning Using Spatial Multi-Criteria Analysis. Environ. Manag. 2017, 60, 823–851. [CrossRef]

38. McClung, D.; Schaerer, P.A. The Avalanche Handbook; The Mountaineers Books: Seattle, WA, USA, 2006.

39. Barbolini, M.; Pagliardi, M.; Ferro, F.; Corradeghini, P. Avalanche hazard mapping over large undocumented

areas. Nat. Hazards 2009, 56, 451–464. [CrossRef]

40. Van Westen, C.J.; Greiving, S. Multi-hazard risk assessment and decision making. In Environmental Hazards

Methodologies for Risk Assessment and Management; IWA publishing: London, UK, 2017; pp. 31–94.

41. Zhou, H.; Wan, J.; Jia, H. Resilience to natural hazards: a geographic perspective. Nat. Hazards 2010, 53,

21–41. [CrossRef]

42. Demirkesen, A.C. Multi-risk interpretation of natural hazards for settlements of the Hatay province in the

east Mediterranean region, Turkey using SRTM DEM. Environ. Earth Sci. 2012, 65, 1895–1907. [CrossRef]

43. Zhou, Y.; Liu, Y.; Wu, W.; Li, N. Integrated risk assessment of multi-hazards in China. Nat. Hazards 2015, 78,

257–280. [CrossRef]

44. Gallina, V.; Torresan, S.; Critto, A.; Sperotto, A.; Glade, T.; Marcomini, A. A review of multi-risk methodologies

for natural hazards: Consequences and challenges for a climate change impact assessment. J. Environ. Manag.

2016, 168, 123–132. [CrossRef]

45. Schmidt, J.; Matcham, I.; Reese, S.; King, A.; Bell, R.; Henderson, R.; Smart, G.; Cousins, J.; Smith, W.; Heron, D.

Quantitative multi-risk analysis for natural hazards: a framework for multi-risk modelling. Nat. Hazards

2011, 58, 1169–1192. [CrossRef]

46. Rahmati, O.; Tahmasebipour, N.; Haghizadeh, A.; Pourghasemi, H.R.; Feizizadeh, B. Evaluating the influence

of geo-environmental factors on gully erosion in a semi-arid region of Iran: An integrated framework.

Sci. Total Environ. 2017, 579, 913–927. [CrossRef] [PubMed]

47. Mirzaee, S.; Yousefi, S.; Keesstra, S.; Pourghasemi, H.R.; Cerdà, A.; Fuller, I.C. Effects of hydrological events

on morphological evolution of a fluvial system. J. Hydrol. 2018, 563, 33–42. [CrossRef]

48. Anzai, Y. Pattern Recognition and Machine Learning; Elsevier: Amsterdam, The Netherlands, 2012.

49. Pham, B.T.; Tien Bui, D.; Prakash, I.; Dholakia, M.B. Hybrid integration of Multilayer Perceptron Neural

Networks and machine learning ensembles for landslide susceptibility assessment at Himalayan area (India)

using GIS. Catena A 2017, 149, 52–63. [CrossRef]

http://dx.doi.org/10.1007/s10346-017-0807-x
http://dx.doi.org/10.1007/s11069-017-3070-5
http://dx.doi.org/10.3189/172756411797252121
http://dx.doi.org/10.1016/j.scitotenv.2017.07.198
http://dx.doi.org/10.1016/j.geomorph.2006.06.040
http://dx.doi.org/10.1016/j.scitotenv.2019.01.009
http://dx.doi.org/10.1007/s11069-006-9038-5
http://dx.doi.org/10.1016/j.scitotenv.2016.12.147
http://dx.doi.org/10.5194/nhess-13-2779-2013
http://dx.doi.org/10.1007/s00267-017-0912-6
http://dx.doi.org/10.1007/s11069-009-9434-8
http://dx.doi.org/10.1007/s11069-009-9407-y
http://dx.doi.org/10.1007/s12665-011-1171-0
http://dx.doi.org/10.1007/s11069-015-1713-y
http://dx.doi.org/10.1016/j.jenvman.2015.11.011
http://dx.doi.org/10.1007/s11069-011-9721-z
http://dx.doi.org/10.1016/j.scitotenv.2016.10.176
http://www.ncbi.nlm.nih.gov/pubmed/27887837
http://dx.doi.org/10.1016/j.jhydrol.2018.05.065
http://dx.doi.org/10.1016/j.catena.2016.09.007


Remote Sens. 2019, 11, 1943 19 of 20

50. Jadda, M.; Shafri, H.Z.M.; Mansor, S.B. PFR model and GiT for landslide susceptibility mapping: a case

study from Central Alborz, Iran. Nat. Hazards 2010, 57, 395–412. [CrossRef]

51. Hosseini, K.; Ghayamghamian, M.R. A survey of challenges in reducing the impact of geological hazards

associated with earthquakes in Iran. Nat. Hazards 2012, 62, 901–926. [CrossRef]

52. Wei, Z.; Yin, G.; Wang, J.G.; Wan, L.; Jin, L. Stability analysis and supporting system design of a high-steep

cut soil slope on an ancient landslide during highway construction of Tehran–Chalus. Environ. Earth Sci.

2012, 67, 1651–1662. [CrossRef]

53. Stethem, C.; Jamieson, B.; Schaerer, P.; Liverman, D.; Germain, D.; Walker, S. Snow avalanche hazard in

Canada–a review. Nat. Hazards 2003, 28, 487–515. [CrossRef]

54. Christophe, C.; Georges, R.; Jérôme, L.S.; Markus, S.; Pascal, P. Spatio-temporal reconstruction of snow

avalanche activity using tree rings: Pierres Jean Jeanne avalanche talus, Massif de l’Oisans, France. Catena

2010, 83, 107–118. [CrossRef]

55. Tehrany, M.S.; Pradhan, B.; Mansor, S.; Ahmad, N. Flood susceptibility assessment using GIS-based support

vector machine model with different kernel types. Catena 2015, 125, 91–101. [CrossRef]

56. Germain, D. Snow avalanche hazard assessment and risk management in northern Quebec, eastern Canada.

Nat. Hazards 2015, 80, 1303–1321. [CrossRef]

57. Rahmati, O.; Pourghasemi, H.R. Identification of Critical Flood Prone Areas in Data-Scarce and Ungauged

Regions: A Comparison of Three Data Mining Models. Water Resour. Manag. 2017, 31, 1473–1487. [CrossRef]

58. Clark, T. Exploring the Link between the Conceptual Model of Avalanche Hazard and the North American Public

Avalanche Danger Scale; Simon Fraser University: Burnaby, BC, Canada, 2019.

59. Tien Bui, D.; Tsangaratos, P.; Ngo, P.-T.T.; Pham, T.D.; Pham, B.T. Flash flood susceptibility modeling using an

optimized fuzzy rule based feature selection technique and tree based ensemble methods. Sci. Total Environ.

2019, 668, 1038–1054.

60. Lee, S.; Pradhan, B. Landslide hazard mapping at Selangor, Malaysia using frequency ratio and logistic

regression models. Landslides 2007, 4, 33–41. [CrossRef]

61. Hastie, T.; Tibshirani, R. Generalized Additive Models; Chapman and Hall/CRC: London, UK, 1990; Volume 1.

62. Friedman, J.H. Greedy Function Approximation: A Gradient Boosting Machine. Ann. Stat. 2001, 29,

1189–1232. [CrossRef]

63. Döpke, J.; Fritsche, U.; Pierdzioch, C. Predicting recessions with boosted regression trees. Int. J. Forecast.

2017, 33, 745–759. [CrossRef]

64. Elith, J.; Leathwick, J.R.; Hastie, T. A working guide to boosted regression trees. J. Anim. Ecol. 2008, 77,

802–813. [CrossRef] [PubMed]

65. Chung, Y.-S. Factor complexity of crash occurrence: An empirical demonstration using boosted regression

trees. Accid. Anal. Prev. 2013, 61, 107–118. [CrossRef] [PubMed]

66. Vapnik, V.; Guyon, I.; Hastie, T. Support vector machines. Mach. Learn 1995, 20, 273–297.

67. Schölkopf, B.; Smola, A.J.; Bach, F. Learning with Kernels: Support Vector Machines, Regularization, Optimization,

and Beyond; MIT press: Cambridge, MA, USA, 2002.

68. Allouche, O.; Tsoar, A.; Kadmon, R. Assessing the accuracy of species distribution models: prevalence, kappa

and the true skill statistic (TSS). J. Appl. Ecol. 2006, 43, 1223–1232. [CrossRef]

69. Hanley, J.A.; McNeil, B.J. The meaning and use of the area under a receiver operating characteristic (ROC)

curve. Radiology 1982, 143, 29–36. [CrossRef]

70. Marzban, C. The ROC Curve and the Area under It as Performance Measures. Weather Forecast. 2004, 19,

1106–1114. [CrossRef]

71. Darabi, H.; Choubin, B.; Rahmati, O.; Torabi Haghighi, A.; Pradhan, B.; Kløve, B. Urban flood risk mapping

using the GARP and QUEST models: A comparative study of machine learning techniques. J. Hydrol. 2019,

569, 142–154. [CrossRef]

72. Dewan, A.M. Hazards, Risk, and Vulnerability. In Floods in a Megacity; Springer: Dordrecht, The Netherlands,

2013; pp. 35–74.

73. Pozdnoukhov, A.; Purves, R.S.; Kanevski, M. Applying machine learning methods to avalanche forecasting.

Ann. Glaciol. 2008, 49, 107–113. [CrossRef]

74. Thüring, T.; Schoch, M.; van Herwijnen, A.; Schweizer, J. Robust snow avalanche detection using supervised

machine learning with infrasonic sensor arrays. Cold Reg. Sci. Technol. 2015, 111, 60–66. [CrossRef]

http://dx.doi.org/10.1007/s11069-010-9620-8
http://dx.doi.org/10.1007/s11069-012-0123-7
http://dx.doi.org/10.1007/s12665-012-1606-2
http://dx.doi.org/10.1023/A:1022998512227
http://dx.doi.org/10.1016/j.catena.2010.08.004
http://dx.doi.org/10.1016/j.catena.2014.10.017
http://dx.doi.org/10.1007/s11069-015-2024-z
http://dx.doi.org/10.1007/s11269-017-1589-6
http://dx.doi.org/10.1007/s10346-006-0047-y
http://dx.doi.org/10.1214/aos/1013203451
http://dx.doi.org/10.1016/j.ijforecast.2017.02.003
http://dx.doi.org/10.1111/j.1365-2656.2008.01390.x
http://www.ncbi.nlm.nih.gov/pubmed/18397250
http://dx.doi.org/10.1016/j.aap.2012.08.015
http://www.ncbi.nlm.nih.gov/pubmed/22975365
http://dx.doi.org/10.1111/j.1365-2664.2006.01214.x
http://dx.doi.org/10.1148/radiology.143.1.7063747
http://dx.doi.org/10.1175/825.1
http://dx.doi.org/10.1016/j.jhydrol.2018.12.002
http://dx.doi.org/10.3189/172756408787814870
http://dx.doi.org/10.1016/j.coldregions.2014.12.014


Remote Sens. 2019, 11, 1943 20 of 20

75. Snelder, T.H.; Lamouroux, N.; Leathwick, J.R.; Pella, H.; Sauquet, E.; Shankar, U. Predictive mapping of the

natural flow regimes of France. J. Hydrol. 2009, 373, 57–67. [CrossRef]

76. Naghibi, S.A.; Pourghasemi, H.R.; Dixon, B. GIS-based groundwater potential mapping using boosted

regression tree, classification and regression tree, and random forest machine learning models in Iran.

Environ. Monit. Assess. 2015, 188. [CrossRef] [PubMed]

77. Krois, J.; Schulte, A. GIS-based multi-criteria evaluation to identify potential sites for soil and water

conservation techniques in the Ronquillo watershed, northern Peru. Appl. Geogr. 2014, 51, 131–142.

[CrossRef]

78. Kumar, S.; Srivastava, P.K.; Snehmani. GIS-based MCDA–AHP modelling for avalanche susceptibility

mapping of Nubra valley region, Indian Himalaya. Geocarto Int. 2016, 32, 1254–1267. [CrossRef]

79. Asgharpour, S.E.; Ajdari, B. A Case Study on Seasonal Floods in Iran, Watershed of Ghotour Chai Basin.

Procedia-Soc. Behav. Sci. 2011, 19, 556–566. [CrossRef]

80. Marsh, W.M. Landscape Planning: Environmental Applications; John Wiley & Sons: Hoboken, NJ, USA, 2005.

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access

article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.jhydrol.2009.04.011
http://dx.doi.org/10.1007/s10661-015-5049-6
http://www.ncbi.nlm.nih.gov/pubmed/26687087
http://dx.doi.org/10.1016/j.apgeog.2014.04.006
http://dx.doi.org/10.1080/10106049.2016.1206626
http://dx.doi.org/10.1016/j.sbspro.2011.05.169
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Study Area 
	Methodology 
	Multi-Hazard Modelling 
	Predictive Factors 
	Multi-Hazard Inventory 
	Application of Models 
	Accuracy Assessment 

	Exposure-Related Factors 
	Multi-Hazard Exposure Mapping 

	Results 
	Hazard Maps 
	Exposure Map 
	Multi-Hazard Exposure Map 

	Discussion 
	Conclusions 
	References

