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Abstract
The current study aimed at producing a multi-hazard risk map for Hasher-Fayfa Basin. The Basin is part
of Jazan region in the southwestern Saudi Arabia and is distinguished by mountainous terrain. Recently,
this area has experienced many extreme natural processes that become natural hazard events when it
intersects with human activities (urban areas and infrastructures). This work is mapping the probabilities
of three main hazards; landslides, �oods, and gully erosion using machine learning algorithms named
boosted regression tree (BRT), a generalized linear model (GLM), Flexible discriminant analysis (FDA),
random forest (RF), and multivariate discriminant analysis (MDA). Several factors obtained from various
sources, including topographical, geological, meteorological, hydrological, and human activities were
incorporated to produce the �nal multi-hazard risk model. Area under the curve (AUC) was applied to
identify the best predictive model for each natural hazard type. AUC values between 80 and 90%
indicated that the model is very good and above 90% indicated that the model is excellent in predictive
capability. Based on the accuracy evaluation, it was found that the FDAFDA model is the most accurate
for predicting landslides with AUC values of (92.7%, excellent performance), RF model is the most
accurate for predicting �oods and erosion with AUC values of (97.2%-excellent and 83.3%-very good
performance, respectively). Finally, multi-hazard risk map was prepared by coupling of the mentioned
three hazards. Results showed that 33.5% of the total area is safe (no-hazard), whereas 66.5% is
characterized by at least a single hazard and 2–32 − 3 hazard combination. Machine learning
approaches are useful tools as baselines for management and mitigation processes, based on multi-
hazard modeling. It could help planners and decision-makers to manage future human activities and
expansions.

1. Introduction
Managing disasters is challenging due to various kinds of hazards (e.g., natural and anthropogenic
hazards) (De Silva and Kawasaki, 2018). Natural processes will become natural hazards, when they
intersect and have a negative effect on people life (Gill and Malamud, 2017; Ward et al., 2020).
Subsequently, natural hazards are the physical events that pose devastating impacts on communities,
damaging critical infrastructure, affecting economic viability, and claiming lives (IPCC, 2007). Worldwide,
an exponential increase in the human population leads to lateral expansion in development (urbanization,
agricultural activities, infrastructures, and life lines), subsequently increasing the exposure and interaction
with different types of natural hazards (Weinkle et al., 2018). Globally, several areas are vulnerable to
events involving several types of hazards that are related to the same area and at the same time (Leonard
et al., 2014). Natural hazards have impacted people and natural environments in many undeveloped
countries more severely than developed countries, causing substantial loss of lives and enormous
economic plunge (Iglesias et al., 2021). In a simple de�nition, a hazard refers to the probability of
potential damage in certain areas (location or where?) and a speci�c period (time or when?) due to an
event with speci�c magnitude (how large?) (Shi, 2019).



Page 3/33

Arid and semi-arid areas around the world are impacted by different natural hazards events, ranging from
insigni�cant in�uence events to extremely events (IPCC, 2012; Tabari 2020; Rutgersson et al., 2021).
These natural hazards frequently occur, threatening everything (modern cities, ruler areas, infrastructures,
and life lines) (De Silva and Kawasaki, 2018). These disasters can cause great economic damage,
disruption of transportation systems, injury, and claiming lives. Mountainous provinces are highly likely
among the most disaster-susceptible areas due to their various characteristics such as lithology,
tectonics, climate, and hydrology (Baig et al., 2021). Risk related to natural hazards is high in middle East
countries due to lack of disaster preparedness and public awareness, and inadequate funding support
(AlQahtanya and Abubakarb, 2020). Saudi Arabia is one of these countries that experienced many natural
hazards, yearly (Alyami et al., 2021). These events cost lives and bring the economy to a static state.
Moreover, not much has been done to map different prone areas related to these natural hazards.

Mountainous regions that are inhabited by people and crossed by infrastructures are prone to not only
one type of hazard, but they are frequently the scene of multiple disasters that interact together, such as
earthquakes, avalanches, landslides, �oods, mudslides, ground subsidence, soil erosion, and wild�res
(Gill and Malamud, 2014; Shah et al., 2018). Duncan et al. (2016) de�ned multi-hazard as all potential
and cascading hazards, in any particular area at a certain period. Most of the time, these hazards can
cause severe damage to the various human activities located and intercept with the hazard prone areas
by causing fatalities and injuries, damaging their urban and industrial areas, destroying infrastructures
(roads, tunnels, and railways), and disrupt lifelines (power lines, water systems, and gas mains) (Bell and
Glade, 2004).

Due to the complexity of natural hazards, many studies deal with individual hazard types as an
independent approach (Wastl et al., 2011). Also, problems related to these problems (e.g., �oods,
landslides, and gully erosions) have been evacuated individually by applying various machine learning
algorithms-MLAs (Sarkar and Mishra, 2018; Ghorbanzadeh et al., 2019; Hosseiny et al., 2020; Zhou et al.,
2021). However, Earth system science approach indicates that a signi�cant interaction between different
types of hazard components due to the interaction between the component systems (e.g., the lithosphere,
atmosphere, hydrosphere, and biosphere). Accordingly, a holistic approach to understand all different
hazards in a certain area is a must and can prevent cascading hazards that can be formed by the
interaction of different hazard types. A multi-hazard risk evaluation could be signi�cant to control hazard
interactions (Komendantova et al., 2014). To prevent these natural hazards and protect people and their
properties and the country economy from long-term plunging, effective predictive models must develop
(Bathrellos et al., 2017). These models should base on profound understanding of the most in�uential
and triggering factors that have a signi�cant contribution on these hazards (van Westen and Greiving,
2017).

Multi-hazard modeling becomes an essential tool in land use development at both regional and national
scales (Saunders and Kilvington, 2016). These multi-hazard modeling approaches gain good attention
recently worldwide based on their ability to consider different types of hazards that could impact the area
(Schmidt et al., 2011; Skilodimou et al., 2019; Lombardo et al., 2020).
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Different approaches were used to conduct multi-hazards modeling e.g., by using two decision-making
tools including, sequential Monte Carlo method and decision-making tool (Komendantova et al., 2014);
using a deterministic equation based (theoretical) and empirical understanding (Bout et al., 2018); and by
using multi-criteria analysis and GIS (Skilodimou et al., 2019). Recently, MLAs have been widely used to
predict various hazards based on random forest (RF), and support vector machine-SVM (Nachappa et al.,
2020), boosted regression tree-BRT-, and generalized additive model-GAM (Ye et al., 2020).

In this study, no multi-hazard assessment has been done in Saudi Arabia before and the application of
machine learning techniques in multi-hazard assessment will be a novel study in the area. In this study,
developing a multi-hazard risk map using machine learning techniques for the most impacted natural
hazards (landslides, �oods, and gully erosion) in this area are crucial for effective landuse management.
The current study evaluates machine learning models (MDA, GLM, FDA, BRT, and RF) as effective and
accurate models to produce multi-hazard risk map for Hasher-Fayfa Basin that might be used by
authorities, developers, and decision-makers.

2. Study Area
The Jazan province has an area of 11,671 km2, is situated at the southwestern corner of Saudi Arabia,
bordering the Red Sea to the west and Asir region to the north (Fig. 1a). The Jazan region includes the
study area that is bounded by latitudes 17°10' to 17°30' N and longitudes 42°58' and 43°13' E. Hasher-
Fayfa Basin covers 513 Km2. Its elevation ranges from 220 m to 2,340 m above sea level (e.g. Fayfa
Mountain up to 2.3 km high). This makes it the one of the highest areas in KSA. The population of the
Jazan region is about 1.67 million persons in 2020 (https://knoema.com/atlas/Saudi-
Arabia/Jazan/Total-Population). The area under study inhabited by many people who live in the
mountainous areas as in (Fayfa Mountain, Fig. 1(b-c)). Since about six decades, Saudi Arabia was
discovered the oil �elds, many urban centers and infrastructures were established. The Jazan area has
been expanded drastically. The area has all the elements that could put it under a high risk of �oods,
landslides, and erosion that could impact the economic development of the region. These hazards will
pose a high risk to people and their property (buildings, highways, roads, infrastructure, and lifelines). The
basin is characterized by a rugged landscape with the iconic features of the Hasher and Fayfa
mountains. These mountains have steep reliefs (up to 88◦). Rainfall is the main trigger factor for
landslide, �ood, and erosion in the area under consideration. The region receives up to 500 mm/year of
precipitation, with a high rainfall value of 1,400 mm in 1979 (Hasanean and Almazroui 2015). The high
rainfall in the region is mainly due to the tropical air masses affecting the Jazan and Asir regions (the
southwestern provinces of KSA) and the high altitudes that produce orographic rainfall (Şen et al., 2017).

Additionally, the area is distinguished by the presence of intense tectonic deformation (folds, faults, shear
zones, fractures, and joints). The Red Sea Mountains of Saudi Arabia consists of extrusive and intrusive
igneous rocks, and metamorphic rocks. These rocks were formed by the collection of island arcs and
closure of the interleaving oceanic arcs 700 − 1,000 Ma (Greenwood, 1982; Stoeser and Camp, 1985).
These mountains were raised up due to the spreading of the Red Sea about thirty million years ago.
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These Precambrian rocks are unconformably overlain by sedimentary sequences of Paleozoic and
Cenozoic age (Agar, 1987).

3. Methodology
The current work involved �ve steps (Fig. 2): (1) data collection of the various events based on intensive
�eld work, analysis of various civil defense reports, technical reports, and questionnaires with the local
population (for the period between 2000 and 2020); (2) determine the various events based on a through
literature review; (3) model different hazard types using various machine learning techniques (; (4) model
validation and selection of the most appropriate model for each hazard type; and (5) generation of multi-
hazard risk map (MHRM) by integrating the high-AUC model for each hazard.

3.1. The inventory of hazard data (multi-hazards inventory)
Creating an inventory of susceptible landforms is an essential and crucial stage in hazard susceptibility
mapping. The inventory of landslides, gully erosion, and �ooding in the watershed of the study area was
compiled based on �eld investigations with the help of GPS instrument (732 sites were investigated
through the �eld work between 2015 and 2018) (Fig. 3). National and regional data from various sources,
including the Civil Defense, Jazan Region Authority, Ministry of Transportation, Saudi Geological Survey,
review of technical reports and scienti�c publications and the private sector of the Hasher and Fayfa
region were collected and reviewed. As some of the vulnerable areas are located in mountainous areas
and may have been overlooked during the �eld survey; so, high-resolution Google Earth images were also
used to detect landslides, gully erosion features, and �ooded areas. Based on this information, 100
landslide locations, 60 sites for gully erosion, and 70 sites for �ood locations were used to establish the
multi-hazard inventory map (Fig. 1a). In this study, we used a hazard and non-hazard locations and
machine learning techniques. Accordingly, equal numbers of hazards and non-hazardous locations were
randomly selected (Fang et al., 2021). A random partitioning method was used to select training and
validation sites for each hazard type in the inventory map. In the current work, training datasets (70% of
each hazard) were used for model generation and the remaining 30% of hazard locations were used for
model validation (Zhao et al., 2018; Wang et al., 2020).

3.2. Hazard-predictive factors (HPFs)
It indicated that hazard-predictive factors (HPFs) are the �rst step of the modeling process (Rusk et al.,
2022). Accordingly, intensive review of previous studies was done to identify the most effective factors
for each hazard type (Roy and Saha, 2019; Razavi-Termeh et al., 2020; Wang et al., 2020). Raster
database layers of different topography, climatology, hydrology, vegetation and landuse/landcover,
geology, and anthropogenic were selected and prepared using ArcGIS 10.8 of 5 × 5 m resolution (Table 1,
Fig. 4). These factors include 16 HPFs; elevation (Fig. 4a), slope angle (Fig. 4b), topographic wetness
index (TWI – Eq. 1) (Beven and Kirkby, 1979) (Fig. 4c), plan curvature (Fig. 4d), aspect (Fig. 4e),
topographic roughness index (TRI - Eq. 2) (Nellemann and Reynolds, 1997) (Fig. 4f), pro�le curvature
(Fig. 4g), and valley depth (VD) (Fig. 4h) were extracted from DEM 5 m resolution that were generated
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using 1:10,000 topographic map; lithology (Fig. 4n) and distance to fault (Fig. 4o) were extracted from a
geologic map of 1:250,000 scale obtained from Saudi Geological Survey; rainfall distribution map was
generated from 20 rainfall stations (acquired from the MEWA, covering a period from 1965 to 2020)
(Fig. 4i), distance to wadis (Fig. 4j) and stream density ((Fig. 4k) were generated from topographic map
1:10,000 scale and converted to distance to wadis and stream density using Euclidian distance tool and
density tools in ArcGIS 10.8; distance to road (Fig. 4p) was extracted from high resolution images (Google
Earth, then converted to distance to road using Euclidian distance tool in ArcGIS 10.8, landuse/land cover
(LULC) (Fig. 4m) and normalized differential vegetation index (NDVI) (Fig. 4l) were generated from
sentenil-2 image (10 m resolution) acquired in May 2020, LULC map was generated using maximum
likelihood classi�cation method, and �nally NDVI was extracted using NDVI equation (Eq. 3). Shalaby
and Tateishi (2007) pointed out that the maximum likelihood method is a stable and accurate model for
image classi�cation because it can apply multiple statistical features in its work.
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Table 1
The most in�uencing indicators for multi-hazard susceptibility mapping.

Factor

Type

Hazard-indicator
factors and
abbreviation

Data
type

Factor
range

/Units

Hazard type

Landslide
(LS)

Flood
(FL)

Gully
erosion
(GE)

Topography Elevation (EL) Grid 220-
2,340 m

� � �

Slope (S) Grid 0–88
degree

� � �

Topographic wetness
index (TWI)

Grid -1.78–
24.74

� � �

Plan curvature (PC) Grid -271.5–
1452.2

� � �

Aspect (A) Grid 9
directions

� � �

Terrain ruggedness
index (TRI)

Grid 0–174     �

Pro�le curvature (PrC) Grid -1627.8–
917.3

    �

Valley depth (VD) Grid 0–261 m     �

Climatology Rainfall (R) Point 383–495
mm

  � �

Hydrology Distance to wadis
(DtW)

Polyline 0–2,900
m

� �  

Stream density (SD) Polyline 0.95–
23.7
km/km2

  � �

Vegetation and
landuse/land
cover

Normalized difference
vegetation index
(NDVI)

Grid -0.639–
0.675

� � �

Land use/Landcover
(LULC)

Grid 5 classes � � �

Geology Lithology (Lth) Polygon 6 groups � � �

Distance to fault (DtF) Polyline 0–3,153
m

�    

Anthropogenic Distance to road (DtR) Polyline 0–5,780
m

� �  
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All, layers were converted to have 5 m * 5 m pixel size using ArcGIS 10.8. Table (1) shows that different
factors used to prepare hazard susceptibility maps; 11 factors used for landslides, 12 factors were used
for �oods, and 13 factors were used for gully erosion.

TWI = lin
A

tanB

1

Where, A is the cumulative basin area (m2), and β is the slope (in degrees) at a point.

TRI = Y ∑ (xij − x00)2 1/ 2 (2)

Where, xii is the height of each pixel adjacent to the pixel (0, 0). Areas with a slope of 0 have a TRI value
of zero, while the roughened areas with steep elevations have positive values of TRI.

NDVI =
(NIR − R)
(NIR + R)

3

Where, NIR is the near infrared band (wave length = 832.8 nm) and R is the red band (wave length = 664.6
nm) of the spectral bands.

3.3. Machine learning algorithms
In the current work, �ve machine learning algorithms (MLAs) were used to generate landslide, �ood, and
gully erosion susceptibility maps that affect the study area. Various literatures were conducted using
various MLAs to overcome the problems related to natural hazards by predicting their susceptibility, such
as landslides (Park and Kim, 2019; He et al., 2021), �oods (Janizadeh et al., 2019; El-Haddad et al., 2021),
and gully erosion (Ghorbanzadeh et al., 2020; Amare et al., 2021; Yang et al., 2021). A detailed description
of the MLAs that used in this study is given in the following parts:

3.3.1. Random forest
Random Forest (RF) is an ensemble classi�cation technique (Breiman, 2001) and considered as one of
the learning techniques that involves multiple steps, starting with training datasets, followed by
bootstrapping, then ensemble of trees, and �nally aggregation (classi�cation phase) (Hawryło et al.,
2018; Sarker et al., 2019). Bootstrapping refers to the parallel training of each decision tree with other
training subsets using different available features (Herrera et al., 2019). In this phase, each individual
decision tree is unique and is used to minimize the overall variance of the RF model. In the last stage, the
RF model summarizes the decisions of the individual trees; therefore, the RF model shows good
generalization. The RF algorithm tends to outperform most other classi�cation approaches in terms of
accuracy, with no problems of over�tting (Pedregosa et al., 2011). The RF algorithm is robust to training

[ ]
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sample selection and noise in datasets and does not require feature scaling (�ts both categorical and
continuous values) (Kim et al., 2018). RF can overcome outliers in predictors, automatically handle
omitted data and increase the diversity of classi�cation trees.

3.2. Multivariate discriminant analysis
Multivariate discriminant analysis (MDA) is a trained classi�cation algorithm as an extension of linear
discriminant analysis (LDA). It can evaluate the multivariate nonlinear relationships between different
classes within each group (Lombardo et al. 2006). To calculate the distance to the nearest cluster, the
normal distribution (the variability and correlation between variables is uniform) of each class is used
(Lombardo et al., 2006). It can be derived using Eq. (4) (Hair et al., 1998).

Dv = Dw1V1 + Dw1V1 + ⋯ + DwnVn

4

Dv and Dw1 (i = 1,2,3, ..., n) represent the discriminant value and weights, respectively, and V1 (i = 1,2,3,...,
n) are independent indicators. The MDA model was run using “mda” package in R software (Hastie et al.,
2017).

3.3.3. Generalized linear model
The generalized linear model (GLM) is a linear regression model that can quantify and incorporate
speci�c and temporal factors (Goetz et al., 2015). The GLM can scale the accuracy and quality of the
outcomes by using multiple regression to establish a unique link between the dependent and independent
factors (Scott et al., 1991). By identifying the best regression model, multiple events can be predicted
(Payne, 2015). It is an adequate model for numeric factors because of its regression characteristic;
however, insigni�cant and correlated factors can reduce its performance, it also, deal with non-normal
distribution data (Kalantar et al., 2020). The GLM linkage function is used to establish the relationship
between the dependent variable and the independent variables (Soch et al., 2017). In this study, the
occurrence probability of hazard event Y can be represented by Eq. (5). By the logistic transformation, the
link function g(yi) is represented by Eq. 6:

P =
exp(c0 + c1X1 + c2X2 + ⋯ + ciXi)

1 + exp(c0 + c1X1 + c2X2 + ⋯ + ciXi)

5

g yi = c0 + ∑cixi + ϵi

6

( )
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where P is the event “Y” probability; c0 is the intercept; c1…. ci. .. are logistic regression coe�cients, 
X1…. Xi are the independent variables; and the error residual expressed by εi. In this study, R software
was used to construct the GLM model (R Core Team, 2019). A simple Gaussian family is determined as
the link function for normally distributed response data. The independent indicators were to be included
in the model individually, using a smoothing spline based on two degrees of freedom to avoid over�tting
(Aertsen et al., 2009).

3.3.4. Flexible discriminant analysis
Ramsay and Dalzell (1991) proposed the Flexible discriminant analysis (FDA) as a nonlinear statistical
classi�cation method. The crucial concept of FDA is to treat an observed object with functional
characteristics as an integral, regardless of the order of the observed values (Wagner-Muns et al., 2018). It
can distinguish unsupervised work where each class is divided into subclasses with a unique value (Zou
et al., 2019). FDA can provide a framework by coupling various models and methods (regression
algorithms, discriminant analysis, and classi�cation techniques) (Hastie and Tibshirani, 1996). In this
study, the FDA technique was used to create a hazard susceptibility map using the species distribution
package in R software (Naimi and Araújo, 2016).

3.3.5 Boosted regression trees
BRT is a combination of regression and boosting techniques. It was proposed by Friedman (2001). The
boosting algorithm is used to improve model accuracy, where the residual errors of the existing tree will
be used to adjust the new trees (Ye et al., 2009). Shin et al. (2012) pointed out that the BRT model has
several advantages because it can be improved by �tting and combining multiple methods and
increasing the number of trees, it uses different types of data without conversion or outlier removal, it
works when some data are missing, and it can use sophisticated nonlinear relationships to �t the data.
The BRT model is de�ned by Eq. (7) (Friedman 2001).

F(X; Bmam
mo = ∑ m

m=0Bmh(X; am)

7

Where ish(X; m) a simple classi�cation function with variable “a” and factors “x.” Factor “m” is
representing the step of the algorithm, and is Bm the weighting coe�cient at step m. A new tree will be
added to the original model at each iteration step, which leads to reducing of the loss function. The BRT
training stage will be ended as soon as the prede�ned iteration numbers achieved. The BRT model was
run using the package "brt" in R software (Ridgeway and Southworth 2013).

3.4. HFIs multicollinearity and importance, and model
validation
Multicollinearity method is used to evaluate variables effectiveness in different model construction (Yoo
and Cho 2019). In this method, two indices were used, variance in�ation factors (VIF) and tolerance (TOL)

[ ]
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as shown in equations (8 and 9):

TOL = (1 − R2
j )

8

VIF =
1

(1 − R2
j )

9

R2
j  Represents the regression coe�cient of the explanatory factor J on all other descriptive factors.

Studies have shown that a TOL < 0.10 and a VIF > 5 account for multicollinearity issues (Rahman et al.,
2019).

Additionally, the importance of independent indicators is essential. It measures their contribution in each
hazard type modeling. Several techniques were used among them the learning vector quantization (LVQ),
and random forest algorithm (RF) (Zhang and Xie, 2012; Sun et al., 2020). In this study, HIFs importance
and contribution to landslide, �oods, and gully erosion occurrence were assessed using RF.

Finally, to evaluate the accuracy of the results, the receiver operating characteristics (ROC) and the area
under the curves (AUC) can also be applied to evaluate the MLMs that used to provide valuable
information (Bradley 1997). Without validated maps, the models and their results would have no
scienti�c signi�cance or if the AUC is less than 0.5, the model is considered a random model (Marzban,
2004). Evaluation of the accuracy of the different machine learning models for each hazard type is a
profound step to create the �nal hazard model (Amare et al., 2021). In this study, the performance of all
hazard models was determined using the validation dataset of each hazard type. This will provide
quantitative measures of the model accuracy. The predictive performance was done using the AUC. AUC
value ranges from 0 to 1 (0 to 100%). A range of 1 (100%) represents high performance, while a range of
≤ 0.5 (50%) indicates a poor classi�cation. Evaluation of the accuracies of these models based on
(Guzzetti et al., 2005). They divided the AUC values into three groups: between 0.75 and 0.8 for an
acceptable model, between 0.8 and 0.9for a good susceptibility model, and above 0.9 for an excellent
model.

4. Results And Analysis

4.1. Multicollinearity test
The multicollinearity analysis of the hazard-predictor factors used in this study for landslide susceptibility
(11 factors), �ood susceptibility (12 factors), and gully erosion susceptibility (13 factors) is shown in
Table (2). Results showed that both tolerance (ToL) and (VIF) values of landslide-predictor factors used in

[ ]
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this study to run the different machine learning models were appropriate, ToL values were more than 0.1
(the lower ToL value is 0.20) and the VIF values were less than 5 (the large VIF value is 4.9) for slope
factor. The tolerance (ToL) and (VIF) values of �ood-predictor factors were appropriate, ToL values were
more than 0.1 (the lower ToL value is 0.257) and the VIF values were less than 5 (the large VIF value is
3.898) for elevation factor. For the gully erosion predictor factors, all factors are adequate except the TRI
that provide VIF value more than 5. For the rest of these factors the ToL values were more than 0.1 (the
lower ToL value is 0.271) and the VIF values were less than 5 (the large VIF value is 3.697) for the slope
facto. Accordingly, the results showed that there was no multicollinearity among the selected FCFs, which
means that they made a signi�cant contribution to the model construction in this study.

4.2. The importance of hazard-predictors
The analysis of landslide hazard-predictor importance is shown in Figure (5a). Our �ndings indicated that
the top predictors that controlled landslide susceptibility are the slope angle (S), followed by land
use/land cover (LULC), elevation (EL), the normalized differential vegetation index (NDVI), followed by
aspect (As), and distance to wadis (DtW), distance to road (DtR), topographic witness index (TWI) and
distance to fault (DtF). Less importance predictor is lithology (Lth). We believed that this is due to the
higher slope angle for the mountainous areas and the gravity forces play a great role than material types
(Çellek, 2020). However, negative importance factor comes to be plan curvature (PC).

Gully erosion hazard-predictor importance is shown in Figure (5b). Results showed that the top predictors-
controlled gully erosion susceptibility is TWI followed by VD, EL, NDVI, SD, PrC, S, and R. The less
important predictors are aspect (AS), TRI, and PC, followed by LULCs, and Lth.

The analysis of �ood hazard-predictor importance is shown in Figure (5c). Results showed that the top
predictors that controlled �ood susceptibility belonged to the hydrologic group, which was DtW, followed
by equal importance of slope angle (S), elevation (EL), and stream density (SD), then followed by both
TWI and rainfall (R), followed by normalized differential vegetation index (NDVI) and plan curvature (PC).
Less importance predictors are LULCs, aspect (AS), and lithology (Lth). However, negative importance
factor comes to be distance to road (DtR).

4.3. Different susceptibility maps
Maps of landslides, �ood, and gully erosion susceptibility were generated based on both hazard-
predictive factors (independent factors) and actual hazard locations (dependent variable) by applying
various types of machine learning models (MLMs). Each susceptibility map was divided into �ve classes
very low, low, moderate, high, and very high based on Natural Breaks Classi�er-Jenks (Jenks and Caspall,
1971) (Fig. 6). Landslide susceptibility maps for the Hasher-Fayfa Basin were created on the basis of RF,
FDA, MDA, GLM, and BRT models (Fig. 6 (a-e)); gully erosion susceptibility maps for the Hasher-Fayfa
Basin were created according to the RF, FDA, MDA, GLM, and BRT models (Fig. 6 (f-j)); and �ood
susceptibility maps were created using RF, FDA, and MDA models (Fig. 6 (k-m)).
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Detailed analysis was conducted for each model. Landslide hazard models indicated that high and very
high susceptible regions based on RF and BRT covered more areas (21.2 and 22.5%, respectively) than
the other three models (FDA = 17.8%, MDA = 18.6%, and GLM = 17.6%) (Fig. 7a). Gully erosion models
indicated that high and very high susceptible classes in MDA and BRT, covering more areas (37.5 and
34.2%, respectively) than the other three models (RF = 32.8%, FDA = 31.4%, and GLM = 32.6%) (Fig. 7b).
Flood models showed that high and very high susceptible classes in the MDA and FDA, covering more
areas (15.0 and 14.1%, respectively) than RF model (RF = 6.5%) (Fig. 7c).

4.4. Models’ validation
Figure 8 (a) and Table (3) show the AUC curves and accuracy values for the landslide’s �ve ML models.
Results show that landslides susceptibility models give high performance where AUC > 0.9 (90%), the AUC
values for ML models BRT, RF, GLM, MDA, and FDA are 0.909 (90.9%), 0.918 (91.8%), 0.923 (92.3%),
0.923 (92.3%), and 0.927 (92.7%), respectively. Results show that the most accurate ML model that has a
high predictive accuracy for landslide susceptibility is FDA model with AUC value of 92.7%. Figure 8(b)
and Table (3) show the AUC curves and values for the �ve ML models that were applied to create the
gully erosion susceptibility models. Results show that gully erosion susceptibility models give AUC values
range between 0.739 and 0.833 (medium to high performance). The ML models MDA, GLM, FDA, BRT
and RF give AUC values of 0.739 (73.9%), 0.776 (77.6%), 0.792 (79.2%), 0.827 (82.7%), and 0.833 (83.3%),
respectively. Results show that the most accurate ML model that has high predictive accuracy for gully
erosion susceptibility is RF model with AUC value of 83.3%. Figure 8(c) and Table (3) show the AUC
curves and values for the three ML models that were used to generate the �ood susceptibility maps.
Results show that �ood susceptibility models give AUC values range between 0.932 and 0.972 (high
performance). The ML models MDA, FDA, and RF give AUC values of 0.932 (93.2%), 0.945 (94.5%), and
0.972 (97.2%), respectively. Results show that the most accurate ML algorithm that has high predictive
performance for �ood susceptibility is RF model with AUC value of 97.2%.

4.5. Multi-hazard risk map
To produce multi-hazard risk map for these three hazard types, three steps were applied: 1) hazard
susceptibility map to each hazard type (LS, GE, and FL) was created according to the relationship
between the independent factors (hazard-predictors) and the dependent factors (hazard locations of
landslides, gully erosions, and �oods) using various types of machine learning techniques (Fig. 6), 2) the
ROC-AUC method was used to determine the highest performance models for each hazard type and then
integrated to map multiple hazards (Table 2). The most accurate models in this study are FDA model for
landslides where AUC = 92.7%, RF for gully erosion with AUC = 83.3%, and RF for �oods with AUC = 97.2%.
These three susceptibility maps of the three natural hazards (landslides, gully erosion, and �oods) were
combined in ArcGIS 10.8 to produce an integrated multi-hazard risk map.
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Table 2
Multicollinearity results of hazard-predictor factors.

Hazard-causative factors LS FL GE

Tolerance VIF Tolerance VIF Tolerance VIF

Elevation (EL) 0.290 3.448 0.257 3.898 0.476 2.101

Slope (S) 0.200 4.900 0.316 3.168 0.271 3.697

Topographic wetness index (TWI) 0.307 3.258 0.304 3.290 0.326 3.067

Plan curvature (PC) 0.869 1.151 0.926 1.080 0.446 2.243

Aspect (A) 0.677 1.477 0.897 1.115 0.843 1.186

Terrain ruggedness index (TRI) - - - - 0.020 49.302

Pro�le curvature (PrC) - - - - 0.523 1.911

Valley depth (VD) - - - - 0.502 1.991

Rainfall (R) - - 0.719 1.391 0.716 1.396

Distance to wadis (DtW) 0.461 2.168 0.398 2.511 - -

Stream density (SD) - - 0.723 1.384 0.613 1.632

Normalized difference vegetation
index (NDVI)

0.382 2.620 0.460 2.176 0.699 1.430

Land use/Landcover (LULC) 0.660 1.514 0.741 1.350 0.703 1.422

Lithology (Lth) 0.718 1.393 0.586 1.705 0.672 1.488

Distance to fault (DtF) 0.842 1.188 - - - -

Distance to road (DtR) 0.767 1.304 0.705 1.418 - -
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Table 3
AUC values for different machine learning models used in modeling

landslide, gully erosion, and �ood.
Model Type Test Result Variable(s) Area

(AUC)

Standard Errors

Landslides BRT 0.909 0.054

RF 0.918 0.052

GLM 0.923 0.051

MDA 0.923 0.050

FDA 0.927 0.049

Gully

Erosion

MDA 0.739 0.064

GLM 0.776 0.059

FDA 0.792 0.057

BRT 0.827 0.053

RF 0.833 0.051

Floods MDA 0.932 0.049

FDA 0.945 0.035

RF 0.972 0.000

Results showed that the multi-hazard risk map included eight susceptibility classes (Figs. 9 and 10).
These classes include; no-hazard or safe areas (No-H covers 33.6% of the study area). However, about
66.4% of the total area are subjected to various types of hazards as follows: landslides (LS = 22.4%),
gully erosion (GE = 28.9%), �oods (FL = 1.6%), landslides-erosion (LS-GE = 6.5%), �oods-landslides (FL-LS 
= 0.3%), �oods-erosion (FL-GE = 6.5%), and �ood-landslides-erosion (FL-LS-GE = 0.3%).

5. Discussion
Understanding hazard management could be enhanced using different types of modeling approaches
(Hill and Minsker, 2010). These models could provide planners and policymakers with useful, e�cient,
and informative results. Across the world, countless literature has individually studied different types of
natural hazards (e.g., Amare et al., 2021; Msabi and Makonyo, 2021). All these studies provide important
and useful results. However, most natural hazards do not occur individually due to cascading effects.
One hazard may lead to another; therefore, multiple hazards and their linkages, interactions and
cascading impacts can provide much understanding of their processes and optimal ideas for averting
and minimizing disaster losses and for effective land management (Godschall et al., 2020). These maps
can provide valuable information that is critical for planning and managing existing and future human
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activities. Dealing with multi-hazards has shown that the interaction of numerous hazard types can
cause a higher risk than the risk of a single hazard type (Liu et al., 2021).

In the current work, we investigated three hazards in a Hasher-Fayfa Basin (mountainous catchment) in
Saudi Arabia. To evaluate disaster events in this area, multi-hazard modeling was performed. To achieve
that �ve machine learning models (RF, FDA, MDA, GLM and BRT) for landslides and gully erosion and
three models (RF, FDA and MDA) for �oods. Based on (Guzzetti et al., 2005) classi�cation, our study
shows that the three best models had predictive ability of above 0.8 (good and excellent performances).
The FDA model for landslides has an AUC = 92.7% (excellent performance), RF for gully erosion has an
AUC = 83.3% (good performance), and RF for �ooding has an AUC = 97.2% (excellent performance).

The MHM map was produced by coupling the results of the FDA (for landslides) and RF (for gully erosion
and �ooding) approaches. Our work is in agreement with that of Nachappa et al. (2020) that used
different machine learning approaches in multi-hazard evaluation. Also, our results in choosing RF for
multi-hazard map that provides excellent accuracy for landslides AUC = 0.93 and for �oods AUC = 0.97,
are in agreement with the Nachappa et al. (2020) in which they applied multi-hazard evaluation use of
random forest (RF), which provides a suitable result for both �ood (AUC = 0.87) and landslide (AUC = 
0.90), and SVM, which provides AUC = 0.87 for �ood and AUC = 0.89 for landslides. They constructed the
multi-hazard map using RF and SVM and produced an accurate model for planners and managers. The
results show that no hazard areas cover approximately 33.5% of the study area. However, 66.5% of the
total area is probably affected by one or more hazards.

Our �ndings indicating the application of the optimal MLTs to predict multiple problems provides crucial
informative data about their interactions. These relationships are highly correlated with the scale of the
indicators used in the analysis and the speci�c types of hazards in the area. The current study bridged
the gap between the different hazards by fully identifying the cascading interactions between these
different types of natural hazards.

6. Conclusions
The western and southern parts of Saudi Arabia face various natural hazards. Many mountainous areas
are inhabited by people and these areas are vulnerable to several (compound) natural hazards. The
delineation of high-risk areas is the critical stage and the most di�cult task for all developers, and
decision-makers. In the current work, we applied various machine learning techniques (MLTs) to map
individual hazards affecting the Hasher - Fayfa basin (landslides, gully erosion, and �ooding). The �nal
map of this study is a multi-hazard risk map created by linking the three predominant natural hazards in
the area (landslides, gully erosion, and �ooding).

The multi-hazard risk map is divided into 8 zones, the no hazard zone (covers 20% of the study area).
Three single hazard zones namely landslide hazard zone (3%), which is con�ned to high altitude and
steeply sloping areas, gully erosion hazard zone (2%) which is concentrated along gullies and mainly
characterized by soil and weathered materials that can be easily eroded by rainfall, and �ood hazard
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zone (4%) which is con�ned to main wadis and mainly downstream parts as water collects from various
tributaries. Three zones include two types of interacting hazards, such as landslide-�ood hazard zone
(5%), landslide-erosion hazard zone (9%), and �ood- erosion hazard zone (10%). Finally, there is a multiple
hazard zone affected by the three hazard types landslide - erosion - �ood, which covers 10% of the study
area.

The machine learning methods achieved acceptable accuracy in predicting the different hazard types; so,
the multi-hazard map was produced with a high con�dence level. Due to population growth and
expansion of infrastructure and urban areas to mountainous and �oodplains, and to ensure sustainable
development, multi-hazard assessments are essential. Our ability to produce multi-hazard map will help
planners and decision-makers make concrete management decisions for existing and future
developments. This will make communities more resilient and able to act proactively to minimize future
damage not only caused by a single hazard type, but also that may result from cascades of hazards or
combined hazards.
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Figure 1

Location of Hasher-Fayfa Basin in Jazan province, KSA, with training and validation locations of
landslide, �ood, and gully erosion, b, c) 3D perspective from Google Earth and photograph by the author
(Ahmed M. Youssef), respectively, showing the densely populated area in Fayfa Mountain.
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Figure 2

Flowchart showing the sequential steps of this study.
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Figure 3

Photographs showing the three hazards collected between 2008 and 2020 in the study area, landslides
(a, b, c); gully erosion (d, e, f); and �ash �oods (g, h). They were taken by Ahmed M. Youssef (�rst author).
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Figure 4

Predictive factors used to construct multi-hazard model: (a) elevation, (b) slope, (c) TWI, (d) plan
curvature, (e) aspect, (f) TRI, (g) pro�le curvature, (h) valley depth, (i) rainfall, (j) distance to wadis, (k)
stream density, (l) NDVI, (m) LULC, (n) lithology, (o) distance to fault, and (p) distance to road.



Page 28/33

Figure 5

Hazard-predictive factors importance EL; S; TWI; PC, A, TRI, PrC, VD, R, DtW, SD, NDVI, LULC, Lth, DtF, and
DtR) for a) landslide; b) gully erosion; and c) �ood.
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Figure 6

susceptibility maps for landslide, gully erosion, and �ood using MLMs. 
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Figure 7

Area percentage of different hazard classes for (a) landslide, (b) gully erosion, and (c) �ood.
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Figure 8

Accuracy assessment of different hazard models for (a) landslides, (b) gully erosion, and (c) �oods
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Figure 9

The multi-hazard risk map was constructed by integrating of highly accurate models of FDA for landslide,
RF for gully erosion, and RF for �oods.
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Figure 10

Different types of hazard percentage in the study area. No-H = No hazard, LS = landslide, GE = gully
erosion, FL = �ood, LS-GE = landslide-erosion, FL-LS = �ood-landslide, FL-GE = �ood-gully erosion, and FL-
LS-GE �ood-landslide-gulley erosion.


