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Abstract

Mountainous regions of the world are sites of multiple and overlapping natural hazards
that often lead to loss of life, property, and environment. An accurate and timely
prediction and assessment of hazardous events can save lives and reduce economic
losses in these regions. Multi-hazard susceptibility assessment of mountainous regions
may provide holistic valuable insights for effective risk mitigation strategies for future
disasters. Currently, Machine learning modeling techniques have enabled novel advances
for multi-hazard susceptibility evaluation of natural hazards owing to the availability
of the various types of data pertaining to earth observation from multiple sources.
Though machine learning modeling techniques have been applied by researchers
to provide multi-hazard susceptibility maps for the mountainous regions, building
generalized learning techniques of susceptibility and risk evaluation is still a challenge
due to the high level of complexity of hazards in these regions. This article contributes a
systematic review of machine learning techniques applied by the researchers, especially in
the past 10 years for multi-hazard susceptibility assessment in the mountainous regions
with adequate contextual information.
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1. Introduction

Climate change is upon the world and continued unsustainable practices by humans
are paving the way to many imbalances. There is an increase in the frequency of natural
extreme events worldwide causing great human and environmental losses (Barthel and
Neumayer, 2012; Zschau, 2017; GAR, 2022). Over the last 20 years, medium to higher
disasters have increased five times higher than disasters reported in the previous three
decades and this rapid rise in the frequency of disasters can be attributed to climate
change and inadequate risk management (GAR, 2022). Mountainous regions are highly
hazardous and natural hazards strike the regions independently, simultaneously, or in
a series of cascading events causing huge losses of life (Khatakho et al., 2021; Rusk et
al., 2022). UNISDR (2015) report states that between 2005 and 2014, over 70% of the
more than seven lac disaster-related deaths occurred in mountainous countries (Rusk
et al., 2022). Further, the IPCC report’s sixth assessment prediction proclaims multiple
changes in many regions due to the changing climate and the incidence of compound

hazards may increase multi-hazard risk in mountainous environments (IPCC, 2021).

Since it is difficult to predict coexisting multiple natural hazards, most of the
previous studies have focused on assessing individual hazards (Pourghasemi et al.,
2017;Javidan et al., 2021). These studies have also neglected the human impacts and the
exposure component of natural hazards (Kalantari et al., 2019). Exposure pertains to the
situation of people, housing, infrastructure, production capacities, and other tangible
human assets located in hazard-prone areas (GAR, 2022). The exposure of communities
to hazards can be reduced through an accurate predictive model based on expert
analysis, a thorough understanding of influencing factors, and the implementation of
mitigation and preparedness measures (Yousefi et al., 2020). Additionally, the effects
of hazards can be minimized by adopting new approaches and providing data-driven
support for decision-making processes (Michielsen et al.,, 2016). A wide range of
methods namely Opinion driven models, physical-based models, statistical models,
and ML models have been applied for hazard susceptibility mapping with advantages
and limitations of each of these methods over the other methods (He Qian et al., 2021).
Susceptibility is related to spatial aspects of hazard and refers probability of hazard
incidences within a selected type during a given location (Azemeraw, 2021). Although
single hazard assessments yield insights, they can also lead to ambiguous interactions
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between hazards (Kappes et al., 2010; Cutter, 2018). The mitigation strategy of a single
hazard in a region may not be definite as one hazard may exacerbate the intensity,
frequency duration, and density of another hazard (Kappes et al., 2012; Pouyan et
al., 2021). Therefore, it is necessary to integrate studies of the collective likelihood of
hazardous events to describe a holistic scenario of hazards in the region (Kappes et al.,
2012; Gruber and Mergili, 2013; Karlsson et al., 2017).

The concept of multi-hazard was first introduced by the United Nations in the
context of sustainable development and Agenda 21 (UNEP 1992), with a focus on
risk reduction and disaster management as essential components of the planet's
sustainable management. Furthermore, it defines the vulnerable areas for multiple
hazards with their levels and recognizes priority zones for sustainable development
(UN Johannesburg Plan, 2002). Since multiple hazards of a region usually interact with
each other and contribute to an overall threat in a complex way (Rocchi et al., 2022), the
development of a multi-hazard risk assessment approach is necessary (Schmidt et al.,
2011) and is receiving increasing attention (Gruber and Mergili, 2013). Bell and Glade
(2004) adopted a general method for multi-hazard analysis of debris flow, rock-fall, and
snow avalanches in Iceland. An adaptable software was created by Schmidt et al. (2011)
in which researcher was allowed to analyze the natural processes of their concern.
Multi-hazard assessment was conducted by Gruber and Mergili (2013) to generate a
comprehensive regional scale map for rock slides, ice avalanches, periglacial debris
flow, and Lake Outburst flood. Researchers are enhancing natural hazard assessments
through the use of Remote Sensing (RS) and Geographic Information System (GIS)
technologies (Van Westen, 2013). These tools efficiently identify hazard-prone areas by
enabling the collection, storage, combination, manipulation, retrieval, analysis, and
visualization of data (Samanta et al., 2018). Recently, Multi-Criteria Decision Making
(MCDM) and Machine Learning (ML) methods have gained popularity for multi-hazard
analysis and mapping (Bordbar et al., 2022; Cao et al., 2020). Machine Learning, due to
its excellent generalization of data and interpretation capacity is more suitable than
statistical and MCDM techniques for hazard assessment (Huang et al., 2020).

The machine learning approach plays a significant role in disaster risk reduction
by forecasting extreme events, situational awareness, susceptibility and hazard

exposure mapping of the events in real-time, and decision support (Kuglitsch et
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al., 2022). There is growing recognition of the importance of Machine Learning for
effective and informed disaster management that is necessary to address the scale and
impact of disaster (Linardos et al., 2022). The ML approach: (i) enables the machine to
learn and improve by themselves from experiences of historical events (Barthel and
Neumayer, 2012), (ii) can identify patterns and trends in big and complex datasets, and
is capable of handling multi-dimensional and multi-variety data from many sources
(Pourghasemi et al., 2017; Sarkar, 2021) and (iii) can analyze and map relationship
between spatial pattern of historical events and their predisposing factors (Rahmati et.
al., 2019). Researchers have applied the ML approach for multi-hazard susceptibility
assessment in mountainous regions that include ensemble ML algorithms and
combining multiple classifiers to have improved results. This article reviews machine
learning approaches applied by researchers in the last 10 years for mountainous
regions of the world to evaluate models as useful, universal, and accurate multi-hazard

mapping products that can be applied by managers and planners.

2. Methodology

For this review document, a search was conducted on Google Scholar, Web of Science,
and relevant journal databases using the terms “multi-hazard”, “machine learning”

” o«

“natural disaster”, “disaster management,” “mountainous region” and “case studies”
as keywords (Tablel), aiming articles published in the period from 2012 to 2022. The
search yielded 48 relevant articles excluding review articles. After a manual search based
on journal ranking, citation of the articles, and excluding studies outside the scope of
the present review, sixteen papers were included in the present review study. The search
revealed that an increasing trend of the ML approach about multi-hazard susceptibility

in mountainous regions has been initiated by the researcher in recent years.

Table 1: Keyword combinations used to search the papers included in the review

Combination No. Keywords
1 Multi-hazard, machine learning, exposure assessment
2 Multi-hazard, susceptibility evaluation, machine learning
3 Disaster management case studies, machine learning
4 Natural disaster, mountainous region, machine learning
5 Multi-hazard, mountainous region, machine learning
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3. Literature Review

Multi-hazard susceptibility assessment (MSE) is an initial step of comprehensive risk
assessment that can help planners and disaster managers with effective mitigation
management (Pourghasemi et al., 2019, 2020). It might be a significant key tool
in enhancing resilience and can play an important role in ensuring the long-term
sustainability of local ecosystems and communities (Van Westen, 2017). In MSE, data
are analyzed to predict the class or category of data points and upcoming events or
escalation of an event. Although the methodology and configuration of ML techniques
affect the result and performance of the models, different modeling approaches
provide valuable information to policymakers and managers to understand the
phenomena of the region for effective management of measures (Hill and Minsker,
2010). ML-based multi-hazard susceptibility assessment by the researchers in the
mountainous regions of Hindu Kush Himalaya, Iran, Saudi Arabia, Austria, Southeast
Asia, Nepal, Italy, and China is summarized in Table 2.

Table 2: Summary of ML-based multi-hazard susceptibility
assessment in the mountainous regions

S. Dataset **Conditioning Performance
No. Factors
1 |Author: Rusk]J.et |Hazard DEM-derived: Area under the
al,, (2022). catalog (flood, EL S, A, and flow |receiver operating
landslide), VIIRS |accumulation characteristic curve
Phenomena: fire archive, DEM | ¢ ical: AUC) f
Floods, Landslides ’ eteorological: | ( ) for
and Wildfires from STRM, AMT, AMR (Maxent Model)
CHELSA, Surface Floods :0.93
Area of study: Hin- | FAO-UNESCO, | characteristics: | Landslides :0.91
du Kush Himalaya Global Surface | LCand soil Wildfires :0.86
*Technique: Water Explorer, |suborder
Maxent Land Scan data | Hydrological:
Distance to
permanent water
and SM
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S. Dataset **Conditioning Performance
No. Factors
2 |Author: Javidan Google Earth Floods: Average AUC
N. etal., (2021) images, field El, Sa, Sp, LU, PC, |for three sample
investigation, PrC, TWI, Lth, DD, | data sets
Phenomena
water resource Stx, DtS, AMR, (Maxent Model)
Floods, .

. organization RSP, TRI, SPI Floods :0.93
Landslides, and (nati land . )
Gullies na' IOH? an Landslides and Landsllde§ :0.87

:leglona | Gullies: El, Sa, Sp, Gully erosion :0.92
Area of study: ocuments), an LU, PC, PrC, TWI,
Gorgan-rood the Department Lth. DD. Stx. DtS
Gole-stan Resource SPI DtE LS
province, Iran Management of factor. DtR

Golestan. '
*Technique:
Maxent

3 |Author: Youssef Google Earth Floods: AUC for Floods

AM.etal, (2022) |images, field Topography RF Model :0.97
Phenomena: invelst‘igation (El%, S, T\iVI PC,A) | MDA Model :0.93
Floods, Landslides | *PP ylnlg GI;S’ c 121atlo 08y (), |FDA Model  :0.94
and Gully erosion nat}ona an Hydrology (DtW, .

regional data: SD), Land cover | Landslides
Area of study: civil defense, (LULC NDVI), REModel  :0.91
Hasher-Fayfa Jazan region Geology (Lth), BRT Model :0.90
Basin, SOUth'. authority, Anthropogenic GLM Model :0.92
western Saudi Ministry of (DtRd) MDA Model ~ :0.92
Arabia Transportation, |[andslides: FDA Model ~ :0.92
*Techniques: Saudi Geolf)gical Topography (El, cull -
Floods: S‘flr"e}Yl’ FeVlleW S, TWIPC, A), Wy erosion
RE MDA, and FDA | ° tec mcaz1 Hydrology RF Model :0.83
Landslides and reI.)ort.s ‘an (DtW), Land BRT Model  :0.82

scientific cover (LULC

NDVI), Geology
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S. Dataset **Conditioning Performance
No. Factors
Gully erosion: publications. (Lth, DtF), GLM Model :0.77
RE BRT, GLM, Anthropogenic MDA Model :0.73
MDA and FDA (DtRd) FDA Model :0.79
Gully erosion:
Topography (E],
S, TWI PC, A,
TRI, PrC,VD),
Climatology(R),
Hydrology (SD),
Land cover (LULC
NDVI), Geo (Lth)

4 | Author: Field work, Floods: R, DEM, |AUC for Floods
Yousefi, S. et al., scientific reports, | LU, Lth, S, DtR, SVM Model :0.97
(2020) topographic NDVI, DtRd, TWI, |FDA Model :0.96
Phenomena: maps, PC, A, DD GLM Model :0.96
Floods, geologic ma'ps, Landslides: Landslides
Landslides, Land | ¢1e0T0l08ICal I ppny 11 1ih,  |SVM Model :0.84
subsidence, Snow stations, digital DtE S, DtR, FDA Model :0.77
avalanches and strean.1 layer _ DtRd, TWI, PC, GLM Model :0.77
Wildfires and piezometric | \ 1 dsubsid

wells Land subsidence
Area of study: Land subsidence: |SVM Model :0.94
Chaharmahal and DEM, LU, FDA Model :0.92
Bakhtiari Province Lth, DtE S, DtR, GLM Model :0.92
of Southwestern GwL, NDVI, DtR,

Snow avalanches
fran TWI PC, A SVM Model : 0.89
*Techniques: Snow avalanches: | FDA Model :0.91
SVM, FDA and DEM, LU, S,PC, |GLM model :0.90
GLM A, WEI, TRI, SnD
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S. Dataset **Conditioning Performance
No. Factors
Wildfires: Wildfires
R, DEM, S, SVM Model :0.83
DtR, NDVI, FDA Model :0.82
DtRd, TWL, A, T GLM Model :0.83
(min), T (max),
DtU, WEI
5 |Author: Nachappa | Geological Floods: AUC for Floods
T. G. et al., (2020) |Survey of EL, S, A, LC, R, SVM Model :0.87
Phenomena: Austria, Geo, DtRd, DtD, RF Model :0.87
Floods and incidence of NDVI, TWI, SPI Landslides
Landslides historic flooding, Landslides: SVM Model :0.89
Area of study: DEM EL, S, A, LCR, RF Model :0.90
Federal State of Geo, DtRd,
Salzburg, Austria DD, Lit, DtF
*Techniques:
SVM and RF
6 |Author: Pouyan, |Google Earth Floods: AUC for Floods
S.etal., (2021) images and El, AMR, DtRd, S, |SVM Model :0.94
Phenomena: field survey LU, TWI, NDVI, RF Model :0.98
Flooding, supported by DD, PC DtR,Lth, A | BRT Model :0.88
Gully erosion, Szizilisteeni?::ler Gully erosion; Gully erosion
Forest fires and Cooele Earthg ¥ AMR,EL Lth, St&x | gyM Model :0.95
Earthquakes engii . (sand, silt, clay), |RFModel :0.99
Area of study: DD, DtRd, NDVI, | BRT Model :0.93
Kohgiluyeh and TWL LU, 5, DR, .
Boyer-Ahamad PC, PrC Forest fires
SVM Model :0.72
Province, Iran Forest fires: RF Model  :0.88
AMT, AMR,El, BRT Model :0.68
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S. Dataset **Conditioning Performance
No. Factors
*Techniques: DtRd,DtV,NDVI,
SVM, RE BRT and S,WEI, DtR and
PSHA (for TWI, A
earthquakes) Earthquakes: PGA
*Techniques:
SVM, RE BRT and
PSHA (for
earthquakes)

7 |Author: Rahmati | Field survey, Floods: AUC for Floods
O.etal., (2019) documents El, TPI, TRI, TWI, |SVM Model :0.89
Phenomena: from road Sd, DtS, PrC, Lth | GAM Model : 0.86
Floods Rock falls, organization of |and LU BRT Model :0.94
and Avalanches Iran and regional Rockfalls: Rock Falls
Area of study: water company gy py TRI LS, |SVM Model :0.93
Asara watershed, RSB VRM, A, Sd, |GAM Model :0.90
Alborz Mountains, PrC, Lth and LU BRT Model :0.88
Iran STOW avalanches: Avalanches

El, TPI, TRI, L.
+ Techniques: S WE‘;’ SVM Model :0.92
’ ’ ’ GAM Model :0.83
SVM, GAM and A, Sd, PrC, Lth
BRT BRT Model :0.89
and LU

8 |Author: He MODIS, fire Landslides: AUC for Landslides
Qian et al., (2021) |archive, global El S, A, PC, PrC, RF Model :0.89
Phenomena: landslide catalog | DtR, DtRd, DtE GBDT Model : 0.87
Landslides and (GLC) SRTM data | NDVI, P SM, Lth, |AdaBoost :0.86
Wildfires (DEM), terra LU, TWI, SPI Wildfires
Areaof study: climate(climate) RE Model - 0.91
South.cust Asia Sil\fl’oggl;t:;ﬂmap Wildfires: GBDT Model : 0.88

ELS, DtU, DtR, AdaBoost  :0.81
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S. Dataset **Conditioning Performance
No. Factors
*Techniques: DtRd, NDVI, P,
RE GBDT and T, TWI and wind
AdaBoost speed

9 |Author: ASTER-GDEM, Floods: AUC for Floods
Pourghasemi DEM, Geological |Sa, Al, A, PC, TWI, |SVM model :0.75
H.R.,Gayen, A. et |Survey of Iran, Geo, LULC, DtR, |MARS model :0.76
al., (2020) weather stations | DtRd, 1'%MR, DD Landslides
Phenomena: and soil features SVM model :0.89
Floods Landslides Landslides: MARS model :0.91
and Forest fires Sa, Al, A, PC, .

Forest fires

Area of study: PIG, Geo, LULC SVM model :0.91
Fars Province, DtR, DtE DtRd MARS model :0.90
Southern Iran Forest Fires:
*Techniques: Sa, Al A, TWI,
SVM and MARS LULC, DtR,

DtRd AMT and

distance to

residential areas.

10 |Author: Terrain mapping | Floods: AUC for
Pourghasemi H.R., | through field Al, Sa, APC, TWI, |RF Model
Kariminejad, work using GPS, | DtR, DtRd, DD, Floods .0.83
N. et al., (2020) DEM (ASTER- Lt}.l,R, LU and Landslides  : 0.93
Phenomena: GDEM), river, soil features. Forest fires :0.94
Floods, Google Farth Landslides:

Landslides, and Images, road Al, Sa, Sd, PC,
Forest fires and urban PrC, DtR, DtRd,
maps, maps of | iy g ik and LU

Area of study: the Geological .
Fars Province, Survey of Iran Forest fires:
Shiraz city, Iran and natural Al Sa, Sd, TWL.

DtR, DtRd, DD,
*Technique: RF resources, DtU, R, AMT
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S. Dataset **Conditioning Performance
No. Factors

11 |Author: Arial photo Floods : For Floods, ,
Khatakho, interpretation, S, DtS, LULC, landslides and
R.etal, (2021) Google Earth Lth, P, El urban fires
Phenomena: engine, survey, |1 andslides: Validation by
Floods, }?istorical dat‘a, DtE S, A, PrC, superimposition of
Landslides, literature review DtS, LULC, Lth, historical hazard
Urban fires and and pilot field DtR, NDVL, B El |events;
Earthquakes observations '

Fires : AUC for
Area of study: LULC, DtR, PD, Earthquake:
Kathmandu Distance to 0.63, moderate
Valley (fire brigades, performance
*Techniques: gas station, 4calculated for
AHP in transmission the damage due to
integration with line, electric the 2015 Gorkha
the GIS substation, main |earthquake.

settlement, and Damage density

old settlement) 0.33 t0 0.06

Earthquakes:

DtE S, LULC, Lth,

PD, Distance to

(old settlement,

soil liquefaction,

seismic intensity,

dominancy

building type)

12 |Author: Italian National |Building sharing |Silhouette
Rocchi, A. et al., Institute of features: coefficient:
(2022) Statistics (ISTAT) | building material, | Good Silhouette

database period
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S. Dataset **Conditioning Performance
No. Factors
Phenomena: of construction, values relative to
Floods and state of cauterization.
Earthquakes conversion, Overall risk label
Area of study: superfi.cial assigned to each
Emilia Romagna extension, cluster confirmed
Region, Italy number of previous risk
inhabitants, o
*Techniques: lation classification study
populatio
PCA and K-means density, peak
acceleration etc.
Variables have
been grouped
into three
categories:
vulnerability
instances,
exposure
instances and
hazard instances
13 |Author: Floods: Floods: AUC for
Bordbar M. et al.,, |Google Earth Al, Sa, Sd, PC, SWARA-ANFIS-PSO
(2022) engine and DtR, Lth, R, LU ensemble model
Phenomena: .sentinel -3 Landslides: Floods :0.93
Floods, Landslides 1mages Al Sa, Sd, PC, Landslides :0.89
and Earthquakes |Landslides: DtR, DtE dtRd,
Area of study: historical Lth, LU
Kermanshah fiata a.nd f‘ield Earthquakes:
Province in investigation PGA map
Western Iran applying GPS
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S. Dataset **Conditioning Performance
No. Factors
*Techniques: Earthquake
Ensemble SWARA- |inventory map:
ANFIS-PSO and International
SWARA-ANFIS- Institute of
GWO models. Earthquake
Engineering and
Seismology

14 |Author: Historical Floods and AUC for
Pourghasemi H.R. |information, Landslides: SWARA-
etal., (2019) field surveys; Al, Sa, Sd, PC, SD, |ANFIS-GWO
Phenomena: ASTER-GDEM, PrC, DtR, DtE Lth, | ensemble model
Floods, Landslides | Landsat (OLI). Rand LU Flood :0.84
and Earthquakes | Geological Earthquakes: Landslides :0.80
Area of study: Survey of Iran, PSHA
Lorestan Province |topographical
in Iran map, weather
Techniques: stations,

Ensemble SWARA- | agriculture
ANFIS-GWO organization
models.

15 |Author: Bureau ofland |Landslides AUC for Landslides
Cao,]. et al., (2020) | and resources Rock fall and SVM Model :0.88
Phenomena: of Sichuan Debris flow Rock Falls
Landslides (BLRS), Satellite |Al A, S, LU, FD, XGBoost . 0.97
Rock fall and interpretation in | DtR, DtRd, NDVI,

Debris flow Google Earth AMR, DtE DtE, Debris Flow
Area of study: and Lth XGBoost :0.97
Jiuzhaigou region
of China
Disaster & Development, Vol. 13, Issue 02, July to December 2024 129
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*Techniques:
SVM, RF and
XGBoost.
16 |Author: On spot visits, Landslides and AUC for
Zhao, Z.et al., natural resources | Rock falls Landslides
(2022) bureaus ASTER |E] S, A, PC, Lth, RF Model :0.83
Phenomena: GDEM, national |DtE P, NDVI, DtR, Rock falls
Landslides and Qinghai-Tebet |and DtRd RE Model - 0.88
Rock falls plateau Science
Area of study: data center,
Hengduan open street map
Mountains Region,
China
*Techniques:
SVM, RF and BP
NN

Abbreviation Used

*Techniques: AdaBoost; Adaptive Boosting (Freund and Schapire, 1997), AHP;
Analytical Hierarchy Process (Saaty, 1988), ANFIS; Adaptive Neuro - Fuzzy Inference
System (Jang, 1993) , BPNN; Back Propagation Neural Network (Rumelhart et al.,
1986) BRT; Boosted Regression Tree (Friedman, 2001); FDA; Functional Discriminant
Analysis (Ramsay and Dalzell, 1991), GBDT; Gradient-Boosted Decision Tree
(Friedman, 2002), GAM; Generalized Additive Model (Hastie and Tibshirani, 1986),
GLM; Generalized Linear Model (Nelder and Wedderburn, 1972), GWO; Grey Wolf
Optimization (Mirjalili et al., 2014), K-Means; K-mean clustering Algorithm (Lloyd,
1982), MARS; Multivariate Adaptive Regression Splines (Friedman, 1991), Maxent;
Maximum Entropy (Phillips et al., 2021), MDA; Multivariate Discriminant Analysis
(Duda et al., 2001), PCA; Principal Component Analysis (Hotelling, 1933), PSO;
Particle Swarm Optimization (Kennedy and Eberhart, 1995), RF; Random Forest
(Breiman and cutler, 1993), SVM; Support Vector Machine (Cortes and Vladimir,
1995), SWARA; Stepwise Weight Assessment Ratio Analysis (Kersuliene and Turskis,
2011), XGBoost ; Extreme Gradient Boosting (Chen and Guestrin, 2016).
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**Conditioning Factors: A; Aspect, Al; Altitude, AMR; Annual Mean Rainfall, AMT;
Annual Mean Temperature, CI; Convergence Index, DD; Drainage Density, DEM;
Digital Elevation Model, DtD; Distance to Drainage, DtE; Distance to Epicenter,
DtF; Distance to Faults, DtR; Distance to Rivers, DtRd: Distance to Roads, DtS ;
Distance to Stream, DtU; Distance to Urban, DtV; Distance to Villages, DtW;
Distance to Wadis, El; Elevation, FD; Fault Density, Geo; Geology, GwL; Ground
Water Level, H; Humidity, Lth; Lithology, LC; Land Cover LU; Land Use, LULC; Land
Use and Land Cover, LS; Length Slope, NDVI; Normalized Difference Vegetation
Index, P; Precipitation, PC; Plan Curvature, PD; Population Density, PrC; Profile
Curvature, PGA ; Peak Ground Acceleration, PSHA; Probabilistic Seismic Hazard
Analysis, R; Rainfall, RSP; Relative Slope Position, S; Slope, Sa; Slope aspect,
Sd; Slope degree, SD; Stream Density, SG; Slope Gradient, SM; Soil Moisture, SnD;
Snow Depth Sp; Slope percent, SPI; Stream Power Index Stx; Soil texture, ST; Soil
Types, T; Temperature, TPI; Topographic Position Index, TRI; Terrain Ruggedness
Index, TWI; Topographic Wetness Index, VD; Valley Depth, VRM; Vector
Ruggedness Measures, WEL; Wind Exposition Index, WS; Wind Speed.

3.1 Machine Learning Techniques

Machine learning techniques comprise a group of computational algorithms that
learn from historical data, build predictions and classification models, and predict the
output whenever it receives new data. ML Algorithms can be broadly classified into
three groups namely Supervised ML, Unsupervised ML, and Reinforcement learning.
Supervised ML models are trained with labeled data sets, which allow the models to
learn and grow more accurately over time. In Unsupervised, ML algorithms learn from
the unlabeled data and find the hidden patterns in the data. Reinforcement machine
learning trains machines through trial and error to take the best action by establishing
a reward system. In hazard susceptibility assessment, the ML approach learns and
analyses the relationship between the spatial pattern of historical events and the
spatial pattern of the conditioning factors influencing their likelihood
(Pourghasemi et. al., 2019). An overview of ML workflow for hazard susceptibility

is depicted in Figure 1. The performance of the machine learning approach for an
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assigned task is established based on the availability of sufficient quality data and the
selection of the right model architecture. Different ML modeling techniques applied
by the researchers for MSE in mountainous regions are mentioned in Table 2.

Supervised

Inventory Data ML Al go rithms Learnin

(Historical events)

Learn Relationship
between spatial
patterns of historical

Conditioning factors Training Data events and
conditioning factors

Unsupervised >

1

Reinforcement

!

- /

o'
o
=
«
o
0
1
il

Accuracy Assessment Output
(AUC) ML Models

Figure 1: Overview of machine learning workflow for hazard susceptibility

3.2 Hazard Inventory

Preparation of Hazard Inventory of landforms by recording the location of disaster
occurrences is a key step for susceptibility mapping (Javidan et al., 2021). ML is a
data-driven technology and the accuracy of predicted output depends on the quality
and amount of data. Therefore, it is imperative to have a good set of inventories for
improved modeling and mapping. Data generation of events primarily depends
on the scale of study, purpose of the study, and accessibility to the study area. Earth
observation data provides critical input for machine learning models that improve
hazard prediction, detection, and management, ultimately mitigating the impacts
of natural disasters. Earth observation data sources can be categorized based on the
platform, sensor type, temporal frequency, and spatial resolution. Satellite-based
remote sensing provides various data types, such as optical, radar, thermal, and
multispectral imagery. These data sources provide geospatial, environmental, climatic,
and socio-economic data, which are essential to develop accurate hazard models. Key
satellites include Landsat for long-term land monitoring, Copernicus Sentinel satellites
for high-resolution optical and radar data, World View Satellites for damage analysis

132 Disaster & Development, Vol. 13, Issue 02, July to December 2024



Hemwati Nandan Bahuguna, Sushma Bahuguna, Syed Hameedur Rahman Zaini and Sudipta Sen Gupta

and land cover change, and Terra SAR-X for terrain monitoring. Airborne sensors like
drones can capture detailed local-level data for rapid hazard response. The advantages
of ground-based sensors include real-time observation capability, but are localized
by space. Earth observation data spans a range of spatial and temporal resolutions,
from meters to kilometers and daily to annual intervals.

The data sources used by the researchers for multi-hazard susceptibility
mapping include hazard catalog, Visible Infrared Imaging Radiometer Suite (VIIRS)
fire archive, Shuttle Radar Topography Mission (SRTM), CHELSA (Climatologist at
High Resolution for the Earth's Land Surface Areas, Food and Agriculture Organization
(FAO) and United Nations Educational, Scientific and Cultural Organization (UNESCO),
Google Earth, Sentinel-2, Moderate Resolution Imaging Spectroradiometer (MODIS),
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global
Digital Elevation Model (GDEM), Operational Land Imager (OLI), United States
Geological Survey (USGS), Global surface water explorer, Geological maps, topographical
maps, open street map, weather station, seismic stations, and meteorological stations.

3.3 Conditioning Factors

Conditioning factors are essential for hazard susceptibility mapping and modeling
(He Qian et al., 2021). Integration of hazard inventory data and the development
of a dataset of conditioning factors is a crucial part of multi-hazard susceptibility
assessment. Since each mountainous region has a unique geotectonic and hydrologic
setting, there is no uniform list of conditioning factors of each hazard (Rahmati et al.,
2019). Therefore, researchers have selected conditioning factors based on literature
review, expertise towards phenomena, topographical, geological, hydrological,
climatological, anthropogenic characteristics of the study area, and scale of analysis.
Ideally, the selected conditioning factors should be operative, quantifiable, and
non-uniform (Nacchapa et al. 2020). Some of the studies have used variance Inflation
Factors (VIF) and tolerance (TOL) for multicollinearity tests and Random Forest (RF),
Mean Decrease Gini (MDG), and Buruta algorithm for priority of effective conditioning
factors. Jackknife test is also used to assess the relative strength of each predictor
variable in some studies. Conditioning factors of each hazard applied for multi-

hazard modeling by the researcher have been listed in Table 2.
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3.4 Accuracy Assessment

The area under the receiver operating characteristic curve (AUC) is the most commonly
used threshold-independent method for analyzing the performance of the ML models
(Marzban, 2004). The goodness-of-fit and predictive performance of ML models
are evaluated by using the training group and validation group of data respectively.
The receiver operating characteristic (ROC) curve is a plot of sensitivity vs. “1 -

specificity” of an investigative test.

Sensitivity = TP + TP + FN
Specificity =TN + FP + TN

Where True positive (TP), True negative (TN), False positive (FP), and False negative

(FN) are the fundamental elements of the confusion matrix.

Sensitivity and specificity represent the probability of correct predictions of the positives
and negatives as observed in reality (Pourghasemi et al., 2020). AUC values vary between
0 to 1, where 0 implies a completely inaccurate test and 1 infers a perfect accuracy of
the test. While classifying model accuracy, an AUC value under 0.7 is unacceptable, 0.7
to 0.8 is considered good, 0.8 to 0.9 is measured as very good, and more than 0.9 is
excellent (Swets, 1988; Tien et al., 2017).

Other accuracy measures applied by researchers to evaluate the performance of
the multi-hazard models are as follows:

(i) Overall accuracy (ACC) =TP + TN = TP + TN + FP + FN
(Measures the percentage of correctly classified samples)

(ii) True skill statistics (TSS) = sensitivity + specificity — 1
(Measures the ability of a predicted value to discriminate between the events
and nonevents using all the elements in the confusion matrix)

(iii) Precision =TP + TP + FP
(Measures of exactness indicating the percentage of samples predicted as

positive are exactly positive)

(iv) Corrected classified instances (CCI) = (TN + TP + (TN + TP + FP+ FN) * 100
(Considers TN and FN for true and false negative predictive events, and TP and
FP for true and false positive, respectively)
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(v) Gini coefficient =2 * AUC -1
(Measures the inequality among values of variable and evaluates the performance
of binary classifier models)

(vi) Silhouette coefficient: Silhouette score is a measure of accuracy for classified
observation and represents object similarity to its cluster compared to other
clusters. Its value ranges from -1 to +1, where a high value shows that the object
is well-matched to its cluster and poorly matched to neighboring clusters.
Euclidean distance and Manhattan distance metrics can be used to calculate
silhouette. The disadvantage of the reliability of the approach in the silhouette
method is the dependency on the existence of valid quantitative initial data of
the region (Rocchi et al., 2022).

3.5 Multi-Hazard Susceptibility Modeling

To explore population exposure to multi-hazard risks (landslides, floods, and wildfires)
across the Hindu Kush Himalaya, the maximum entropy ML technique was applied
by Rusk et al. (2022). A set of 10 environmental covariates was employed to build
Maxent models for each hazard. The covariates included meteorological (annual
temperature and annual precipitation), surface characteristics (land cover and soil
suborder), hydrological (soil moisture and distance to permanent water), and DEM-
derived factors (elevation, slope, aspect, and accumulation). Variance inflation
factors (VIF) were used to perform a test of multicollinearity and Pearson’s correlation
coefficient was applied to determine the nature of the correlation. AUC reported
single hazard model performance of test data as 0.93 for floods, 0.91 for landslides,
and 0.86 for wildfires. Exposure was determined by a multi-hazard susceptibility
map integrated from three hazard maps and population distribution data. Javidan et
al. (2021) also presented the Maxent ML technique to generate susceptibility maps
for landslides, floods, and gullies in the Gorganrood watershed of Iran. Seventeen
Geo- geo-environmental factors were selected as predictors for flood, landslides, and
Gully erosion. VIF and Tolerance (TOL) were applied for the multi-collinearity test
and sensitivity analysis was implemented to examine the relative strength of predictor
variables using the Jackknife test. The most influencing predictors for each hazard
were considered as; (i) river density, distance from stream, and elevation for floods;

(ii) elevation, lithology, and annual mean rainfall for landslides and (iii) annual
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mean rainfall, elevation, and lithology for gully erosion. The accuracies gained by the
validation model based on AUC values for floods and landslides are comparable to
the results of the Maxent model of Rusk et al. (2022).

Yousefi et al. (2020) proposed SVM, GLM, and FDA methods to address the
probabilities of landslides, land subsidence, floods, snow avalanches, and wildfire
hazards for the mountainous region in southwestern Iran. For this purpose, effective
factors were classified into five categories namely topography, geology, hydrology
and climatology, social, and vegetation/land cover. Models of each hazard with
high accuracies were integrated using Boolean algorithms based on low, moderate,
high, and very high classes of each hazard. SVM provided the best accuracy for the
prediction of landslides, floods, and land subsidence. GLM predicted the best accuracy
for wildfire and FDA generated the best results for snow avalanche risks. Youssef
et al. (2022) worked to map the probabilities of landslides, floods, and gully erosion
hazards using GLM, FDA, MDA, RE and BRT models in the Hasher-Fayfa Basin of
southwestern Saudi Arabia. Five ML models (GLM, FDA, MDA, RE and BRT) for
landslide and gully erosion and three models (FDA, MDA, and RF) for floods
were developed to evaluate hazard occurrences. Based on the literature review
topographical, geological, meteorological, hydrological, and anthropogenic factors
were incorporated to develop a multi-hazard risk model. Sixteen factors (11 factors
for landslides, 12 factors for floods, and 13 factors for gully erosion) were selected
to generate hazard susceptibility maps. VF and TOL were used for multicollinearity
whereas the RF algorithm was implemented to measure the importance of
independent indicators for their contribution to each hazard modeling. FDA model
produced the best results for predicting landslides and the RF model provided the best
results for predicting floods and Gully erosion. FDA model reported better predictive
ability for landslide prediction and lesser predictive ability for flood prediction as
compared to the FDA model of Yousefi et al. (2020).

Random Forest model yielded high predictive accuracies for multi-hazard modeling
by Nachappa et al. (2020) and Pouyan et al. (2021). Nachappa et al. (2020) produced
a multi-hazard exposure map using SVM and RF for landslides and flooding in the
Federal State of Salzburg, Austria. Multi- hazard exposures were recognized using a total
13 influencing factors (10 factors for landslides and 11 factors for floods). A quartile
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classification approach was applied to categorize the exposure map into five classes
of exposure levels. The approach allocated all the values into clusters that contain an
equal number of values for better classification compared to the natural break
classification approach. The accuracy assessment of the exposure maps was derived
through ROC and R-Index (relative density). RF model yielded better performance
for both landslides and floods. Pouyan et al. (2021) developed SVM, RE and BRT
models to produce a multi-hazard map for flood, gully erosion, forest fire, and
earthquake in Kohgiluyeh and Boyer-Ahmad Province, Iran. The earthquake hazard
map was generated from a probabilistic seismic hazard analysis and PGA values were
divided into low moderate and high classes. The mean decrease Gini (MDG) method
was applied to examine the relative importance of effective factors of each hazard.
Elevation was measured most important factor for flooding, whereas annual
temperature and mean annual rainfall were measured as the most important factor
for forest fire and gully erosion respectively. Aspect was ascertained least important
factor for all three hazards. The RF model outperformed other classifiers with AUC
Values of 0.99, 0.99, and 0.88 for gully erosion, flooding, and forest fires respectively.
The SVM model provided better accuracies for flood predictions than the SVM
models of Nachappa et al. (2020) and Rahmati et al. (2019).

Rahmati et al. (2019) proposed SVM, BRT, and GAM for rock fall, avalanche, and
flood hazards in the mountainous area of the Asara watershed, Iran. Fourteen
predictive factors (topo-hydrological, geo-environmental, and morphometric)
were selected for hazard susceptibility mapping based on a literature review. The
hazard susceptibility map of each disaster was integrated using the weight linear
combination (ELC) technique to produce a multi-hazard map. TSS and AUC were
used to evaluate the model performance of each hazard. The SVM model achieved the
highest accuracy for snow avalanches and rock falls while the BRT model established
the highest accuracy for flood hazards. Proximity to residential areas, road networks,
and power transmission lines was defined as a vulnerable component for exposure
mapping. AHP was used to determine the weight of each factor and five classes of
exposure from very low to very high exposure were assigned. Exposure and multi-
hazard maps were assigned risk equation (Risk = Hazard * Exposure) to produce a

multi-hazard exposure map of the region.
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He Qian et al. (2021) studied the intersection of landslides and wildfires using RE
AdaBoost, and GBDT ensemble ML algorithms in Southeast Asia. Fifteen factors for
landslides, ten factors for wildfires, and a total of eighteen conditioning factors were
chosen for the hazard susceptibility assessment based on information collected from
the literature. VIF and TOL were used to detect the quantity of multicollinearity and
the mean decrease Gini Index of RF was applied to determine the relative importance
of the variables. For landslides, distance to road and distance to faults were considered
the most important factors whereas distance to urban areas followed by distance
to roads and slopes were considered the most important factors for wildfires. The
model performance was evaluated using (ACC), Precision, AUC, and confusion matrix
values. RF model outperformed other classifiers for both landslide and wildfire
prediction. The authors also computed the coefficient of variation (CV) for the

reliability test by intersecting the susceptibility map with uncertainty.

Pourghasemi, Gayen et al. (2020) developed individual and collective multi-hazard
risk maps for floods, landslides, and forest fires using the SVM and MARS, models in
Fars province, Southern Iran. The sixteen conditioning factors identified by the
literature review were considered to model the risk distribution for floods,
landslides, and forest fires. The performance of the models for each hazard was
evaluated by AUC, TSS, and correlation and deviance values from each model for
each hazard. The AUC values of the MARS model were slightly better than the SVM
model for floods and landslides whereas the SVM model performed slightly better
than MARS for forest fires. The TSS values depict better landslide prediction by the

MARS model but were less able to predict flood and forest fire risk patterns.

Pourghasemi, Kariminejad et al. (2020) conducted a multi-hazard probability
assessment using RF classifier for landslides, floods, and forest fires hazards in Fars
Province, Iran. The influencing factors were divided into biophysical and human
categories. The biophysical category was divided into atmospheric (humidity, rainfall,
and temperature) and topographic factors (altitude, slope aspect, and slope degree).
The human factors included land use, access to the forest, and fuel management
processes. To evaluate the importance of effective factors controlling hazard locations,
12 factors for floods and 10 factors each for landslides and forest fires were selected.

Boruta algorithm was applied to prioritize the impact of each respective factor on
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the occurrence of each hazard. Susceptibility maps of each hazard were integrated to
produce a multi-hazard probability map. The AUC values for validation were reported
as 0.83, 0.93, and 0.94 for flood, landslide, and forest fire prediction respectively.
Other accuracy measures i.e. sensitivity, specificity, CCI, TSS, and Gini coefficient also
approved the AUC results.

Khatakho et al. (2021) developed AHP in integration with GIS to assess multi-
hazard risk in Kathmandu Valley for floods, landslides, earthquakes, and urban fire
hazards. Multi-hazard risk assessment was performed by pair-wise comparison of
floods, landslides, earthquakes, and urban fire hazards. Twenty-one influencing factors
were selected based on available information and a suitable class of influencing factors
and corresponding rating factors were assigned. Individual maps were generated by
selected influencing factors and thereafter four maps were superimposed based on
their weights to generate multi- hazard risk map. AUC and hazard density were used
to validate the earthquake hazard map based on damage data from the 2015 Gorkha
earthquake. While an AUC value of 0.68 reported moderate performance, hazard
density analysis illustrated a good correlation between classified hazard zones and
past earthquake incidences. Validation for floods, landslides, and urban fire hazards

was carried out by superimposing historical hazard events.

Rocchi et al. (2022) presented qualitative multi-hazard risk analysis methodology
with large and heterogeneous input data sets to assess overall combined seismic
and hydraulic risk for different municipalities of the Emilia Romagna region of Italy.
The input dataset of the Italian National Institute of Statistics (ISTAT) was organized
as a matrix with rows of municipalities and columns corresponding to quantitative
variables associated with different characteristics of flood and seismic risk. PCA method
was used to quantify the relative importance between variables and the relation among
them. The different municipalities of the region were grouped into homogeneous
clusters through the K-mean clustering algorithm and the Silhouette coefficient was
used to validate the clustarization.

Pourghasemi et al. (2019) proposed a SWARA-ANFIS-GWO ensemble model in the
Lorestan province of Iran for a multi-hazard probability map of landslide, flood, and
earthquake. Eleven influencing factors related to terrain and land use were adopted
to generate susceptibility maps of landslides and flood. Probabilistic seismic hazard
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analysis (PSHA) was employed to generate an earthquake map with 5 different classes
from very high to very low based on magnitude. SWARA approach was applied for
weighing contributing factors whereas the ANFIS method was implemented to acquire
weighs on each value while using the GWO algorithm. The AUC indicated accuracies of
84% and 80% for floods and landslides respectively. Multi-hazard probability map was
produced by combining landslide, flood, and earthquake maps. Bordbar et al. (2022)
also worked on ensemble SWARA - ANFIS - GWO and SWARA - ANFIS - PSO models
to provide a multi-hazard map for floods, landslides, and earthquakes in Kermanshah
province of western Iran. Influencing factors were selected based on previous
research. Altitude, lithology, slope degree, distance to river, plan curvature, and aspect
were considered common factors for flood and landslide mapping. Rainfall and land
cover for floods and distance to road, distance to fault, and land use were considered
as specific influencing factors for landslides. VIF and TOL were used to examine
multicollinearity. The SWARA method was applied to weigh the subclass of the
influencing factors for landslides and floods. ANFIS, ML algorithm was used in
combination with PSO and GWO meta-heuristic algorithms to train the data. A PGA
map was generated to study earthquakes in the region. The hazard accuracy of the
models was validated using ROC, root mean square Error (RMSE), and mean square
error (MSE) methods. SWARA-ANFIS-PSO ensemble models performed best for flood
susceptibility maps and provided excellent results for landslide maps. The model
reported better accuracies than the SWAEA — ANFIS - GWO ensemble model of
Pourghasemi et al. (2019) for predicting floods and landslides.

Zhao et al. (2022) developed and compared six models using three ML methods
namely SVM, RF with different nuclear functions, and BPNN model for landslide
and Rockfall hazard susceptibility in the Handgun mountains region of China. They
adopted 10 factors in susceptibility assessment based on mean decrease Gini and mean
decrease indicators by the RF model. RF model provided the highest accuracy compared
to other models considered in the study. Cao et al. (2020) implemented SVM, RE and
XGBoost techniques to generate a multi-hazard susceptibility map for landslide,
rock fall, and debris flow in the Jiuzhaigou region of China. For this purpose, multi-
hazard inventory from 2000 to 2015 was used along with 12 factors associated with

trigging mechanisms as conditioning factors. XGBoost performed best for rock fall and
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debris flow whereas SVM provided the best prediction for landslides. XG Boost model
also reported better accuracy than the RF model of Zhao et al. (2022) for rock fall

prediction.

4. Discussion

Multi-hazard susceptibility modeling worked out by researchers in different
mountainous regions of the world reveals that models differ in their accuracy of
prediction for different hazards and the type of hazard can affect the ranking of the
model. In most of the studies individual hazard susceptibility models were created
using different ML algorithms including ensemble methods, and multi-hazard
susceptibility maps were assembled from the most accurate individual model for
each hazard. Figure 2 depicts the performance of individual ML Models based
on AUC Values (Table 2) calculated by researchers for different hazards in the
mountainous regions. The Random Forest model (AUC= 0.97, 0.87, 0.98) performs
excellently in some tests but exhibits variability in others when predicting floods.
The SVM model also exhibits greater variability, with one notably low result of
AUC (0.75) for flood prediction. The FDA demonstrates strong overall performance,
though it can struggle with certain data, achieving an AUC of 0.77 for landslide
prediction. The SVM is highly variable, with AUC ranging from 0.91 to 0.72, suggesting
that the performance of this model might depend on the particular subset of data
or class distribution for wildfire prediction. The BRT model is highly variable, with an
excellent AUC of 0.93 and a poor AUC of 0.63, which may suggest that it will not be
good at some subsets of the data for gully erosion prediction.

Mapping processes have the significant disadvantage of being sensitive to changes
in input variable weighting and the researcher’s judgment on the assessment scale
(Chang et al., 2008). All the methodologies have their advantages and limitations,
and each model’s performance depends on the input data, structure, and accuracy of
the model. There is neither a standard for a specific model to be used for a specific
situation, hazard, or study area nor universal guidelines on choosing influential

factors for each natural hazard (Khosravi et al. 2018).
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Natural hazards are complex phenomena and have a strong relationship with
the characteristics of the landscape (Geotectonic, hydrologic, climatic etc.) and
anthropogenic activities of the region. An accurate knowledge of factors affecting these
hazards may be incomplete and some of unknown factors may still be present. To assess
the performance of various models, relative and proportional research is necessary
for similar conditions and influencing factors to make comparisons and rational
conclusions on the appropriate model for a specific hazard at a certain region (Goetz
et al., 2015). The performance of the models is determined by data sets of historical
environmental processes but the reshaping of the environment due to anthropogenic,
climate change and urbanization may reshape the distribution of future hazards
(IHCAPB, 2017; Mukherji et al., 2018; Sharma et al., 2019).

Natural hazards do not operate in isolation and hazard interactions and interaction
network modeling are necessary as the occurrence of primary hazard can significantly
modify the probability of secondary hazard (Gill and Malamud, 2016). Machine learning
models are not definite about the mechanisms giving rise to multi-hazard. Single-hazard
and multi-hazard environments differ by mechanistic connection between hazards
and one hazard may compound the effects of another hazard (Cutter, 2018). Although a
hazard interaction matrix has been given by Kappes et al. (2010) to identify the influence
of one hazard on another, but compound effect is somewhat more complex due to
various geological, geographical, hydrological, seismic, and anthropogenic processes
of the region. Gill and Malamud (2016) suggested that management priorities could
be distorted if interactions between important environmental and anthropogenic
processes are ignored and considering interactions helps us for better prioritization of
resources for disaster risk reduction. Integration of hazard interaction aspects in the
multi-hazard modeling approach can contribute to a better holistic assessment of the
hazard risk of the region.

Mountain regions are habitat to 17% of the world’s population, most of which are
poor and marginalized (UNISDR, 2010). Assessment of exposure needs to be interpreted
into risk assessment with the help of additional data on social vulnerability within the
population (Rigg et al., 2016). The adaptive capacity of different social groups may make
substantial differences in vulnerability to hazards among different population sections.
For instance, poverty may be the reason for settlement in high-risk areas (Tuladhar

et al., 2015) causing increased vulnerability to multiple hazards.
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Eachdisaster typeis unique, and each mountainousregion has diverse vulnerabilities
and resiliency levels. Multi-hazard susceptibility and exposure analysis approach is
a cost-effective engineering that can assist the population in adapting to hazardous
events. Integrated multiple hazard interaction data capture techniques are necessary
in the domain of multi-hazard susceptibility and exposure assessment to develop clean
and big structured data that can support the ML approach for improved results. With
hazard interactions and networks being integrated with vulnerability and exposure
factors along with other important features like the effects of climate change on multi-
hazards, remote sensing and earth observation data, socio-economic and infrastructure
vulnerabilities, resilience and adaptive strategies, real-time data assimilation, public
awareness and an interdisciplinary approach, a treasure trove of valuable insights can
be gained. These knowledge inputs can improve disaster preparedness and mitigation
measures in the mountainous regions through better hazard prediction, optimizing
resource allocation, promoting sustainable land use, and strengthening community

resilience.

Challenges

One of the major challenges for multi-hazard susceptibility assessment is that of
building generalized learning techniques by understanding and applying integrated
interaction matrices between multiple hazards in learning algorithms. Besides, the
availability and collection of data on hazard interactions and interaction networks with
correct sampling and sufficient representation of each pattern of hazards is a challenge.
ML algorithms require correctly sampled training data having sufficient representation
of patterns for the statement of the problem to be merged in the data server. The ML
approaches are processed as an integrated approach and may also face challenges
related to personal privacy risk and country-specific data leading to limitation of data
availability (Kuglitsch et al., 2022). Another data-related challenge relates to ethical
concerns. Socio-economic biases in the data sets could not be disseminated through
the models developed by the system. Possible harms associated with ML, such as
underrepresentation due to human or technical bias should be mitigated and the
assistance of ML can be recognized for all, particularly those who are more vulnerable to
the impacts of hazards (Kuglitsch et al., 2022). Ensuring unbiased and ethical machine
learning tools applied to the ML approach for disaster risk management is one of the
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important traits (Rocchi et al., 2022). Mellowed machine learning tools should not be
used in safety-critical situations for which they are not prepared (Gevaert et al., 2021).
We obtain huge amounts of data from different sources for research applicability and
ethics should be carefully considered and misuse should be avoided (Gevaert et al.,
2021; Wagenaar et al., 2020; Stahl, 2021). The ethical issues include malicious use, loss
of human decision-making, prioritization in risk management, and prioritization of the
wrong problems concerning the expectations of stakeholders (Rocchi et al., 2022). The
clusterization labeling should be essentially filled with the intention of the end user
(Stahl, 2021).

While publicizing results, sensitive aspects should be kept in mind from the privacy
point of view (GFDRR, 2018). The results must be humanly explicable and acceptable but
this can be challenging as there is no general out-of-the-box human-machine interface
that delivers evidence about how and why certain decisions are made by the ML model.
Ultimately, faith in timely and fully transparent communication tools is the major
challenge to be overcome. This requires effective collaboration among skillful disaster
responders, ML developers, geoscientists, regulators, and government agencies, to meet
the necessities of all stakeholders. Expertise in communicating results, uncertainties of
machine learning, and identification of sensitive groups for overcoming bias are other
significant aspects. So, before being applied it is essential to confirm promising results
and assessment proneness of tools (Rocchi et al., 2022; Gevaert et al., 2021).

5. Conclusion

Mountainous regions are highly prone to a variety of nature-triggered disasters affecting
thelives of millions of people worldwide each year. There is a great need to assess hazards
holistically which may be helpful to manage the potential threats of these regions. The
multi-hazard approach supports the holistic susceptibility assessment of the hazard
potential ofa particularregion that can assist disaster management operations to prepare
collectively for the greater risk from multiple hazards. In this article, a review study has
been carried out to explore the machine learning models applied by researchers for
multi-hazard susceptibility assessment in different mountainous regions of the world.

The performance evaluation of the models reveals that RE FDA, GLM, Maxent, and
MDA consistently deliver the highest AUC values for flood and landslide prediction.
Random Forest stands out as the mostreliable and effective model for wildfire prediction,
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with SVM and Maxent also demonstrating strong potential. For gully erosion prediction,
Maxent and Random Forest are the most effective models. In terms of land subsidence
prediction, both SVM and GLM are excellent options, with SVM slightly outperforming
GLM. For snow avalanche prediction, GLM and BRT yield good results while XGBoost
achieves exceptional accuracy for rockfall and debris flow prediction. The machine
learning methods achieved acceptable accuracy in predicting the different hazard types
and multi-hazard susceptibility maps are generated by the researchers to provide useful
information for proactive management and hazard mitigation.

Futureresearch on theintegration of hazard interaction aspects and interdisciplinary
approach combining data science, engineering, environmental science, social science,
and policy studies into multi-hazard modeling can contribute to an enhanced
framework for disaster risk reduction. Further, the exploration of strategies for building
generalized learning models and methods for improved accuracy can expand disaster
management procedures in mountainous regions.
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