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Abstract Multi-hazard studies in the Himalayas are crucial due to the region’s vulnerability to 
a range of natural hazards that often interact in complex and dynamic ways. These studies 
emphasize the need for integrated risk management, early warning systems, and adaptation 
strategies to cope with the combined impacts of these hazards. With the increasing impacts of 
climate change and rapid urbanization, these risks are expected to intensify, making ongoing 
research and proactive planning essential for ensuring the resilience of Himalayan communities. 
The present study focuses on a region located in the higher Himalayas, characterized by a 
complex morphometric setup and landforms, produced by the interplay of both glacial and 
fluvial geomorphic processes within an active Fold-Thrust-Belt. In this study, multisensor and 

temporal earth observation data, along with advanced remote sensing and GIS techniques, 

were used for a macro-scale multi-hazards zonation study encompassing snow avalanche, 
landslide, and earthquake disasters. The snow avalanche susceptibility map is derived through 
the Analytical Hierarchy Process (AHP), while the landslide susceptibility has been prepared 
using the Weighted Multiclass Index Overlay method. The seismic hazard map has also been 
derived through AHP. The resulting integrated multi-hazard map, which overlays the 
individual hazard levels, indicates that 16% of the study area falls within a low hazard zone. 
Hazard-specific zones cover 17% for earthquakes, 17% for avalanches, and 24% for landslides. 
Notably, approximately 46% of the study area is exposed to multiple hazard types. The findings 
of this study, combined with multi-hazard susceptibility modelling in such remote and 
challenging terrain, will serve as crucial inputs for stakeholders to develop effective mitigation 
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strategies, implement early warning systems, and guide land use planning in response to multi-
hazard scenarios. 

Keywords: multi-hazard, susceptibility, AHP, DSHA, Weighted Multiclass Index Overlay 

 

 

1. INTRODUCTION 

The Himalayan region, known for its complex geological and ecological dynamics, is highly 
vulnerable to a range of natural hazards (Gautam, et al., 2013; Kala, 2014; Pathak et al., 2019) 
that often occur simultaneously or in quick succession, complicating risk management efforts. 
These hazards include earthquakes, landslides, floods, glacial lake outburst floods (GLOFs), 
avalanches, and extreme weather events. Each year, these multiple hazards result in fatalities 
and infrastructural damage (Chouhan et al., 2022a). A single natural disaster can trigger or 
increase the likelihood of additional hazards (Jinxing et al., 2002; Bathrellos et al., 2017).  

The assessment of a single hazard will not serve the problem in addressing the risk mitigation 
strategies where the area is affected by multiple hazards (Sekhri et al, 2020). Multi-hazard risk 
assessment, which evaluates the combined likelihood of experiencing extreme natural events 
across multiple hazards, can be valuable for managing the interactions between these hazards 
(Kappes et al., 2012; Gill & Malamud, 2016). There is plethora of works on individual natural 
hazards assessment such as landslides (Guzzetti et al.,1999; Van Westen et al., 2006; Ghosh, 
2011; Bhandari & Wankhade, 2025), earthquakes (Khattri et al., 1984; Bhatia et al., 1999; 
Mahajan et al., 2010; Kumar et al., 2011; Nath & Thingbaijam, 2012; Rout et al., 2018; Sharma 
& Sarkar, 2023), avalanche (Snehmani et al., 2013; Kumar et al., 2019; Xi & Mei, 2023). Since 
the United Nations emphasized the importance of multi-hazard studies for risk assessment in 
2002 and its subsequent addressing in Hyogo framework for action (UN-ISDR, 2005), 
SENDAI framework of Disaster Risk Reduction in 2015–2030 (UNISDR, 2015) there has been 
a notable increase in research focused on multi-hazard approaches. With advent of GIS and RS 
technology, researchers adopted various methodologies in developing multi-hazard 
susceptibility using two and more natural hazards like Bathrellos et al. (2017) carried out the 
multi-hazard assessment in Greece considering the landslide, flood, and seismic hazards using 
Analytical Hierarchy Process (AHP). In a similar line Skilodimou et al. (2019) in Greece; 
Aksha et al. (2020) in Nepal assess the landslides, earthquakes, and floods. Pourghasemi et al. 
(2019) conducted study in Iran using the SWARA-ANFIS-GWO model to address the 
landslide, earthquake, and flood hazards. Yousefi et al. (2020) applied machine learning 
algorithm to assess the snow avalanches, landslides, wildfires, land subsidence, and floods in 
Iran. Rehman et al. (2022) evaluate the landslides and flood hazards in Muzaffarabad, Pakistan 
using the AHP and Frequency Ratio (FR) whereas Akbar et al. (2023) utilized FR to analysis 
the flood, landslide, and snow avalanches in Kargil-Ladakh. Rusk et al. (2022) studied floods, 
landslides, and wildfires in Hindukush Himalaya through maximum entropy method. Ullah et 
al. (2022) evaluate landslides, flash floods, and debris flows in the Shangla District, Pakistan, 
with CNN, LR, and KNN. Sharma and Rana (2024) applied AHP for multi-hazard study in 
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Jammu encompassing landslides, floods, earthquakes, droughts, forest fires and soil erosion. 
In another work Sharma et al. (2024) conducted multi-hazard susceptibility analysis in Jammu 
division using the FR and Shannon entropy considering the earthquake, foods, landslide, 
drought and forest fire. Gupta et al. (2024) applied the Random Forest and Artificial Neural 
Network approach to study landslide and earthquake susceptibility respectively. Finally, 
combined both the maps using the matrix approach. Despite several works in the Himalaya on 
multi-hazard assessment, the study of interplay and cascading effects of avalanche, earthquake, 
and landslide has not been dealt earlier. Ali et al. (2022) prepared a disaster catalogue for 
Kashmir valley encompassing earthquakes, flood, landslide, and snow avalanche. To fill this 
research gap there is a need for a region specific straightforward, easy to employ multi-hazard 
zonation methodology covering snow avalanche, landslide, and earthquake in data scarce, 
remotely located areas for future planning.  

In the past decades, the Indian Himalayan Region has experienced number of multiple 
hazards generated due to the domino and cascading effects of a single natural hazard. The 
notable such incidences are the 18 September 2011 Sikkim earthquake resulting landslide 
induced losses in terms of life, property, and infrastructure (Baruah et al., 2018), 16-17 June 
2013 Kedarnath disaster due to heavy rainfall resulting landslides and floods in the downstream 
claiming more than 5000 life, damages to infrastructure (Kumar et al., 2016), the devastating 
flash flood of Rishiganga-Dhauliganga valley in Chamoli district, Uttarakhand, on February 7, 
2021 resulted in a catastrophic deluge downstream, resulting in a large death toll and wrecking 
of two ongoing hydroelectric power projects in Raini and Tapovan villages (Shugar et al., 
2021). These incidents and the increasing trend of their occurrences in the recent past (Rehman 
et al., 2022) have raised urgent concerns about the need for multi-hazard study considering the 
frequent occurrences of avalanche, earthquake, and landslide in this terrain towards effective 
action planning to ensure safe and sustainable development in the Himalayan mountainous 
region.  

The present study aimed to integrate the individual natural hazards, such as landslides, snow 
avalanches, and earthquakes to create a comprehensive multi-hazard map for Rishiganga and 
Dhauliganga valleys of Chamoli district, Uttarakhand. The work utilized multi-sensor and 
temporal Earth observation data, combined with advanced remote sensing and GIS techniques, 
to conduct a macro-scale multi-hazard zonation analysis. The study first evaluated the 
susceptibility to individual natural hazards and, subsequently, all the hazards were integrated 
to create a comprehensive multi-hazard map using the Analytical Hierarchy Process (AHP) 
developed by Saaty (1980, 2000). 

 

2. STUDY AREA 

Uttarakhand is among the regions in the Himalayan Terrain with the most frequent 
earthquakes of magnitude 5.5 or higher in the past (https://asc-india.org, Gupta et al., 2012). 
The present study area, encompassing Rishiganga, Dhauliganga, and Girthiganga basins, 
Chamoli and Pithoragarh districts, Uttarakhand, covering an area of about 2800 km2 (Figure 1) 
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falls in the higher Himalayas and is surrounded by a complex morphometric setup and 
landforms, produced by the interplay of both glacial and fluvial geomorphic processes within 
an active Fold-Thrust-Belt. The major part of the study area is covered by snow. The area is 
located within the Central Crystalline Group, which consists of Proterozoic-age rocks, 
including the Mana and Helang Formations. The gneiss, migmatite, schistose rocks, along with 
pegmatite and quartz veins prevalent in this area. Major tectonic structures like the Main 
Central Thrust (MCT) are indicative of the intricate structural deformation that the area has 
experienced. The region experiences a monsoonal climate characterized by distinct seasonal 
patterns. Winters are typically cold and dry, influenced by western disturbances that bring 
occasional snowfall, while summers are dominated by the Indian Summer Monsoon (ISM), 
resulting in heavy rainfall (Owen et al., 1996; Kumar et al., 2020; Kesarwani et al., 2021). This 
interplay of monsoonal rains and winter snowfall significantly shapes the region’s cryosphere, 
landscape, ecosystems, and socio-economic systems (Kesarwani et al., 2021; Pandey et al., 
2021). The changing climate and the continuous rise in global temperatures are expected to 
cause significant environmental changes, particularly in high-altitude regions of the world 
(IPCC, 2021). The previous studies indicate the retreatment of the Himalayan glacier due to 
climate change (Bajracharya et al., 2007; Kumar et al., 2020; Kesarwani et al., 2021). 

Figure 1. Location map of the study area 
 
 

3. MATERIALS AND METHODOS 

In this study, various optical multi-sensor and multitemporal data have been employed to 
create thematic maps for the multi-hazard susceptibility assessment. The details of the data 
products used for different thematic maps in this work are given in Table 1. 
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Table 1. The details of the data products used in the present study 
Sl 

No. 
Thematic maps Data product Source 

1. DEM derivative (Slope, 
Aspect, Curvature, 
Drainage, Landform) 

ALOS PALSAR Dem 
(12.5m), SRTM (30 m) 

Earth data, NASA, Alaska Satellite 
Facility - Distributed Active Archive 
Center 

2. Landuse Land Cover 
(LULC) 

ASTER VNIR (15 m), LISS IV 
(5.8 m), Sentinel 2A (10 m) 

Earth data, NASA, European Space 
Agency (ESA), National Remote Sensing 
Centre (NRSC), India 

3. Landslide Inventory SPOT, LISS III, multitemporal 
Earth Observation data 

NRSC, ESA, Google earth 

4. Glacier Inventory  LISS IV (5.8 m) NRSC 
5. Earthquake Inventory List of earthquakes United States Geological Survey (USGS) 

and National Centre for Seismology 
(NCS) 

 

During the present study, the multi-sensor optical data was pre-processed in Arc GIS 
software for the preparation of various thematic maps. The pre-processing includes layer stack, 
subset, calibration, and spectral enhancement of optical data. A schematic flow chart of this 
work is outlined in Figure 2.  

Figure 2. Methodology and workflow of the present study 
 

3.1 Landslide Inventory 

Many of the unique markers left by landslides on slopes can be recognized, categorized, and 
charted in the field or by photo-interpretation (Varnes, 1978; Hansen, 1984). The main way to 
identify these markers is through morphological changes, like variations in the slope and 
hummocky surfaces. By interpreting these morphological features, key landslide information 
can be determined, including the type of failure, the affected surface area, and the underlying 
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causes. The SPOT images available as a base map in Arc GIS 10.8 (up to the resolution of 30 
cm), high-resolution Google Earth data of different time periods (from 2014 to 2023), and LISS 
III data were used as the main data product for generating the multi-temporal landslide 
inventory. In total, 271 landslides were digitized from remote sensing data (Figure 3). However, 
during the limited field check, 21 landslides were observed from the road stretch between Raini 
Village and Malari Village. The majority of the landslide incidences are mostly confined to the 
central part of the Dhauliganaga River Basin. Their occurrences in different terrain conditions 
are carefully studied in deriving the causative factors.  

 
3.2 Glacier Inventory 

The Himalayas have always attracted to human being for its higher mountain has unique 
bio-diversity with snow and ice capped peaks. It leads to increase of people activity over this 
region which in turn increase the fatalities as a result of avalanche incidences (Ganju et al., 
2002). The assessment of the glacier and glacier lake are essential in terms of multi-hazard 
assessment as the avalanche as well as glacial lake outburst flood (GLOF) in the higher reaches 
can have domino effect in the downstream. The glaciers and glacial lakes inventory of the study 
area has been prepared using the multispectral IRS LISS-IV satellite images. The preparation 
and updating of the glacier inventory were based on the methodology outlined in the UNESCO 
Manual (1970) for perennial ice and snow masses, along with the guidelines provided by the 
Temporary Technical Secretariat (TTS) for the World Glacier Inventory, as detailed in Müller 
et al. (1977) and its supplement, Müller (1978). Additionally, the inventory of the Himalayan 
glaciers, published in GSI Special Volume No. 34 in 2009, was also referenced. A total of 204 
nos. of glaciers and 97 glacial lakes have been identified. Overall, 7 vulnerable lakes have been 
identified across the study area (Figure 3).  

Figure 3. Spatial distribution of landslide (left) and Glacier, Glacial Lake (right) in the study area 
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3.3 Earthquake Inventory 

The study area belongs to Seismic zone V (BIS, 2002). Although the area has not witnessed 
any bigger earthquake (M≥8) in the last century and is located in the Central Seismic Gap 
(CSG), it may experience an earthquake of higher magnitude than 8 in the future (Khattri, 
1999). A seismicity analysis for an area extending 300 km from the study location has been 
performed using the data of earthquakes, seismic sources from the ‘Bhukosh’ portal of the 
Geological Survey of India (Figure 4). In the present study, a total of 3349 data were collected 
from the United States Geological Survey (USGS) and National Centre for Seismology (NCS) 
websites. These earthquake data have magnitude information on different scales. Thus, 
conversion of all the data into a uniform scale is essential. The dataset is converted into 
homogeneous using the following equations proposed by Das et al. (2011) and Deniz and 
Yucemen (2010). These empirical relationships are used by various workers in seismic studies 
(Sinha & Sarkar, 2020; Sharma & Sarkar, 2023). 

 
Mw = 0.67(±00005)Ms +  2.12(±0.00001) for 3< Ms<6.1                       (1) 

 
Mw =  1.06(±0.0002) Ms −  0.38(±0.006) for 6.2≤ Ms≤8.4                     (2) 

 
Mb =  0.65(±0.003) Mw +  1.65(±0.002) for 2.9≤ Mb≤6.5                       (3) 

 
Mw =  1.57Mι −  2.66                                                                                    (4) 

 
Mw =  0.54Ms +  2.81                                                                                  (5) 

 
Where Mw = Moment magnitude, Ms = Surface wave magnitude, Mb = Body wave 

magnitude, Mι = Local magnitude. 

Based on the completeness of the data deduced following the methodology given by Wiemer 
and Wyss (2000), earthquake data with magnitudes higher than 2.5 are considered for the 
present analysis. 

 
3.4 Individual Hazard Assessment 

In this work, due to the limitations of the data, instead of a sensu-stricto hazard assessment, 
susceptibility conditions with respect to landslide and avalanche have been performed. In 
earthquake hazard assessment, a Deterministic Seismic Hazard Analysis (DSHA) concept 
(Krammer, 1996; Sharma & Sarkar, 2023) has been adopted to develop the seismic micro 
zonation map of the area. The individual hazard assessment methodology is described below. 

Landslide: The tendency of a region to produce landslides is known as its susceptibility. 
The landslide susceptibility is expressed mathematically as the likelihood of the slope collapse 
in a given location under the specific geo-environmental circumstances (Guzzetti et al., 2005). 
In this study, the Weighted Multi-Class Index Overlay Method was applied to map landslide 
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susceptibility (Guzzetti et al.,1999; Van Westen et al., 2006; Ghosh, 2011). This improved 
bivariate statistical method for susceptibility analysis using Yule’s coefficient has been applied 
by many workers in the Himalayan terrain (Ghosh et al., 2011; Ram et al., 2020; Kundu & 
Patel, 2019; Khan et al., 2024; Bhandari & Wankhade, 2025). In this method, the 
interrelationship between the different classes of thematic factor (T) and landslides (L) is 
determined by Yule’s coefficient (YC) by using the presence or absence of landslides in each 
class of the individual thematic factors. The Yc is calculated by the following equations (Yule, 
1912; Fleiss, 1991; Bonham-Carter, 1994) 

Figure 4. Seismotectonic set up of the study area showing moment magnitude of earthquake, seismic 
discontinuities within the 300 km radius area, MCT-Main Central Thrust, MBT-Main Boundary 

Thrust, MFT-Main Frontal Thrust, SAT-South Almora Thrust, NAT-Nahan Thrust 

 

𝑌஼ =
ඥ்௅ ்௅́⁄ ିඥ்௅́ ்́௅́⁄

ඥ்௅ ்௅́⁄ ାඥ்௅́ ்́௅́⁄
                                                           (6) 

Here, TL denotes the presence of thematic factor class as well as landslide, 𝑇𝐿́ indicates 
absence of landslides and presence of thematic factor, 𝑇́𝐿 defines the area where landslide is 
present, but the factor is absent, and 𝑇́𝐿́ defines absence of thematic factor and landslides. The 
Yc is varies from -1 to + 1. A Favourability Score (FS) has been determined depending upon 
the value of Yc by the following equation. 
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𝐹𝑆 = ൜
0

𝑌஼ 𝑌஼೘ೌೣ
⁄ {

𝑓𝑜𝑟𝑌஼ ≤ 0
𝑓𝑜𝑟𝑌஼ > 0

                                                    (7) 

Where, 𝑌஼೘ೌೣ
 defining the maximum 𝑌஼ of all the individual classes of the thematic factor, 

and FS indicates the propensity to fail for the given thematic factor.  

The absolute difference of maximum Yc and minimum Yc for an individual thematic factor 
is taken to determine the weightage and calculated using the following equation:  

𝑊 = |𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑌𝑐 − 𝑚𝑖𝑛𝑖𝑚𝑢𝑚𝑌𝑐|/𝑚𝑖𝑛𝑖𝑚𝑢𝑚|𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑌𝑐 − 𝑚𝑖𝑛𝑖𝑚𝑢𝑚𝑌𝑐|               (8) 

Finally, all the thematic factors are integrated based on their weightage and favourability 
score map using the weighted multi-class index overlay method (Bonham-Carter, 1994). Here, 
the susceptibility score (S) is calculated in each pixel through the following equation in the 
map algebra of the ArcGIS environment: 

𝑆 = ∑ (𝐹𝑆𝑖 × 𝑊௜)
௡
௜ ∑ 𝑊௜

௡
௜⁄                                                                    (9) 

Where FSi defines the favourability score of the ith thematic factor and Wi the weightage of 
the ith thematic factor. 

Avalanche: Snow avalanches in the study area mostly occurred in the winter season due to 
heavy snowfall during this period (Ganju et al., 2002). There are various studies involving for 
demarcation of snow avalanche prone areas and their controlling factors in high mountain 
terrain (Snehmani et al., 2013; Selçuk, 2013; Kumar et al., 2016, 2019; Landrø et al., 2020; Xi 
& Mei, 2023). Keeping in view of the existing literature and knowledge, terrain conditions like 
slope, altitude, aspect, curvature, and landuse-landcover (LULC) are used in preparation of the 
susceptibility map. The individual subclass of each factor is given rating using the importance 
value scale proposed by Saaty (1980). Then, a pairwise comparison matrix is prepared, 
followed by a consistency check for each judgement. The consistency ratio (CR) is obtained 
using the following equation as proposed by Saaty (1987). It should be less than 0.1. 

CR =
େ୍

ୖ୍
                                                                (10) 

 
Where CI is the consistency index, and RI is the random consistency index. The Consistency 

Index is obtained using the following formula: 
 

CI = Mean CV −
୒

୒ିଵ
                                                            (11) 

 
Where mean CV is the consistency vector, and N is the order of the judgment matrix. The 

RI value is taken from the assigned value based on the order of the matrix (Saaty, 2000).  
Now Avalanche Occurrences Favourable Score Map is obtained using the normalized 

fraction rating using the following formula: 
 

                       Fraction rate =
ୗ୳୫ ୭୤ ୣୟୡ୦ ୰୭୵ ୧୬ ୲୦ୣ ୨୳ୢ୥ୣ୫ୣ୬୲ ୫ୟ୲୰୧୶

୬୭.  ୭୤ ୡ୰୧୲ୣ୰୧ୟ
                                (12) 

 

      𝐴𝑣𝑎𝑙𝑎𝑛𝑐ℎ𝑒 𝑂𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒 𝐹𝑎𝑣𝑜𝑢𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑆𝑐𝑜𝑟𝑒 (𝐴𝑂𝐹𝑆) =
ி௥௔௖௧௜௢௡ ோ௔௧௘

ெ௔௫(ி௥௔௖௧௜௢௡ ோ௔௧௘)
         (13) 
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The next step is to obtain the factor weight value for each thematic factor. Here also a 
judgment matrix needs to be prepared, followed by its consistency check, and finally, weights 
are calculated using the fraction rate. Now susceptibility score map is prepared by summation 
of the weighted AOFS map using the raster calculator in ArcGIS environment.  

Earthquake: The damage due to earthquakes is the result of the collapse of infrastructures, 
houses, etc, due to the ground shaking. These shakings can be characterized by the Peak Ground 
Acceleration (Wald et al., 1999; Wu et al., 2016, 2018; Legendre et al., 2017). There are several 
attempts in the past for addressing this issue through the preparation of a probabilistic seismic 
hazard map (Khattri et al., 1984; Bhatia et al., 1999; Mahajan et al., 2010; NDMA, 2010; 
Kumar et al., 2011; Nath & Thingbaijam, 2012; Rout et al., 2015; Rout et al., 2018). In the 
present work, a deterministic seismic hazard analysis (DSHA) concept (Krammer, 1996; 
Sharma & Sarkar, 2023) has been adopted to prepare the seismic microzonation map of the 
area. The first and foremost thing for the seismic hazard analysis is the collection of past 
earthquake data having details of focal depth, magnitude, location, and year of occurrence. 

The Maximum Credible Earthquake (MCE), the largest possible earthquake, is generally 
determined based on the size of the largest earthquake that is consistent with the geological, 
historical, and seismological data for a given region. In our study, we have estimated the 
subsurface rupture length distance using the following equation, as given by Wells and 
Coppersmith (1994): 

                                          log (RLD)  =  0.59Mw −  2.44                                                  (14) 
 

Then calculate the MCE using the relationship between subsurface rupture length distance 
(RLD) and moment magnitude (Mw) proposed by Wells and Coppersmith (1994). 

 
                             Mw (±0.28) =  5.08(±0.10) +  1.16 (±0.07)log (RLD)                         (15) 

Considering the location of the study area within the CSG, probable occurrence of a major 
earthquake (M≥8) (Khattri, 1999; Bilham & Wallace, 2005; Bilham, 2019) and previous work 
(Nath et al., 2008) carried out in the Garhwal Himalaya, the MCE values for major seismic 
sources are taken as 8.5.  

The study area has been divided into 11,334 grid points with 500 m spacing between each 
grid point. The MCE values derived through Eq. 6 for each seismic source is  used to calculate 
PGA (Peak Ground Acceleration) values at each grid point using the following attenuation 
functions (Abrahamson & Litechiser, 1989; Mahajan et al., 2010): 

 
log10av(g)  =  (−1.15 +  0.245 ∗ M −  1.096log10(r + e0.256M) +  0.096F 

− 0.0011Er 
(16) 

 
Where M = magnitude, r = shortest distance in kilometers from the earthquake source, ‘F’ is 

a dummy variable, and for reverse or reverse oblique events it is taken as 1, otherwise 0, and 
‘E’ is another dummy variable and its value is taken as 1 for an interplate earthquake and 0 for 
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an intraplate earthquake. The max PGA value for each grid point has been taken to prepare the 
PGA map. Along with this PGA, based on existing literature, other factors like shear wave 
velocity to 30 m depth (Vs30), earthquake density, slope-forming material, and slope are 
considered to evaluate the seismic susceptibility map of the area using the AHP. 

 
3.5 Causative Factor Maps 

3.5.1 Topographical Parameter  

Keeping in view of the existing literature and knowledge, terrain conditions like slope, 
altitude, aspect, curvature, drainage, and landform are used in multi-hazard study as the 
causative factors. The 30 m DEM data of the Shuttle Radar Topography Mission (SRTM) have 
been reclassified in 50 m resolution to make all the DEM derivative layers as per the 50 m x 
50 m grid.  

Slope: The steepness of the slope is the most significant controlling factor for avalanche 
initiation (Schweizer et al., 2003; Ghinoi & Chung, 2005; Kumar et al., 2016; Chen et al., 2021). 
The avalanche studies in the Himalaya by various authors defined the most probable slope 
range between 25° and 40° (Sharma & Ganju, 2000; Singh & Ganju, 2008; Snehmani et al., 
2013; Kumar et al., 2017). The frequency of the landslide in general showing positive 
correlation with the slope gradient until it is reached in the 35°–40° class, then a negative trend 
is observed (Lee & Min, 2001; Dai & Lee, 2002). The slope angle map was derived from the 
SRTM DEM using ArcGIS 10.8. It has been reclassified into six classes for avalanche and 10 
classes for landslide assessment.  

Aspect: Aspect plays a key role in the stability of the snowpack (Selçuk, 2013; Kumar et al., 
2016) as the sun facing area receives more solar radiation compared to the shaded area, which 
in turn makes the availability of a weaker layer in the shaded slope (Akbar et al., 2022). Due 
to the variation of the solar radiation with the aspect, the moisture retention, and vegetation 
also varying which in turn affects the soil strength and leads to landslides (Ullah & Zhang, 
2020; Wang et al., 2020a). The slope aspect map was derived from the SRTM DEM using Arc 
GIS 10.8 and classified into nine classes (Figure 5) for avalanche and twelve classes for 
landslide assessment.  

Curvature: Curvature is one of the crucial factors in avalanche initiation (Maggioni & 
Gruber, 2003; Snehmani et al., 2014). Several researchers have used this parameter in the 
assessment of avalanche susceptibility (Kumar et al., 2016,2017; Singh et al., 2018; Akbar et 
al., 2022).  Convexity favours snow avalanche whereas concavity leads to stable slopes 
(Yilmaz, 2007; Nagarajan et al., 2014; Snehmani et al., 2014). The concave area tends to fail 
more compared to the convex area as it has high soil moisture and more surface run-off is 
observed within the concave area. The curvature map was derived from the SRTM DEM using 
ArcGIS 10.8. It has been grouped into three major classes: Flat, Concave, and Convex (Figure 
5).  
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Altitude: Altitude has no direct influence on avalanche formation. However, with altitude, 
there are direct connection on temperature, wind speed, and snow formation, (Selçuk, 2013; 
Kumar et al., 2017). At higher elevation, snow remains available due to a drop in air 
temperature, whereas in the lower elevation, it melts due to higher temperature (Prasad et al., 
2017).  In the Himalayas, avalanche formation zones are commonly found above the tree line 
at altitudes exceeding 4000 meters above sea level, where the terrain is steep, and vegetation 
is sparse due to the high elevation (Acharya et al., 2023). However, at lower reaches around 
3200 m there are also reported incidences of Avalanches in the Himalaya (Ganju et al., 2002). 
The altitude map was reclassified into nine classes using Arc GIS 10.8 (Figure 5). 

Figure 5. The causative factor slope, aspect, curvature, and altitude maps of the study area 
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Landform: The geomorphic form plays a significant role in slope instability, especially for 
slopes covered with overburden material. This form can be automatically derived from 
geomorphometric variables obtained from a Digital Elevation Model (Evans, 1972; Pike, 1988; 
MacMillan et al., 2004; Olaya, 2009). In this study, landforms were classified using the 
geomorphon concept (Jasiewicz & Stepinski, 2013). For the present study, landforms were 
derived from the SRTM DEM using this r.geomorphon script in GRASS GIS (Figure 6). It was 
observed that slope and hollow area show strong affinity towards landslide occurrences, 
followed by spur, valley, and ridge.  

Figure 6. The causative factor distance to drainage, landform, landuse, landcover, and slope forming 
material maps of the study area 
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Drainage: Drainage also influences landslides by cutting the toe of a slope (Cevik & Topal, 
2003). The drainage map study area was delineated from the SRTM DEM using the Hydrology 
tool of ArcGIS. In this study, 3rd order onwards drainage has been taken to calculate the 
multiple-ring buffer around them. The maximum distance was taken up to 10 km (Figure 6). 

3.5.2 LULC 

The nine land use landcover (LULC) classes have been mapped using the ASTER VNIR 
(15m), LISS IV (5.8m), and Sentinel 2A (10m) through band combination and Google Earth 
(Figure 6). Landuse landcover has control over the variability of avalanche density in the 
different classes (Snehmani et al., 2014; Prasad et al., 2017; Statham et al, 2018; Singh et al., 
2018; Akay, 2021). For rainfall-triggered landslides the importance of LULC has been studied 
by various workers, having direct implications on the stability of slopes (Glade, 2003; Chen et 
al., 2019; Löbmann et al., 2020; Parra et al., 2021; Masi et al., 2021).  

3.5.3 SFM 

The slope forming material (SFM) plays a critical role in controlling the landslide occurrence. 
The rock-covered area of the SFM map has been prepared from the 1:50k geological map (GSI) 
with limited field checks. The overburden areas are demarcated using various proxies from 
LULC and geomorphology with limited field checks. There are thirty-five variants of slope-
forming materials present across the study area (Figure 6).  

3.5.4 Earthquake Density 

The distribution of earthquake data indicates the level of seismic activity in the region. The 
higher the density, the higher the occurrence of earthquakes in the future (Ahmad & Singh, 
2016). Considering the above, an earthquake density map of the area was developed using the 
density tool of ArcGIS. The density map has been further classified into five groups (Figure 7). 
There are numerous studies available on the seismic hazard assessment using the earthquake 
density (Soe et al., 2009; Andiana et al., 2025; Zhu et al., 2023; Malakar & Rai, 2023).  

3.5.5 Vs30 

Vs30 is one of the most widely used parameters for estimating shear wave velocity in 
sedimentary layers up to a depth of 30 meters (Chun-Hsiang et al., 2016). In tern it plays a 
critical factor in determining the seismic hazard of an area. Many researchers used Vs30 in 
evaluating the seismic hazard potential of the area, designing earthquake resistant structures 
(Borcherdt, 2012; Rusydi et al., 2018; Palemón-Arcos et al., 2020; Pancholi et al., 2022; 
Malakar et al., 2024). This work utilized the shear-wave velocity up to 30 m depth (Vs30 
mosaic) developed by the United States Geological Survey (Open File Report 2007-1357, 
Allen & Wald, 2007). The VS30 mosaic map has been grouped into three classes: <360 m/s, 
>360-760 m/s, and >760 m/s (Figure 7).  
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Figure 7. The causative factor earthquake density and VS30 maps of the study area 

 
 

4. RESULTS 

4.1 Landslide Susceptibility 

The Weighted Multi-Class Index Overlay method was applied to prepare the landslide 
susceptibility map of the area using the seven factors. Following the methodology stated in 
section 3.4 and given in Figure 2, the landslide occurrence favourability score (LOFS) maps 
for all the causative factors were prepared. The weightage for each causative factor based on 
their degree of spatial association with landslides was calculated and given in Table 2. The 
obtained value is converted into an integer by dividing each by the maximum value. Table 2 
gives the weight values of each factor map. Now using the ‘map algebra’ function in ArcGIS, 
the obtained rating maps were combined together following  Eq. 9 to obtain landslide score 
maps. The cumulative area percentage and cumulative landslide area percentage plot is 
considered to classify the susceptibility map into three classes, i.e., high, moderate, and low. 
The value corresponds to 70% cumulative landslide percentage marks the boundary between 
moderate and high, whereas 90% cumulative landslide percentage marks the boundary low and 
moderate. Based on these cut-offs, the highly susceptible zone comprises 14 % area, containing 
70% landslide, and the low susceptible zone comprises 65% area, containing 9 % landslide 
(Figure 8). 

High susceptible zone mostly occupies along the central portion, eastern portion, south-
eastern portion (Figure 8), which are highly deformed, fragile at places, and are responsible for 
landslide incidences. In the study area, slides observed along Raini-Malari road sector resulted 
from the road widening activity and the emergence of landslide incidences in the extensive 
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slope cutting factor class of the land-use-land-cover map. These areas have steep, barren 
escarpments, mostly comprising rock slides/falls.  

Table 2. Weight of factor map 
Factor map Min Yc Max Yc Abs Diff Weight Integer Weight 
Landform -1.00 0.05 1.05 4.0523 4 
LULC -1 0.337272122 1.34 5.1767 5 
Slope -1.00 0.26 1.26 4.8875 5 
Aspect -0.50 0.15 0.65 2.5313 2 
SFM -1.00 0.60 1.60 6.1957 6 
Curvature -0.17 0.09 0.26 1.0000 1 
Drainage -1.00 0.58 1.58 6.1102 6 

 

4.2 Avalanche Susceptibility 

Initially, the individual classes of the causative factors have been assigned ratings based on 
the literature review (Snehmani et al., 2013, 2014; Kumar et al., 2017; Acharya et al., 2023). 
Then the AOFS value has been deduced through the judgment matrix (Table 3). After that, the 
weightage of each conditioning factor (Table 3) has been computed through a pairwise 
comparison matrix (Table 4) having the consistency index (CI) and consistency ratio (CR) of 
0.04, which is acceptable. The weightage of slope factor is found to be 0.5, followed by aspect 
(0.25), then curvature (0.17). The weight value of altitude and LULC is 0.04, which is at the 
lower level of importance. Then the avalanche susceptibility has been prepared by integrating 
all the AOFS maps with their weightage using the following equation: 

ASI = (0.5 × AOFSୗ୪୭୮ୣ + 0.25 × AOFS୅ୱ୮ୣୡ୲ + 0.17 × AOFSେ୳୰୴ୟ୲୳୰ୣ + 0.04 

× AOFS୅୪୲୧୲୳ୢୣ + 0.04 × AOFS୐୙୐େ)                                                                     (17)  

The output map has been classified into three classes, namely low, covering about 45% of 
the area, moderate, covering about 26% of the area, and high, covering about 29 % of the area 
(Figure 8). Out of the 204 glaciers, 31 glaciers encompass more than 50% high susceptible area. 

 
4.3 Earthquake Susceptibility 

Assessing seismic hazard involves estimating the ground motion likely to occur at the site 
of interest. Attenuation relationships represent the most widely used approach in engineering 
to estimate ground motion. In this work, the Ground Motion Prediction Equation (GMPEs), 
i.e., the attenuation function given in Eq.16, is used to estimate the expected PGA for each grid 
cell. Distance to source and source characteristics are the key elements in deriving the PGA 
using the attenuation relationship. In this context, the type of fault, i.e., thrust, strike-slip, or 
normal faults, is noted and shortest distance parameter in each grid cell for each source is 
calculated. The PGA values vary from 0.14 g to 0.98 g. The PGA has been calculated at the 
bedrock level. It can be amplified within the overburden-covered area depending upon the 
characteristics of the overburden material. The PGA map has been classified into four classes, 
namely low having PGA value <0.24g, moderate with PGA ranging from 0.24g to 0.36g, high 
with PGA varying from 0.36-0.6g, and very high having more than 0.6g (Figure 8). Along with 
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this PGA map, based on the literature study, SFM, VS30, earthquake density, and slope maps 
are incorporated in the evaluation of the earthquake susceptibility. Saaty’s Analytical 
Hierarchy Process is utilized to derive the weightage of the thematic factors and individual 
classes of the themes. A pairwise judgement matrix is given in Table 5. The earthquake hazard 
of the area is obtained through the weighted integration of all the thematic factors. The map is 
classified into three classes: low, moderate, and high using the natural break criterion. The low, 
moderate, and high susceptibility area cover 49%, 30%, and 21% of the total area, respectively 
(Figure 8). High susceptibility area is mainly located in the central, southeastern, and 
southwestern regions. 

Table 3. The assigned ratings for individual classes of conditioning factors 
Conditioning 
Factor 

Categories Rating AOFS Consistency 
Ratio 

Weight 

Slope 

<15 1 0.0663 

0.04 0.5 

15-25 3 0.1516 
25-35 6 0.4461 
35-45 9 1.0000 
45-60 4 0.2281 
>60 2 0.0989 

Aspect 

N 9 1.0000 

0.04 0.25 

NE 5 0.2712 
E 3 0.1304 
SE 7 0.5092 
S 2 0.0897 
SW 8 0.7097 
W 1 0.0641 
NW 4 0.1895 
Flat 0 0 

Curvature 
Concave  2 0.1431 

0.03 0.17 Flat 3 0.2410 
Convex 7 1.0000 

Altitude 

1938-2500 m 1 0.0692 

0.04 0.04 

2501-3000 m 2 0.1010 
3001 - 3500 m  3 0.1544 
3501 - 4000 m  4 0.2497 
4001 - 4500 m  7 0.5697 
4501 - 5000 m  9 1.0000 
5001 - 5500 m  9 1.0000 
5500 - 6000 m  4 0.2308 
>6000 m  2 0.1010 

LULC 

Barren  3 0.3090 

0.01 0.04 

Snow Cover  7 1.0000 
Agricultural 2 0.1859 
Sparse Vegetation  2 0.1859 
Moderate 
Vegetation  

1 0.1066 

Thick Vegetation  1 0.1066 
Settlement  0 0 
Lake  0 0 
River  0 0 
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Table 4. Pairwise judgement matrix of the conditioning factors 
Factor Slope Aspect Altitude LULC Curvature Weight 
Slope 1.00 3.00 7.00 8.00 4.00 0.5 
Aspect 0.33 1.00 5.00 6.00 2.00 0.25 
Altitude 0.14 0.20 1.00 2.00 0.25 0.04 
LULC 0.13 0.17 0.50 1.00 0.20 0.04 
Curvature 0.25 0.50 4.00 5.00 1.00 0.17 

Table 5. Pairwise judgement matrix of the thematic factors 
Factor SFM PGA VS30 Density Slope Weight Consistency Ratio 
SFM 1.00 0.33 0.50 0.25 4.00 0.12 0.03 
PGA 3.00 1.00 2.00 0.50 6.00 0.28 
VS30 2.00 0.50 1.00 0.33 5.00 0.16 
Density 4.00 2.00 3.00 1.00 7.00 0.4 
Slope 0.25 0.17 0.20 0.14 1.00 0.04 

 
Figure 8. Landslide susceptibility map (top left), Avalanche susceptibility map (top right), PGA map 

(bottom left), Earthquake susceptibility map (bottom right)  
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4.4 Multi-Hazard 

In this work, a straightforward multi-hazard assessment has been performed by combining 
the three hazards. The combined map represents the likelihood occurrence of single hazard 
types (Landslide-LS, Earthquake-EQ, and Snow avalanche-AVA) and their combined 
occurrence (LS+EQ+AVA, LS+EQ, LS+AVA, and EQ+AVA). The combined map was 
reclassified based on the presence or absence of moderate and high classes of individual 
susceptibility maps. The proposed classification schema is shown in Table 6. Figure 9 shows 
the multiple-hazard map of the study area. It shows that about 16% of the study area is located 
within a low hazard zone, the hazard zone for single hazard type covers 17% (Avalanche), 17% 
(Earthquake), and 4% (Landslide) of the study area. Whereas around 46% of the study area is 
affected by multiple hazard types. In consideration of the presence of individual susceptibility 
classes, the multi-hazard map has been further reclassified into four classes: low, moderate, 
high, and very high (Table 6, Figure 9). The low, moderate, high, and very high hazard areas 
occupy about 18%, 40%, 31%, and 11% of the study area, respectively. 

Table 6. Classification schema of susceptibility models 
Sr 
No 

Earthquake 
Susceptibility 

Avalanche 
Susceptibility 

Landslide 
Susceptibility 

Multi Hazard Multi Hazard 
Class 

1 Low High Moderate AVALS High 
2 Low Moderate Low AVA Moderate 
3 Low Low Moderate LS Moderate 
4 Low High High AVALS Very High 
5 Low Low Low Low Low 
6 Low Moderate Moderate AVALS Moderate 
7 Low High Low AVA High 
8 Low Low High LS High 
9 Moderate Low Low EQ Moderate 
10 Moderate Moderate Low AVAEQ Moderate 
11 Low Moderate High AVALS High 
12 Moderate High Low AVAEQ High 
13 Moderate High Moderate AVAEQLS High 
14 Moderate Moderate Moderate AVAEQLS Moderate 
15 Moderate Low Moderate EQLS Moderate 
16 Moderate High High AVAEQLS Very High 
17 Moderate Moderate High AVAEQLS High 
18 Moderate Low High EQLS High 
19 High Moderate Moderate AVAEQLS High 
20 High Moderate Low AVAEQ High 
21 High Low Low EQ High 
22 High High Low AVAEQ Very High 
23 High Low Moderate EQLS High 
24 High High Moderate AVAEQLS Very High 
25 High High High AVAEQLS Very High 
26 High Low High EQLS Very High 
27 High Moderate High AVAEQLS Very High 
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Figure 9. Multiple hazard map (left) showing combination of three hazard maps (LS -Landslides, EQ-

Earthquake, AVA-Avalanche) and (right) showing distribution of multi-hazard classes 

 
 

4.5 Validation 

In the scientific community, a model is considered unacceptable without proper validation 
(Wubalem & Meten, 2020). In this work, in order to check the performance, and accuracy of 
the individual susceptibility models, the area under the receiver operating curve (AUROC) and 
statistical indices like Sensitivity, Specificity, Accuracy, Positive Predictive Value (PPV), 
Negative Predictive Value (NPV), and Cohen’s Kappa values are used. These validation 
techniques have been used by many researchers following the standard definition of the 
statistical indices (Düntsch & Gediga, 2019; Dou et al., 2020; Gupta et al., 2024; Abdelkader 
& Csámer, 2025; Chauhan et al., 2025).  

The landslide model shows an AUC of 0.87 (Figure 10), which is a very good performance 
(Özay & Orhan, 2023), and the earthquake susceptibility model shows an AUC of 0.79 (Figure 
10) + revealing good performance (Özay & Orhan, 2023). Further, various statistical indices 
are evaluated to see the model efficacy and are given in Table 7. The accuracy of landslide and 
earthquake susceptibility models was determined to be 83% and 85%, respectively. The Kappa 
values of both the susceptibility models (earthquake and landslide) show substantial agreement 
between the models.  

Table 7. Statical indices for susceptibility map validation 
Map Model Accuracy  Sensitivity Specificity PPV NPV Kapp 

Value 
Landslide 
Susceptibility 

Multiclass 
Index Overlay 

0.83 0.77 0.85 0.73 0.88 0.62 

Earthquake 
Susceptibility 

AHP 0.85 0.83 0.86 0.93 0.67 0.63 
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The recent two incidents of avalanches in the study area fall within the highly susceptible 
zone, which validates the model. 

 
Figure 10. ROC curve and AUC values showing performance of the models-Landslide (left) and 

earthquake (right) 

 

5. DISCUSSION 

Multi-hazard analysis involves understanding the interplay between different hazards, their 
likelihood, and the potential cascading effects. This analysis can help design mitigation 
strategies, improve disaster preparedness, and prioritize actions based on vulnerability and risk. 
Sometimes a single natural event can trigger or elevate the likelihood of one or more other 
natural hazards occurring (Jinxing et al., 2002; Bathrellos et al., 2017; Hagenlocher et al., 2018). 
The present study in the Rishiganga and Dhauliganga basin of Chamoli district, Uttarakhand 
focus on the demarcation of susceptible areas for the natural hazards in terms of snow 
avalanches, landslides, and earthquakes and their interactions, providing insights into the 
cumulative risks faced by the region’s communities and infrastructure. The area is inaccessible 
and falls in the permafrost region. In this work, an innovative approach has been attempted in 
such inaccessible and permafrost terrain using multisensory and temporal earth observation 
data with limited field check for a multi-hazard zonation study. Based on the literature review 
and site conditions, different thematic factors are considered for the assessment of individual 
hazards. Multi class index overlay method was used for landslide, whereas AHP was used for 
earthquake and avalanche hazards. There are previous works on the integration of the high to 
very high susceptible area for all the hazard types to define the high hazard zone and the rest is 
a low category (Pourghasemi et al., 2019, 2020; Yousefi et al., 2020; Rusk et al., 2022). This 
categorization of the susceptibility zone into two classes simplifies the integration process of 
different hazard types. However, the moderate category, which is also susceptible to natural 
hazards covering a good portion of the investigated area, is ignored in this grouping. 
Researchers also used AHP in delineating the weightage of the individual hazard types to 
develop the multi-hazard map (Bathrellos et al., 2017; Skilodimou et al., 2019). But it requires 
adequate data input on the past records of various hazards to provide a reliable weightage. 
Moreover, for a given area some parts are more susceptible with respect to a specific natural 
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hazard compared to others. Thus, a higher weightage for a single hazard type to delineate the 
multi-hazard map of the whole area will not bring the actual picture of the multi-hazard 
scenario of the region. Sharma and Rana (2024) evaluate the weight considering the hazard 
frequency, damage data, and ground survey. In a similar way, Sharma et al. (2024) also estimate 
the weightage of the individual hazard types to assess the multi-hazard risk of the Jammu region. 
Due to a lack of sufficient past hazard data and to overcome the above difficulties in multiple 
hazard integration, a simple classification schema for the hazard integration is proposed (Table 
6). Here, moderate and higher classes are taken into consideration to assign the hazard types.  

The analysis of landslide susceptibility indicates the occurrence of high susceptible zone 
mainly in the central region, along the road corridors and valleys in northern, southern, and 
eastern part where steep slopes, highly deformed and fragile rock mass at places is present. 
These areas have witnessed numerous landslide incidents in the past. These landslides occurred 
from the interplay of slope shape, rock mass characteristics, along with surface and 
groundwater movements, which corroborates the study of Bogaard and Greco (2016).  The 
landslide susceptible zones are identified by the Weighted Multiclass Index Overlay Method 
using the seven thematic factors viz., Slope, Aspect, Curvature, Drainage, Landform, LULC, 
and SFM. Besides, other contributing elements like rainfall, seismic activity, snowmelt, or 
human actions can also trigger hazardous landslides (Petley, 2012; Haque et al., 2019). Due to 
the non-availability of rainfall data and its dynamic nature, this factor is not considered in the 
present work. Similarly, considering the dynamic nature of seismic activity, snow melt, they 
are also not included. However, while demarcating a multi-hazard scenario, the probable 
occurrence of avalanche as well as earthquake in the landslide-prone area is considered in order 
to reflect the zone of multiple hazard interaction area.  About 14 % of macro scale susceptibility 
maps are grouped under the high susceptibility class, whereas the moderate susceptibility zone 
covers 21 %, and the low susceptibility class covers 65 % of the study area. The landslide 
susceptibility assessment is crucial in this terrain as it aids in estimating the impact of future 
landslides, and can be used to locate the safe road alignment, vital infrastructure like hospitals, 
fire stations, etc. Public or private utility projects should be avoided in highly susceptible areas. 
However, the susceptibility values can be lowered if proper mitigation measures are adopted, 
such that a highly susceptible area can be made less vulnerable to landslides.  

A major part of the study area is covered by snow (Figure 6). In the Indian Himalayas, about 
three-quarters of fatalities are due to snow avalanches and extreme climatic conditions (Kumar 
et al., 2017). It is commonly believed that future avalanche events will primarily occur in areas 
where avalanches have been previously documented (Hebertson & Jenkins, 2003). However, 
due to the remote accessibility, the documented avalanches are poor in many areas. In this case 
topographical parameters are used to assess the avalanche-prone zone (Eckert et al. 2007a, b; 
Maggioni & Gruber, 2003). In line with the above, in this present work, the layers were 
prioritized based on a review of relevant literature and field observations. The AHP (Analytic 
Hierarchy Process) method of multi-criteria decision-making (MCDM) analysis was used in 
evaluating the avalanche susceptibility condition of the area (Snehmani et al., 2014; Kumar et 
al., 2016; Singh et al., 2018; Rafique et al., 2023; Xi & Mei, 2023). The avalanche susceptibility 
map reveals that low susceptible covering about 45%, moderate about 26%, and high about 
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26 % of the area. The high susceptible area is mostly located in the steep snow-covered area. 
Avalanche initiation due to the steepness of the slope was also mentioned in earlier studies 
carried out by various researchers (Sharma & Ganju, 2000; Singh & Ganju, 2008; Ancey, 2013; 
Snehmani et al., 2013; Kumar et al., 2017). Two recent avalanche occurrences, one in the 
southern part of the Rishiganga avalanche that occurred during February 2021, and the other 
in the northern part that occurred in April 2021, are located within the highly susceptible zone 
(Fig.8). The road passes through 26% high susceptible, 22% moderate, and 52% low 
susceptible areas. It has been found that 31 glaciers out of 203 glaciers encompass more than 
50% high susceptible area. Thus, an avalanche due to the high snowfall may lead to a sudden 
flood in these valleys. Moreover, melting of these glaciers can also trigger floods and may 
affect the downstream areas. Within the glacierized regions, a total of 97 glacial lakes have 
been identified, and among these, 7 lakes are vulnerable (Probable GLOF area).  

Seismic hazard analysis (SHA) involves evaluating the potential seismic risk in a region, 
typically expressed in terms of Peak Ground Acceleration (PGA). PGA is a critical parameter 
in earthquake engineering for assessing the level of shaking a structure might experience. The 
higher the PGA, the greater the potential damage to structures due to ground shaking. Some of 
the key seismic sources in this area are MCT, MBT, HFT, NAT, SAT, Martoli Thrust, Kaurik 
Fault, Karakoram Fault, and Indus Suture Zone. Considering the historical earthquake data and 
regional tectonic setting, the maximum credible earthquake i.e., the worst-case scenario with 
respect to each seismic source are determined. The estimation of PGA is done by the empirical 
models of ground motion prediction equations using the seismic source parameters.  The 
resulting PGA values are at higher side compared to other works (Nath & Thingbaijam, 2012; 
Rout et al., 2015, 2018; Sharma & Sarkar, 2023). The variation is mainly due to the 
consideration of different MCE conditions during this work. Although the MCE derived using 
the empirical formula (Wells & Coppersmith, 1994) is varying from 5.67 to 7.04 Mw, the MCE 
value is taken as 8.5 for the northerly dipping major thrust categories based on the estimation 
of probable earthquake occurrence with magnitude ≥8 (Khattri, 1999; Bilham & Wallace, 
2005; Nath et al., 2008; Bilham, 2019) and location of the area well within the Central Seismic 
Gap of Himalaya. The earthquake susceptible zone was delineated using the AHP method 
encompassing PGA, Earthquake density, VS30, Slope, and SFM maps. The analysis 
demarcated the presence of a high susceptible zone in the central, southeastern, and 
southwestern parts of the area. These localities experienced previous earthquake events and 
situated in the high PGA zone, low VS30 area, and some part in overburden covered area. It is 
pertinent to mention that there was no reported work in developing the earthquake susceptible 
map using the PGA, and VS30 for the study area. Mainly, they defined the seismic hazard 
potential in terms of PGA (Nath & Thingbaijam, 2012; Sharma & Sarkar, 2023). Buildings in 
the high zones need to be designed with reinforced materials and earthquake-resistant 
techniques.  These areas may have building codes that require stricter regulations, while less 
affected areas may have more lenient codes. This earthquake susceptibility map can help the 
local governments and organizations in emergency response planning and mitigation measures. 

The combined tool of the ArcGIS platform was applied in the integration of the three 
susceptibility maps (Avalanche, Earthquake, and Landslide) to prepare the multi-hazard map. 
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The output map was reclassified as per the proposed criterion given in Table 6. The multi-
hazard map grouped the area into single hazard prone area (Avalanche-17%, Earthquake-17%, 
Landslide-04%), multiple hazard prone area (two or more, 46%), and the rest (16%) as low 
(Figure 9). Further, it has been reclassified into four classes considering the susceptibility level 
of each hazard type with the area covered by the low, moderate, high, and very high hazard for 
about 16%, 36%, 35%, and 13% respectively (Figure 9). The former map delineating the 
individual hazard zone as well as multiple hazard areas, in conjunction with the low to very 
high classified map, will be very helpful in understanding the interaction zone of one hazard 
with the other and its final hazard category in order to planning effecting mitigation strategy 
and resource allocation.  

The future work may be conducted on more detailed manner by incorporating site response 
in characterizing earthquake causative factors, consideration of additional parameters for 
landslide and avalanche assessment through adequate ground survey, which are the limitations 
of the present work. Besides, the machine learning method is also not conducted due to a lack 
of sufficient inventory of individual hazard categories. 

 

6. CONCLUSION 

The area is prone to various natural hazards as witnessed in other parts of the Himalayan 
region (Gautam et al., 2013; Kala, 2014; Pathak et al., 2019). The present remote sensing-based 
study of all the thematic layers with limited field checks and modelling of the multi-hazards 
will be very useful in the policy and planning for the preparedness for all sorts of infrastructure 
projects, mitigation, and management for rescue and rehabilitation of the flood and hazard-
affected areas.  The novel approach introduced in this work in delineating the area in different 
zones, either by single hazard type or by multiple hazards, will help the planners in developing 
suitable mitigation strategies depending on the hazard types.  

The identified vulnerable lakes in both basins need to be regularly monitored to avoid GLOF 
hazards in this area. A similar methodology may be adopted in other inaccessible parts of the 
Higher Himalayas for multi-hazards zonation study. 

The macroscale susceptibility map provides valuable inputs for specific land use and urban 
planning. However, it is advised that a thorough site-specific analysis be carried out prior to 
the planning and implementation of the civil construction projects. When carrying out civil 
works, areas that are susceptible to significant hazards should receive the attention they require. 

Spatio-temporal prediction of multi-hazard is still difficult on the macro-scale; hence, 
questions can be raised about the predictive capability of a susceptibility map given the 
uncertainty in the occurrence of a single or combined hazard. 

If buildings are not positioned safely and appropriately, the loss in the case of a disaster 
would be enormous. Raising awareness is the most cost-effective strategy to reduce the loss of 
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life and property. As a result, it is advised that the Community-Based Disaster Management 
Program (CBDMP) be given more importance 

Information on the possible threat, how to recognize and communicate it, the physical 
significance of the hazard and its inherent uncertainties, strategies to lower the risk of multi-
hazards, and local mitigation measures should all be included in the awareness.  
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