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ABSTRACT
The socioeconomic prosperity of a region is intricately tied to its infrastructure development, particularly the connectivity pro-
vided by highways. Preserving the economic well-being of an area demands meticulous planning and the execution of con-
struction projects with minimal risk. Landslide hazard zonation (LHZ) is a crucial tool for assessing the likelihood of landslide 
occurrences in specific regions. This study delves into the LHZ of a 171.2 km2 area, focusing on critical causative factors such as 
slope inclination and aspect, slope mass material, Land Use/Land Cover (LULC), distance from fault lines, roads, and drainage 
systems. The classification resulted in four distinct zones along the National Highway (NH-109) stretch from Bhowali to Almora. 
Notably, the moderate-hazard zone encompasses 60.4% of the area, followed by the high-hazard zone at 24.4%, the low-hazard 
zone at 11.9%, and the very high-hazard zone at 3.3%. To enhance the reliability of the study, 63 previously identified landslide 
locations were marked based on diverse sources, including field studies and landslide inventory data from the Geological Survey 
of India (GSI). In the validation process, 12 past landslide occurrences were situated within the very high-hazard zone, 32 in the 
high-hazard zone, 18 in the moderate-hazard zone, and only one in the low-hazard zone. The receiver operating characteristic 
(ROC) curve yielded a commendable quality with a % area under the curve (AUC) of 71.2%. In summary, this research under-
scores the importance of LHZ in assessing and mitigating landslide risks along a stretch of the NH-109 corridor. The findings 
provide valuable insights for informed decision-making in infrastructure development and risk management, contributing to the 
sustainable growth and protection of the region's livelihood.

1   |   Introduction

The United Nations Office has reported a significant increase 
in global economic losses from natural disasters between 
1998 and 2017, surging by 151% compared to the preceding 
two decades. Notably, India witnessed approximate losses of 
79.5 billion USD from such phenomena, with an average an-
nual loss of 1.3 billion USD attributed to landslides (Sidle and 

Ochiai 2006; The Wire 2018). Landslides, constituting about 
17% of global fatalities, pose a substantial threat, with approx-
imately 66 million people residing in high-risk zones span-
ning 820,000 km2 worldwide (Dilley et al. 2005; Kjekstad and 
Highland 2009; Pham, Prakash, Khosravi, et al. 2019; Pham, 
Prakash, Singh, et al. 2019). Haque et al. (2019) asserted that 
landslides rank as the fourth-highest cause of global natu-
ral disaster fatalities, resulting in over 4000 direct and 7800 
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indirect life losses annually. In developing countries, eco-
nomic damage due to landslides can reach 1%–2% of the gross 
national product (NDMA  2021), and in India, nearly 20% of 
landslide-related deaths are reported, with approximately 
56,000 deaths from 4800 incidents between 2004 and 2016 
(Deccan Herald 2019; Statista 2023).

Moreover, compared to other Himalayan regions, the Lesser 
Himalayas are subjected to more human interference, primar-
ily from construction activities, deforestation, mining, cultiva-
tion, road construction on mountain slopes, increased vehicular 
traffic, and additional economic pursuits (Khanduri  2017; 
Singh, Umrao, and Singh 2013, 2014; Umrao et al. 2011). These 
factors collectively contribute to the fragility and susceptibility 
of the Lesser Himalayan terrain, often exacerbating the occur-
rence of landslides, particularly during the monsoon season 
(Khanduri 2017). The Lesser Kumaun Himalaya frequently ex-
periences devastating landslides, particularly in the Bhowali-
Almora region, where these events cause recurrent damage to 
roads, agriculture fields, settlements, and loss of lives. Recent 
incidents in 2021 and 2023 illustrate the severe impact on con-
nectivity, with landslides cutting off Nainital and disrupting 
road connections near Bhaurya turn at Khairna, underscoring 
the vulnerability of the region (Creative News Express, 2023; 
Haldwani Live 2023; India Today 2021). Such occurrences im-
pede socioeconomic development, as towns and villages reliant 
on road networks face disruptions to essential services, lead-
ing to casualties due to delayed emergency responses (Amar 
Ujala 2019; Live Hindustan 2021; Times of India 2017).

Landslide hazard zonation, as used before, was the division of land 
based on the likelihood of causing damage (Varnes 1984). These 
earlier techniques were primarily based on field assessments. A 
lot of time is required to prepare an inventory of landslides, and 
landslides in less accessible places are omitted. Emerging as a pre-
ferred approach, the data-driven methodology involves analyzing 
the pixel values of raster data obtained from high-resolution satel-
lite images, the digital elevation model (DEM), and meticulously 
detailed published secondary data. Consequently, in the contem-
porary context, the data-driven methodology is acclaimed as the 
most suitable technique for detecting historical landslide occur-
rences in any geographic region. Researchers have developed 
various geospatial and statistical methods to assess landslide 

TABLE 1    |    Landslide hazard zonation methods.

S. 
No. Methods/Models References

Quantitative methods

1. Frequency ratio Mersha and 
Meten 2020; Singh 

et al. 2023

2. Information value Chen, Niu, and Jia 2016

3. Weight of evidence Bonham-Carter, 
Cheng, and 

Wright 1993; Guri, 
Champati ray, 
and Patel 2015

4. Logistic regression Akgun, Dag, and 
Bulut 2007

5. Analytic network 
process (ANP)

Neaupane and 
Piantanakulchai 2006

6. Weighted linear 
combination (WLC)

Ayalew and 
Yamagishi 2005

7. Certain factor (CF) Devkota et al. 2013

8. Neural-fuzzy Pradhan et al. 2010

9. Random Forest (RF) Kim et al. 2018

10. Naive Bayes Tsangaratos and 
Ilia 2016

11. Decision trees Althuwaynee, Pradhan, 
and Ahmad 2014

12. Support vector machine Chawla et al. 2018; 
Bui et al. 2016

13. Boosted regression trees Kim et al. 2018

14. Kernel logistic regression Bui, Tuan, and 
Klempe 2016

15. Artificial neural network Kanungo, Sarkar, 
and Sharma 2011

16. Neighbor-based methods El-Magd, Ali, and 
Pham 2021

17. Random subspace Pham et al. 2020

18. Rep tree Pham, Prakash, 
Singh, et al. 2019

19. Bagging Wu et al. 2020

20. ANFIS Polykretis, Chalkias, 
and Ferentinou 2019

21. Rotation Forest Park, Hamm, 
and Kim 2019

Qualitative methods

1. Analytical hierarchy 
process (AHP)

Yalcin 2008; Singha 
and Sarkar 2024

2. Fuzzy logic Kanungo et al. 2006

S. 
No. Methods/Models References

Other miscellaneous models

1. Landslide hazard 
evaluation factor (LHEF)

Anbalagan 1992

2. Integrated approach Sarkar and 
Kanungo 2004

3. Meso scale for 
town planning

Anbalagan, 
Chakraborty, and 

Kohli 2008

4. Predictive modeling Dahal et al. 2008

5. Empirical modeling Ghosh et al. 2011

(Continues)

TABLE 1    |    (Continued)
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probability. Among these methodologies, widely utilized ap-
proaches include the integration of fuzzy logic with the likelihood 
ratio method, the index of entropy method, and the frequency 
ratio method (Akgun, Dag, and Bulut 2007; Singh et al. 2021).

Various methods employing geographic information system (GIS) 
technology have been utilized globally to generate landslide sus-
ceptibility maps (Table 1). In the Uttarakhand Himalayan terrain, 
previous studies have applied landslide hazard zonation (LHZ) 

FIGURE 1    |    The map of the study area with observed active landslide locations.
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mapping using GIS, analytical hierarchy process (AHP), statis-
tical approaches, soft computing models, and machine learning 
(Dam et al. 2022; Fayez et al. 2018; Gupta et al. 1999; Juyal and 
Sharma  2021; Kumar et  al.  2017; Kumar and Anbalagan  2016; 
Pham et al. 2015; Saha et al. 2005; Singh et al. 2023; Sur, Singh, 
and Meena  2020; Sur, Singh, and Rai  2021; Tran et  al.  2021). 
Gupta et  al.  (2022) conducted regional-scale landslide suscepti-
bility mapping covering the study area, highlighting the neces-
sity for localized and large-scale planning for socioeconomic 
development.

This study recognizes the pressing need for effective landslide 
hazard mitigation in the region, emphasizing that localized LHZ 
mapping can significantly contribute to socioeconomic develop-
ment and risk reduction. Landslides, triggered by factors such as 
earthquakes, rainfall, and cloudbursts, necessitate comprehen-
sive assessments of internal conditioning factors like structural 
discontinuities, slope geometry, land use/land cover (LULC), 
and groundwater (Anbalagan  1992; Raghuvanshi, Ibrahi, and 
Ayalew 2014; Verma et al. 2021).

This study focuses on classifying landslide hazard zones along 
a stretch of NH-109 in the Bhowali-Almora region, considering 
factors such as slope, lithology, LULC, fault buffer, aspect, road 
buffer, and drainage buffer. Thematic layers are assigned weight 

values based on their influence on landslides, and subclasses are 
rated on a scale of 0–9. Integration of these parameters through 
a multicriteria approach, specifically the AHP, facilitates the 
creation of a detailed LHZ map. Such mapping aids in informed 
decision-making for future projects, developments, and settle-
ments, predicting high-hazard zones and guiding authorities to 
avoid these areas for risk-free development.

This study aims to categorize the various zones for landslide 
hazard and demarcate the villages with respect to their hazard 
class. Sustainable development goals in high and very high-
hazard zones will be avoided in the future, and guiding au-
thorities will benefit from this research to achieve sustainable 
development.

2   |   Study Area

The research was conducted on a segment of NH-109 in the 
Nainital and Almora Districts. The Nainital and Almora dis-
tricts experienced a temperate climate characterized by a warm 
and short summer, a moist and wet rainy season, and a severe 
winter. The daily range of minimum and maximum tempera-
ture varied from 3.8°C and 29.5°C for the Almora district and 
3.6°C and 28.5°C for the Nainital district in a year, respectively 
(Weather2visit). Identifying vulnerable zones was specifically 
focused along this stretch of the highway between Bhowali and 
Almora. To validate the findings, a comprehensive landslide in-
ventory was meticulously recorded. Figure 1 depicts the study 
area map, highlighting the active landslide locations observed 
during the field investigation.

3   |   Data Used

To use the multiple criterion technique for LHZ, spatial data sets 
encompassing the landslide causative components: slope, aspect, 
lithology, fault buffer, road buffer, drainage buffer, and LULC 
were considered. LISS III images of 24 m spatial resolution and 
a swath of 141 km were used to prepare LULC (Bhuvan 2020) 
(Table 2). Cartosat-1 DEM data were used to calculate slope, as-
pect, and drainage networks (Bhuvan 2020) (Table 2). Cartosat-1 
facilitates the acquisition of seven levels of data products utiliz-
ing two state-of-the-art panchromatic cameras. These cameras 
capture black-and-white stereoscopic images with a spatial 
resolution of 2.5 m in the visible electromagnetic spectrum 
(Yarrakula, Deb, and Samanta  2013). The other parameters, 
such as lithological maps, fault maps, and landslide inventory 
maps, were retrieved from the GSI (Geology Data  2019; Fault 
Data 2019; Landslide Data 2019) (Table 2). Road data (NH-109) 

TABLE 2    |    Data set used.

Agency Resolution/Scale Data Information retrieved

ISRO Portal: Bhuvan 2.5 m Cartosat 1 DEM Drainage, slope aspect, slope etc

ISRO Portal: Bhuvan 24 m LISS III LULC

Geological Survey of India 
Portal: Bhukosh

1:50,000 maps Fault map, lithology, landslides information, etc.

Google Earth Pro Google map Highway

TABLE 3    |    Description of scales for pair comparison with AHP 
(Saaty 1990).

Value
Degree of 

preferences Description

1 Equally 
important

Two decision elements 
equally influence the 

parent decision element.

3 Marginally 
important

The influence of one choice 
factor over the other is 

somewhat greater.

5 Rather 
significant

One choice factor has a 
stronger impact than another.

7 Extremely 
important

One choice factor greatly 
outweighs the other in 

terms of influence.

9 Absolutely 
important

There is adequate evidence 
to conclude that a certain 

factor is genuine.

2, 4, 6, 8 Intermediate 
values

In between two judgments.
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was manually retrieved from the Google Earth Pro software 
(Google Earth Pro 2020). Finally, all data sets were rasterized to 
a 30 m × 30 m grid cell to prepare an LHZ map using AHP.

4   |   Methodology

4.1   |   Assignments of Weight and Its Normalization 
Using AHP

The weight values for each thematic layer in this study 
were assessed utilizing the AHP approach, as introduced by 
Saaty  (1980). AHP methodologies elucidate the hierarchical 

structure of multiple criteria through a pairwise compari-
son technique, aiding in decision-making processes. This 
approach proves versatile, accommodating both quantitative 
(objective) and qualitative (subjective) data for decision analy-
sis. In the AHP comparison matrix, scores are recorded on one 
side of the diagonal, with values of 1 placed on the diagonal 
itself (Gorsevski et  al.  2006). A pairwise comparison matrix 
was established, where each criterion was compared to every 
other criterion using a relative dominating scale ranging from 
1 to 9 (Table 3).

Relative importance values for each criterion were assigned 
based on various criteria and preferences, such as equally 

TABLE 4    |    Pairwise comparison matrix, weight, and consistency ratio of the thematic layers.

Factors Slope Lithology
Road 

buffer Aspect LULC
Fault 
buffer

Drainage 
buffer

Final 
Wtg.

Slope 1 1 3 4 6 7 6 0.31

Lithology 1 1 3 5 4 6 5 0.291

Road buffer 1/3 1/3 1 3 4 5 6 0.17

Aspect 1/4 1/5 1/3 1 2 3 3 0.083

LULC 1/6 1/4 1/4 1/2 1 5 4 0.078

Fault buffer 1/7 1/6 1/5 1/3 1/5 1 2 0.035

Drainage buffer 1/6 1/5 1/6 1/3 ¼ 1/2 1 0.031

TABLE 5    |    Random index value (Saaty 1990).

n 1 2 3 4 5 6 7 8 9 10

RI 0.0 0.0 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49

FIGURE 2    |    A methodological flow chart adopted for demarcation of landslide hazard zonation map.
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important (1), marginally important (3), rather significant (5), 
extremely important (7), and absolutely important (9), with in-
termediate values 2, 4, 6, and 8 (Table 3). Subsequently, weighted 
values for each criterion were computed using an AHP pairwise 
comparison matrix (Table 4). The matrix's rows signify the in-
verse values of each criterion and their significance compared 
to others, with the first row presenting the slope's importance to 
the remaining seven criteria.

4.2   |   Consistency Analysis

To assess the consistency of pairwise comparisons, the consis-
tency ratio (CR) was computed using Equations (1, 2) follow-
ing the method outlined by Kolat, Ulusay, and Suzen (2012). 
Despite the AHP method's ability to accommodate incon-
sistent relationships, the CR measures the degree of consis-
tency or inconsistency, with a value less than 0.10 indicating 
reasonable consistency. CR is calculated using the following 
Equations (1, 2).

where γmax is the principal eigenvalue and n is the number of 
factors.

In this study, the resulting CR was 0.072, signifying a high de-
gree of consistency, and the weights were deemed relevant for 
the LHZ model (Table 4).

The random index (RI) value was computed using randomly 
generated reciprocal matrices (Saaty  1980). In this study, 
the random consistency index for the seven factors was 1.32 
(Table  5), yielding a principal eigenvalue of 7.57. Figure  2 
presents a summarized flow chart detailing the adopted meth-
odology for evaluating the LHZ map. Tables 4 and 6 provide 

(1)CR =
CI

RI

(2)CI =
(

�max − n
)

∕n − 1

TABLE 6    |    Landslide hazard weight values and rating system of 
different thematic map layers (Anbalagan 1992; Bera, Mukhopadhyay, 
and Das 2019; BIS 14496 (I):2020; El Jazouli, Barakat, and Khellouk 2019; 
Saha, Gupta, and Arora 2002).

Factor Classes Weight Rating

Slope 
(degree)

0–5 0.31 1

5–15 2

15–25 3

25–35 5

35–45 7

> 45 9

Lithology Alluvium sediments 0.291 7

Blaini Formation 6

Jaunsar (Undiff) Group 3

Nagthat Formation 2

Betalghat Formation 8

Chaura Formation 5

Gorakhnath Formation 4

Ramgarh (Undiff) 
Group

8

Bhandoli Formation 2

Slope 
aspect

Flat 0.17 0

North 1

North-East 3

East 7

South-East 8

South 9

South-West 6

West 4

North-West 2

Road 
buffer (m)

0–500 0.083 9

500–1000 7

1000–1500 5

1500–2000 3

2000–2500 1

LULC Agriculture 0.078 3

Vegetation dense 4

Vegetation moderate 6

Vegetation sparse 7

Settlements 8

River 9

River bed 9

(Continues)

Factor Classes Weight Rating

Fault 
buffer (m)

0–1000 0.035 9

1000–2000 8

2000–3000 7

3000–4000 5

4000–5000 3

5000–6000 2

6000–7000 1

Drainage 
buffer (m)

0–100 0.031 9

100–200 7

200–300 5

300–400 3

400–500 1

TABLE 6    |    (Continued)

 10991034, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/gj.5076 by C

ardiff M
etropolitan, W

iley O
nline L

ibrary on [03/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



93

the pairwise comparison matrix, weight, and CR of the the-
matic layers and the landslide hazard weight values and rating 
system for different layers of the thematic map, respectively 
(Anbalagan  1992; Bera, Mukhopadhyay, and Das  2019; BIS 
14496 (I):2020; El Jazouli, Barakat, and Khellouk 2019; Saha, 
Gupta, and Arora 2002).

4.3   |   Topographic Attributes

The slope angle is a critical causative factor for landslides and 
is widely utilized in susceptibility mapping (Gupta et  al.  2008; 
Kanungo et al. 2006; Nourani et al. 2014). More enormous land-
slides are frequently caused by steeper slopes because more mate-
rial crumbles for a given strength (Sur and Singh 2019). The final 
weight of the slope is 0.31, and its role for LHZ is considered the 
maximum in this study (Table  4). Six slope classifications were 
considered (Figures 3a and 4a). In LHZ investigations (Kanungo 
et al. 2009; Nagarajan et al. 1998; Saha, Gupta, and Arora 2002), 
the slope aspect is a significant feature that has been consid-
ered, and its final weight is 0.083 (Table  4). It is common prac-
tice to incorporate the slope aspect, referring to the orientation of 
the slope face (Poudyal et  al.  2010; Pourghasemi, Pradhan, and 
Gokceoglu 2012), as a conditioning component for landslides. A 
slope's aspect is defined by its northward-facing orientation, influ-
encing solar warming, soil moisture, and air dryness (Yalcin 2008). 
The aspect map was created with nine classes (Figures 3b and 4b) 
(Bera, Mukhopadhyay, and Das 2019).

4.4   |   Lithology

Lithology is crucial in landslide vulnerability assessments 
(Althuwaynee and Pradhan  2016). The study area encom-
passes various groups such as the Ramgarh Group, Almora 
Group (Gorakhnath Formation, Chaura Formation), Betalghat 
Formation, Jaunsar Group (Nagthat Formation), Baliana 

Group (Blaini Formation) and Alluvium sediments (Misc. 
Pub. 2019). Ramgarh Group in this area consists of metabasic 
and phyllite; the Almora Group consists of schist and gneiss; 
the Betalghat Formation consists of phyllite; the Jaunsar 
Group consists of metabasic and quartzite; the Baliana Group 
consists of slate and alluvium sediments consist of gray sand, 
silt, and clay (Figure 4c). The final weight of lithology is 0.291, 
and its role is considered lower than the slope for this study 
(Table 4).

4.5   |   Land Use/Land Cover

Population-related factors significantly influence land uti-
lization, including converting agricultural and forest land 
into urban areas, transforming forests into agricultural land, 
and altering slopes for infrastructure development. A criti-
cal aspect of landslide hazard mapping involves the land use 
characterization, and its final weight is 0.078 (Table 4). Seven 
LULC classes were established through image categoriza-
tion, encompassing dense vegetation, moderate vegetation, 
less vegetation, river, riverbed, settlements, and agriculture 
(Figure 4d). Agriculture dominates the largest land area, fol-
lowed by dense and moderate vegetation. Riverbeds and settle-
ments are observed as patches, with sparse vegetation mainly 
concentrated on the northern side of the highway around the 
Almora region. The LULC distribution is represented in per-
centages: agriculture (29%), dense vegetation (26%), moderate 
vegetation (25%), sparse vegetation (15%), river (2%), settle-
ments (2%), and riverbed (1%) (Figure 5).

4.6   |   Photolineaments

Photolineaments and linear geological discontinuities can be 
discerned through multispectral images and DEM. Landslides 
correlate with photolineaments' proximity (Gupta et al. 1999). 

FIGURE 3    |    Classification of (a) slope angle, (b) slope aspect (in degree).
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Generally, landslides are less likely to occur in geological 
fault locations due to the weakened strength of the underlying 
rock resulting from tectonic fractures (Chen et  al.  2017). The 

final weight of the fault buffer is 0.035 for this study (Table 4). 
Utilizing the geological map, fault buffers in this study were 
categorized into seven groups (Fault Data  2019), and a fault 

FIGURE 4    |    (a) Slope map, (b) aspect map (Source: Cartosat-1 DEM data), (c) lithological map (Source: Geology data, 2019), and (d) Land use/land 
cover map (Source: LISS III data) of the study area.
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buffer map was constructed using a multiple-ring buffer tool 
(Figure 6a).

4.7   |   Road and River Buffers

The road buffer is one of the primary anthropogenic variables 
influencing landslide occurrences, and its final weight is 0.17 
in this study (Table  4) (Nourani et  al.  2014; Yilmaz  2010). 
Indeed, several landslides were induced to occur by road con-
struction during fieldwork. Five different buffer zones, each 
with a 500 m interval, were created for the present investiga-
tion (Figure 6b).

According to Park et  al.  (2013), rivers are crucial in landslide 
occurrences. They can induce bank collapses due to slope un-
dercutting, and gully erosion may alter the terrain, impacting 
landslide initiation (Bui et al. 2011; Dai and Lee 2002). The final 
weight of the drainage buffer is 0.031 (Table  4). The drainage 
network for this study was established using hydrology tools in 
ArcGIS 10.2 with DEM data. The multiple-ring buffer tool was 
employed to create five distinct buffers, evaluating the potential 
impact of streams on bank slopes (Figure 6c). The distance from 
these structural characteristics has a relative influence on the 
landslide probability; hence, a buffer map is generated for the 
zonation of landslide hazard.

4.8   |   Landslide Inventory

Every susceptibility assessment study must be grounded in a 
comprehensive collection of historical records of occurrences, 
serving as the foundation and guiding the entire process 
(Abella and Van  2008; Ahmed  2015; Pourghasemi, Pradhan, 
and Gokceoglu  2012; Van, Castellanos, and Kuriakose  2008). 
The landslide inventory map was compiled using data obtained 
from field investigations (Figures  1 and 7 and Table  7) and 

information available in the Bhukosh portal of GSI. A total of 63 
landslides were documented in the study area. The LHZ map is 
subsequently validated using this data set (Figure 8a).

5   |   Results and Discussion

The landslide causative factors such as slope, lithology, aspect, 
LULC, fault buffer, road buffer, and drainage buffer have been 
critical in the study area. The final weights for these causative 
factors were evaluated using an AHP pairwise comparison ma-
trix (Table 4). The random consistency index for these seven fac-
tors was also calculated (Table 5). The findings of this research 
underscore the importance of LHZ in assessing and mitigating 
landslide hazards along a section of NH-109. These results pro-
vide valuable insights for informed decisions in infrastructure 
development and risk management, thereby to the region's sus-
tainable growth and the protection of its livelihoods.

5.1   |   Landslide Hazard Zonation Mapping

The landslide hazard zonation map of the study area is shown 
in Figure 8a, in which the Landslide Hazard Index (LHI) values 
range from 1.99 to 8.44 and are classified into four classes consid-
ering manual interval as low (1.99–3.5), moderate (3.5–5.0), high 
(5.0–6.5), and very high (6.5–8.44) based on the field conditions. 
Researchers generally rely on their expert judgment to establish 
class boundaries for continuous data, as there are no univer-
sal rules for automatic categorization (Ayalew, Yamagishi, and 
Ugawa 2004; Sonker, Tripathi, and Singh 2021). The total study 
area covers 171.2 km2. Figures 9 and 10 vividly illustrate that 24.4% 
(41.77 km2) of the study area exhibits a high hazard potential, while 
3.3% (5.65 km2) is classified as having a very high hazard poten-
tial. The areas designated as low and moderate hazards constitute 
11.9% (20.37 km2) and 60.4% (103.42 km2), respectively. Most of the 
study area (103.42 km2) falls within the moderate-hazard zone.

FIGURE 5    |    Land use/land cover of the study area (in area percentage).
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In the proposed Landslide hazard zonation map, high- to 
very high-hazard zones were estimated in the area along the 
road stretch from Khairna to Jaurasi. The same conditions, 

active landslide incidents, were found at locations BA29, BA210, 
BA31, BA32, BA35, and BA38 during field investigation within 
the same stretch of road (Figure  8a). This also validates the 

FIGURE 6    |    (a) Fault buffer map (Source: Fault Data 2019), (b) road buffer map (Source: Google Earth Pro 2020), and (c) drainage buffer map 
(Source: Cartosat-1 data) of the study area.

 10991034, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/gj.5076 by C

ardiff M
etropolitan, W

iley O
nline L

ibrary on [03/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



97

accuracy of the proposed LHZ map. High- to very high-hazard 
zones were majorly found along the highway, where road-cut 
slopes were steep.

Several villages/townships, including Bhowali, Kainchi Dham, 
Bargal, Dina, Pokhari, Jaurasi, Suyalbari, Gangarkote, Gauna, 
Manarasa, Chopara, and Chausali are situated in the high hazards 

FIGURE 7    |    Some demarcated active landslides (locations marked in Figure 1) in the study area.
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zone. At the same time, Lohali and Khairna are located in a very 
high-hazard zone (Figure  8b). A few villages, such as Niglat, 
Dhuna, Dina, Sirsa, Kwarab, and Deoli are within the moderate 
landslide hazard zone and only Padli village falls under the low-
hazard zone (Figure 8b). A significant portion of the highway is 
categorized within the high- to very-high landslide hazard zones, 
indicating the potential risk associated with traveling on this route.

5.2   |   Map Authentication and Assessment

The map (Figure 8a) illustrates past landslide occurrences based 
on field data and landslide inventory data, GSI, recording 63 
landslide incidents varying in scale. Among these, 32 occurred 
in the high hazardous zone, 12 in the very high hazardous zone, 
and 18 in the moderately hazardous zone, and only one in the low 

TABLE 7    |    Some demarcated landslides in the study area.

Name Location Type of landslide Affected stretch of the highway

BA18 290 26′ 11″ 790 29′ 57” Rock falls and Talus cones About 250 m stretch along the highway

BA25 290 27′ 42.6″ 790 28′ 45.1” Circular failure About 100 m stretch along the highway

BA29 290 29′ 48.1″ 790 28′ 59.2” Rock falls About 200 m stretch along the highway

BA210 290 29′ 49″ 790 29′ 6.8” Road subsidence Half of the road subsided during 
the monsoon in 2022

BA32 290 29′ 50.7″ 790 29′ 10.7” Rock falls About 100 m stretch along the highway

BA35 290 29′ 40″ 790 29′ 27” Chain of talus cone About 1 km stretch and newly 
constructed highway washed away 

during the monsoon in 2022

BA312 290 31′ 41.9″ 790 31′ 29.6” Talus cone About 50 m stretch along the highway 
and half of the road covered by deposits

BA42 290 32′ 47.5″ 790 31′ 55.5” Planar failure and Talus cone About 100 m stretch along the highway

FIGURE 8    |    (a) Landslide hazard zonation map of the study area and (b) villages with landslide hazard zones.
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hazardous zone. Figure 9 visually represents the hazard zones' 
areal extent and Figure 10 shows distribution percentages.

The very high-hazard zone, covering only 3.3% and 5.65 km2 of 
the total study area, experiences landslides at a higher frequency 
rate (19% of total landslides). The high-hazard zone, encom-
passing 24.4% and 41.77 km2 of the study area, witnesses over 
50% of total landslides. The moderate-hazard zone extends over 

60.4% and 103.42 km2, with a relatively low landslide frequency 
(28.57%), and the low-hazard zone covers 11.9% and 20.37 km2, 
with a very low landslide frequency (1.58%). Steep slopes, iden-
tified during field investigations (Figure 7), contributed to the 
highest number of landslides, primarily triggered by heavy rain-
fall during the monsoon season.

Moreover, the effectiveness of landslide hazard maps derived 
from AHP was validated using a receiver operating char-
acteristic (ROC) curve (Sonker, Tripathi, and Singh  2021) 
(Figure 11). The fundamental advantage of the ROC approach 
as a threshold-independent curve is that it is independent of both 
the number of thresholds used in calculations and their inter-
spaces (Fawcett 2006). For a landslide susceptibility index with 
n classes, n + 1 thresholds are defined. The first threshold (i = 1) 
is lower than the minimum susceptibility detected in the most 
stable class, while the last threshold (i = n + 1) is higher than the 
maximum susceptibility observed in the most sensitive class. 
The thresholds create a confusion matrix with four sorts of pix-
els: true-positive (TP), false-positive (FP), true-negative (TN), 
and false-negative (FN). Identifying TP and FN pixels helps 
pinpoint landslides above and below the threshold value. On 
the other hand, TN and FP pixels signify stable areas below and 
above the threshold value, respectively. These pixel tallies for 
each threshold drive the calculation of two crucial statistics: the 
true-positive rate (TPR) and the false-positive rate (FPR).

In an ROC curve, the TPR and FPR create an engaging visual 
representation. They represent the point (1, 1) on the curve for 
the first threshold (i = 1), and the point (0, 0) for the last thresh-
old (i = n + 1). During the final validation step, the area under the 
curve (AUC) is calculated as follows:

The AUC value can demonstrate the success rate of the model by 
comparing its performance on the training data set and its pre-
dictive ability on the test data set. The success rate indicates how 
well the LHZ separates the landslides within its hazard zones 
(Chung and Fabbri 1999).

The ROC curve graphically displays the relationship between TP 
and false-positive rates (Althouse 2016). AUC values range from 

(3)TPR =
TP

TP + FN

(4)FPR =
FP

TN + FP

(5)AUC =
∑n+1

i=1

1

2

√

(

xi−xi+1
)2
.
(

yi − yi+1
)

FIGURE 9    |    The area (km2) of the hazard zones.

FIGURE 10    |    Percentage area of hazard zones.

FIGURE 11    |    ROC curve for landslide hazard zonation map using 
AHP.

TABLE 8    |    AUC quality test (Althouse 2016).

AUC value Quality test

0.9–1.0 Excellent

0.8–0.9 Very good

0.7–0.8 Good

0.6–0.7 Satisfactory

0.5–0.6 Unsatisfactory
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0.5 to 1, with model accuracy increasing as AUC approaches 
1. In this study, the ROC tool of ARCSDM was used (ROC tool 
2024). The calculated AUC value of 71.2% (Table 8) indicates a 
good quality test, confirming the predictability of the LHZ map.

6   |   Conclusions

The study area, situated in the Lesser Kumaun Himalaya, faces 
susceptibility to landslide incidents, causing disruptions in 
road connections and posing threats to the affected region, po-
tentially leading to casualties. To address these challenges and 
promote sustainable development, a large-scale LHZ was con-
ducted in this region, employing a multicriteria approach with 
AHP weighting. This mapping technique proves effective in 
delineating vulnerable landslide zones across expansive areas.

The highway was categorized into low (11.09%), moderate 
(60.4%), high (24.4%), and very high (3.3%) landslide hazard 
zones. Despite covering only 3.3% of the total area, the very 
high-hazard zone exhibited frequent landslide incidents approx-
imately 19% of total landslide incidents in the study area. Results 
were validated through field studies, landslide inventory, and 
ROC curve analysis, with the ROC curve yielding an AUC value 
of 71.2%, indicating good quality in estimating the LHZ.

The high-hazard zone, covering 24.4% of the total area, ac-
counted for over 50.8% of the total landslide incidents. To miti-
gate the risk of fatalities, authorities responsible for development 
and planning should exercise caution, particularly in areas clas-
sified as high and very high landslide hazard zones (covers area 
in % = 24.4% + 3.3% and landslide incidents in % = 50.8% + 19%). 
Any alterations to the natural topography resulting from natural 
or anthropogenic disturbances, such as seismic activities, defor-
estation, or road widening, may influence the existing landslide 
vulnerability in this region. Therefore, continuous monitoring 
of the LHZ is essential to adapt to changing conditions cyclically 
caused by these factors.

The present study focuses on classifying landslide hazard zones 
along a stretch of NH-109 in the Bhowali-Almora region, consid-
ering factors such as slope, lithology, LULC, fault buffer, aspect, 
road buffer, and drainage buffer. The future scope of work in the 
region lies with the application of artificial intelligence and ma-
chine learning approaches for the prediction of rainfall thresh-
old for the initiation of landslides. In addition, site-specific 
studies on the behavior of slopes with respect to primary and 
secondary orientations of exposed rocks for landslide suscepti-
bility and site-specific slope modeling should be performed to 
study the nature of deformation and associated hazards in the 
region.
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