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Landslide Susceptibility Mapping Using Weighted Overlay Analysis 
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ABSTRACT 
	In India's Upper Himalayas, in the state of Uttarakhand, the Bhilangana Basin is having fragile geologically and topographically complicated area where landslides occur very often.  Based on the application of the Analytical Hierarchy Process (AHP) combined with the Weighted Overlay analysis method within a GIS environment, the study helps to make map landslide susceptibility zones in the bhilangna river basin. According to their geomorphological, climatic condition , and human intervention play a major role for landslide ,in the study we using  ten causative factors which were chosen for study such as  slope, digital elevation model (DEM), rainfall, curvature, land use/land cover (LULC), normalized difference vegetation index (NDVI), aspect, relative relief, distance from roads, and distance from rivers. AHP-derived weights identified slope (20%), road distance (18%), rainfall (14%), and river distance (13%) as the most significant factors. The combined susceptibility map categorized the basin into Low (40.6%), Moderate (46.0%), and High (11.97%) risk zones. High-risk areas, though in a narrow range of coverage, are practically all clustered in mid-elevation belts with high slopes, barren land, concave topography, and proximity to road and river networks. These zones pose high risks to infrastructure, transport, and settlement, that need site-specific mitigation work such as stabilization of slopes, improved drainage, and re-establishment of vegetation. The approach demonstrates the value of multi-criteria decision analysis for landslide hazard evaluation in mountainous regions and can be applied to disaster preparedness and land-use management in other mountain regions. Patients. These predictors still require additional work to establish reliability.The thematic maps that were partitioned into risk values and susceptibility classes were prepared from satellite, field, and secondary data. 
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2. INTRODUCTION 
Landslides are natural cause, particularly in mountain regions. Landslides is the movement of soil, rock, and debris down a slope due to the force of gravity. Natural processes may lead to landslides, but human intervention through deforestation, unplanned construction, alteration of slopes, and improper use of land also largely contributes to their occurrence and intensity (Rahman et al., 2020). Landslides cause massive loss to peoples life, property, and environmental damage globally, especially for  geologically sensitive and densely populated areas. Uttarakhand, being part of the seismically active Himalayan belt of northern India, is extremely landslide-prone. Its young and unstable geological formations, steep slopes, heavy monsoonal rainfall, and recurring earthquakes make the state a landslide hotbed. Rudraprayag, Chamoli, Pithoragarh, Bageshwar, Tehri Garhwal, and Uttarkashi districts have witnessed scores of destructive events, like the 2013 Kedarnath flood and the 2021 Chamoli landslide (Dikshit et al., 2020) (Shrestha et al., 2025).
Human-caused stresses like accelerating urbanization, major hydropower schemes, intensifying road networks, and uncontrolled tourism have destabilized natural slopes further. Climate change has contributed to this threat by modifying rainfall patterns and ramping up glacial melting, which in turn increases slope failures, predominantly in the higher elevation areas.
To mitigate these issues, landslide hazard analysis is essential. It encompasses the determination of hazard-prone areas, exposure assessment, and vulnerability analysis (Du et al., 2020). Methods such as remote sensing, GIS, and Multi-Criteria Decision-Making (MCDM) technique such as AHP is used to create landslide susceptibility maps. Such maps helps in planning, infrastructure construction, and disaster preparedness (Anbalagan et al., 2015) (Sur et al., 2022).
In summary, an integrative strategy involving geospatial analysis, scientific evaluation, early warning systems, and awareness at the community level is essential in curbing landslide risk and building resilience in the ecologically vulnerable Uttarakhand.
2. methodology 
2.1 Study Area
The Bhilangana Basin is located in the Upper Himalayan region, specifically within the Uttarkashi district of Uttarakhand, India. Covering an area of approximately 1400 square kilometers, the basin features elevation levels ranging between 4,000 and 5,800 m. Geographically, it is positioned between latitudes 31°1’39.31”N and 30°42’8.30”N, and longitudes 78°43’29.61”E to 79°50’45.55”E. The variation in elevation across the basin was assessed using Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM) data at a spatial resolution of 30 m, as depicted in Fig. 1.[image: C:\Users\ncp\Desktop\MAPS\bhilangna.jpg] 
Fig. 1. Study Area, Bhilangna River Basin

Landslide susceptibility mapping is done using the Analytical Hierarchy Process (AHP) based Weighted Overlay method in GIS environment. The objective for the study is to delineate areas prone to landslides with the of multiple thematic layers. The parameters considered in this analysis are Slope, Digital Elevation Model (DEM), Rainfall, Curvature, Land Use Land Cover (LULC), Normalized Difference Vegetation Index (NDVI), Distance from Roads, Distance from Rivers, Aspect, and Relative Relief.

2.2 Generation and Classification of Thematic Layers
Bhilangana River Basin of area around 1400 km 2 is located in the Upper Himalayas region in Uttarkashi district( Uttarakhand) it is geologically fragile and topographically complex region. Understanding the primary factors for landslides in this basin is to be critical and accurate for risk assessment and mitigation planning for future. 
The following parameters were selected  on the basis of  their geomorphological, climatic, and anthropogenic relevance to the landslide  occurrences  in the region for the generation of thematic layer for landslide susceptibility mapping. 
·  Bhilangana River Basin have elevation ranges from approximately 4,000 to 5,800 m. Elevation effect rainfall intensity and weathering processes. At higher elevations the basin are more prone to frost action such as glacial melt, and precipitation induced slope failures, particularly in snow-bound and glaciated zones.
· Slope plays a determinant role for the gravitational force acting on slope materials. In the Bhilangana river Basin, the steep slopes dominate much of the terrain, particularly in high-relief zones, and make them highly vulnerable to mass destruction. Slopes exceeding 30° showed a higher landslide frequency, particularly during monsoon duration.
· Slope aspect determines the direction of slope exposurein the basin which affects solar radiation, snowmelt rates, and moisture retention. In the Bhilangana Basin, landslides are regresssly observed in southeast facing slopes because of higher sun exposure in the basin and accelerated thawing.

· Curvature helps to understand  shape of the land surface and its impact on water flow  with in  the basin and its accumulation. Concave slopes within the Bhilangana River Basin prone to collect water and debris within the area, increasing the pore pressure and triggering slope for failures, whereas convex slopes often experience surface soil erosion.
· Bhilangna river basin receives the moderate to high rainfall in monsoon season, ranging from 550 mm to 1200 mm. heavy precipitation increases infiltration and saturation of soil and weathered rock, especially on deforested slopes, leading to frequent landslide activity in the middle and lower region of the mountain.
· Normalized Difference Vegetation Index (NDVI) is explained the Vegetation which  helps to stabilize the  slopes by reducing surface runoff and reinforcing the soil with root of the vegetation. In the Bhilangana river basin, areas with dead or sparse vegetation, because of deforestation or high altitude cold climatic conditions, show a higher incidence of landslides.
· Land Use and Land Cover (LULC) in  Bhilangana River Basin includes various parameters. Landslides are primarily concentrated in forest region and barren areas of the basin, where human activity (e.g., slope cutting and logging) and natural exposure decrease slope stability. Some events also occurred near roads.
· Relative Relief in the basin exhibits a high variation in it, reflecting rugged terrain and steep elevation. Lower relative relief shows typically in middle elevations and have a higher landslide density showing the human interference and weathering processes than at higher altitudes.
· Distance from Roads in the Bhilangana River Basin shows that often curves into the steep hillsides without proper engineering measures. poor drainage and lack of vegetation near road area lead to increase in landslide occurrences, particularly during or after rainfall in the region.
· Distance from Streams significantly impact the slope stability because of toe soil erosion, increased saturation in soil and undercutting of soil. The Bhilangana River  Basin and its tributaries erode the base of adjacent side slopes, particularly during the monsoon season, meandering nearby the areas are more susceptible to landslides.
3. results and discussion
The Bhilangana River Basin landslide susceptibility analysis was done employing Weighted Overlay within a GIS setting, using ten causative parameters: Elevation, Slope, Aspect, Curvature, Rainfall, NDVI, Land Use/Land Cover (LULC), Relative Relief, Distance from Roads, and Distance from Streams. Every parameter was categorized into sub-parameters and ranked using risk values based on their contribution to slope instability, deduced from field experience and literature.
3.1 Elevation and Slope
The elevation of the bhilangna river basin ranges from 4,000 m to more than 5,800 m. Areas prone to landslides was  found in range of  2,700–4,600 m elevation, corresponding to the risk classes. These locations are transitional in type frequently with steep slopes paired with active human and glacial activity. Likewise, the slope factor indicated that regions with slopes exceeding 30° (high to very high class) were most vulnerable to landslides. These areas undergo gravitational stress and material detachment, particularly when there is intense rainfall and snowmelt.
3.2 Aspect and Curvature 
Aspect analysis indicated a greater frequency of landslides on southeast slopes, which are more exposed to solar radiation, increasing snowmelt and summer soil dryness, followed by wetting during monsoon. Curvature analysis indicated that concave slopes were most prone to water accumulation and enhanced pore pressure, which caused failure in loose material.
3.3 Rainfall and NDVI
Rainfall intensity throughout the basin varied from 550 mm to 1200 mm. The areas of high rainfall (more than 1000 mm) showed a direct relation with higher landslide occurrence. NDVI analysis confirmed this finding, showing that dead or poor vegetation cover (NDVI value towards bare land or degraded vegetation) areas witnessed higher frequency of landslides. Vegetation loss diminishes root cohesion and enhances runoff, making the slope more unstable.
3.4 Land use and Land cover  
LULC analysis indicated that landslides predominantly happened in barren land and forest categories. Forests in the mid-altitude zones, although providing some root reinforcement, tend to be degraded from anthropogenic activities. Barren lands indicated highest hazard due to absence of cover and susceptibility to erosive forces. While settlements were not the immediate site of landslides, proximity to built-up area, particularly roads, tended to indicate slope failures.
3.5 Relative Relief and Proximity Factors 
Relative relief analysis showed that regions of moderate elevation range (99–180 m) were most prone to landslides because they normally consist of moderate to steep slopes with higher accessibility and human usage. Regions with very low relief (0–98 m), particularly valley floors, also indicated extensive landslide occurrence caused by sediment deposition and toe erosion. Distance from Road was identified as a key factor. Landslides were also commonly found along 100–300 m of road alignments, indicating the destabilizing influence of uncontrolled slope slashing, inadequate drainage, and vibrational loads from traffic. Likewise, sites within 100–200 m of streams were highly prone to sliding in light of toe erosion, undercutting, and saturation of slopes, particularly during monsoon and glacial melt seasons. 
Table 1. Classification and score of landslide parameters

	Parameter
	Class Range / Type
	Classification
	Assigned Risk Value

	Elevation (m)
	700–1800
	Very Low
	1

	
	1900–2600
	Low
	2

	
	2700–3500
	Moderate
	5

	
	3600–4600
	High
	7

	
	4700–6600
	Very High
	9

	Slope (°)
	0–10
	Very Low
	1

	
	10–20
	Low
	2

	
	20–30
	Moderate
	3

	
	30–40
	High
	4

	
	>40
	Very High
	5

	Aspect
	Flat
	Flat
	1

	
	North
	North
	2

	
	Northeast
	Northeast
	7

	
	East
	East
	4

	
	Southeast
	Southeast
	9

	
	South
	South
	5

	
	Southwest
	Southwest
	4

	
	West
	West
	3

	
	Northwest
	Northwest
	2

	Curvature
	Flat
	Flat
	1

	
	Concave
	Concave
	7

	
	Convex
	Convex
	5

	Rainfall (mm)
	550–730
	Very Low
	1

	
	740–880
	Low
	3

	
	890–1000
	Moderate
	5

	
	1001–1100
	High
	8

	
	1101–1200
	Very High
	9

	NDVI
	Dead Plant
	Dead vegetation
	9

	
	Unhealthy vegetation
	Unhealthy vegetation
	7

	
	Moderate vegetation
	Moderate vegetation
	4

	
	Very healthy vegetation
	Very healthy vegetation
	1

	LULC
	Water
	Water
	1

	
	Tree
	Forest
	2

	
	Crops
	Agricultural
	3

	
	Built-up area
	Built-up
	8

	
	Bare garland
	Barren land
	9

	
	Snow
	Snow
	1

	
	Rangeland
	Rangeland
	3

	Relative Relief
	0–98
	High
	9

	
	99–180
	Moderate
	5

	
	190–250
	Low
	2

	Distance from Road (m)
	100
	Very High (near road)
	1

	
	200
	Low
	9

	
	300
	Moderate
	7

	
	400
	Low
	6

	
	500
	Very Low
	4

	
	>500
	Normal
	2

	Distance from Stream (m)
	100
	Very High
	9

	
	200
	Low
	6

	
	300
	Moderate
	5

	
	400
	Low
	3

	
	500
	Very Low
	2

	
	>500
	Normal
	1


 3.6 AHP Weight Calculation
To make the relative importance of landslide conditioning factors using for study, the Analytical Hierarchy Process (AHP) was employed. In this method a pairwise comparison matrix was constructed using the given priority values of the 10 parameters such as (Slope, DEM, Curvature, Rainfall, Aspect, Distance from Rivers, Distance from Roads, LULC, NDVI, and Relative Relief). The matrix was normalized and eigenvector weights were computed with respect to the parameters. The resulting consistency ratio coming is  (CR = 0.0083) was found to be well below the acceptable threshold of 0.10 which is good. Among the factors which were using for the study are  Slope, Distance from Roads, and Rainfall emerged as the most influential criteria for landslide susceptibility , whereas NDVI and Relative Relief showed comparatively lower weights.
Table 2. AHP Pairwise Matrix

	
	DEM
	Slope
	Curvature
	Rainfall
	Aspect
	Distance from Rivers
	Distance from Roads
	LULC
	NDVI
	Relative Relief

	DEM
	1
	0.3
	1
	0.5
	2
	0.5
	0.5
	1
	2
	3

	Slope
	3
	1
	2
	2
	4
	2
	1
	3
	5
	7

	Curvature
	1
	0.5
	1
	1
	2
	1
	0.5
	1
	3
	3

	Rainfall
	2
	0.5
	1
	1
	3
	1
	1
	2
	4
	5

	Aspect
	0.5
	0.25
	0.5
	0.3
	1
	0.3
	0.25
	0.5
	1
	2

	Distance from Rivers
	2
	0.5
	1
	1
	3
	1
	1
	2
	3
	4

	Distance from Roads
	2
	1
	2
	1
	4
	1
	1
	2
	5
	6

	LULC
	1
	0.33
	1
	0.5
	2
	0.5
	0.5
	1
	2
	3

	NDVI
	0.5
	0.2
	0.33
	0.25
	1
	0.33
	0.2
	0.5
	1
	1

	Relative Relief
	0.33
	0.14
	0.33
	0.2
	0.5
	0.25
	0.16
	0.33
	1
	1




TABLE 3. A pairwise comparison matrix was created for AHP, and consistency was checked (CR < 0.1) and normalized weight
	Criteria
	Given Priority
	 Normalized Weight

	DEM
	8
	0.07767

	Slope
	20
	0.194175

	Curvature
	10
	0.097087

	Rainfall
	14
	0.135922

	Aspect
	5
	0.048544

	Distance from Rivers
	13
	0.126214

	Distance from Roads
	18
	0.174757

	LULC
	8
	0.07767

	NDVI
	4
	0.038835

	Relative Relief
	3
	0.029126


3.7 Landslide Susceptibility Zonation Map
3.7.1 Overall Susceptibility Mapping
The integrated landslide susceptibility map categorized the basin into three susceptibility zones:  Low, Moderate, and High-risk zones were primarily located in the mid-elevation zones of the basin, often near road networks, concave slopes, barren land, and steep gradients. These zones demand immediate attention for mitigation planning, especially in areas where infrastructure and settlements are expanding.
[image: ]
Fig. 2. Landslide Risk Zone Map
Table 4. Area Distribution of Susceptibility Classes
	Susceptibility Zone
	Area (sq.km)
	Percentage (%)

	Low
	569
	40.6

	Moderate
	645
	46.0

	High
	168
	11.97

	
	
	

	

	
	


3.7.2 Validation with landslide inventory
The landslide susceptibility mapping of the Bhilangna River Basin which is around 1400 km² area, prepared using the Weighted Overlay Method which highlights the spatial possibility of landslide occurrence under the thematic layers used for study. The basin is classified by topography, terrain slopes, its lithology, and amount of rainfall in the study area. A total number of 353 landslide locations data which is obtained  from the Bhookosh (GSI) landslide inventory, were used for validation of the susceptibility mapping zones .The thematic layers considered in the analysis include various 10 layer such as slope, elevation, relative relief, lithology of the area, amount of rainfall, land use/land cover (LULC), distance from roads, distance from streams, NDVI, curvature, and aspect. Each factor was assigned a individual relative weight based on its influence on landslide initiation in the region, and the weighted overlay technique was employed to generate the final susceptibility map. Validation was performed using 353 mapped landslide locations. Approximately 65–73% of the recorded landslides were found to have within the High and Very High Susceptibility mapping Zone, while only a small fraction around  (<15%) occurred in the Low or Very Low zones. Based on the spatial agreement between predicted susceptibility and actual landslide occurrence points, the weighted overlay approach applied for Bhilangna River Basin appears to be robust. the results clearly shows the role of terrain slope , lithology of the area, and distance from roads and distance from streams as the most influential parameters in controlling slope instability. Road construction activities and slope disturbance by streams appear to be primary triggering factors for landslide. Areas under sparse vegetation and degraded forest cover (low NDVI values) also correspond well with high susceptibility classes, shows the importance of land cover in maintaining slope stability .Compared to similar studies in other Himalayan basins, the Bhilangna River Basin shows a higher proportion of terrain under moderate to high susceptibility, which can be attributed to its rugged topography, high relief, and the prevalence of structurally weak lithological units. The model outputs thus provide valuable insights for disaster risk reduction, infrastructure planning, and watershed management in this fragile Himalayan environment.
[image: ]
Fig.3.Validation point distribution Map
4. Conclusion

The susceptibility zonation classified the basin into 3 categories: Low, Moderate and High landslide susceptibility mapping zone. Most of the area of the river basin fell under moderate risk (46%) low risk (40.6%) and in high (11.97%) zones though spatially smaller pose significant threats to infrastructure, transportation networks, and nearby settlements. These areas require priority attention for slope stabilization, drainage improvement, and vegetation restoration.
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