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Abstract:  The southeastern coastal cliffs of Bangladesh, 
extending from Cox’s Bazar to Teknaf, are highly 
susceptible to landslides due to steep terrain, intense 
monsoonal rainfall, and increasing anthropogenic 
disturbances. This study presents an integrated landslide 
susceptibility assessment by combining the knowledge-
based Analytic Hierarchy Process (AHP) and the data-
driven Frequency Ratio (FR) model to identify spatial 
patterns of landslide. A landslide inventory comprising 55 
documented landslide locations was prepared using NASA 
Global Landslide Catalog data and high-resolution Google 
Earth imagery. Ten conditioning factors- elevation, slope, 
aspect, curvature, soil type, geomorphology, rainfall, 
drainage density, distance from roads, and Normalized 
Difference Vegetation Index (NDVI) were derived from 
satellite imagery and geospatial datasets and synthesized 
within a Geographic Information System (GIS) environment 
to generate susceptibility maps. Model performance was 
evaluated using Receiver Operating Characteristic (ROC) 
curves and the Area Under the Curve (AUC) metric. The AHP 
model demonstrated strong predictive capability with an 
AUC value of 0.859, classifying 63.48% of the study area as 
moderate susceptibility and identifying 1.06% as high- 
susceptible zones, primarily along the Teknaf hill tracts. In 
contrast, the FR model exhibited moderate accuracy (AUC 
= 0.688) and produced a more detailed five-class 
susceptibility map, delineating 4.35% of the area as high to 
very high susceptible. Both models consistently indicate 
that critical landslide susceptibility is concentrated along 
the coastal cliffs of Teknaf and parts of the hilly terrain in 
Ukhiya. These findings have important implications for 
infrastructure safety, particularly the Marine Drive 
corridor, and for the densely populated Rohingya refugee 
settlements, where unstable slopes pose significant 
hazards. The comparative application of AHP and FR 
framework offers a cost-effective and transferable 
approach for landslide susceptibility assessment and 
disaster mitigation in data-scarce, high-hazard region.  

Keywords: Analytic Hierarchy Process (AHP), Frequency 
Ratio, Landslide Inventory, Multi-Criteria Decision 
Analysis, Disaster Risk Reduction.  

 Introduction 
Landslides are the gravity‑driven movements of soil and 
rock on slopes. Most modern geomorphology sources 
say, a landslide as the movement of a mass of rock, 
debris, or earth down of a slope under gravity (Turner, 
2018; Wubalem, 2021). They are among the most 

frequent geo‑hazards in mountainous regions and 
cause substantial loss of life and property worldwide. 

Global Study says that, about 4862 fatal non‑seismic 
landslides killed 55997 people in 2004-2016, heavily 
concentrated in Asia (Froude et al., 2018). In the USA, 
estimated annual landslide frequencies range from 
~0.002 to 29 landslides per 1000 km² per year (Luna et 
al, 2025). This hazard occurs with a family of 
gravity‑driven movements that include falls, topples, 
slides, spreads, flows, and their complex combinations, 
acting through stages of failure, movement and 
deposition (Varnes, 1978). Shear failure happens along 
a surface or in a shear zone when driving stress exceeds 
shear strength (Petley et al., 2002; Cuomo, 2020). Post 
failure movement occurs acceleration, possible 
transition from slide to flow and entrainment of more 
material (Cuomo, 2020; Tian et al., 2020).  

Most of the landslides occur in mountainous 
topography on moderate-steep, concave mid-upper 
slopes, especially in zones dissected by rivers or roads; 
in flatter or low‑relief terrain, landslides are much less 
common. A global analysis of fatal landslides shows 
that ~70% of natural landslides and ~44% of 
human‑triggered ones occur in mountainous areas in 
tropical and temperate regions (Fidan et al., 2024). Most 
of the cases natural‑factor landslides tend to initiate in 
the higher parts of the topographic profile, at higher 
elevations and steeper slopes with little human 
disturbance (Carrara, 1983; Fidan et al., 2024). Some 
studies also find that while steeper slopes are more 
susceptible, extremely steep slopes may have thinner, 
more stable soils, so landslide erosion can peak on 
near‑threshold but not the very steepest slopes 
(Prancevic et al., 2020).  

Bangladesh comprises up a large portion of the 
Bengal Basin, and its coastal areas undergo landslides 
of any dimension (Rahman et al., 1995). In Bangladesh, 
landslide‑vulnerable areas mainly concentrated in the 
southeastern and some northeastern hilly districts, 
especially around Chattogram and Cox’s Bazar which 
are identified as landslide‑prone districts based on 
2000-2018 catalog (Sultana, 2020). Steep, deforested 
slopes (often 12-30° or more, 60-200 m elevation) with 
sandy/loamy soils in Cox’s Bazar and Chattogram are 
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the most vulnerable factor for landslide hazard 
(Chowdhury et al., 2023; Nahar et al., 2025; Islam et al., 
2024). Intense monsoon rainfall saturates weak sandy 
soils on steep, cut, and deforested slopes, especially 
around roads, camps, and informal settlements 
accelerate landslide. In Cox’s Bazar (Ramu-Ukhiya-
Teknaf), June rainfall shows a strong statistical 
correlation with monthly landslide incidence (Nahar et 
al., 2025). High topographic wetness and stream power 
indices (areas where runoff converges) are strongly 
associated with failures because they focus infiltration 
and erosion (Islam et al., 2024; Fuad et al., 2024). 
Between Cox’s Bazar and Teknaf (the Teknaf Peninsula), 
the land is a narrow ridge of low hills flanked by the Bay 
of Bengal to the west and the Naf River/floodplains to 
the east. These hills form a dissected, erosion‑prone 
landscape with strong relief over short distances. In 
Cox’s Bazar district, most hills are ~100-300 m high 
(Ahmed et al., 2020) and the Ramu-Ukhiya-Teknaf belt, 
high landslide vulnerable sites are typically at ~90-
180 m elevation (Nahar et al., 2025). Hill materials make 
the area influencing for its unconsolidated or weakly 
cemented sand, silt and shale, giving high erodibility and 
frequent shallow landslides when disturbed (Nahar et 
al., 2025; Kamal et al., 2022; Ahmed et al., 2020). 

Recent devastating landslides between Cox's Bazar 
and Teknaf have concentrated on the Ukhiya-Teknaf 
Rohingya camp corridor and neighboring host villages, 
particularly in 2017, 2019, and 2021, displacing 
thousands and claiming multiple lives throughout each 
major monsoon season. At June 2017, landslides occur 
at least 160 deaths in Cox’s Bazar district and adjacent 
hills (Ahmed et al., 2020). At July 2019, 355 mm rain 
happened over 72 hours and causes 26 landslides, 1 
death, ~4,500 people left homeless (Sami et al., 2024). 
Besides geologic factors, road cuts, building platforms, 
and quarrying over‑steepen slopes and remove support 
at the toe, making failure much more likely during rain 
(Skilodimou et al., 2018).  

At 2024, regional assessment integrating hazard 
(susceptibility) and social vulnerability for all southeast 
Bangladesh finds landslide risk highest in Teknaf, 
Ukhiya and Ramu upazilas; Cox’s Bazar district is 
second only to Chattogram in overall risk (Sultana et al., 
2024). Although numerous landslide susceptibility 
studies have been conducted in the Chattogram Hill 
Tracts and surrounding regions (Rabby et al., 2020), 
relatively few investigations have specifically focused 
on the Cox's Bazar-Teknaf coastal hill corridor, where 
rapid infrastructure development, extensive road-
cutting activities, and the establishment of large refugee 
settlements have substantially altered slope stability 
conditions. Previous studies have commonly applied 
either statistical or knowledge-based approaches 
independently; however, a comparative assessment of 
the Analytic Hierarchy Process (AHP) and Frequency 
Ratio (FR) models for this coastal environment remains 
limited. Furthermore, recent changes in land use, 
vegetation cover, and anthropogenic disturbances 

necessitate updated susceptibility assessments. 
Therefore, this study contributes by (i) developing 
updated landslide susceptibility maps using recent 
geospatial datasets, (ii) comparing the predictive 
performance of expert-based and data-driven 
approaches, and (iii) identifying critical landslide 
hotspots that directly threaten transportation corridors, 
settlements, and refugee camps within southeastern 
Bangladesh to support disaster preparedness and land-
use planning. 

Geographic and environmental settings 
The study area is situated in the southeastern part of 
Bangladesh along the longest sea beach and the Marine 
Drive extending roughly between 20°52′-21°25′N 
latitude and 91°58′-92°18′E longitude shown in Figure 1. 
It encompasses selected coastal and hilly terrain within 
the Ramu, Ukhiya, and Teknaf upazilas of Cox’s Bazar 
district. In this area, the exposed hill rocks belong to the 
Cenozoic Tertiary succession of the Chittagong-Tripura 
Folded Belt. Regionally, it includes Bhuban Formation 
(Miocene), Boka Bil (Miocene), Tipam Sandstone + 
Girujan Clay (Pliocene), Dupi Tila (Plio‑Pleistocene), and 
Recent alluvium (Khanam et al, 2020; Hossain et al., 
2025). The Cox’s Bazar-Teknaf cliff is mainly dominated 
by sandstone and shale. Tertiary sandstone-shale 
successions, weathered at some part of the folded belt 
that continues into Cox’s Bazar area (Hossain et al., 
2025). The hilly terrain rises progressively eastward to 
hundreds of meters in the regional hill belt. (Saddam et 
al., 2025). In Ramu, Ukhiya and Teknaf upazilas, high 
landslide‑vulnerable hillslopes commonly have steep 
slopes of about 12-21° and elevations of 89-177 m 
(Nahar et al., 2025). The natural hilly terrain mostly from 
gentle 6-12° slopes to steeper 12-21° slopes, but 
human‑modified camp and cut slopes often reach 40-
60°, where stability problems and landslides are 
common (Kamal et al., 2023; Sami et al., 2024). 
Drainage density in this area is high enough to strongly 
control erosion, landslides, and water availability. Such 
networks are mainly dendritic and dominated by 
numerous short 1st- 3rd order streams on steep slopes 
that rapidly convey runoff (Chowdhury, 2024). Streams 
in nearby Chattogram basins (Sangu-Matamuhuri) have 
high wet-season peak flows and low dry-season 
baseflow; over a 25-year period, wet-season runoff has 
increased and dry-season flow has decreased, 
suggesting flashier behavior and an increasing danger of 
water scarcity (Rudra et al., 2023). 

This hilly zone of Bangladesh lies in humid tropical 
monsoon belt. It has a marked seasonal cycle with very 
high rainfall and warm temperatures year‑round, and 
both rainfall and temperature are increasing over recent 
decades. The Teknaf peninsula is very wet, with typical 
annual rainfall around 3000-4000 mm, with ~15 °C in 
winter and ~33 °C in summer (Moslehuddin et al., 2018). 
Long‑term analyses (1950–2023) show increasing 
annual and seasonal rainfall at Cox’s Bazar and Teknaf, 
though seasonal trends can be irregular and partly 
non‑significant (Suhan et al., 2025). Vegetation in the 
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Cox’s Bazar-Teknaf hill zone ranges from natural 
semi‑evergreen hill forests and coastal Casuarina belts 
to species‑rich homestead agroforests and mangrove-
wetland mosaics. Himchari National Park of Cox’s 
Bazar contains 88 tree species (961 stems, 457 
stems/ha), with high diversity but dominance of 
plantation/introduced trees like Acacia auriculiformis, 
Tectona grandis, Gmelina arborea, Casuarina 
equisetifolia alongside native species (Hossen et al., 
2020). In Teknaf 73 plant species and very high densities 
(~4000 plants/ha) have been recorded, providing 
timber, fuelwood, fruits and cyclone protection and 
storing substantial carbon (117 Mg C/ha) (Nath et al., 
2015).  

Population growth is highly concentrated in Ukhiya 
and Teknaf, especially around refugee settlements and 
growth corridors along roads and upazila centers. 
Geospatial evidence suggests the regional population-
density dimension increased at about 9431 
persons/year, alongside a rural-to-urban transition 
driven by refugee settlement expansion. More than one 
million refugees have settled mainly in rural and 
forested areas because of their proximity to the 
Myanmar border and accessible transport routes (Islam 
et al., 2023). This population growth has accelerated 
infrastructure development along secondary highways, 
camp areas, and modified hill slopes, increasing 
exposure to landslides, flooding, and heat stress. 
Development for camps, roads, sanitation, and markets 
has expanded into environmentally sensitive terrain 
(Mohiuddin et al., 2025), resulting in the conversion of 
forest-dominated landscapes into settlements, camps, 
roads, and other built-up areas (Hossain et al., 2021; 
Mazumder et al., 2024). 

Overall, the Cox’s Bazar-Teknaf hilly region is 
characterized by clustered population growth, 
infrastructure concentrated in hazard-prone corridors, 
and extensive forest conversion to settlement and 
camp-related land uses. 

 

Figure 1, Location map of the study area showing the 
Cox's Bazar-Teknaf coastal hill corridor and major 

administrative boundaries. 

Methodology 
The study maps the landslide susceptibility of the Cox's 
Bazar-Teknaf coastal cliff using the Analytic Hierarchy 
Process (AHP) and Frequency Ratio (FR) approach. An 
outline of the methodological approach is given in 
(Figure 2). The Analytic Hierarchy Process (AHP) was 
used to assess the relative weights of the landslide 
conditioning factors based on expert judgment and their 
contribution to the occurrence of landslides. At first a 
hierarchical structure with the objective, criteria, and 
possibilities was created. The selected conditioning 
factors included elevation, slope, aspect, curvature, 
drainage density, soil type, distance from road, annual 
rainfall, geomorphology, and NDVI. Then, a weighted 
overlay technique was applied using ArcGIS 10.8 to 
generate the AHP-based landslide susceptibility map, 
which was subsequently classified into different 
susceptibility zones. To ensure the reliability of expert 
judgments, the consistency of the pairwise 
comparisons was evaluated using the Consistency 
Index (CI) and Consistency Ratio (CR) (Yang et al., 2022). 
On the other hand, Frequency Ratio (FR) method is a 
widely used bivariate statistical technique for landslide 
susceptibility assessment and other natural hazard 
studies (Lee et al., 2006). It evaluates the spatial 
relationship between historical landslide occurrences 
and landslide conditioning factors such as slope, 
aspect, geology, soil type, drainage characteristics, 
geomorphology, rainfall, and vegetation indices. The 
frequency ratio for each class was calculated as the 
ratio of the percentage of landslide pixels within a given 
class to the percentage of the area occupied by that 
class. Finally, the FR values of all factor classes were 
spatially assigned and summed to generate the FR-
based landslide susceptibility map using ArcGIS 10.8. 
After generating the AHP- and FR-based models, the 
landslide susceptibility results were analyzed and 
validated using the receiver operating characteristic 
(ROC) curve and the area under the curve (AUC).  

Dataset for the study 
The landslide susceptibility analysis incorporated a set 
of topographic, environmental, climatic, and 
anthropogenic conditioning factors. The datasets 
included both raster and vector data acquired from 
USGS Earth Explorer, Landsat 8, and other relevant and 
authoritative sources. The selected datasets, their 
respective sources, spatial resolutions/scales, and 
classification methods are summarized in Table 1. 

Topographic conditioning factors, including 
elevation, slope, aspect, curvature, and drainage 
density, were derived from the Digital Elevation Model 
(DEM). Environmental and anthropogenic factors, 
including soil type, geomorphology, and distance from 
roads, were prepared from relevant ancillary vector 
datasets. Annual rainfall data were obtained from the 
Climatic Research Unit (CRU) gridded climate dataset in 
NetCDF format, provided by the University of East 
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Anglia, with a spatial resolution of 0.5° × 0.5° 
(approximately 50 km). Landsat 8 imagery was used to 
derive the Normalized Difference Vegetation Index 

(NDVI), which was incorporated as an additional 
conditioning factor in the landslide susceptibility 
analysis. 

 

Figure 2, Methodological framework of the study. 

Table 1, Datasets and parameters used for landslide susceptibility mapping. 

Datasets Parameters Source Acquisition 
Date 

Scale Classification method 

 
Digital 
Elevation 
Model (DEM) 

Elevation  
 
USGS Earth 
Explorer 

2014/09/23  
 
 
 
 
 
 
 
 
 
30m×30m 
 

 
Natural break 

 
 
 
 
 
Natural break 

Slope 

Aspect 

Curvature 

Drainage Density 

 
 
Vector 
Datasets 

Soil type Open Source 
data 

 
 
2023/09/04 Distance form 

road 

Geomorphology 
 
NetCDF 

 
Annual Rainfall 

Climatic 
Research 
Unit (CRU) 

Temporal 
coverage: January-
December 2024 

Landsat 
Image 

 
NDVI 

USGS Earth 
Explorer 

 
2025/03/13 

Before thematic layer generation, all spatial datasets 
were preprocessed within the ArcGIS 10.8 environment 
to ensure spatial consistency. All raster and vector 

datasets were projected to the World Geodetic System 
1984 (WGS 84), Universal Transverse Mercator (UTM) 
Zone 46N coordinate reference system, clipped to the 
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study area boundary, and converted to a uniform raster 
format with a spatial resolution of 30 × 30 m. 
Topographic parameters, including elevation, slope, 
aspect, curvature, and drainage density, were derived 
from the Digital Elevation Model (DEM) using standard 
Spatial Analyst tools. The Euclidean Distance tool was 
used to generate the distance-from-road layer, while 
NDVI was calculated from Landsat imagery using the 
standard normalized difference equation.  

Continuous variables were classified using the Jenks 
Natural Breaks method to preserve inherent data 
variability, whereas categorical variables such as soil 
type and geomorphology retained their original thematic 
classes. All thematic layers were subsequently 
standardized to ensure compatibility for AHP and FR-
based landslide susceptibility modelling. 

Landslide inventory database 
A comprehensive landslide inventory database was 
prepared by integrating landslide occurrence records 
from the NASA Global Landslide Catalog with additional 
landslide locations identified through visual 
interpretation of high-resolution Google Earth imagery. 
The final inventory comprised 55 verified landslide 
locations, obtained from the NASA Global Landslide 
Catalog and supplemented by landslide locations 
interpreted from Google Earth imagery. All inventory 
points were carefully examined to eliminate duplicate 
records and ensure positional consistency before being 
incorporated into the GIS database. The landslide 
inventory served as the basis for susceptibility 
modelling, while model performance was evaluated 
using Receiver Operating Characteristic (ROC) analysis. 
The spatial distribution of the inventoried landslides 
covers the major hilly areas of the Cox's Bazar–Teknaf 
coastal corridor and provides the fundamental 
database for landslide susceptibility modelling. 

Landslide conditioning factors 
For this study, ten conditioning factors were selectively 
chosen based on a review of the literature, reliability, 
data accessibility, and their importance to the 
prevalence of landslides illustrated into (Figure 3 and 
Figure 4). Identifying and analyzing landslide 
conditioning factors is a crucial step in landslide 
susceptibility assessment, as these factors control 
slope instability and determine the spatial distribution 
of landslide occurrences.  

Conditioning factors do not directly trigger landslides 
but create favorable conditions that increase the 
likelihood of failure when triggering events. Each 
conditioning factor was compiled into a raster format 
with a spatial resolution of 30 × 30 m in order to assure 
consistency in data analysis (Fuad et al., 2024).  

To categorize the data, we employed the Jenks 
natural breaks method in the ArcGIS software. This 
approach facilitates the objective identification of 
important trends and clusters. 

The ten conditioning factors were selected based on 
their widespread application in previous landslide 
susceptibility studies, their physical relevance to slope 
instability, and the availability of reliable spatial 
datasets for the study area. These factors collectively 
represent the major topographic, hydrological, 
environmental, and anthropogenic controls influencing 
landslide occurrence in the Cox's Bazar-Teknaf coastal 
hills. Although additional factors such as lithology, land 
use/land cover (LULC), Topographic Wetness Index 
(TWI), Stream Power Index (SPI), and lineament density 
have been employed in other studies, they were not 
included in the present analysis because of limitations 
in obtaining consistent, high-resolution datasets and to 
minimize redundancy among highly correlated 
variables. The selected conditioning factors provide a 
comprehensive representation of the dominant 
processes governing landslide susceptibility within the 
study area while maintaining model reliability and 
reducing uncertainty. 

Elevation 
Elevation plays an important role in landslide 
susceptibility by controlling potential energy, 
micro‑climate, weathering, and vegetation; many 
studies find landslides concentrated in specific 
elevation bands (Chang et al., 2019; He et al., 2012).  

In this study, elevation was classified into four 
classes ranging from 11 to 261 m. Higher elevations are 
mainly concentrated in the southern Teknaf hills, with 
elevation values ranging from 135 to 261 m. Lower 
elevations are primarily located in the valley between 
the Cox’s Bazar and Teknaf hill ranges. 

Slope 
Slope angle is consistently one of the most influential 
predictors and are top‑ranked in logistic regression, 
jackknife and global reviews (Conforti et al., 2021; 
Saleem et al., 2019). Steeper slopes generally exhibit 
higher gravitational stress and reduced shear strength, 
increasing the likelihood of mass movement.  

Landslide frequency typically increases with slope 
angle up to a threshold beyond which material 
availability may decrease. For this study, slope angle 
was classified into five classes. Extreme slope angles 
are mainly concentrated in the Teknaf hills and extend 
toward the Cox’s Bazar region, with values ranging from 
25.59° to 63.95°. Higher slope angles (15.56°–25.58°) 
are also concentrated in the Teknaf hills, surrounding 
areas of extreme slope.  

Aspect 
Aspect affects the potential of landslides by regulating 
soil moisture levels, vegetation density, 
evapotranspiration rates, and sun radiation exposure.  

Slope failure is more likely to occur on slopes that 
face particular directions because they can retain more 
moisture or weather. 
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Figure 3, Landslide Conditioning Factor (a) Elevation, (b) Slope, (c) Aspect, (d) Curvature, (e) Drainage Density, (f) 
Soil Type 
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Figure 4, Landslide Conditioning Factors, contd:  (g) Distance from Road, (h) Geomorphology, (i) Rainfall Map, (j) 

NDVI Map.

Aspect was classified into ten directional classes. 
Slopes facing southeast, south, and southwest are 
more windward and therefore receive higher monsoonal 
rainfall, leading to enhanced weathering, increased soil 
moisture, and pore-water pressure buildup, which 
increase landslide susceptibility. East and west facing 
slopes show intermediate susceptibility, whereas 
north-facing slopes are relatively leeward and generally 
exhibit lower landslide susceptibility. In parts of Cox’s 
Bazar and Teknaf, slopes exposed to the southwest 
monsoon from the Bay of Bengal are particularly 
vulnerable to landslide occurrence. 

Curvature 
Curvature reflects the geometric form of the terrain 

and affects the convergence or divergence of surface 
runoff, modulating erosion and pore‑pressure build‑up 
(Huang et al., 2022). Concave slopes tend to 
accumulate water and sediments, increasing pore-

water pressure and landslide susceptibility, whereas 
convex slopes generally promote runoff dispersion and 
exhibit comparatively lower instability. In this research, 
Curvature values span from approximately –1.99×10¹¹ 
to 2.81×10¹¹, indicating alternating concave and convex 
surfaces across the hilly terrain. 

Drainage density 
Drainage density represents the degree of surface 
dissection by stream networks and is closely related to 
erosion intensity and subsurface hydrological 
processes. Areas with high drainage density are often 
characterized by intense surface runoff, channel 
erosion   and slope undercutting which weaken Slope 
materials and enhance landslide susceptibility 
(Conforti et al., 2021). Here, Drainage density ranges 
from 573.4 to 6,265.8 m/km², with higher densities 
concentrated in the central and southern hill tracts 
where runoff channels are more frequent.  
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Soil type 
Soil type plays a critical role in landslide susceptibility 
by influencing shear strength, permeability, and water-
holding capacity (Moon et al., 2024). The study area is 
characterized by several soil types, including acid 
sulphate soil, brown hill soil, grey piedmont soil, 
noncalcareous alluvium, and noncalcareous grey 
floodplain soil. Brown hill soils and noncalcareous soils, 
which dominate the hilly and piedmont regions, are 
generally more prone to landslides due to their loose 
texture, moderate-to-high permeability, and 
susceptibility to saturation during intense rainfall. In 
contrast, floodplain and alluvial soils, predominantly 
distributed in low-lying areas, exhibit comparatively 
lower landslide susceptibility mainly due to gentler 
slopes and reduced gravitational driving forces.  

Distance from road 
Distance from road is an important anthropogenic 
factor influencing slope stability, as road construction 
often involves slope cutting, vegetation removal, and 
modification of natural drainage patterns (He et al., 
2025). Areas closer to roads exhibit higher landslide 
susceptibility due to increased slope undercutting, 
altered runoff pathways, and reduced soil cohesion. 

In the study area, distances from roads range from 0- 
0.023 km, highlighting zones in close proximity to major 
road corridors where landslide-prone areas are 
concentrated. Landslide susceptibility generally 
decreases with increasing distance from roads, 
reflecting reduced anthropogenic disturbance. 

Geomorphology 
Geomorphological units represent the surface 
appearance of geological structure and erosional-
depositional processes, which have a significant effect 
on the occurrence of landslides. The study area 
comprises hilltops, hill slopes, lower hills, valleys, and 
barren land. Hill slopes and lower hill units are 
particularly susceptible to landslides due to steep 
gradients, active erosion, and weathered materials. 
Valleys and low-relief areas generally show lower 
susceptibility because of reduced slope angles and 
sediment accumulation, while barren lands may exhibit 
localized instability depending on slope conditions and 
surface exposure. 

Rainfall 
Rainfall is an important conditioning and triggering 
factor for landslides, especially in humid tropical and 
monsoon-dominated regions. It softening soils and 
raising pore pressure (He et al., 2025). The spatial 
variation in annual rainfall across the study area reflects 
the influence of the southwest monsoon from the Bay of 
Bengal, with rainfall ranging from 2399 to 2593 mm and 
gradually increasing from the northern belt toward the 
southern hilly region. Areas receiving higher rainfall 
experience enhanced infiltration, elevated pore-water 
pressure, and reduced shear strength, which 

collectively increase landslide susceptibility. 
Consequently, the southern and coastal portions of the 
study area, which receive relatively higher rainfall, 
exhibit greater vulnerability compared to regions with 
lower precipitation. 

Normalized Difference Vegetation Index (NDVI) 
Vegetation cover, represented by the Normalized 
Difference Vegetation Index (NDVI), plays an important 
role in landslide susceptibility by influencing root 
reinforcement, surface runoff, and soil moisture 
conditions (Gao et al., 2022). Low NDVI values generally 
indicate sparse or degraded vegetation, resulting in 
reduced root cohesion, greater surface exposure, and 
increased susceptibility to erosion and slope failure. In 
contrast, higher NDVI values are commonly associated 
with denser vegetation, which can enhance slope 
stability through stronger root reinforcement and 
reduced runoff.  

In the study area, NDVI values range from −0.0573 to 
0.458, reflecting spatial variation in vegetation cover. 
Sparse vegetation occurs mainly in the southeastern 
region, whereas denser vegetation is concentrated 
toward the northern and eastern hilly areas, including 
Himchari National Park. 

Landslide susceptibility modeling 

Analytic Hierarchy Process (AHP) based model 
A structured multi-criterion decision-making (MCDM) 
method developed by Saaty (1977) called the Analytic 
Hierarchy Process (AHP) is frequently used in landslide 
susceptibility assessments to ascertain the relative 
significance of causal elements. It features a 
methodical framework for evaluating complicated 
issues involving several qualitative and quantitative 
criteria.  

All conditioning factor layers were prepared and 
standardized to a common spatial resolution and 
coordinate system. The pairwise comparison matrix for 
the Analytic Hierarchy Process (AHP) was developed 
following Saaty's (1980) fundamental 1-9 scale (Table 2) 
under the guidance of a geotechnical engineering expert 
with extensive experience in slope stability assessment 
and geotechnical investigations.  

The relative importance assigned to each 
conditioning factor was determined based on published 
literature, the geomorphological characteristics of the 
study area, and expert judgment. The preliminary 
weighting scheme was further reviewed through 
consultation with additional faculty members 
specializing in geology and geotechnical engineering to 
ensure its scientific validity and consistency. 
Subsequently, the pairwise comparison matrix and the 
corresponding weights were computed by the research 
team following the expert guidance, and the final matrix 
was verified and approved by the supervising expert. 
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Table 2, Saaty's Factor Ranking Scale 

 
For ensuring the accuracy of judgments, AHP employs a 
Consistency Ratio (CR), which rates the logical 
structure of the comparisons. A CR score of less than 
0.10 indicates acceptable consistency, whereas greater 
levels suggest that judgments need to be revised. For 
landslide susceptibility analysis, ten factors were used 
as inputs. To perform the AHP calculations, pairwise 
comparison matrices were prepared based on the 
priority scale shown in Table 3. 

The pairwise comparison matrix presented in Table 3 
was first processed by summing the values within each 
column. These column totals were then used to 
normalize the matrix (Table 4), where each element of 
the original comparison matrix was divided by the sum 

of its respective column. This normalization step 
allowed the relative contribution of each factor to be 
expressed on a comparable scale. To derive the final 
weight of each landslide-conditioning factor, the 
average value of each row in the normalized matrix was 
calculated, resulting in the weights vector shown in the 
final column of Table 4. The results indicate that 
elevation received the highest weight (29%), followed by 
slope (21%) and soil type (15%), highlighting their 
dominant influence on landslide susceptibility in the 
study area. Distance from roads accounted for 11%, 
while NDVI contributed 8%. Lower weights were 
assigned to curvature (5%), drainage density (4%), 
geomorphology (3%), aspect (2%), and rainfall (2%), 
reflecting their comparatively smaller influence in the 
model. The comparatively higher weights assigned to 
elevation and slope are supported by expert opinion, 
previous studies and the geomorphological 
characteristics of the study area. Elevation controls 
terrain relief, weathering intensity, drainage 
development, and gravitational potential, whereas 
slope directly influences shear stress and slope 
stability, making it one of the most influential factors 
governing landslide occurrence. Previous studies 
conducted in the Chattogram Hill Tracts have 
consistently identified elevation and slope as the 
dominant conditioning factors associated with rainfall-
induced landslides.

 

Table 3, The Pairwise Comparison Matrix and relative importance scores for Landslide susceptibility Mapping 

 
 

 

 

Importance 
Scores 

Definition 

1 Equal importance 

3 Moderate importance 

5 Strong importance 

7 Very strong importance 

9 Extreme importance 

2, 4, 6, 8 Intermediate values 

Reciprocals Inverse comparison 
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Elevation 1 2 3 4 5 6 7 8 9 9 

Slope 0.5 1 2 3 4 5 6 7 8 9 

Ssoil type 0.333 0.5 1 2 3 4 5 6 7 8 

Distance from 

road 

0.25 0.333 0.5 1 2 3 4 5 6 7 

NDVI 0.2 0.25 0.333 0.5 1 2 3 4 5 6 

Curvature 0.167 0.2 0.25 0.333 0.5 1 2 3 4 5 

Drainage density 0.143 0.167 0.2 0.25 0.333 0.5 1 2 3 4 

Geomorphology 0.125 0.143 0.167 0.2 0.25 0.333 0.5 1 2 3 

Aspect 0.111 0.125 0.143 0.167 0.2 0.25 0.333 0.5 1 2 

Rainfall 0.111 0.111 0.125 0.143 0.167 0.2 0.25 0.333 0.5 1 
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Table 4, The Normalization matrix and corresponding criteria weights of the landslide conditioning factors 

After deriving the weight vector, the consistency of 
the pairwise comparisons were assessed to ensure the 
reliability of the expert judgments. The analysis yielded 
a maximum eigenvalue (λmax) of 10.56, from which a 
Consistency Index (CI) of 0.063 was calculated. Using 
the corresponding Random Index (RI) value of 1.50, the 
Consistency Ratio (CR) was determined to be 0.042. As 
the CR value is well below the commonly accepted 
threshold of 0.10, it indicates a high level of consistency 
in the pairwise comparisons, confirming the reliability of 
the AHP-derived weights.  

Therefore, the pairwise comparison matrix is 
considered logically consistent and suitable for 
application in the final landslide susceptibility 
assessment. Based on the derived criteria weights, the 
final AHP-based landslide susceptibility map was 
produced.    

Frequency Ratio (FR) based model 
The frequency ratio (FR) method is based on the 
fundamental assumption that future landslides are 
more likely to occur under environmental conditions 
similar to those associated with past landslide events. 
This approach quantifies how much more or less 
frequently landslides occur within each class of a 
conditioning factor compared to what would be 
expected by random chance. In this study, a landslide 
inventory map was prepared using historical landslide 
records obtained from NASA’s global landslide 
database, complemented by visual interpretation of 
high-resolution imagery from Google Earth is shown in 
Figure 5.  

This inventory served as the dependent variable in 
the FR analysis. The independent variables comprised 
ten selected landslide-conditioning factors. Each 
conditioning factor was classified into several thematic 
classes based on its spatial characteristics.  

 

Figure 5, Landslide inventory map of the Cox’s Bazar–
Teknaf region, Bangladesh, showing mapped landslide 

locations (yellow). 

The frequency ratio value for each class was 
calculated by dividing the percentage of landslide pixels 
occurring within that class by the percentage of the total 
study area occupied by the same class. The Frequency 
Ratio (FR) values were calculated using Eq. (1), and the 
corresponding FR calculations for all conditioning factor 
classes are presented in Table 5.  

𝐹𝑅 =
(

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑎𝑛𝑑𝑠𝑙𝑖𝑑𝑒 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑎 𝑐𝑙𝑎𝑠𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑎𝑛𝑑𝑠𝑙𝑖𝑑𝑒 𝑝𝑖𝑥𝑒𝑙𝑠
)

(
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑎 𝑐𝑙𝑎𝑠𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑡𝑢𝑑𝑦 𝑎𝑟𝑒𝑎
)
    (1) 

The calculated Frequency Ratio (FR) values indicate 
the degree of association between each conditioning 
factor class and historical landslide occurrence. An FR 
value greater than 1.0 indicates that landslides occur 
more frequently than expected within a particular class 
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and therefore exhibit a positive relationship with 
landslide susceptibility, whereas FR values less than 1.0 
indicate comparatively lower susceptibility. The results 
demonstrate that higher elevation and steeper slope 
classes generally exhibit higher FR values, confirming 
their dominant influence on landslide occurrence. 
Likewise, higher FR values associated with areas of 
sparse vegetation, shorter distances from roads, and 
specific geomorphological units highlight the combined 
influence of topographic, environmental, and 
anthropogenic factors on slope instability. 

These FR values were subsequently used to assign 
class weights for the preparation of the FR-based 
landslide susceptibility map. 

After preparation of the landslide-conditioning factor 
layers, all datasets were converted to raster format and 
standardized to a common spatial resolution, 
projection, and spatial extent to ensure consistency. 
Each conditioning factor was reclassified into 
susceptibility classes using the Reclassify tool in ArcGIS 
10.8, based on its relative contribution to landslide 
occurrence as determined by the applied susceptibility 
models (Addis, 2023).  

Landslide susceptibility mapping was carried out 
using a raster-based weighted overlay approach 
implemented through the Raster Calculator tool within 
the Spatial Analyst extension of ArcGIS 10.8. In this 
process, each reclassified factor raster was multiplied 
by its corresponding weight, and the weighted raster 
were summed to generate the Landslide Susceptibility 
Index (LSI), by the following equation 2 (Pradhan, 2010). 

𝐿𝑆𝐼 = 𝛴(𝑊𝑖 × 𝑅𝑖)    (2) 

Where, 𝑊𝑖 denotes the weight assigned to the 𝑖th 
conditioning factor and 𝑅𝑖 represents its reclassified 
raster value. 

The generated Landslide Susceptibility Index (LSI) 
raster effectively captures the spatial variability of 
landslide susceptibility across the study area, 
highlighting zones with differing levels of potential 
landslide occurrence (Rasyid et al., 2016). Higher LSI 
values represent areas with greater susceptibility, 
whereas lower values indicate comparatively stable 
regions. To produce the final landslide susceptibility 
map, the continuous LSI values were classified using 
the Natural Breaks (Jenks) classification method. This 
approach groups values by minimizing within-class 
variance and maximizing between-class differences, 
allowing for an objective delineation of susceptibility 
patterns. The classified map was divided into five 
susceptibilities zones- very low, low, moderate, high, 
and very high to clearly represent the spatial distribution 
of landslide-prone areas and support effective hazard 
assessment and land-use planning. 

Model validation 
The predictive performance of the landslide 
susceptibility maps produced using the Analytic 

Hierarchy Process (AHP) and Frequency Ratio (FR) 
models was evaluated through a standard model 
validation procedure based on the Receiver Operating 
Characteristic (ROC) curve and the Area under the 
Curve (AUC) (Panchal & Shrivastava, 2021; Ali et al., 
2025). Validation was carried out using the landslide 
inventory dataset, which represents the observed 
spatial distribution of past landslide events within the 
study area (Wang et al., 2017). 

The ROC-AUC approach is a threshold-independent 
statistical method widely used to assess the reliability 
and robustness of susceptibility models. It measures 
the ability of a model to correctly distinguish between 
landslide-prone and non-landslide areas across a range 
of classification thresholds (Chen et al., 2019; Ali et al., 
2025). In this study, the ROC curves were generated 
using Python 2.7.16 with the Scikit-learn, Pandas, 
NumPy, and Matplotlib libraries by comparing the 
landslide susceptibility values at the inventoried 
landslide locations with those at the non-landslide 
locations. Model performance was evaluated using a 
validation dataset consisting of 55 landslide points and 
30 non-landslide points. The true positive rate (landslide 
locations) and false positive rate (non-landslide 
locations) were calculated across a range of threshold 
values to construct the ROC curves and determine the 
Area Under the Curve (AUC). 

The AUC value, which ranges from 0.5 to 1.0, 
provides a quantitative measure of model accuracy 
(Dahal et al., 2008a; Dahal et al., 2008b; Chen et al., 
2019; Kusuma et al., 2025). An AUC value close to 1.0 
indicates excellent predictive capability, while values 
near 0.5 suggest random prediction. Generally, AUC 
values between 0.9-1.0 represent very high accuracy, 
0.8-0.9 indicate good performance, 0.7-0.8 reflect 
moderate accuracy, and values below 0.7 imply poor 
classification. Conditioning factors with AUC values 
greater than 0.6 are considered to have a meaningful 
contribution to landslide occurrence (Kusuma et al., 
2025). 

The ROC curves and corresponding AUC values 
demonstrate that both the AHP and FR models perform 
well in capturing the spatial relationship between 
landslide occurrences and controlling factors. A higher 
AUC value indicates stronger agreement between 
predicted susceptibility classes and observed landslide 
locations, confirming the reliability of the developed 
landslide susceptibility maps for hazard assessment 
and planning purposes (Wubalem, 2020). 

Result and discussion 
The assessment of landslide susceptibility in the study 
area was conducted using two distinct modeling 
approaches, the knowledge-based Analytic Hierarchy 
Process (AHP) and the data-driven Frequency Ratio (FR) 
model illustrated in Figure 6.  
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AHP-based results show that the study area is 
predominantly classified as moderate susceptible, 
accounting for about 63.48% of the total area, followed 
by low susceptibility (35.45%) and a very limited high- 
susceptibility zone (1.06%). Spatially, high- susceptible 
areas are mainly concentrated along the southeastern 
hill slopes of Teknaf, where steep slopes and 

geomorphic instability prevail. Moderate-susceptible 
zones extend widely across Ramu, Ukhiya, and Teknaf 
Upazila, reflecting transitional terrain conditions. In 
contrast, low- susceptible areas are largely distributed 
over the coastal plains and relatively flat regions, where 
slope instability potential is minimal. 

 
Table 5, Frequency Ratio (FR) calculation for the conditioning factor classes used in landslide susceptibility 

assessment. 

 
In comparison, the FR-based model provides a more 

detailed zonation by dividing the area into five 
susceptibility classes. The results indicate dominance 
of very low susceptibility (44.75%) and low susceptibility 
(38.39%) zones, together covering more than 80% of the 
study area. Moderate- susceptibility areas (12.51%) 

appear as scattered patches, mainly within the hill 
tracts of Teknaf and parts of Ukhiya. 

Importantly, the FR model identifies high- 
susceptibility (3.91%) and very high-susceptibility 
(0.44%) zones, which form distinct and continuous 
clusters along the steep southeastern slopes of Teknaf, 



Asian Journal of Engineering Geology, 2026, Vol.3 No. 1, 37-54 

49 
 

highlighting zones of pronounced terrain instability. A 
comparison of spatial extent reveals notable 
differences between the two models. The AHP model 
allocates a larger proportion of land to the moderate- 
susceptibility category, suggesting a more generalized 
classification. In contrast, the FR model concentrates 
most of the area within very low and low- susceptibility 
classes, while simultaneously identifying a higher 
combined percentage of high and very high- 
Susceptibility zones (4.35%). This indicates that the FR 
approach is more sensitive in distinguishing unstable 
terrain and capturing localized high- susceptible areas. 

Area-based analysis further supports this 
distinction. While AHP assigns only 2.73 km² to the high- 
susceptibility category, the FR model identifies 
approximately 11.14 km² as high to very high 
susceptibility combined shown in Table 6. The 
differences in the spatial patterns of the AHP and FR 
models arise from their methodological approaches.  

The AHP model produces more generalized 
susceptibility patterns based on expert-assigned 
weights, whereas the FR model identifies more localized 
high-susceptibility zones by statistically relating 
historical landslides to conditioning factor classes. 

The ROC-AUC validation results demonstrate clear 
differences in predictive capability between the two 
models in Figure 7. The AHP model achieved an AUC 
value of 0.859, indicating strong predictive performance 
and a high level of agreement between predicted 

susceptibility and observed landslide locations. 
Conversely, the FR model yielded an AUC value of 
0.688, representing moderate predictive capability.  

The susceptibility patterns identified in the present 
study are generally consistent with previous landslide 
susceptibility investigations conducted in the 
Chattogram Hill Tracts and southeastern Bangladesh, 
where elevation, slope, rainfall, and anthropogenic 
activities have been recognized as the dominant 
controls on slope instability (Sultana et al., 2024; Islam 
et al., 2024; Nahar et al., 2025). Similar studies 
employing AHP, Frequency Ratio, and other GIS-based 
approaches have likewise reported that steep hill 
slopes, higher elevations, and road-cutting activities 
significantly increase landslide susceptibility 
(Chowdhury et al., 2023; Rabby and Li, 2020). The 
concentration of high and very high susceptibility zones 
in the Teknaf and Ukhiya hill regions observed in this 
study therefore agrees well with earlier investigations, 
confirming the strong influence of both 
geomorphological conditions and human-induced 
landscape modifications. The higher predictive 
performance of the AHP model also supports previous 
findings that expert knowledge can effectively represent 
complex terrain characteristics in data-limited 
environments, whereas the FR model provides greater 
spatial detail by directly incorporating the statistical 
relationship between historical landslide occurrences 
and conditioning factors.

 

 
Figure 6, Landslide Susceptibility mapping of the study area, (a) AHP based susceptibility mapping and (b) FR based 

susceptibility mapping. 
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The generated landslide susceptibility maps and 
identified high- and very high-susceptibility zones can 
assist government agencies and local authorities in 
prioritizing slope stabilization, regulating hill-cutting 
activities, and guiding infrastructure development in 
vulnerable areas. The maps also provide valuable 
information for emergency preparedness, land-use 
planning, and humanitarian management, particularly 
in the Ukhiya–Teknaf corridor where transportation 
infrastructure, settlements, and refugee camps are 
exposed to recurrent landslide hazards. 

 Table 6, Spatial Extent of  Susceptibility Class in AHP 
and FR Models 

 
Despite these encouraging results, the present study 

relied primarily on ROC-AUC analysis for model 
validation. Although ROC-AUC is a robust and widely 
accepted metric for evaluating landslide susceptibility 
models, incorporating additional validation measures, 
such as confusion matrix-based indices (e.g., precision, 
recall, F1-score, and overall accuracy), the Kappa 
coefficient, and Success Rate Curves, would provide a 
more comprehensive assessment of model 
performance and predictive reliability. 

Limitations and future research 
This study has several limitations that should be 
considered when interpreting the results. The landslide 
inventory was compiled from the NASA Global 
Landslide Catalog and Google Earth imagery; therefore, 
some undocumented landslide events may not have 
been captured. In addition, the input datasets differ in 
source, spatial resolution, and acquisition time, 
introducing unavoidable uncertainties. The AHP model 
relies on expert judgment, whereas the FR model 
assumes that future landslide occurrence follows 
historical spatial patterns. The pairwise comparison 
matrix satisfied the recommended consistency criterion 
(CR < 0.10); however, a formal sensitivity analysis was 
not performed. Furthermore, the susceptibility maps 
represent the relative likelihood of landslide occurrence 
rather than deterministic predictions. Despite these 

limitations, the ROC-AUC validation (Figure 7) results 
indicate that the models provide a reliable basis for 
regional landslide hazard assessment. Future research 
should incorporate sensitivity analysis, field-based 
validation, higher-resolution datasets, and additional 
statistical and machine-learning approaches, such as 
Logistic Regression (LR), Random Forest (RF), Support 
Vector Machine (SVM), and Extreme Gradient Boosting 
(XGBoost), to further improve model robustness and 
predictive performance. In addition, future studies 
should include systematic field investigations and 
independent validation datasets to verify the identified 
susceptibility zones and further improve the reliability of 
landslide susceptibility assessments. 

Conclusion and recommendations 
This study applied AHP and FR-based landslide 
susceptibility models to identify and compare spatial 
patterns of landslide susceptibility in the study area. The 
findings demonstrate the effectiveness of integrating 
expert-based and data-driven approaches to identify 
landslide-prone areas and provide a scientifically 
reliable framework for regional hazard assessment. The 
generated susceptibility maps contribute valuable 
spatial information to support evidence-based 
planning, infrastructure development, and disaster risk 
management in one of Bangladesh's most landslide-
prone regions. The complementary performance of 
these models demonstrates that their combined 
application can improve landslide susceptibility 
assessment by integrating expert knowledge with 
statistically derived spatial relationships. 

Based on the findings, the following 
recommendations are proposed to support risk 
reduction and sustainable land management. 

1. Risk-sensitive land-use planning 

High and very high landslide susceptibility zones, 
especially along the steep slopes of Teknaf, should be 
strictly regulated. New settlements, road construction, 
and slope cutting activities should be avoided or 
minimized in these areas. 

2. Rohingya refugee camp management 

Several refugee camps are located in or adjacent to 
moderate- to high-susceptibility zones. Immediate 
attention should be given to relocating shelters away 
from high-risk slopes, enforcing slope setbacks, and 
limiting hill cutting for fuelwood or shelter expansion. 
Temporary stabilization measures, such as surface 
drainage control and bioengineering techniques, should 
be implemented where relocation is not immediately 
feasible. 

3. Slope stabilization along marine drive and coastal 
cliffs 

The marine drive corridor, which runs along steep 
coastal cliffs, is highly vulnerable to slope failure due to 
combined effects of steep gradients, rainfall, and 



Asian Journal of Engineering Geology, 2026, Vol.3 No. 1, 37-54 

51 
 

coastal erosion. Regular geotechnical inspections, 
controlled drainage systems, retaining structures, and 
vegetation-based slope reinforcement are strongly 
recommended to reduce landslide risk and ensure road 
safety. 

4. Integrated use of susceptibility models 

For practical applications, it is recommended to use 
AHP for regional-scale planning and FR for site-specific 

risk identification, as their combined application 
provides a more comprehensive understanding of 
landslide susceptibility.  

Overall, the results of this study provide a valuable 
scientific basis for disaster risk reduction strategies, 
infrastructure planning, and humanitarian management 
in a highly vulnerable and socio-environmentally 
sensitive region.

 
Figure 7, ROC–AUC curves of the (a) AHP and (b) FR landslide susceptibility models.
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