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Abstract 

Landslides are recurrent geomorphic hazards in the Nepal Himalaya, where fragile geology, steep terrain, monsoonal rainfall 

and expanding road construction increase slope instability. This study assesses landslide susceptibility and relative risk in 

Tamakoshi Rural Municipality, Dolakha, Nepal, by comparing three GIS-based bivariate models: frequency ratio (FR), Shannon 

entropy (SE) and statistical information index (SII). A landslide inventory of 121 events was prepared from Google Earth 

imagery, satellite-image interpretation and field verification, and divided into 70% training and 30% validation subsets. Ten 

conditioning factors were analysed at 30 m spatial resolution: slope, aspect, curvature, elevation, topographic wetness index, 

lithology, soil type, land use/land cover, distance from roads and distance from rivers. Model discrimination was evaluated using 

receiver operating characteristic-area under the curve analysis. Landslides were concentrated on steep, mid-elevation slopes, 

particularly within 250 m of rivers and 100 m of roads, indicating the influence of fluvial undercutting, road excavation and 

drainage disturbance. SII produced the highest success and prediction AUC values (0.654 and 0.628), followed by FR (0.645 

and 0.623) and SE (0.634 and 0.613), although all three models showed only modest discrimination. An AHP-based exposure–

vulnerability index was prepared from settlement, population, road, school, hospital and temple indicators. The resulting relative 

risk zonation identified approximately 15% of the municipality as high or very high risk, mainly in wards 1, 3 and 5. The findings 

provide a spatial basis for field prioritization, risk-sensitive land-use planning and local disaster risk reduction. 
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1. Introduction 

Landslides are among the most frequent and destructive ge-

omorphic hazards in mountainous regions. They threaten set-

tlements, roads, agricultural land, forests, drainage systems 

and public infrastructure through the downslope movement of 

rock, debris and soil. In the Himalayan region, landslide oc-

currence is controlled by the interaction of active tectonics, 

steep relief, fractured lithology, intense monsoonal rainfall, 

deeply incised river systems and increasing human disturb-

ance [1-4]. Nepal is particularly exposed to landslide hazards 
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because most of the country consists of hill and mountain ter-

rain where elevation changes rapidly over short horizontal dis-

tances. The young and tectonically active Himalayan geology, 

combined with weak rock mass, complex geomorphology and 

seasonal rainfall, creates naturally unstable slope conditions 

[3, 4]. 

Anthropogenic activities further intensify slope instability 

in Nepal. Road excavation, unplanned slope cutting, vegeta-

tion removal, agricultural terracing, land-use modification and 

inadequate drainage management frequently disturb natural 

slope equilibrium [5, 6]. Rural road construction is especially 

important because road cuts often over-steepen slopes, expose 

weak materials, redirect surface runoff and reduce toe support. 

Such conditions increase the probability of shallow landslides 

and road-side failures during intense rainfall events [5, 6]. 

Landslide susceptibility expresses the relative spatial likeli-

hood of landslide occurrence under specific terrain and envi-

ronmental conditions. It differs from landslide hazard, which 

also requires information on temporal probability, frequency 

or magnitude, and from risk, which additionally considers ex-

posed elements and vulnerability [7-9]. Although susceptibil-

ity maps do not estimate exact timing or expected loss, they 

are valuable planning tools because they identify areas where 

future slope failures are more likely than elsewhere. In data-

limited mountain regions, Geographic Information Systems 

(GIS), remote sensing and statistical modelling provide an ef-

fective framework for preparing landslide inventories, deriv-

ing conditioning factors and producing spatial susceptibility 

assessments [9]. 

Several approaches have been developed for landslide sus-

ceptibility mapping, including heuristic, physically based, sta-

tistical, machine-learning and hybrid methods [10, 28]. How-

ever, bivariate statistical methods remain useful for munici-

pal-scale studies because they are transparent, reproducible, 

computationally efficient and easy to communicate to local 

planners and disaster-management authorities. These methods 

are particularly suitable where detailed geotechnical data, 

rainfall thresholds and long-term landslide records are limited. 

Frequency Ratio (FR), Shannon Entropy (SE) and Statistical 

Information Index (SII) are widely applied bivariate models 

for landslide susceptibility assessment. FR evaluates the rela-

tionship between landslide occurrence and each class of a con-

ditioning factor by comparing landslide density with area den-

sity [11]. SE applies information theory to estimate the rela-

tive contribution of conditioning factors and derive objective 

weights [12, 13]. SII, also known as the information value 

method, assigns positive or negative weights to factor classes 

based on the ratio between class-specific landslide density and 

overall landslide density [14, 15]. The performance of these 

models is site-dependent because it is influenced by landslide 

inventory quality, factor selection, factor classification, spatial 

resolution and local geomorphic conditions. 

Recent studies in Nepal have demonstrated the continued 

relevance of bivariate modelling for landslide susceptibility 

assessment. Comparative studies using FR, weights of evi-

dence, SE and information value models show that the best-

performing model varies according to geology, terrain, land-

slide inventory and study scale [16-19]. However, many local-

scale studies focus mainly on susceptibility mapping and do 

not sufficiently integrate the spatial distribution of settlements, 

roads and public services into risk-oriented outputs. In addi-

tion, comparative evaluation of FR, SE and SII remains lim-

ited in the Lesser Himalayan setting of central-eastern Nepal. 

Tamakoshi Rural Municipality of Dolakha District contains 

steep and dissected slopes, fractured rocks, deeply incised 

river valleys, expanding rural roads, agricultural terraces and 

settlements located close to unstable terrain. Landslides com-

monly affect road-cut sections, river valleys, cultivated land, 

forested hillslopes and geologically weak zones. Therefore, 

the municipality provides an appropriate setting for testing in-

terpretable susceptibility models and linking the best-per-

forming output with exposure-vulnerability indicators. 

The aim of this study is to compare FR, SE and SII models 

for landslide susceptibility assessment and to prepare a rela-

tive landslide risk zonation map for Tamakoshi Rural Munic-

ipality. The specific objectives are: (i) to prepare a landslide 

inventory using Google Earth imagery, satellite-image inter-

pretation and field verification; (ii) to analyze the relationship 

between landslide occurrence and selected conditioning fac-

tors; (iii) to compare FR, SE and SII models using success-

rate and prediction-rate ROC-AUC values; and (iv) to inte-

grate the best-performing susceptibility output with an AHP-

based exposure-vulnerability index. The study is intended to 

support field prioritization, risk-sensitive land-use planning, 

infrastructure management and local disaster risk reduction. 

2. Materials and Methods 

2.1. Study Area 

Tamakoshi Rural Municipality is located in Dolakha dis-

trict of Bagmati Province, central-eastern Nepal, between 

27°28′27″–27°36′47″ N and 86°04′22″–86°11′11″ E. The mu-

nicipality lies within the Lesser Himalayan geological se-

quence and is located approximately 170 km northeast of 

Kathmandu. It is accessible through the Lamosangu–Rame-

chhap Highway and connected internally by rural roads. Ele-

vation ranges from approximately 580 to 2240 m above sea 

level. The terrain is characterized by steep slopes, ridges, 

spurs, saddles, deeply incised valleys, alluvial terraces and 

colluvial deposits. The Tamakoshi River is the major drainage 

system, supported by several seasonal tributaries forming a 

dendritic drainage pattern. River undercutting, slope excava-

tion and poor drainage management are major contributors to 

slope instability in the area. 

The municipality is dominated by agricultural land and for-

est. Cultivated areas are mainly located in the central and 

southeastern parts, while forested areas are common in the 
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northern and southwestern parts. Landslides occur in agricul-

tural land, forests, grasslands, road-cut sections and river val-

leys, indicating the combined effect of natural and anthropo-

genic factors. The study area experiences tropical to temperate 

climatic conditions depending on elevation. Rainfall is mainly 

concentrated during the monsoon season, and annual rainfall 

ranges from about 1600 mm to 2000 mm. The location of the 

study area is shown in Figure 1. 

 
Figure 1. Location map of Tamakoshi Rural Municipality. 

2.2. Research Design and Methodological 

Workflow 

The study followed a GIS-based comparative framework 

for landslide susceptibility and relative risk assessment. The 

workflow included landslide inventory preparation, spatial 

data collection, conditioning-factor preparation, susceptibility 

modelling, validation, exposure-vulnerability assessment and 

relative risk zonation. 

First, landslide polygons were identified using Google 

Earth imagery, satellite image interpretation and field verifi-

cation. The inventory was divided into training and validation 

datasets. Ten conditioning factors were prepared and con-

verted into a common raster format. Class-wise landslide and 

non-landslide pixel statistics were calculated by overlaying 

the training inventory with each conditioning-factor layer. 

These statistics were used to derive Frequency Ratio (FR), 

Shannon Entropy (SE) and Statistical Information Index (SII) 

weights. The resulting susceptibility maps were validated us-

ing Receiver Operating Characteristic-Area Under the Curve 

(ROC-AUC) analysis. Finally, the best-performing suscepti-

bility output was combined with an AHP-based exposure-vul-

nerability index to generate the relative landslide risk zonation 

map. The methodological workflow is presented in Figure 2. 
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Figure 2. Methodological workflow for inventory preparation, susceptibility modelling, validation, exposure-vulnerability assessment and 

relative risk zonation. 

2.3. Data Sources and Spatial Preprocessing 

Both primary and secondary datasets were used in this 

study. Primary data included field observations, GPS-based 

checking of selected landslide locations and documentation of 

landslide characteristics. Secondary data included Digital El-

evation Model (DEM), land use/land cover, geological data, 

soil type, road network, river network, settlement and popula-

tion-related datasets. All spatial layers were projected to WGS 

1984 UTM Zone 45N. Vector data were converted to raster 

format and all raster layers were aligned to a common 30 m × 

30 m grid, spatial extent and cell origin. Resampling and 

alignment were completed before overlay analysis to ensure 

cell-by-cell compatibility. 
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Table 1. Data sources used in this assessment. 

Data layer Source Scale or resolution 

Landslide inventory Google Earth imagery, satellite image interpretation and field survey Polygon inventory 

DEM USGS Earth Explorer 30 m 

Land use and land cover ICIMOD portal 30 m 

Geological data Department of Mines and Geology, Nepal 1:50,000 

Landsat-8 imagery USGS Earth Explorer 30 m 

Road network Google Earth imagery and GIS digitization Vector data 

River network Humanitarian Data Exchange and hydrological sources Vector data 

Soil type FAO land resources database Thematic data 

Settlement data Google Earth imagery and field verification Vector data 

Population distribution Available population dataset Raster or administrative data 

 

2.4. Landslide Inventory Preparation 

A landslide inventory is the fundamental input for data-

driven landslide susceptibility modelling because it records 

the spatial distribution of previous slope failures [9, 15]. In 

this study, landslides were identified using Google Earth im-

agery, satellite image interpretation and field verification. Di-

agnostic features such as fresh scars, exposed soil or rock, dis-

rupted drainage, displaced road sections, accumulation zones 

and surface-texture changes were used for landslide identifi-

cation. 

A total of 121 landslide locations were mapped. These in-

cluded rockfalls, debris slides, shallow translational slides, creep 

movements and active or reactivated slope failures. Field verifi-

cation confirmed several instability indicators, including crown 

cracks, tension cracks, seepage, slope bulging, road deformation 

and damage to agricultural land and retaining structures. The 

landslide inventory was divided into training and validation da-

tasets. The training dataset consisted of 85 landslide locations, 

representing 70% of the total inventory, and contained 938 land-

slide raster cells. The remaining 36 landslide locations, represent-

ing 30% of the inventory, were used for independent validation. 

The landslide inventory map is shown in Figure 3. 

 
Figure 3. Landslide inventory of Tamakoshi Rural Municipality prepared from image interpretation and field verification. 
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2.5. Landslide-Conditioning Factors 

Ten landslide-conditioning factors were selected based on 

the geomorphic setting, field evidence, data availability and 

previous landslide susceptibility studies [14, 15]. These fac-

tors include slope, aspect, curvature, elevation, Topographic 

Wetness Index (TWI), geology/lithology, soil type, land 

use/land cover, distance from roads and distance from rivers. 

Table 2. Landslide conditioning factors used in the study. 

Factor group Conditioning factor Data basis Relevance to landslide occurrence 

Topographical Slope DEM Controls shear stress, runoff and slope stability 

Topographical Aspect DEM Influences moisture, solar radiation and rainfall exposure 

Topographical Curvature DEM Controls runoff convergence and slope morphology 

Topographical Elevation DEM Represents relief, terrain and climatic variation 

Hydrological TWI DEM-derived index Represents potential soil moisture accumulation 

Geological Geology/lithology Geological map Represents rock type, strength and weathering 

Environmental Soil type Soil database Represents soil material and infiltration condition 

Environmental Land use and land cover ICIMOD land cover data Represents vegetation, cultivation and disturbance 

Anthropogenic Distance from road Road network Represents slope cutting and drainage disturbance 

Geomorphic Distance from river River network Represents toe erosion and river undercutting 

The factor maps used in the susceptibility modelling are shown in Figures 4–13. 

 
Figure 4. Geological map of the study area. 
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Figure 5. Soil type map of the study area. 

 
Figure 6. Slope map of the study area. 
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Figure 7. Elevation map of the study area. 

 
Figure 8. Aspect map of the study area. 
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Figure 9. Curvature map of the study area. 

 
Figure 10. Topographic Wetness Index map of the study area. 
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Figure 11. Land use and land cover map of the study area. 

 
Figure 12. Distance from road map of the study area. 
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Figure 13. Distance from river map of the study area. 

2.6. Preparation and Classification of 

Conditioning Factors 

All conditioning factors were prepared in a raster-based 

GIS environment using the same projection, spatial extent, 

cell size and raster alignment. Slope, aspect, curvature, eleva-

tion and TWI were derived from the DEM. Distance rasters 

were generated from the road and river networks using Eu-

clidean distance analysis. Geology, soil type and land use/land 

cover were converted into categorical raster layers. Continu-

ous variables were divided into classes based on terrain char-

acteristics and the original classification used in the analysis. 

Categorical variables retained their thematic classes. Each 

classified factor layer was overlaid with the training landslide 

inventory to calculate total class pixels and landslide pixels. 

These values were used to compute model-specific weights. 

The TWI was calculated as: 

TWI = ln(As/tan β)                 (1) 

where Aₛ is the specific upslope contributing area per unit con-

tour length, ln is natural logarithm and β is the local slope an-

gle expressed in radians. Higher TWI values represent greater 

potential for moisture accumulation, whereas lower values 

generally represent steeper or better-drained terrain [20]. For 

the mathematical notation used below, i denotes a class within 

a conditioning factor, j denotes a conditioning factor, mj is the 

number of classes within factor j, and n is the total number of 

conditioning factors. In this study, n = 10. 

2.7. Frequency Ratio Model 

The frequency ratio (FR) model is a bivariate statistical 

method that measures the spatial association between histori-

cal landslides and individual classes of conditioning factors. It 

assumes that future landslides are more likely to occur under 

terrain and environmental conditions similar to those associ-

ated with previous landslides [11, 15]. 

The FR value for class i of factor j was calculated as: 

FRij = (Lij / L) / (Aij / A)                 (2) 

where FRij is the frequency ratio of class i of factor j, Lij is the 

number of training-landslide cells within that class, L is the 

total number of training-landslide cells, Aij is the total number 

of study-area cells within that class, and A is the total number 

of valid raster cells in the study area. FRij > 1 indicates a pos-

itive association, FRij = 1 indicates an average association, and 

FRij < 1 indicates a comparatively weak association. Each 

conditioning-factor raster was reclassified using its calculated 

class-specific FR values. The FR-based landslide susceptibil-

ity index was then calculated using pixel-wise summation: 
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LSI_FR = Σj=1ⁿ FRij                   (3) 

where LSI_FR is the frequency ratio-based landslide suscep-

tibility index and FRij is the weight of the class occupied by 

the corresponding raster cell in factor j. Higher LSI_FR values 

indicate greater relative landslide susceptibility. 

2.8. Shannon Entropy Model 

The Shannon entropy (SE) model applies information the-

ory to measure the degree of disorder, uncertainty and infor-

mation content associated with the classes of each condition-

ing factor [12, 13, 21]. Factors showing greater contrast 

among class-level associations with landslides provide more 

information and consequently receive greater weights. 

First, the FR values of the classes within each factor were 

normalized as: 

Pij = FRij / Σi=1
mʲ FRij                  (4) 

where Pij is the normalized probability of class i within factor 

j and mj is the number of classes in factor j. For every factor, 

Σi=1
mʲ Pij = 1. 

The entropy value of factor j was calculated as: 

Ej = −kj Σi=1
mʲ [Pij ln(Pij)]                   (5) 

where Ej is the entropy of factor j and kj is a scaling constant 

defined as: 

kj = 1 / ln(mj)                   (6) 

The scaling constant constrains Ej to the interval from 0 to 

1. Where Pij = 0, the term Pij ln(Pij) was treated as 0 according 

to its limiting value. 

The information coefficient or degree of divergence was 

calculated as: 

Ij = 1 − Ej                     (7) 

A factor with a larger Ij value shows greater differentiation 

among its classes and therefore provides more information re-

garding landslide occurrence. The normalized weight of factor 

j was calculated as: 

Wj = Ij / Σj=1ⁿ Ij                   (8) 

where Wj is the normalized Shannon entropy weight and Σj=1ⁿ 

Wj = 1. The final SE-based landslide susceptibility index was 

calculated as: 

LSI_SE = Σj=1ⁿ (Wj × FRij)             (9) 

where LSI_SE is the Shannon entropy-based susceptibility in-

dex. Higher LSI_SE values indicate greater relative suscepti-

bility. 

2.9. Statistical Information Index Model 

The statistical information index (SII), also known as the 

information-value method, estimates the contribution of each 

factor class by comparing its landslide density with the overall 

landslide density of the study area [14, 15, 22]. 

The SII weight for class i of factor j was calculated as: 

Wij = ln[(Lij / Aij) / (L / A)]              (10) 

where Wij is the information weight of class i of factor j, Lij/Aij 

is the landslide density within that class, and L/A is the overall 

landslide density of the study area. Positive values indicate 

above-average landslide density, negative values indicate be-

low-average density, and values close to 0 indicate density ap-

proximately equal to the map average. The SII-based landslide 

susceptibility index was calculated through pixel-wise sum-

mation of the relevant class weights: 

LSI_SII = Σj=1ⁿ Wij                (11) 

where LSI_SII is the statistical information index-based sus-

ceptibility index. Higher values indicate stronger combined 

association with landslide occurrence. When a class contained 

no training-landslide cell, Lij = 0 and the logarithmic expres-

sion was undefined. Following the procedure adopted in the 

original analysis, such a class was assigned the minimum fi-

nite SII weight calculated among the remaining classes of the 

same conditioning factor. This rule was applied consistently 

to all zero-landslide classes before raster summation [22]. 

2.10. Classification of Susceptibility Maps 

The continuous susceptibility indices generated by FR, SE 

and SII were independently reclassified into five relative sus-

ceptibility classes: very low, low, moderate, high and very 

high. The Natural Breaks (Jenks) method was used for classi-

fication [23]. It identifies break points that minimize within-

class variation and maximize between-class variation. Be-

cause FR, SE and SII produced different index ranges and dis-

tributions, Jenks break values were calculated separately for 

each model. Therefore, identically named classes across the 

three models represent relative positions within each model 

rather than identical numerical thresholds. The resulting maps 

are presented in Figures 14-16. 

2.11. Model Validation Using ROC-AUC 

The discriminatory performance of the susceptibility mod-

els was evaluated using receiver operating characteristic 

curves and the area under the ROC curve. The training subset 

was used to calculate success-rate AUC, whereas the inde-

pendent validation subset was used to calculate prediction-rate 

AUC [24, 25]. For threshold-based ROC analysis, landslide 

cells were treated as positive observations and non-landslide 
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cells used in the ROC procedure were treated as negative ob-

servations. At each susceptibility-index threshold, the true-

positive rate or sensitivity was calculated as: 

TPR = Sensitivity = TP / (TP + FN)          (12) 

where TP is the number of landslide cells correctly classified 

above the threshold and FN is the number of landslide cells 

incorrectly classified below the threshold. The true-negative 

rate or specificity was calculated as: 

TNR = Specificity = TN / (TN + FP)         (13) 

where TN is the number of non-landslide cells correctly clas-

sified below the threshold and FP is the number of non-land-

slide cells incorrectly classified above the threshold. The 

false-positive rate was calculated as: 

FPR = FP / (FP + TN) = 1 − Specificity        (14) 

The ROC curve was constructed by plotting TPR against 

FPR over the range of susceptibility thresholds. Conceptually, 

the AUC is expressed as: 

AUC = ∫₀¹ TPR(u) du               (15) 

where u represents the false-positive rate. An AUC of 0.5 in-

dicates discrimination equivalent to random ranking, whereas 

values increasingly above 0.5 indicate progressively better 

separation. The calculated success AUC values were 0.645 for 

FR, 0.634 for SE and 0.654 for SII. The corresponding predic-

tion AUC values were 0.623, 0.613 and 0.628. These results 

indicate modest discriminatory performance, with SII margin-

ally outperforming FR and SE. The ROC curves are presented 

in Figures 17-19. 

2.12. Exposure-Vulnerability Assessment 

The available datasets represented settlements, population 

concentration, roads and public-service locations but did not 

contain detailed household-level social vulnerability, building 

fragility, income, age, disability or coping-capacity infor-

mation. The derived layer was therefore interpreted as an ex-

posure-vulnerability index rather than a complete social-vul-

nerability assessment. Six indicators were included: settle-

ment proximity, population density, hospital proximity, 

school proximity, road proximity and temple proximity. Dis-

tance-based layers were reclassified to a common ordinal 

scale in which locations closer to mapped settlements and fa-

cilities received higher exposure scores. Higher population-

density classes also received higher scores. The analytical hi-

erarchy process was used to derive relative indicator weights 

through pairwise comparison using Saaty’s 1–9 importance 

scale [26, 27]. The pairwise comparison matrix was repre-

sented as A = [akₗ], where akₗ is the relative importance of in-

dicator k compared with indicator l, akk = 1 and aₗk = 1/akₗ. The 

priority vector was derived from the principal eigenvector: 

A v = λmax v                  (16) 

where A is the pairwise comparison matrix, v is its principal 

eigenvector and λmax is the maximum eigenvalue. The nor-

malized indicator weights were calculated as: 

wk = vk / Σq=1
p vq                 (17) 

where wk is the normalized weight of indicator k, p is the num-

ber of indicators and Σk=1
p wk = 1. Matrix consistency was 

evaluated using: 

CI = (λmax − p) / (p − 1)            (18) 

CR = CI / RI                  (19) 

where CI is the consistency index and RI is the random con-

sistency index. For six indicators, RI = 1.25 [27]. The calcu-

lated CR was 0.0898, below the commonly adopted threshold 

of 0.10, indicating an adequately consistent comparison ma-

trix. 

Table 3. AHP weights for exposure-vulnerability indicators. 

Vulnerability indicator Weight (%) Interpretation 

Settlement proximity 36.03 Direct exposure of people and houses 

Population density 26.44 Concentration of exposed population 

Hospital proximity 15.58 Access to health service during disaster 

School proximity 10.73 Exposure of educational institutions 

Road proximity 6.98 Access and road-related exposure 

Temple proximity 4.24 Exposure of cultural and social sites 
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The exposure-vulnerability index was calculated using 

weighted linear combination: 

EV = Σk=1
p (wk × xk)               (20) 

where EV is the exposure-vulnerability index, wk is the nor-

malized AHP weight of indicator k, xk is the reclassified score 

of that indicator at a raster cell, and p = 6. The resulting con-

tinuous EV raster was classified into very low, low, moderate, 

high and very high classes using the Natural Breaks (Jenks) 

method. The map is presented in Figure 20. 

2.13. Relative Landslide Risk Zonation 

The SII susceptibility output was selected for final integra-

tion because it produced the highest prediction AUC, although 

its improvement over FR and SE was small. Because the sus-

ceptibility model does not include temporal probability, land-

slide magnitude or expected loss, the final output should be 

interpreted as a relative landslide risk map rather than an ab-

solute probabilistic risk map because it integrates landslide 

susceptibility with exposure-vulnerability indicators and does 

not explicitly incorporate temporal probability or expected 

loss [7, 11, 29]. The SII raster was used as a spatial hazard 

proxy and integrated with the exposure-vulnerability raster. 

Before integration, the SII susceptibility index was normal-

ized using min–max scaling: 

Sn = (S − Smin) / (Smax − Smin)           (21) 

where Sn is the normalized susceptibility value, S is the origi-

nal SII susceptibility value, and Smin and Smax are the minimum 

and maximum values of the SII raster. The exposure-vulnera-

bility index was similarly normalized as: 

EVn = (EV − EVmin) / (EVmax − EVmin)      (22) 

where EVn is the normalized exposure-vulnerability value, EV 

is the original index value, and EVmin and EVmax are its mini-

mum and maximum values. Both normalized rasters ranged 

from 0 to 1. The relative landslide risk index was calculated 

using a multiplicative model: 

Rrel = Sn × EVn                 (23) 

where Rrel is the relative landslide risk index. A high value 

indicates the spatial coincidence of high susceptibility and 

high exposure-vulnerability, whereas a low value indicates 

low susceptibility, low exposure-vulnerability or both. The 

continuous raster was classified into five classes using Natural 

Breaks (Jenks). The output represents relative spatial variation 

within the municipality and should not be interpreted as an-

nual landslide probability, expected casualties or monetary 

loss. The map is presented in Figure 21. 

Google Earth and satellite imagery were used for inventory 

interpretation. ArcGIS was used for projection, DEM pro-

cessing, rasterization, resampling, distance analysis, overlay, 

tabulate-area calculations, raster algebra and map production. 

Microsoft Excel was used for class-wise statistical calculation, 

AHP processing and tabulation. Reproducibility was sup-

ported by applying a common projection, cell size, spatial ex-

tent and alignment to all layers. The same training inventory 

and class definitions were used when calculating weights for 

the three models. Intermediate class counts, weights and 

model outputs should be retained as supplementary data or de-

posited in a repository when the manuscript is submitted. 

3. Results 

3.1. Landslide Inventory 

A total of 121 landslide locations were identified. The in-

ventory comprised rockfall, debris slide, shallow translational 

slide, creep and other active or reactivated failures. Field evi-

dence included cracks, seepage, slope bulging, displaced road 

sections and damage to agricultural land and retaining struc-

tures. The training subset contained 85 locations and 938 land-

slide cells, while the independent validation subset contained 

36 locations. Many mapped failures were associated with 

steep slopes, road cuts, fractured rock, colluvial deposits, river 

valleys and poorly managed drainage. Representative field-

verified examples included the Majhi Gau rockfall and land-

slide, Tallo Majhi Gau landslide, Narayani Ma. Bhi. instabil-

ity and Yekle Bari creep. 

3.2. Relationship Between Landslides and 

Conditioning Factors 

Slope displayed a positive association with landslide occur-

rence, and the class above 45° had a high FR value. Landslides 

were concentrated within the mid-elevation interval of approxi-

mately 1351–1680 m, where steep terrain, cultivated slopes, set-

tlements and roads commonly overlap. Aspect influenced distri-

bution, although failures occurred across several orientations. 

Concave and planar terrain contained comparatively high land-

slide concentrations, consistent with runoff and moisture conver-

gence in concave positions. River proximity showed a clear rela-

tionship: many landslides occurred within 250 m of a river, re-

flecting toe erosion and valley-side undercutting. Road proximity 

was similarly important, with many failures located within 100 m 

of roads, indicating the effects of excavation, steepened cut slopes 

and altered drainage. Grassland showed a high class-level associ-

ation in the FR analysis, while forest and cultivated land con-

tained many mapped landslides because of their broad spatial ex-

tent and overlap with steep terrain. TWI displayed a variable re-

lationship, indicating that moisture accumulation must be inter-

preted together with slope, soil and drainage conditions. 

3.3. Landslide Susceptibility Maps 

All three models produced five susceptibility classes. The 
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FR model classified the largest area as moderate susceptibility. 

The SE model produced a broader distribution of high and 

very high classes, whereas SII produced more spatially fo-

cused high-susceptibility zones. The three outputs are pre-

sented in Figures 14-16. 

 
Figure 14. Landslide susceptibility map produced using the frequency ratio model. 

 
Figure 15. Landslide susceptibility map produced using the Shannon entropy model. 
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Figure 16. Landslide susceptibility map produced using the statistical information index model. 

Table 4. Susceptibility-class area distribution. 

Susceptibility class FR area (%) SE area (%) SII area (%) 

Very low 5.71 7.49 5.02 

Low 26.40 10.74 15.37 

Moderate 40.99 27.00 50.05 

High 22.17 36.35 27.29 

Very high 4.73 18.42 2.27 

 

High and very high susceptibility together accounted for 

26.90% in FR, 54.77% in SE and 29.56% in SII. The SE model 

therefore generated the most precautionary spatial classification, 

while SII concentrated its highest classes into smaller areas. 

3.4. Model Validation 

SII produced the highest success and prediction AUC val-

ues, followed by FR and SE. The differences among predic-

tion AUC values were small: SII exceeded FR by 0.005 and 

SE by 0.015. SII therefore marginally outperformed the other 

models rather than demonstrating substantially superior pre-

dictive capability. The ROC curves are presented in Figures 

17-19. 
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Table 5. ROC-AUC validation results. 

Model Success AUC Prediction AUC Performance interpretation 

Frequency ratio 0.645 0.623 Modest discrimination 

Shannon entropy 0.634 0.613 Modest discrimination 

Statistical information index 0.654 0.628 Highest, but still modest 

 
Figure 17. ROC-AUC curve of the frequency ratio model. 

 
Figure 18. ROC-AUC curve of the Shannon entropy model. 
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Figure 19. ROC-AUC curve of the statistical information index model. 

3.5. Exposure–Vulnerability Pattern 

Settlement proximity received the highest AHP weight, fol-

lowed by population density, hospital proximity, school prox-

imity, road proximity and temple proximity. The CR of 0.0898 

indicated an internally consistent comparison matrix. High 

and very high exposure-vulnerability zones were concentrated 

around Atmara, Sungure, Dumsi Bhanjhyang, Gahateri and 

Gobintar. Kiranetar, Gairigaun, Bhatere and parts of the cen-

tral municipality were mainly within moderate or low classes. 

Northern and extreme southern areas generally had low to 

very low index values. The spatial pattern is shown in Figure 

20. 

 
Figure 20. AHP-based exposure-vulnerability index for Tamakoshi Rural Municipality. 
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3.6. Relative Risk Zonation 

The relative risk map identifies locations where high SII 

susceptibility overlaps with high exposure-vulnerability. High 

and very high classes were concentrated mainly in the south-

ern and north-western parts of wards 1, 3 and 5, including ar-

eas near Sungure, Archale, Biruwa, Atmara and Kiranetar. 

Moderate classes surrounded many of the higher-risk zones 

and represented transitional terrain. Low and very low classes 

were concentrated mainly in north-eastern, south-western and 

central parts of wards 4, 6 and 7, including Lamatar, Raamata, 

Gahateri, Himalpani, Sajhgaira and Gairigaon. The final map 

is presented in Figure 21. 

 
Figure 21. Relative landslide risk zonation derived from normalized SII susceptibility and exposure-vulnerability indices. 

Table 6. Relative risk-class distribution. 

Risk class 
Approximate area 

coverage (%) 
Main spatial occurrence 

High to very high 15 Wards 1, 3 and 5, especially near Sungure, Archale, Biruwa, Atmara and Kiranetar 

Moderate 21 Transitional areas surrounding high-risk zones 

Low to very low 63 Mainly wards 4, 6 and 7 and relatively stable central, north-eastern and south-western areas 

Note: Percentages are rounded and therefore do not sum exactly to 100. 

4. Discussion 

4.1. Controls of Landslide Occurrence 

The results show that landslide occurrence in Tamakoshi 

Rural Municipality is mainly controlled by the combined in-

fluence of of slope, elevation, aspect, curvature, lithology, 

land use, river proximity, road proximity and local hydrolog-

ical conditions. The concentration of landslides on moderate 

to steep slopes confirms the importance of terrain steepness in 

slope instability. Although the slope class above 45° showed 

a strong class-level association, most landslide pixels were 
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recorded in the 25°–35° class because this class covers a larger 

portion of the study area and commonly overlaps with roads, 

agricultural land and settlements. This indicates that slope 

does not act alone; landslide occurrence is the result of inter-

action among terrain condition, material property, drainage 

and human disturbance [5, 6, 15]. 

Elevation also influenced landslide distribution. The highest 

concentration of landslides occurred within the 1351–1680 m 

elevation range, where weathered slopes, agricultural terraces, 

road sections and settlement areas commonly overlap. Aspect 

showed higher landslide concentration on south, southwest, 

west and northwest-facing slopes. This pattern may be related 

to rainfall exposure, solar radiation, moisture variation and 

weathering intensity. Similarly, curvature influenced landslide 

occurrence because concave and planar slopes can support run-

off concentration, water retention and translational movement. 

River proximity showed a clear relationship with landslide 

occurrence. Many landslides were concentrated within 250 m 

of rivers and streams, indicating the role of toe erosion, bank 

cutting and slope undercutting. Road proximity was also im-

portant, with many landslides located within 100 m of road 

corridors. Road construction in hilly terrain often disturbs nat-

ural slope geometry, removes toe support and changes drain-

age pathways, thereby increasing the likelihood of slope fail-

ure during rainfall events [5, 6]. 

The land use and land cover result should be interpreted to-

gether with slope and geology. Forest and cultivated land con-

tained many landslides because they cover large parts of the 

municipality and often occur on steep terrain. Although vege-

tation generally helps stabilize shallow soil, forest cover may 

not prevent failures where slopes are controlled by fractured 

rock, deep weathering, river erosion or poor drainage. Culti-

vated terraces may also become unstable where drainage is not 

properly managed. 

4.2. Comparison of FR, SE and SII Models 

The three susceptibility models produced different spatial 

patterns because they use different weighting procedures. The 

Frequency Ratio (FR) model is simple and directly represents 

the relationship between landslide occurrence and each condi-

tioning-factor class. Because of its transparency and ease of 

interpretation, the FR model has been widely applied and 

compared with other statistical and machine-learning ap-

proaches in landslide susceptibility studies [5, 18, 30]. The 

Shannon Entropy (SE) model produced the largest high and 

very high susceptibility area, indicating a more precautionary 

classification. The Statistical Information Index (SII) model 

produced the highest AUC values and a more focused distri-

bution of high-susceptibility zones. SII assigns both positive 

and negative information values, which helps distinguish clas-

ses with above-average and below-average landslide density 

[14, 15, 22]. The validation results showed that SII performed 

slightly better than FR and SE. The success and prediction 

AUC values were 0.654 and 0.628 for SII, 0.645 and 0.623 for 

FR, and 0.634 and 0.613 for SE, respectively. However, the 

differences among the three models were small. Therefore, SII 

can be considered the most suitable model for this study area, 

but not overwhelmingly superior. The modest AUC values in-

dicate that landslide occurrence in the study area is controlled 

by complex local conditions that are not fully captured by bi-

variate statistical models. 

The results are consistent with previous landslide suscepti-

bility studies in Nepal and similar Himalayan terrain, which 

show that bivariate statistical models can provide useful sus-

ceptibility maps in data-limited areas [15-19]. However, the 

relative performance of each model varies from place to place 

depending on landslide inventory quality, conditioning-factor 

selection, factor classification, spatial resolution and geo-

morphic setting. This confirms the need for site-specific 

model comparison before selecting a final susceptibility map. 

4.3. Relative Risk Zonation and Planning 

Implications 

The relative risk zonation prepared in this study provides 

useful information for local planning and disaster risk reduc-

tion. High and very high-risk zones cover about 15% of the 

municipality and are mainly concentrated in wards 1, 3 and 5, 

particularly around Sungure, Archale, Biruwa, Atmara and 

Kiranetar. These areas should be prioritized for detailed field 

investigation, slope monitoring, road drainage improvement 

and landslide mitigation planning. Moderate-risk zones 

should also be considered carefully during infrastructure de-

velopment because future road expansion or drainage altera-

tion may increase instability. Low and very low risk zones are 

relatively more stable within the municipal context, especially 

in parts of wards 4, 6 and 7. However, these areas should not 

be considered completely free from landslide hazard. The gen-

erated map should be used as a regional planning and prioriti-

zation tool rather than a replacement for detailed geotechnical 

investigation before construction. 

4.4. Limitations 

The study has some limitations. The landslide inventory 

may not include all old, small or vegetation-covered land-

slides. The use of 30 m resolution datasets may limit the de-

tection of small slope failures and narrow road-cut landslides. 

Rainfall intensity, antecedent moisture, soil depth and detailed 

geotechnical parameters were not included due to data limita-

tions. Similarly, the vulnerability assessment was based on 

available exposure indicators and did not include detailed 

household-level socio-economic vulnerability. Therefore, the 

final output should be interpreted as a relative landslide risk 

zonation map rather than an absolute probabilistic risk map. 

Despite these limitations, the study provides a transparent and 

reproducible GIS-based approach for comparing FR, SE and 

SII models and integrating susceptibility with exposure-vul-

nerability information. The results can support municipal-
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level land-use planning, road management, field prioritization 

and disaster risk reduction in Tamakoshi Rural Municipality. 

5. Conclusion 

This study compared Frequency Ratio (FR), Shannon En-

tropy (SE) and Statistical Information Index (SII) models for 

landslide susceptibility assessment and relative risk zonation 

in Tamakoshi Rural Municipality, Dolakha, Nepal. A total of 

121 landslide locations were mapped using Google Earth im-

agery, satellite-image interpretation and field verification. Ten 

conditioning factors were used in the analysis: slope, aspect, 

curvature, elevation, Topographic Wetness Index (TWI), li-

thology, soil type, land use/land cover, distance from roads 

and distance from rivers. The results showed that landslides 

are mainly associated with steep to moderately steep slopes, 

mid-elevation terrain, proximity to rivers and proximity to 

roads. River undercutting, road excavation, poor drainage, 

fractured lithology and human disturbance were identified as 

important contributors to slope instability. Among the three 

models, SII produced the highest success and prediction AUC 

values of 0.654 and 0.628, followed by FR with 0.645 and 

0.623 and SE with 0.634 and 0.613. Although SII performed 

slightly better, all three models showed modest predictive per-

formance, indicating the complex nature of landslide occur-

rence in the study area. 

The exposure-vulnerability assessment showed that settle-

ment proximity and population density were the most influen-

tial indicators. By integrating the SII-based susceptibility out-

put with the exposure-vulnerability index, the relative risk 

map identified about 15% of the municipality as high to very 

high risk, mainly in wards 1, 3 and 5. Moderate risk zones 

covered about 21%, while low to very low risk zones covered 

about 63% of the municipality. The study provides a practical 

and reproducible GIS-based approach for landslide suscepti-

bility and relative risk assessment in data-limited mountainous 

regions. The resulting maps can support field prioritization, 

road and drainage management, land-use planning and local 

disaster risk reduction. However, the maps should be used as 

regional planning tools and supplemented by detailed site-spe-

cific geological and geotechnical investigation before major 

infrastructure development or relocation decisions. 
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