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Abstract 

Precise assessment of landslide potential in tectonically active mountain areas like Darjeeling Sikkim 
Himalaya (DSH) is a scientific challenge due to the complexity of different landslide conditioning 
factors that control the slope stability. Despite several studies for landslide susceptibility mapping, 
most of the conventional methods struggle to capture the nonlinear relationships and spatial 
heterogeneity that characterize landslides. Besides, the current use of pixel-based methods is 
insufficient to depict geomorphological units and slope-scale processes, thus limiting their 
effectiveness in boundary demarcation of landslide-prone areas. These limitations highlight the need 
for more robust machine learning frameworks that integrate geomorphology-based terrain 
segmentation with advanced machine learning models, which would not only facilitate modeling the 
multifaceted interactions among environmental components but also improve the understanding of 
the landslide driving forces. In this study, we have used slope unit based landslide susceptibility 
mapping with 4380 slope units integrated with 17 conditioning factors, and 8373 total updated 
inventories using six models Random Forest (RF), Generalized Additive Model (GAM), Categorical 
Boosting (CatBoost), Tabular Neural Network (TabNet), Bayesian Additive Regression Trees (BART), 
and Convolutional Neural Network (CNN). The model hyperparameters were optimized using 
Bayesian optimization, except for the BART model. Among the six models, RF (AUC = 0.848) and 
CatBoost (AUC = 0.846) were the best two performing models. Furthermore, SHAP analysis reveals 
that elevation, aspect, slope, distance to faults, NDVI, and proximity to roads and drainage networks 
are the main landslide controlling factors in DSH. The interaction analysis using SHAP indicates that 
the occurrence of landslides is controlled by nonlinear and threshold-dependent relations, especially 
among slope-rainfall, rainfall-soil moisture, and slope-distance to roads and faults, which represents 
a complex interaction between the hydrological triggering factor, geomorphic processes, tectonic 
activity, and human interventions. 
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1. Introduction 

Landslides are natural phenomena in which soil, rock, or debris slides downslope under the 
action of gravity, resulting in significant human casualties, infrastructural damage, and ecological 
degradation (Alexander et al., 2005). Their initiation can be natural, such as rainfall, seismic activity, 
other geologic processes, and anthropogenic, such as the destabilisation of a slope by construction, 
mining and unplanned urbanisation, or sometimes combination of all these processes (Hungr et al., 
2005). Landslides are characterized into different types such as rockfalls, debris flows, translational 
slides, rotational slides, and earth flows based on the type of material and movement (Varnes et al., 
1978; Cruden et al., 1996). 

Landslides have been considered one of the most dangerous natural processes in the world 
because of their high mortality rate as well as significant losses in terms of economic values. As per 
the International Disaster Database (EM-DAT) and the United Nations Office for Disaster Risk 
Reduction (UNISDR), landslides accounted for approximately 4.9% of global natural disasters, 
including 346 disaster events causing 66.5 billion USD global economic loss, affecting 98.6 million 
people, resulting in 22770 fatalities in a single 2015 year (Froude et al., 2018). From 1998 to 2017, 
landslides affected approximately 4.8 million people worldwide, resulting in 18,410 fatalities and 
approximately USD 8 billion in economic losses (Guha-Sapir et al., 2017). 

The Himalayan belt of India, such as Jammu and Kashmir, Himachal Pradesh, Kumaon, 
Darjeeling, Sikkim, and areas of the northeast, is one of the most susceptible to landslides because the 
young fragile geology, the gradient is steep, the seismic activity is active, and the intensity of rainfall 
is high (Bhandari et al., 2006; Sidle et al., 2006). The Darjeeling Sikkim Himalaya (DSH), northeast 
India, is prone to landslides due to highly fractured lithology, presence of thrust belts, rapidly 
changing land use due to increasing tourism and population resulting in infrastructure development, 
and further promoting slope instability, with most of the landslides occurring in the monsoon season. 
Due to these reasons, it is necessary for landslide assessment, particularly in tectonically active 
mountain regions like the Darjeeling Sikkim Himalaya (DSH). 

Landslide susceptibility mapping (LSM) is the most important step in landslide assessment 
because it assists in identifying the spatial likelihood of landslides by using different conditioning 
factors such as geological, geomorphological, topographic, hydrological, climatic, and 
anthropogenic. (Guzzetti et al., 2005; Reichenbach et al., 2018). Landslide susceptibility mapping 
(LSM) is an important tool for land-use planning, infrastructure construction, environmental 
management, slope stabilization, and reducing disaster risks in mountainous areas, like the 
Himalayas (Borrelli et al., 2018; Nsengiyumva et al., 2018). 

Several mapping units are used for landslide assessment, including grid cells (pixels), terrain 
units, slope units, topographic units, and administrative units (Kalia, 2018; Sassa et al., 2005; Vranes 
et al., 1984; Reichenbach et al., 2018). However, most of the studies in the LSM are based on grid cells 
and slope units (Liu et al., 2023; Reichenbach et al., 2018). Of the two techniques, grid-based 
techniques are mostly used, which are characterized by the spatial resolution of the Digital Elevation 
Model (DEM), and are commonly applied in landslide susceptibility mapping because of their 
simplicity and ease of implementation. However, in many cases, pixel-based methods are not 
sufficiently able to resolve geomorphological boundaries and slope-scale processes, giving 
fragmented susceptibility maps that have limited physical interpretability, especially with large and 
complex landslides (Martinello et al., 2021). Whereas Slope units are more suitable for hydrological 
and geomorphological studies as they reflect the natural divisions in the topography, characterized 
by ridges and valleys. These units effectively capture slope-scale processes, including landslide 
initiation, runout, and material accumulation, along with the underlying geological environment 
(Alvioli et al., 2016; Martinello et al., 2021). 

Recent studies on LSM have demonstrated numerous methodologies and paradigms based on 
deterministic, heuristic, and data-driven approaches (van Westen et al., 2006; Fell et al., 2008). The 
deterministic approaches are based on physical, hydrological, and geotechnical parameters to 
estimate the slope failure process. Although these models are meaningful, they are only applicable at 
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a regional to national scale and sometimes confined to site-specific rather than large-scale 
susceptibility zonation due to the limited availability of continuous geotechnical data, which also 
demands high computational resources, and are strongly sensitive to uncertainty and boundary 
conditions (Lu et al., 2013). Heuristic approaches are mainly based on expert knowledge, 
geomorphological interpretation, and field-based experience, and assign weights to landslide 
conditioning factors based on causal relationships. Such techniques are especially beneficial in a 
situation where the data are scarce, the inventory quantities are limited, and for reconnaissance-level 
landslide assessment. However, the main weakness of these methods is that they rely on the 
judgment of experts and, therefore, may not allow spatial transferability when used in different 
physiographic and tectonic contexts (van Westen et al., 2006). Whereas, data-supported methods 
utilize statistical and machine-learning algorithms to define the landslide predisposition models and 
determine potential hazard zones by incorporation of numerous conditioning variables with 
landslide inventories (Pourghasemi et al., 2012; Kanungo et al., 2006; Singh et al., 2024; Ji et al., 2026). 

Traditional statistical models of LSM are the Analytical Hierarchy Process, frequency ratio, the 
weight of evidence, logistic regression, and other approaches (Pradhan, 2010a; Bui et al., 2011; 
Althuwaynee et al., 2014; Chen et al., 2019; Nohani et al., 2019, Nath et al., 2021, Gupta et al., 2022, 
Sonker et al., 2022). Nevertheless, these techniques are limited to complex, nonlinear, threshold based 
and scale sensitive landslides in active mountains. 

Over the past years, landslide susceptibility mapping (LSM) has shifted towards hybrid and 
ensemble based methods in order to address the weaknesses of individual models. Such approaches 
incorporate machine learning algorithms with optimization approaches or multiple learners to 
enhance predictive accuracy, robustness, and generalization, especially in complex mountainous 
environments (Tien Bui et al., 2016; Merghadi et al., 2020; Chen et al., 2020, Arabameri et al., 2019; 
Sahin et al., 2020; Wang et al., 2021, Pradhan et al., 2010b; Fang et al., 2021; Zhou et al., 2022; Mihu et 
al., 2026). According to recent literature, hybrid models such as CNN-LSTM and ensemble-based 
models outperform traditional techniques in modeling non-linear relationships among conditioning 
factors (Moghimi et al., 2024; Khouzani et al., 2025; Mao et al., 2024; Abgrami et al., 2025). Geospatial, 
climatic, and terrain-based variables have been identified as critical factors in improving 
susceptibility prediction in tectonically and geomorphologically active areas (Kainthura et al., 2021; 
Dutta et al., 2024; Islam et al., 2025; Birjandi et al., 2025; Rahimi et al., 2025; Dehghananari et al., 2025). 
Moreover, the articles based on ANN, fuzzy logic, and GIS-based models demonstrate the 
importance of slope gradient, lithology, rainfall, and distance to faults and infrastructure as the most 
influential controlling factors in landslides (Ebadati et al., 2025; Nanehkaran et al., 2023). 

Although landslide susceptibility mapping (LSM) has made tremendous progress, several 
challenges remain, especially in difficult mountainous areas such as the Darjeeling Sikkim Himalaya 
(DSH). Most of the current research studies still rely on pixel-based models, which are often 
insufficient to describe slope-scale geomorphological and hydrological processes. Since landslides 
are fundamentally terrain-based processes determined by ridges, valleys, and slope morphology, 
pixel-based processes can result in patchy patterns of susceptibility with minimal physical meaning. 
Second, the accuracy of LSM relies on the quality of landslide inventories. Numerous studies depend 
on inventories from government organizations, and these datasets are outdated and does not contain 
recent landslide events which can affect the accuracy and quality of LSM. The absence of multi-source 
and updated inventories can have a significant impact on model performance, particularly in hilly 
areas where data updates are necessary. Third, even though advanced machine learning and deep 
learning models can make predictions much more accurately, they are usually designed to work well 
and are often seen as black-box systems, which makes them hard to understand and use in land use 
planning and hazard mitigation. Moreover, the appropriateness of various machine learning models 
for slope-unit representations remains under-researched, which is a crucial problem of model-data 
compatibility. However, slope-unit-based landslide susceptibility assessment is poorly explored in 
the Sikkim area, although the area is highly susceptible to landslides and has a complicated 
geomorphological and tectonic setting. Moreover, despite the recent studies starting to use model 
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interpretability methods like SHapley Additive exPlanations (SHAP), the majority of them are 
restricted to the analysis of feature importance but do not explain the interaction effects between 
conditioning factors. Landslide processes are highly multivariate, arising from non-linear 
interactions among topographic, hydrological, structural, and anthropogenic variables, yet these 
interactions are often not accounted for in conventional landslide studies. The absence of SHAP-
based interaction analysis limits the interpretation of threshold-dependent behavior and 
confounding effects between variables essential to a physically meaningful interpretation of landslide 
processes. Thus, it is evident that slope-unit-based modeling needs to be combined with the most 
recent developments in machine learning and SHAP-based interaction analysis to account for the 
intricate interdependencies among conditioning factors and enhance the reliability and 
interpretability of landslide susceptibility estimates. 

To address the limitations, this work introduces a slope-unit-based landslide susceptibility 
mapping in the DSH relying on a high-resolution, multi-source landslide inventory and 17 
conditioning factors using various machine learning algorithms, such as Random Forest (RF), 
Generalized Additive Model (GAM), TabNet, Bayesian Additive Regression Trees (BART) and 
Convolutional Neural Network (CNN) are systematically compared within a consistent modelling 
framework. Bayesian optimization was used to optimize the hyperparameters of these models to 
improve their performance. Furthermore, SHapley Additive exPlanations (SHAP) are also used to 
understand how conditioning factors contribute and interact with each other and allow a single 
model prediction to be directly related to underlying geomorphological processes. The proposed 
framework is expected to improve the predictive accuracy and interpretability, offering a more 
trustworthy and physically relevant method for assessing landslide susceptibility in complex 
mountainous landscapes such as the Himalayas. 

2. Study Area 

The Himalayan belts are among the youngest and most tectonically active mountain belts 
worldwide. From north to south, these active belts are characterized by a series of major tectonic 
discontinuities, including the South Tibetan Detachment (STD), which separates the Tethyan 
Himalayan Sequence from the Greater Himalayan Crystalline; the Main Central Thrust (MCT), 
separating the Greater Himalayan Crystalline from the Lesser Himalayan Sequence; the Main 
Boundary Thrust (MBT), separating the Lesser Himalayan Sequence from the Sub-Himalayan 
Sequence; and the Main Frontal Thrust (MFT), which separates the Sub-Himalayan Sequence from 
the Indo-Gangetic Plain shown in Figure. 1a (Gansser et al., 1964; Valdiya et al., 2015; Yin et al., 2006). 

Darjeeling Sikkim Himalaya (DSH) is a young and tectonically active Himalayan sequence 
between Nepal and Bhutan (see Figure 1b). It has a topography level of between 286 m and 8586 m 
and an aerial cover of about 9,000km2 (Mukherjee et al., 2013). The DSH landscape is also rugged, 
with steep to very steep slopes, deep-cut valleys, sharp ridges, and strong gully erosion, which makes 
it highly vulnerable to landslides (Mandal et al., 2021). The Himalayan belt is physically subdivided 
into the Sub-Himalayan belt, the Lesser Himalaya, and the Higher Himalayan Crystalline belt; all of 
them exhibit an extremely complex tectonic regime and a rapid increase or decrease in the slope and 
relief (Acharyya et al., 2007; Basu et al., 2013). Geologically, all these litho-tectonic units are separated 
by different crustal-scale thrusts such as the Main Frontal Thrust (MFT), Main Boundary Thrust 
(MBT), Ramgarh Thrust, Main Central Thrust (MCT), and the South Tibetan Detachment (STD) 
(Beaumont et al., 2001; Mukul et al., 2000). The Lesser Himalayan Sequence primarily consists of low 
to medium-grade metasedimentary rocks of the Dailing Group, such as chlorite schist, phyllite, 
phyllitic quartzite, quartzite, dolomitic sandstone, and shale, which are fragile and weathered. 

The Greater Himalayan Crystalline consists predominantly of Kanchenjunga gneiss and the 
Chungtang formation, which comprises high-grade metamorphic rocks such as biotite gneiss, 
sillimanite-garnet gneiss, and kyanite-bearing mica schist (Neogi et al., 1998; Dasgupta et al., 2004). 
The Southern part of the DSH consists of the Gondwana and Siwalik formations, which are 
predominantly composed of Sedimentary rocks such as sandstones, conglomerates, and shale 
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(Mukul et al., 2000), whereas the Quaternary deposits of sand, silt, and clay occur along valley floors 
and lower slopes (Mukherjee et al., 2013). 

The DSH has a humid monsoon climate, with an average precipitation of 2000-4000 mm, 
including 70-80% rain in the period between June and October (Govt. of West Bengal, 2017; Mandal 
et al., 2021). The major fluvial system of the DSH is the Tista River with its tributaries Relli, Ranikhola, 
and Rorochu. 

 
Figure 1. Location map showing the study area in Darjeeling-Sikkim Himalaya, India. b. Geological map of 
Darjeeling-Sikkim Himalaya. 

As per the Indian seismic zonation map, the northern part of the DSH belongs to Zone V, but 
the rest of the regions are generally within Zone IV, where shallow-focus earthquakes with 
magnitudes ranging between Mw 4.5 and 5.5 are more frequent and a major earthquake with a 
magnitude of Mw 6.9 occurred on 18 September 2011, triggering landslides and reactivating the slope 
failures (Mukul et al., 2014, Chakraborty et al., 2011; Kellett et al., 2014). 

Altogether, DSH falls under a complex tectonic regime, with a fragile geomorphology, a densely 
populated, infrastructurally critical landscape, steep topography, mechanically weak and weathered 
lithology, reactivating structural discontinuities, and intense rainfall with rapidly changing land use 
often produce destructive landslides (Mandal et al., 2021). 
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3. Dataset Used 

The dataset used in the present research is presented in Table 1. We have used the PlanetScope 
dataset with 3m resolution from Planet Labs to generating landslide inventories. Furthermore, the 
previous landslide inventory was downloaded from the GSI Bhukosh portal as a point shapefile. The 
slope units were generated using ALOS PALSAR DEM with 12.5m resolution using GRASS GIS 
software downloaded from the Alaska Satellite Facility (ASF). All 17 conditioning factor maps were 
generated in ArcGIS Pro, using data derived from the ALOS PALSAR DEM, Bhukosh, and Google 
Earth Engine. 

Table 1. Summary of the complete landslide inventory used in the study. 

Attribute Description 
Inventory type Multi-temporal landslide inventory 

Total number of landslides 8373 
Landslide representation Point 

Mapping method GSI inventory, Manual Mapping, field validation 
Temporal coverage 1974 to 2024 

Total Number of Slope Units 4830 
Slope units with non-landslides 3231 

Slope units with landslides 1599 

3.1. Landslide inventory 

The landslide inventory dataset is the fundamental required data for the LSM, showing the 
information where the landslides have already occurred (Broeckx et al. 2018; Bera et al. 2021). The 
first landslide inventory for the DSH was obtained from the Geological Survey of India (GSI) portal 
(https://bhukosh.gsi.gov.in/) in point and polygon shapefile format, comprising 3,741 landslides. To 
maintain spatial consistency, all the landslide polygons were converted to point shapefile. To update 
the landslide inventory, new landslides were manually mapped using PlanetScope imagery (3 m 
spatial resolution) from Planet Labs (https://www.planet.com) dated 3 October 2024 under post-
monsoon conditions, when landslides are best observed. The visual interpretation of 
geomorphological indicators, including scarps, displaced materials, bare soil, and disturbed 
vegetation patterns, was used to identify landslides. Further, field-based observations were used to 
validate the landslides and add the new landslide locations to improve the accuracy and minimize 
misclassification. The newly mapped landslides were also converted into point format to maintain 
spatial consistency. A final consolidated inventory of 8,373 landslides was prepared for the Darjeeling 
Sikkim Himalaya (DSH), as shown in Figure 2. 
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Figure 2. Slope units and Landslide inventory overlaid on the Digital Elevation Model (DEM), showing the 
spatial relationship between terrain morphology and landslide occurrence. 

3.2. Slope Units 

A slope unit is a geomorphological unit of the terrain marking out regions with homogenous 
slope gradient and orientation. These units are demarcated around morphological features like ridges 
and valleys, hence making it more precise in representing geomorphological features (Carrara et al., 
1995; Alvioli et al., 2016). Slope units are more advantageous than grid-based models for landslide 
susceptibility mapping because they can capture the spatial heterogeneity of landslide conditioning 
factors (Guzzetti et al., 1999; Reichenbach et al., 2018). We generated 4830 slope units from DEM in 
GRASS GIS by partitioning the terrain based on slope gradient and aspect, which automatically 
delineated slope units (Figure 2). Out of these, 1599 slope units were consists of landslides, whereas 
3231 were without landslides. 

3.3. Landslide Conditioning Factors 

In the present study, we have selected 17 landslide conditioning factors, including: Elevation, 
Aspect, Slope, Earthquake Intensity, normalized difference vegetation index (NDVI), mean annual 
rainfall, Lithology, Distance to Drainage, Distance to Road, Distance to Lineaments, Distance to 
Faults, Soil Moisture, Profile Curvature, Plan Curvature, TRI, TPI, and TWI as shown in Table 2. 
Furthermore, all these conditioning factors were added to slope units using zonal statistics in ArcGIS 
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10.8 software, where the mean values of all continuous conditioning factors were assigned to each 
slope unit, while for lithology, the majority class within each slope unit was considered. ALOS 
PALSAR DEM (12.5 m resolution) was used for the LSM, and all other conditioning factors were 
derived from the DEM and other platforms and further resampled to the same 12.5 m spatial 
resolution (Meena et al., 2022). 

a. DEM: Elevation is one of the most crucial conditioning factors of landslides because it determines 
weather, geomorphic processes, and terrain control which, in their turn, impacts the slope stability 
(Figure 3a). 

 

Figure 3. Representation of the selected landslide conditioning factors and their classification used for modelling: 
(a) Elevation (DEM); (b) Aspect; (c) Slope; (d) Earthquake Intensity; (e) Normalized Difference Vegetation Index 
(NDVI); (f) Rainfall; (g) Lithology; (h) Distance to Streams; (i) Distance to Roads; (j) Distance to Lineaments; (k) 
Distance to Faults; (l) Soil Moisture; (m) Profile Curvature; (n) Plan Curvature; (o) Terrain Ruggedness Index 
(TRI); (p) Topographic Position Index (TPI); and (q) Topographic Wetness Index (TWI). 
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b. Aspect: Aspect refers to the direction of the slope face. It may have an impact on the environment, 
including the distribution of moisture, sunlight, and plant growth, hence a direct effect on 
landslides (Figure 3b). 

c. Slope: Slope is the inclination of the land surface, which is measured by the angle of inclination or 
the ratio of the shear stress to shear strength. It is a major factor that affects slope stability. The 
shear stress increases and stability decreases, making the landslides more susceptible (Figure 3c). 

d. Earthquake: Sudden seismic activities can reduce the cohesion between the rock particles by 
releasing sudden energy on the earth’s surface, which can also reactivate the faults, which can 
reduce their stability and increase the chances of landslides. Considering earthquake as one of the 
important conditioning factors, we downloaded earthquake data from the United States Geological 
Survey (USGS) and the International Seismological Centre (ISC), and with the help of the kriging 
process, we have generated an earthquake intensity map on the ArcGIS software by combining both 
of the data into a single raster layer. In this study, we have considered earthquake magnitude (Mw) 
values for landslide susceptibility mapping (LSM) (Figure 3d). 

e. NDVI: NDVI shows the vegetation index of the area, ranging from -1 to 1. Areas with values near 1 
show high vegetation zones where the likelihood of landslides is very low, as tree roots hold the 
soil, making it more compact and stronger, whereas NDVI values near 0 indicate very little 
vegetation and hence a higher likelihood of landslides. To generate the NDVI map, we used 
Sentinel 2 data from March 2024 with a 10-meter spatial resolution (Figure 3e). The formula for 
calculating NDVI is as follows: 

𝑁𝑁𝐷𝐷𝐷𝐷𝐷𝐷 = (𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅)/(𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅) (1) 
f. Rainfall: Rainfall is climate driven conditioning factors which directly influences the landslides. 

The water infiltrates and reduces the shear strength of rock and soil particles by increasing pore 
water pressure, resulting in higher chances of landslides. For LSM, we have generated mean annual 
precipitation data from 1980 to January 2025, downloaded from the CHIRPS (Climate Hazards 
Group InfraRed Precipitation with Station data) dataset, and prepared in the Google Earth Engine 
platform to examine the long-term mean annual rainfall. The average annual rainfall over this 
region is estimated at about 1575.29 mm (Figure 3f). 

g. Lithology: Lithology shows the source material from where landslide can occur. The DSH consists 
of different lithological units with different materials, mechanical strengths, and weathering 
characteristics. The rocks with higher shear strength resist landslides, whereas rocks with lower 
shear strength act as a catalyst for landslides. The lithology map was downloaded from the 
Geological Survey of India (GSI) Bhukosh portal. The data was prepared at a scale of 1:50,000. The 
study area comprised a total of 38 lithological units (Figure 3g). 

h. Distance to Drainage: The presence of a drainage networks, roads, faults, and lineaments increases 
the probability of landslides. Rivers in the mountain regions are of high erosive capacity when get 
in contacts with the soil and rocks, reduces their grip capacity and strength making the slope prone 
to failure. Selecting distance to the river we have divided the river into five categories based on the 
distance from the river channel to the landslide at an interval of 250m, viz. 0-250m, 250-500m, 500-
750m, 750-1000m, and 1000-1250m using ArcGIS Pro (Figure 3h). 

i. Distance to Roads: Engineering activities, particularly road construction, disturb the natural slope 
conditions through excavation, cutting, and modification of drainage patterns, which reduces slope 
stability and induces landslides. Accordingly, the distance to roads was classified using the same 
250 m interval scheme adopted for drainage proximity. The distance to road data was extracted 
from DivaGIS platform (Figure 3i). 

j. Distance to Faults and Lineaments: Faults and lineaments represent zones of weakness with high 
in-situ stress; due to this, the water may percolate to these weak zones, reducing their strength, and 
also, sometimes due to seismic activities, these zones are also the site of major slope failure as the 
gets reactivated. The GSI Bhukosh portal was used to acquire faults and lineaments. In case of the 
fault and lineament, we applied the Euclidean distance with an interval of 250m, which is equal to 
the distance to drainage in ArcGIS (Figure 3 j,k). 
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k. Soil Moisture: Soil moisture is the amount of water present in the soil which can directly influence 
the landslide occurrence. The increase in soil moisture causes an increase in porewater pressure and 
reduces soil cohesion and shear strength. In the present work, we have downloaded soil moisture 
data from the Soil Moisture Active Passive (SMAP) satellite mission at a spatial resolution of 9 km 
(Figure 3l). 

l. Profile curvature: Profile Curvature is the inclination of the ground surface towards the downhill 
direction. It influences landslides by varying the surface runoff and mass movements, controlling 
the erosional process and slope stability of the terrain (Figure 3m). 

m. Plan Curvature: Plan curvature can be defined as the curvature perpendicular to the direction of 
slope, which controls the intersection and segregation of water runoff by controlling convergence 
and divergence of water flow. The area with convergent flow conditions directly controls the 
probability of landslides (Figure 3n). 

n. Topographic Roughness Index (TRI): TRI shows the surface variations by analysing the 
neighbouring elevation difference between different terrains. TRI values are directly proportional to 
landslide frequency, as the higher TRI value shows a rugged terrain surface, which increases 
landslide probabilities (Figure 3o). 

o. Topographic Position Index (TPI): TPI shows the vertical position of the terrain unit in the 
landscape. It differentiates between valley bottoms, slope faces, and ridgetops. Flattened 
topography is a common feature in low elevated places where water is likely to accumulate, making 
the whole area more prone to landslides (Figure 3p). 

p. Topographic Wetness Index (TWI): TWI shows the wetness condition of the soil at different areas. 
The higher value of TWI shows higher water accumulation, causing increased chances of landslides 
(Figure 3q). The formula for calculating TWI are as follows: 

𝑇𝑇𝑊𝑊𝑊𝑊 = Ln ( 𝑇𝑇𝑇𝑇𝑇𝑇
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

) (2) 

Where TCA represents Total Catchment Area. 

Table 2. Conditioning factors selected for slope-unit-based landslide susceptibility modelling and their data 
sources. 

S.No Conditioning Factors Data Source Spatial Resolution 
1.  Elevation (DEM) ALOS PALSAR DEM 12.5 m 
2.  Slope ALOS PALSAR DEM 12.5 m 
3.  Aspect ALOS PALSAR DEM 12.5 m 
4.  NDVI Sentinel 2 10 m 

5.  Rainfall CHIRPS 
5 km (resampled to 12.5 
m) 

6.  Earthquake USGS Earthquake Catalog and 
National Centre for Seismology 

Point-based data 

7.  Soil Moisture SMAP (Soil Moisture Active Passive, 
NASA) 

~9 km (resampled to 12.5 
m) 

8.  Distance to Drainage Open Street Map Vector data 
9.  Distance to Faults Geological Survey of India Vector data  
10.  Distance to Lineaments Geological Survey of India Vector data 
11.  Distance to Roads Open Street Map Vector data 
12.  Lithology Geological Survey of India 1:50,000 
13.  Topographic Wetness Index (TWI) ALOS PALSAR DEM 12.5 m 
14.  Terrain Ruggedness Index (TRI) ALOS PALSAR DEM 12.5 m 
15.  Topographic Position Index (TPI) ALOS PALSAR DEM 12.5 m 
16.  Profile curvature ALOS PALSAR DEM 12.5 m 
17.  Plan curvature ALOS PALSAR DEM 12.5 m 
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4. Methodology 

4.1. Methodology Overview 

For the LSM, we selected 17 landslide conditioning factors, as shown in Figure 4, using ArcGIS 
software. We also selected 6 models, including RF, GAM, CatBoost, TabNet, BART, and CNN. To 
improve the predictive performance of all the models, we have used Bayesian Optimization to tune 
the hyperparameters selected for our models. For LSM slope unit based landslide inventory was 
used, where slope units that contained at least one landslide points were considered as landslide 
units and the slope units with no landslides were considered as non-landslide units. Further, the 
dataset with landslide and non-landslide units was divided into training and testing datasets using 
a stratified simple approach. The trained models generated continuous landslide susceptibility 
mapping values for all slope units. Further, the LSM was classified into five classes ranging from very 
low to very high using the natural breaks classification scheme. To determine the predictive 
capability of the models, we have used various statistical measures, such as confusion matrix, ROC 
curve, and AUC values, to determine the predictive capability of each model. 

 
Figure 4. The methodological workflow for slope-unit-based Landslide Susceptibility Mapping. 

4.1.1. Random Forest (RF) 

Random forest (RF) is an ensemble machine learning model that can be used for classification 
and regression (Breiman et al., 2001). This method is very popular and has been utilized in many 
remote sensing-based studies for various applications (Melville et al., 2018). RF can generate many 
decision trees, which can resolve the overfitting problem by using training data, resulting in more 
complex datasets and better performance compared to other decision trees. In the RF model, each 
decision tree produces an estimate, and the overall result is calculated by a voting scheme, which 
represents the summation of all the constituent trees; this eventually serves to build the landslide 
susceptibility map. The random forest is considered to be one of the most reliable and effective non-
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parametric ensemble learners because of its strong classification performance (Chen et al., 2017; Raju 
et al., 2025). The training data were further sub-divided by using the bootstrap-aggregating (bagging) 
method to obtain several sub-sets that had about 1/3 of the training examples. A decision tree was 
developed on each subset and the sum of votes of all the trees were combined to determine landslide 
susceptibility. 

4.1.2. Generalized Additive Model (GAM) 

GAM is a statistical learning model that is an extension of the generalized linear model, whereby 
it allows nonlinear relationships between a response variable and predictor variables (Hastie et al., 
2017). Under landslide susceptibility mapping, the dependent variable is binary, which shows 
whether there has been a landslide event or not. Therefore, the model provides an estimation of the 
possibility of occurrence of landslides based on a series of environmental predictor variables. 

In the landslide susceptibility analysis of Darjeeling-Sikkim Himalaya (DSH) a logistic 
Generalized Additive Model (GAM) was adopted which was used to explore the association between 
landslide occurrence and the conditioning variables selected to develop a slope-unit based 
susceptibility map. Under the GAM model, the smooth functions relate the response variable and the 
predictor variables, and hence the model is able to represent the complicated and nonlinear 
relationships between landslide occurrence and environmental conditions. The missing data in the 
dataset were imputed using median imputation before model training. 

In the model specification, nonlinear relationships between the predictor variables and the 
occurrence of landslides were captured in smooth components 𝑆𝑆(0)𝑡𝑡𝑡𝑡 𝑆𝑆(16).  The logit link 
function was used to estimate the chances of occurrence of landslides. To enable categorization of 
slope units, a decision level of 0.32 was used to differentiate landslide and non-landslide 
classifications. The smoothing parameter 𝛾𝛾  was optimized using Bayesian Optimization, and the 
final selected value was 0.4 to control the smoothness of the fitted functions and reduce overfitting. 

4.1.3. Categorical Boosting (CatBoost) 

CatBoost is a machine learning algorithm based on gradient boosting and decision trees in which 
many simple trees are combined to increase the predictive accuracy (Prokhorenkova et al., 2018). 
Unlike with many other machine learning models, the algorithm can process many different types of 
data including categorical variables and can give satisfactory performance even when trained with 
relatively small data. Another important advantage of CatBoost is the ability to reduce overfitting 
with the help of ordered boosting and effective preprocessing of features (Prokhorenkova et al., 2018). 

The model was trained using slope-unit conditioning factors as predictors and a binary landslide 
presence-absence label (0 = non-landslide slope unit; 1 = landslide slope unit) and tuned it using the 
Bayesian optimization algorithm to improve predictive accuracy. The optimal CatBoost model had 
1,703 iterations, learning rate of 0.039 and the tree depth of eight. The L2 leaf regularization was 
adjusted to 20.92 in order to reduce overfitting. The loss function adopted was logloss, and equal 
weights relating to classes were used to overcome the imbalance between the landslide and non-
landslide samples. Other parameters used in the model were a random strength of 0.93, a bagging 
temperature of 0.80 and a count of 179 border used in discretizing the features and enhancing the 
stability of the model. The detailed methodology is described in Azizi and Hu (2020). 

4.1.4. Tabular neural Network (TabNet) 

TabNet is a deep learning architecture designed to work effectively with tabular data, combining 
the feature selection and representation learning properties of neural networks with the feature 
selection mechanisms of tree-based models. This architecture allows the model to both represent 
complex nonlinear relations and at the same time the most salient input features. Since landslide 
susceptibility mapping involves the use of structured datasets, which include several conditioning 
factors, TabNet is especially suited in this analysis situation. 
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The model carries out predictions in a series of decision steps, during which salient features are 
selected and transformed, through the process. Training was done using Adam optimiser and binary 
cross- entropy loss. The main hyperparameters have been defined as n_d=40, n_a=48, and n_steps=7, 
which indicate the dimensionality of features representation, as well as the number of decision steps 
respectively. 

The sparsity regularisation parameter was adjusted to 0.0006 in order to encourage feature 
selection. The learning rate was set to 0.02; the batch size was 512 and the virtual batch size was 256. 
The gamma parameter was set to 1.74 and the mask type was taken to be Sparsemax used to select 
the features. 

4.1.5. Bayesian Additive Regression Tree (BART) 

Bayesian Additive Regression Trees (BART) is a tree-based machine learning approach, a 
Bayesian approach, combining a set of shallow decision trees to estimate the response to predictor 
variables (Marrel et al., 2009; Chipman et al., 2010; Kapelner et al., 2016; Hill et al., 2020). Within the 
BART paradigm, forecasts are made by summing the outputs of several trees and thus allow the 
model to reflect non-linear and complex relationships between landslides conditioning factors and 
landslide occurrence. The contribution of each of the trees to the ultimate prediction is small and 
encourages a check on complexity in models and reduces overfitting. 

The BART model has been used to examine the association between the landslide occurrence 
and the chosen conditioning factors in the present study of slope-unit-based landslide susceptibility 
mapping. The Bayesian model parameters are estimated using the Markov Chain Monte Carlo 
(MCMC) sampling technique and hence enable the model to capture predictive uncertainty. 

The selection of the main hyperparameters in this study was the number of trees 200 (n_trees 
200), the burn-in 200 (n_burn 200), the number of posterior draws 800 (n_samples 800) and the 
number of parallel chains 4 (n_chains 4) to improve the stability and convergence of the estimation. 
These hyperparameters were chosen based on commonly adopted values reported in the literature, 
ensuring stable MCMC convergence and reliable posterior estimation. 

4.1.6. Convolutional Neural Network (CNN) 

The convolutional neural network (CNN) technique is one of the most famous deep learning 
models. This model can rapidly process diverse data types, such as tabular and sequential data 
(LeCun et al., 2015; Yamashita et al., 2018). Sometimes, CNN-based models often outperform 
ensemble learning models (Perol et al., 2018). In this study, a one-dimensional (1D) CNN was 
selected, in which each slope unit was considered as one-dimensional, containing all the conditioning 
factors. The 1D convolutional neural network model consisted of two convolutional layers which had 
32 and 96 filters respectively and used a kernel size of 3. One pooling layer and a fully connected 
layer that consisted of 64 units were added to identify the feature pattern related to the presence of 
landslides. The pooling operation decreases the size of the feature maps thus, increasing the efficiency 
in computation (LeCun et al., 2015). To add nonlinearity to the model, Rectified Linear Unit (ReLU) 
activations was introduced (Wang et al., 2019). To minimize overfitting, dropout with a rate of 0.599 
was added to the fully connected layer. For model training, we have implemented a learning rate of 
0.00136, with a batch size of 128 and a weight decay of 3.22 × 10⁻⁵. For input preparation mean value 
of all the conditioning factors were added to each slope unit. In the case of lithology, we have used 
the dominant class for each slope unit. 

4.2. SHAP 

In the study, we used SHapley Additive exPlanations (SHAP) to understand how the models 
make predictions for landslide susceptibility mapping. SHAP is a model interpretation method based 
on cooperative game theory that explains the role of each conditioning factor’s contribution to the 
prediction of the model (Wen et al., 2024). SHAP calculates the Shapley values that show how much 
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each factor contributes to the model’s prediction by including and excluding the variables (Li et al., 
2024). 

In the model, if the prediction changes significantly, the factor is considered important, whereas 
if the prediction changes very little, then that factor is considered less important. SHAP repeats this 
process by testing all factors together in many different combinations of factors, resulting in getting 
the average contribution of these factors for LSM. 

SHAP assigns the contribution value to each conditioning factor used in the model for each slope 
unit. SHAP with positive values reflects that the factor strongly influences the landslide 
susceptibility, whereas a negative SHAP value influences the landslide susceptibility less (Meng et 
al., 2020). 

This method provides better understanding of complex models by analyzing different landslide 
conditioning factors. Implementation of SHAP can be helpful to the scientific community and 
government bodies for landslide assessment, landuse planning and landslide risk reduction. 

The SHAP value for a feature can be expressed as: 
ϕ𝑖𝑖 = ∑ |𝑆𝑆|!(|𝐹𝐹|−|𝑆𝑆|−1)!

|𝐹𝐹|!
[𝑓𝑓(𝑆𝑆 ∪ {𝑖𝑖}) − 𝑓𝑓(𝑆𝑆)]𝑆𝑆⊆𝐹𝐹∖{𝑖𝑖}  (3) 

Where 𝜙𝜙𝑖𝑖 represents the Shapley value of the feature 𝑖𝑖, 𝐹𝐹 is the set of all features, 𝑆𝑆 is a subset 
of features excluding feature 𝑖𝑖 , and 𝑓𝑓(𝑆𝑆)  represents the model prediction using the subset of 
features. 

4.3. Hyperparameter Extraction Using Bayesian Optimization 

For LSM using different methods, it is crucial to configure hyperparameters in order to improve 
the model’s predictive performance (Morales-Hern’andez et al., 2023). In the present study, we have 
used the Bayesian Optimization (BO) method to find out the optimal hyperparameter values for the 
selected models. BO was applied to all models except the BART model, as it was implemented 
without any external hyperparameter tuning, as the BART model controls its complexity through its 
built-in Bayesian framework. BO efficiently searches the hyperparameter space by testing different 
combinations of parameters and selecting the best set for the models. Unlike the conventional 
methods of hyperparameter optimization such as grid search and random search, the method gives 
a focus on potential ranges of parameters that are promising and thus increases the overall 
optimization procedure. Bayesian optimization was performed using the Optuna framework to 
optimize the models’ hyperparameters. 

The model performance was measured using five-fold stratified cross-validation, and the 
optimization metric was ROC-AUC. The best hyperparameter settings produced in this process were 
then used to train the final models. The resultant values of hyperparameters of each algorithm are 
presented in Table 3. 

Table 3. Bayesian Optimization based hyperparameters used in all six models for Landslide Susceptibility 
Mapping. 

Model Hyperparameter Optimal value 

Random Forest 

n_estimators 
Max depth 
Min Samples leaf 
Min samples split 
Max features 
Bootstrap 

1262 
33 
4 
2 
Log2 
True 

GAM 

Model Type 
Smooth terms 
Decision threshold 
Link function 
Imputation 
Smoothing parameter (Y) 

Logistic GAM 
s(0)-s(16) 
0.32 
logit 
median 
0.4 
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CatBoost 

Number of iterations 
Learning rate 
Tree depth 
L2 regularization 
Loss function 
Class weights 
Random Strength 
Bagging temperature 
Border count 

1703 
0.039 
8 
20.92 
Logloss 
Balanced 
0.93 
0.80 
179 

TabNet 

n_d 
n_a 
n_steps 
Lambda_sparse 
Optimiser 
Learning_rate 
Batch_size 
Gamma 
mask_type   
virtual_batch_size 
 

40 
48 
7 
0.0006 
Adam 
0.02 
512 
1.74 
Sparsemax 
256 

BART 

n_trees 
n_burn 
n_samples 
n_chains 

200 
200 
800 
4 

CNN 

Conv1 filters 
Conv2 filters 
Kernel size 
Dense units 
Dropout 
Learning rate 
Batch size 
Weight decay 

32 
96 
3 
64 
0.599 
0.00136 
128 
3.22x10-5 

4.4. Model Accuracy Evaluation Metrics 

The present study quantifies the LSM model’s performance using metrics such as the confusion 
matrix, the ROC curve, and the AUC. The confusion matrix shows the visual summary of the 
performance of the model at different categories showing classifying accuracy by classifying it into 
true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) (Riehl et al., 
2023). These are important for determining the model’s performance on validation sets. 

Whereas ROC curve shows the model’s capacity to differentiate landslide and non-landslide 
zones by plotting true positive rate (TPR) and the false positive rate (FPR). 

𝐹𝐹𝐹𝐹𝐹𝐹 = 𝐹𝐹𝐹𝐹
𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇

 (4) 

𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

 (5) 

When the ROC curve is near top left side indicates the better performance of the model with 
higher accuracy. The AUC value close to 1 indicates higher classification performance at different 
threshold values (Roumeliotis et al., 2024). We have also validated the model’s performance using 
Precision, Recall, and F1-score methods have been employed to validate the model’s performance 
(Nadim et al., 2023). 

𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

 (6) 

𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

 (7) 
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𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

 (8) 

𝐹𝐹1 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 2 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 (9) 

5. Results 

5.1. Feature Importance of Landslide Conditioning Factors 

Landslides are driven by different conditioning factors that are need to be determined to assess 
their role in relation to landslides. In the present work, we have used SHAP to establish the contextual 
relationship between landslides and its conditioning factors, which is most popular for 
interpretability of different machine learning models for LSM (Hu et al., 2023). Figure 5 represents 
the beeswarm plot showing all 17 conditioning factors on left side in decreasing order from top to 
bottom, with the donut showing the top 10 most contributing conditioning factors by quantity on the 
right side. 

The RF model showed strong relationship with individual predictors: precent wise contribution 
of top ten factors are as follows: DEM (18%), aspect (14.5%), NDVI (13.5%), distance to faults (11.4%), 
slope (8%), soil moisture (5.6%), distance to roads and drainage (5.1%, 4.9%), rainfall (3%), TWI 
(2.7%), and rest of the factors contributed 13.4% among all the 17 conditioning factors, indicating that 
the landslides are mostly controlled by topographic, and anthropogenic factors (Figure 5a). 

Whereas top ten feature importance using CatBoost are as follows: DEM (13.5%), aspect (13.3%), 
distance to faults (11.4%), slope (10.2%), distance to roads (6.5%), distance to drainage (6.5%), NDVI 
(6.4%), TPI (4.9%), Rainfall (2.9%), soil moisture (4.5%), and rest of the factors contributed 19.3% 
indicating landslides are mostly influenced by topographic, structural as well as anthropogenic 
factors (Figure 5b). 

The relationship between landslides and conditioning factors in the GAM model was quite 
smooth, as expected of a semi-parametric model. The feature contributions suggest that the dominant 
factors are elevation (DEM) (16.6%), rainfall (12.8%), slope (12.2%) and aspect (12.0%). Earthquake 
(11.8%) and distance to faults (6.3%) are also important, followed by TWI (4.7%), NDVI (4.6%) and 
distance to roads (3.7%). The other factors collectively contribute about 12.7% of the total 
contribution. The findings indicate that the GAM model accounts for a balanced contribution of 
topographic, hydrologic and structural features, with a gradual change of feature contributions 
compared to tree-based models (Figure 5c). 

The BART model exhibits a distinct feature contribution, reflecting its nature as a probabilistic 
ensemble model. The dominant factors include NDVI (15.2%), slope (13.8%), and aspect (12.7%), 
followed by distance to faults (11.8%) and elevation (DEM) (11.5%). Distance to drainage (6.7%), 
rainfall (5.7%) and curvature factors are also important. Other factors account for approximately 
13.7%. The findings suggest that the BART model gives more weight to vegetation and slope related 
factors, and hence comparatively larger clustering of the susceptibility patterns (Figure 5d). 

The TabNet model shows strong reliance on a handful of important features based on its 
attentive feature selection. Elevation (DEM) (25.8%) and slope (21.4%) contribute the most, followed 
by NDVI (15.1%) and aspect (13.3%). Distance to roads (7.1%) and distance to faults (6.3%) are 
moderately significant, with rainfall, curvature and other factors less significant. The rest of the 
factors contribute to a small fraction. This suggests that TabNet considers major geomorphological 
and vegetation factors, while downplaying other features (Figure 5e). 

The CNN model has a relatively even distribution of factor importance, which is consistent with 
the feature extraction power of deep learning models. Elevation (DEM) (16.6%), slope (14.4%), and 
aspect (12.3%) are the most influential factors, followed by NDVI (9.7%) and distance to faults (7.6%). 
Distance to drainage (6.5%), rainfall (6.3%) and TWI (5.7%) also play a moderate role. Other factors 
contribute a total of 14.9%. This suggests that CNN accounts for complex interactions between 
multiple conditioning factors, leading to a more equal contribution pattern than the other models 
(Figure 5f). 
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Based on the result, it is observed that both the model shows significant differences in their 
dependence on each landslide controlling factors. The landslides in DSH are controlled by 
morphometric, anthropogenic, and structural factors. All the model performed well, showing their 
strong feature selection capabilities for LSM prediction. 

 
Figure 5. SHAP summary plots and corresponding feature importance charts for (a) Random Forest (RF) and (b) 
CatBoost models used in landslide susceptibility mapping. 

5.2. SHAP Interaction Analysis of Landslide Conditioning Factors 

To further explain how the conditioning factors interact to cause landslide susceptibility, 
SHapley Additive exPlanations (SHAP) interaction analysis was performed using the Random Forest 
(RF) model, which performed best among the tested models and was further used to explain the 
combination effect of the conditioning factors (See Figure 6). In contrast to individual feature 
importance, interaction analysis can reveal how the contribution of one variable is conditioned by 
another, providing insight into the nonlinear and coupled processes that control landslide 
susceptibility. 

The pairs of conditioning factors selected for interaction analysis were based on a combination 
of SHAP rankings from the top two models, RF and CatBoost, and the geomorphological 
interpretability of the interactions. Even though variables such as elevation, aspect, and distance to 
faults had higher SHAP importance, they are mainly indirect or proxy controls and are less applicable 
to interaction-based physical interpretation. In Contrast, slope was consistently found to be an 
effective variable in both models, and it is the most unambiguous predisposing factor governing 
gravitational instability. SHAP dependence patterns also suggest that several variables, such as 
rainfall, soil moisture, and proximity-based variables, exhibit significant effects in most cases when 
conditioned with slope. So, slope was chosen as the main interaction variable to study how triggering 
and modifying factors affect landslide occurrence. 

The findings indicate that landslide susceptibility in the study area is governed by highly 
nonlinear, threshold-sensitive interactions, with slope as a determinant of terrain stability and other 
variables as conditional triggers or modifiers. 
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5.2.1. Slope–Rainfall Interaction 

The slope-rainfall relationship shows a clear nonlinear trend, in which landslide susceptibility 
is influenced by both rainfall and slope (Figure 6a). At lower slope angles (<15°), SHAP values are 
predominantly negative, regardless of high precipitation intensity, indicating stable conditions even 
under high precipitation. However, at ~20–30°, increasing rainfall is associated with positive SHAP 
values, indicating a rapid rise in instability. This trend shows that rainfall is the primary triggering 
factor, with its effect significant when the slope angle is moderate to high. The observed interaction 
is consistent with geomorphological processes, in which intense precipitation increases pore-water 
pressure and reduces effective shear strength, resulting in landslides along steep slopes. 

5.2.2. Slope–Distance to Roads Interaction 

The slope-distance to roads interaction highlights the contribution of anthropogenic 
disturbances to the fluctuation of slope stability (Figure 6b). Regions near roads have higher SHAP 
contributions, especially on moderate to steep slope gradients, but road proximity has less impact in 
low-slope regions. This pattern indicates that terrain steepness strongly controls the destabilizing 
effect of roads. Road construction activities, such as slope cutting and toe removal, increase the 
instability of steep slopes, indicating that anthropogenic factors are secondary triggers rather than 
independent controls. 

5.2.3. Slope–Distance to Drainage Interaction 

The slope-distance to drainage interaction shows a moderate yet consistent trend, where slope 
units near drainage channels have a slightly higher SHAP contribution at moderate to high slope 
values (Figure 6c). This indicates that the effect of the fluvial processes, such as toe erosion and 
undercutting, reduces slope stability and increases the landslide susceptibility. 

However, the effect of drainage is comparatively less than that of rainfall and road-related 
interactions, indicating that it is a secondary geomorphic modifier. 

5.2.4. Rainfall–Soil Moisture Interaction 

The interaction between precipitation and soil moisture shows that the precipitation effect is 
strongly dependent on the antecedent moisture conditions. Rainfall shows a stronger relationship at 
higher soil moisture levels, as indicated by higher SHAP values (Figure 6d). 

This trend highlights hydrological preconditioning, in which already saturated soils are more 
prone to slope failure with an increase in rainfall. It indicates that the onset of landslides is not only 
governed by the precipitation rate at a particular time but also by the state of the moisture, which 
weakens the terrain. 

5.2.5. Slope-Distance to Fault Interaction 

The relationship between slope and distance to faults is nonlinear. SHAP contributions are 
higher in areas closer to faults, especially when the slope is moderate to high (Figure 6e). SHAP values 
are inversely proportional to distance to faults; as distance to faults increases, landslide susceptibility 
decreases. This implies that tectonic structures significantly affect the landslide occurrence by 
weakening the rock mass due to the presence of fractures and structural discontinuities. Whereas 
slope remains the primary factor that controls landslides. Being close to faults makes landslides more 
likely by making materials weaker and making them more likely to fail on steep terrain. Overall, the 
interaction analysis shows that topographic, hydrological, anthropogenic, and structural factors 
interact to control landslide susceptibility in the study area. The main control is the slope, which 
determines the stability of the baseline, whereas rainfall is the primary triggering factor. This baseline 
condition is modulated by other factors such as soil moisture, proximity to roads, drainage, and faults 
under certain conditions. These findings indicate that landslide processes are inherently multivariate, 
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nonlinear, and threshold-sensitive, necessitating the consideration of interaction effects to improve 
susceptibility modeling and risk assessment in mountainous environments. 

 
Figure 6. SHAP-based interaction analysis illustrating the combined influence of key conditioning factors on 
landslide susceptibility. The dependence plots show the relationship between feature values (x-axis) and their 
SHAP contributions (y-axis), with color representing the interacting variable. (a) Slope × Rainfall, (b) Slope × 
Distance to Roads, (c) Slope × Distance to Drainage, (d) Rainfall × Soil Moisture, and (e) Slope × Distance to 
Faults. 

5.3. Comparison of Landslide Susceptibility Models 

The landslide susceptibility map (LSM) using Random Forest (RF), Generalized Additive Model 
(GAM), CatBoost, TabNet, BART and CNN for DSH based on a slope unit was developed in the 
Visual Studio platform and the map was prepared in ArcGIS 10.8. The results of all six LSM models 
were classified into five classes using equal interval classification (Figure 7). The LSM maps were 
classified into very low to very high zones, coloured dark green, green, yellow, orange, and red, 
respectively. 

The results indicated that the high zones of susceptibility are more prominent in the central-
southern part of DSH (Darjeeling, Kalimpong, Gangtok, Namchi, Ravangla, Pelling, Yuksom, 
Mangan, Dikchu, Jorethang and surrounding region) and the low susceptibility is mostly observed 
in the northern part. The high susceptibility pattern is associated with the presence of roads and the 
erosive capacity of the Tista River as well as the high rainfall in these areas, suggesting that landslides 
are due to the combination of both hydrologic and anthropogenic interference. On the other hand, 
the northern part remains mostly snow-covered with minimal human activities, hence low 
susceptibility. 

The models have well predicted the landslide susceptible slope units. All models have shown a 
similar but with a certain level of variation in susceptibility pattern. A majority of the slope units are 
in very low to low classes, which are very few in landslide occurrence (Figure 6), whereas high to 
very high slope units are more in occurrence of landslides. 

The northern part of the area was reported as the least affected in literature due to a lack of 
inventory. But in this study, all models have identified landslide areas in the northern part along the 
river beds due to the inclusion of new landslides along with historical inventories, which indicates 
the importance of updated inventories. 

Figure 8 illustrates the number of landslides for different susceptibility zones, the number of 
slope units (blue bars) and the percentage of landslides for each unit (orange bars). The blue bars 
represent the number of slope units, orange bars indicate the percentage of landslides, and the green 
dashed line indicates the percentage of area of each susceptibility zone. All the models follow a trend 
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of most landslides being located in the high to very high susceptibility classes, even though the 
percentage of area under this class is lower. This suggests that the models have well separated 
landslide and non-landslide slope units. 

The RF model indicated that the highest number of slope units was in the very low class (1712), 
followed by low (992), moderate (679), high (797) and very high (650). The distribution pattern of 
landslides shows that only 1.0% and 3.6% of landslides are found in the very low and low classes, 
respectively, 13.0% in the moderate class, and the largest percentage of landslides in the high (42.7%) 
and very high (39.6%) classes. 

The CatBoost model indicates the highest number of landslides in the very high class. The very 
low class has the highest number of slope units (2166), followed by very high (1388), low (782), 
moderate (253) and high (241). The very high class has the highest concentration of landslides (82.6%), 
while the very low, low, moderate, and high classes have just 1.6%, 3.2%, 4.8%, and 7.8% of landslides, 
respectively. 

The GAM model reveals a gradual increase from lower to higher classes, with the very low 
(1890) being the most predominant class, followed by low (877), moderate (856), high (754), and very 
high (453). The proportion of landslides increases from lower to higher classes, 5.8% in very low, 
15.1% in low, 24.3% in moderate, 31.9% in high and 22.8% in very high class. 

The TabNet model indicates 1557 slope units in very low class, 1222 in high, 843 in moderate, 
743 in very high and 465 in low class. The landslide distribution shows that 3.8% and 5.8% of 
landslides are in very low and low classes, respectively, 17.5% in moderate class, while high and very 
high classes have the highest number of landslides, 39.5% and 33.5% respectively. 

The landslide distribution in the BART model is different with a higher proportion of landslides 
falling in moderate to high classes, showing lower spatial discrimination. The greatest number of 
slope units was observed in high class (1643), followed by moderate (1486), low (1034), very low (338) 
and very high (329). The highest percentage of landslides are found in high class (58.4%), moderate 
(22.5%) and very high (16.9%) classes, while the very low and low class contain 0.0% and 2.2% of 
landslides, respectively. 

The CNN model indicates that the highest number of slope units is observed in very low class 
(2228), followed by low (786), moderate (789), high (673) and very high (354). The landslide 
distribution shows that 7.1% and 14.4% of landslides are in very low and low class, respectively, 
25.9% in moderate class, and the highest proportion in high (31.8%) and very high (20.8%) class. 

In general, the high proportion of landslides in high to very high susceptibility classes in all the 
models indicates the suitability of the slope unit-based LSM approach and the conditioning factors 
selected in this study. 
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Figure 7. Comparative Slope-unit-based landslide susceptibility maps produced using a. Random Forest (RF), 
b. Generalized Additive Model (GAM), c. CatBoost, d. TabNet, e. BART, and f. CNN are presented for visual 
comparison. 

 
Figure 8. Distribution of slope units, landslide occurrence, and area percentage across landslide susceptibility 
classes derived using model-specific natural breaks using six machine-learning models: (a) Random Forest (RF), 
(b) Generalized Additive Model (GAM), (c) CatBoost, (d) TabNet, (e) Bayesian Additive Regression Trees 
(BART), and (f) Convolutional Neural Network (CNN). 

5.4. Model Accuracy Evaluation 
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For LSM in DSH, we selected six models: Random Forest (RF), Generalized Additive Model 
(GAM), CatBoost, TabNet, Bayesian Additive Regression Trees (BART), and Convolutional Neural 
Network (CNN). All these models were analyzed using an independent slope unit based test data 
set. The AUC-ROC curve indicating model accuracy is shown in Figure 8 for all the selected models. 
All six models performed well in differentiating between landslides and non-landslide slope units 
with an AUC value ranging from 0.82 to 0.848. In DSH, among all six models, RF scored the highest 
AUC value (0.848), CatBoost scored the second with an AUC value of 0.846, followed by GAM (0.837), 
CNN (0.831), BART (0.831), and TabNet (0.82) scored the least among all six models. However, all 
the models have achieved AUC values greater than 0.80, indicating better discrimination and slope-
unit-based landslide prediction. The classification performance metrics highlight differences in 
model behavior. 

 

Figure 9. Receiver Operating Characteristic (ROC) curves of all landslide susceptibility models. ROC curves for 
RF, GAM, CatBoost, TabNet, BART, and CNN, and Area Under the Curve (AUC) values quantify the 
discriminative ability of each model. 

Random forest achieved the most balanced performance (precision = 0.606, recall = 0.808) and 
the highest F1 score (0.691) among the six models. CatBoost (0.682) and CNN (0.673) showed stable 
performance. The confusion matrix of each model is presented in Table 5. Random Forest correctly 
classified 388 landslide units and 717 stable slope units, with 252 false positives and 92 false negatives, 
indicating balanced performance. Whereas, GAM and TabNet detected the largest number of 
landslide units with higher recall values but also higher false positives. CatBoost and BART classified 
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the largest number of stable slope units, showing more conservative predictions. However, CNN 
showed intermediate behaviour between these approaches. 

These results suggest that although individual performance measures vary across models, all 
models provide reliable landslide susceptibility estimates, with RF and CatBoost being the most 
effective approaches for slope-unit-based landslide susceptibility mapping. 

Table 4. Comparative performance of landslide susceptibility models at the slope-unit scale. 

Model AUC-ROC Accuracy Precision Recall F1-score 
Random Forest 0.848 0.761 0.606 0.808 0.691 

GAM 0.837 0.742 0.576 0.843 0.684 
CatBoost 0.845 0.746 0.583 0.822 0.682 
TabNet 0.82 0.719 0.549 0.852 0.668 
BART 0.831 0.756 0.667 0.527 0.589 
CNN 0.831 0.746 0.587 0.787 0.673 

Table 5. Confusion matrix results showing the classification performance of the six models for landslide 
susceptibility mapping, including true negatives (TN), false positives (FP), false negatives (FN), and true 
positives (TP). 

Model TN FP FN TP 
Random Forest 717 252 92 388 

GAM 671 298 75 405 
CatBoost 780 189 150 330 
TabNet 634 335 72 408 
BART 779 190 152 328 
CNN 704 265 102 378 

6. Discussions 

The current paper developed a slope-unit-based landslide susceptibility model (LSM) for the 
Darjeeling-Sikkim Himalaya (DSH) using six machine learning and deep learning models (Figure 7); 
all of these models performed well with AUC values greater than 0.80 (see Table 4,5). Among the 
selected models, Random Forest (AUC = 0.848) and CatBoost (AUC = 0.846) were the best performing 
model as shown in Figure 9, because of their ability to capture nonlinear relationships and higher 
order interactions between the landslide conditioning factors. In contrast, the transition to 
susceptibility was smoother in GAM and TabNet, since they are more likely to generalize 
relationships. BART showed a conservative predictive behavior, and CNN also under performed due 
to their inability to extract slope-unit-based tabular data when spatial features were limited. The 
SHAP based feature importance shows that in DSH, the landslide is affected by DEM (18%), aspect 
(14.5%), NDVI (13.5%), distance to faults (11.4%), slope (8%), soil moisture (5.6%), distance to roads 
and drainage (5.1%, 4.9%), rainfall (3%), TWI (2.7%) (see Figure 5). 
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Figure 4. SHAP summary plots and corresponding feature importance charts for (c) GAM, (d) BART, (e) TabNet, 
(f) 1D-CNN used in landslide susceptibility mapping. 

In RF, around 30% of slope units fall under high to very high zones, whereas CatBoost detected 
40% of slope units under high and very high zones (Figure 5). RF showed that among the 17 factors, 
elevation, aspect, NDVI, distance to faults, and slope are the five most controlling factors for 
landslides. 

The LSM result shows that most of the landslide susceptibility zones were concentrated in the 
southern and central parts of DSH, as shown in Figure 7, which experiences the most intense 
monsoonal rainfall and fluvial dominated processes, and the northern area is mostly affected by 
glacial and cryogenic processes with very little anthropogenic activity (Starkel et al., 2014; Kashyap 
et al., 2021; Biswakarma et al., 2023; Prasad et al., 2021; Sonker et al. 2021; Kashyap et al., 2024). The 
Darjeeling, Kalimpong, South Sikkim and adjacent areas also receives very high monsoon rainfall (up 
to 5000-6000 mm/year) and frequent short duration high intensity rainfall (200-400 mm/few hours), 
which may cause debris flows and slope failures (Nath et al., 2021; Singh et al., 2021; Ram et al., 2022; 
Riaz et al., 2023). 

However, from south to north, rainfall decreases, but landslides still take place across the region 
except the glacier covered norther parts, suggesting that rainfall is one of the most important factor 
triggering landslides (Bhandari et al., 2021; Sonker et al., 2021; Kashyap et al., 2024). Due to the 
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updated landslide inventory, we have also observed landslide susceptible zones in the northern part 
of the study area along the river corridors which were lacking in the previous studies. 

The SHAP-based interaction provides a better understanding of the physical processes that 
determine landslide occurrence and shows that nonlinear, threshold-dependent interactions, rather 
than individual factor effects, control susceptibility. Slope is the primary predisposing variable that 
governs the instability of the terrain at the base, while the other variables are conditioning triggers or 
modifiers. The slope-rainfall interaction exhibits a distinct threshold behavior, in which moderate 
slope gradients (~20–30°) and steeper gradients significantly increase landslide susceptibility to 
rainfall (see Figure 6a). Such behavior reflects the physical mechanism of pore-water pressure 
buildup and rapid reduction in effective shear strength under saturated conditions. 

Moreover, the interaction of rainfall and soil moisture emphasizes the significance of 
hydrological preconditioning, which is consistent with the high infiltration rate of sandy and silty 
regolith in the area, and thus slopes are highly susceptible to mass movements during the duration 
or even the intensive rainfall (Figure 6d) (Chowdhuri et al., 2020; Saleem et al., 2020; Nath et al., 2021). 
The presence of the Tista River also contributes to slope instability in DSH. The river is in the youth 
stage, where it is capable of high erosion capacity and comprises deeply incised valleys (∼1000–3000 
m) and steep gradient channel, which increases lateral erosion, resulting in frequent undercutting of 
slope toes, thereby increasing slope instability in the DSH (Scherler et al., 2015; Ghimire et al., 2020). 

Seasonal fluctuations in the increase or decrease in river discharge especially in heavy rainfall 
and snowmelt conditions, increase the pore water pressure and reduce the shear strength, resulting 
in landslides (Pathak et al., 2016; Ghimire et al., 2024). Moreover, geomorphic processes such as 
alluvial fans, channel migration, and sediment aggradation indicate ongoing landscape realignment, 
which further increases the vulnerability of drainage-proximate areas. These are the processes that 
are directly related to the high SHAP contributions near drainage networks. 

Anthropogenic factors contribute to natural instability, which is seen in the slope-distance to 
roads interaction (Figure 6b). Road construction and deforestation, along with changes in land use, 
have intensified geomorphic processes by altering natural drainage patterns, increasing surface 
runoff, and destabilizing slopes through excavation and toe removal. Consequently, high-
susceptibility zones are consistently aligned along road corridors, implying interaction between 
geomorphic and human-generated disturbances. 

The slope-distance to faults interaction demonstrates the significance of tectonic controls (Figure 
6d), with proximity to faults and thrusts weakening the rock mass through fracturing and structural 
discontinuities, suggesting that the Himalayan region is tectonically active with continuous uplift 
and under a complex surface deformation process, increasing landslide frequencies. The major 
structural discontinuities that affect the landslides are Geilkhola fault, Martam fault, Munsiari thrust, 
Ramgarh thrust. 

All this evidence suggests that a combination of topographic, hydrological, structural, and 
anthropogenic factors determines landslides in the DSH. The Himalaya is under a complex tectonic 
regime, which is active and continuously uplifting, with deformations causing slope instabilities. All 
these results support the argument that the landslides in the DSH are indeed a complex interaction 
of topographic, hydrological, structural, and anthropogenic factors. 

The results of the current research are consistent with the results of the previous works which 
show that the influence of rainfall, geology, and geomorphology are the most significant factors 
causing landslides in the Himalayan scenery (Mandal et al., 2018; Das et al., 2019; Nath et al., 2021), 
and also allow affirming that the impact of monsoonal precipitation Nevertheless, unlike the 
literature, which emphasizes the predominance of individual factors, the present study confirms that 
the effects of interaction are predominant in landslide susceptibility that can be better captured by 
both slope unit-based models and landslide ensemble machine learning approaches. 

Past literature suggested conflicting findings on the predictive accuracy of bivariate and machine 
learning models, with some studies presenting superiority of statistical models and others showing 
the superior performance of machine learning models (Kadavi et al., 2018; Lee et al., 2018; Huang et 
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al., 2020; Zhang et al., 2020; Barbosa et al., 2021; Bera et al. 2021; Rahaman et al. 2021; Bachri et al. 
2021). Our current study shows that ensemble based machine learning models like Random Forest 
and CatBoost have better predictive capability because they non-linearly relate and interact with 
conditioning factors. 

The overall findings suggest that the multivariate, nonlinear, and threshold-dependent 
processes govern the landslide susceptibility in the DSH with slope being one of the most important 
determinants of landslide base stability, rainfall being the most important triggering factor, and soil 
moisture, drainage, roads, and tectonic structure as modulators of susceptibility in certain 
circumstances. Combining slope unit-based modeling with SHAP-based interpretability is a 
physically meaningful and sound framework for understanding landslide processes and provides 
valuable information for effective landslide risk management in complex mountainous terrain. 

7. Limitations and Constraints 

Landslides in the DSH are complex phenomena that are triggered by multiple factors, and our 
study provides valuable insights into LSM. However, these factors are driven by static as well as 
dynamic conditioning factors, whereas in the present approach, we have considered static 
conditioning factors only, which can limit the quality of LSM. All these conditioning factors were 
sourced from freely available multi-sensor data with different resolutions and data types (raster and 
vector), which can cause problem in data compatibility and model validation. The inventories were 
manually mapped and were not automatically determined, which can add human error in the 
generation of a precise inventory, and LSM quality can be compromised (Singh et al., 2025; Chandra 
et al., 2025a; Chandra et al., 2025b). The delineation of slope units is dependent on the selection of 
threshold parameters controlling flow accumulation and contributing area, which may influence the 
number and size of the resulting units. Although multiple threshold values were tested and the final 
configuration was selected based on geomorphological consistency, a detailed quantitative 
sensitivity analysis was not performed. This limitation may introduce some uncertainty in the spatial 
configuration of susceptibility zones and is considered a scope for future work. Even though the slope 
unit-based method minimizes the clustering effect of landslide inventory points, residual spatial 
autocorrelation may still persist among adjacent slope units. Conventional cross-validation might be 
used instead of spatially explicit validation methods, and, as such, it may introduce some level of 
optimistic bias into model performance estimates. The best way forward is to implement spatial 
cross-validation structures to better represent spatial dependency and increase model reliability. 

The integration of InSAR-based results can detect and provide the current deformation rates of 
the area at a higher precision (Singh et al., 2022; Bhasin et al., 2023). In the present work, we have 
considered all the landslide in point shapefile format of the same intensity, whereas they may have 
different magnitude and types. The present work is totally based on multi-sensor data which can 
only tell us about the probability of landslides, and it lacks field-based measurement data such as soil 
strength, arrangements of cracks and joints, and other measurement data that can be used to 
determine the slope stability and failure mechanism of an area. Moreover, the SHAP shows the 
feature importance of conditioning factors controlling landslide prediction, but some of the 
conditioning factors are also correlated to each other and can often exist together, showing that these 
conditioning factors do not individually influence landslides. 

Although this paper has some limitations, our study is reliable for LSM in complex terrain like 
the Himalayas, where these landslides are stochastic and sometimes inaccessible for fieldwork. 
Although landslides work on the same process at every place they can be influenced by different 
geological, hydrological, anthropogenic factors which can directly control landslide probabilities, 
which shows that the results obtained from our selected models at different hyperparameters cannot 
be directly used in other terrains without optimization. 

In future studies, LSM can be improved with help of high-resolution data such as LiDAR, 
integration of InSAR based deformation data, and other multi temporal data, and updated landslide 
inventories. In cases where LSM is based on dynamic condition factors, models such as Long Short-
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Term Memory (LSTM) networks and spatio-temporal convolutional neural networks can improve 
LSM, which can be helpful for policymakers and in disaster risk reduction. 

8. Conclusions 

The present work was done to determine the unstable and stable slope units in DSH, using six 
machine learning and deep learning models RF, GAM, CatBoost, TabNet, BART, and CNN. After 
selection of the models, all these selected model’s hyperparameters were evaluated using the 
Bayesian Optimization method except BART. Among these selected models, Random Forest and 
CatBoost show superior predictive performance, indicating the effectiveness of ensemble-based 
approaches in capturing complex nonlinear relationships and interactions among landslide 
conditioning factors. 

Most of the slope units prone to landslides were present in the central and southern parts of 
DSH, which are driven by intense monsoonal rainfall, active fluvial processes, and anthropogenic 
processes, whereas the northern parts were mostly snow-covered and had less human interference 
resulting in less susceptible zones. However, due to the updated landslide inventory, we have also 
seen that some of the northern slope units were prone to landslides along the rivers reflecting the 
need for time to time updating of these inventories to increase the accuracy of LSM. 

In DSH mostly landslides are driven by the combined influence of topographic, hydrological, 
structural, and anthropogenic factors. Where slope acts as a primary predisposing factor by 
increasing gravitational stress, while proximity to faults weakens the rock mass through structural 
discontinuities. Hydrological variables such as rainfall, soil moisture, and drainage enhance 
instability through pore-water pressure buildup, whereas human activities such as road construction 
further amplify slope failure. Importantly, SHAP-based interpretation reveals that these factors do 
not operate independently but interact in a nonlinear, threshold-dependent manner to control 
landslide occurrence. 

These results can be helpful to policymakers in the mitigation of landslides by creating cost 
effective safer infrastructure developments. The use of SHAP can be used to determine which factors 
affect the most to the landslides which can be helpful for factor-based mitigation strategies by 
improving drainage system, proper road construction planning, slope stabilization which can reduce 
the damage rate created by the landslides. 
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