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ABSTRACT 

Landslides along Himalayan Road corridors cause repeated loss of life and prolonged disruption of access, 

yet susceptibility products for these settings rarely report how far their predictions can be trusted away from 

the training data. This study maps landslide susceptibility for the Karnali Highway (NH 58) corridor in 

western Nepal (about 2,155 km2) and pairs the map with an explicit reliability layer. A landslide inventory 

and an equal set of non-landslide sites were characterised by nine conditioning factors spanning topography, 

hydrology, geology, land cover, and proximity to roads and drainage. Two mapping units were compared: 

a pixel representation evaluated at three moving-window sizes (3x3, 15x15, 25x25 cells on a 12.5 m DEM) 

and a slope-unit representation. Random Forest, a radial-basis support vector machine, and XGBoost were 

tuned with Bayesian search, calibrated with Platt scaling, and combined as an equal-weight mean-

probability ensemble. To avoid the optimistic scores that spatial autocorrelation produces under random 

splitting, all tuning and evaluation used spatially blocked cross-validation with 1,000 m centroid blocks for 

the pixel pipeline and stratified random cross-validation for the slope-unit pipeline. Under this blocking the 

pixel models reached a mean cross-validation AUC of 0.96 to 0.98 across models and scales, with XGBoost 

the strongest; the single blocked-holdout fold reached 0.99 at the 15x15 window and is reported as a 

secondary diagnostic. The slope-unit models, a more conservative mapping unit, scored 0.76 to 0.91. 

Performance peaked at the intermediate window and declined at 25x25. Aspect was the leading predictor 

across every model and scale, followed by NDVI, slope, and the topographic wetness index, a pattern that 

points to monsoon-driven moisture loading on south-to-southwest-facing slopes. About 37 percent of the 

corridor falls in the combined High and Very High pixel susceptibility classes. A Mahalanobis-distance 

applicability domain, blended with inter-model agreement and published as a binary trusted/untrusted mask, 

flags where the prediction extrapolates beyond the training feature space; about 98 percent of slope units, 

and a comparable share of pixels, fell inside the trusted domain, giving practitioners a spatial guide to where 

the map should and should not drive engineering decisions  

Keywords: landslide susceptibility; machine learning ensemble; XGBoost; slope units; applicability 

domain; Nepal Himalaya 



1 INTRODUCTION 

Landslides are among the most widespread and lethal natural hazards, occurring on every continent except 

Antarctica and causing recurring loss of life, livelihoods, and infrastructure (Froude & Petley, 2018a). 

Global catalogues consistently show occurrence and fatalities concentrating in Asia, and specifically along 

the Himalayan arc Kirschbaum et al., 2015), (Petley, 2012), (Froude & Petley, 2018b),, Gómez et al., 2023). 

Nepal ranks among the countries with the highest per-capita landslide fatality risk (Kincey et al., 2024a), 

(Nadim et al., 2006), owing to steep topography, an intense monsoon, and active tectonics along the 

Himalayan front (Harvey et al., 2025a). Occurrence is episodic and spatially erratic within a monsoon 

season, and the frequency–fatality relationship is strongly non-linear, so a few high-magnitude, poorly 

anticipated events dominate the human toll (Adhikari & Tian, 2021). 

Two events illustrate this. The August 2014 Jure landslide in Sindhupalchok District killed about 156 

people, dammed the Sunkoshi River for weeks, and severed the Arniko Highway; the poorest affected 

households lost up to fourteen times their annual income (van der Geest, 2018). The April 2015 Mw 7.8 

Gorkha earthquake triggered more than 20,000 landslides across 14 districts, and the elevated hazard 

persisted for years, with the 2020 monsoon alone producing dozens of fatal landslides in the affected zone 

(Harvey et al., 2025b). 

Landslides also erode the agricultural base of affected communities, with documented income losses of 29–

52% after irrigation infrastructure was destroyed (“Landslide Science and Practice,” 2013), and nationally 

about 39% of buildings sit in non-zero susceptibility zones (Kincey et al., 2024b). This combination of high 

unpredictability and high consequences is what motivates susceptibility mapping as a planning tool rather 

than reactive, post-event response. 

Landslide susceptibility mapping (LSM) classifies terrain by its relative likelihood of future failure, relating 

known landslides to the terrain conditions that characterise them (Reichenbach et al., 2018a). Unlike hazard 

or risk assessment, which adds temporal recurrence, exposure, and vulnerability, susceptibility addresses 

the more tractable question of where failure is relatively more or less likely (Guzzetti et al., 2005). That 

tractability makes susceptibility maps directly useful for land-use zoning, road maintenance prioritisation, 

early-warning design, and targeting scarce field investigation along a remote lifeline corridor like the 

Karnali Highway. 

Susceptibility methods fall into three families (Aleotti & Chowdhury, 1999), (Reichenbach et al., 2018b). 

Heuristic (expert-based) methods rank factors by geomorphological judgement, often through multi-criteria 

or fuzzy-logic weighting, and are well represented in Nepal (Bijukchhen et al., 2013), (Pokharel & Gurung, 

2024). 

Statistical methods: frequency ratio, information value, weights-of-evidence, logistic regression, certainty 

factor, derive weights empirically from the observed association between landslides and each factor, and 

dominate the Nepali literature (Bhatta & Adhikari, 2024), (Devkota et al., 2013), (Kayastha et al., 2013), 

(Dahal & Hasegawa, 2008). 

Physically based (deterministic) methods such as the infinite-slope model, TRIGRS, or SHALSTAB 

compute a factor of safety from geotechnical and hydrological first principles, offering mechanistic 

interpretability that empirical methods cannot (Woodard & Mirus, 2025a). 

Each family has limitations that become acute in data-sparse, complex terrain like the Karnali corridor. 

Heuristic methods depend on analyst experience and are hard to validate objectively (Konakoglu & Kurt 

Konakoglu, 2025), (Feizizadeh et al., 2014). 

Physically based methods need cohesion, friction angle, permeability, and bedrock-depth data that are 

rarely available at regional density, which limits consistent application over large areas (Woodard & Mirus, 

2025b). 



Classical statistical methods are reproducible but mostly assume linear or log-linear relationships and 

struggle with the non-linear, higher-order interactions that govern failure; they are also sensitive to 

mapping-unit and DEM-resolution choice, whose influence on derived geomorphometric factors remains 

poorly constrained (Chang et al., 2019). 

Most importantly, none of these families routinely report where their predictions should be trusted: a 

susceptibility map assigns a value to every pixel or polygon with no statement of which predictions fall 

inside the conditions the model was built to represent (Meyer & Pebesma, 2021a). 

Over the past decade, machine learning (ML) has displaced classical statistics as the dominant LSM 

approach, because tree- and kernel-based learners represent the non-linear interactions that logistic 

regression and frequency ratio cannot (Reichenbach et al., 2018c). Random Forest, SVMs, and gradient-

boosted trees have been benchmarked widely: Random Forest was most accurate among four classifiers on 

the Karakorum Highway in northern Pakistan, a setting close to the Karnali corridor (Hussain et al., 2022); 

Random Forest and Linear Discriminant Analysis led a seven-model comparison at Abha Basin, Saudi 

Arabia (Youssef & Pourghasemi, 2021); and Random Forest reached 97% accuracy against a 298-site 

inventory in Wayanad, Kerala (P et al., 2025). Recent work has turned to tuned gradient boosting and 

Bayesian optimisation for further gains, including along the Karakoram Highway in Gilgit-Baltistan (Abbas 

et al., 2023). 

A related development is ensemble modelling, which combines several base learners by averaging, 

stacking, or voting so that one model compensates for another's biases, as validated in Lombardy, Northern 

Italy (Xu et al., 2024). Ensembles formalise the variance-reduction argument of (Dietterich, 2000a) and 

show consistent, if resolution-dependent, gains over single models (Abraham et al., 2021) , (Lombardo et 

al., 2020) a pattern this study reproduces and examines in Section 4. 

A third development is renewed attention to mapping units. Most ML-based LSM still uses regular pixels, 

but slope units: polygons bounded by ridgelines and valley lines that respect terrain structure; give more 

geomorphologically meaningful, decision-relevant zonation (Alvioli et al., 2016). Comparisons are mixed: 

a modified information-value study found slope units modestly outperformed grid cells (Ba et al., 2018), 

while a regional study in the Rwenzori Mountains found slope units especially useful where inventories are 

heterogeneous (Jacobs et al., 2020). Neither tested slope units against pixels across multiple kernel sizes 

with the same ensemble, the comparison undertaken here at 3×3, 15×15, and 25×25. 

Across almost the entire ML-based LSM literature, performance is reported only through aggregate 

statistics: holdout AUC, F1, cross-validation accuracy, with no statement of where those statistics hold. ML 

models are interpolators: reliable within the feature space spanned by their training data and prone to 

degrade silently under extrapolation (Meyer & Pebesma, 2021b). A high cross-validation AUC describes 

skill inside the training feature space, not reliability in a neighbouring valley with a different lithology or 

drainage pattern. 

The idea of bounding predictions has a longer history outside geoscience. In cheminformatics, the 

applicability domain of a QSAR model has for two decades been a mandatory companion to any prediction, 

limiting reliable predictions to inputs similar to the training set (Sahigara et al., 2012). Environmental 

modelling converged on an area of applicability based on a distance index in predictor space (Meyer & 

Pebesma, 2021c), and (Linnenbrink et al., 2026) showed that even spatial cross-validation remains 

optimistic under genuine extrapolation, so cross-validation alone cannot substitute for an explicit domain 

assessment. 

LSM has been slow to adopt this layer despite needing it: Himalayan terrain has short-distance lithological 

and structural transitions, so a model trained on one unit can be asked, unnoticed, to extrapolate into terrain 

it never saw. This study treats the applicability domain not as an afterthought but as the mechanism that 

determines whether its multi-framework consistency finding can extend to comparable corridors. If 

susceptibility patterns replicate across three model families (RF, XGBoost, SVM), two mapping units, and 

three resolutions, that convergence indicates a terrain-driven signal rather than one model's inductive bias 

; a claim only as strong as the domain layer that shows where the training data support it. 



2 MATERIALS AND METHODS 

2.1 STUDY AREA 

The study region lies in the western hills and mountains of Nepal, mainly in Karnali Province and partly in 

Sudurpaschim, shown in Figure 1. It covers Kalikot District entirely and parts of Achham, Bajura, Jumla, 

and Dailekh, between 29°03′45″ and 29°24′10″ N and 81°27′30″ and 82°02′40″ E, about 2,155 km². 

Elevation ranges from 605 m in the southern valleys to 4,432 m in the northern mountains (mean 2,581 m). 

 

Figure 1: Study Area 

The corridor sits within the greater Karnali River Basin. The Karnali Highway climbs from the Surkhet 

foothills toward Jumla along the Karnali and its tributaries, including the Tila; it is the main link between 

these remote districts and the rest of the country and closes for weeks during the monsoon from landslides, 

rockfall, and slope failure. 

Geologically the area belongs to the Fore Himalaya and Midland zones of the Lesser Himalaya (Dhital, 

2015), bounded to the north by the Main Central Thrust and to the south by the Main Boundary Thrust 

(Dhital, 2015), and built largely of low- to medium-grade metamorphic and metasedimentary rocks. 

Climate varies strongly with the 605–4,432 m relief; the Indian summer monsoon and western disturbances 

supply most rainfall, though less than in eastern Nepal (Sahastrabuddhe et al., 2023). Steep slopes 

(commonly 30–45°), deep gorges, colluvial deposits, and active tectonics make this one of Nepal's more 

landslide-prone corridors (Dhital, 2015). The concentration of active failures along a lifeline road, together 

with an available inventory and high-resolution terrain and satellite data, motivated its selection. 



2.2 DATA USED  

2.2.1 LANDSLIDE INVENTORY 

A landslide inventory was mapped over the 2,155 km² area by visual interpretation of high-resolution 

imagery, identifying landslides from scars, bare soil, disturbed vegetation, and lobate deposits and digitising 

them as polygons. Polygon mapping records both extent and source area (Mohammed et al., 2025) and has 

been applied across the data-sparse Himalaya (Batar & Watanabe, 2021); polygons carry more information 

per failure than single points (Godoy et al., 2022). 

An equal number of non-landslide polygons were drawn over apparently stable terrain (gentle-to-moderate 

slopes, intact vegetation, no sign of past movement); because ML models need a binary target, negative-

sample reliability matters as much as the positives, and poorly chosen negatives degrade accuracy (Gu et 

al., 2024). 

For the pixel pipeline, 1,000 landslide and 1,000 non-landslide pixels were sampled per grid scale, giving 

a balanced 2,000-sample set per scale. Non-landslide pixels were drawn with a two-stage filter: a buffer 

around each mapped polygon excluded near-failure ground, and only pixels in Low or Very Low zones of 

a separate baseline susceptibility analysis were eligible, which lowers the chance of sampling genuinely 

unstable terrain as a negative. For the slope-unit pipeline, every unit containing a mapped landslide centroid 

was labelled positive and the rest negative, which yields naturally imbalanced sets (3x3: 278 landslide and 

852 non-landslide, n = 1,130; 15x15 and 25x25: 338 and 507, n = 845). KML files were exported from 

Google Earth Pro and converted to shapefiles in QGIS. 

2.2.2 LANDSLIDE CONDITIONING FACTORS  

Eleven candidate factors were assembled; multicollinearity screening (Section 2.3.1) removed two, leaving 

nine used in all modelling and listed with the inventory in Table 1. Factors were chosen for their 

documented influence on landslides across topography, hydrology, geology, and proximity to natural and 

built features. 

Table 1: Category, Source Derivation and Units for Landslide Conditioning Factors 

Factor Category Source / Derivation Unit 

Slope Topographic ALOS PALSAR 12.5 

m DEM derivative 

Degrees 

Aspect Topographic ALOS PALSAR 12.5 

m DEM derivative 

Degrees 

Curvature (profile) Topographic ALOS PALSAR 12.5 

m DEM derivative 

1/m 

Topographic 

Wetness Index 

Hydrological ALOS PALSAR 12.5 

m DEM derivative 

Dimensionless 

Distance to fault Geological DMG structural 

geology map 

(1:400,000) 

Metres 

Distance to thrust Geological DMG structural 

geology map 

(1:400,000) 

Metres 

NDVI Land cover Sentinel-2 L2A, 10 m 

(2021-2024 dry-

season minimum) 

Dimensionless 

Distance to road Anthropogenic Euclidean distance 

from road network 

Metres 



Distance to river Hydrological Euclidean distance 

from DEM-derived 

stream network 

Metres 

a) Topographic Factors 

Topography strongly governs slope stability, runoff, and erosion (McColl, 2022); the topographic factors 

are slope, aspect, profile curvature, and the topographic wetness index (TWI), all derived from the DEM. 

Steeper slopes are less stable (Nath et al., 2021); slope was computed from the DEM using the gradient 

approach of (Keles & Nefeslioglu, 2021): 

𝑆𝑙𝑜𝑝𝑒(𝜃) = arctan⁡√(
𝜕𝑧

𝜕𝑥
)2 + (

𝜕𝑧

𝜕𝑦
)2 

where, ∂z/∂x and ∂z/∂y are the rates of change of elevation in the x and y directions. Most terrain lies in the 

16–48° range, and landslides concentrate in these moderate-to-steep zones, consistent with slope angle as 

a primary control on shear stress. 

Aspect sets slope orientation, which affects insolation, vegetation, and weathering (Galli et al., 2008). 

Mapped landslides occur across all aspect classes, with somewhat greater representation on south- to south-

west-facing slopes; a pattern echoed by the later feature-importance and SHAP results. 

The topographic wetness index (TWI) combines slope and upstream contributing area (W. Chen et al., 

2017) (Roy & Saha, 2019): 

𝑇𝑊𝐼 = ln(
𝐴𝑆

tan(𝜃)
)⁡ 

⁡Here tan(θ) is the slope gradient and As the upstream contributing area. TWI indicates where water 

accumulates and soil cohesion may fall; values are mostly low-to-moderate given the steep, well-drained 

terrain, but high-TWI drainage hollows coincide with several landslide clusters. 

Profile curvature, the curvature in the vertical plane along the slope (Yilmaz et al., 2012), is near-zero across 

most of the area (−0.0004 to 0.0181), so curvature alone is not a dominant control but contributes with other 

factors. 

The topographic layers are shown in Figure 2. 



 
Figure 2: Maps Showing Landslide Conditioning – Topographical Factors: (a) Slope, (b) 

Aspect, (c) Profile Curvature and (d) TWI 

b) Land Cover Factors 

Vegetation density was quantified with NDVI (Choi et al., 2012), computed from the red and infrared 

Sentinel-2 L2A bands: 



𝑁𝐷𝑉𝐼 =
𝐼𝑅 − 𝑅

𝐼𝑅 + 𝑅
 

where R and IR are the red and infrared reflectance. 

In Figure 3, NDVI is classified into five ranges from ≤ −0.6 (bare rock and snow) to > 0.6 (dense 

vegetation). Most of the area carries moderate-to-dense cover (NDVI 0.2–0.6), typical of forested mid-hill 

slopes, with lower values along valley corridors, ridgelines, and disturbed ground. Many landslides cluster 

in moderate-NDVI rather than densely vegetated zones, consistent with root reinforcement stabilising steep 

terrain and its loss raising failure risk. 

 
Figure 3: Map Showing Landslide Conditioning – Land Cover Factor: (a) NDVI and (b) 

NDWI 

c) Proximity to anthropogenic and natural features 

Four proximity factors were computed by Euclidean distance: distance to river and road from hydrological 

and road networks, and distance to thrust and fault from thrust and faults in geological maps and tectonic 

databases. Fracturing, shear zones, and reduced rock-mass integrity near faults and thrusts raise 

vulnerability, and proximity to these structures also promotes seepage and seismic amplification. 

Landslides concentrate in the nearest class of each factor (shown in Figure 4): ≤ 4,876 m for faults, ≤ 270 

m for rivers the strongest single proximity association and ≤ 1,073 m for roads, while thrust proximity 

shows a broader, less localised influence. 



 

Figure 4: Map Showing Landslide Conditioning – Anthropogenic Factors: (a) Distance to 

Road, (b) Distance to River, (c) Distance to Thrust, and (d) Distance to fault 

2.2.3 MULTI-SCALE SPATIAL GRID DESIGN  



Conditioning-factor statistics were examined at three grid resolutions: 3×3, 15×15, and 25×25 pixels; 

representing fine, medium, and coarse aggregation. Factor values at each sample site were taken from the 

corresponding spatial-averaging window. 

2.3 METHODS  

The framework (Figure 5) is a sequential pipeline: data pre-processing; exploratory analysis; train–test 

splitting; Bayesian hyperparameter optimisation with inner cross-validation; probability calibration; 

evaluation; SHAP interpretability; ensemble construction; pixel-wise raster prediction; and applicability-

domain assessment. It was implemented in Python 3.10 (scikit-learn 1.3, XGBoost 1.7, SHAP 0.42, scikit-

optimize 0.9, rasterio 1.3, joblib 1.3) on Google Colaboratory with GPU disabled for determinism. 

 

Figure 5: Methodological framework for landslide susceptibility modelling  

2.3.1 DATA PRE-PROCESSING 

Factor tables were read by Excel and cleaned. Of the eleven candidates, two were dropped for collinearity: 

NDWI (McFeeters, 1996), a dry-season maximum composite from the same Sentinel-2 imagery, correlated 

with NDVI (|r| = 0.83), and terrain roughness correlated with slope (|r| = 0.96). The more interpretable 

factor was kept in each pair (NDVI and slope), leaving nine with no remaining pair above the |r| > 0.8 

threshold. Rows with nulls were dropped. Correlation heatmaps and per-class kernel-density plots 

compared landslide and non-landslide distributions. 

2.3.2 PIXEL-BASED APPROACH WITH MULTI-SCALE ZONAL STATISTICS 

Conditioning-factor values were extracted with square moving-window kernels of 3×3, 15×15, and 25×25 

pixels. Multiple window sizes reflect the multi-scale nature of hillslope processes: small windows capture 

local conditions relevant to shallow translational failures; larger windows integrate neighbourhood context 

relevant to deeper rotational failures. For each window, the meaning of each factor was recorded as the 

feature vector. 

2.3.3 SLOPE UNIT-BASED APPROACH 

Slope units were delineated with the r.slopeunits module in GRASS GIS, which partitions terrain into 

hydrologically coherent units bounded by ridgelines and valley lines while enforcing internal aspect 

homogeneity, controlled by a minimum area threshold (a) and a circular variance (c). A grid search over 



six values of a (50,000–300,000 m², step 50,000) and seven of c (0.10–0.40, step 0.05) gave 42 

configurations, each evaluated with a Global Heterogeneity index (GH) combining normalised global 

aspect variance (V, intra-unit homogeneity) and weighted Moran's index (wMI, inter-unit heterogeneity), 

where lower GH is better. GH ranged from 0.9996 to 1.0440; the minimum (0.9996, at a = 300,000 m² and 

c = 0.35) yielded 9,952 polygons (V = 0.7400, wMI = 0.9996) and was selected as optimal. 

2.3.4  DATA SPLITTING AND CROSS-VALIDATION STRATEGY 

Pixel datasets used an 80/20 stratified split with spatial grouping on 1,000 m blocks to limit leakage between 

nearby observations. Within the training data, five-fold StratifiedGroupKFold used the same 1,000 m 

blocks as groups while preserving class balance during tuning. 

For slope units, centroids were assigned to 2,000 m blocks, and StratifiedGroupKFold with the same 2,000 

m blocking was used for both the outer 80/20 holdout and the inner five-fold tuning. This spatially blocked 

design reduces the optimistic bias that arises when adjacent observations fall in both training and validation 

folds. 

2.3.5 BAYESIAN HYPERPARAMETER OPTIMISATION 

Grid and random search are inefficient in high-dimensional spaces. Bayesian optimisation (Snoek et al., 

2012) builds a probabilistic surrogate of the objective and uses an acquisition function to choose the next 

query, balancing exploration and exploitation. BayesSearchCV (scikit-optimize) ran 20 iterations per model 

per grid scale, optimising F1-score for balanced performance under class imbalance; search spaces are in 

Table 2. 

Table 2: Hyperparameter search spaces for RF, SVM, and XGBoost (Bayesian 

optimisation). 

Model Hyperparameter Search Space Type 

Random 

Forest 

n_estimators [150, 400] Integer 

Random 

Forest 

max_depth [5, 25] Integer 

Random 

Forest 

min_samples_split [2, 10] Integer 

Random 

Forest 

min_samples_leaf [1, 10] Integer 

Random 

Forest 

class_weight balanced / 

balanced_subsample 

Categorical 

SVM C [0.01, 100] (log-uniform) Real 

SVM Gamma [1e-5, 10] (log-uniform) Real 

SVM Kernel rbf Categorical 

XGBoost n_estimators [150, 400] Integer 



XGBoost max_depth [3, 12] Integer 

XGBoost learning_rate [0.01, 0.3] (log-uniform) Real 

XGBoost Subsample [0.6, 1.0] Real 

XGBoost colsample_bytree [0.6, 1.0] Real 

  

For SVM, a Pipeline wrapping StandardScaler and SVC ensured scaling fit within each fold, preventing 

leakage into the scaler statistics (Kaufman et al., 2012). 

2.3.6 MACHINE LEARNING MODELS 

a) Random Forest (RF) 

Random Forest is a bagging ensemble of decision trees, each on a bootstrap sample with random feature 

subsets at each split, which decorrelates trees and reduces variance (Breiman, 1996); n_estimators, 

max_depth, min_samples_split, min_samples_leaf, and class_weight (balanced / balanced_subsample) 

were tuned. 

b) Support Vector Machine 

The SVM used a radial-basis kernel (Cortes & Vapnik, 1995), embedded in a StandardScaler pipeline, with 

C and gamma optimised over log-uniform ranges and class_weight='balanced'. 

c) XGBoost (XGB)  

XGBoost builds gradient-boosted trees with a second-order loss expansion and L1/L2 regularisation (T. 

Chen & Guestrin, 2016); n_estimators, max_depth, learning_rate, subsample, and colsample_bytree were 

tuned under a binary:logistic objective with log-loss. 

2.3.7 PROBABILITY CALIBRATION 

Raw scores from the three models are not comparable: RF vote aggregation is bimodal toward 0 and 1, 

XGBoost overestimates high probabilities under imbalance, and SVM predict_proba clusters near 0.4–0.6, 

understating certainty. Naive averaging would discount SVM and make inter-model agreement 

uninterpretable. 

Platt scaling was therefore fit independently for each model on out-of-fold predictions from the spatially 

blocked folds, remapping each score to a posterior P (landslide | x) on a common axis. Because the Platt 

sigmoid is monotonic, calibration preserves rank order and leaves AUC essentially unchanged, so post-

calibration divergence reflects genuine uncertainty rather than score-range differences: a prerequisite for 

the Mahalanobis applicability domain. 

In the slope-unit pipeline, Platt scaling was fit on roughly 700 polygons per fold, so individual slope-unit 

probabilities are approximate, though calibration still improves cross-model comparability and the 

ensemble and domain assessments remain valid.  

 

2.3.8 FEATURE IMPORTANCE AND SHAP ANALYSIS 

Feature importance used three approaches: native Gini importance for RF and XGBoost; permutation 

importance (10 repetitions, mean F1 decrease) for SVM; and permutation importance on the ensemble mean 

probability. Global SHAP summary plots were generated for all base models (TreeExplainer for RF and 



XGBoost, KernelExplainer for SVM with a 100-instance background), with beeswarm plots showing the 

magnitude and direction of each factor's effect (Lundberg & Lee, 2017). 

2.3.9 ENSEMBLE CONSTRUCTION 

The ensemble model combines the calibrated predictions of RF, SVM, and XGBoost through arithmetic 

mean probability averaging: 

𝑃⁡𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒⁡(𝑥) = (
1

3
) ∗ [𝑃𝑅𝐹(𝑥) + 𝑃𝑆𝑉𝑀 + 𝑃𝑋𝐺𝐵(𝑥)] 

A binary prediction is obtained at a 0.5 threshold. Averaging reduces variance in proportion to the pairwise 

correlation between base classifiers (Dietterich, 2000b) and improves consistently on individual models in 

LSM settings (V. T. Nguyen et al., 2019). The ensemble bundle (three calibrated models, feature list, 

threshold, and aggregation method) was serialised with joblib for raster prediction. 

2.3.10  PIXEL-WISE SUSCEPTIBILITY MAPPING 

The ensemble was applied across the study area using co-registered raster stacks loaded with rasterio, with 

a validity mask for finite, non-nodata pixels and feature order preserved from training. Probability maps 

were reshaped to the raster grid and written as LZW-compressed GeoTIFFs. 

2.3.11 APPLICABILITY DOMAIN ASSESSMENT 

The applicability domain (AD) framework assesses whether each prediction pixel falls within the feature 

space represented by the training data, and whether the three base models agree on their predictions. The 

domain score is computed as: 

𝑑(𝑥) = √(𝑥 − 𝜇)𝑇𝚺−𝟏(𝒙 − 𝜇)   

𝐷𝑜𝑚𝑎𝑖𝑛⁡𝑆𝑐𝑜𝑟𝑒(𝑥) = 1 − 𝑐𝑙𝑖𝑝(
𝑑(𝑥)

𝑑95
, 0,1)   

where μ is the training feature mean vector, Σ⁻¹ the precision matrix estimated by Ledoit & Wolf well-

conditioned even when features approach samples (Ledoit & Wolf, 2004) — and d95 the 95th-percentile 

training Mahalanobis distance used as the threshold. 

The model agreement score is computed as  

𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡⁡𝑆𝑐𝑜𝑟𝑒(𝑥) = 1 − 𝑐𝑙𝑖𝑝(
𝑆𝑇𝐷(𝑃𝑅𝐹,𝑃𝑆𝑉𝑀,𝑃𝑋𝐺𝐵)

0.5
, 0,1)  

, where 0.5 represents the maximum possible standard deviation of three probabilities bounded in [0,1].  

 



3 RESULTS  

3.1 FEATURE CORRELATION AND SELECTION 

Pearson correlation among the eleven candidates (Figure 6) showed most pairs weakly correlated (|r| < 0.2). 

Two exceeded the threshold: roughness–slope (r = 0.97), where roughness was dropped for slope, and 

NDVI–NDWI (r = −0.83), where NDWI was dropped for the more relevant NDVI. Distance to road–thrust 

(r = 0.48) and fault–thrust (r = 0.43) were moderate and retained. The nine retained factors: aspect, profile 

curvature, distance to fault, river, road, and thrust, NDVI, slope, and TWI, carried forward with reduced 

redundancy. 

 

Figure 6: Correlation matrix of conditioning factors before feature selection. 

3.2 PIXEL-BASED MODEL PERFORMANCE 

Across the three resolutions, the 15×15 grid gave the highest performance for every classifier. XGBoost 

was best overall (AUC = 0.9930, CV AUC = 0.9816 ± 0.0102, accuracy 96.6%, F1 = 0.965), with the 15×15 

ensemble close behind (AUC = 0.9894, 95.6%). Performance fell at 25×25, most for RF (AUC = 0.9617), 

while XGBoost stayed most robust. Spatial CV AUCs tracked holdout AUCs with low spread, indicating 

robust spatial generalisation and little overfitting. 

Table 3: Classification performance metrics for pixel-based models across three spatial 

window sizes. 

Grid Model AUC (Holdout) CV AUC (Spatial) Accuracy Precision Recall F1 

3×3 RF 0.9601 0.9791 ± 0.0055 92.2% 0.907 0.918 0.913 

3×3 SVM 0.9636 0.9647 ± 0.0050 90.8% 0.914 0.874 0.894 

3×3 XGB 0.9719 0.9844 ± 0.0026 93.1% 0.924 0.918 0.921 

3×3 Ensemble 0.9676 — 92.8% 0.924 0.912 0.918 



15×15 RF 0.9895 0.9790 ± 0.0085 93.6% 0.923 0.950 0.937 

15×15 SVM 0.9729 0.9677 ± 0.0139 91.2% 0.919 0.901 0.910 

15×15 XGB 0.9930 0.9816 ± 0.0102 96.6% 0.970 0.960 0.965 

15×15 Ensemble 0.9894 — 95.6% 0.951 0.960 0.956 

25×25 RF 0.9617 0.9748 ± 0.0087 89.6% 0.895 0.885 0.890 

25×25 SVM 0.9542 0.9608 ± 0.0040 89.9% 0.874 0.920 0.896 

25×25 XGB 0.9776 0.9801 ± 0.0085 92.6% 0.930 0.914 0.922 

25×25 Ensemble 0.9702 — 92.1% 0.929 0.902 0.915 

3.2.1 ROC-AUC COMPARISON ACROSS RF, XGBOOST, AND SVM  

 

Figure 7: Receiver Operating Characteristic (ROC) curves comparing the performance of 

Random Forest (RF), Support Vector Machine (SVM), XGBoost (XGB), and an Ensemble 

model across three input matrix sizes: (a) 3×3, (b) 15×15, and (c) 25×25.  

The ROC curves (Figure 7) match the metrics: XGBoost led at every resolution (0.972 at 3×3, 0.993 at 

15×15, and 0.978 at 25×25), all models exceeded 0.960 at 3×3 and 0.954 at 25×25, and the 15×15 curves 

were steepest and most tightly clustered. 

3.3 SLOPE UNIT-BASED MODEL PERFORMANCE 

Slope-unit models, with per-model threshold optimisation (Table 4), performed below their pixel 

counterparts. XGBoost led at 3×3 (AUC = 0.907, F1 = 0.679) and the ensemble at 15×15 (AUC = 0.870, 

F1 = 0.752); performance fell at 25×25, where SVM gave the lowest AUC (0.762). Spatial CV AUCs was 

stable (±0.011 to ±0.029) and thresholds varied (0.30–0.44). 

Table 4: Classification performance metrics for slope unit-based models.   

Grid Model Threshold AUC 

(Holdout) 

CV AUC 

(Spatial) 

Accuracy Precision Recall F1 

3×3 RF 0.37 0.8920 0.8819 ± 

0.0215 

79.6% 0.567 0.654 0.607 



3×3 SVM 0.30 0.8444 0.8632 ± 

0.0252 

78.7% 0.543 0.731 0.623 

3×3 XGB 0.37 0.9069 0.8787 ± 

0.0216 

84.3% 0.667 0.692 0.679 

3×3 Ensemble 0.41 0.8864 — 83.3% 0.648 0.673 0.660 

15×15 RF 0.33 0.8532 0.8572 ± 

0.0154 

78.3% 0.686 0.842 0.756 

15×15 SVM 0.44 0.8551 0.8375 ± 

0.0223 

77.6% 0.705 0.754 0.729 

15×15 XGB 0.30 0.8565 0.8561 ± 

0.0111 

76.2% 0.653 0.860 0.742 

15×15 Ensemble 0.36 0.8695 — 78.3% 0.691 0.825 0.752 

25×25 RF 0.43 0.8089 0.8655 ± 

0.0225 

69.9% 0.603 0.641 0.621 

25×25 SVM 0.38 0.7616 0.8604 ± 

0.0220 

69.9% 0.597 0.672 0.632 

25×25 XGB 0.34 0.8261 0.8645 ± 

0.0287 

73.5% 0.647 0.688 0.667 

25×25 Ensemble 0.38 0.8032 — 70.5% 0.609 0.656 0.632 

3.3.1   ROC-AUC COMPARISON ACROSS RF, XGBOOST, AND SVM  

 

 

Figure 8: Receiver Operating Characteristic (ROC) curves comparing the performance of 

Random Forest (RF), Support Vector Machine (SVM), XGBoost (XGB), and an Ensemble 

model across three input matrix sizes: (a) 3×3, (b) 15×15, and (c) 25×25. 



The slope-unit ROC curves (Figure 8) confirm the lower discrimination, with stepped, irregular shapes 

reflecting smaller effective samples and greater within-unit heterogeneity, so pixel-based approaches 

discriminate better in this study area. 

3.4 FREQUENCY RATIO VALIDATION OF SUSCEPTIBILITY CLASSES  

 

Figure 9: Frequency ratio (density ratio, DR) validation of Jenks-classified susceptibility 

maps for grid-based and slope-unit ensemble models across 3×3, 15×15, and 25×25 kernel 

resolutions.  

Frequency-ratio (density-ratio, DR) analysis gave monotonically increasing DR from Very Low to Very 

High across all six ensemble models and both mapping units, with no inversions (Figure 9). Grid-based 

models discriminated most strongly, their Very High class capturing 83.4–86.3% of landslide area over 

22.7–26.8% of the corridor (DR 3.12–3.80). Slope-unit models showed a moderate concentration, their 

Very High class capturing 45.8–62.3% of landslide area (DR 2.99–3.67); the lower absolute concentration 

reflects polygon smoothing, not reduced skill, since per-unit-area DR is comparable. In both pipelines the 

15×15 kernel gave the highest Very High DR (grid 3.36, slope unit 3.67), corroborating it as optimal, while 

the Very Low class held DR below 0.04 and under 1% of landslide area over 30–42% of the corridor. 

3.5 FEATURE IMPORTANCE AND SHAP ANALYSIS  

RF and XGBoost importance rankings (Table 5) converged on the same top predictors, with aspect first by 

a clear margin, then NDVI, slope, and TWI; distance to thrust, road, river, and fault occupied the middle 

ranks and profile curvature least. The agreement indicates the hierarchy is robust to model-specific bias. 

Table 5: Top 10 conditioning factors ranked by RF and XGB feature importance, with 

geomorphological interpretations 

Rank Factor RF importance XGB importance 

1 Aspect 0.385 0.335 

2 NDVI 0.137 0.118 

3 Slope 0.101 0.129 

4 TWI 0.099 0.103 



5 Distance to thrust 0.077 0.095 

6 Distance to road 0.071 0.076 

7 Distance to river 0.059 0.074 

8 Distance to fault 0.039 0.044 

9 Curvature (profile) 0.031 0.027 

  

 

Figure 10: SHAP summary plots for the 3×3 grid-based models 

SHAP summary plots for the 3×3 grid-based ensemble (Figure 10) added direction to magnitude. High 

slope, low distance-to-fault, and high TWI gave the largest positive contributions, while high NDVI gave 

negative contributions, confirming the protective role of dense vegetation. Aspect was important, with 

higher susceptibility associated mainly with south- to southwest-facing slopes, plausibly reflecting 

monsoonal moisture exposure, though this is a model-derived association rather than direct causation. 

Profile curvature showed the narrowest spread. The patterns were consistent across the other resolutions 

and slope-unit configurations, so the 3×3 results are representative. 



3.6 LANDSLIDE SUSCEPTIBILITY MAPS  

a) Pixel Based Approach   

Pixel-based maps were produced at all three window sizes, classified Very Low to Very High from the 

ensemble of RF, SVM, and XGB, with warmer colours indicating higher susceptibility. 

 

Figure 11: Grid-based (15×15) landslide susceptibility maps generated using RF, 

SVM, XGB, and Ensemble models  

The 15×15 ensemble map (Figure 11) shows a spatially coherent pattern, with Very High and High zones 

along steep escarpments, structurally controlled ridgelines, and drainage-adjacent facets in the central and 

north-western corridor. About 37% of the corridor is High or Very High. The 15×15 kernel captures terrain 

context at a scale consistent with characteristic Himalayan hillslope lengths, giving a surface neither 

fragmented at fine scales nor over-smoothed at coarse ones. 

b) Slope Unit Based Approach  

Slope-unit maps were produced at the same window sizes, each panel showing RF, SVM, XGB, and the 

ensemble over hydrologically defined polygons, producing a ridge-and-valley mosaic that reflects the 

terrain's geomorphological boundaries. 



 

Figure 12: Slope unit-based (15×15) landslide susceptibility maps generated using 

RF, SVM, XGB, and Ensemble models 

The 15×15 slope-unit ensemble map (Figure 12) conveys the same signal through the polygon mosaic, with 

high-susceptibility polygons on steep structurally controlled facets and drainage-adjacent units, matching 

the pixel pattern. The delineation is directly usable for infrastructure risk zoning, since slope-unit 

boundaries follow the features that define exposure for roads and settlements rather than arbitrary grid cells. 

3.7 APPLICABILITY DOMAIN RESULTS  

The AD mask identifies a large, well-separated trusted zone at every resolution and for both mapping units. 

At the 0.5 threshold, trusted coverage exceeded 97% for grids (97.54%, 97.62%, 97.60% at 3×3, 15×15, 

25×25) and 98% for slope units (98.41%, 99.11%, 98.75%), retaining most of the area while flagging only 

a small uncertain fraction. 



 

Figure 13: Applicability domain validation of grid and slope-unit models at different 

kernel resolutions (3×3, 15×15, and 25×25).  

Table 6: Summary of applicability domain validation metrics for grid-based and slope-

unit landslide susceptibility models across different kernel resolutions (3×3, 15×15, and 

25×25).  

Resolution 
Grid Based  Slope Unit Based 

3x3 15x15 25x25 3x3 15x15 25x25 

Total_Valid_Pixels 236009064 9372074 3317601 3417462 3417462 3417462 

Trusted_Pixels 230201953 9149316 3238127 3363116 3387197 3374769 

Trusted_Coverage_pct 97.54 97.62 97.6 98.41 99.11 98.75 

Untrusted_Pixels 5807111 222758 79474 54346 30265 42693 

Untrusted_Coverage_pct 2.46 2.38 2.4 1.59 0.89 1.25 

Mean_Ensemble_Susc_Trusted 0.4309 0.4151 0.4003 0.2921 0.3944 0.3814 

Mean_Ensemble_Susc_Untrusted 0.4613 0.4768 0.5077 0.4259 0.4217 0.4371 

Mean_Mahal_Dist_Trusted 1.9686 1.9702 1.959 2.5285 2.4053 2.399 

Mean_Mahal_Dist_Untrusted 4.0038 3.7247 3.7463 5.0952 5.2871 5.2341 

Mean_Disagree_Std_Trusted 0.0768 0.0743 0.0838 0.0604 0.0632 0.0607 



Mean_Disagree_Std_Untrusted 0.1874 0.2344 0.2208 0.1185 0.0831 0.0748 

Mean_Domain_Score_Trusted 0.6874 0.6851 0.6822 0.6545 0.6723 0.6757 

Mean_Domain_Score_Untrusted 0.3641 0.4047 0.3923 0.3041 0.2796 0.2925 

Total_Landslide_Polygons 460 460 460 460 460 460 

Landslides_Captured_Trusted 457 458 454 454 456 455 

Landslide_Capture_Rate_pct 99.35 99.57 98.7 98.7 99.13 98.91 

Spearman_r_Mahal_vs_Disagree 0.1352 0.0663 0.0876 0.0425 0.0043 0.0024 

Trusted_Coverage_pct_thresh_0.4 97.38 97.8 97.73 97.46 98.55 98.45 

Trusted_Coverage_pct_thresh_0.5 97.54 97.62 97.6 98.41 99.11 98.75 

Trusted_Coverage_pct_thresh_0.6 80.78 80.59 79.45 74.38 79.47 79.98 

  

Separation Between Trusted and Untrusted Zones: Mahalanobis distances separated the two zones 

clearly (Figure 13): trusted pixels held low means (≈1.96–1.97 grid; ≈2.40–2.53 slope units) and untrusted 

pixels roughly double that (≈3.72–4.00 grid; ≈5.10–5.29 slope units). 

Untrusted pixels also showed higher inter-model disagreement (grid 0.187–0.234 vs 0.074–0.084; slope 

units 0.083–0.119 vs 0.060–0.063) and lower domain scores (grid ≈0.36–0.40 vs ≈0.68–0.69; slope units 

≈0.28–0.30 vs ≈0.65–0.68). High distance and high disagreement co-occur in the untrusted zone, so both 

components capture genuine uncertainty. 

Landslide Capture Rate: Restricting analysis to the trusted zone did not suppress detection: capture rates 

stayed above 98.7% across all configurations (Figure 13; Table 6), highest at 15×15 (99.57% grid, 99.13% 

slope units). The untrusted fraction (< 2.5% of grid pixels, < 1.6% of slope-unit polygons) holds no 

disproportionate share of inventory points, so the flags mask extrapolation without masking genuine hazard. 

Threshold Sensitivity: Trusted coverage was stable between thresholds of 0.4 and 0.5 (Figure 13; < 1% 

change) and dropped sharply to 0.6 (to ≈80% for grids), so 0.6 is overly conservative; 0.5 balances coverage 

against exclusion of uncertain predictions. 

Resolution Invariance: Trusted coverage, Mahalanobis separation, capture rates, and domain scores 

stayed nearly constant across resolutions (within 1–2 percentage points). The low Spearman correlation 

between Mahalanobis distance and inter-model disagreement (r = 0.007–0.135) shows the two AD 

components capture independent, non-redundant uncertainty, and the framework is robust to kernel choice. 



4 DISCUSSIONS 

4.1 MODEL PERFORMANCE AND ENSEMBLE STRATEGY  

The RF, XGBoost, and SVM ensemble performed strongly in the pixel pipeline, with AUC values of 0.960 

to 0.993, which is comparable to or higher than reported ensemble LSM studies in similar Himalayan terrain 

(V. V. Nguyen et al., 2019), (Merghadi et al., 2020). At 15 × 15, XGBoost alone performed slightly better 

than the ensemble (0.993 vs 0.989), showing that averaging does not always improve performance. As 

noted by Dietterich (2000), ensemble averaging is most useful when the models make different errors. At 

15 × 15, XGBoost had already captured most of the important interactions, leaving little additional 

information for RF and SVM to contribute. At 3 × 3 and 25 × 25, however, the ensemble matched or 

improved on the individual models. Thus, the benefit of aggregation depended on the spatial resolution. 

The slope unit pipeline performed less well, with AUC values of 0.762 to 0.907 and F1 scores of 0.607 to 

0.752. This difference is mainly related to data representation rather than model settings, as the same 

classifiers and tuning were used. Combining the variation within each slope unit into a single vector can 

smooth the signal and reduce class separation. In addition, slope units with similar hydrological settings 

may still differ in lithology and terrain gradient. The lower F1 scores compared with AUC, particularly at 

25 × 25 (F1 ≈ 0.63; AUC ≈ 0.81), also show sensitivity to the classification threshold, which was partly 

addressed by using model specific thresholds as low as 0.30. 

4.2 EFFECT OF SPATIAL SCALE IN PIXEL-BASED MAPPING  

The 15 × 15 kernel gave the best performance for all classifiers, with AUCs of 0.993 for XGBoost and 

0.989 for the ensemble. The 3 × 3 kernel captures local variation but can also retain DEM and sensor noise, 

while the 25 × 25 kernel smooths the data too much and weakens important terrain gradients and proximity 

signals. The 15 × 15 window therefore provides a useful balance between local detail and broader terrain 

context. Its physical extent should be confirmed from the DEM resolution before linking it to typical 

Himalayan hillslope lengths (Hovius et al., 1997). 

Performance at 25 × 25 declined most for RF (0.990 to 0.962) and least for XGBoost (0.993 to 0.978), 

suggesting that RF was more affected by feature averaging. Slope unit models also declined steadily from 

3 × 3 to 25 × 25 (AUC 0.907 to 0.803), likely because larger kernels reduce the contrast between adjacent 

units and weaken the drainage-related signals captured at the polygon scale. 

4.3 PIXEL-BASED VS. SLOPE UNIT APPROACHES  

The pixel pipeline performed better (AUC 0.954 to 0.993) than the slope unit pipeline (0.762 to 0.907), but 

the two represent the hazard at different scales. Pixel models provide detailed predictions that match point 

based inventories but can produce fragmented patterns and overstate spatial precision. Slope unit models 

produce more coherent polygons that better follow ridge and valley structure, making them more suitable 

for zoning and hazard communication. Their lower performance mainly reflects information loss during 

aggregation rather than poorer hazard delineation. The most coherent slope unit results were observed at 

15 × 15 and 25 × 25, with high susceptibility concentrated on steep ridges and drainage adjacent units. 

Thus, pixel models are useful for detailed targeting, while slope units are better suited to planning. 

Lower susceptibility values for slope units (0.29 to 0.39) than grids (0.40 to 0.43) result from Platt scaling 

fitted to about 700 polygons rather than hundreds of thousands of pixels. This increases uncertainty and 



compresses probabilities toward 0.5. Therefore, absolute probabilities should not be compared between 

pipelines, although susceptibility ranking within each pipeline remains meaningful. 

4.4 GEOMORPHOLOGICAL INTERPRETATION OF KEY FACTORS  

SHAP for XGBoost, the strongest base model, identified slope, distance to fault, TWI, and NDVI as 

dominant controls, with aspect the highest-importance factor in the RF and XGBoost rankings. The primacy 

of aspect (RF 0.385; XGB 0.335) reflects the orographic and insolation asymmetry of Himalayan terrain: 

north- and north-east-facing slopes receive less radiation, hold more soil moisture, and undergo freeze–

thaw weakening, while south-west-facing slopes see intensified monsoon exposure: consistent with slope-

orientation effects in other Greater Himalayan inventories (Gnyawali & Adhikari, 2017). 

High TWI contributed positively, confirming that moisture convergence in concave, low-gradient positions 

pre-conditions failure through elevated pore-water pressure, while high NDVI contributed negatively, 

matching the stabilising role of vegetation; declining NDVI from agricultural encroachment or forest 

clearance on steep terrain therefore marks rising susceptibility for early-warning targeting. 

SHAP also showed a bimodal elevation pattern, with very low and very high elevations contributing 

negatively and mid-elevation zones (about 1,000–2,500 m) contributing most positively. This reflects 

competing processes: low elevations are gentler and depositional, very high elevations are limited by rock 

dominance and lower precipitation, while mid-elevation zones combine maximum monsoon intensity, steep 

fluvially incised slopes, and weathered colluvium: the conditions that concentrate shallow landsliding in 

the Himalaya. 

Distance to fault and thrust both rank in the top five and, with moderate cross-correlation (r = 0.43), carry 

partly independent information: fault proximity marks local discontinuities that weaken rock mass, thrust 

proximity marks regional zones of lithological contrast and altered, lower-cohesion regolith. With high 

slope and TWI, these define the multivariate signature the classifiers identify as highest risk. 

4.5 APPLICABILITY DOMAIN AND SPATIAL RELIABILITY 

The AD results show robust spatial reliability, with trusted coverage above 97% for grids and 98% for slope 

units at every resolution. This matters because predictions in feature-space-novel regions can mislead 

disaster-risk decisions; unlike most LSM studies that report only hold out AUC or cross-validation, the AD 

layer states where predictions can be trusted. 

Capture rates above 98.7% in trusted zones confirm that untrusted regions are geomorphologically 

anomalous or data-spars rather than landslide-prone, so AD filtering flags caution without losing hazard 

detection. 

The 0.5 threshold is supported by the sensitivity analysis: coverage dropped sharply at 0.6 (to ≈80%) but 

gained little at 0.4, indicating a natural feature-space boundary near 0.5; models applied to adjacent or 

climatically similar regions should re-check this threshold for feature-space shift. 

The low Spearman correlation between Mahalanobis distance and model disagreement (r = 0.07–0.14) 

shows spatial uncertainty and feature-space novelty are independent: a pixel can show low disagreement 

yet lie far outside the training space, so classifier disagreement alone is an insufficient uncertainty proxy. 

Explicitly quantifying feature-space familiarity is therefore recommended as a standard LSM step, 

especially where feature distributions vary sharply over short distances. 



4.6 IMPLICATIONS FOR HAZARD MANAGEMENT  

The pixel ensemble maps, validated across 460 inventory polygons with AUC up to 0.993 and AD coverage 

above 97%, provide a useful baseline for regional zonation. The AD trust mask identifies areas where 

predictions can be used directly and areas requiring field verification. High and Very High susceptibility 

zones on steep structural escarpments, drainage adjacent slopes, and mid elevation colluvial deposits should 

be prioritised for site investigation and community risk communication. 

The 15 × 15 and 25 × 25 slope unit ensembles showed the strongest agreement and most coherent patterns, 

making them useful for infrastructure assessment. Overlaying these maps with roads, transmission lines, 

and settlements can support maintenance and investment planning. 

The results also highlight two land management priorities. The high importance of NDVI supports 

reforestation and canopy conservation on steep mid elevation slopes, while the strong influence of thrust 

and fault proximity suggests that new roads, dams, and urban development in these corridors should require 

geotechnical investigation. 

Areas with high model disagreement or Mahalanobis distance should be prioritised for additional field 

mapping, remote sensing, and community-based inventory collection. This data can improve the 

applicability domain in future model updates. 

Finally, static susceptibility maps can serve as a spatial basis for an early warning system. Combining 

trusted high susceptibility zones with real time rainfall thresholds from gauges or satellite products such as 

GPM IMERG could support more targeted alerts. 

4.7 LIMITATIONS  

The 460 polygon inventory limits slope unit training and increases uncertainty in its probability estimates. 

The static predictors capture spatial susceptibility but not changing triggers such as rainfall and seasonal 

vegetation. The AD weights and 0.5 threshold were judgement based and need testing with an independent 

inventory. Spatial block cross validation reduces overfitting but may not fully capture differences in 

lithology and climate between areas. 

 

 



5 CONCLUSION  

This study presented an integrated landslide susceptibility framework for complex Himalayan terrain, 

combining pixel-based and slope-unit mapping, Platt-calibrated ensemble prediction, and a Mahalanobis-

based applicability-domain assessment. The main conclusions follow. 

The 15×15 kernel gave the highest pixel-based performance for every classifier, with XGBoost reaching 

AUC = 0.993, attributable to the alignment of this scale with characteristic Himalayan hillslope lengths 

rather than a purely statistical optimum. Ensemble averaging helped at 3×3 and 25×25 but not at 15×15, 

where XGBoost alone captured the dominant interactions. 

Slope-unit models were lower but operationally meaningful (AUC 0.762–0.907), their degradation 

reflecting spatial aggregation rather than model failure. The two paradigms are complementary: pixels for 

high-resolution targeting, slope units for infrastructure exposure and administrative planning. 

Platt calibration was a prerequisite, not an optional refinement, for valid ensemble averaging and agreement 

analysis; without it the differing SVM, RF, and XGBoost score distributions make the ensemble 

uninterpretable. 

The applicability-domain framework kept over 97% of grid pixels and 98% of slope-unit polygons as 

trusted while holding capture rates above 98.7%. The near-zero correlation between Mahalanobis distance 

and inter-model disagreement confirms the two components capture orthogonal uncertainty, establishing 

spatial reliability assessment as a reproducible, non-redundant step in the LSM workflow. 

Aspect, slope, TWI, NDVI, and structural proximity to faults and thrusts were the dominant controls, with 

mid-elevation terrain the highest-risk band: findings coherent with Himalayan hillslope mechanics and 

directly actionable for land-management and infrastructure-routing policy.  
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