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Abstract
Nepal lies within an active seismic zone and is influenced by most dynamic 
climatic systems in the world. It faces compounding floods and landslide threats. 
Impacts are worst where multi-hazard interactions create spatially linked corridors. 
Despite frequent co-occurrence, national-scale assessments remain limited. This 
study presents machine learning and GIS-based approach to map nationwide 
susceptibility to floods, landslides, and identify their potential interaction zones, and 
delineate critical multi-hazard flow zones through spatial adjacency analysis. Using 
Google Earth Engine, the Random Forest model integrates topographic, climatic, 
environmental, and hydrological datasets to overcome subjective expert-driven 
methods. The model achieved strong predictive accuracy (AUC: 0.84 for floods, 0.85 
for landslides). The results showed 19% of Nepal’s lowlands are medium to very 
highly susceptible to inundation, threatening approximately 900,000 people and over 
3.4 million buildings; whilst in the hilly terrains, 40% is susceptible to slope-failure 
endangering 200,000 people and about 0.6 million buildings. K-means clustering 
followed by spatial adjacency analysis identified four spatial zonation: 81% of national 
area as low-hazard zone, 9% as flood-only zone, 5% as landslide-only zone, and 5% 
as interaction zones. Critical multi-hazard flow zone covering 7,588 km² represents 
spatially connected corridors linking interaction zones to downstream flood-prone 
populated areas, affecting 88 km² built-up land and 1,722 km² cropland. These zones 
represent susceptibility-based spatial connectivity rather than physically simulated 
cascading processes. These findings support recommendations for risk-informed 
land-use planning, resilient infrastructure development and climate adaptation 
aligned to sustainable development and investment risk screening.

Keywords  Remote sensing, Multi-hazard, Risk zoning, Machine learning, Mountain 
development, Spatial planning

http://crossmark.crossref.org/dialog/?doi=10.1007/s44288-026-00670-8&domain=pdf&date_stamp=2026-8-4
https://doi.org/10.1007/s44288-026-00670-8
mailto:erica.udas@icimod.org
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Page 2 of 26Thapa et al. Discover Geoscience           (2026) 4:287 

​​1  Introduction
The Hindu Kush Himalaya (HKH) is one of the most disaster-prone regions in the 
world, where active seismic zones, extreme topographic gradients, seasonal monsoon-
driven precipitation, and fragile geological formations intersect, creating a highly bio-
diverse region with a dynamic risk landscape [1]. This risk landscape is fundamentally 
influenced by complex socio-ecological systems that require urgent action to sustain the 
mountain environment. Nepal frequently experiences compound natural hazards, par-
ticularly from floods and landslides, that often interact and produce sequential events 
from upstream to downstream [2]. These events are largely attributed to young moun-
tainous terrain in seismically active zones, rapid unplanned urbanization, and climate 
change, all of which create conditions for natural disasters and hazards threatening 
people’s lives, property and infrastructures [3–6]. Such compounding effects may occur 
simultaneously or evolve over time through interconnected processes. For instance, 
intense monsoon rainfall can concurrently trigger flooding and landslides. Moreover, 
time-dependent causes include forest fires that destabilize slopes, often resulting in 
debris flows [7], and earthquakes that can directly trigger landslides or landslide dam 
outburst floods [8]. Likewise, permafrost thawing eliminates subsurface ice cohesion, 
directly triggering catastrophic mountain slope failures [9]. The Melamchi flood in 2021 
represents such a catastrophic source-to-sink disaster in Nepal, caused by sequential 
events involving heavy upstream precipitation, landslides and debris flow [10–12].

Disasters are thus no longer defined by natural extremes, but by complex interac-
tions among multiple hazards, social vulnerability, and systemic governance gaps [2]. 
Because floods and landslides can occur in the same region, this study seeks to iden-
tify their interactions as the resulting multi-hazard flow zones currently remain poorly 
characterized. Given that decision makers face challenges in responding to single haz-
ard, responding to multi-hazard events requires a systemic understanding of interac-
tions and interrelationships that trigger sequential hazard events. However, the concept 
of compounding and interacting sequential or cascading effects is relatively new in natu-
ral risk governance having limited methodologies and field applications; yet it is critical 
for understanding cumulative damage, where multiple hazards affect the same element 
increasing the risks to people’s lives, infrastructure, and economy systems [13–16]. In 
simple terms, such events can be understood as a snowball process, in which an ini-
tial trigger evolves into a series of adverse outcomes, and each branch of the event 
tree represents a cause-and-effect chain that amplifies vulnerability [13]. Nevertheless, 
simulating such physical cascading dynamics is beyond the scope of this study, instead, 
the paper provides a screening-level spatial adjacency framework that identifies places 
where landslide susceptible upstream areas are geographically connected to flood sus-
ceptible downstream zones.

Although Nepal has advanced in developing national and local disaster risk manage-
ment strategies [17], it still lacks a national level understanding of multi-hazard spa-
tial interaction where floods and landslides intersect to form critical multi-hazard flow 
zones. In an evolving multi-hazard risk landscape, such evidence is crucial for long-term 
planning of human settlements, investments to critical infrastructure projects, liveli-
hood opportunities, and emergency preparedness. Multi-hazard flow zones are physi-
cally linked to sediment mobilized from landslide-prone headwaters that travel through 
tributary networks into flood-prone valleys [18], transforming localized slope failures 
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into downstream hazards [19]. These sequential events indicate that disaster risk in 
mountainous terrain is regulated not only by the magnitude of individual hazards but 
also their spatial connectivity. Furthermore, drivers such as rapid unplanned urbaniza-
tion disrupt the fragile physical connectivity between hillslope processes and fluvial sys-
tems, accelerating the impact.

Despite growing scientific consensus that floods and landslides operate as a physi-
cally coupled system, natural hazard governance in Nepal remains structurally siloed. 
This is clearly demonstrated by the separate jurisdictional roles of the Department of 
Hydrology and Meteorology (DHM), who manages flood hazards, and the Department 
of Mines and Geology (DGM), who oversees landslide hazard management. This institu-
tional isolation in the absence of collective action, treats interconnected hazards as spa-
tially and administratively separate phenomena, creating a critical blind spot in disaster 
risk reduction and risk-informed decision-making. Yet, the geomorphic reality remains 
that landslide-prone slopes and flood-prone channels often share contiguous boundaries 
at the slope-toe interface, where debris from the slope failures enter the drainage net-
work and can exacerbate downstream inundation [18]. Thus, understanding these inter-
actions requires moving beyond static hazard overlays toward frameworks that explicitly 
recognize how upstream slope instability can precondition or amplify downstream flood 
risk through topographically controlled hazard flow pathways.

Furthermore, mountainous communities are disproportionately exposed to hazards 
because settlements, roads, and critical infrastructures, such as road networks, hydro-
power etc. frequently occupy transition zones between steep slopes and active river 
channels [20–22]. Identifying susceptible zones where landslide-prone upstream areas 
and flood-prone downstream zones intersect is therefore crucial for ensuring the safety 
and resilience of local communities, as well as for planning resilient infrastructure devel-
opment and risk-informed decision-making. This paper addresses the gap through initial 
screening-level spatial adjacency framework that maps susceptibility-based interaction 
zones and delineates multi-hazard flow zones in corridors, where upstream landslide-
susceptible areas are spatially linked to downstream flood-susceptible settlements, 
without requiring computationally intensive process-based simulations. This work 
also closely aligns with global frameworks including the Sendai Framework for Disas-
ter Risk Reduction and the Sustainable Development Goals (SDG 9, SDG 11, SDG 13), 
emphasizing an evidence base, data-driven long-term planning for sustainable cities and 
human settlements, resilient infrastructure investments, and climate actions for risk 
mitigation, early warning systems and emergency preparedness [23–25].

Past studies in Nepal have primarily used Geographic Information System (GIS) based 
multi-criteria analysis (MCA) to assess individual hazards, relying on expert-defined 
weights for variables such as slope, land cover, elevation, and other parameters [26, 27]. 
Because this method is inherently subjective and struggles to capture non-linear rela-
tionships among hazard variables [28], it was widely used for susceptibility mapping. 
With advancements in remote sensing and machine learning techniques, contemporary 
methodologies now address both linear and non-linear relationships among predictor 
parameters [29]. Recent studies have applied machine learning models to better under-
stand the relationship between rainfall extremes and landslide susceptibility, thereby 
identifying reinforcement priorities [30]. Other studies investigated process-based 
multi-hazard dynamics at basin scales by examining landslide dam formation, breach 
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dynamics, and downstream flood propagation [31, 32]. Likewise, multi-hazard frame-
works have been developed to support evacuation and shelter allocation by considering 
the landslides and floods in mountainous areas [33].

In this context, the current paper presents a national-level assessment for Nepal, com-
bining remote sensing and machine-learning-based risk susceptibility mapping to delin-
eate multi-hazard flow zones and assess their integrated impacts on human settlements. 
It uses Random Forest (RF) model, which provides a data-driven variable-weighting 
framework to overcome human bias by automatically ranking variable importance [34, 
35]. Rather than simulating physical process dynamics, the RF model incorporates top-
ographical, hydrological, land-cover and vegetation characteristics as a key driver [27, 
36, 37] and applies unsupervised machine learning to identify the interaction clusters 
for both floods and landslides. It further generates national-scale susceptibility maps for 
floods and landslides separately and identifies multi-hazard flow zones in which land-
slide-prone areas are spatially linked to downstream flood-prone areas.

The objectives of this study are threefold-

 	• To map national-scale flood and landslide susceptibility using RF machine-learning 
models and delineate multi-hazard interaction zones and critical multi-hazard flow 
zones by integrating susceptibility outputs with unsupervised machine learning and 
GIS-based spatial adjacency analysis.

 	• To develop a national-scale, screening-level framework for flood-landslide 
interaction to support evidence-based, risk-informed decision-making for 
sustainable settlements and infrastructure planning in Nepal.

 	• To estimate the potential downstream exposure to multi-hazard flow zones and 
derive spatially explicit policy recommendations.

2  Study area
Nepal, with its diverse topography, complex geography, and highly varying climate, pro-
vides an ideal study area for multi-hazard risk susceptibility mapping Fig. 1. Globally, 
the country is ranked the 4th most climate-vulnerable nation, and it is among the top 
20 countries that face multiple hazards, both natural and human-induced [38]. Studies 
report that an average of two people died daily, and that more than 300 families were 
affected by disasters each year over the past 50 years [39]. This semicentennial analysis 
reflects that floods and landslides are major risks reporting an average of 113 deaths per 
year from landslides only [40] whereas floods cause 9.33% of total disaster-related deaths 
and affect 61.60% of families annually [39].

3  Data and methodology
3.1  Data used

In this study, freely open-access datasets were used to develop the model for flood and 
landslide susceptibility mapping in Nepal. Unsupervised machine learning and spatial 
adjacency analysis were applied to susceptibility datasets to identify the interaction and 
multi-hazard flow zones. Historical flood and landslide inventories further informed 
past hazard occurrences for model development.

The topographical datasets used include Digital Elevation Model (DEM), slope, aspect, 
Terrain Ruggedness Index (TRI), Topographic Wetness Index (TWI), Height Above 
Nearest Drainage (HAND), and landform categories to capture terrain characteristics 
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for water flow and slope stability. Land cover data and Normalized Difference Veg-
etation Index (NDVI) provides information on vegetation and soil exposure. Hydro-
logical datasets (distance from rivers, soil properties, hydraulic conductivity) describe 
water movement and infiltration. Distance from the roads provides information about 
anthropogenic flood and landslide drivers. Climate data such as precipitation represents 
rainfall-driven potential susceptibility. OpenStreetMap (OSM) building and population 
datasets are used to identify exposure. The dataset details are described in Table 1. Simi-
lar parameters have been widely used in past studies for flood and landslide risk suscep-
tibility modelling [41, 42].

3.2  Methodology

The methodology was divided into three primary stages as shown in Fig. 2. In the first 
stage, flood susceptibility maps were generated using a Random Forest probability model 
integrated with 11 flood-related conditioning parameters. Similarly, landslide suscepti-
bility was modeled using 12 independent variables.

In the second stage, both models were validated against ground-truth samples and 
existing inventories, after which parallel analytical tracks were pursued. Track A (sin-
gle-hazard exposure): susceptibility maps were independently overlaid with building 
footprints and population data to quantify direct exposure. Track B (Multi-hazard inter-
action zone): The two-susceptibility data were used as input parameters using unsu-
pervised k-means clustering (k = 3) to categorize the study area into three initial hazard 
zone classes: low-hazard, flood zone and landslide zone. The interaction zone (fourth 
class) was subsequently derived through GIS-based spatial adjacency analysis, between 
flood zone and landslide zone.

Fig. 1  Study area map showing Nepal’s topographic profile derived from digital elevation model data showing 
metropolitan and sub-metropolitan cities and referenced study sites. (Source of Administrative boundary: Depart-
ment of Survey, Nepal)
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Finally, a critical multi-hazard flow zone and its impact analyses were conducted. The 
critical multi-hazard flow zones were delineated by linking interaction zones to down-
stream flood prone area through sequential spatial adjacency analysis. These flow zones 
were overlaid with land cover data to quantify impacts on various land cover classes 
such as, built-up areas and croplands.

3.3  Sampling techniques

After compiling all the required data, stratified random sampling was performed to 
ensure a more accurate representation of all pixels by dividing them into distinct sub-
groups using Eq. (1), thereby reducing overfitting and spatial autocorrelation [54]. This 
sampling strategy was designed to provide at a 99.9% confidence level [55].

	
s = z2 ∗ p(1 − p)

m2 � (1)

Here, s is the sample size, z is the z-score corresponding to desired confidence level, and 
the p is the proportion of pixels in the partition to be used and m is the margin of error.

The adjusted sample size formula is used when the population size is known

	
s-adj = s ∗ N

(s + N − 1) � (2)

Here s is the sample size calculated from N, the pixels size and s-adj is adjusted sample 
size.

The image pixels, covering the whole study area at a resolution of 30 m, represent a 
total of approximately 163 million pixels. Using Eqs. (1) and (2), the minimum number 
of samples required was 1,082. However, because 70% of the data was reserved for model 
training (i.e. 1,120), the total sample size was increased to 1,600 points to ensure the 

Fig. 2  Methodological flow chart for flood and landslide susceptibility mapping, multi-hazard interaction zone 
identification, and exposure analysis. The workflow integrates random forest classification (probability output) with 
k-means clustering (k = 3) and spatial adjacency analysis to delineate interaction zone and multi-hazard flow zones

 



Page 9 of 26Thapa et al. Discover Geoscience           (2026) 4:287 

training subsets (n = 1,120) exceeded this minimum statistical requirement. Of this total, 
70% were used for training, 10% for testing, and 20% for validation.

The flood and landslide inventories were then transformed into point datasets to set 
up RF probability models. In the case of stratified random sampling, we created a grid 
with a resolution of 400 m * 400 m, which ensured that samples were distributed across 
the study area with minimum separation of 400 m. This was applied to minimize errors 
from spatial autocorrelation effects.

3.4  Random forest model

The study used a RF probability model for flood and landslide susceptibility mapping 
using the cloud-based Google Earth Engine (GEE) platform. A limited sample size was 
used for hyperparameter tuning for the number of trees, ranging from 400 to 600, which 
indicated that the optimal number of trees for best model accuracy was 600. The model 
deals with binary data, which is flooded versus non-flooded points, and landslide ver-
sus non-landslide points then a bootstrapping technique is implemented to construct an 
ensemble of independent decision trees. Each tree in the forest is trained on a random 
subset of the 1,120 stratified samples and at every node, a random subset of conditioning 
factors is evaluated to determine the optimal split.

The model produces continuous outputs ranging from 0 to 1, representing susceptibil-
ity scores as shown in Eq. (3).

Mathematically, it is expressed as:

	
f (x) =

(
1
B

) ∑B

b=1
fb (x)� (3)

Here, f (x) is the estimated probability of susceptibility.
B is the number of trees.
fb (x) is the prediction of the bth individual tree.
We integrated various environmental variables for flood and landslide susceptibility 

mapping. This ensemble approach significantly reduces model variance and mitigates 
the correlation among individual trees.

3.5  Validation

The importance of each variable in the model was determined using the permutation 
importance method as shown in Eq. (4). This method determines the importance of each 
parameter based on the model’s ability to predict the output in terms of the increase in 
the error metric by measuring the increase in prediction error [56]. Mathematically, the 
importance of a feature is computed as:

	 importancej = MSEshuffled − MSEbaseline� (4)

where:
importancej  is the importance of score of feature j.
MSEbaseline is the mean squared error of the baseline model.
MSEshuffled is the mean squared error after value of feature j are randomly shuffled.
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3.6  Accuracy assessment

The accuracy of the model was evaluated using the Receiver Operating Characteristic 
(ROC) curve, which is a graphical representation that illustrates the model’s ability to 
distinguish between actual events and non-events [57]. The curve is plotted between the 
true positive rate (TPR), and the false positive rate (FPR). The TPR, also known as sensi-
tivity, is calculated as-

	
TPR = TP

TP + FN
� (5)

	
FPR = FP

FP + TN
� (6)

In these formulas, TP represents True Positives, FN represents False Negatives, FP rep-
resents False Positives, and TN represents True Negatives [58]. The Area Under the 
Curve (AUC) is a single-number summary of the overall performance of the ROC curve 
ranging from 0 to 1, where 1 denotes a perfect classifier and a value of 0.5 denotes a non-
informative classifier.

Published data (see Table  1) were used for validation. This involved several tests 
between model outputs and validation data, including Root Mean Square Error (RMSE), 
Bias, and Index of Agreement (see detail in Supplementary S2).

The RMSE measures provide the standard deviation of the residuals, indicating the 
magnitude of prediction error.

	
RMSE =

√
1
n

∑n

i=1
(pi − oi)2� (7)

The bias measures the average error between predicted and observed values, indicating 
the systematic deviation of the results. It helps to identify whether predictions are sys-
tematically over-or under-estimated.

	
Bias b = 1

n

∑n

i=1
(pi − oi)� (8)

The index of agreement (D) quantifies the similarities between two sets of datasets, indi-
cating reliability.

	
D = 1 −

∑n
i (pi − oi)2

∑n
i (| pi − o |) + (| oi − o|)2 � (9)

Here n is the total number of observations, pi represents model predictions, oi repre-
sents validation observations and o is the mean of the observed data.

3.7  Exposure assessment (building and population)

The validated flood and landslide susceptibility surfaces were independently overlaid 
with building footprint and population data to quantify direct exposure to single haz-
ards. It provides baseline exposure estimates for medium to very high susceptibility 
zones prior to multi-hazard integration.
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3.8  K-means clustering

To move beyond single hazard assessment, the validated flood and landslide susceptibil-
ity data were used as two input parameters for unsupervised k-means clustering. Each 
spatial unit was represented by its flood probability and landslide probability values. This 
data-driven approach partitions the national landscape into distinct clusters (k = 3) by 
minimizing the within-cluster sum of squares:

	
J =

∑k

k=1

∑
xi∈Ck

∥xi − µk∥2� (10)

This equation sums up the squared Euclidean distance between each spatial unit and 
its assigned cluster centroid, optimally grouping areas with similar hazard susceptibility 
[59]. The number of clusters was set to k = 3 to partition the combined flood and land-
slide susceptibility patterns into three spatially interpretable hazard classes: low-hazard, 
flood zone and landslide zone. The k-means landslide zone was divided into interaction 
zones and landslide only zones using Eq. (11) to identify landslide-cluster polygons that 
share a boundary with flood-cluster polygons. The remaining landslide polygons that do 
not touch the flood zone constitute the landslide-only zone, yielding four final hazard 
zones classes that are low-hazard, flood zone, landslide only and interaction zones.

3.9  Multi-hazard spatial adjacency analysis

In Nepal’s mountainous geomorphology, the boundary between the landslide-suscep-
tible slope and flood-susceptible river corridors is not an arbitrary geometric artifact 
but a physically meaningful interaction zone. Landslides occur mostly on steep, fragile 
hillslopes, while floods are prominent in valleys and lowlands. Each shared boundary 
corresponds precisely to the slope and floodplain interface where debris from hillslopes 
enters the fluvial system. The interaction zone is the most plausible location for material 
transfer, triggering higher risks, as landslide debris enters the river or drainage network 
at the slope toe that potentially leads to unpredicted compounding effects. Because this 
study uses the K-means clustering, it produces mutually exclusively interaction zones 
but, does not include overlapping areas. The shared boundary of flood and landslide 
zones are therefore used as a proxy to identify geomorphic locus where slope failure and 
flood hazards are physically coupled.

The spatial adjacency operator selects entire contiguous landslide-cluster polygons 
that share boundaries with the flood cluster, and the interaction zone propagating 
through these connected polygons until a spatial break interrupts the chain. The remain-
ing landslide polygons that do not touch the flood cluster are known as the landslide-
only zone. Thus, the spatial adjacency operator was applied to delineate multi-hazard 
interaction zones and critical multi-hazard flow zones.

First, we defined a general spatial adjacent operator as:

	 Adj(B, A) = {b ∈ B |b ∩ A = ∅ ∨ ∂ b ∩ ∂ A ̸= ∅ }� (11)

where ∂  denotes the topological boundary and ∨ denotes the logical disjunction (OR).
Interaction zone is identified by applying this where B represents landslide zone and 

A represents flood zone. This zone comprises landslide polygons that touches with flood 
zone.
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We again used Eq. (11) to delineate multi-hazard flow zones, mapping upstream to 
downstream spatial linked corridors. The adjacency operator was applied a second time 
with A as the flood zone and B as the interaction zone, which identified multi-hazard 
flow zone, flood prone polygons, spatially linked to an upstream interaction zone. The 
multi-hazard flow zone comprises downstream flood-susceptible polygons that share 
boundaries with upstream interaction zones. It referred to as a multi-hazard flow zone 
because the corridor physically forms both landslide and flood-linked spatial adjacency 
along the natural drainage pathways. It also reflects that slope failure within the interac-
tion zone may itself be triggered by multiple independent or compounding drivers such 
as intense monsoon rainfall, seismic ground motion, post-forest fire monsoon induced 
mudslides, permafrost-thaw degradation or anthropogenic slope cutting, any of which 
can initiate debris transfer into downstream flood corridor.

3.10  Multi-hazard flow zone and exposure analysis (landcover)

Finally, the multi-hazard flow zones were overlaid with land cover data to quantify 
impacts on built-up areas and croplands. This stage assesses the integrated exposure of 
land cover types to compounding hazards, distinct from building and population expo-
sure assessed in single hazard assessment.

4  Results
The flood risk susceptibility model was assessed using an RF model incorporating eleven 
key conditioning factors. The parameters were ranked by importance as: accessibil-
ity > flow accumulation > landform > landcover > slope > hydrological conductivity > flow 
direction > terrain roughness index > elevation > terrain wetness index > HAND (see Sup-
plementary S9a). The overall accuracy of the flood susceptibility model with the valida-
tion dataset was 0.84 as shown in ROC curve (see Supplementary S8a). The susceptibility 
data were further validated against a hydrological model dataset which was developed by 
Modelling Exposure Through Earth Observation Routines (METROR’s) 100- year return 
period flood data which has an index of agreement of 74% with an RMSE value 0.48 and 
a positive bias of 0.18 (see Supplementary S10a). The positive bias indicates that suscep-
tibility model shows stronger agreement with observed data than the METROR dataset 
exhibits. This might be because the flooded and non-flooded training datasets have cap-
tured the recent incidents, whereas the METROR dataset only used DEM, rainfall and 
landcover as primary input parameters.

Approximately 19% of Nepal’s area falls into medium to very high susceptible zones, 
with major flood inundation in the southern lowland regions, (see Fig. 3a). Flood expo-
sure analysis, on the other hand, revealed significant vulnerability; approximately 900 
thousand people and approximately 3.4  million buildings are in the medium to very 
high-risk zones (see Supplementary Table ST1).

Furthermore, landslide susceptibility was assessed using the RF model incorporat-
ing twelve key conditioning factors. These variables are ordered by importance for 
prediction as: slope > aspect > NDVI > DEM > sand > silt > distance from roads and riv-
ers > TWI > landform > precipitation > land cover and are recognized indicators of slope 
stability (see Supplementary S9b). The model achieved robust performance with the 
overall accuracy value of 0.85 as shown in the ROC curve (see Supplementary S8b). The 
susceptibility model demonstrated strong performance against manually digitized 2015 
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earthquake-induced landslide inventory with 81% agreement index, and a small negative 
bias (−0.18) and RMSE value 0.43 (see Supplementary S10b). The negative bias may be 
attributed to the inclusion of NDVI as a predictor, which reflects vegetation cover. Nev-
ertheless, the overall agreement with observed landslide and robust discrimination abil-
ity indicated that the model provides reliable and conservative estimates for landslide 
risk susceptibility.

Approximately 40% of the country’s area lies within medium to very high-risk zones of 
landslides, in the northern part (see Fig. 3b). Exposure analysis indicated that approxi-
mately 200,000 individuals and 600,000 buildings fall within medium to very high land-
slide susceptibility zones, revealing localized but critical vulnerabilities, particularly in 
mountainous and hilly regions of Nepal (see Supplementary Table ST2).

By integrating flood and landslide susceptibility data, this study identified distinct haz-
ard clusters that highlight varying risk profiles across Nepal’s diverse topography. In the 
steep, high-altitude terrain of the northern region (see Fig. 4d), and the middle hills (see 
Fig. 4a and b), the landscape is dominated by high-density landslide clusters and narrow 

Fig. 3  (a) Flood susceptibility map showing zones from very low to very high susceptibility; (b) landslide suscep-
tibility map showing zones from very low to very high susceptibility. (Source of Administrative boundary: Depart-
ment of Survey, Nepal)
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flood corridors. As the topography transitions to the southern part of Nepal (see Fig. 4c), 
the hazard profile shifts predominantly towards extensive flood-risk zones. Nationally, 
k-means clustering classify 81% of the total national area as low-hazard zone, 9% is flood 
zone, and 10% is landslide zone. The k-means clustered landslide zone was subsequently 
subdivided through spatial adjacency analysis. The analysis identified interaction zone 
which occupies 5% of total national area and landslide-only zone which do not share a 
boundary with flood zone accounting the remaining 5% of the total national area(see 
Fig. 5).

The final stage combined the interaction zone with connected flood prone areas to 
delineate the multi-hazard flow zones, in which landslide zones are spatially linked to 
downstream flood zones. The multi-hazard flow zones represent spatial susceptibility-
based adjacency rather than physically simulated cascading processes. The multi-haz-
ard flow zone analysis identified approximately 7,588 km2 of connected multi-hazards 
zones impacting approximately 88 km2 of built-up areas (12% of the total bult-up area) 
and approximately 1,722 km2 of cropland, underscoring the exposure to human settle-
ments and agricultural lands. The spatial patterns showed minimal risk in the central 
region from the interaction of both hazards (see Fig. 6e), where stable geomorphic con-
ditions and gentle slopes limit such multi-hazard occurrences. In contrast, steep terrain 
with dense river networks (see Fig. 6b, c, d, f ) exhibits higher likelihood of multi-hazard 
events.

5  Discussion
This study provides a national-scale assessment of flood and landslide hazard suscepti-
bility and their spatial interaction to identify critical multi-hazard flow zones relevant to 
human settlement planning and risk informed decision-making in Nepal. By integrating 

Fig. 4  K-means clustering results showing the spatial distribution of hazard zones across diverse terrain in Nepal: 
(a) concentrated landslide and flood interactions in the Melamchi River area; (b) urban flood and hillside landslide 
zones in the Kathmandu Valley; (c) extensive flood zones in the southern Terai Plains (Karnali River basin) in Bardia 
District; (d) high-altitude landslide and river line flood zones in the Humla region
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diverse geospatial, topographic, climatic, soil, hydrological, anthropogenic and vegeta-
tion dataset along with historical hazard inventories, and using RF and k-means clus-
tering, it provides a screening tool to delineate multi-hazard flow zones. The analytical 
framework complements established methods of expert-driven weighting schemes- such 

Fig. 6  (a) National-scale flood and landslide interaction zone and multi-hazard flow zone across Nepal, (b) and 
(d) Detailed regional views of high Himalaya interaction in the Solu-Khumbu (Everest) and Rolwaling regions, (c) 
Hazard interaction in the lower Everest foothills and Okhaldunga areas, (e) interaction in Kathmandu Valley area, (f) 
interaction in the high altitude western mountainous region in Mugu district. (Source of Administrative boundary: 
Department of Survey, Nepal)

 

Fig. 5  Showing multi-hazard susceptibility zones derived through spatial adjacency analysis of the k-means clus-
tering results, with corresponding satellite imagery. (a) Upper Melamchi area showing interaction zone, flood zone 
and landslide only zone (b) corresponding satellite imagery of the same area; (c) lower elevation area of Melamchi, 
showing flood zones, landslide only zone and interaction zone (d) corresponding satellite imagery of same area
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as multi-criteria decision analysis [60] towards a data-driven reproducible approach. 
Importantly, this shift does not invalidate MCA or Analytical Hierarchy Process (AHP), 
which retain essential value for local-scale participatory spatial planning, rather than RF 
probability models extending these foundations to national-scale screening where con-
sistency and reproducibility across heterogenous terrain are paramount.

By using RF probability modeling within the GEE environment, the framework 
minimizes subjective bias while accommodating multiple conditioning factors simul-
taneously [34]. The RF model-based results demonstrated high predictive accuracy, ben-
efiting from the hyperparameter tuning and large-scale computation within the GEE. 
The machine learning approach allowed the incorporation of 11 condition factors for 
floods and 12 for landslides. The capacity to integrate diverse geospatial, climatic and 
anthropogenic predictors simultaneously marks a decisive advance over single param-
eter or expert-weight approaches, increasing both the robustness and generalization of 
hazard predictions, a trend corroborated by other geospatial applications, such as wet-
land mapping and temperature estimation [61].

A significant technical advantage of the RF model is its inherent robustness to multi-
collinearity through bootstrap sampling and random feature selection at each decision 
node, ensuring that collinearity features do not disproportionately influence the forest 
consistency [62]. This randomization reduces correlation between the individual trees 
and decreases overall model variance, allowing effective capture of complex, non-linear 
relationships between input variables and target hazard without the necessity of sepa-
rate formal multi-collinearity tests [29]. Consequently, the framework resolves a per-
sistent methodological bottleneck for the Himalayan hazard assessment with ability to 
process high-dimensional, multi-sources covariates at national extent using cloud-based 
platforms. The resulting susceptibility maps reveal distinct spatial patterns of flood and 
landslide risks in Nepal’s diverse physiographic regions. In southern Terai and major 
river valleys, high flow accumulation acts as a primary catalyst for flood risk by con-
centrating monsoon-driven runoff [63]. On the other hand, areas characterized by high 
hydrological conductivity, where healthy soil-vegetation complexes facilitate infiltration 
exhibit significantly lower flood susceptibility. This inverse relationship underscores the 
protective role of natural land cover in mitigating downstream inundation [64]. In the 
hilly northern and mountainous regions, susceptibility is dominated by geomorphologi-
cal triggers like- steep terrain, fragile lithology, and active weathering processes render-
ing these slopes highly prone to failure [65].

A critical finding of this study is a need for dynamic validation for disaster risk man-
agement models within the rapidly evolving Himalayan landscape. Comparing flood 
susceptibility data with hydrological model, flood inundation maps and landslide sus-
ceptibility with an earthquake induced landslide inventory revealed that the positive 
flood bias indicates a high sensitivity to contemporary hydrological shifts and recent 
inundation events may be underrepresented in older historical precipitation data which 
was the primary input of the hydrological modeling. Conversely, the small negative land-
slide bias is primarily attributed to the stabilizing influence of vegetation regrowth. Since 
the 2015 Gorkha earthquake, many previously active landslide zones have experienced 
significant natural recovery [66], which the model has captured via NDVI. The diver-
gent bias pattern however carries consequential implication for disaster management, 
they demonstrate that flood and landslide systems in Nepal are evolving on different 
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post-disturbance trajectories, and the static inventories rapidly lose predictive currency 
in a region undergoing simultaneous climate impact intensification and ecological 
recovery. These inherent statistical discrepancies thus highlight that disaster risk man-
agement frameworks must transition toward a continuous update cycle that integrates 
high-resolution inventory.

Flood risk zones would require stricter zoning and proactive adaptation and mitiga-
tion strategies such as using nature-based solutions or constructing structural barriers 
[67, 68], enforcing flood-resilient building codes such as the Federal Emergency Man-
agement Agency’s principles on building resilient infrastructure and communities [69] 
or even relocation of high-risk human settlements to safer places. Nepal is yet to include 
hazard or risk-based zonation in the land use and settlement planning. Current national 
building regulations rely on river-buffer setbacks (30  m from rivers, 50  m from lakes, 
10 m from canals) that are uniform across all terrain types and bear no relationship to 
topographic susceptibility.

Likewise, for landslide risk zones, specific adaptation and mitigation measures such 
as controlled land use planning, slope stabilization with bioengineering, restricted con-
struction, restricting hill cutting, reforestation, and plantation could be viable solutions. 
Further, sustainable land management practices such as terracing, contour farming, wet-
land restoration, and controlled levees would also mitigate landslides [70–73].

Additionally, increased anthropogenic activities have measurably intensified suscepti-
bility across diverse terrains. Unregulated road construction, land-use conversion, slope 
cutting, riverbank encroachment, and inadequate drainage infrastructure have collec-
tively diminished geological stability [27, 74–76]. The expansion of human settlements 
and agriculture intensification near the floodplains in the southern part of Nepal have 
been constantly increasing exposure to climate extremes, while road networks prolifera-
tion in hilly region has destabilized slopes and altered hydrological pathways [77]. Such 
unplanned and haphazard urbanizations are increasingly triggering local hazards posing 
high risks to people, infrastructure and ecosystem services [78, 79].

Settlement expansion largely in emerging towns and cities is driven by several factors 
including rural urban migration, economic opportunities, access to basic services and 
livelihoods options despite continuing resource constraints, land scarcity and underly-
ing hazard risks in highly susceptible zones. A moderate natural hazard in highly sus-
ceptible zones could therefore accelerate and amplify the consequences leading to 
increased loss and damage. This trajectory is clearly visible along the Sardu Khola region 
in Sunsari District, where flood plain and riverbed areas once used for agriculture (see 
Fig. 7a) is now rapidly converting into human settlements with road networks and other 

Fig. 7  Urban expansion into the flood-prone terrain along Sardu Khola, Sunsari District, Nepal. (a)) Google Earth 
imagery from 2004 showing sparse settlement and intact agricultural land adjacent to the active river channel. (b) 
Google Earth imagery from 2025 showing expansion of settlements and road networks
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infrastructures (see Fig. 7b). Unless policy makers and planners use risk informed sus-
ceptibility zonation into municipal land-use plans and the building permits prioritize 
the development to occur in low-hazard interfluves and elevated terraces for safety and 
security, the risk will continue to accelerate.

Nepal’s federal restructuring has devolved authority to local governments for disaster 
management and land-use planning, but there exist practical obstacles in implementa-
tion. Majority of the municipalities often lack technical capacity to use geospatial tools 
and products [80], in this case provincial and federal agencies may support in down-
scaling the information to create user-friendly, accessible, non-technical result-based 
products such as ward-level atlas that can be easily interpreted and used by local elected 
officials. Additionally, it cannot be neglected that policy implementations are overshad-
owed by powerful economic interests most of the time, pushing large scale and critical 
infrastructure development into hazard prone areas [81, 82]. A strict implementation 
and monitoring of land-use plans could therefore restrict land conversion and guide 
unrestricted expansion or encroachment into high susceptible zones. As Nepal’s pri-
vate land tenure secures exclusive right of land use to the owners [83], the government 
should come up with innovative incentive models like land development (pooling frag-
mented land parcels to develop improved infrastructure and returning to landowners), 
land banking (government acquiring and reserving high risk land to mitigating risk) 
and compensated land redistribution (fair exchange or compensation when people only 
have land parcels in highly susceptible area) to derisk and ensure safe shelters. These 
approaches would help to shift the planning from reactive post-disaster relocation to 
proactive risk screening and risk informed land management.

Past susceptibility studies have focused on single-risk zonation, for instance areas 
classified as safe zones from flood [84]. However, this paper presents a model for multi-
hazard flow zones arising from the interaction of landslides and flood hazards. By auton-
omously identifying natural groupings within the multi-dimensional data space, the 
model uses unsupervised k-means clustering algorithms translating susceptibility pat-
terns into actionable architecture distinct to susceptibility zonation without the manual 
threshold calibration that typically require expert-driven models. Thus, to avoid expert-
defined threshold that may overestimate hazard risk in most familiar regions while 
underestimating in unfamiliar areas, the study used k-means clustering for definitive 
zonation framework inherently tied to terrain-specific experience [85]. Given that the 
country has heterogeneous physiographic zones ranging from lowland Terai in the south 
to high Himalayan slopes in the north, no single expert-defined threshold may capture 
the terrain diversity without systematic bias. Thus, clustering with k = 3 value catego-
rizes the landscape into low-hazard, flood and landslide susceptible zones. The interac-
tion zones are subsequently derived through spatial adjacency analysis between flood 
zones and landslide zones, resulting in four hazard zonation classes. Such data-driven 
visualization forms a basis for initial screening and evidence-based decision-making for 
land-use planning, infrastructure investments, and adaptation to risks and hazards. For 
example, spatial demarcation of low-hazard zones offers comparatively lower risk for 
development investment or any strategic settlement expansion and critical infrastruc-
ture development. Such zones may be distributed across the physiographic regions, dis-
tricts, and even within high-risk basins. For instance- in the Melamchi river corridor, 
where interaction and multi-hazard flow zones are concentrated (see Fig. 5), it showed 



Page 19 of 26Thapa et al. Discover Geoscience           (2026) 4:287 

discrete low-hazard pockets on stable interfluves and elevated terraces that are geo-
graphically stable. This pattern reinforces that risk-informed development and or set-
tlement planning should be governed by terrain and risk proximity criteria rather than 
district-level risk generalization. Specifically, areas with flat terrain that is elevated from 
active flow channels should be prioritized for built-up area expansion, as these interfluve 
areas demonstrate low flood and landslide susceptibility.

Conversely, multi-hazard interaction zones are highly susceptible areas and require 
restrictive controls. Development in these areas should be strictly regulated or even 
declared ‘No Go’ zones or no service zones. To ensure the restrictions are effective and 
simultaneously discourage settlement development in high-risk areas, the government 
ought to enforce regulations for any unauthorized construction within these zones. The 
identified national-scale susceptibility-based zones should thus be considered as ini-
tial screening layers rather than a standalone regulatory boundary. Once a potential or 
proposed site is screened or high-susceptibility areas are identified, detailed field inves-
tigations, including geological verification, geomorphological assessment, local hydro-
logical analysis and consultation with affected communities should be undertaken to 
understand site-specific fragilities and refine local-level decisions. Such validation is 
particularly important in heterogenous Himalayan environments where local terrain 
conditions, climate variables and anthropogenic activities modify the actual hazard 
conditions. The multi-hazard flow zones represent spatial susceptibility-based adja-
cency mapping rather than overlapping or physical cascading processes. Therefore, the 
boundary-adjacency definition serves as a conservative geometry driven connectivity 
proxy, instead of overlapping deposits indicating stronger sediment delivery potential 
in fully resolved process-based models. This means that k-means clustering structur-
ally precludes the overlaps, making shared boundaries a pragmatic screening criterion 
to identify spatially connected locations. Susceptibility derived from such connectivity 
offers a feasible screening layer to be further field validated and prioritized for localized 
resource-intensive investigation.

In Nepal’s high mountainous regions, the multi-hazard flow zones may hold high 
potential for cryosphere risk screening. These landscapes are increasingly subject to gla-
cial lake outburst floods and permafrost-thaw-induced slope instability, both of which 
are influenced by rising temperatures [86, 87]. While the underlying RF model does not 
explicitly simulate ice dynamics, it captures geomorphological proxies that tend to co-
vary with cryosphere-influenced terrain. This suggests that multi-hazard flow zones 
could help identify prospective glacier lake flow zones, while interaction zones may 
highlight regions where permafrost-thaw-induced instability warrants larger attention. 
This aligns well with the proactive risk management approach of the Sendai Framework 
highlighting the value of spatial prioritization for monitoring and preparedness in com-
plex systems, even where specific trigger mechanisms are not fully resolved [88, 89]. 
For example- the Melamchi flood disaster in 2021, revealed cascading hazards driven 
by anthropogenic and climatic factors which caused several losses to lives and devas-
tated the downstream settlements, markets, transport networks and the newly con-
structed Melamchi drinking water supply project catering to the urban population in 
Kathmandu Valley [90]. Similarly, a transboundary flood event in Nepal and China bor-
der during July 2025, observed a supraglacial lake outburst from the Purepu Glacier in 
China’s Gyirong County that surged into Rasuwa District in Nepal [91] sweeping away 
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the friendship bridge at Rasuwaghadi, a critical trans-Himalayan economic lifeline con-
necting trade route between the two countries. Such inferences underscore the current 
importance of integrating multi-hazard susceptibility zones as spatial proxies to screen 
and safeguard regional and transboundary corridor development and mitigate future 
investments to major critical infrastructures too. Hence, delineating multi-hazard flow 
zones using susceptibility mapping and its regular monitoring could enable preemptive 
risk screening that may inform governments and local municipalities to plan evacuation 
and safe shelters [33, 92], develop resilient engineering design and even include financial 
risk assessment from the planning phase.

On the other hand, the multi-hazard flow zones, where upstream landslide suscep-
tible areas connect spatially with downstream flood exposures provide valuable infor-
mation to financial institutions and investors to avoid risk related to high investments 
in infrastructure development, including hydropower projects, transmission corridors, 
and strategic road networks [93]. The multi-hazard flow zones could eventually be used 
as preliminary geospatial due diligence screening for spatial risk assessment, pending 
the validation through site-specific investigations. It can also inform lending decisions 
and safeguard capital allocations to mega infrastructure projects by identifying places 
with multi-hazard flow zones that pose higher investment risks. Such screening tools 
may support evidence based and risk-informed lending to private-sector developers 
and infrastructure planners enabling pre-loan geological risk assessment and embed-
ding resilient infrastructure designs. However, prevalent context specific data scarcity on 
multi-hazard risk assessment for critical infrastructure investment and weak penalties 
for non-compliant developers increases financial risk and uncertainties. For instance, 
initial screening of critical transport lifelines within multi-hazard zones enables integra-
tion of disaster preparedness into supply-chain resilience planning through pre-posi-
tioning of emergency supplies and the design of redundant logistics network ultimately 
contributing to sustainable development goals and the Sendai framework [94]. The 
evidence-based datasets thus support investors and decision-makers in implementing 
risk-sensitive planning ensuring that new developments are steered towards safer, low-
hazard zones while avoiding high risk interaction and multi-hazard flow zones.

The dataset generated from this study is highly relevant to governments of all tiers for 
land-use zoning, building code enforcement, emergency response, and resource alloca-
tion without specialized geospatial or machine learning knowledge. It largely helps to 
bridge the gap through pre-defined spatial screening for anticipatory planning and sup-
porting a shift towards anticipatory adaptation and mitigating measures. However, the 
current operationalization under the federal structure of Nepal faces tangible gover-
nance constraints with fragmented information and the real-time connectivity between 
federal databases and local disaster management committees remain limited. Therefore, 
the federal agencies should create analytical policy foundations, whereas the provincial 
units should contextualize implementation outputs, and local planners must execute 
ground verification in parallel to effective implementation [95].

Despite substantial contribution to risk informed decision making, this study has 
several limitations that simultaneously define opportunities for future refinement. 
The multi-hazard flow zones currently represent susceptibility screening derived from 
spatial adjacency zones rather than overlapping or process-based cascading simula-
tions. So, incorporating landslide-dam formation, breach dynamics, and downstream 
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hydrodynamic propagation within these pre-identified corridors would constitute a 
valuable refinement to current work. Similarly, while the 400-meter sampling grid was 
applied to minimize spatial autocorrelation, spatial block cross-validation was not 
implemented in this study. These gaps provide scope for future work to develop more 
rigorous geospatial machine learning assessment, while the current indicative metrics 
provide an initial foundation for national-scale susceptibility screening.

Furthermore, the conditioning parameters were constrained by freely available global 
and national datasets, some variables such as detailed geological lithology, groundwa-
ter table dynamics, and real-time hydrometeorological parameters were not incorpo-
rated due to data unavailability. The models were trained on historical datasets that treat 
hazard patterns as stable over time. Hence, the future work should incorporate shift-
ing climatic conditions to make dynamic maps so that exposure estimates of population, 
building, and cropland may inherently have less uncertainties. The current uncertainties 
associated with model prediction variance and classification boundary sensitivity propa-
gate through exposure assessments. Therefore, the reported exposure estimates should 
be interpreted as indicative screening-level estimates rather than precise measurements 
of disaster risk or observed hazard impacts. Since this study applies k-means clustering 
(k = 3) together with a GIS-based spatial adjacency approach to delineate multi-hazard 
interaction zones. Future research could examine different values of k and compare the 
unsupervised machine learning algorithms to evaluate how alternative clustering strat-
egies influences hazard zonation and interaction mapping. Such investigations would 
strengthen robustness of the framework and broaden the application of unsupervised 
machine learning for multi-hazard susceptibility assessment.

Finally, this study quantifies physical exposure but does not address social vulnerabil-
ity including poverty indices, tenure security layers, and accessibility metrics that would 
produce more complex risk-informed planning tools. The framework, however, offers a 
replicable method that can be iteratively improved based on availability of high-resolu-
tion dataset and simultaneously addressing the highlighted limitations.

6  Conclusion
The study presents a high-resolution, national-scale assessment for screening flood and 
landslide hazard susceptibility and their spatial interaction to identify critical multi-
hazard flow zones in Nepal by integrating diverse geospatial, topographic, climatic, soil, 
hydrological, anthropogenic, and vegetation datasets with historical hazard inventories. 
It combines the RF model with unsupervised k-means clustering and spatial adjacency 
analysis for hazard screening, particularly suited to data and computing resources con-
strain mountain environments.

The given framework offers scalable initial screening architecture for multi-hazard 
susceptibility assessment to prioritize areas for detailed field investigation. The analy-
sis identified distinct spatial patterns where flood risk is predominantly concentrated in 
the southern Terai, while landslide susceptibility remains highest in the northern hilly 
and mountainous regions. GIS-based adjacency analysis identified potential interaction 
zones where landslides are spatially connected to flood zones and critical multi-hazard 
flow zones linking upstream interaction areas to downstream flood-prone settlements. 
These results represent susceptibility-based spatial linkages rather than physically 
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simulated cascading hazard process. It also supports subsequent localized hydrody-
namic modeling rather than directly resolving the full physical cascading dynamics.

The framework could be used for risk-informed land-use planning, investments to 
critical infrastructure, and resilient settlement development. It could be also used as 
geospatial due diligence tool for financial institutions and infrastructure investors, 
enabling pre-loan geological risk screening, safeguarding hydropower and transport 
investments, and protecting rural livelihoods. Aligned with the Sendai Framework and 
Nepal’s national disaster risk reduction priorities, the framework bridges national-scale 
screening with local-level implementation targeting sustainable and resilient develop-
ment planning. particularly in data-scarce mountain settlements. 

Nevertheless, the future iterations should incorporate dynamic data updating, includ-
ing social vulnerability dimensions, climate non-stationarity, alternative unsupervised 
clustering approaches, different clustering configurations and process-based hazard 
modeling. Such enhancements would strengthen the framework to more adaptive and 
responsive real-time decision support tool.
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